JMIR mHealth and uHealth
Mobile and tablet apps, ubiquitous and pervasive computing, wearable computing and domotics for health
Volume 7 (2019), Issue 6 ISSN: 2291-5222

Contents
Viewpoint
Using Mobile Apps for Health Management: A New Health Care Mode in China (e10299)
Qing Lv, Yutong Jiang, Jun Qi, Yanli Zhang, Xi Zhang, Linkai Fang, Liudan Tu, Mingcan Yang, Zetao Liao, Minjing Zhao, Xinghua Guo, Minli Qiu,
Jieruo Gu, Zhiming Lin. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

5

Review
Accuracy of mHealth Devices for Atrial Fibrillation Screening: Systematic Review (e13641)
Godwin Giebel, Christian Gissel. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

13

Original Papers
Perceptions of Health Care Providers Regarding a Mobile Health Intervention to Manage Chronic Obstructive
Pulmonary Disease: Qualitative Study (e13950)
Meshari Alwashmi, Beverly Fitzpatrick, Erin Davis, John-Michael Gamble, Jamie Farrell, John Hawboldt. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

26

Mobile Health Adoption in Mental Health: User Experience of a Mobile Health App for Patients With an
Eating Disorder (e12920)
Dimitra Anastasiadou, Frans Folkvord, Eduardo Serrano-Troncoso, Francisco Lupiañez-Villanueva. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

40

Understanding the Use of Smartphone Apps for Health Information Among Pregnant Chinese Women:
Mixed Methods Study (e12631)
Na Wang, Zequn Deng, Li Wen, Yan Ding, Gengsheng He. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

59

Current Knowledge and Adoption of Mobile Health Apps Among Australian General Practitioners: Survey
Study (e13199)
Oyungerel Byambasuren, Elaine Beller, Paul Glasziou. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

73

Characteristics of Adopters of an Online Social Networking Physical Activity Mobile Phone App: Cluster
Analysis (e12484)
Ilea Sanders, Camille Short, Svetlana Bogomolova, Tyman Stanford, Ronald Plotnikoff, Corneel Vandelanotte, Tim Olds, Sarah Edney, Jillian
Ryan, Rachel Curtis, Carol Maher. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

81

JMIR mHealth and uHealth 2019 | vol. 7 | iss. 6 | p.1

XSL• FO
RenderX

A Feasibility Trial of Power Up: Smartphone App to Support Patient Activation and Shared Decision Making
for Mental Health in Young People (e11677)
Julian Edbrooke-Childs, Chloe Edridge, Phoebe Averill, Louise Delane, Chris Hollis, Michael Craven, Kate Martin, Amy Feltham, Grace Jeremy,
Jessica Deighton, Miranda Wolpert. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

92

Using Stakeholder Values to Promote Implementation of an Evidence-Based Mobile Health Intervention
for Addiction Treatment in Primary Care Settings (e13301)
Andrew Quanbeck. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

107

Weight Loss Following Use of a Smartphone Food Photo Feature: Retrospective Cohort Study (e11917)
Daniela Ben Neriah, Allan Geliebter. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

119

Development of a Mobile Health Intervention to Promote Papanicolaou Tests and Human Papillomavirus
Vaccination in an Underserved Immigrant Population: A Culturally Targeted and Individually Tailored Text
Messaging Approach (e13256)
Hee Lee, Mi Lee, Monica Sharratt, Sohye Lee, Anne Blaes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

128

Feedback on Physical Activity Through a Wearable Device Connected to a Mobile Phone App in Patients
With Metabolic Syndrome: Pilot Study (e13381)
Up Huh, Young Tak, Seunghwan Song, Sung Chung, Sang Sung, Chung Lee, Miju Bae, Hyo Ahn. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

144

Using the Extended Parallel Process Model to Examine the Nature and Impact of Breast Cancer Prevention
Information on Mobile-Based Social Media: Content Analysis (e13987)
Liang Chen, Xiaodong Yang, Lunrui Fu, Xiaoming Liu, Congyi Yuan. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

159

A Mobile System to Improve Quality of Life Via Energy Balance in Breast Cancer Survivors (BENECA
mHealth): Prospective Test-Retest Quasiexperimental Feasibility Study (e14136)
Mario Lozano-Lozano, Irene Cantarero-Villanueva, Lydia Martin-Martin, Noelia Galiano-Castillo, Maria-José Sanchez, Carolina Fernández-Lao,
Paula Postigo-Martin, Manuel Arroyo-Morales. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

166

Efficacy of the Mindfulness Meditation Mobile App “Calm” to Reduce Stress Among College Students:
Randomized Controlled Trial (e14273)
Jennifer Huberty, Jeni Green, Christine Glissmann, Linda Larkey, Megan Puzia, Chong Lee. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

182

Evaluation of the Effectiveness of a Musical Cognitive Restructuring App for Black Inner-City Girls: Survey,
Usage, and Focus Group Evaluation (e11310)
Angela Neal-Barnett, Robert Stadulis, Delilah Ellzey, Elizabeth Jean, Tiffany Rowell, Keaton Somerville, Kallie Petitti, Benjamin Siglow, Arden
Ruttan, Mary Hogue. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

199

Understanding the Role of Healthy Eating and Fitness Mobile Apps in the Formation of Maladaptive Eating
and Exercise Behaviors in Young People (e14239)
Mahsa Honary, Beth Bell, Sarah Clinch, Sarah Wild, Roisin McNaney. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

207

A Community-Based Short Message Service Intervention to Improve Mothers’ Feeding Practices for Obesity
Prevention: Quasi-Experimental Study (e13828)
Hong Jiang, Mu Li, Li Wen, Louise Baur, Gengsheng He, Xiaoying Ma, Xu Qian. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

226

SmokefreeTXT for Homeless Smokers: Pilot Randomized Controlled Trial (e13162)
Travis Baggett, Claire McGlave, Gina Kruse, Awesta Yaqubi, Yuchiao Chang, Nancy Rigotti. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

235

Mindfulness-Based Smoking Cessation Enhanced With Mobile Technology (iQuit Mindfully): Pilot
Randomized Controlled Trial (e13059)
Claire Spears, Lorien Abroms, Carol Glass, Donald Hedeker, Michael Eriksen, Cherell Cottrell-Daniels, Binh Tran, David Wetter. . . . . . . . . . . . . . .

XSL FO
•

RenderX

249

JMIR mHealth and uHealth 2019 | vol. 7 | iss. 6 | p.2

Factors Influencing User Engagement of Health Information Disseminated by Chinese Provincial Centers
for Disease Control and Prevention on WeChat: Observational Study (e12245)
Yan Zhang, Tingsong Xia, Lingfeng Huang, Mingjuan Yin, Mingwei Sun, Jingxiao Huang, Yu Ni, Jindong Ni. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

263

Development and Testing of a Mobile Phone App for Risk Estimation of Gas Volume Expansion and
Intraocular Pressure Elevation in Patients With Intravitreous Gas or Air Tamponade: Interobserver
Assessment Study (e14592)
Zhaotian Zhang, Fei Li, Haochuan Zhang, Zhipeng Miao, Yantao Wei, Li Wang, Shaochong Zhang. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

275

Apps to Support Self-Management for People With Hypertension: Content Analysis (e13257)
Chi Hui, Emily Creamer, Hilary Pinnock, Brian McKinstry. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

285

A Medication Adherence App for Children With Sickle Cell Disease: Qualitative Study (e8130)
Kristina Curtis, Anastasiya Lebedev, Elisa Aguirre, Stephan Lobitz. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

297

Smartphone, Social Media, and Mental Health App Use in an Acute Transdiagnostic Psychiatric Sample
(e13364)
Courtney Beard, Alexandra Silverman, Marie Forgeard, M Wilmer, John Torous, Thro stur Bjo rgvinsson. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

316

The Use of Smart Devices by Care Providers in Emergency Departments: Cross-Sectional Survey Design
(e13614)
Mohamad Alameddine, Hussein Soueidan, Maha Makki, Hani Tamim, Eveline Hitti. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

328

Factors Determining Patients’ Choice Between Mobile Health and Telemedicine: Predictive Analytics
Assessment (e13772)
Saif Khairat, Songzi Liu, Tanzila Zaman, Barbara Edson, Robert Gianforcaro. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

339

An Electronic Teaching Module for Improving Knowledge of Self-Management of Vaso-Occlusive Pain
Crises in Patients With Sickle Cell Disease: Pilot Questionnaire Study (e13501)
Tammie Tam, Maria Baer, Lewis Hsu, Jennie Law. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

349

Mobile Health Management Platform–Based Pulmonary Rehabilitation for Patients With Non–Small Cell
Lung Cancer: Prospective Clinical Trial (e12645)
Wonjun Ji, Hee Kwon, Sungin Lee, Seulgi Kim, Jeong Hong, Yu Park, Hyeong Kim, Jae Lee, Eun Jung, Donghyun Kim, Chang-Min Choi. . .
3
6
3

Accuracy of Fitbit Wristbands in Measuring Sleep Stage Transitions and the Effect of User-Specific Factors
(e13384)
Zilu Liang, Mario Chapa-Martell. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

374

Development of a Sensor-Based Behavioral Monitoring Solution to Support Dementia Care (e12013)
Julia Thorpe, Birgitte Forchhammer, Anja Maier. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

387

Wearable Finger Pulse Oximetry for Continuous Oxygen Saturation Measurements During Daily Home
Routines of Patients With Chronic Obstructive Pulmonary Disease (COPD) Over One Week: Observational
Study (e12866)
Joren Buekers, Jan Theunis, Patrick De Boever, Anouk Vaes, Maud Koopman, Eefje Janssen, Emiel Wouters, Martijn Spruit, Jean-Marie
Aerts. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

401

Deep Learning Approaches to Detect Atrial Fibrillation Using Photoplethysmographic Signals: Algorithms
Development Study (e12770)
Soonil Kwon, Joonki Hong, Eue-Keun Choi, Euijae Lee, David Hostallero, Wan Kang, Byunghwan Lee, Eui-Rim Jeong, Bon-Kwon Koo, Seil Oh,
Yung Yi. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

415

JMIR mHealth and uHealth 2019 | vol. 7 | iss. 6 | p.3

XSL• FO
RenderX

Estimating Maximal Oxygen Uptake From Daily Activity Data Measured by a Watch-Type Fitness Tracker:
Cross-Sectional Study (e13327)
Soon Kwon, Joong Ahn, Seung Lee, Joonnyong Lee, Dongheon Lee, Jeeyoung Hong, Hee Kim, Hyung-Jin Yoon. . . . . . . . . . . . . . . . . . . . . . . . . . .

429

Validity Evaluation of the Fitbit Charge2 and the Garmin vivosmart HR+ in Free-Living Environments in an
Older Adult Cohort (e13084)
Salvatore Tedesco, Marco Sica, Andrea Ancillao, Suzanne Timmons, John Barton, Brendan O'Flynn. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

438

Consumer Wearable Deployments in Actigraphy Research: Evaluation of an Observational Study (e12190)
Ciara Duignan, Patrick Slevin, Niladri Sett, Brian Caulfield. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

453

Short Paper
Utilization of Hospital Room Hospitality Features on Patient-Controlled Tablet Computers: Cohort Study
(e13964)
Beiqun Zhao, Ming Tai-Seale, Christopher Longhurst, Brian Clay. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

XSL FO
•

RenderX

356

JMIR mHealth and uHealth 2019 | vol. 7 | iss. 6 | p.4

JMIR MHEALTH AND UHEALTH

Lv et al

Viewpoint

Using Mobile Apps for Health Management: A New Health Care
Mode in China
Qing Lv1*, MD; Yutong Jiang1*, MD; Jun Qi1, MD; Yanli Zhang1, MD; Xi Zhang1, MIM; Linkai Fang1, MIM; Liudan
Tu1, MD; Mingcan Yang1, MD; Zetao Liao1, MD; Minjing Zhao1, MD; Xinghua Guo1, MIM; Minli Qiu1, MIM; Jieruo
Gu1, MD; Zhiming Lin1, MD
Department of Rheumatology, The Third Affiliated Hospital of Sun Yat-sen University, Guangzhou, China
*

these authors contributed equally

Corresponding Author:
Zhiming Lin, MD
Department of Rheumatology
The Third Affiliated Hospital of Sun Yat-sen University
600 Tianhe Road
Guangzhou, 510930
China
Phone: 86 20 85252205
Fax: 86 20 85253396
Email: lzm-zj99@163.com

Abstract
Background: China has a large population; however, medical resources are unevenly distributed and extremely limited, and
more medical services are needed. With the development and ever-increasing popularity of mobile internet communication, China
has created a mode of mobile health (mHealth) care to resolve this problem.
Objective: The aim of this study was (1) to describe the problems associated with China’s medical care practice, (2) explore
the need for and the feasibility of internet-based medical care in China, and (3) analyze the functionality of and services offered
by internet-based health care platforms for the management of chronic diseases.
Methods: Data search was performed by searching national websites, the popular search engine Baidu, the App Store, and
websites of internet medical care institutions, using search terms like “mobile health,” “Internet health,” “mobile medical,”
“Internet medical,” “digital medical,” “digital health,” and “online doctor.” A total of 6 mobile apps and websites with the biggest
enrollment targeting doctors and end users with chronic diseases in China were selected.
Results: We recognized the limitations of medical and health care providers and unequal distribution of medical resources in
China. An mHealth care platform is a novel and efficient way for doctors and patients to follow up and manage chronic diseases.
Services offered by these platforms include reservation and payment, medical consultation, medical education assessment,
pharmaceutical and medical instruments sales, electronic medical records, and chronic disease management. China’s health
policies are now strongly promoting the implementation of mHealth solutions, particularly in response to the increasing burden
of chronic diseases and aging in the population.
Conclusions: China's internet-based medical and health care mode can benefit the populace by providing people with high-quality
medical resources. This can help other countries and regions with high population density and unevenly distributed medical
resources manage their health care concerns.
(JMIR Mhealth Uhealth 2019;7(6):e10299) doi:10.2196/10299
KEYWORDS
mHealth; internet; health care; medical informatics
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Introduction
Background
China has the largest population and the second largest economy
in the world (2018 gross domestic product: 90 trillion Chinese
Yuan [CNY]), but medical care resources in China are relatively
limited. There are only 2.21 licensed (assistant) physicians for
every 1000 people in China. There exists an uneven
geographical distribution of medical resources as well. These
two problems have led to countless transprovincial patients,
resulting in numerous extra economic and time costs.
An understanding of the Chinese health care system and mobile
phone usage provides a framework for understanding mobile
health (mHealth) apps in China. Acknowledging the increasing
pressure exerted by an aging population, behavioral changes,
and rapid urbanization [1], the government’s Healthy China
2030 plan [2] envisions the primary health care system as a
means of addressing the emerging dual burden of chronic
noncommunicable diseases [3-5] and increasing health
expenditures. However, primary health care providers in China
are usually inadequately trained and some are not even certified
[6]. Professionals equipped with up-to-date medical knowledge
play an important role in efficient health care, especially among
those in poorly developed regions, and the lack of this has
become a major issue in China.
With the rapid development of mobile internet communication
and the increasing needs of medical services, a new mode of
mHealth care is being implemented in China to effectively
overcome some traditional barriers. Mobile phones (ie, mobile
phones with advanced computing and internet access) and tablet
computers have become the most popular and widespread types
of mobile devices used. Mobile apps allow patients to access
information, assessments, and treatments in a timely manner,
and improve the health of those living with chronic diseases
[7]. Therefore, extra costs, such those associated with travel,
time, and doctor consultations, can be dramatically reduced. In
addition, doctors could build another way to connect with their
patients, practice without geographical limitation, enhance their
reputation by providing remote chronic disease management
services to patients, and gain extra income (since they are paid
comparatively low wages and minimal benefits due to China’s
new health care reform [8]). It can also promote a balanced
distribution of medical resources via regional medical
information interconnection, which increases the accessibilty
of high-quality medical resources in the rural areas. Furthermore,
some internet hospitals have been established in China, although
many of them are still underdeveloped and face various issues
(eg, a scarcity of online doctors) [9]. Many mobile medical
platforms, such as Doctor 7LK, Doctor Xingren, Micro-doctor,
Doctor Hao, and Doctor Chunyu, usually rely on experts from
hospitals. Patients can be reached and followed up via these
internet-based platforms. For instance, Doctor 7LK is an
comprehensive internet-based medical service enterprise. It can
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serve as an online practice site for doctors across the country
and link hospital resources all over China to provide services
such as appointments, remote diagnosis, examinations, and
electronic prescriptions to patients.

Objectives
The aim of this study was (1) to describe the problems associated
with China’s medical care practice, (2) explore the need for and
the feasibility of internet-based medical care in China, and (3)
analyze the functionality of and services offered by
internet-based health care platforms for the management of
chronic diseases.

Methods
Data Collection
Data were collected by searching national websites, the popular
search engine Baidu, and websites of internet-based medical
care institutions (ie, the National Bureau of Statistics of the
People’s Republic of China, the National Health and Family
Planning Commission of the People’s Republic of China, the
Hospital Management Institute of Fudan University, and the
Ministry of Industry and Information Technology of the People’s
Republic of China), using search terms like “mobile health,”
“Internet health,” “mobile medical,” “Internet medical,” “digital
medical,” “digital health,” and “doctor,” until June 2018. In
addition, we used Baidu and the App Store to identify medical
care platforms and mHealth apps. We found more than 200
medical care platforms and mHealth apps.

Choosing Medical Care Platforms
We chose the most frequently used mobile medical care
platforms, such as Doctor 7LK, Doctor Xingren, Micro-doctor,
Doctor Hao, Doctor Chunyu, and Doctor Shu, to analyze the
number of registered doctors. Overall, there were 81,604
hospital-based specialists and 400,344 patients involved in these
platforms. Subsequently, we compared registered doctors in
several provinces on the Doctor 7LK platform, the permanent
resident population of these areas, and the distribution of patients
and doctors on the Doctor 7LK platform. Data management and
analysis were performed using Microsoft Excel 2017. Nominal
and ordinal data were presented by using frequencies,
percentages, and bar charts.

Results
The Overwhelming Health Care Situation in China
China has limited health care resources and an overwhelming
population, but the growth of primary care medical and health
practitioners is relatively slow (Figure 1). From 1996 to 2015,
the number of health practitioners in China rose by 58.6% from
6.74 million to 10.69 million. In contrast, primary care medical
and health practitioners decreased from 1.32 million to 1.03
million, accounting for less than 10% of national medical and
health practitioners.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e10299 | p.6
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Lv et al

Figure 1. The growth of total medical and health practitioners and primary care medical and health practitioners in the past 20 years in China.

The geographical distribution of medical resources is imbalanced
in China. Among the top 100 comprehensive hospitals [1], more
than half are located in Beijing (City), Shanghai (City), and
Guangdong province, accounting for 23%, 19%, and 9%,
respectively. In the 12 western provinces and autonomous
regions, only Chongqing, Sichuan, and Shanxi provinces have
some of the top 100 hospitals, accounting for 6%, 5%, and 3%,
respectively.

The Current Status of Internet-Based Medical
Platforms
In 2018, the coverage rate of mobile broadband network had
reached 57%, which is 12 times that of 2002 [10]. By the end
of 2016, statistics from the Ministry of Industry and Information
Technology of the People’s Republic of China revealed that
there were 1.32 billion mobile phone users, 192 times of that
observed in late 1996. Furthermore, the mobile phone
penetration rate had reached 96.2% [10]. By 2016, the size of
China’s mobile medical market had reached 10.56 billion CNY,
with a growth rate of 116.4% per year [11].
There are more than 100,000 registered doctors on multiple
digital medical platforms [12-17]. For example, the Doctor Hao
platform had attracted about 480,000 doctors to register online
as of November 2017, followed by Doctor 7LK (389,000
doctors), Doctor Xingren (380,000 doctors), and Micro-doctor
(260,000 doctors).
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The unbalanced distribution of medical resource leads to the
exploration and explosion of internet-based medical practice.
Although the number of registered doctors in the southeastern
area is higher, many doctors are more accepting of an
internet-based medical practice in the relatively poor western
regions (Figure 2). Gansu province in northwestern China is a
good example. The population of Gansu province is 26 million,
whereas the registered number of physicians is 8480 on the
Doctor 7LK platform, the equivalent of 3.26 online registered
doctors per 10 million people. In contrast, 2.08 registered
doctors are shared by every 10 million people in Guangdong
province, which is much more economically developed and has
the largest number of registered doctors. The number of
registered patients in the southeastern region is the highest in
Guangdong province with 2.36 per 1000 registered patients, far
more than that of the central and western regions.
Within the departments of chronic diseases, the largest number
of registered users (patients and doctors) came from the
cardiovascular division, which is related to the high incidence
of cardiovascular diseases in the nation (Figure 3). In terms of
the number of patients per registered doctor, rheumatologists
were associated with the largest number of patients, with an
average of 29.25 patients per rheumatologist, which reflects a
relative shortage of rheumatologists at present. Dermatology is
the most interactive department and enjoys the largest visit
numbers per day, which is linked to special manifestations,
diagnosis, and treatment features of skin diseases.
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Figure 2. Registered physicians of Doctor 7LK in several provinces and the permanent resident populations of these areas.

Figure 3. Numbers of patients and the distribution of doctors on the Doctor 7LK platform.

Discussion
Principal Findings
We provided an overview of China’s current internet usage and
mHealth care mode. The unbalanced distribution of medical
resource leads to the exploration and explosion of internet-based
https://mhealth.jmir.org/2019/6/e10299/
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medical practice. Internet-based mHealth care platforms could
enable people to overcome geographical health care barriers
and help reduce the uneven distribution of medical resources.
A large number of venture capital funds have flowed into
internet-based health care platforms, and the number of users
of medical apps has increased gradually each year. Patients in
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well-developed southeastern China have a higher recognition
of internet medical behaviors. Within the departments of chronic
diseases, the largest number of registered users (patients and
doctors) came from the cardiovascular division, which is related
to the high incidence of cardiovascular diseases in the nation.
By 2016, the total population of mainland China had reached
1.38 billion, but there were only 2.21 licensed (assistant)
physicians per 1000 people and unlicensed doctors [6]. In the
primary health care system, the number of licensed (assistant)
doctors per 1000 people in each province ranged from 0.52 to
1.13, and the difference in rural doctors was 16 times (from
0.24 to 3.90). [6]. Similar to the huge differences in the
distribution of doctors throughout the entire health care system
[18], among the top 100 comprehensive hospitals [19], more
than half are located in Beijing, Shanghai, and Guangdong
province. On the contrary, the western region of China, which
accounts for 72% of the territory and 29% of the whole
population, is home to only 14% of the top hospitals. Most of
the best resources (doctors) are distributed in large cities such
as Beijing, Shanghai, and Guangzhou, although the growth of
primary care medical and health practitioners is relatively slow.
Due to the huge gap in human resources and clinical skills
between general hospitals and primary medical institutions,
3.08 billion patients are accepted by 28,000 general hospitals
annually; however, only 4.34 billion patients choose to go to
the 921,000 primary medical institutions. This indicates that
less than 3% of medical institutions account for more than 40%
of medical and health service [2]. One of the main reasons for
the shortage of high-quality medical services is that Chinese
patients are free to choose their medical institutions and doctors.
Even with mild symptoms, there is a tendency to visit high-end
hospitals, which results in overcrowding [20].
Why do Chinese patients need the mHealth care platform? First,
primary health care providers in China are usually inadequately
trained and sometimes uncertified. According to the China
Health and Family Planning Statistical Yearbook, only 24% of
doctors had a regular license in village clinics in 2015 [6]. The
continuing education for primary health care doctors is also
insufficient. In addition, primary health care professionals are
poorly paid, have the lowest benefits, and the payment policy
does not reward high-quality medical services [8]. Skilled
doctors are unwilling to work in communities or remote rural
areas for financial and professional reasons [21]. In addition,
many patients are reluctant to go to primary health care
institutions because of a lack of confidence in the health
professionals’ skills and the quality of health care provided [22].
The desire to access high-quality care is a trigger for the
development of the mHealth care platform.
The good news is that mobile internet communication is
booming in China. Statistical data from the National Bureau of
Statistics of the People’s Republic of China showed that the
broadband network covered 94.5% of the total villages and 78%
of impoverished villages by the end of 2015 [1]. The mobile
phone penetration rate has been increasing gradually each year.
With the development of technology and people’s attention to
health, mHealth care platforms, including mHealth apps, have
the potential to assist the self-management of many health
conditions [7,23] and improve the health of those living with
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chronic diseases. In the Chinese health app market, the number
of technology and health app users is growing exponentially.
Although the quality of Chinese mHealth apps appears to be
inferior to those in developed countries [24,25], they could help
reduce the negative impact of the shortage of professional health
care providers and meet the needs for high-quality information
and care access [26,27]. We found that a large number of venture
capital funds had flowed into internet-based medical platforms,
and the number of internet users of medical apps have been
growing gradually each year [11]. By the end of 2016, there
were over 2000 mobile medical apps in China, involving
hundreds of thousands of medical practitioners across the
country [12-17].
According to the different stages of medical interventions,
operation modes of digital medical services can be divided into
different types based on the analysis of these mHealth apps.
These include (1) reservation and payment: patients can make
appointments with doctors through the platform and pay the
consultation fee through the platform; (2) medical consultation
and assessment: registered patients can consult doctors on the
platform, and the registered doctors can answer the patient’s
questions. To ensure the standardization of diagnosis and
treatment, these consultations usually involve common medical
questions, and the doctors cannot provide diagnostic opinions
or prescriptions; (3) medical education: these websites or apps
provide patients with disease-related popular science and
education articles, such as daily life considerations,
self-monitoring, self-management, and emergency response to
certain acute diseases; (4) pharmaceutical and medical
instrument sales: patients can purchase over-the-counter
medications or purchase prescription medicine after verifying
a valid prescription on these websites; (5) electronic medical
records: the users of such website or apps are usually doctors.
It facilitates doctors to make medical electronic records; (6)
chronic disease management: such websites or apps usually
have doctor and patient versions. These types of platforms
usually have multiple functions. For example, doctors can send
text messages to patients to remind them about their follow-up
visits, and the platforms would automatically make an
appointment for a follow-up visit after receiving a reply from
the patients. They could also send related medical education
articles to the patients under the patients’ request. Doctors can
write their patients’ medical records on the platform. Patients
can purchase prescription medicine on these websites according
to the doctor’s prescription.
Other countries already use mobile phones to assess and treat
certain diseases [28-31]. With the widespread availability of
the internet and decreasing cost of distant medical services over
time, the internet health care mode has had an impact on many
developing countries, where medical services and resources are
concentrated in large cities. Moreover, the system could improve
health education and raise public health awareness, as patients
can easily gain access to professional health consultancy.
Chronic disease management platforms aim to facilitate
subsequent follow-ups for patients with chronic diseases. It
enables remote medical treatment, which otherwise relies on
the offline primary medical and health care institutions, clinical
laboratories, and medical image centers. The platforms facilitate
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setting up a medical closed loop of care for doctors, patients,
and medicine, thus helping doctors to build up private clinics
to better manage patients with chronic diseases. The proportion
of doctors and patients associated with chronic diseases is very
high; the top 5 departments of registered users are related to
chronic diseases. This correlates to the nature of the disease and
the need for follow-ups. Using internet-based health care
platforms is an innovative and effective way to help doctors
follow up and manage their patients with chronic diseases in
China.
Nevertheless, in terms of the distribution of registered users,
patients in the southeast have a higher recognition of these novel
internet-based medical advances. One of the reasons is that it
is a relatively economically developed region and the gross
regional domestic product is related to higher medical input of
the government. Moreover, people in this area are highly
educated and they take their health very seriously. However,
statistical bias may be caused by the differences among several
internet-based medical companies in various areas. The
widespread existence of internet-based health care platform has
weakened the uneven distribution of medical resources. Many
doctors are more likely to accept internet-based medical
practices, especially in poor areas as the internet can make it
easier for doctors to connect with patients who are
geographically distant. Both doctors’ and patients’ needs are
fundamental for the survival and development of these
platforms.

Lv et al

Future Prospects
China’s health care system needs to be considerably
strengthened to manage both the rising burden of chronic
diseases and increasing health-related expenditures [32]. On
April 12, 2018, Premier Li Keqiang presided over an executive
meeting of the central committee and the state council, which
defined measures to accelerate the development of internet plus
medical and health care, and allowed medical institutions to
provide online services and carry out internet-based medical
services to benefit more people with high-quality medical
resources and improve the overall health of residents. The
government will also expand telemedicine coverage to all
medical federations, support high-speed broadband networks,
and explore the sharing of prescription and drug retail
information in medical institutions, thus improving the internet
plus medical care system [33]. As China takes steps to accelerate
the development of internet plus medical and health care, it
has the opportunity to build an integrated, cooperative
internet-based medical and health care system and gain valuable
experiences through the whole process. How China‘s
internet-based health care will evolve under existing policies
and socioeconomic environment is worthy of attention.

Conclusions
China‘s internet health care mode can provide possible solutions
to address the lack and uneven distribution of experienced health
care providers in some countries or regions. Although it is still
being explored, we highlight the important role of the mHealth
care mode in China, which could also be helpful for other
developing countries facing similar challenges.
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Abstract
Background: Mobile health (mHealth) devices can be used for the diagnosis of atrial fibrillation. Early diagnosis allows better
treatment and prevention of secondary diseases like stroke. Although there are many different mHealth devices to screen for atrial
fibrillation, their accuracy varies due to different technological approaches.
Objective: We aimed to systematically review available studies that assessed the accuracy of mHealth devices in screening for
atrial fibrillation. The goal of this review was to provide a comprehensive overview of available technologies, specific characteristics,
and accuracy of all relevant studies.
Methods: PubMed and Web of Science databases were searched from January 2014 until January 2019. Our systematic review
was performed according to the Preferred Reporting Items for Systematic Review and Meta-Analyses. We restricted the search
by year of publication, language, noninvasive methods, and focus on diagnosis of atrial fibrillation. Articles not including
information about the accuracy of devices were excluded.
Results: We found 467 relevant studies. After removing duplicates and excluding ineligible records, 22 studies were included.
The accuracy of mHealth devices varied among different technologies, their application settings, and study populations. We
described and summarized the eligible studies.
Conclusions: Our systematic review identifies different technologies for screening for atrial fibrillation with mHealth devices.
A specific technology’s suitability depends on the underlying form of atrial fibrillation to be diagnosed. With the suitable use of
mHealth, early diagnosis and treatment of atrial fibrillation are possible. Successful application of mHealth technologies could
contribute to significantly reducing the cost of illness of atrial fibrillation.
(JMIR Mhealth Uhealth 2019;7(6):e13641) doi:10.2196/13641
KEYWORDS
mHealth; atrial fibrillation; wearable; app

Introduction

disease, sudden cardiac death, heart failure, chronic kidney
disease, and peripheral arterial disease [2].

Background

Atrial fibrillation can occur in five different forms: first
diagnosed, paroxysmal, persistent, long-standing persistent, and
permanent. For patients above 65 years of age, opportunistic
screening for atrial fibrillation is recommended by pulse taking
or using an electrocardiogram (ECG) rhythm strip. The gold
standard for atrial fibrillation detection is the 12-lead ECG [3].

Atrial fibrillation is a cardiac arrhythmia appearing in different
forms. Globally, 33.5 million people are affected by atrial
fibrillation [1]. This disease leads to a significantly increased
risk of all-cause mortality, cardiovascular mortality, major
cardiovascular events, stroke, ischemic stroke, ischemic heart
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Because atrial fibrillation is a serious risk factor for stroke and
mortality, its treatment is inevitable for patients. Through
medication with oral anticoagulation such as vitamin K
antagonists or nonvitamin K antagonists, the risk for stroke and
mortality in patients with atrial fibrillation can be markedly
reduced [4,5].
In addition to high health risks for patients with atrial fibrillation,
the economic burden of the disease is vast. An investigation
carried out by Johnson et al estimated an average of
€20,403-€26,544 for the cost of illness caused by atrial
fibrillation over 3 years in the Danish health care system [6].
For Sweden and Germany, the cost of illness amounts to €7,241
and €5,586 per year, respectively [7]. In this context, secondary
diseases like stroke cause the majority of costs. The difference
in costs between treated and untreated atrial fibrillation is
significant. A stroke survivor with atrial fibrillation receiving
oral anticoagulation costs €17,518, and the cost for a stroke
survivor with atrial fibrillation not receiving oral anticoagulation
is €19,143 [8]. Furthermore, there are several studies confirming
the cost-effectiveness of screening for atrial fibrillation [9-12].
One of the main challenges is detection of irregular forms of
atrial fibrillation in an accurate way in order to start treatment
as soon as possible. Even an ECG taken over a longer period
(>24 hours) using a Holter monitor does not always lead to a
reliable diagnosis of existing atrial fibrillation. In the case of
paroxysmal atrial fibrillation, the occurrence of the disease often
cannot be detected within the first 48 hours of ambulatory ECG
monitoring [13].
To manage the increasing number of patients with atrial
fibrillation and to cope with the consequences of this disease,
an early diagnosis is fundamental. In this context, mobile health
(mHealth) has often been suggested as a possible solution.
Among the reviews of the use of mHealth for the diagnosis,
treatment, and prevalence estimation of arrhythmias [14-26],
only one systematic review focused on outpatient cardiac rhythm
monitoring in cryptogenic stroke [16]. Therefore, we conducted
a systematic review focusing especially on the most recent and
relevant noninvasive mHealth devices for the detection of atrial
fibrillation. The aim of this article was to provide a systematic
overview about the possible and real application of mHealth as
well as to show its potentials and limitations by assessing the
measurement quality.

Mobile Health
Smartphones, tablets, and mobile apps are widely used in many
parts of the world. With an increasing rate of usage, two-thirds
of the population in Europe and North America own at least
one mobile device. Hence, there is already a basis for an
mHealth approach in the context of atrial fibrillation, and the
incremental costs for its use are relatively low.
There are two possible stages for mHealth use in the context of
atrial fibrillation. First, the treatment of atrial fibrillation should
start even before the occurrence of arrhythmia, in the form of
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prevention. Obesity, physical inactivity, and hypertension are
preventable risk factors [3]. Despite the fact that behavior does
not change by purchasing a wearable device or smartphone,
these devices can contribute to a healthier and more active
lifestyle [15].
Second, when atrial fibrillation has occurred, there are four
possibilities to support the diagnosis and treatment: ECG or
rhythm monitoring, heart rate monitoring, symptom and
environmental annotation, and medication adherence [26].
Diverse propositions exist in the field of medication support.
One approach is to support patients through communication of
general knowledge about the disease, the mechanism of
medication, and medication adherence [27-29]. Other
applications provide guidelines and risk scores to support
decision making for treatments [30,31].
In this review, the specific focus is on the diagnosis of atrial
fibrillation by monitoring the heart rate and detection of
arrhythmia by mHealth devices. For this purpose, event monitors
or Holter devices are used. Monitoring can be done by either
loop recorders or postevent recorders. The former is used over
a long period, wherein electrodes are attached to the skin in
order to monitor the heart activity when triggered by patients
or an embedded algorithm. The patient-activated postevent ECG
is not worn continuously, but used regularly or immediately
after symptoms have occurred [32]. Nowadays, especially
through the development in the field of mHealth and its simple
use outside of health care, both approaches can record cardiac
activities in an extensive way and thereby support the diagnosis
of atrial fibrillation.
Despite the high cost of illness of atrial fibrillation, there are
few economic assessments for mHealth solutions [33,34].

Methods
Our systematic review is performed according to the guidelines
for the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses [35].

Article Retrieval
We ran literature searches in PubMed MEDLINE and Web of
Science databases in January 2019. Regarding time of
publication, we considered the year 2014 as the baseline,
because there are some reviews covering previous years
[19,24,26]. As search keywords, we used the terms “mHealth,”
“telemedicine,” “wearable,” “mobile health,” “app,” and “digital
treatment” in combination with the term “atrial fibrillation.”

Study Selection
Eligible studies had to meet the following predefined criteria:
original research, focus on the diagnosis of atrial fibrillation,
interventions using mHealth devices, noninvasive, and published
in English language. The following were used as exclusion
criteria: focus on technical descriptions or algorithms and lack
of information about the accuracy of the investigated device.
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Table 1. Overview of all studies included in the review.
Study and app/device

FDAa

Study population

approval

Reference
method

Recording
duration
(mHealthb
device)

Sensitivity, Specificity, PPVc,
%
%
%

NPVd,
%

Bonomi et al [36]
CM3 Generation-3, Connected Sensing

No

AFe patients before and after Actiwave
elective electrical cardiover- Cardio (single-lead
sion (n=20)
ECGf)

60 min

97

100

99

98

CM3 Generation-3, Connected Sensing

No

Patients prescribed to under- 12-lead
go 24-/48-hour ECG Holter Holter ECG
with either paroxysmal or
persistent AF (n=40)

Duration of
the Holter
monitoring
period

93

100

N/Ag

N/A

Heartbeats app + iPhone
4S

No

In-house patients with presumed AF and matched
controls in sinus rhythm
(n=592)

Single-lead

1 min

89.9

99.1

N/A

N/A

Heartbeats app + iPhone
4S

No

In-house patients with presumed AF and matched
controls in sinus rhythm
(n=592)

Single-lead
iECG
(AliveCor)

5 min

91.5

99.6

N/A

N/A

Yes

Patients with a diagnosis of
AF who presented for
scheduled elective cardio
version, aged 18-90 years
(n=100)

12-lead ECG N/A

93

84

N/A

N/A

Cardiio Rhythm + iPhone
4S

No

Patients with either hyperten- 12-lead ECG 17.1 s
sion or diabetes mellitus or (15 min)
aged ≥65 years (n=1013)

92.9

97.7

53.1

99.8

AliveCor Heart Monitor

Yes

Patients with either hyperten- 12-lead ECG 30 s
sion or diabetes mellitus or (15 min)
aged ≥65 years (n=1013)

71.4

99.4

76.9

99.2

AliveCor KardiaMobile

Yes

Patients at a cardiology ward 12-lead ECG 30 s
(n=320)
(10 sec)

36.8

96.1

56

91.1

AliveCor KardiaMobile

Yes

Patients at a geriatric ward
(n=125)

30 s

72.7

98.1

88.9

94.4

MyDiagnostick

No

Patients at a cardiology ward 12-lead ECG 30 s
(n=320)
(10 sec)

60.5

93.3

54.8

94.6

MyDiagnostick

No

Patients at a geriatric ward
(n=125)

81.8

96.1

81.8

96.1

CM3 Generation-3, Connected Sensing

No

Patients before and after an Single-lead 2 h
electrical cardioversion pro- (Actiwave
cedure in the hospital (n=18) Cardio) ECG
and 24-hour
Holter

92.3

60.7

N/A

N/A

CM3 Generation-3, Connected Sensing

No

24-hour measurements in
Single-lead 24 h
normal everyday conditions (Actiwave
(n=16)
Cardio) ECG
and 24-hour
Holter

71.6

84.9

N/A

N/A

Brasier et al [37]
iECGh
(AliveCor)

Bumgarner et al [38]
AliveCor KardiaBand +
Apple Watch + smartphone

Chan et al [39]

Desteghe [33]

6-lead ECG
(30 sec)

6-lead ECG
(30 sec)

30 s

Eerikäinen et al [40]
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Study population

Sensitivity, Specificity, PPVc,
%
%
%

NPVd,
%

12-lead ECG 3 min
(3 min)

94.41

100

100

95.43

Reference
method

approval

Recording
duration
(mHealthb
device)

Fan et al [41]
HUAWEI Mate 9

No

Patients aged ≥18 years excluding patients with ICD
or pacemaker

i

(n=108)
HUAWEI Honor 7x

No

Patients aged ≥18 years ex- 12-lead ECG 3 min
cluding patients with ICD or (3 min)
pacemaker (n=108)

95.56

99.4

99.23

96.49

HUAWEI Band 2

No

Patients aged ≥18 years ex- 12-lead ECG 3 min
cluding patients with ICD or (3 min)
pacemaker (n=108)

95.36

99.7

99.63

96.24

Yes

Patients aged <18 years with Standard 12- 30 s
standard 12-lead ECG orlead ECG
dered as part of routine visit
testing (n=30)

N/A

87

N/A

N/A

AliveCor KardiaMobile
(iPhone case or iPad)

Yes

Division I athletes (n=123)

Standard 12- 30 s
lead ECG

N/A

99.2

N/A

100

AliveCor KardiaMobile
(iPhone case or iPad)

Yes

Healthy young adults
(n=128)

Standard 12- 30 s
lead ECG

N/A

100

N/A

100

AliveCor KardiaMobile
(iPhone case or iPad)

Yes

Cardiology clinic patients
(n=130)

Standard 12- 30 s
lead ECG

94.4

99.1

94.4

99.1

In process

Patients aged ≥18 years ex- Simultane30 min
cluding patients with ICD or ously recordpacemaker (n=108)
ed ECG

100

N/A

N/A

N/A

CPstethoscope + Samsung No
Galaxy S5

Selected study participants
(n=46)

Cardiolo2 min
gists using
an electronic
stethoscope

94

86

88

92

CPstethoscope + Samsung No
Galaxy S6

Selected study participants
(n=46)

Cardiolo2 min
gists using
an electronic
stethoscope

94

79

83

92

CPstethoscope + LG G3

No

Selected study participants
(n=46)

Cardiolo2 min
gists using
an electronic
stethoscope

81

100

100

82

Yes

Patients of an academic car- 12-lead ECG N/A
diology care center (n=100)

92.8

100

N/A

N/A

No

Patients in sinus rhythm or
with arrhythmias, aged ≥18
years from a coronary care
unit, an intensive care unit,
and an emergency room
(n=102)

N/A

N/A

N/A

N/A

Gropler et al [42]
AliveCor KardiaMobile

Haberman et al [43]

Hochstadt et al [44]
CardiacSense

Kang et al [45]j

Koltowski et al [46]
AliveCor KardiaMobile
Koshy et al [47]k
FitBit (Blaze) + Apple
Watch (Series 1)
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Study population

approval

Reference
method

Recording
duration
(mHealthb
device)

Sensitivity, Specificity, PPVc,
%
%
%

NPVd,
%

95

Krivoshei et al [48]
iPhone 4S

No

Patients with AF or patients Heart rate
in sinus rhythm (n=80)
monitor
chest belt

5 min

Patients with AF and healthy Previous diindividuals as the control
agnosed AF
group (n=39)

A few min- 93.8
utes (typically less than 5
min)

95

N/A

N/A

100

N/A

N/A

Lahdenoja et al [49]
Different smartphones,
No
mostly Sony Xperia Z-Series
Lown et al [50]
Polar-H7

No

Individuals from three gener- 12-lead ECG N/A
al practices aged >65 years
with and without AF
(n=418)

96.34

98.21

N/A

N/A

AliveCor KardiaMobile

Yes

Individuals from three gener- 12-lead ECG N/A
al practices aged >65 years
with and without AF
(n=418)

87.8

98.81

N/A

N/A

Firstbeat Bodyguard 2

No

Individuals from three gener- 12-lead ECG N/A
al practices aged >65 years
with and without AF
(n=418)

96.34

98.51

N/A

N/A

WatchBP

Yes

Individuals from three gener- 12-lead ECG N/A
al practices aged >65 years
with and without AF

96.34

93.45

N/A

N/A

Yes

Persons aged ≥65 years en- General
tering a participating pharma- practitioner
cy (n=1000)
review/12lead ECG

98.5

91.4

N/A

N/A

Older adults (mean age 73.5, ECG by ex- N/A
SD 11.8 years; n=100)
pert cardiologist

100

96.6

N/A

N/A

No

Patients aged >18 years,
scheduled for elective cardioversion (n=98)

Standard 12- 3 times 20 s
lead ECG
before and 3
times 20 s
after cardioversion

93.1

90.9

92.2

92

Yes

Population participating in
the Hartwacht Arrhythmia
program (n=233)

ECG inter30 s
preting team
led by a cardiologist

92

95

80

98

Cardiogram application +
Apple Watch

N/Al

Sedentary participants under- Standard 12- ≥20 min
going cardioversion (n=51) lead ECG

98

90.2

90.9

97.8

Cardiogram application +
Apple Watch

N/Al

Ambulatory participants
(n=1617)

67.7

67.6

7.9

98.1

Lowres et al [51]
AliveCor KardiaMobile

30-60 s

Mena et al [52]
Loop recorder ECG sensor No
device, Classifier, and a
smartphone as central unit
Rozen et al [53]
Cardiio Rhythm + iPhone

Selder et al [54]
AliveCor KardiaMobile

Tison et al [55]
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lead ECG
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Study population

approval

Reference
method

Recording
duration
(mHealthb
device)

Sensitivity, Specificity, PPVc,
%
%
%

NPVd,
%

96.6

N/A

William [56]
AliveCor KardiaMobile +
iPod

a

Yes/No

Patients aged 35-85 years
12-lead ECG 30 s
with a history of paroxysmal
or persistent AF (n=52)

94.1

N/A

FDA: Food and Drug Administration.

b

mHealth: mobile health.

c

PPV: positive predictive value.

d

NPV: negative predictive value.

e

AF: atrial fibrillation.

f

ECG: electrocardiogram.

g

N/A: not applicable.

h

iECG: internet-enabled electrocardiography.

i

ICD: implantable cardioverter defibrillator.

j

Accuracy of classification of the heart sounds into a correct category. Atrial fibrillation led to significantly fewer interpretable heart sounds. The app
needs further improvement to diagnose atrial fibrillation.
k

No data available on sensitivity, specificity, PPV, and NPV, but there was a significant correlation between device use and ECG in atrial arrhythmias
(Apple Watch: rs=0.83, FitBit: rs=0.56; both P<.01)
l

No information available about the series used in the study.

Data Extraction and Analysis
In the first step, we assessed the studies’ eligibility by focusing
on the inclusion and exclusion criteria mentioned above. After
searching for the reference method used in the study, we
searched for sensitivity, specificity, positive predictive value
(PPV), and negative predictive value (NPV) in relevant studies
as indicators to evaluate the accuracy of the underlying mHealth
device. In addition, we extracted characteristics about the study
population and the size of the study population as well as
recording duration and Food and Drug Administration (FDA)
approval (Table 1).

Results
Literature Search
We identified 461 articles through database searching. We added
seven relevant studies either known by the authors, found by
searching the reference lists of key studies, or found through a
manual search in the Journal of Medical Internet Research and
its sister journals. After removing duplicates, there were 352
articles. Of this pool, 22 studies were relevant for our review
and included in our work (Figure 1).
To present the results, we categorized the mHealth devices into
three groups: apps (“app”), only smartphones or tablets used as
a medium for diagnosis, and “wrist worn wearables” and “other
devices.”

Apps
Smartphone or tablet apps are characterized by their usability
and the fact that no additional device is needed for atrial
fibrillation screening. In this field, a general distinction between
direct and indirect photoplethysmography (PPG) can be made.
Direct PPGs require direct contact between the user and device.
http://mhealth.jmir.org/2019/6/e13641/
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Thus, it is possible to measure the pulse by putting a finger
above the camera and flashlight while running the app. Indirect
PPGs do not require direct contact; they measure the pulse by
scanning a body part over a distance.
Several apps use the direct method. One of the most common
smartphone apps in this context is “Cardiio Rhythm,” which
can be used either as a direct or an indirect heart rate monitor.
Chan et al [39] and Rozen et al [53] investigated the direct use
of this app and found a high accuracy in comparison with a
single-lead ECG and a 12-lead ECG, respectively.
Krivoshei et al [48] proposed an unnamed app using the direct
PPG method. Comparison of the diagnostic results of the app
with a heart rate monitor chest belt as a reference method
showed high sensitivity and specificity.
Fan et al [41] investigated atrial fibrillation detection through
PPG with the aid of either one of two different smartphones or
a smart band. Compared to 12-lead ECG, they found high
accuracy in both smart phones but concluded that the final
diagnosis should be based on ECG. Another study on atrial
fibrillation screening with the aid of PPG showed that
PPG-based algorithms can reach high accuracy; the authors
recommended further investigation using population-based,
large-scale atrial fibrillation screening studies [37].
In addition to apps using PPG, there are two fundamentally
different approaches. The first one, proposed by Lahdenoja et
al [49], is the diagnosis of atrial fibrillation with a smartphone
app using the integrated inertial measurement unit. The device
is placed on the chest of the patient to measure movement
triggered by the heart. Second is the app “CPstethoscope”
presented by Kang et al [45] to auscultate the heart. Using this
method, they found vast differences in sensitivity, specificity,
PPV, and NPV depending on the smartphone model running
the app.
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e13641 | p.18
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Figure 1. Flowchart of the systematic literature review process.

Wrist-Worn Wearables
The most popular wearables used to measure heart frequency
and heart rhythm originate from the field of fitness. They appear
either as simple bracelets or smartwatches. Besides their
potential in supporting basic and clinical research by providing
data [57], they have the capability to detect arrhythmias like
atrial fibrillation.
In the context of atrial fibrillation, use of such devices can be
made in three different ways. First, they can promote healthy
behaviors like an active lifestyle. Second, they can support the
diagnosis of atrial fibrillation through permanent tracking of
heart frequency and rhythm. Lastly, they are able to facilitate
coping with the disease [15]. In this review, we focused on
diagnosis of atrial fibrillation and the accuracy of mHealth
devices.
To detect pulse and heart rhythm, wrist-worn wearables use
either PPGs or electrodes. In diagnosis of arrhythmias, the Apple
Watch Series 4 is known as the most popular wrist-worn device.
It uses both PPG and a two-lead ECG for detection of atrial
fibrillation. For the ECG, the first electrode is installed in the
digital crown, and the other one is installed on the back of the
watch. Thus, this device allows both long-term surveillance of
the heart rate through PPG and user-triggered ECG recording
with a one-lead ECG.
Koshy et al [47] investigated Apple Watch Series 1 and FitBit
Blaze. They showed a high correlation between use of the
devices and ECG in patients with sinus rhythm or atrial flutter,
but the heart rate in patients with atrial fibrillation tended to be
underestimated.
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While examining on the Cardiogram app using Apple Watch,
Tison et al [55] noted a high accuracy in sedentary patients
undergoing cardioversion, but lower accuracy in ambulatory
participants.
Another study showed a high accuracy of Apple Watch [38] in
combination with the AliveCor KardiaBand, which is evaluated
in the AliveCor section below.
In patients with atrial fibrillation, Hochstadt et al [44] found a
high correlation between use of such a PPG sensor and
simultaneously recorded ECGs in the smartwatch CardiacSense.
Bonomi et al [36] conducted a study on a wrist-worn device
that includes a PPG sensor and an accelerometer. When
comparing the measurements with either a Holter monitor or a
single-lead ECG, the accuracy was high.
Furthermore, while investigating the influence of various
conditions on PPGs, Eerikäinen et al [40] found significant
differences in sensitivity and specificity between the use in a
hospital compared to the use under normal everyday conditions.
Another wrist-worn device, HUAWEI Band 2, was compared
to a 12-lead ECG by Fan et al [41]. They found that the PPG
smart band is a convenient tool to detect AF at high accuracy.

Other Devices
Just like wrist-worn wearables, other wearable devices have the
capability to measure either the pulse or heart rhythm to detect
arrhythmias by using loop or event recording. Most recent
articles about atrial fibrillation–diagnosing wearables are either
about AliveCor or ECG devices integrated in patches like
ZioPatch. Despite its FDA approval, we did not find eligible
studies focusing on the accuracy of ZioPatch compared to a
reference method. Therefore, it was not part of our review. Due
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to the high number of studies focusing on the accuracy of
AliveCor, we first focused on AliveCor before analyzing studies
about other devices.

AliveCor
AliveCor KardiaMobile is an event recorder that has been
subject to various studies focusing on its accuracy. The device
is an FDA-certified medical product that can record heart beat
and rhythm by using a single-lead electrode. To measure heart
rate and heart rhythm, the user has to put two fingers on the
electrodes fixed to a small plastic plate, following which
AliveCor KardiaMobile starts to write an ECG and transmits it
to either a mobile phone or a tablet computer. It features a very
high sensitivity and specificity. Koltowski et al [46] and Lowres
et al [51] found high accuracy of this device compared to the
standard 12-lead ECG. Furthermore, Selder et al [54] evaluated
an arrhythmia program using AliveCor and reported its high
accuracy compared to the reference method, which was a team
assessing the device-recorded ECGs.
In a study assessing the accuracy of AliveCor in patients with
a history of either paroxysmal or persistent atrial fibrillation,
William et al [56] found a very high accuracy in the form of
sensitivity and specificity.
Nevertheless, analyses with special populations like children
[42] and elite athletes and cardiology clinic patients [43], or
patients in either a cardiology or geriatric ward [33] showed
slightly to significantly modified accuracy compared to the
majority of studies focusing on AliveCor.
In a study by Lown et al [50], AliveCore yielded high accuracy
but was not superior to inexpensive consumer devices.
A device related to KardiaMobile is KardiaBand. It is a
watchband, but its function is similar to that of KardiaMobile;
therefore, we deemed evaluation in combination with
KardiaMobile appropriate, even though it is a wrist-worn device.
A study by Bumgarner et al [38] found very high sensitivity of
the KardiaBand used in combination with an Apple Watch (both
FDA approved) compared to a 12-lead ECG.

Other Devices
Besides the devices mentioned above, there are some, less
widespread forms of mHealth for the diagnosis of atrial
fibrillation. Few of them have been assessed for accuracy.
MyDiagnostick is similar to AliveCor in its functionality. It is
a rod-like device with two electrodes on the endings. Desteghe
et al [33] compared the device with either 6-lead or 12-lead
ECG for its sensitivity, specificity, PPV, and NPV on patients
in a cardiology ward and a geriatric ward. Compared to the
algorithm, they found that manual interpretation of the
device-recorded data led to increased sensitivity, but decreased
specificity.
To detect cardiac abnormalities in the home environment of
elderly people residing in low and middle-income countries,
Mena et al [52] designed and developed a loop recorder ECG
sensor device. Two electrodes are attached to the chest and one
to the right leg of the patient. The captured data are directly
processed by a machine learning algorithm, and the patient
http://mhealth.jmir.org/2019/6/e13641/
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receives feedback through his/her smartphone immediately.
Furthermore, the data can be transmitted to health care providers.
Tested on 100 older adults, the mobile ECG and the
corresponding algorithm reached a very high accuracy (97%),
sensitivity (100%), and specificity (96,6%). Thus, further
development of the device seems useful.

Discussion
Overview
In addition to the devices included in our review, there are many
other kinds of mHealth devices to screen for atrial fibrillation,
for example, ECG patches like the ZioPatch. Despite its positive
evaluation in a multitude of studies [13,58-60], there is no
eligible study about its accuracy compared to a reference
method. Most of the studies about the ZioPatch compare the
detection rate over a given period to the reference method.
To provide an even more accurate diagnosis of atrial fibrillation
through mHealth devices, Steijlen et al [61] presented a first
approach to allow patients to record an accurate 12-lead ECG
at home. They developed a device that can be worn within 8
minutes of first-time use. This device should be studied further.
Another study focusing on the benefit of Apple Watch in the
context of irregular heart rhythm detection is the Apple Heart
Study [62]. Data about the heart rhythm are received from the
Apple Watch and automatically evaluated. If there are
irregularities, an app notifies the study participant. Furthermore,
there is the possibility for some participants to receive an ePatch
and to wear it up to 7 days. After returning the ePatch, the
experts offer feedback and recommend further medical care
from the participant’s own health care provider. The Apple
Heart Study enrolls over 400,000 participants and is thus the
largest ever study of its kind. The study results are not yet
published.
Despite the overall good evaluation of mHealth devices in the
context of atrial fibrillation, there are some possible limitations.
Shcherbina et al found that exogeneous factors like dark skin
color, higher body mass index, and male gender as well as
mechanical separating or shifting of PPG during physical
activities led to higher device errors [63]. Furthermore, part of
the recorded atrial fibrillation screenings were noninterpretable
by algorithms [38,56].

Principal Results
In this review, we presented various possibilities to screen for
atrial fibrillation. mHealth devices appearing in different forms
like smartphone apps, wrist-worn devices, small plates such as
the AliveCor, or rod-like devices were investigated for their
accuracy. These devices mostly use either ECG or PPG
technology to detect atrial fibrillation.
Mobile apps provide a convenient way to screen for atrial
fibrillation. Most common are apps using PPG, which allows
detection of atrial fibrillation with a high accuracy compared
to the gold standard. Furthermore, it is possible to develop apps
that use the inertial measurement unit or can be used to
auscultate the heart.
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Wrist-worn wearables appearing as bracelets or smart watches
provide the possibility to measure heart rhythm in an unobtrusive
way. The most effective way to guarantee atrial fibrillation
detection is to combine PPG and ECG in a wrist worn-wearable
device in order to screen over a long-term period and record an
accurate user-triggered ECG. This is the case for Apple Watch
or Apple Watch in combination with KardiaBand.
The ECG-based AliveCor is one of the few FDA-approved
devices. It reaches a very high overall accuracy and benefits
from its ease of use. Overall, the use of mHealth devices is
convenient [34,61,64,65]. Nevertheless, after atrial fibrillation
detection through mHealth devices, the diagnosis should always
be confirmed by standard 12-lead ECG Holter monitoring.

Economic Aspects
From an economic point of view, mHealth devices seem to be
an eligible possibility to prevent expensive secondary diseases
like stroke. Therefore, mobile apps have a high economic
potential in screening for atrial fibrillation. Given the fact that
smartphones are already widespread in many countries, the
economic burden is low. Even if app accuracy does not reach
the gold standard, mobile apps can provide a first approach to
detect atrial fibrillation.
The integration of atrial fibrillation screening methods in
smartwatches and bracelets could be valuable. Smart watches,
in particular, have gained popularity during the last few years.

Giebel & Gissel
Further investigation on the economic effect of subsidizing
wrist-worn wearables, which are able to screen for atrial
fibrillation, should be performed. A special focus should be
placed on the accuracy of these devices to avoid costs due to
misdiagnosis.
With a fundamentally different approach, AliveCor benefits
from its ease of use. This device seems suitable to integrate in
health care as already implemented in the Dutch Hartwacht
program [54]. Orchard et al implemented a study to examine
the cost-effectiveness of screening with AliveCor in a rural
primary care setting. The aim was to screen 2000 patients aged
≥65 years for atrial fibrillation during 3-4 months and to evaluate
the process through qualitative interviews as well as
cost-effectiveness [56]. Especially for low-income countries,
mHealth is a possible approach to screen for atrial fibrillation,
which will reduce the economic burden [66,67]. Nevertheless,
to assess the real economic potential of mHealth devices in the
context of atrial fibrillation screening, further studies for all
types of mHealth devices are needed.

Conclusions
The main advantage of mHealth in atrial fibrillation detection
is its use in addition to standard care. Even if its accuracy is not
yet as high as expected, it is an additional possibility to diagnose
atrial fibrillation, especially in its silent, paroxysmal form.
Economic assessment of mHealth devices should be further
explored.
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Abstract
Background: Using a mobile health (mHealth) intervention, consisting of a smartphone and compatible medical device, has
the potential to enhance chronic obstructive pulmonary disease (COPD) treatment outcomes while mitigating health care costs.
Objective: The aim of this study was to explore the potential facilitators and barriers among health care providers (HCPs)
regarding the use of mHealth interventions for COPD management.
Methods: This was a qualitative study. Semistructured individual interviews were conducted with HCPs, including nurses,
pharmacists, and physicians who work directly with patients with COPD. A flexible prompts guide was used to facilitate discussions.
Interview topics included the following: demographics, mHealth usage, perceptions toward challenges of mHealth adoption,
factors facilitating mHealth adoption, and preferences regarding features of the mHealth intervention for COPD management.
Interviews were conversational in nature, and items were not asked verbatim or in the order presented. The interviews were
transcribed verbatim and compared against the digital recordings to ensure the accuracy of the content. After creating a codebook
for analysis, 2 researchers independently coded the remaining interview data using pattern coding. They discussed commonalities
and differences in coding until a consensus was reached.
Results: A total of 30 nurses, physicians, and pharmacists participated. The main facilitators to mHealth adoption are possible
health benefits for patients, ease of use, educating patients and their HCPs, credibility, and reducing cost to the health care system.
Alternatively, the barriers to adoption are technical issues, privacy and confidentiality issues, lack of awareness, potential limited
uptake from the elderly, potential limited connection between patients and HCPs, and finances.
Conclusions: It is important to understand the perceptions of HCPs regarding the adoption of innovative mHealth interventions
for COPD management. This study identifies some potential facilitators and barriers that may inform the successful development
and implementation of mHealth interventions for COPD management.
(JMIR Mhealth Uhealth 2019;7(6):e13950) doi:10.2196/13950
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mHealth; COPD; qualitative; smartphone; eHealth; technology

http://mhealth.jmir.org/2019/6/e13950/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e13950 | p.26
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Introduction
Background
The surge in computing power and mobile connectivity has led
to the emergence of mobile health (mHealth) that can transform
the mode and quality of clinical research and health care [1].
mHealth is defined by the National Institutes of Health as the
use of mobile and wireless devices to improve health outcomes,
health care services, and health research. An mHealth
intervention could also include the use of a medical device that
is compatible with a smartphone. Evidence suggests that
mHealth interventions may benefit patients with many chronic
health conditions including chronic obstructive pulmonary
disease (COPD) [2-5].
Although COPD is a preventable and treatable condition, it is
estimated to be the third leading cause of death worldwide by
2020 [6]. According to the Canadian Institute for Health
Information, COPD now accounts for the highest rate of hospital
admission and readmission among major chronic illnesses in
Canada [7]. The Conference Board of Canada has stated that
the combined direct and indirect costs of COPD will increase
from just under CAD $4 billion in 2010 to roughly $9.5 billion
by 2030, an increase of 140% [8]. Dynamic modeling has shown
that any intervention that can reduce the number of
exacerbations in a population will have a substantial impact on
morbidity and costs associated with COPD [8,9]. The authors
previously published a systematic review and noted that the
current literature on the role of smartphones in reducing COPD
exacerbations is limited but does suggest that smartphone
interventions may reduce COPD exacerbations [2].

Importance of Human-Centered Design
The International Organization for Standardization (ISO)
9241-210 standard defines human-centered design (HCD) as
“an approach to systems design and development that aims to
make interactive systems more usable by focusing on the use
of the system and applying human factors/ergonomics and
usability knowledge and techniques” [10]. The ISO uses the
term HCD instead of user-centered design to “address impacts
on a number of stakeholders, not just those typically considered
as users” [10]. However, in practice, these terms are often used
synonymously.
There is increasing interest from academics and clinicians in
harnessing smartphone apps as a means of delivering behavioral
interventions for health; however, research on the development
and evaluation of such apps is in the relatively early stages [11].
Many of the barriers to using mHealth can be avoided with
better planning and collaboration [12]. Testing mHealth
interventions with patients has revealed preferences and
concerns unique to the tested population [13-15]. When
developing an mHealth intervention, Hopkins et al [16]
encourage including insights from key users to potentially
improve the process and the outcome of the intervention.
Triantafyllidis et al used an iterative approach to refine a tablet
computer–based home monitoring system for heart failure
patients [17]. There was limited uptake of the system owing to
usage difficulties and low levels of patient satisfaction. The
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authors recommended patient-centered approaches for
sustainable delivery of remote health monitoring services [17].
Patient-centered care recognizes the complex, subjective, and
changing nature of the patient’s health status [18]; in addition,
it links multiple episodes of care offered by diverse providers
into continuous, integrated care trajectories unique to particular
patients [19,20]. Developing a COPD mHealth intervention
with insights from health care providers (HCPs) working with
patients with COPD will potentially improve the process and
outcome of the mHealth intervention.

Involvement of Health Care Providers
HCD is particularly suited to developing mHealth interventions,
which generally involve multiple stakeholders. Bender suggests
a collaborative care approach within teams comprising
physicians, nurses, pharmacists, and patient advocates to lead
to better care and higher patient adherence for complex and
comorbid conditions [21]. Also, other researchers recommend
the involvement of a multidisciplinary team in mHealth
interventions to develop tailored messages [22], address patient
medication needs [23], enhance physical activity in patients
with COPD [24], and support the management of heart failure
[17], diabetes [25], and cancer [26]. Chiang et al [27] stated that
few studies have examined the obstacles faced by HCPs when
carrying out telehealth interventions. Similar obstacles in
mHealth need to be addressed.
Nursing, medicine, and pharmacy are some of the largest health
professions in Canada. Nurses promote COPD management by
supportive, preventive, therapeutic, palliative, and rehabilitative
means to gain or maintain optimal function [28]. Physicians
assess the condition of COPD and diagnose, treat, and prevent
any disease, disorder, or dysfunction whereas pharmacists play
a role in the promotion of health, prevention, and treatment of
COPD through monitoring and management of medication
therapy [28]. Furthermore, the role of pharmacists has shifted
from drug dispensing responsibilities to the provision of direct
patient care [29]. By obtaining the perspectives of nurses,
physicians, and pharmacists, we hope to understand the
facilitators and barriers affecting some of the largest health
professions in Canada. Furthermore, it will enable us to
understand the differences in requirements for an mHealth
intervention.

Human-Centered Design in Chronic Obstructive
Pulmonary Disease
Although mHealth is gaining popularity in recent years, patient
and HCP perspectives toward using mHealth for COPD
management are relatively unexplored [30]. One study provided
insight into the perceptions of COPD patients and their HCPs
toward using mHealth for COPD management. They stated that
potential barriers to use mHealth include the following: patients
avoiding confrontation with the disease, preference for personal
contact with an HCP, difficulties with displaying feelings in an
application leading to invalid patient measures and lack of trust
in advising characteristics of an mHealth intervention, and lack
of enthusiasm for mHealth by HCPs [30]. They also
recommended including a larger sample of HCPs with more
mHealth experience in future studies [30].
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To improve the success of mHealth solutions in COPD
management, we suggest including HCPs who work with
patients with COPD in the development process. Lessons learned
will bridge the knowledge gap of barriers and facilitators for
mHealth uptake in COPD management. It will also be offered
as a guide for research and technology developers working with
COPD patients and their HCPs.

Methods
Purpose
This study was intended to explore and develop an
understanding of potential facilitators and barriers that might
influence HCPs using mHealth interventions for COPD
management.

Study Design
We used a descriptive qualitative research design that was
grounded in pragmatism [31,32]. Using a qualitative
methodology allowed us to achieve an in-depth, contextualized
picture of how a diverse sample of HCPs, in this case nurses,
pharmacists, and physicians, think and feel about the
possibilities and challenges of using mHealth. This has a
pragmatic value as mHealth is an emerging option for delivering
health care.

Recruitment and Study Setting
HCPs involved in the treatment of patients with COPD were
eligible to participate. The primary investigator (PI) contacted
the Newfoundland and Labrador Medical Association, the
Association of Registered Nurses of Newfoundland and
Labrador, and the Pharmacists' Association of Newfoundland
and Labrador. These organizations were asked to forward a
recruitment email to their mailing lists or post it in their
websites. Interested HCPs contacted the PI via email or
telephone, who then scheduled appointments to complete the
consent forms and conduct the interviews. Our sample consisted
of 30 HCPs: 10 nurses, 10 pharmacists, and 10 physicians. The
study took place in St. John’s, Canada. We conducted some
interviews at Memorial University and others at the participants’
offices or homes.
We used purposive typical case sampling to gather information
that would reflect typical cases of mHealth use [32,33]. We also
used a criterion-based selection [32] so that we could categorize
participant characteristics such as age, familiarity with mHealth,
health care profession, and years of experience. In addition, as
the interviews progressed, some participants were recruited by
snowball or chain sampling, where participants suggested other
possible HCPs [32,34]. Snowball or chain sampling was used
to ask a few information-rich participants for additional contacts
to provide confirming or different perspectives, allowing for
richer data [32].
Participants were recruited from April 2018 to August 2018.
We first contacted nurses, and after interviewing 7 to 8 nurses,
we reached saturation as we were not gathering new information.
However, we continued interviewing until 10 nurses were
interviewed. This was to strengthen the validity of inferences
[35]. We used the same sampling strategy for the remaining
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professions, with similar saturation points and continuing to
interview the 10 participants for each profession. Our final
sample size was comparable with similar qualitative studies
[30,36,37].

Ethical Considerations
Ethical approval for this study was obtained from the
Newfoundland and Labrador Health Research Ethics Authority
(HREB -2017-194). Before agreeing to participate, all subjects
were informed about the nature of the research project, possible
risks and benefits, and their rights as research subjects. All
participants completed a written consent form. They were also
given a copy of the consent form.

Data Collection
We conducted individual semistructured interviews to gain an
understanding of the everyday life-worlds of HCPs in relation
to using mHealth [38,39]. Using semistructured interviews
allowed the interviewer to begin with a broad question to direct
the focus of the interview and then to provide an opportunity
for the HCPs to bring forth their thoughts and feelings about
the phenomenon that they thought were important [38,39]. The
interview prompts are available in Multimedia Appendix 1. If
participants identified that they have not used mHealth, they
were asked questions pertaining to why they had not used
mHealth (barriers). However, we did not ask them about
facilitators because they did not have the experience to answer
these questions. To facilitate discussions, the interviews were
conversational in nature and items were not asked verbatim or
in the order presented. As the study progressed, emerging issues
were explored with subsequent participants to refine the themes.
The prompts were informed by findings from the literature and
input from the authors who have diverse backgrounds including
mHealth, pharmacy, nursing, medicine, respirology, family
medicine, education, and qualitative research.
The interviews were recorded to enable transparent and accurate
transcription. Interview lengths ranged from 20 to 60 min.
Topics included the following: demographics, mHealth usage,
perceptions toward challenges of mHealth adoption, factors
facilitating mHealth adoption, and preferences regarding features
of the mHealth intervention for COPD management. Owing to
the large amount of data, preferences regarding features of the
mHealth intervention will be published in another article. Data
consisted of more than 13 hours of interview time with
approximately 300 pages of transcription.

Data Analysis
The interviews were transcribed verbatim and compared against
the digital recordings to ensure the accuracy of the content.
Identifying information (names) was removed to protect
anonymity. We used NVivo (version 12; QSR International) to
organize the data and examine the words, including frequency
counts, as in classical content analysis [40]. All data were
analyzed, but we only coded the data that were relevant for
answering the research questions, as recommended by Saldana
[41], Wolcott [42], and Yin [43]. An audit trail was created to
keep track of all analytic decisions [44].
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After using NVivo, we used first cycle coding with the nurses’
data that were both structural and holistic [41], meaning that
we used the interview prompts and the literature to guide some
of the coding. One researcher analyzed the transcripts and
developed a set of themes and subthemes and then obtained
input from a second researcher. In the second cycle of coding,
the 2 researchers independently coded the nurses’ data using
pattern coding to develop themes [41]. They then discussed
commonalities and differences in their coding and theme
development until a consensus was reached. The analysis of the
nurses’ data was mainly inductive and iterative throughout as
we went back and forth among the data, the coding, and the
themes [45].
After the nursing analysis was finished, we completed the same
2 cycles of analysis for the pharmacist and physician data. These
2 analyses included inductive and deductive analysis. However,
the analysis was more deductive in nature as themes had already
been developed from the nursing data. The iterative process
continued as these analyses were conducted to find
commonalities, differences, and new patterns in thinking in
relation to the nurses’ data. Once these 3 sets of analysis were
complete, the 2 researchers discussed common and different
trends among the 3 HCP groups to develop final themes that
encompassed all the HCPs.

Results
Demographics

Alwashmi et al
clinics, critical care, long-term care, and community health.
Some HCPs founded a medical technology company or had a
software programming background. About half of the HCPs
had experience with an mHealth intervention to manage COPD.
Participant demographics are outlined in Table 1.
The majority of HCPs thought that mHealth can play a role in
COPD management; however, some HCPs had opposing views.
One nurse who implements an mHealth intervention to manage
COPD indicated that “...the majority of our patients are very
sad to leave the programme.” However, one physician expressed
his concern:
There hasn’t been a lot of evidence to prove that this
makes a difference in terms of patient outcomes...I
think those people are just happy to have another set
of eyes watching them, right. I think it probably gives
them reassurance.
Finally, a pharmacist said,
There’s obviously going to be some patients who don’t
want to do it who are technology averse in which case
that’s totally fine, they can use the traditional
methods.
We developed themes under 2 categories: facilitators and
barriers that would influence the feasibility and use of mHealth.
Table 2 summarizes the main facilitators and Table 3
summarizes the main barriers. We have also included details
and examples to illustrate the HCPs’ thoughts and beliefs.

The sample included HCPs who worked with patients with
COPD in various settings, including respirology clinics, cancer
Table 1. Participant demographics.

a

Demographics

Sample size

Age (years), mean (SD)

Years of experience, mean (SD)

Nurses

5

47.3 (6)

19.6 (9)

mHealtha,b nurses

5

40.6 (10)

15.8 (10)

Physicians

5

37 (9)

8.4 (8.7)

mHealth physicians

5

41.2 (12)

14.4 (11)

Pharmacists

7

35.7 (11)

11.4 (10)

mHealth pharmacists

3

27.5 (4)

3.6 (2)

mHealth: mobile health.

b

Experience in using a mobile health intervention.
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Table 2. Themes with specific examples regarding the facilitators of mobile health (mHealth) adoption.
Theme

Specific examples for each theme

There are possible health benefits for patients

•
•
•

Patients can become more readily educated about their disease;
In areas with limited access to health care, mHealth technologies can
bridge the gap between patients and health care providers;
Patients can become more motivated, empowered, and accountable
with managing their health care

The software needs to be easy to use

•
•
•

The technology needs to be simple;
The language should be basic;
The software should be visually appealing

Health care providers and patients need to be educated on the use of
mHealth

•

Educational strategies are needed

The credibility of mHealth should be evident

•
•

Evidence about the effectiveness of mHealth is important;
The credibility of the developer is important

mHealth should reduce the cost to the health care system

•
•

It results in a decreased use of health care resources;
It is affordable owing to the reduced cost of medical devices, and it
does not include a large physical infrastructure;
Partnering with private entities could facilitate uptake

•

Table 3. Themes with specific examples regarding the barriers of mobile health (mHealth) adoption.
Theme

Specific examples for each theme

There are technical issues with mHealth

•
•
•

There may be privacy and confidentiality concerns

•

People, other than the patients, might gain access to private information

Lack of awareness is a challenge

•

Many HCPsa and patients are not aware of the current advancements
in mHealth

There may be limited uptake from the elderly

•

Some HCPs thought older age may be a barrier to technology adoption;
Some believed the upcoming generation will be more familiar with
technology

•

mHealth may limit the personal connection between HCPs and patients

•
•
•

There are possible financial barriers; There were a few challenges mentioned by a minority of HCPs

•
•

a

It may include equipment malfunction, password issues, and interoperability;
It requires internet access;
Many clinics are paper based

Some thought personal connections are necessary;
Others thought the advantages of mHealth outweigh personal connections;
Others thought a hybrid approach might be optimal
This includes the high cost of the mHealth intervention, time consumption, and lack of billing codes for HCPs;
These included false sense of security, anxiety, lack of motivation,
and loss to follow up.

HCP: health care provider.

Facilitators
There are Possible Health Benefits for Patients
Pharmacists, nurses, and physicians agreed that mHealth has
the potential to provide health benefits to patients. One nurse,
who was experienced with mHealth remarked,
It could make life for them, you know, much easier,
and improve their quality of life.
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Another nurse felt confident that patients would be “more
educated about their diseases and about what things they should
be looking for.” A physician commented on his patients who
were enrolled in a mHealth intervention program,
...I think those people are just happy to have another
set of eyes watching them, right. I think it probably
gives them reassurance.
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Some HCPs mentioned that mHealth could increase patient
autonomy through simulating empowerment and motivation in
patients. The following physician statement represents thoughts
from several other HCPs, “it would give patients the power to
then be a part of their management plan, which is better when
patients are empowered, because they feel in control of their
health.” A few pharmacists also mentioned increased motivation
as part of this same vein of thought and talked about “access to
motivation or making the patient really feel like they were more
kind of involved in their own healthcare.” Some nurses indicated
that mHealth interventions could provide a sense of
accountability:
There’s a sense of accountability I believe from the
patients. The nurse is watching me this morning, I
better do it because she’ll be waiting or he’ll be
waiting, definitely.
Access to health care in rural areas was also thought to be an
important facilitator. Many HCPs highlighted the importance
of mHealth in reducing travel time and improving access to
rural areas (Newfoundland and Labrador, Canada). A nurse
observed,
You look at all these small communities in and around
the island, those people could certainly benefit from
some kind of remote monitoring.
This thought was reinforced by others, as in this physician
statement,
I think that is probably the best benefit from Mobile
Health in this province is that it can reach some of
those rural communities where we can’t go and see
patients.
As part of rural health care, it was consistently noted that
mHealth would make it easier for HCPs to provide care. For
example, a nurse pointed out that mHealth would help with
management of time and perhaps allow for more patients to be
monitored, as the following comment demonstrates,
...what they can achieve in a video appointment is
sometimes quicker, and a bit more targeted and
efficient, and they can fit them in within their other
appointments.
mHealth should reduce cancelled appointments and hospital
visits as patients would not have to leave their homes, in urban
as well as in rural areas. One physician expressed this concern
about hospital visits, coupled with the advantage of mHealth:
...you can just send that from home. Not even have to
go into a facility. And sometimes that’s really onerous
for people, especially people who are suffering from
COPD, so they’re going to have shortness of breath
and exertion and find it even harder to get from the
parking lot into the hospital, so the more you can do
to make their lives easier, it’s great.

The Software Needs to Be Easy to Use
Usability was highlighted by the majority of HCPs as an
important factor in increasing the uptake of mHealth. One nurse
with experience in conducting mHealth interventions cautioned
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that patients may stop using the intervention owing to usability
issues:
...they found it hard, I’d say largely related to the
technology, not being able to handle it or finding it
too much work. Too tiring, too much trouble, not for
them, that kind of thing.
Thus, most HCPs recommended the software to be easy to use.
As another nurse pointed out:
...people are overwhelmed when they are diagnosed
with something that is new and complicated, and
affects something as important as your breathing. So,
this has got to be something that is easy for them to
access and, I think, easy for them to see benefits from.
Some pharmacists recommended using simple language to
enhance usability, as in “it needs to be kept useful, but also
simple enough for them to be able to navigate and use.” One
nurse reinforced this notion and thought the language should
be “set at a grade six reading level, so there’s no issues with
comprehension of what they're being asked or told.” It was also
thought that the software should be visually appealing, with
color and perhaps daily progress or weekly tracking graphs.
Font size was also raised as an issue. One nurse quipped, “people
my age and above can’t see. A lot of it is very tiny, so the need
for reading glasses.” This was apt as COPD generally develops
in later stages of life.
In addition, one nurse with experience in mHealth interventions
said HCPs may not use the intervention if it was difficult to use,
“where the provider is getting all this information, doesn’t feel
that comfortable sorting through it, or using it to make clinical
decisions, and then it just is going to no use it.” So, users and
providers need software that is easy to use as well as
comprehensive. To streamline the physician workflow, one
physician suggested that data collected by the mHealth
intervention should be accessed via the electronic medical
record: “I have an electronic medical record so it would be nice
if it was actually in electronic format.”

Health Care Providers and Patients Need to Be Educated
on the Use of Mobile Health
It was recognized that mHealth is a different type of learning
for many HCPs as it includes learning about technology instead
of diseases. However, as one nurse rationalized, “we need to
make sure we are staying up and current and on top of this.”
Many strategies were suggested for educating HCPs, such as
integrating information about digital health and mHealth in
school curricula; self-learning; Web-based learning; learning
from coworkers, students, and sales representatives; attending
educational sessions; and hiring coordinators for support.
The necessity to educate patients was also acknowledged. As
one pharmacist suggested,
I guess most patients with COPD are older and would
probably benefit from someone walking through the
app with them and showing them how to use it.
Hands-on learning, supplementary print materials, and a video
tutorial were suggested as ways to teach patients how to use the
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software. Others mentioned the convenience of having family
support as an enabler.
In terms of who should teach patients, it was thought by some
that HCPs should share the responsibility. As advocated by one
pharmacist:
I guess anyone, if you're seeing a patient or person
who is in need of that service could introduce it. I
don’t think one person should have to take all the
responsibility, or one profession.
However, this was not an agreed upon idea. Some thought there
should be designated people to teach the necessary skills, but
there were differing opinions about which group of HCPs should
lead the patient education. It was also recommended by some
that technical support staff be available as a resource for patients
to call when they needed technical help.
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as explained by a nurse who thought it would “hopefully catch
things in the earlier stage before these patients who were mostly
elderly got in enough trouble that they would end up in the
emergency department.”
Advancements in mHealth can result in a decrease in expenses,
as a third nurse explained,
I can send a patient a whole set of devices including
a blood pressure cuff, O2 sat machine and a weigh
scale for less than 300 dollars.
Large physical infrastructure would not be required, and it was
suggested that some of this could be outsourced to private
entities that are already doing this type of work, thereby reducing
expenses to taxpayers.

Barriers

The Credibility of Mobile Health Should Be Evident

There Are Technical Issues With Mobile Health

HCPs thought that the credibility of mHealth needs to be made
evident to HCPs and patients. This would help raise awareness
to facilitate uptake by HCPs. A physician worded it like this,

Many HCPs expressed that technical issues can be barriers for
mHealth adoption. Specifically, equipment malfunction,
password issues, and interoperability were mentioned frequently.
For example, a nurse reported,

...if I perceived that this is something that would help
someone exercise a little bit more, control their
weight, watch their diet, then I would recommend
that.
A nurse was even more specific in terms of evidence:
...it would be really important to have some solid,
really good evidence to show that, in actual fact, we
receive excellent outcomes in terms of quality of life
indicators, activity levels, medication usage at a
specific time point, be it within one or two years, to
decide that this type of monitoring, and this type of
connection with your provider is making a difference
to your outcomes. I think that type of evidence is
what’s going to change my mind as a practitioner
about whether it’s worth using it or not.
This sentiment was reiterated by a pharmacist who thought that
“knowing if there’s evidence to actually support its use” was
essential.
In addition, the credibility of the developer was mentioned, as
in this statement from a pharmacist, “it’s also about the
credibility of who’s putting the app together.” Added to this,
recommendations from credible HCPs were also thought to be
important. One physician commented:
I mean, the power of one's network. If I view
something and I think that it’s good, then me giving
it a vote of confidence that would then get shared,
and people would know that I am independently
choosing to recommend something.

Mobile Health Should Reduce the Cost to the Health
Care System
It was thought that mHealth has the ability to provide the
“clinical assessment and healthcare that was required in a more
cost-effective manner”, as recommended by one of the nurses.
It should decrease emergency visits and hospital admissions,
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There’s been issues with the technology not
communicating because we have setups in four
different ways.
In addition, some technical specifications are required, such as
the smartphone being Bluetooth compatible, along with cellular
and Wi-Fi connections being available. One nurse elaborated,
...there are patients within little pockets of...that don't
have cellular service or Internet connection, so
unfortunately those patients will not be able to be
referred to the program.
Another limiting condition to sharing mHealth data via
electronic medical records was mentioned by physicians, in that
many clinics are still paper based or not up to date in technology
use.

There May Be Privacy and Confidentiality Concerns
A few HCPs thought privacy and confidentiality could be a
barrier to mHealth adoption. A pharmacist, echoing other HCPs,
questioned,
How are patients confident that the information that’s
in that app is only going to stay with them and that
other people are not going to see that data?
The concern of family members viewing private information
was raised,
Patients, you know, if they’re competent they don’t
want their family members to see their information
and that could be an issue.
Also, the issue of stolen or lost phones that contained private
information was raised. However, other HCPs thought these
issues could be mitigated with security, as expressed by a
pharmacist,
...if it is secure and the patient gets to decide who
accesses it, I don’t see it being an issue with
confidentiality.
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And, some HCPs, as noted by a nurse, were ambivalent
regarding privacy and confidentiality,
I wouldn’t imagine that there are any more privacy
concerns than there are with anything else within
health care.

Lack of Awareness Is a Challenge
Many HCPs indicated that lack of awareness is a major barrier
to mHealth adoption. One physician with limited mHealth
experience expressed this concern,
I think if that had been a part of my training more
and I’d seen it more then it could definitely become
part of my own training.
Employers’ lack of knowledge was also mentioned. For
example, a nurse shared:
Our employer doesn’t want to see us having them out,
people will have the impression we are using it for
personal use. That is one big factor. Our employer
tells us, keep your phones hidden, don’t have them
out.

There May Be Limited Uptake From the Elderly
HCPs had conflicting opinions regarding age and mHealth
adoption. All physicians and some nurses and pharmacists
agreed that the elderly may face issues in adopting these
technologies, as indicated by this pharmacist,
A lot of the patients with COPD being older and
maybe not as app-savvy as the group that you’re
aiming towards.
This thought was reinforced by one physician’s words, with a
caveat of doubt,
I suppose I would assume that the elderly and the
more frail would not be tech-savvy, though, I know
smartphone use is increasing with the ageing
population.
This caveat was supported by some of the nurses with an
mHealth experience, as expressed by one experienced nurse:
I had patients who are older than 90 who never owned
a computer in their life and managed to do their
sessions on their iPads and send it to me with no
trouble. So, I think it depends on maybe education
level and understanding, and maybe how things are
explained to them.
A couple of pharmacists experienced in mHealth even stated
that some elderly people have embraced technology:
I’ve had a lot of kind of older generation patients that
once we’ve kind of sat down they’ve said oh I’ve been
tracking this or I have this app, and I was kind of
shocked. So until you kind of try it out and recommend
it to people you never know what they’re open to using
or what they’re already using.
It was also thought by some that the upcoming generation will
be more familiar with technology, as a nurse surmised,
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We have to be sensitive to the fact that technology is
present in my world, it’s present in yours, but it wasn’t
in my grandparents.
Some physicians also thought that future generations will value
and use mHealth more than the current generation,
I think the younger generation will, you know, take
this in very easily and very much accept it, so I think
going forward there’s only going to be more of it, not
less.
It was also posited that some older HCPs may face issues when
adopting mHealth, as put forward by one pharmacist:
I’m sure there’d be some potentially older
pharmacists who are less familiar with smartphones
and apps that might have more trouble, and may
benefit from a tutorial type thing.
This was reiterated by a physician:
I think that probably technology maybe gets pushed
to the side. I think that a lot of the physicians too
might be, not scared but reluctant to use technology
and to learn a new skill, especially if they’ve been in
practice for thirty years or something.

Mobile Health May Limit the Personal Connection
Between Health Care Providers and Patients
As with age, HCPs had conflicting opinions about mHealth and
building personal connections between patients and HCPs. A
nurse who worried that mHealth might limit the personal
connections said:
I like to have a bit of actual contact and eye contact,
and hear the tone of someone’s voice, and a gentle
touch sometimes can be so reassuring, you know. I
think it’s going to be lost with this type of technology.
However, this same nurse added that even minimal contact
could mitigate that barrier, as in “I think there needs to be some
sort of human contact, even if it is just the face of the person
who receives that information.”
Some physicians also agreed that mHealth lacks this type of
contact, as in “I don’t think you’re ever going to really replace
that human element.” However, although it was emphasized
that interacting with patients face to face is better than online,
some HCPs struggled with the advantages of human contact
versus access. One nurse who was a champion of human contact,
recognized that mHealth is:
...increasing access and to me, that would be a better
benefit than the actual face to face, to be able to reach
more people more often.
Then there were nurses experienced in mHealth who thought it
could enhance the personal connection, as in,
I think the bond is actually a bit more in this program
than it was when I was a bedside nurse in some ways,
because you're getting more personal with the patient
about other aspects of their healthcare as well.
One nurse reported that she had done surveys about patient
satisfaction, provider satisfaction, and support staff satisfaction
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and “the surveys, they do come back that it’s similar if not better
than a face-to-face.”
The majority of physicians, and many pharmacists, thought
mHealth has the potential to improve personal connections.
This pharmacist’s statement represents a commonly expressed
example of how this could happen:
I think it would strengthen that relationship because
you could ask them about their apps and go through
it with them when they come other than just seeing if
they’re late using their prescriptions or late picking
them up or anything.
Some HCPs suggested a hybrid model so that mHealth could
supplement the personal connection, as in this physician’s
comment,
Do I think that it could totally replace it, absolutely
not...but can I see it being hand-in-and, absolutely.
This sentiment was supported by another physician:
I would like to see them for the initial consultation,
but I think for follow-up reports, you know, we could
save them great distances from travelling.
This was also supported by a nurse:
I think having regular face-to-face contacts
intermittently is still a very important part of
healthcare, and it’s something that I think will never
be completely removed.

There Are Possible Financial Barriers
HCPs had conflicting opinions about financial implications. A
few HCPs said some patients with COPD may not be able to
afford mHealth and do not have access to smartphones. One
physician expressed it this way,
Generally more patients with COPD are falling in
the lower socio-economic grouping that wouldn’t
necessarily be able to afford this.
A nurse with experience conducting mHealth programs endorsed
this concern by adding that only about 10% of participants may
remain in the mHealth intervention if the insurance company
stopped paying for the service.
In addition to individual patient costs, there is the initial cost
of establishing the infrastructure, including costs related to
storing data in the cloud. In addition, costs related to the
maintenance and replacement of outdated technology were
discussed, as reinforced by one nurse,
There’s a number of equipment across the province
that are nine years old, and if they die then there’s
no replacement.
In addition, some mHealth programs are limited to a certain
period. Participants may get medical devices (eg, blood pressure
monitors and pulse oximeters) that have to be returned for
cleaning to be used by other participants. One experienced nurse
complained that getting medical devices back from patients can
be problematic, as in:
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I have actually been at the plants, the facilities where
we get them back and clean them. Andcockroachesin
the boxes that were coming back and just swilled with
feces and blood and so on. It is just... They have been
horrendous.
Most physicians thought lack of time was a major challenge.
They mentioned time to learn about mHealth themselves, time
to teach patients, and time to review the results of the mHealth
intervention. One physician gave this example:
When you get a 12 page report on one patient and
you’re seeing 40 patients a day and you know time
constraints with the amount of work that you do
outside in terms of paperwork is already a burden.
Pharmacists had contradictory views about time. A few
pharmacists thought lack of time could be a barrier, as in:
Most pharmacists are quite busy as it is... I see the
workload potentially going up because now if patients
are using this they can’t forget to write things down
or lose what they documented. It’s all there for them,
so now they bring the information in.
Alternatively, other pharmacists thought that mHealth could
save time by collecting information required in advance “with
the expanded pharmacists role we’re building more time to
spend with our patients and in that sense we will have that time
to teach them and to monitor some of these new technologies
that are coming up.”
Lack of reimbursement and billing codes were also mentioned
as barriers. One experienced pharmacist explained:
...there’s not a whole lot of reimbursement for services
like this and like that’s the biggest barrier with most
things within the pharmacy profession...doing like
daily monitoring on patients like is time-consuming
and we definitely want to do it but unfortunately like
it does take time and resources and those resources
aren’t always available.
In addition, it was emphasized that the lack of billing codes for
mHealth is another financial barrier, as a physician insisted:
I mean we’re all so busy that nobody wants to do
anything for free because why would I do that for free
if I get paid for it. So that’s a barrier that has to be
overcome is that how do you change some of the way
physicians are paid. There’s no incentivizing the
optimized care as an example. If I do a poor quality
of care for my COPD patient or if I do an excellent
quality of care, it’s the same payment. So there’s a
problem with the system in that sense and physicians
in general would be resistant to sort of evaluate how
well they’re doing with their patients.

There Were a Few Challenges Mentioned by a Minority
of Health Care Providers
There were additional challenges that were mentioned by small
numbers of HCPs. For example, one physician thought patients
may gain “a false sense of security” about their health status,
owing to technology. Another physician voiced concern that,
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...some sub-groups of patients with anxiety might have
impaired quality of life because then they become
obsessed with that rather than actually just saying
okay that’s what they’re saying, I’m okay.
A pharmacist questioned validity:

There were a few barriers identified by the HCPs. Most of these
barriers have the potential to be resolved, as suggested by many
of the HCPs. Technical issues continue to be a challenge for
mHealth adoption, especially for rural areas and developing
countries that have poor connection network.

...the validity of the data would be something that
some people might question. I guess a lot of that
would depend on how straightforward the devices
are to use or how much training might be required
to make sure that they are using it correctly.
Motivation to continue using the intervention was also a
concern. A pharmacist wondered,

Comparison With Previous Work

I think getting patients to use it and use it often
enough might be difficult, depending on the patient.
A few pharmacists and physicians noted that many patients with
COPD are not motivated to manage their disease. One
pharmacist commented:
The biggest challenge I find with COPD patients, now
that’s the population that I deal with, is that they are
smokers and continue to smoke, the majority of them.
Their education level is probably a little bit on the
lower side and that’s related to the whole smoking,
right, that kind of thing, the socio-economic status of
the patient. So they’re not necessarily invested in
improving their health with a lot of effort, right.
They’ll take an inhaler, take a pill to help them get
better, but really changing their lifestyle and their
smoking is not high on their list.
One nurse highlighted that about 30% of patients dropped out
after using an mHealth intervention.

Discussion
Principal Findings
This qualitative study found that HCPs, in general, had a positive
attitude toward mHealth adoption for COPD management, but
several facilitators and barriers were identified. More barriers
were identified than facilitators, indicating a need to address
these barriers to optimize successful implementation of mHealth
interventions.
To facilitate mHealth uptake, our thoughts, based on the data,
are that both HCPs and patients need to understand the potential
benefits of the mHealth intervention. The interventions must
be easy to use for both patients and HCPs. This could reduce
the time and resources required to teach patients and providers
about the mHealth intervention. One physician stated that the
use of mHealth interventions could provide a false sense of
security, thereby keeping the user from seeking medical advice
in a timely manner. This concern along with the lack of
awareness concerned HCPs, an important finding is the need
for HCPs to teach patients about mHealth interventions. Some
HCPs thought there should be a designated person to teach
patients. It is preferable that these professionals have a
background in chronic disease management and technical
support.
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Although the numbers of HCPs using mHealth interventions
are growing, studies focusing solely on the frontline staff
perspective on mHealth are limited [36,46]. Some of the findings
presented in this study confirm findings that have been reported
previously in the context of mHealth for COPD management.
As Damhus et al [36] noted, HCPs reported technical issues as
a major challenge for mHealth adoption. Our findings are in
agreement with Vorrink et al [47], who stress the importance
of training patients and HCPs on the proper use of mHealth. In
this study, as well as other studies, we have noted that mHealth
will not replace face-to-face interactions [30,36,47]. In
agreement with Damhus et al [36] and Korpershoek et al [30],
we suggest that the expected benefits of using mHealth
contribute to the success of mHealth uptake, although our study
provides additional insight with regard to these perceptions.

Strengths and Limitations
There are several strengths of this study. First, this research is
based on a diverse sample of participants. It includes various
perspectives by presenting the views of nurses, pharmacist, and
physicians, including a respirologist. This human-centered
approach ensures that needs and challenges of different people
involved in the management of COPD can be considered before
developing an mHealth intervention. Second, some HCPs had
experience in using an mHealth intervention to manage COPD
which further increases the richness of the data. Third, all of
the interviews were conducted in a similar manner to ensure
consistency during the data collection and analysis. Finally,
mHealth is particularly important in geographic locations with
relatively large proportions of rural residents such as
Newfoundland and Labrador. mHealth may enhance care
provider access throughout sparsely populated rural areas.
Newfoundland and Labrador has a substantial remote and rural
population, therefore our results may be more applicable to rural
areas.
There were also several limitations. First, not all the HCPs had
experience with using mHealth. Thus, the perceptions of these
participants were not based on actual interventions with patients.
Second, we used only one data collection method, thus not
triangulating data collection. Conducting focus groups with
some of the participants following the individual interviews
could have yielded richer information as participants would
have been given the opportunity to compare their thoughts and
confirm or expand upon each other’s ideas. This would be a
recommendation for a future study.

Implications for Practice
The findings of this study provide insights into the barriers and
facilitators for using mHealth as a part of COPD management.
This information may help a variety of stakeholders who are
planning to use mHealth interventions for COPD management.
Lessons learned include the importance of raising an awareness
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among patients with COPD and HCPs regarding the potential
of mHealth interventions in COPD management. Professional
associations and universities could play a significant role in
raising an awareness of, and even introducing, mHealth in
undergraduate health professional curricula. It also may be
beneficial to designate an HCP, with a background in chronic
disease management and technical support, to teach patients
about mHealth.
The findings emphasize the importance of developing a
user-friendly mHealth intervention. This could reduce the time
and resources required to teach patients and providers about the
mHealth intervention. In addition, the lack of an internet
connection limits access to mHealth interventions, so this should
be taken into consideration when measuring access to health
resources in rural communities.
In terms of credibility, health organizations such as the Food
and Drug Administration, Health Canada, or the Canadian
Association for Drugs and Technologies should take an active
role in regulating mHealth interventions. These organizations
can develop their own app stores, similar to the Veteran Affairs
app store, to showcase credible mHealth interventions. In
addition, when developing mHealth interventions, it is important
to follow international guidelines for the exchange, integration,
sharing, and retrieval of electronic health information [48]. This
could help in addressing interoperability issues. Nevertheless,
these regulations should be implemented in a manner that
supports mHealth uptake.

Alwashmi et al

Recommendations for Future Research
Future studies would benefit from conducting focus groups with
some of the participants following the individual interviews.
Focus groups could yield richer information as participants
would be given the opportunity to compare their thoughts and
confirm or expand upon each other’s ideas. Furthermore,
including the perspectives of allied HCPs, such as
physiotherapists, social workers, and occupational therapists,
would be beneficial to understand the perspectives of
administrators (eg, information technology managers) who may
be able to identify some of the challenges with using mHealth
for COPD management. The authors have conducted a similar
study with a focus on the perspectives of individuals with
COPD. In addition, a future article will focus solely on the
features of the ideal mHealth intervention for COPD
management. After developing a user-centered mHealth
intervention, the authors recommend using a mixed methods
framework for usability testing [49].

Conclusions
It is important to understand the perceptions of HCPs regarding
the adoption of innovative mHealth interventions for COPD
management. This study identifies the facilitators and barriers
that may aid in the successful development and implementation
of mHealth interventions for COPD management. Lessons from
this study may also be applied to other chronic diseases.
Additional research is needed to investigate the conflicting
opinions regarding mHealth adoption by the elderly, the personal
communication between HCPs and patients, and the
cost-effectiveness of mHealth interventions in COPD
management.
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Abstract
Background: Despite the worldwide growth in mobile health (mHealth) tools and the possible benefits for both patients and
health care providers, the overall adoption levels of mHealth tools by health professionals remain relatively low.
Objective: This study aimed (1) to investigate attitudes of health care providers and mHealth experts toward mHealth tools in
the health context in general, and this study aimed (2) to test the acceptability and feasibility of a specific mHealth tool for patients
with an eating disorder (ED), called TCApp, among patients and ED specialists.
Methods: To this purpose, we conducted an explorative qualitative study with 4 in-depth group discussions with several groups
of stakeholders: our first focus group was conducted with 11 experts on mHealth from the Catalan Association of Health Entities;
the second focus group included 10 health care professionals from the Spanish College of Doctors of Barcelona; the third focus
group involved 9 patients with an ED who had used the TCApp over a 12-week period, and the fourth and last focus group
involved 8 ED specialists who had monitored such ED patients on the Web.
Results: The focus groups showed that health care providers and mHealth experts reported barriers for mHealth adoption more
often than facilitators, indicating that mHealth techniques are difficult to obtain and use. Most barriers were attributed to external
factors relating to the human or organizational environment (ie, lack of time because of workload, lack of direct interest on a
legislative or political level) rather than being attributed to internal factors relating to individual obstacles. The results of the
mHealth intervention study indicate that the TCApp was considered as easy to use and useful, although patients and the ED
specialists monitoring them on the Web reported different adoption problems, such as the inability to personalize the app, a lack
of motivational and interactive components, or difficulties in adhering to the study protocol.
Conclusions: In general, this paper indicates that both health professionals and patients foresee difficulties that need to be
addressed before comprehensive adoption and usage of mHealth techniques can be effectively implemented. Such findings are
in line with previous studies, suggesting that although they acknowledge their possible benefits and cost-effectiveness, health
care providers are quite resistant and conservative about integrating mHealth technologies in their daily practice.
(JMIR Mhealth Uhealth 2019;7(6):e12920) doi:10.2196/12920
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Introduction
Background
Over the last decade, the number of people who have obtained
a mobile phone or some other portable electronic communication
devices worldwide has increased exponentially [1]. As a
consequence, innovative apps for such devices have been
developed to address health issues, and this has evolved into a
new field labeled as mobile health (mHealth) [2,3]. Central to
the concept of mHealth is that by removing geographical,
temporal, and other barriers that influence usage of interventions
that are related to health behavior, information and resource
services are more flexible and have the potential to reach
anyone, anytime, and anywhere [4].
mHealth has many different applications, such as the facilitation
of data collection, the encouragement of health care consumers
to adopt healthy lifestyles, the self-management of chronic
conditions, such as pain, psychological distress, fatigue, and
sleep [5,6], and the improvement of the delivery of health care
services by targeting health care providers or by easing
communication between these providers and their patients [7,8].
Despite the reported benefits for the patient and the health care
provider, as well as mHealth’s positive impact on the economic
and organizational delivery systems [9], the overall adoption
of mHealth by health professionals remains relatively low [10].
Many factors influencing the acceptance, adoption, and usage
of mHealth by health care professionals have been reported in
the systematic review by Gagnon and colleagues [11].
Specifically, factors relating to mHealth characteristics, such
as perceived usefulness and ease of use of the tool, have been
identified as the main positive drivers for mHealth adoption by
health professionals. In addition, individual-level factors are
also considered decisive when assessing adoption levels, such
as individuals’ time availability (eg, overcoming disruption of
workflow), a positive risk-benefit assessment, and the level of
confidence in and agreement with mHealth implementation.
Meanwhile, important barriers relating to mHealth
characteristics were also mentioned in the same review [11],
such as security, privacy, and cost issues, as well as design and
technical concerns, in addition to factors relating to the human
environment (eg, patient-health professional interaction) and
other factors relating to the organizational environment, for
example, workload, time constraints, dysfunctional relations
among colleagues, and lack of human resources to support
Information and Communication Technologies (ICT). Next to
that, lack of integration and interoperability and the need for
high-risk investment in unsure markets still present major
barriers for adoption in the international literature [12]. Last
but not least, service availability (ie, lack of connectivity) has
also been identified as both a driver and a barrier for adoption
by health care professionals [12,13].
Owing to the advantages of the use of mHealth technologies,
it is important to determine what types of drivers and barriers
are considered relevant by health professionals to adopt mHealth
technologies efficiently. In this study, we will focus on the
drivers and barriers for adoption of mHealth techniques in
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general health care delivery processes, and, more specifically,
in an intervention using an mHealth tool specifically designed
for patients with eating disorders (EDs) and the health care
providers treating them.

Mobile Health Adoption in Mental Health: An
Experience With Patients With Eating Disorders
According to Holmes and colleagues [14], mHealth can
transform the availability and efficacy of psychological
treatments for mental health problems, given that individual
therapy in the past few decades has not been able to meet the
increasing demand for psychological services [15]. More
specifically, the use of app-based treatments, both self-delivered
and therapist-led, has the potential to improve traditional
psychotherapy by facilitating monitoring of symptoms and
outcomes, improving access to psychoeducation materials and
skills training, and offering patients the opportunity to
communicate with their therapist [16]. Other functionalities of
apps include personalization, setting reminders, and the real-time
collection and visual presentation of data, which could offer
tremendous added value to traditional, static interventions.
Correspondingly, blended treatment, referring to face-to-face
treatments, which include a digital intervention or component,
has been gaining in popularity over the last few years [17-19],
and it has shown promising results in various mental health
treatments [20,21].
Health professionals treating patients with EDs might be an
important group that could benefit from mHealth interventions,
either as an adjunct to standard treatment or as a method to
providing existing evidence-based treatments on the Web [22].
According to National Institute for Health and Care Excellence
guidelines [23], the gold-standard psychological therapy for
adult patients with EDs is cognitive behavioral therapy (CBT)
[24], which considers self-monitoring of dietary intake and
associated thoughts and feelings as one of its main behavioral
components [25]. Self-monitoring is a task that can easily be
implemented through real-time self-records via mHealth
techniques [26]. Literature has shown that both users and
clinicians find mobile phone apps that support and facilitate ED
symptom monitoring to be highly practicable as a component
of ED treatment [27,28]. However, somewhat contradictory
findings were reported by a recent study in which the advantages
and disadvantages of the implementation of an mHealth tool in
ED treatment were discussed [29,30]. Despite the enthusiasm
surrounding mHealth technologies [31] and the fact that they
may address limitations of face-to-face treatments (low
motivation to practice, generalize and maintain therapeutic
skills, and limited accessibility) [32], the necessity to develop
guidelines for correct patient and clinician app usage is apparent
[29,30].
Furthermore, factors that facilitate or hinder the effective
adoption of these tools by patients and clinicians need to be
identified through qualitative research. In a systematic review
of the literature by Anastasiadou and colleagues [22] that
focused on mHealth interventions for EDs, qualitative analyses
showed that although most mHealth interventions were
considered as acceptable, easy to use, and motivating by patients
and therapists, other individual studies highlighted various
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problems surrounding their use, such as high dropout rates,
technical issues, and privacy and personalization concerns
[27,28]. Work by Juarascio and colleagues [32] confirmed that
the limited number of acceptability and feasibility studies in
this emergent field prevents researchers from drawing firm
conclusions to date. Finally, the complexity of EDs, involving
low treatment adherence and the need for an intensive level of
care, may not make mHealth interventions the most suitable
treatment in all cases. To address such matters, the 2 objectives
of this study were (1) to investigate attitudes of health care
providers and mHealth experts regarding mHealth tools in the
health care context in general and (2) test the acceptability and
feasibility of a specific mHealth tool designed specifically as
an adjunct to standard treatment for patients with an ED and
their therapists. To explore these 2 objectives, we conducted an
explorative qualitative study with in-depth group discussions
with various groups of stakeholders.

Methods
Design
We conducted 4 separate in-depth focus groups for this study.
The first was carried out with health care providers, and the
second was carried out with mHealth experts. Both focus groups
had the same structure, and both aimed at assessing important
drivers and barriers, which these professionals perceived relating
to mHealth adoption in different health care services. The third
and fourth focus groups were based on data from a larger
randomized controlled trial (RCT) assessing the effectiveness
of an mHealth intervention (ClinicalTrials.gov Identifier:
NCT03197519), and they sought to assess the user (patient and
provider) experience of a specific mHealth tool, called TCApp,
in supporting self-management for patients with an ED. Focus
group discussions were performed in accordance with the
generic inductive approach [33].

The TCApp
The TCApp is an mHealth tool specifically designed to
bidirectionally connect patients with EDs and their therapists
in the periods between medical consultations. The app has been
designed and developed by the Spanish start-up company
HealthApp. It offers 4 different language options (Spanish,
Catalan, French, and English), and it is available through both
Google Play and Apple Store markets, and it currently has more
than 1000 patients as active users. Through the TCApp, patients
can record their thoughts, actions, emotions, and whatever other
information their therapists consider relevant for the therapy.
The app can be customized for each patient according to therapy
requirements. The main objective of the app is to replace paper
self-records with Web-based records, as the former sometimes
present a source of discomfort for patients [34]. In addition, the
app also introduces gamification esthetics [35], including prizes,
rewards, and reminders to improve patients’ engagement.
Finally, it includes a chat function to facilitate patient-therapist
communication between their regular face-to-face sessions. To
date, the app has been used by over 1000 patients, counting
with the special guidance of over 80 registered clinicians who
are currently using the app’s clinician interface across 20
different centers in Spain.
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Study Sample
Health Care Providers and Mobile Health Experts
A total of 11 experts on mHealth from the Catalan Association
of Health Entities (Associació Catalana d‘Entitats de Salut,
ACES) and 10 health care professionals from the Spanish
College of Doctors of Barcelona (Colegio Oficial de Médicos
de Barcelona, COMB) with a special interest in mHealth were
invited to participate in focus groups organized by our research
group at the Open University of Catalonia (Universitat Oberta
de Catalunya, UOC). The generic inductive approach, on which
the design of the study was based, required a purposive
sampling. To better identify barriers and facilitators for mHealth
adoption from the point of view of 2 different stakeholders’
groups, we considered it important to carry out the first focus
group with experts on mHealth from ACES and the second with
health care professionals from COMB. The approval of the
Ethical Committee of the University leading the study (UOC)
to conduct the focus groups was obtained on February 21, 2017.
Inclusion criteria for both focus groups were professionals from
several private medical centers in Barcelona (Spain) who were
actively engaging in mHealth technique usage, including both
health care providers as well as mHealth experts, such as
technical staff (eg, data analysts, software developers), ICT
management staff, marketing and communication managers,
and human resources management staff.

Participants of the Mobile Health Intervention using the
TCApp
The study’s population comprised a larger RCT for the mHealth
intervention study, involving 8 public and private ED units in
Spain. A total of 108 patients were recruited from this larger
study, the protocol of which has been published elsewhere [36].
It is worth mentioning that the Institutional Review Board
approval was obtained for each participating institution and for
the University leading the study (UOC). Participants were
selected from this larger RCT, and they were invited to take
part in our focus groups. Inclusion criteria for the patients
included (1) having been part of the experimental group and
used the TCApp for at least 8 out of the 12 weeks in which the
app was available to participants and (2) not presenting any
significant symptom worsening or showing relapse at the time
in which the invitation was sent.
Inclusion criteria for the ED specialists’ group included having
monitored their patients on the Web and having performed the
following actions at least once a week: follow the patient’s daily
self-records and generate personalized reports or graphs and
communicate with him or her via the chat function. From a total
of 21 patients who were invited to the focus group, 11 decided
to participate, whereas 2 had to be excluded, as they did not
meet all inclusion criteria. Next to that, all invited ED specialists
from the 8 ED units took part in their respective group
discussion. However, it is worth mentioning that only patients
from 3 out of the 8 ED units involved in the larger study
participated in the focus group study. The final focus group
sample thus comprised 9 patients with an ED and 8 specialists
who were monitoring such patients on the Web through the
TCApp. Tables 1 and 2 show the clinical and demographic
characteristics of the patients and ED specialists at baseline.
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Table 1. Description of patients.
Patient characteristics (N=9)

Values

Age (years), mean (SD)

15 (0.50)

Body Mass Index (actual), mean (SD)

19.55 (1.35)

Illness Duration (months), mean (SD)

16.67 (8.75)

Sex, n (%)
Male

0 (0)

Female

9 (100)

Highest level of education, n (%)
Primary

7 (78)

Secondary

2 (22)

Tertiary

0 (0)

Diagnosis, n (%)
ANa-restrictive

8 (89)

AN-purging

1 (11)

BNb

0 (0)

EDNOS

0 (0)

Current treatment type, n (%)

a

Day Hospital

1 (11)

Outpatient

8 (89)

AN: anorexia nervosa.

b

BN: bulimia nervosa.

c

EDNOS: eating disorder not otherwise specified.

Table 2. Description of eating disorder specialists.
ED specialist characteristics (N=8)

Values

Age (years), mean (SD)

34.63 (7.21)

Sex, n (%)
Male

2 (25)

Female

6 (75)

Specialty, n (%)
Psychiatry

2 (25)

Psychology

5 (63)

Nursing

1 (12)

Employment status, n (%)
Public

4 (50)

Private

4 (50)

Duration actual employment status (years), mean (SD)

6.19 (4.29)

Focus Groups

and a fourth with ED specialists who had monitored such
patients on the Web.

Qualitative data were collected through four in-depth focus
groups, as previously indicated. The first comprised health care
providers from the COMB, the second focus group was
conducted with mHealth experts from the ACES, a third focus
group with patients who had used the mHealth tool, TCApp,

The interviews carried out in the first 2 focus groups included
open-ended questions designed to address the following topics
relating to drivers and barriers of mHealth adoption:
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•
•
•

Individual and professional factors
Human environment factors
Organizational environment factors: internal and external

Open-ended questions for the focus group were designed
following previous work of our team [37]. This broader study
had the objective to measure ICT adoption among 25 General
Practitioners, representing 20 different European countries. The
framework used in this previous study integrated several
behavioral models and hypotheses extracted from the
international literature (ie, Technology Adoption Model and its
revised version Technology Adoption Model 2, Universal
Theory of Acceptance and Use of Technology, Theory of
Reasoned Action, and Theory of Planned Behavior). However,
when designing the questions for the first and second focus
group, little was yet known about general mHealth adoption
among health care professionals. Thus, we adapted questions
developed in the previously mentioned study to suit mHealth
characteristics, and we were also inspired by the adoption factors
identified in the systematic review by Gagnon and colleagues
[11].
For the third and the fourth focus group, the interviews with
patients and ED specialists were completed 3 months after the
study start date. When designing the questions, we were inspired
by a multidimensional evaluation framework, called Model for
ASessment of mHealth (MASH), previously described and
implemented by a European project in which our team also
participated, termed DoChange. The MASH model was
constructed on the basis of the evaluation framework of the
Model for ASsessment of Telemedicine methodology [38]. We
followed 5 of the 8 domains of the MASH model, which were
translated into the following research questions that guided our
focus groups:
•

•

•

•

Domain 3 (both patients and ED specialists). Effectiveness.
To what extent did patients’ED symptoms and quality
of life improve when treated with TCApp as a
complement to face-to-face treatment?
Domain 4 (both patients and ED specialists). User
experiences.
Which were professionals’/patients’ needs in
implementing the TCApp services in daily practice?
Were users satisfied with the app/usability of the
services offered by the TCApp? Which were the most
important facilitators in implementing the TCApp in
routine practice? Which were the most important
barriers in implementing the TCApp in routine
practice?
Domain 5 (ED specialists). Economic aspects.
Are you willing to pay for use of the TCApp from now
on in your routine practice?
Domain 6 (both patients and ED specialists). Organizational
aspects.
Participants had to think of a future ideal scenario
in which decisions at their institution were made by
them and describe the specific proposals they would
make to their organization about a new service that
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•

implements, in an ideal way, the TCApp together with
other new technologies.
Domain 7 (both patients and ED specialists). Sociocultural
aspects.
Have any issues arisen regarding cultural
accessibility (considering the different languages
spoken by the users) and socioeconomic accessibility
(different ages, users’ digital health literacy)?

Study Procedure
Health Care Providers and Mobile Health Experts
First, for the focus groups with health care providers and
mHealth experts, a formal invitation was sent to both institutions
(COMB and ACES, respectively) by the principal investigator
of the study, FL. Both focus groups, of 1 hour each, were
conducted by FL at the headquarters of ACES and at the UOC,
and they were audio recorded with permission. A second
researcher, CF, was present during these events and transcribed
the group discussions verbatim.

Mobile Health Intervention TCApp
The study procedure of the mHealth intervention was described
in detail elsewhere [36]; therefore, we will only briefly describe
the important aspects of the study protocol here. After an initial
semistructured interview and a baseline evaluation using
self-report questionnaires at T0, participants were randomly
assigned to 1 of the 2 study conditions (experimental or control
group). Therapists in the participating ED units were invited to
introduce to the patients of the experimental group the option
of using the TCApp as a complementary tool to their standard
face-to-face CBT. Each therapist was given instructions on how
to use the Web-based environment intended for therapists, on
how to add patients as users, and each therapist was given
instructions on the basic functionalities of the app specifically
designed for patients. Therapists were asked to explain briefly
to each patient in the experimental group how to use the TCApp,
in addition to supplying them with a brochure with written
instructions, as well as an encouragement to choose a
nonidentifying username. Over a 12-week period, patients were
expected to use the TCApp at least once a week, completing
self-records or contacting their therapist via chat on a regular
basis when this was considered necessary. The therapist
responsible for the Web-based monitoring was asked to, at least
once a week, connect to the Web-based platform and perform
the following actions: follow the patient’s daily self-records,
generate personalized reports or graphs, and communicate with
the patient via the chat function. Little, if any, additional
instruction was given on how to use the app clinically, to allow
for natural adoption by patients as well as clinicians. In turn,
patients in the control group were told that access to the TCApp
would be offered to them after a waiting period of 6 months.
Thus, for a period of 12 weeks, each group of patients received
the treatment that corresponded to the patients’ experimental
condition, in addition to the patients’ regular treatment. At the
end of the 12-week period, patients from the experimental group
were told to stop using the TCApp (they were discharged from
the service), and a posttreatment evaluation was carried out with
both groups of patients (T1). Furthermore, 1 week later, an
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email invitation was sent to patients from the experimental
group and ED specialists who had monitored their patients on
the Web, asking them to participate in the present focus groups.
Both focus groups with patients and ED specialists were
conducted in the respective participating hospitals by DA, and
both they were audio-recorded with permission. The duration
of these focus groups was an hour on average per group. During
the focus group with patients and directly after the group
discussion, self-report questionnaires were administered, whose
intended purpose was to evaluate usability of and participants’
satisfaction with the tool. Similarly, a self-report questionnaire
designed by our research team was administered to ED
specialists after the group interview. A researcher of our group,
CF, transcribed the group discussions after listening to the audio
recordings. Subsequently, DA read and validated these
transcriptions.

Additional Measures Used in the Mobile Health
Intervention TCApp
For Patients
Sociodemographic and Clinical Characteristics
Patient information, including age, sex, diagnosis, illness
duration, body mass index (BMI), degree of education, and
employment status, was retrieved from the medical history of
each patient, which was provided to the research team by the
ED specialists responsible for each participating center.
Users’ Experience Using the TCApp
System Usability Scale (SUS) [39] is a 10-item questionnaire
that measures usability of a range of systems and has been
described elsewhere [36].
Client Satisfaction Questionnaire (CSQ-8) [40] is an 8-item
questionnaire that is designed to measure client satisfaction with
services and has been described elsewhere [36].

For Eating Disorder Specialists
Sociodemographic characteristics, including age, sex,
employment status, and specialty, were collected through an
introductory self-report questionnaire.

Data Analysis
Thematic content analysis was used to analyze the qualitative
data from the 4 focus group discussions. [41]. First, members
of the research team (DA and FF) independently read and reread
the transcripts of the 4 group discussions to familiarize
themselves with the data. They then sought to achieve consensus
regarding a common coding scheme for the information
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collected during the group discussions. Common categories of
meaning in the data relating to the study objectives were
identified inductively [33]. In case of doubt during coding,
researchers stepped back and reclassified the coded data to
ensure that any contradictory information was not omitted. After
having categorized drivers and barriers of mHealth adoption,
we compared our findings with the classification proposed by
Gagnon and colleagues [11], as well as with previous research
conducted by our team [37]. The data were coded manually,
and no software or tool was used in this procedural step. Finally,
the most significant and representative examples for each theme
were collected from the transcripts after discussion among
researchers on the team. To better reflect patient and provider
experiences, all information was presented in tables. Each key
theme was classified depending on how frequently it had been
mentioned by participants, using +++ for the most frequently
mentioned themes, ++ for frequently mentioned themes, and +
for themes that were only occasionally mentioned (and
sometimes generated a debate because of contradictory opinions
on the topic). In addition, advantages and disadvantages of the
TCApp as perceived by patients and ED specialists were also
classified in common themes and domains, together with the
frequency with which each theme was reported by patients and
specialists (again ranking from + to +++).
The analyses of all descriptive data regarding participants’
sociodemographic and clinical characteristics, SUS, and CSQ-8
were carried out using SPSS 20.0 (SPSS Inc) [42]. Credibility
and validity of patients’ responses were ensured through
cross-verification (ie, triangulation) of the outcomes of the focus
groups relating to usability and satisfaction and the SUS and
CSQ-8 questionnaires.

Results
Focus Groups With Health Care Providers and Mobile
Health Experts
In total, 4 domains and 16 key themes were identified and were
then classified as barriers to or drivers for mHealth adoption.
Most of these themes, 11 (69%), were classified by professionals
as barriers, and only 5 (31%) were perceived as facilitators for
mHealth adoption. The complete list of domains and themes,
together with professionals’ most representative examples
recounted during the focus groups, is shown in Tables 3 and 4.
In the same table, we also present an analysis of the factors on
the basis of the frequency with which these were reported by
professionals.
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Table 3. Barriers relating to mobile health adoption by health care providers and mobile health experts.
Domain and key themes

Examples

External factors: organizational environment
Lack of time and workload (+++a)

“I had no time to integrate any changes in my work schedule”; “I know the theory...that you have
to do a first push at the beginning in order to integrate changes, for example change to e-consultations, and then the workload will become less. But then in practice, it is difficult to implement
due to our workload.”

Management: Lack of strategic plan to imple- “Leaders have to believe in innovation in order to promote the use of ICTb tools, otherwise
ment mobile health (+++)
projects testing their efficacy will not succeed.”
Health care policies and sociopolitical context: “Technology costs...There is a considerable lack of budget to support studies assessing the impact
Lack of budget and direct interest (+++)
of mHealth tools”; “At a political and legislative level, there is not enough interest in mHealth.
Doctors complain that they cannot reimburse mHealth”; “Technology is costly and it is difficult
to verify its return. Often, the ideas we propose seem good, but when the budget is specified,
people become more resistant, you see that the investment has a certain cost. In addition, technology evolves fast and you may not have time to recover the initial investment...Thus, inversions
for mHealth should not only be innovative, but also timely and always updated.”
Insufficient training (++c)

“It is important to have a properly trained team...It is not enough to have an IT-department specialised and dedicated to this. All the staff has to be properly trained”; “It is essential to offer
continuous training to ensure that students of health sciences acquire digital competences.”

Human resources: Lack of information technol- “There is a considerable lack of support by the technical staff of our institution when we integrate
ogy support (++)
a new mHealth tool into our services...Due to this lack of support, users either use the new tools
in the wrong way, or stop using them because they get frustrated when they do not know how
to use them in a proper way.”
Individual factors
Age: Lack of familiarity and mobile health
d

skills (+ )

“Age-based digital divide is present in the health sector...Young health professionals have more
digital minds...Instead, for many professionals who are older in age, the handling of the Internet
and other ICTs may seem complex and they prefer to do things in the traditional manner (paperand-pencil methods)”; “I do not think that age has a significant impact on adoption...In my institution, older professionals do not have more negative attitudes towards ICTs than younger ones,
neither do they perceive their utility and usefulness differently.”

Lack of agreement with mobile health: Resis- “Professionals are often resistant to change because of fear of the unknown and new.”
tance (++)
Risk-benefit assessment (perception; +)

“The value of face-to-face contact with our patients is inherent to all of us...sometimes we are
afraid of losing this when introducing a new technology.”

External factors: Human environment
Insufficient interaction: Patient-Health profes- “New technologies cannot be implanted unilaterally by the IT team. Health professionals are
sional-information technology team (++)
those who really know what patients need. There has to be an alignment of needs between IT
team, patients and health professionals.”
Mobile health characteristics

a

Security and privacy issues (++)

“Sometimes bureaucracy is used as an excuse to stop the implementation of an innovation...Once
patients sign their informed concern, there is freedom to conduct innovations”; “We have a very
protectionist system...The new law on security / privacy of medical histories is very restrictive
about which data from patients can be viewed and shared...this also obstructs the sharing of this
information online using mHealth tools”; “It is important to approve Apps by an official authority taking into account both technological validation (must be useful) and functional validation
(applicable to the context).”

Design and technical concerns (+)

“Technology can fail”...“Technical limitations of the mHealth tools”

+++: Very frequently mentioned (≥4 times).

b

ICT: Information and Communication Technology/ies.

c

++: Frequently mentioned (2-3 times)

d

+: Only occasionally mentioned, sometimes a debate was opened because of contradictory opinions (mentioned 1 time, or 2 contradictory opinions).
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Table 4. Drivers relating to mobile health adoption by health care providers and mobile health experts.
Domain and key themes

Examples

Mobile health characteristics
Quality standard (+++a)

“It is very important to achieve a proper quality control and approval of a mHealth tool by a
certified institution”

Individual factors
Economic incentives for professionals (+b)

“If I personally had to implement a mHealth tool as complementary to my face-to-face visits and
charge each visit by 2 euros more, I would think about it”; “I would rather offer training incentives
to professionals as economic incentives in the public sector are not always realistic.”

External Factors: Human environment
Support and promotion of mobile health by
colleagues (++c)

“All stakeholders should participate in the design of the mHealth tools (usability, acceptability,
feasibility).”

External factors: organizational environment

a

Training (+++)

“Offer continuous training...Create awareness and empowerment of patient and professional before
mHealth implementation.”

Management: Strategic plan to implement
mobile health (+++)

“It’s a top-down approach...Leaders have to believe in innovation and push for its implementation.”

+++: Very frequently mentioned (≥4 times).

b

+: Only occasionally mentioned, sometimes a debate was opened because of contradictory opinions (mentioned 1 time, or 2 contradictory opinions).

c

++: Frequently mentioned (2-3 times).

Regarding barriers, the most recurrent themes pertained to the
Organizational Environment domain. First, the lack of time and
workload were frequently mentioned by professionals as barriers
(eg, “I had no time to integrate any changes in my work
schedule”). Second, the lack of a strategic plan by leaders in
health institutions to implement mHealth was also reported (eg,
“Leaders have to believe in innovation in order to promote the
use of ICT tools, otherwise projects testing their efficacy will
not succeed”). Third, the lack of budget and direct interest at a
legislative or political level supporting mHealth implementation
was another common barrier (eg, “Technology costs...There is
a considerable lack of budget to support studies assessing the
impact of mHealth tools”). Finally, the lack of training of
professionals (eg, “It is essential to offer continuous training
to ensure that students of health sciences acquire digital
competences”) and the lack of support by the information
technology team in health institutions (eg, “...Due to this lack
of support, users either use the new tools in the wrong way, or
stop using them because they get frustrated when they do not
know how to use them in a proper way”) were other main
themes identified as barriers that belonged to the Organizational
Environment domain, but they were less frequently mentioned
by participants. Age and risk-benefit balance were identified as
barriers in the Individual domain, and these generated diverse
and sometimes contradictory opinions by professionals. For
example, some of these professionals believed that a digital
divide was a common problem found in health care institutions:
Young health professionals have more digital
minds...Instead, for many professionals who are older
in age, the handling of the Internet and other ICTs
may seem complex and they prefer to do things in the
traditional manner -paper-and-pencil methods
However, others thought the opposite:
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In my institution, older professionals do not have
more negative attitudes towards ICTs than younger
ones, neither do they perceive differently their utility
and usefulness
In relation to the risk-benefit balance, some professionals
believed that the fear of losing face-to-face contact with patients
was a reality difficult to overcome (eg, “The value of
face-to-face contact with our patients is inherent to all of
us...sometimes we are afraid of losing this when introducing a
new technology”), although others did not agree. The individual
resistance to implement mHealth services as a health
professional was also seen as a barrier to the adoption of
mHealth. In fact, many participants declared that they were
resistant to change because of their fear of the unknown. The
insufficient interaction among patient, health professional, and
information technology team was another barrier to mHealth
adoption for the domain of External factors relating to the
human environment. For example, a health care provider
reported the following:
New technologies cannot be implanted unilaterally
by the IT team. Health professionals are those who
really know what patients need. There has to be an
alignment of needs between IT team, patients, and
health professionals
Finally, security and privacy concerns, as well as design and
technical issues, all of which related to mHealth characteristics,
were less frequently mentioned and sometimes generated
contradictory opinions among respondents. For example,
professionals were worried about the security and confidentiality
of the data transferred through these technologies, and they
declared that they had to cope with a protectionist (Spanish)
health care system that is very restrictive with sharing patients’
information on the Web using mHealth tools. Regarding drivers
for mHealth adoption, the importance of professionals’ training
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first and the subsequent implementation of an mHealth-related
strategic plan by leaders were the most recurrent themes
pertaining to the Organizational Environment domain. For
example, most professionals highlighted the importance of a
continuous training offered to them by their institution so that
they could become more knowledgeable and empowered before
using an mHealth tool in their regular visits. Next, the
importance of having leaders who believe in mHealth
innovations was very frequently mentioned as a driver for
adoption (eg, “It’s a top-down approach...Leaders have to
believe in innovation and push for its implementation”).
Moreover, the option to offer economic incentives to
professionals (eg, “If I personally had to implement a mHealth
tool as complementary to my face-to-face visits and charge each
visit 2 euros more, I would think about it”) was an individual
driver that generated contradictory opinions, as it could be
counterproductive at times (eg, “I would rather offer training

incentives to professionals, as economic incentives in the public
sector are not always realistic”). Finally, the importance of
submitting an app to quality control to get proper homologation
before implementation in clinical practice was another theme
relating to mHealth characteristics, which was frequently
mentioned as a driver.

Mobile Health Intervention Study
First, as regards patients’ scores on the 2 self-report
questionnaires administered after the group interview, the mean
of the total CSQ-8 scale for the 9 patients was 16 (SD 4.69;
Range=11-22), whereas the mean score for the SUS scale was
81.56 (SD 22.52; Range=27.50-100). This indicated moderate
usability of and high satisfaction of patients with the tool. Tables
5 and 6 summarize qualitative information from the
posttreatment focus group for participants in the experimental
group.

Table 5. Perceived advantages of the TCApp by patients.
Domain and Key themes

Patients who agree with Examples of patients´ statements
example statements
(N=9), n

Mobile health characteristics
Perceived ease of use

9

“At the beginning I needed some instructions and guidance but then it was very easy
to use.”

Perceived usefulness

8

“Paper food records are a source of discomfort because they can be lost or forgotten
at home while online records are comfortable and useful”; “The option of taking
photos of your meals and send them to your therapist was very useful”; “I would recommend the app to a friend with a similar problem.”

Design: App

9

“I found the online platform very attractive”; “I liked the colours and the personalized
avatar.”

Satisfaction with content avail- 2
able: Motivational components

“I liked the option that we had to receive rewards a lot...I was looking forward to receiving prizes depending on my weekly performance and to comparing my ranking
with others.”

Content appropriate for users
(relevance)

“The app facilitated a better understanding of the contextual variables that surrounded
my eating behavior...I am now more aware of what happens before, during and after
the problematic behavior I would like to change...more than I used to be with paper
records”; “It is a good company during your treatment process, especially when you
feel lonely or with the urge to carry out a problematic behavior...The option to share
your thoughts, emotions or actions and be sure that your therapist is going to read
them, relieves stress and guilt.”

https://mhealth.jmir.org/2019/6/e12920/

XSL• FO
RenderX

6

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e12920 | p.48
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Anastasiadou et al

Table 6. Perceived disadvantages of the TCApp by patients.
Domain and Key themes

Patients who agree with Examples of patients´ statements
example statements
(N=9), n

Mobile health characteristics
Privacy and anonymity concerns

1

“Sometimes I did not know who was going to read my messages, something that
stopped me from using the chat option.”

Negative perception of usefulness

2

“It is not always useful to keep track of your problematic behavior and quantify it...I
would have liked it more if the app had offered a free text option next to each question
asking for the presence and frequency of several symptoms (vomiting, restriction, intensive exercise, laxative use, etc.) so that we could have the opportunity to write
further explanations or observations of our behaviors.”

Problems with the design: App 9

“There was a word limit when I was using the chat, I could not finish my messages
so I was sending them incomplete to my online therapist or split into 2 or 3 different
messages”; “There was a 24-hour limit in the app; this means that you could not register your activity after 24.00 PM...that appeared as activity of the following day”; “I
would prefer if the app collected information retrospectively, meaning that the day
after you register what you did the day before. By doing so, you can gain a better insight
of your behavior”; “It would have been nicer to change the design of the chat (each
message as a new e-mail in your inbox) and make it similar to the chat of Facebook
or Whatsapp, in order to see the whole history of conversations with your therapist or
be able to see when he/she reads your messages, etc.”

Content inappropriate for users 3

“Patients receiving intensive treatment, i.e. day hospital, have enough of support and
don’t want more monitoring of their symptoms. The content of the app is not appropriate for their needs. Then, as regards outpatients, when they are asked to complete selfrecords daily, they feel as if they retrocede in their treatment process. The app is not
useful for them either”; “I think the app can be more appropriate for patients at their
early treatment stages, when they are expected to gain awareness of their ED-related
behaviors.”

Lack of satisfaction with con- 9
tent available: Lack of personalization

“It would have been better to personalize the app according to ED diagnosis, type of
treatment that each patient is receiving and also treatment stage.”

External factors: Human environment
Patient and therapist limited
and not-personalized interaction

3

“The professional who was following me online was not the same with the one with
whom a had face-to-face sessions...Sometimes I perceived a lack of understanding of
my problems by my online therapist”; “Sometimes it took him/her a lot to answer to
my online messages and when I finally received an answer, this was no longer useful
to me”; “I would like to receive more immediate and personalized answers to my
messages.”

External factors: Organizational environment
Study design: Strict instructions 1

“There was a lot of pressure by researchers to use the app once a day, even if it was
not always necessary.”

Individual factors
Negative benefit-risk balance

1

“It was easier for me to lie through the online records compared to the paper selfrecords...The app is more private, nobody (referring to her parents) has access to your
records.”

As regards patients’ perceptions about usability of the TCApp,
all participants (9/9) perceived that the app was easy to use and
very practical. Participants were comfortable with the app, and
none of them neither reported discomfort with the technology
nor were they faced with technical problems. At the start of the
intervention, some assistance was required by all participants
to ensure that the app was working properly. Regarding
usefulness, most participants (8/9) indicated that the app was
very useful for the time between regular visits to health care
professionals, and they asserted that they would recommend
the tool to a friend faced with a similar problem. Most
participants (8/9) agreed that keeping food records, which they
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used to track manually in their standard CBT, generally posed
a source of discomfort, as they could be lost or forgotten at
home, and most participants agreed that a change to Web-based
food records was more comfortable and easy to fill in on a daily
basis. A total of 2 participants voiced negative comments
concerning the usefulness of the TCApp, which were related to
the fact that quantification of ED symptoms through presence
or absence option was not always useful for them. Instead, more
free text options could have given patients the opportunity to
describe the context around symptoms and their function more
comprehensively. Several problems regarding the design of the
app were reported by patients (9/9), including problems with
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word limit, a 24-hour time limit (ie, entries for a day could only
be entered on that particular day’s 24-hour window and not the
next day), or concerns regarding the design of the Web-based
chat with the therapist, which used a rather awkward and
unhelpful format (see patients’ examples in Tables 5 and 6). In
addition, 1 patient reported that the single option of collecting
data in real time was not always convenient and helpful, given
that patients were already struggling with negative feelings
concerning their problematic behavior. Having to conduct
another task at the same time made the experience even more
difficult. However, positive comments were also raised by
patients regarding the design of the app, with all participants
endorsing it for its visual attractiveness and possibility to
personalize settings. With regard to patients’ satisfaction with
the TCApp’s content, the views differed. On the one hand, only
2 patients appreciated the rewards and prizes received and felt
that this technique increased their motivation to keep engaged
with the app. On the other hand, all patients viewed the lack of
personalization of the tool according to their specific needs
rather negatively (ie, type of diagnosis, type of treatment
received, and individual readiness to change). Regarding the
appropriateness of the TCApp’s content, opinions among
participants varied as well. Positive comments expressed by 6
patients included the ability of the app to make patients gain a
better understanding of their problematic behaviors. In addition,
the app was described as a good companion that helped patients
to better manage their negative feelings. A patient specifically
stated the following:

your therapist is going to read them, relieves stress
and guilt
On the other hand, negative comments (3 out of 9 patients)
included the inability of the app to satisfy treatment needs of
day-hospital patients and outpatients (see patients’ examples in
Tables 5 and 6). A total of 2 important issues were raised by 3
patients of 2 public institutions who seemed to encounter
problems with fully complying with the study protocol. The
first problem was related to privacy and anonymity concerns:
Although patients were expecting to be monitored on the Web
by the same therapist who was following them in their regular
face-to-face visits, this was not always possible in the
participating hospitals because of the work burden with which
therapists were faced. As a consequence, messages were often
read and answered by another therapist, who had no knowledge
of the patient’s clinical history. This was reason for some
concern with certain patients regarding the privacy of their
personal information and their expectation and desire to feel
more secure when using the app. The second issue concerned
the limited and not-personalized patient-therapist interaction.
All 3 patients indicated that therapists at times did not answer
their Web-based messages immediately and that when they did,
answers were rather impersonal. As a result, these patients
perceived a lack of guidance in their treatment when using the
chat option. Finally, another negative comment expressed by 1
patient was related to organizational factors; specifically, it was
related to the strict instructions given by the research team to
follow the study design.

It is a good company during your treatment process,
especially when you feel lonely or with the urge to
carry out a problematic behavior. The option to share
your thoughts, emotions or actions, and be sure that

Tables 7 and 8 summarize findings from the posttreatment focus
group with eating disorder specialists who monitored patients
on the Web.

Table 7. Perceived advantages of the TCApp by eating disorder specialists.
Domain and Key themes

ED specialists who
agree with example
statements (N=8), n

Examples of ED specialists’ statements

Perceived ease of use

8

“The platform (for professionals) is easy to use, very practical, quick and intuitive”;
“Patients found it (TCApp) easy to use, simple, and they learned fast how to use its
different functionalities. They have never asked for more explanations than those
given at the beginning."

Perceived usefulness

8

“I value the immediacy of the instrument and the ability to advance visits when things
were not going well a lot...I believe that the app can be a good tool for therapists. They
can have information prior to their face-to-face visits.”; “The app facilitates our clinical
practice a lot...The whole team feels more reassured with regard to each patient´s
treatment”; “I value the possibility to give patients quick and valuable information
(mostly resolve their doubts) during the time in between their regular sessions or advance visits, when there is something worrying in their records or messages...By doing
so, we can also reduce the amount of visits of our patients to the emergency department”; “The online chat provides very valuable information as it facilitates contact
with patients in-between sessions. However, it does require more time to explore and
exploit the potential of these messages and how to use the information provided by
each patient in face-to-face sessions.”

Design: Platform

8

“The platform is attractive and does not overload visually”; “The possibility to receive
photographs of the patients’ meals is great!! I like how the food records described
with words appear in the same screen next to the meal photographs.”

Mobile health characteristics
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Table 8. Perceived disadvantages of the TCApp by eating disorder specialists.
Domain and Key themes

ED specialists who
agree with example
statements (N=8), n

Examples of ED specialists´ statements

Mobile health characteristics
Problems with the design: Plat- 8
form

“A different new screen was opened for each of my patients...It was difficult for me
to follow several patients at the same time.”

Technical problems

1

“In some cases, the application stopped working; this meant a lot of extra work without
getting good results. Surely it depended on a user‘s smartphone model (Chinese), or
it occurred due to the fact that they had downloaded another application that was interfering with the use of the TCApp.”

Lack of satisfaction with content available I: Inappropriate
motivational components

2

“I would modify all content (she refers to the option offered to patients by the app to
receive prizes and rewards according to their performance). Many patients with AN
profile are stressed when receiving prizes; they want to be first in the list, corresponding
to their high levels of perfectionism and competitiveness. It can be counterproductive
for these patients”; “My patients decided not to share the awards received through
social networks for confidentiality issues. They wanted to keep everything inside the
application and not get out of this environment.”

Lack of satisfaction with con- 8
tent available II: Lack of personalization

“The app should be personalised according to patients’ clinical characteristics...for
example, severe patients who presented a lack of consistency in their treatment in
general, showed the same with the app”; “You cannot use the same instructions concerning the frequency of use of the app (once a day) for all patients. You should assess
before whether this frequency is beneficial for them or not, according to the treatment
stage, specific diagnosis, and other clinical characteristics of your patients”;“We should
try to accommodate the therapeutic objectives offered by the app to the patient’s profile.”

Lack of satisfaction with content available III: Monotonous
activity

1

“Patients’ online activity was monotonous...for example, emotions experienced during
the day were static...a specific emotion felt at a specific moment during the day cannot
represent the emotional status of the patient for the entire day...Some further specifications may be added, for example, next to each emotion, an objective for the following
week or a further explanation of the context around emotions and their function could
be provided, in order to make emotion records more motivating for them.”

Lack of satisfaction with content available IV: App was not
interactive

3

“The app was not dynamic and interactive enough and its functionalities depended on
the initiative demonstrated by the patient. Therefore, at times, when patients were
feeling worse, they had no initiative to interact actively with the app and thus, they
did not use it at all”; “The use of the app depended exclusively on each patient. For
the most resistant and difficult patients, we had to follow-up a lot and remind them
during sessions that they had to use the app regularly.”

External factors: Human environment
Lack of appropriate collaboration among colleagues

1

“Lack of coordination among different health professionals participating in the study.
Sometimes it was not clear who was doing what.”

External factors: Organizational environment
Study design: Strict instructions 1

“Some of my patients felt frustrated and under pressure with the fact that they had to
use the app at least once a day.”

Economic resources available

2

“In private institutions (ie, Dexeus), sometimes patients are willing to replace face-toface sessions with their therapist with the chat option offered by the app There are
economic reasons behind this...I think that in private hospitals, the app should be used
differently; you cannot force a patient to have extra visits if you consider it important,
as you would do in a public hospital”; “The implementation of the app in private
practice is easier...You can charge each visit 2 euros more, for example, and offer patients complementary treatment with the app...In public hospitals this option does not
exist at the moment, as there is a lack of budget and of direct interest in mHealth.”

Lack of time and workload

6

“Due to workload or need to attend emergencies and other priorities, sometimes patient
monitoring through the app was postponed”; “Unfortunately, sometimes the symptom
monitoring was not regular and constant (by us), as initially agreed when we were
given the study protocol.”

All of the clinicians reported that the TCApp was helpful in
their treatment, and all preferred this method to keeping paper
records. In terms of ease of use, all clinicians agreed that the
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usefulness of the Web-based chat function. Clinicians valued
the immediacy of the instrument and the possibility to anticipate
visits when necessary or to use in standard therapy all the
valuable information provided by the app regarding the patient’s
week. In the long run, it is mentioned that the use of the app
can also be cost-effective, as it can reduce patient’s visits to
emergency departments. A therapist specifically stated the
following:
The app facilitates our clinical practice a lot...The
whole team feels more reassured with regard to each
patient´s treatment.
The design of the Web-based platform was attractive and not
visually overloading, and all therapists positively valued the
option to receive photographs of their patients’ meals.
The most frequently reported disadvantages of the app
concerned (1) the lack of personalization of the app, (2) some
problems with the design of the platform, and (3) the lack of
time to regularly monitor patients because of workload. First,
regarding the lack of personalization of the app, all therapists
agreed that the app should be personalized in the future
according to patients’ clinical characteristics and specific needs
(ie, sex, age, living with caregiver, treatment type, ED profile,
and private vs public institution). A therapist also proposed to
validate a protocol of correct use of the app according to a
patient’s profile, specifying the frequency of use of the app and
possible functionalities relevant for a specific group of patients.
Second, the only problem with the design of the platform
concerned the difficulty expressed by therapists to follow several
patients at the same time, given that a new screen was opened
for each patient. Third, most of the therapists (6/8) stated that
they could not always comply with the study protocol (monitor
each patient on the Web at least once a week) because of their
workload or having to attend to emergencies and other priorities.
A total of 3 out of 8 therapists stated that the app was not
interactive enough and that the use of each functionality (food
records, emotion/thought/action records, chat, etc) depended
on patients’ self-determination and willingness to use the tool.
A therapist commented on this saying the following:
The use of the app depended exclusively on each
patient. For the most resistant and difficult patients,
we had to follow-up a lot and remind them during
sessions that they had to use the app regularly.
Contradictory opinions existed regarding whether the app would
be more easily implemented in private institutions or public
institutions. The fear of replacing face-to-face sessions by the
chat option, which is of course less costly, was expressed by a
therapist working in the private sector. Another therapist from
a public hospital said that the implementation of the app should
be easier in private practice, as there are more economic
recourses available for the integration of a complementary
service that includes the TCApp. The inappropriateness of the
motivational components employed by the TCApp (rewards,
prizes, and ranking of users according to their performance) for
patients with EDs, especially those with a restrictive profile,
was mentioned by 2 therapists. One of them asserted the
following:
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I would modify all their content...Many patients with
AN profile are stressed when receiving prizes; they
want to be first in the list, corresponding to their high
levels of perfectionism and competitiveness. It can be
counterproductive for these patients.
Finally, other disadvantages related to mHealth characteristics
and the organizational and human environment shown in Tables
7 and 8 were reported by therapists only once. Regarding future
modifications and points for improvement, the following topics
were discussed:
•
•

•

•

Personalize the app according to patients’ needs and specific
characteristics.
Offer retrospective record keeping of the problematic
behavior, in conjunction with real-time records. For
example, a therapist commented on this saying the
following:
Some of my patients would have preferred it if they
had had the opportunity to register a problematic
behavior (restriction, vomit, binge...) the day after its
occurrence. Many of the patients from the control
group that normally used paper records filled the
record the day after the event or when they were
feeling calmer or more distanced from the
problematic behavior.
Adapt the TCApp to nutritionists’ needs. A therapist said
the following:
I think the use of the app could be more appropriate
for nutritionists and not for psychologists...an
additional functionality assessing the caloric content
of the meal records may be an option.
Add psychoeducational material and relaxation or
mindfulness techniques in the form of modules that would
be activated according to patients’ profile and evolution.
Improve the gamified environment to make the app more
interactive and motivating, for example, by including
vodcasts with motivational messages by recovered patients
or messages by therapists, personalized reminders,
objectives, or coping strategies close to each problematic
behavior.

Discussion
Principal Findings
Emerging literature on the field has shown that app-based
treatment suggests promising results for enhancing the quality
of mental health provision and treatment outcomes, whereas,
at the same time, it can improve engagement with respect to
different mental disorders, including depression, anxiety, stress,
substance use, and symptoms of EDs [43,44]. Despite reported
advantages for patients and health care providers, a large group
of health professionals still seems somewhat critical and
reluctant in the adoption of such techniques [10]. In this study,
we first focused on establishing the drivers and barriers for
adoption of mHealth techniques in general health care delivery
processes. Second, we examined the adoption of mHealth
techniques in an intervention for patients with EDs and their
therapists.
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The results showed that in the focus groups with health care
providers and mHealth experts, most of the recurrent themes
were classified as barriers, less so as facilitators, for mHealth
adoption. This indicates that most professionals considered
mHealth techniques as difficult to obtain and use. In addition,
most barriers were attributed to external factors relating to the
human or organizational environment rather than internal factors
relating to individual, personal obstacles. More specifically,
most health professionals reported a lack of time because of
workload, a lack of strategic plan by leaders, lack of budget,
and direct interest at a legislative or political level to support
the implementation of mHealth. Other external barriers, which
were less frequently reported, concerned the lack of specific
ICT training for health professionals and the lack of
communication and support among patients, health
professionals, and information technology teams. In addition,
individual factors, including the age-related digital divide and
the fear of losing face-to-face contact with patients, generated
contradictory opinions among professionals. These findings are
in line with previous studies [11,13], suggesting that health care
providers are still somewhat resistant and conservative about
integrating mHealth technologies in their daily practice. If they
decide to adopt such tools, they report that they need to feel
skilled, trained, and supported by the IT team and the leaders
of their institution in an adequate fashion. Similarly, Lindgreen
and colleagues [30] have shown that clinicians in such situations
were primarily preoccupied with challenges that related to
workload. For example, some of the clinicians in the study
reported frustration because of the fact that they were not
supposed to monitor patient app data outside office hours, and
they expressed concerns regarding the deterioration of the
patient-clinician relationship. In addition, an undesired
consequence of adopting mHealth techniques may be reduced
clinician work satisfaction—particularly when their
technological self-efficacy levels are not considered and
addressed through educational and training efforts where
necessary.
The results of the mHealth intervention study indicate that the
TCApp was considered easy to use and useful, although patients
and ED specialists monitoring patients on the Web reported
different problems in adoption. Patients valued as highly positive
the Web-based food records and the role these played in helping
them gain a better understanding of their symptoms. In contrast,
the problems reported most frequently concerned the lack of
personalization of the app according to their needs (eg,
diagnosis, type, and stage of treatment), as well as the
overwhelming quantification of symptoms through the app (eg,
presence or absence options) instead of a more qualitative
evaluation of them on the basis of cognitive-behavioral chain
analyses through Web-based free-text options. Similarly, a
previous qualitative study with focus groups by Juarascio and
colleagues [28] for patients diagnosed with binge eating
indicated that the app used (including self-help material,
behavior monitoring, and provisions of real-time interventions)
was deemed workable and acceptable by both patients and
clinicians as a complementary tool to regular treatment, although
concerns were expressed about the degree of personalization
and customizability of the tool. Similarly, Darcy and colleagues
[27] reported that a simple self-monitoring app based on the
https://mhealth.jmir.org/2019/6/e12920/

XSL• FO
RenderX

Anastasiadou et al
CBT principles for ED patients was feasible and acceptable to
both patients and clinicians. Last but not least, the qualitative
study by Basterfield and colleagues [45] explored how
individuals with an ED used various forms of technology, and
the study highlighted the need for personalization, convenience,
and easy-to-follow design. Participants also expressed concerns
regarding safety of ICT tools, including the presence of
triggering Web-based material.
In turn, ED specialists in this study highly appreciated the
Web-based environment that was offered through the TCApp,
especially the Web-based chat option, the usefulness of the tool
outside and inside the therapeutic context, its immediacy, and
the possibility to prepare for visits in advance when they felt
this to be necessary. This partly runs counter to results found
in the short message service text messaging intervention by
Mazzeo and colleagues [46], targeting adolescent patients
diagnosed with binge eating. Although their intervention showed
good feasibility as reported by therapists, the adolescents in the
study expressed a lack of enthusiasm for the texting component
of the intervention. These findings were rather surprising, given
the positive results of other studies that have used text messaging
as an element of Web-based treatment for bulimia nervosa (BN)
[47] and anorexia nervosa (AN) [48,49].
Both patients and health professionals of the mHealth
intervention study experienced problems in complying with the
study protocol at times. One of the reasons for this was the fact
that patients, mostly those who were already receiving a
demanding treatment at their hospital (day hospital), felt
overloaded with the Web-based tasks that they had to perform
on a daily basis. Another problem was that ED specialists,
mostly those working in public hospitals, because of their
workload or having to attend to emergencies and other priorities,
tended to not give immediate responses to their patients’
Web-based messages. In fact, such responses were sometimes
provided by other professionals who were available at that
particular point in time, raising privacy and confidentiality issues
with their patients. This somewhat contradicts the results found
in the systematic review by Dowling and Rickwood [50]
regarding counseling and therapy using Web-based chat, where
it was shown that patients were satisfied and valued the
anonymity and invisibility that could be positively gained
through Web-based textual conversations.

Strengths and Limitations
One of the main strengths of this study is that we investigated
how both health professionals and patients experience mHealth
techniques, as well as what they consider important factors that
need improving to use such techniques more frequently. Second,
we focused this study on a heterogeneous sample of health care
providers and mHealth experts who deal with health-related
problems on a daily basis and who could benefit from mHealth
techniques extensively. Selecting a group of professionals with
such diverse backgrounds, we were able to obtain more generic
views of mHealth adoption issues. In addition, by focusing on
a specific mental health problem, ED, we were able to examine
attitudes and ramifications of both patients and ED specialists
regarding the implementation of a specific mHealth tool in their
daily practice. As a result, we were able to gather a broad view
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of mHealth adoption issues among public and private health
institutions in Spain for this type of condition.
The first limitation of this study is that there seemed to be a
notable homogeneity among our sample of patients in terms of
clinical representation, age, and gender. In fact, only female
outpatients with AN decided to participate in the focus group,
all of whom were adolescents and presented good adherence to
face-to-face treatment (this can be also noticed by taking a look
at the almost normal BMI of the participants). The impact of
the exclusively AN sample on our findings may be that this
group of patients, characterized by rigidity, compulsivity, and
focus on detail [51], may find the app more attractive and easy
to use as a complementary tool to their regular psychological
treatment than patients with other ED profiles. For example,
BN patients, who are often characterized as showing mood
instability and lower compliance to therapeutic tasks compared
with patients with AN, could possibly demonstrate worse
adherence to the additional tasks offered to them through the
app. The inclusion of such patients could thus pose new
challenges on how to improve the gamified environment, to get
such patients more engaged in Web-based treatment. Therefore,
our app does not seem to have the same transdiagnostic utility
as found in a study examining the utility of another mobile
phone app for EDs [27]. In addition, this study’s results can
neither be generalized to an adult population nor to patients
receiving more intensive types of treatment, such as
hospitalization or admission to day hospital. A second limitation
concerned the degree to which patients were satisfied with the
tool and the trial in general, which largely depended on the
institution in which the trial took place and the time and effort
invested by professionals in complying with the study protocol.
Those patients who indicated being most satisfied all hailed
from public institutions, and the same therapists who followed
patients face-to-face also followed them on the Web. In turn,
the least satisfied users were also patients in public institutions,
but here, because of workload, the task to monitor patients on
the Web was carried out by an external psychologist (a
collaborator in the study) who did not see patients in face-to-face
sessions, and thus the external psychologist had limited
knowledge regarding the clinical history of each patient. In
addition, the response rate for the focus groups was lower than
desirable, despite the various efforts to achieve a larger and a
more representative sample. Finally, regarding data analysis
and interpretation of this study’s findings, the way to decide
whether a finding was deemed important for participants was
determined purely by frequency, that is, the number of times a
theme was mentioned. However, it is possible that these themes
were mentioned more often not because of a high degree of
importance but because of an existing social pressure to discuss
a certain theme more often than other themes. Results based on
the method of categorization thus applied should therefore be
interpreted with some caution.

Future Recommendations
In terms of future recommendations, all organizational,
technological, and individual levels mentioned appear important
for a correct mHealth implementation in clinical practice. For
the individual aspect, hospitals may need to provide incentives
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and continuous training to encourage professionals to integrate
mHealth techniques when carrying out their regular tasks. If
professionals feel more empowered, skilled, and supported by
their institution in adopting new technologies, they should be
more willing to make use of the opportunity to try new
innovations.
At an organizational level, there is a need for a strategic plan
that establishes a common framework for evaluating mobile
mental health apps, which allows clinicians and patients (and
importantly, not only information technology teams) to identify
and choose among high quality and safe mobile phone apps in
accordance with their needs. Although a great number of mental
health apps are readily available, and there seems to be a major
potential for such apps in psychiatric assessment and
interventions [14,16,32,52,53], there is limited data on their
efficacy and clinical utility, and little is currently known
regarding their digital security [54]. As a result, clinicians and
patients remain concerned about both efficacy and privacy
issues. In particular, guidelines should be established for the
correct use of the TCApp by both patients and professionals,
and respective functionalities should be put in place in line with
each patient’s clinical profile and readiness to change, as well
as professional’s needs, which was also suggested by Lindgreen
and colleagues [29,30].
As regards mHealth characteristics, ED specialists recommended
that the TCapp should be better personalized according to a
patient’s clinical profile and that its gamified environment
should be improved by integrating more useful motivational
and interactive components. It was suggested that doing so
would lead to improvements in engagement for the most difficult
patients. A relapse prevention module should also be integrated
into the TCApp for almost recovered patients who generally
receive less regular visits to the hospital and who could benefit
from some functionalities of the app (ie, online chat, symptoms
monitoring). Other ideas for future improvement included the
possibility to adapt the TCApp to nutritionists’ needs, add
psychoeducational material, add relaxation or mindfulness
techniques, and add a group chat functionality with a therapist
who coordinates the group conversation. Last but not least,
taking into account that family therapy for children and young
people is the gold-standard treatment for AN [23], a version of
the app should be developed for families, and its efficacy should
by tested in another RCT. In fact, in some ED units that
participated in the trial, it was predominantly the parents of
patients who were filed in the food records that were part of
their children’s treatment on a daily basis.

Conclusions
In sum, this study shows that health professionals and patients
foresee some issues that need to be resolved to increase adoption
and usage of mHealth techniques in the near future. Owing to
the possible benefits and cost-saving opportunities of mHealth
techniques in health care [16], possibilities to overcome the
barriers perceived by health professionals and patients are
nevertheless extremely relevant. Last but not least, the results
obtained by this study indicate that blended treatments might
offer a good solution for the treatment of patients with EDs.
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Abstract
Background: Hospital-based health promotion resources to assist pregnant women in adopting a healthy lifestyle and optimizing
gestational weight gain are important, but with limited effects. Increasingly, women are using mobile apps to access health
information during the antenatal period.
Objective: The aims of the study were to investigate app-usage by Chinese women during pregnancy and to gain a better
understanding of their views and attitudes toward apps containing health information.
Methods: A mixed methods study design was applied. Study participants were recruited from 2 maternity hospitals in Shanghai,
China, between March and July 2018. A self-administered Web-based survey was conducted with 535 pregnant Chinese women
on their sources of health information and reasons for using apps during pregnancy. A total of 4 semistructured focus groups
were also conducted with the pregnant women (n=28).
Results: The use of pregnancy-related apps and the internet was common among the respondents. Almost half of the women
had used pregnancy-related apps. Specifically, the use of apps for health information declined as pregnancy progressed from 70%
(35/50) in the first trimester to 41.3% (143/346) in the third trimester. The main reason for using an app was to monitor fetal
development (436/535, 81.5%), followed by learning about nutrition and recording diet in pregnancy (140/535, 26.2%). The
women found that the apps were useful and convenient and can support lifestyle modifications during pregnancy. However, some
apps also contained misinformation or incorrect information that could cause anxiety as reported by the participants. Many women
expressed the need for developing an app containing evidence-based, well-informed, and tailored health information to support
them during pregnancy.
Conclusions: The study suggests that apps were widely used by many Chinese women during pregnancy to monitor fetal
development, to obtain diet and physical activity information, and to track their body changes. The women highly appreciated
the evidence-based information, expert opinions, and tailored advice available on apps. Smartphone apps have the potential to
deliver health information for pregnant women.
(JMIR Mhealth Uhealth 2019;7(6):e12631) doi:10.2196/12631
KEYWORDS
mobile applications; pregnancy; consumer health information; health promotion

http://mhealth.jmir.org/2019/6/e12631/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e12631 | p.59
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Wang et al

Introduction

managing weight gain, sleeping problems, emotional
fluctuations, allergies, breastfeeding, and gestational diabetes.

Background

Smartphone apps may provide a novel way to provide health
information, facilitate individual access to resources, and
increase health care engagement. They could be used as a
strategy to overcome some barriers associated with traditional
face-to-face health care interactions [14]. Some commonly cited
barriers to traditional health care include lack of referrals from
health care professionals, program availability, inconveniences
of meetings (eg, lack of time or transportation), patient
embarrassment, and high financial costs [17]. Recently, several
studies have investigated the use of apps as a tool to prevent
excessive GWG and to manage or prevent gestational diabetes
and some of them demonstrated the potential feasibility and
efficacy of app-based interventions in promoting a healthy
lifestyle in the antenatal period [18-20]. A systematic review
[20] found that most studies on mHealth apps that aim to support
lifestyle and medical care for high-income countries revealed
the usability of these apps to reduce GWG, to increase intake
of vegetables and fruit, to quit smoking but still needed further
evidence to show the effective use of these apps during
pregnancy. Ledford’s study showed that, as a prenatal education
tool, mobile apps effectively improved pregnant women’s
self-management for health [19].However, despite the increasing
use of apps by pregnant women, to date, few published studies
have focused on how and why women used apps for health
promotion during pregnancy, particularly in the Chinese context.

The Developmental Origins of Health and Disease concept
describes how, during early life (at conception and/or during
fetal life, infancy, and early childhood), the environment induces
changes in development that have a long-term impact on later
health and disease risk [1]. Maternal lifestyle, such as diet and
physical activity, and their health status (eg, obesity and
gestational diabetes mellitus) can affect the potential risk of
metabolic diseases, obesity, and diabetes of the next generation
[2,3]. In general, women are especially receptive to advice about
a healthy lifestyle during pregnancy, in which optimizing their
lifestyle for the health benefits of their offspring is a powerful
motivator. Despite this, physical inactivity, under nutrition or
over nutrition, and suboptimal gestational weight gain (GWG)
are commonly reported by studies with pregnant women [4-6].
Pregnancy is a life phase when women are adjusting to their
new status as mothers. They may be dealing with uncertainty
and anxiety, as well as learning how to care for themselves and
their newborns [7]. Hospital-based resources to assist pregnant
women in achieving better nutrition and physical activity levels
and optimizing GWG are extremely important, but with limited
effects [8,9]. Research also suggests that many people would
seek health information via Web-based media following a
medical visit when they felt dissatisfied or disagreed with the
advice they received from their medical providers [10].
However, seeking more health information can also be positive;
people may look for additional and complementary information
to discuss with health care professionals.
Mobile health (mHealth), defined as the use of mobile phones
and other wireless technology such as texting messaging, apps,
and video messaging to support the achievement of health
objectives [11], is a burgeoning field of public health. With the
widespread application of digital health care, mHealth services
are also thriving in the field of maternal and child health in
China [12]. More women are turning to digital sources for health
information and support during pregnancy and early motherhood
[13]. In particular, thousands of maternal and child health-related
apps have appeared in the Android app market and app store in
China to cater to women’s needs [12]. These apps cover a range
of topics relating to maternal and fetal health, from general
factual encyclopedias of pregnancy facts to more specific
information on maternal diet for gestational diabetes [14].
Recently, a survey conducted in Hubei province, China, showed
that women used apps mainly to monitor and record fetal
development and their body changes as well [15]. However,
gaps exist between functions of apps in the current market and
women’s expectations for functions of a pregnancy app. These
gaps mainly reflect in the ability of an app to solve the common
problems encountered and its guidance on diet and physical
activity during pregnancy. Hearn et al conducted a study with
perinatal women in Australia, which was focused on developing
a website and an app for health promotion during the perinatal
period [16]. Their study found that, in particular, women wanted
information on issues, such as nutrition and diet, exercise,

http://mhealth.jmir.org/2019/6/e12631/

XSL• FO
RenderX

Objectives
The aims of this study were to (1) investigate app usage of
Chinese women during pregnancy, (2) gain a better
understanding of their views and attitudes toward apps, (3)
explore their concerns about data privacy and security, and (4)
inform the development of a health promotion program through
an app.

Methods
Study Design
A mixed methods study was used with both quantitative and
qualitative studies, consisting of a cross-sectional Web-based
survey and focus group (FG) interviews. In the survey, we
focused on women’s current status of app usage during
pregnancy and their intention to use an app for health promotion
information. To obtain a better understanding of pregnant
women’s attitudes and views of using apps, semistructured FGs
were conducted. Both the survey and FGs were conducted in
Shanghai, China, between March and July 2018.

Setting and Participants
This study was conducted in 2 maternity hospitals, the Obstetrics
and Gynecology Hospital of Fudan University and Maternal
and Child Health Hospital, Changning District, Shanghai, China.
The former is a university-affiliated maternity hospital, a tertiary
hospital with the total number of births around 15,000 annually.
The latter is a district hospital ranked as a secondary hospital
with the total number of births being 11,000 annually. Hospitals
in China are categorized as primary, secondary, or tertiary
institutions according to a 3-tier system that recognizes a
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hospital’s capacity to provide medical care and medical
education and conduct medical research. For example, a tertiary
hospital is responsible for providing specialist health services
and performing a bigger role with regard to medical education
and scientific research.
The purpose of recruiting pregnant women from the tertiary and
secondary hospitals was to have a broader representative study
sample. All the pregnant women who had registered in the
clinics were required to attend the routine antenatal clinics and
5 face-to-face sessions of antenatal education throughout their
pregnancy. At the end of the antenatal education sessions,
women were approached by 2 research nurses for their eligibility
and consent.
Women were eligible if they were (1) aged 18 years and above,
(2) currently pregnant, (3) owning a smartphone, and (4) able
to give written consent to participate.

Ethical Considerations
The study was approved by the Ethics Committee of the
Obstetrics and Gynecology Hospital of Fudan University (Ethics
Approval number 2017-74). Before conducting the survey or
FGs, all potential participants were informed about the purposes
and procedures of the study, and their written informed consent
was obtained from those agreeing to participate. All participants
were notified that they had the right to refuse to participate, and
in addition, they could subsequently withdraw from the study
at any time if they had participated.

Wang et al
These survey items were sourced from other surveys [15,23]
for pregnancy app usage and were adapted for our survey.

Focus Groups
Following the Web-based survey, the women were invited to
participate in the FG interviews if they indicated their interest
in having further discussion on their views of using an app in
the Web-based survey. Women who consented to the interview
were purposively recruited to obtain a sample with a wide range
of gestational ages. A total of 50 pregnant women were
approached to participate in the FGs. Of them, 28 (28/50, 56%)
agreed to participate, with their ages ranging between 24 and
37 years and gestational ages ranging between 13 and 40 weeks.
During the FG session, the first author, as the moderator,
conducted all the interviews with assistance from the second
author (ZD) in a conference room located at the Obstetrics and
Gynecology Hospital of Fudan University. The FGs were
conducted in Mandarin and tape-recorded. A semistructured
interview guide was used during the group discussion to ensure
that all required information was sought [24], but the discussion
remained open to any new issues or concerns related to app
usage for supporting pregnancy. The interview guide with
open-ended questions was developed based on the Web-based
survey and a literature review of similar studies. The FGs began
with broad issues and were then narrowed to more specific
topics as the group discussion progressed. The main discussion
questions covered topics including the following:
1.

Data Collection
A Cross-Sectional Survey
A self-administered Web-based survey using iPads was
undertaken by pregnant women during their clinical visits using
the survey website . A total of 582 women were approached by
2 research nurses for their eligibility and consent for the survey,
and 535 respondents provided informed consent and completed
the survey with a completion rate of 91.9% (535/582). The main
reason for refusal was not interested or uncompleted
questionnaires. To check for completeness, the mandatory items
of the questionnaire would be highlighted. Participants were
able to review and change their answers through a Back button
before submission. No incentives were provided for participation
in this survey.
The 19-item questionnaire (Multimedia Appendix 1) included
maternal sociodemographic characteristics, medical history and
current pregnancy information, health behaviors, and
smartphone and app usage during pregnancy. The questionnaire
was developed in consultation with experts in the field and pilot
tested in 20 respondents before the survey. Physical activity
levels during pregnancy were assessed based on the International
Physical Activity Questionnaire [21]. In our study, we followed
the American College of Obstetricians and Gynecologists
(ACOG) guidelines [22] for physical activity for pregnant
women to evaluate their daily moderate activity levels. The last
4 questions were about smartphone and pregnancy app usage.
These questions had multiple response options, and the
respondents could also add other options for the questions.
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2.
3.
4.

Their experience, attitudes, and views regarding using an
app for supporting pregnancy;
Their sources of health information and reasons for selecting
a particular app for pregnancy;
Their concerns about data privacy and security issues when
using the apps;
What features they would like to see and use in an app for
supporting pregnancy.

Each FG consisted of 5 to 8 women and took about 40 to 60
min. During the group discussion, field notes were also taken
to facilitate the data analysis. Data saturation was reached after
4 FGs when no further unique or new themes were introduced
by the FG participants.

Data Analysis
For the cross-sectional survey, data were analyzed using the
SPSS software package (version 22.0, SPSS Inc). Body mass
index (BMI) was calculated as weight (kg)/height (meters)
squared and classified as underweight (BMI <18.5 kg/m2),
normal weight (BMI 18.5 to 23.9 kg/m2), overweight (BMI 24.0
to 27.9 kg/m2), or obese (BMI ≥28.0 kg/m2) based on the BMI
cut points for the Chinese [25]. Women were grouped into
adequate GWG, inadequate GWG, and excessive GWG
according to the Institute of Medicine (IOM) recommendations
for week-specific weight gain during pregnancy [26].
Descriptive statistics were used to present the characteristics of
the respondents, providing frequencies (numbers) and proportion
(percentages) for categorical variables. Continuous variables
were described with mean and SD or median and interquartile
range (IQR) in the case of abnormal distribution. Women’s
sources of information and reasons for using apps during
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pregnancy were analyzed and compared between different
trimesters using the chi-square test.
A multivariable logistic regression was used to calculate
adjusted odds ratios (ORs) and 95% CIs to identify factors
associated with app usage of pregnant women in Shanghai. A
few steps were taken to identify these factors. First, we used
forward stepwise regression to remove those variables with P
values >.20. Second, considering that education and house
income were related to app usage as shown by previous studies
[7,23], we also included these 2 variables in the models. In
addition, maternal age as a potential confounder was also
included in the final model. Finally, we included maternal age,
education, household income, parity, prepregnancy BMI
category, and trimester as independent variables in the multiple
regression model.
Qualitative data from the 4 FGs were used to supplement the
quantitative findings. All audio recordings were transcribed
verbatim following each FG within 24 hours. Transcripts and
field notes were reviewed and analyzed by 2 independent
reviewers using a thematic analysis [27]. The goal of a thematic
analysis is to identify themes, that is patterns in the data, that
are important or interesting and use these themes to address the
research or say something about an issue. We performed the
analysis based on Braun and Clarke’s 6-phase framework for
doing a thematic analysis (Multimedia Appendix 2) [28]. After
reading and rereading our transcript, we became familiar with
our data. We worked through each transcript and coded every
segment of the text that seemed to be relevant to or specifically
address our research question. Specifically, line-by-line coding
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highlighted key comments depicting the attitudes and views
regarding using apps and its related factors. Codes were then
organized into broader themes that seemed to express something
specific about our research question. Finally, we gathered
together all the data that were relevant to each theme to review
and refine the emerging themes. Any discrepancies in data
analysis between the 2 authors involved were resolved by
discussion until a consensus had been reached on the codes,
subthemes, and themes.

Results
Quantitative Findings
Characteristics of The Survey Respondents
The demographic characteristics of the study population are
presented in Table 1. The mean maternal age was 30.6 (SD 3.6
years) and the median (IQR) gestational age was 32 (17 to 33)
weeks. Of the 535 respondents, 478 (478/535, 89.3%) were
nulliparous. The prevalence of overweight and obesity was
19.4% (104/535), whereas underweight women were accounted
for 15.9% (85/535). Compared with the IOM recommendations
for GWG, only 43.7% of women had normal GWG. Only 22.1%
(118/535) of women had a physical activity level meeting the
guideline recommended by ACOG for physical activity for
pregnant women. Anemia was also common among our
population (23.7%, 127/535). The percentage of women
smoking before pregnancy was 3.7% (20/535), but all quit
during pregnancy. The respondents as a whole were well
educated, with more than 90% (500/535, 93.5%) having
completed a college degree.
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Table 1. Characteristics of study participants in the survey, Shanghai, China, 2018 (N=535).
Characteristics

Values

Age (years), n (%)
≤25

30 (5.6)

26-34

436 (81.5)

≥35

69 (12.9)

Education, n (%)
≤Senior high school

35 (6.5)

College degree

398 (74.4)

Postgraduate degree or above

102 (19.1)

Marital status, n (%)
Single/divorced/separated/widowed

6 (1.1)

Married

529 (98.9)

Household incomea,b, n (%)
<¥10,000

115 (21.8)

¥10,000-¥30,000

302 (57.2)

>¥30,000

111 (21.0)

Health issues and physical activity, n (%)
First degree family history of diabetes mellitus

73 (13.6)

Anemia before or during pregnancy

127 (23.7)

Smoking before pregnancy

20 (3.7)

Smoking during pregnancy

0 (0)

Physical activity (moderate level <30 min)

417 (77.9)

Parity (primipara)

478 (89.3)

Prepregnancy weight category, n (%)
Underweight

85 (15.9)

Normal weight

346 (64.7)

Overweight

75 (14.0)

Obese

29 (5.4)

Gestational week (week), median (interquartile range)

32 (17-33)

Weight gain, n (%)

a

Inadequate GWGc

172 (32.1)

Adequate GWG

234 (43.7)

Excessive GWG

129 (24.1)

N=528.

b

One Chinese Yuan (¥)=US $0.1437.

c

GWG: gestational weight gain.

App Usage and Sources of Health Information During
Pregnancy
Table 2 shows the respondents’ sources of health information
during pregnancy. More than 80% (438/535, 81.9%) of the
respondents’ smartphone operating system was iOS. Women
reported that they received pregnancy-related health information
mostly from Web-based media (73.3%, 392/535), followed by
pregnancy apps (49.2%, 263/535), face-to-face consultations
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with health professionals (20.4%, 109/535), family and friends
(18.1%, 97/535), and print materials (15.5%, 83/535), whereas
their preferred or expected sources of information were
Web-based media (68.4%, 366/535), followed by pregnancy
apps (48.8%, 261/535) and face-to-face consultations with health
professionals (34.4%, 184/535). We further compared the
difference between women’s expected sources of information
and their current information sources. The results showed that
the actual source of information from health professionals was
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lower than that expected by the pregnant women (P<.001),
whereas the source of information from family/friends was
higher than that which was expected (P=.001). In addition,
women’s reported sources of information varied over the period
of their pregnancy. Specifically, the use of an app for health
information declined as pregnancy progressed from 70% (35/50)
in the first trimester to 41.3% (143/346) in the third trimester.
A logistic regression analysis also showed that, compared with

those in the third trimester, the rates of app usage for health
information were significantly higher in the first trimester
(adjusted OR 3.057, 95% CI 1.575-5.932) and the second
trimester (adjusted OR 2.206, 95% CI 1.453-3.349). In addition,
nulliparous women were more likely to use an app for health
information (adjusted OR 1.975, 95% CI 1.043-3.742; Table
3).

Table 2. Sources of health information by trimester of pregnancy of Chinese women in Shanghai, China, 2018.
Sources of health information

All women
(N=535), n (%)

First trimester
(n=50), n (%)

Second trimester
(n=139), n (%)

Third trimester
(n=346), n (%)

P value

iOS

438 (81.9)

39 (78)

111 (79.9)

288 (83.2)

.52

Android

97 (18.1)

11 (22)

28 (20.1)

58 (16.8)

.52

Pregnancy apps

261 (48.8)

35 (70)

75 (54.0)

151 (43.6)

.001a

Other Web-based media

366 (68.4)

37 (74)

96 (69.1)

233 (67.3)

.63

Television

36 (6.7)

6 (12)

17 (12.2)

13 (3.8)

.001a

Paper materials

84 (15.7)

14 (28)

33 (23.7)

37 (10.7)

<.001a

Face-to-face with health professionals

184 (34.4)

23(46）

57（41.0）

104（30.1）

.01a

Family/friends

59 (11.0)

4 (8)

4 (2.9)

51 (14.7)

.001a

Pregnancy apps

263 (49.2)

35 (70)

85 (61.2)

143 (41.3)

<.001a

Other Web-based media

392 (73.3)

40 (80)

120 (86.3)

232 (67.1)

<.001a

Television

39 (7.3)

8 (16)

17 (12.2)

14 (4.0)

<.001a

Paper materials

83 (15.5)

15 (30)

35 (25.2)

33 (9.5)

<.001a

Face-to-face consultations with health professionalsb

109 (20.4)

6 (12)

27 (19.4)

76 (22.0)

.25

Family/friendsb

97 (18.1)

3 (6)

5 (3.6)

89 (25.7)

<.001a

Smartphone operating system

Expected sources of information for health promotion

Current sources of information for health promotion

a

Represents a significant difference between the 3 groups.

b

There were significant differences between current sources of information and expected sources of information from face-to-face consultations with
health professionals (P<.001) and family/friends (P=.001) for health promotion.
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Table 3. Results of a multivariable logistic regression analysis of factors associated with app usage of pregnant women in Shanghai, China (N=528;
after exclusion of 7 cases for missing data on household income).
Factorsa

Beta

SE

Wald X2

Odds ratio

95% CI

P value

Age (years)

—b

—

0.286

—

—

.87

≤25

—

—

—

1.000 (reference)

—

—

26-34

.041

0.400

0.010

1.042

0.475-2.282

.92

≥35

−.113

0.474

0.057

0.893

0.352-2.263

.81

Education (1= Postgraduate degree or above,
0=≤College degree)

.036

0.238

0.024

1.037

0.651-1.653

.88

Household incomec

—

—

3.787

—

—

.15

<¥10,000

—

—

—

1.000 (reference)

—

—

¥10,000-30,000

.222

0.233

0.910

1.249

0.791-1.970

.34

>¥30,000

.559

0.290

3.722

1.749

0.991-3.087

.05

Parity (1=multipara, 0=primipara)

.681

0.326

4.361

1.975

1.043-3.742

.04d

Prepregnancy weight category

—

—

6.994

—

—

.07

Underweight

.197

0.256

0.594

1.218

0.738-2.010

.44

Normal weight

—

—

—

1.000 (reference)

—

—

Overweight

−.396

0.264

2.248

0.673

0.401-1.129

.13

Obese

−.952

0.486

3.843

0.386

0.149-1.000

.05

—

—

20.736

—

—

<.001d

First

1.117

0.338

10.91

3.057

1.575-5.932

.001d

Second

.791

0.213

13.802

2.206

1.453-3.349

<.001d

Third

—

—

—

1.000 (reference)

—

—

Trimester

a

Regression models included maternal age, education, household income, parity, pre-pregnancy body mass index category and trimester.

b

Not applicable.

c

One Chinese Yuan (¥)=US $0.1437.

d

Represents the variable is significant in the logistic regression model.

As shown in Table 4, the most reported reason of app usage
was for monitoring fetal development (436/535, 81.5%). Getting
information related to nutrition and recording diet during
pregnancy (26.2%, 140/535) was also a frequently reported
reason for using an app. Other reasons for app usage included
keeping track of information about their antenatal care
appointments (128/535, 23.9%), tracking their own body
(101/535, 18.9%), getting information related to physical activity
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and recording exercise during pregnancy (91/535, 17.0%),
recording antenatal examination (87/535, 16.3%), having
Web-based discussions with other pregnant women (83/535,
15.5%), storing photos of themselves during pregnancy (52/535,
9.7%), and uploading and storing fetal ultrasound images
(27/535, 5.0%). These reasons for using apps during pregnancy
also changed over the period of pregnancy.
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Table 4. Reasons for using pregnancy apps by the trimester of pregnancy.

a

Reasons for using pregnancy apps

All women
(N=535), n (%)

First trimester
(n=50), n (%)

Second trimester
(n=139), n (%)

Third trimester
(n=346), n (%)

P value

Monitoring fetal development

436 (81.5)

36 (72)

89 (64.0)

311 (89.9)

<.001a

Tracking own body

101 (18.9)

16 (32)

37 (26.6)

48 (13.9)

<.001a

Learning information regarding nutrition during pregnancy
and recording diet

140 (26.2)

16 (32)

48 (34.5)

76 (22.0)

.01a

Learning information regarding physical activity during
pregnancy and recording exercise

91 (17.0)

14 (28)

25 (18.0)

52 (15.0)

.07

Understanding the content of antenatal care

128 (23.9)

15 (30)

40 (28.8)

73 (21.1)

.12

Storing photos of themselves

52 (9.7)

4 (8)

8 (5.8)

40 (11.6)

.14

Storing fetal ultrasound images

27 (5.0)

3 (6)

6 (4.3)

18 (5.2)

.88

Recording antenatal examination

87 (16.3)

7 (14)

18 (12.9)

62 (17.9)

.37

Web-based discussions with other pregnant women

83 (15.5)

7 (14)

21 (15.1)

55 (15.9)

.93

Represents a significant difference between the 3 groups.

Table 5. Demographic characteristics of focus group participants in Shanghai, China.
Characteristics

Group 1 (n=5)

Group 2 (n=8)

Group 3 (n=7)

Group 4 (n=8)

Total (n=28)

29.8 (3.5)

29.3 (3.4)

30.1 (1.7)

29.3 (3.8)

29.6 (3.1)

<¥10,000

2 (40)

4 (50)

2 (29)

3 (38)

11 (39)

¥10,000-30,000

1 (20)

4 (50)

4 (57)

5 (63)

14 (50)

>¥30,000

2 (40)

0 (0)

1 (14)

0 (0)

3 (11)

≤Senior high school

1 (20)

0 (0)

0 (0)

2 (25)

3 (11)

College degree

3 (60)

6 (75)

5 (71)

6 (75)

20 (71)

Postgraduate degree or above

1 (20)

2 (25)

2 (29)

0 (0)

5 (18)

Parity (primipara), n (%)

4 (80)

8 (100)

6 (86)

8 (100)

26 (93)

Prepregnancy body mass index (kg/m2), median

18.6 (16.9-18.9)

21.8 (20.4-27.4)

22.6 (20.8-22.4)

20.6 (18.5-22.3)

21.0 (18.9-23.5)

32 (13-36)

33 (15-40)

30 (18-37)

34 (17-39)

32 (15-38)

Age (years), mean (SD)
a

Household income , n (%)

Education, n (%)

(IQRb)
Gestational age (week), median (IQR)
a

One Chinese Yuan (¥)=US $0.1437.

b

IQR: interquartile range.

Qualitative Findings
The characteristics of FG participants are shown in Table 5. In
total, 4 overarching descriptive themes emerged from the data
analysis (Multimedia Appendix 3) about app usage during
pregnancy, including (1) accompany and support, (2)
disadvantages, (3) data privacy and security issues, and (4)
expectations for features of an app. Participants’ quotations
were used to illustrate the original text, and only codes were
used to maintain anonymity.

Theme 1: Accompany and Support
Usefulness
In general, most of the participants (n=26) regarded that apps
or other Web-based media play an indispensable role during
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the period of pregnancy, especially in their early stage of
pregnancy. Participants valued apps with multifunctional
features:
Most of the features are useful, such as what you can
eat and what you can’t eat during pregnancy,
interpretation of baby ultrasound report, and how to
deal with discomfort during pregnancy, and so on.
[Focus Group (FG) 1, Participant (P): C]
Some participants (n=3) used apps before pregnancy and
continued to use apps after pregnancy. These behaviors reflected
that apps were useful and helpful in their daily life. Apps
provided them reference, companionship, and support:
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I used “Crazy Creation” before pregnancy, it helped
me conceive. Now I use “Pregnancy Butler Pro” to
accompany pregnancy. [FG2, P: C]
Participants (n=13) also valued the discussion forum platform
provided by mobile apps, through which they could gain peer
support, especially from experienced women or someone who
has just experienced this process, who help a lot in their
discussion forum:
I like online discussion and exchange feelings with
other pregnant women and it can offer me some tips
for my pregnancy and make me reassurance. [FG3,
P: A]
Convenience
The convenient nature of accessing health information through
apps was favorably compared with the waiting time in clinics
and the trip to a hospital for talking to health care professionals.
Women sought apps and other Web-based media, partly because
the antenatal care visit structure and the information delivered
during antenatal care visits could not meet their needs. These
needs were often reflected in questions such as “Do I need to
take nutritional supplements?”, “How do I deal with insomnia
and constipation conditions during pregnancy?”, and “Can I
take medicines when I get a cold?”. Women also expressed their
understanding of doctors’ heavy workload as doctors lacked
time to deal with their queries. In China, Maternity Health Care
is an obstetrician-led model, where there is no role for midwives
to provide a health promotion service, which is different from
many other countries. This became evident during the FGs as
shown in their statements (n=10):
Usually, I can see doctors once a month for less than
ten minutes conversation every time. Just imaging
when I suffered from insomnia, the app and internet
would provide me very detailed information regarding
how to improve sleep immediately...You can see the
advantages of it. [FG4, P: B]
Another woman echoed this opinion:
Doctors like to say there is no other way than
prescribing medicine. In that case, I don’t want to
bother him/her...I prefer to search the answers on my
app. [FG4, P: D]
Supporting Women’s Lifestyle Modifications During
Pregnancy
Pregnancy is widely viewed as a period when women are open
to lifestyle changes. In our study, all the participants said they
would change their behaviors that may harm their babies’ health.
To reach optimal pregnancy outcomes, an app can facilitate
their lifestyle changes for a healthy pregnancy (n=20):
Yes, all the foods and exercise would be checked
through app and internet. Sometimes, I can’t help
eating McDonald’s, but it was really reduced a lot...I
am also using the app to record my daily eating,
physical activity and weight gain...the app can provide
me a weight-gain curve, it is interesting. [FG2, P: C]
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Theme 2: Disadvantages in Apps
Negative Emotions
Although learning about the experiences of others may help
individuals feel at ease, some women pointed out that they felt
more worried and anxious after having read information on
discussion forums through apps . Throughout the FG discussions
(n=10), there was acknowledgment that many of the stories
people posted on apps were often horror stories:
The grievances in some of the forums are too heavy,
(discussions on) “Baby Tree” (one of apps) is full of
negative emotions...Today a miscarriage of
information suddenly jumped in front of me...no one
want to see information like this. [FG1, P: C]
Commercial Motives
As apps in the Chinese market can be freely downloaded by
everyone, many developers would take advantage of this
opportunity to make profits through advertisements:
There are advertisements in the “Baby Tree”...many
contents are charged. [FG1, P: A]
Even though women valued expert advice and expressed the
desire for information and support offered by health care
professionals, they did not want to pay for these Web-based
services; however, they accepted the idea of patients paying for
medical services in the hospital settings (n=8):
When I want to seek expert advice and some detailed
explanation on this topic via apps...I am interested
after scanning, but I was pointed in... you should pay
for it. [FG1, P: C]
Invalidated Information
Most pregnant women (n=18) were worried about the lack of
a scientific and validated source of information available on
apps:
I don’t like anything about the messy apps in the app
store, the information in the “Baby Tree” is quite
contradictory sometimes, for example, the app that I
used before said leeks and red beans could cause
miscarriage, but it still recommended the recipe of
red bean porridge to me... [FG4, P: G]

Theme 3: Privacy and Data Security
Pregnant women (n=8) across all FGs said they were not worried
about information security issues, because they were willing to
sacrifice some privacy or personal information to gain their
convenience and other uses. It was mentioned in 2 FGs (n=4)
that when the hospital and developer cooperate to develop a
pregnancy app, the hospital should be responsible for the privacy
and security of the pregnant women’s information:
You shouldn’t find a place for information security
right now, unless you don’t use your phone or the
internet. [FG3, P: F]
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Theme 4: Expectations for Features of an App
Professional and Evidence-Based Information
Participants (n=22) mentioned that an ideal app should provide
them staged information and professional advice based on
gestational age or different trimesters. When childbirth is
approaching, they want to learn something about infant feeding
practice in advance:
Apps should provide symptoms during each trimester
that a (pregnant) women should have and give
gestation-specific information...If only apps can tell
me baby care such as breastfeeding and how to
handle problems that may encountered. [FG4, P: A
and FG2, P: E]
I hope that the article can come from the doctor's
hand, it is more convincing...Don’t be confrontational
(contradictory) between articles. [FG4, P: G]
However, some women (n=4) had a different opinion toward
information given by doctors. They wanted a gold standard or
evidence-based guide that could be referenced and directed,
rather than just doctors’ opinions. The information acquired
through apps helped them to take control of themselves:
Doctors have different opinions on the same
report...one doctor told me to eat iron supplement,
but the other said that I didn’t need...it made me
confused. I hope that an app provides the reference
then I can read my report myself. [FG3, P: B]
Generality and Individuality
Women wanted information from general factual encyclopedias
of pregnancy facts to more specific domains. Particularly, when
women suffered from complications during pregnancy, they
desired an app to support disease management for conditions,
such as gestational diabetes. This means that an app is expected
to not only provide general information related to pregnancy
but also give personalized support based on the individuals’
conditions (n=6):
Can the app set up a diabetes zone? To tell the truth,
I don't know how to eat after diagnosis of gestational
diabetes until hospitalization...There are too many
diabetes mums. [FG3, P: G]
Integrating With Antenatal Care
Participants (n=10) favored integrating pregnancy apps with
their antenatal care in the hospital and further receiving
personalized advice from health professionals:
It is best to have an app that can be connected to the
medical card and linked to the usual check-ups, then
give suggestions based on personalized examinations
and different gestational weeks. This is relatively
better than anything else. [FG4, P: E]

Discussion
Principal Findings
This study provides in-depth insights into the app usage of
Chinese women during pregnancy. Our findings suggest that
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the use of apps and the internet during pregnancy was common
among the respondents. Women found apps to be useful and
convenient for accessing health information and can be used to
promote lifestyle modifications during pregnancy. However,
some apps also contained misinformation or incorrect
information that could cause anxiety, confusion, and
misguidance. The need for developing an app containing
evidence-based, well-informed, and tailored health information
was also expressed by many women in our study.
Pregnancy is a period that includes many changes which require
physical, psychological, and social adaptation. The majority of
the pregnant women in our study were first-time mothers, and
they needed more information to cope with these changes during
pregnancy. They sought information from various sources, such
as their health providers, apps and the internet, books, and family
and friends. Pregnant women are increasingly using mobile
apps as a source of supplemental information [29]. In our study,
nearly half of the women stated that they used at least one
mobile app during pregnancy. Other studies reported that the
rate of use of pregnancy-related mobile apps ranged from 41.3%
to 73% [7,12,23,30], and this wide variability may relate to their
local contexts, socioeconomic status, the time of the survey,
gestational age, and parity. Researchers suggest that websites
and apps may be particularly helpful for women from
socioeconomically disadvantaged groups, who may lack access
to traditional media sources [31].
Our survey also found that women’s usage of apps declined
from the first trimester to third trimester, which was also
supported by the FGs indicating that they particularly needed
pregnancy apps or other sources of information to guide them
on what to do in their early pregnancy. Similar findings were
also reported by Lupton and Pedersen [23]. In addition, women
may turn to other sources for support, such as experienced
women within their family or friend circle, as we found that the
reported source of information from family and friends increased
as pregnancy progressed.
Similar to findings from surveys conducted in Australia and
Turkey [23,32], most women participating in this study used
pregnancy apps to monitor fetal development, whereas only
26.2% and 17.0% of women used apps for managing their diets
and exercise, respectively. A number of participants in the FGs
expressed that they wanted to know what they can or cannot
eat during pregnancy. The lower rate of using these functions
may be due to a lack of evidence-based and credible information
available on apps [33]. Womack pointed out that only 50% of
their study sample cited pregnancy apps as a source for their
recommendation and presented conflicting recommendations
for alcohol and food intake during pregnancy. This lack of
credibility alongside simultaneous conflicts of risk threatens
women’s ability to discern which recommendations should be
followed [34]. Kaimal reported in their study of Web-based
resources for obstetrics that only 3.6% of websites were created
or sponsored by obstetrician-gynecologists [35]. In our FGs,
information offered by health professionals was highly
appreciated. When encountered with contradictive information
between apps or between the app and their health professionals,
they tended to believe what their doctors said. They expressed
the need for information of future apps to be provided by health
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professionals. However, doctors may also have different
opinions toward the same medical report. As a highly educated
group in our study, some women called for the gold standard,
so they can judge right or wrong depending on the standard
information. The information available on apps can empower
them to actively engage in monitoring their own health.
In addition, participants in this study favored more interactive
apps and recommended communication platforms for both
pregnant women and medical staff. Client-to-client
communication could meet the demand of users to seek peer
support by communicating with women who had similar
experiences or health issues. Users can share their experiences
and knowledge with others and also gain emotional, social, or
practical support from others [36]. However, it is hard to confirm
the reliability of the information shared by experienced women.
It is also possible that learning from the experiences of others
on the Web may lead to greater anxiety or confusion about one’s
own condition [37], as reflected by our study. Lee showed that
although a social networking function was important for
pregnant women, interaction with health professionals remained
limited [30]. This may be due to women’s attitudes toward
paying fees for consultations with health professionals.
Furthermore, most study participants in this study wanted
pregnancy apps to have a Web-based linkage with hospital
information systems so that more personalized and tailored
information is provided by the apps in a convenient manner,
without the need of women having to enter information such
as their medical reports. However, most hospital information
systems are closed networks; it will be really challenging to
achieve free data transfer between apps and existing hospital
electronic systems, given the concerns over data security and
privacy issues. A recent survey, conducted in China, based on
the app market showed that only a small number of apps had
an internet connection with hospital information systems to
support making appointments, making payments, obtaining
hospital service guidance, or checking laboratory results [12],
but without providing personalized information or suggestions.
It is also noted that, in our FGs, no one expressed concerns
about data privacy and security issues when using pregnancy
apps. However, they pointed out that it should be the hospitals’
responsibility to ensure data security. We believe that data
privacy and security issues are always important in the digital
world. Legal frameworks that govern the integrity of health data
transfer and storage, in addition to identifying access control
and medical liability, are critical to enabling mHealth in China
[11].
Finally, it is worth mentioning that a considerable proportion
of women in the survey suffered from anemia and abnormal
prepregnancy BMI. In addition, more than half of the
respondents gained abnormal GWG and over 70% did not reach
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the goal of physical activity levels recommended by the ACOG
guideline [22], indicating poor maternal health status in this
study population. This calls for the need for more effective
interventions to support maternal and child health in the
metropolitan area in China. To the best of our knowledge, this
study was the first to investigate women’s lifestyles, GWG, and
their use of pregnancy apps simultaneously. Technological
platforms, such as smartphone apps, have the unique capacity
to integrate different functional modules to manage antenatal
health. Recent studies conducted in some Western countries
have demonstrated the effectiveness of an app-based lifestyle
intervention on GWG and behavior changes [38]. However, in
this complex and equivocal information environment, women
are often provided with invalidated information by various
prenatal apps [34]. This may limit the benefits that women
would have got if apps containing quality content and
evidence-based information were available.

Limitations
There were a few limitations in the study. First, the survey was
completed by women from 2 hospitals in Shanghai, thus the
findings may not be generalizable to pregnant women in other
settings. In addition, prepregnancy BMI and GWG classification
were based on self-reported body weight and height, in addition
to self-reported anemia. We also acknowledge some potential
limitations regarding the validity of the questions included in
the survey. Furthermore, only women’s views and attitudes
were captured regarding their use of apps during pregnancy.
Future studies should explore the views of health care
professionals or policymakers regarding the feasibility or
acceptability of an app for supporting women during pregnancy
in the Chinese context.

Conclusions
The study provides insights into how pregnant women used
apps for health information and their views and attitudes toward
the apps. It suggests that apps were widely used by many
pregnant women to monitor fetal development, to get diet and
physical activity information, and to track their body changes.
Women highly appreciated evidence-based information, expert
opinions, and tailored advice available on the apps. With an
increasing number of women using apps during pregnancy,
development of quality apps may have the potential to improve
prenatal outcomes by facilitating access to health information,
reducing demands for face-to-face health services, and enabling
the provision of personalized care. Efforts should be made by
health professionals, app developers, and policymakers to ensure
quality apps be developed for providing timely health promotion
information. The apps can be integrated into maternal care to
meet the needs of pregnant women, although it is extremely
important to ensure privacy and security of individuals’ data.
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Abstract
Background: Mobile health (mHealth) apps can be prescribed as an effective self-management tool for patients. However, it
is challenging for doctors to navigate 350,000 mHealth apps to find the right ones to recommend. Although medical professionals
from many countries are using mHealth apps to varying degrees, current mHealth app use by Australian general practitioners
(GPs) and the barriers and facilitators they encounter when integrating mHealth apps in their clinical practice have not been
reported comprehensively.
Objective: The objectives of this study were to (1) evaluate current knowledge and use of mHealth apps by GPs in Australia,
(2) determine the barriers and facilitators to their use of mHealth apps in consultations, and (3) explore potential solutions to the
barriers.
Methods: We helped the Royal Australian College of General Practitioners (RACGP) to expand the mHealth section of their
annual technology survey for 2017 based on the findings of our semistructured interviews with GPs to further explore barriers
to using mHealth apps in clinical practice. The survey was distributed to the RACGP members nationwide between October 26
and December 3, 2017 using Qualtrics Web-based survey tool.
Results: A total of 1014 RACGP members responded (response rate 4.6% [1014/21,884], completion rate 61.2% [621/1014]).
The median years practiced was 20.7 years. Two-thirds of the GPs used apps professionally in the forms of medical calculators
and point-of-care references. A little over half of the GPs recommended apps for patients either daily (12.9%, 80/621), weekly
(25.9%, 161/621), or monthly (13.4%, 83/621). Mindfulness and mental health apps were recommended most often (32.5%,
337/1036), followed by diet and nutrition (13.9%, 144/1036), exercise and fitness (12.7%, 132/1036), and women’s health (10%,
104/1036) related apps. Knowledge and usage of evidence-based apps from the Handbook of Non-Drug Interventions were low.
The prevailing barriers to app prescription were the lack of knowledge of effective apps (59.9%, 372/621) and the lack of
trustworthy source to access them (15.5%, 96/621). GPs expressed their need for a list of safe and effective apps from a trustworthy
source, such as the RACGP, to overcome these barriers. They reported a preference for online video training material or webinar
to learn more about mHealth apps.
Conclusions: Most GPs are using apps professionally but recommending apps to patients sparingly. The main barriers to app
prescription were the lack of knowledge of effective apps and the lack of trustworthy source to access them. A curated compilation
of effective mHealth apps or an app library specifically aimed at GPs and health professionals would help solve both barriers.
(JMIR Mhealth Uhealth 2019;7(6):e13199) doi:10.2196/13199
KEYWORDS
mobile health; smartphone; mobile apps; mHealth; smartphone apps; general practice
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Introduction
Over the past decade, smartphones have become an inseparable
part of modern living, and mobile health (mHealth) apps have
started to establish their place in health care [1]. If proven to
help achieve measurable clinical improvements in patients’
conditions, mHealth apps can be officially prescribed or
recommended by general practitioners (GPs) [2]. However, with
350,000 apps available in the medical and health and fitness
categories in the major app stores, it is challenging for GPs to
find prescription quality mHealth apps from the app stores
themselves to use in their clinical practice [3]. To overcome
this issue, a number of initiatives such as the National Health
Service (NHS) Apps Library in the United Kingdom [4] and
Health Navigator app library in New Zealand [5] have been set
up to help doctors. In Australia, official effort to support app
prescription does not exist yet, but there are small initiatives
such as the Victorian Health Promotion Foundation’s Healthy
Living Apps Guide aimed at the general public [6] and the
Handbook of Non-Drug Interventions (HANDI) project by the
Royal Australian College of General Practitioners (RACGP)
[7], which is a repository of evidence-based nonpharmaceutical
interventions for GPs.
Health care professionals’ use of mHealth apps and mobile
technologies have been explored in several recent reports from
the United States [8], United Kingdom [9], France [10], and
Turkey [11]. At least half of the surveyed GPs, specialists,
dieticians, and pharmacists reported to recommend mHealth
apps to patients, except for the French study of GPs, which
reported half that rate. Barriers perceived by the health
professionals regarding mHealth integration to their clinical
practice include a variety of issues from infrastructure related
problems such as Wi-Fi coverage and interoperability with the
existing medical software to more specific data security, content
reliability, and a universal lack of awareness of the effective
apps to use. All of this echoes the findings of an earlier
systematic review by Gagnon et al [12], which summarized the
barriers and facilitators to mHealth adoption by health care
professionals from around the globe.
Australian GPs’ mHealth adoption has been explored only
briefly as part of the annual technology survey by the RACGP
since 2015. The purpose of this survey is to explore
technological innovation and adoption in general practice,
including mobile technology [13]. Following our qualitative
study with GPs on the barriers and facilitators of mHealth app
use in general practice, we collaborated with the RACGP to
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expand the mHealth section for 2017 to better understand the
specific barriers to health app use in the wider Australian
context. Thus, the objectives for this study were to (1) explore
the knowledge and use of health apps of practicing GPs in
Australia in more detail, (2) determine the barriers and
facilitators to prescribing health apps in GP consultations in a
wider cohort of GPs, and (3) explore the potential solutions to
some of the barriers.

Methods
We used the Checklist for Reporting Results of Internet
E-Surveys, recommended by the Journal of Medical Internet
Research as a reporting guide for this study [14]. The data for
this study were collected as part of the 2017 RACGP
Technology Survey, which was conducted using a Web-based
survey tool Qualtrics (Qualtrics, Provo, UT) between October
26 and December 3, 2017 in Australia [15]. We used
convenience sampling and the survey link was emailed to all
RACGP members, which included GP trainees, fellows, and
vocationally registered GPs, as well as practice managers and
clinic owners. Only the GPs currently practicing in Australia
were able to advance and answer all questions. For GP registrars
and GPs who were not practicing currently or not practicing in
Australia, the survey ended after the relevant questions. Ethics
approval was obtained from the RACGP National Research and
Evaluation Ethics Committee.
The previous year’s survey contained 6 questions regarding
GPs’ use of mobile devices and mHealth apps out of 46
questions [13]. On the basis of the findings of our semistructured
interview study with 20 GPs who explored the barriers and
facilitators to using mHealth apps in practice, we collaborated
with the RACGP to expand the mHealth section questions for
the 2017 survey making them more specific and informative.
The questions were pilot-tested with the coauthors and academic
GP colleagues and refined iteratively. This paper reports the
analysis of 16 questions pertaining to demographic information,
mobile device, and health apps usage out of the total 50
questions (Textbox 1).
Data were extracted from Qualtrics and descriptive statistics
were conducted using Microsoft Excel (2016). Answers to the
open-ended questions were coded according to their common
themes (OB), checked by a second author (EB), and then
summarized. Participation in the survey was voluntary and
participants who completed the survey were invited to enter a
draw to win one of 2 gift cards worth Aus $50.
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Textbox 1. Survey questions analyzed as part of this study.
Screening and demographics questions
1. I am... (a general practitioner, a general practitioner registrar, other)
2. What is your role in the practice?
3. Where did you complete your training? (Australia, Overseas)
4. Do you currently practice in Australia? (Yes/No)
5. For how many years have you worked as a general practitioner? (1-5 years, 5-10 years, 10-20 years, 20-30 years, more than 30 years)
6. Please enter the postcode of your current practice location in which you spend the most time.
7. What is your age group? (Less than 35 years, 35-44 years, 45-54 years, 55-64 years, over 65 years)
Mobile health section
8. Do you use mobile devices in your day-to-day practice for patient-related work? (Yes/No)
9. I don't use mobile devices for patient-related work because... (choose all that apply)
•

I am not confident in how to safely use mobile technology in my day-to-day practice

•

I don't see how mobile technology can benefit my day-to-day practice

•

My practice does not allow me to use my own mobile devices

•

Other (please comment)

10. Which health apps do you use for yourself?
11. How often do you recommend the use of health apps to patients? (Daily, Weekly, Monthly, Rarely, Never)
12. Please share with us which health apps you have recommended.
13. Do you ever prescribe any of the following health apps to your patients (choose all that apply): (Quit Now: My QuitBuddy, Quit for You–Quit
for Two, Sleepio, CBT-i Coach, SHUTi, Ankle, I do not prescribe the apps above)
14. Please rate the following barriers for health app integration into your daily clinical practice (where 1 is the most important barrier and 7 is the least
important):
•

lack of knowledge of effective apps

•

lack of a trustworthy source to access effective apps

•

lack of patient digital literacy

•

lack of access to mobile devices

•

lack of patient interest

•

lack of practice incentives

•

lack of understanding about benefits

•

others (please specify)

15. What would help you to recommend health apps to patients more often?
16. How would you like to receive training on the use of effective health apps, including app evaluation? (eg, webinars, animations, podcasts)

Results
Of the 39,380 people on the RACGP mailing list, who were
emailed the survey link, 21,884 were currently practicing GPs
and 1014 of them responded to the survey (4.6%). The survey
completion rate was 61.2% (621/1014). The median age was
51.4 years and the median years practiced was 20.7 years. Age
and geographical distribution by state were representative of
Australian GP workforce statistics [16]. About a quarter of the
survey responders were trained overseas, which was half the
rate of the national statistics (Table 1).

GPs not seeing how mobile technology could benefit their
day-to-day practice (n=136; 39%), not being confident on how
to use mobile technology safely in daily practice (n=68; 20%),
and the practice they worked for did not allow the use of
personal mobile devices in practice (n=51; 15%). Other reasons
(n=91; 26%) included not wanting to use personal mobile
devices in consultations, their desktop computer being sufficient
and more convenient, and not needing to use mobile devices
altogether. About two-thirds of the GPs used health apps
themselves (n=440; 64%), mostly in the form of point-of-care
references such as UpToDate, eTG, Medscape (n=298; 25%),
and medical calculators (n=137; 11%).

A half of the GPs reported not using mobile devices for patient
related work (n=312; 50%). The main reasons for this included
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Table 1. Participants’ demographics.
Groups

This study, n (%)

National data (n=25,825), n (%)

<35

46 (7.4)

2376 (9.2)

35-44

126 (20.3)

6361 (24.6)

45-54

196 (31.6)

7327 (28.4)

55-64

174 (28.0)

6637 (25.7)

65+

79 (12.7)

3124 (12.1)

<5

82 (13)

—a

5-10

81 (13)

—

10-20

136 (22)

—

20-30

166 (27)

—

>30

156 (25)

—

Overseas

144 (23.2)

13207 (51.1)

Australia

477 (76.8)

12621 (48.9)

New South Wales

235 (27.8)

8468 (32.8)

Victoria

215 (25.5)

6506 (25.2)

Queensland

174 (20.6)

5525 (21.4)

Western Australia

78 (9.2)

2411 (9.3)

South Australia

70 (8.3)

1873 (7.3)

Tasmania

37 (4.4)

510 (2.0)

Northern Territory

21 (2.5)

212 (0.8)

Australian Capital Territory

14 (1.7)

320 (1.2)

Age (years; n=621)

Practice (years; n=621)

General physician training (n=621)

Geographic distribution (n=844)

a

Not applicable.

A little over half of the GPs recommended apps for patients
daily (n=80; 13%), weekly (n=161; 26%), or monthly (n=83;
13%). The other half rarely (n=210; 34%) or never (n=87; 14%)
recommended apps. Figure 1 shows that the app
recommendation frequency appears to decrease with the number
of years practiced as a GP. GPs most commonly recommended
mindfulness and mental health (n=337; 33%), diet and nutrition
(n=144; 14%), exercise and fitness (n=132; 13%), and women’s
health (n=104; 10%) related apps to patients. Examples of the
specific apps they use included Smiling Mind, Headspace,
MyFitnessPal, and Easy Diet Diary.
The question about evidence-based apps from the HANDI
project revealed that smoking cessation apps were reported as
prescribed 119 times, insomnia apps 39 times, and the ankle
exercise app 7 times. However, majority of the GPs did not
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recommend any of the 6 apps that are currently offered in
HANDI (n=417; 72%).
GPs also rated the barriers to integrating health apps into their
daily practice. The prevailing barriers were the lack of
knowledge of effective apps (n=372; 60%) and the lack of
trustworthy source to access them (n=96; 15%). Figure 2 shows
the ranking of barriers rated by the combination of the first and
second most important barriers. Most of the responders (n=555;
89%) also added their own barriers as other option. Among the
additional barriers, consultation time constraint (n=24; 28%)
and uncertain benefits of and interests in health apps (n=19;
21%) were the leading reasons as to why the use of apps in daily
clinical practice would be a challenge, whereas cost (n=3; 3%)
was not rated as a major barrier.
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Figure 1. Frequency of app recommendation by years practiced.

Figure 2. Barriers to app prescription. Numbers inside the bars show how many times the option was rated as the first and the second biggest barrier.

When asked what would help them to recommend health apps
to patients more often, the top answers were more knowledge,
awareness, and training on health apps (n=243; 30%), a list of
safe and effective apps provided or endorsed by reliable
authority such as the RACGP (n=224; 28%), and quality,
benefits, and evidence of apps (n=92; 12%). Time, integration
into electronic medical software, access to better internet and
mobile services, patients’ motivation, handouts, and practice
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incentives were all rated as of the least importance (less than
25 each, 1%-5%; Table 2).
The preferred ways to receive training on effective apps and
app evaluation were permanent online video training material
or webinars that the doctors could watch on their own time and
pace (n=303; 33%). Other choices included podcasts (n=137;
15%), animation (n=101; 11%), face-to-face training (n=114;
12%), and other reading materials such as newsletters and
articles (n=90; 10%).
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Table 2. Facilitators of app prescription as responses to question “What would help you to recommend health apps to patients more often?” A total of
683 replies were coded into 800 answers. All other themes (n=9) had less than 25 answers each to support them.
Theme

Example comments

More awareness or knowledge or training (n=243) “Educate us before we recommend to patients.”; “Myself getting more familiar about it and for
me to learn what it is all about.”

a

List of approved or vetted apps (n=224)

“A clear directive, guideline about which are validated safe and useful”; “recommendation from
respected advisors, for example, the Royal Australian College of GPs, National Prescribing
Service”

Evidence or benefits or quality (n=92)

“Evidence for its use—case in the field.”

Nothing (n=44)

“Nothing. I recommend to my patients that they get away from screens and go and do some exercise, appreciate nature, and breathe some fresh air and RACGP should do the same instead of
apparently trying to encourage everyone, doctors, and patients to increase their screen time.”

More time (n=39)

“More time during a consult to discuss benefits...however it starts to make us a ‘Telstraa shop’
and not a GP practice.”

Practice incentive (n=29)

“Incentives—costs involved in recommending the apps—the ones I do recommend I research
myself and spent time and money to do so.”

Integration with practice software (n=26)

“If the health information software used could pick up on coded diagnoses in patient's clinical
information system and recommend a trustworthy app for the relevant medical conditions, it
would be most beneficial.”

Telstra is an Australian telecommunications company.

Discussion
This study provides insights into the current adoption of
smartphone health apps by Australian GPs. We found that
two-thirds of the GPs use apps professionally, and at least half
are recommending apps to patients. Mindfulness and mental
health apps were most commonly suggested. Majority of the
GPs were not aware of, and thus not using, evidence-based
health apps that are included in the free RACGP resource
HANDI. The biggest barriers to app prescription were the lack
of knowledge of effective apps and the lack of trustworthy
source to access them. To overcome these barriers, GPs
expressed their need for a list of safe and effective apps from a
trustworthy source and more training on health apps in the form
of permanent online video training material or webinar that they
could watch in their own time and pace.
The 2017 RACGP Technology Survey results were similar to
the preceding year’s in terms of smartphone health app usage,
most commonly used and recommended apps, and barriers to
technology adoption, thus validating the trends [13]. Studies
from several other countries reported that anywhere between
20% to 75% of health professionals use mHealth apps for their
patients [8-11], which is comparable with the 50% use by
Australian GPs. The main barriers we identified were also
reflective of the barriers health professionals face around the
world. The surveys indicate that health professionals recognize
the potential benefit of smartphone health apps for
self-management of health conditions and would like to use
them in their work. However, they lack the knowledge, time,
and skills to evaluate, find and recommend evidence-based apps,
and therefore, they need help and guidance from the professional
organizations and policy makers to overcome these barriers.
It is important that solutions to the barriers are unique to each
country’s health care structures and health care professionals’
demands. For example, New Zealand’s Health Navigator website
https://mhealth.jmir.org/2019/6/e13199/
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hosts a health app library set up by a GP organization and health
care providers who use the apps can curate and provide feedback
[5]. United Kingdom’s NHS not only provides Web-based apps
library for doctors, but also introduced an app prescription
platform for the GPs [17]. Similarly, for Australia, there is an
opportunity for a professional organization such as the RACGP
to lead the way to address the major barriers identified in this
study. Although the inclusion of mHealth apps in the HANDI
project is a starting place, more work needs to be done to raise
awareness and profile of this initiative. Furthermore, integration
of approved apps into the electronic medical systems to
streamline the usability, as well as provide continuing
professional development trainings for up-to-date information
on mHealth apps, would enhance the use of evidence-based
apps in clinical practice.
The strengths of this study include expanding on and improving
previous year’s mHealth questions with more specific questions
regarding evidence-based app adoption and barriers in general
practice based on our qualitative research on GPs to obtain more
comprehensive data on a nationally representative sample. Our
response rate of 4.6% was similar to that of other mHealth app
surveys undertaken on health professionals [9,10]. The
completion rate of the mHealth section was uniformly high,
although skipping questions was allowed.
The limitations of our survey study are the selection bias
inherent in survey studies and the low response rate. However,
the median age, median years practiced, and geographical
distribution data of the GPs in our study were comparable with
those of the national GP workforce data [16], thus supporting
the demographic representativeness of our study population. A
reason for the low response rate could be survey fatigue because
of the fact that the mHealth questions analyzed here were a part
of a larger survey on technological innovation in general practice
[18]. The challenge for conducting survey studies on medical
professionals is a balancing act between conducting a dedicated
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e13199 | p.78
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survey only focusing on single topics and the burdening of GPs
with yet another survey. To increase the response rate of surveys
that involve medical professionals, certain strategies could be
undertaken such as offering more attractive incentives to
participate and randomly sampling the cohort to send surveys
and other study offers sparingly.
mHealth apps have a unique niche in the future of health care.
However, the evidence of their effectiveness, safety, and

Byambasuren et al
usability issues are challenged by both the fast-evolving nature
of the software and commercial aspects of the technology that
can be easily exploited. Health care professionals need guidance
on the quality of mHealth apps to assist in their adoption into
clinical practice. In the absence of notable initiatives from
government or private sectors to regulate app quality and safety,
professional organizations must take the lead to address this
challenge.
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Abstract
Background: To date, many online health behavior programs developed by researchers have not been translated at scale. To
inform translational efforts, health researchers must work with marketing experts to design cost-effective marketing campaigns.
It is important to understand the characteristics of end users of a given health promotion program and identify key market segments.
Objective: This study aimed to describe the characteristics of the adopters of Active Team, a gamified online social networking
physical activity app, and identify potential market segments to inform future research translation efforts.
Methods: Participants (N=545) were Australian adults aged 18 to 65 years who responded to general advertisements to join a
randomized controlled trial (RCT) evaluating the Active Team app. At baseline they provided demographic (age, sex, education,
marital status, body mass index, location of residence, and country of birth), behavioral (sleep, assessed by the Pittsburgh Quality
Sleep Index) and physical activity (assessed by the Active Australia Survey), psychographic information (health and well-being,
assessed by the PERMA [Positive Emotion, Engagement, Relationships, Meaning, Achievement] Profile; depression, anxiety
and stress, assessed by the Depression, Anxiety, and Stress Scale [DASS-21]; and quality of life, assessed by the 12-Item Short
Form Health Survey [SF-12]). Descriptive analyses and a k-medoids cluster analysis were performed using the software R 3.3.0
(The R Foundation) to identify key characteristics of the sample.
Results: Cluster analyses revealed four clusters: (1) younger inactive women with poor well-being (218/545), characterized by
a higher score on the DASS-21, low mental component summary score on the SF-12, and relatively young age; (2) older, active
women (153/545), characterized by a lower score on DASS-21, a higher overall score on the SF-12, and relatively older age; (3)
young, active but stressed men (58/545) with a higher score on DASS-21 and higher activity levels; and (4) older, low active and
obese men (30/545), characterized by a high body mass index and lower activity levels.
Conclusions: Understanding the characteristics of population segments attracted to a health promotion program will guide the
development of cost-effective research translation campaigns.
Trial Registration: Australian New Zealand Clinical Trial Registry ACTRN12617000113358; https://www.anzctr.org
.au/Trial/Registration/TrialReview.aspx?id=371463
International Registered Report Identifier (IRRID): RR2-10.1186/s12889-017-4882-7
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Introduction
The risk of premature death caused by chronic diseases such as
cardiovascular heart disease or diabetes has increased globally.
Physical inactivity is a key risk factor for chronic disease, yet
most adults in developed countries are insufficiently active to
obtain health benefits [1,2]. Low cost, mass reach physical
activity interventions are necessary to address the physical
inactivity epidemic.
Technology-based interventions have become increasingly
popular as the internet use has grown. It is estimated that internet
use increased by 1052% between 2000 and 2018 with 54.4%
of the world’s population now having internet access [3]. In
addition to the increase in internet usage, online social media
has become increasingly popular. Currently, Facebook has 2.2
billion active monthly users [4]. This has created opportunities
for health behavior change interventions to be delivered via the
internet and online social networks with more personalized and
engaging features, potentially reaching a much larger population
than previously possible.
Systematic reviews and meta-analyses suggest that
online-delivered interventions can significantly increase physical
activity [5-7]; however, relatively few such interventions are
translated after the efficacy trial, and what studies find in
randomized controlled trial (RCT) conditions may be different
than the effectiveness of the same intervention in real-life
conditions [8]. For example, the systematic review of Wu et al
[9] of diabetes self-management apps found that only 1 out of
12 apps included in their meta-analysis was publicly available
in the Apple or Android app stores. Another recent review of
online self-help interventions found that just 30% were publicly
available [10]. A number of barriers exist that hinder the
translation of physical activity interventions developed and
evaluated by researchers to the real world. This includes lack
of resources to maintain or support software beyond the RCT,
lack of resources to modify software designed for an RCT
evaluation for wide-scale release, and lack of expertise and
financial resources to promote the existence of the physical
activity program so that it may be adopted by a large number
of new users. A promising approach in terms of reach and cost
effectiveness is to collaborate with marketers to translate health
interventions at scale [11].
Social marketing uses commercial marketing approaches to
influence positive behavior changes for individuals and
communities [12,13]. Market segmentation analysis, also known
as cluster analysis, is a social marketing technique used to
identify homogeneous market segments of people who have
similar needs or characteristics. Segments could be based on
demographic, geographic, psychographic, or epidemiological
factors. Identified segments can then be targeted with products
or services designed or marketed specifically to address the
segments’ needs, with the idea that such targeted products and
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services will be more appealing to specific population subgroups
and therefore have higher adoption rates [14]. To date, few
studies have used segmentation analysis in the context of adult
physical activity. Friederichs et al [15] undertook a segmentation
analysis based on physical activity motivational regulation of
Dutch participants who had signed up to an eHealth (electronic
health) physical activity intervention study. The researchers
identified three groups (low motivation, controlled motivation,
and autonomous motivation), and suggested that in the future,
different intervention approaches might benefit individuals in
different motivational clusters. Griffin et al [16] undertook a
cluster analysis based on demographic and health behaviors
(which included physical activity and other health behaviors
such as smoking, alcohol consumption, and diet) of participants
in a large Australian cohort study of older adults (the 45 and
Up study). They identified six lifestyle behavior clusters,
including one in which multiple risk behaviors clustered
together, which they suggested highlighted the need for future
targeted interventions to meet the needs of this group. Finally,
Rundle-Thiele et al [13] undertook a market research study to
identify social market segments based on physical activity
behaviors, attitudes, and intentions in a sample of Australian
adults. They identified four segments (young disinterested,
successful enthusiasts, vulnerables, and happy retirees) and
suggested that the study provided insights into key segments
that could inform the development of future interventions. Thus,
all three studies presented their findings as being potential
targets for future intervention. However, to our knowledge,
none has subsequently applied this information to directly
inform the design or marketing of a real-world health promotion
tool.
This study aimed to use a similar approach as previous
segmentation studies to directly inform the development of a
marketing strategy to promote an evidence-based online social
networking physical activity program [17]. Active Team is a
gamified, online social networking physical activity intervention
that aims to increase physical activity by encouraging users to
undertake a 100-day physical activity challenge with their
friends [17]. The program incorporates social influence and
gamification techniques and is used in conjunction with a
step-counter. In collaboration with marketing experts, we are
currently planning a translation study that will attempt to
disseminate the program widely using an online social marketing
campaign. This study aimed to inform the translational study
by (1) examining the characteristics of adopters of the Active
Team program and (2) identifying clusters among the adopters
based on sociodemographic, psychographic, and behavioral
characteristics. Findings will be useful to inform software
improvements and develop segmented marketing strategies
when Active Team is disseminated to the public.
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Methods
Statement of Ethics
Ethics approval for this study was provided by the University
of South Australia’s Human Research Ethics Committee
(protocol number 0000033967), and all participants provided
informed consent. This study was undertaken in the context of
an RCT that ran from late 2016 to late 2018 [17].

Participants and Data Collection
Participants were Australian adults aged 18 to 65 years recruited
between October 2016 and February 2017 to participate in an
RCT evaluating a social and gamified physical activity
intervention entitled Active Team. Promotional efforts for the
Active Team app and the research trial evaluating it included
mainstream media news stories, flyers, and paid, nontargeted
Facebook advertisements, with the vast majority of participants
signing up via Facebook rather than the other promotional
methods. The Facebook advertisements featured still images
rather than videos, accompanied by text captions, and were
designed to be gender neutral (ie, images of both men and
women). The advertisements were set so that they would be
shown to men and women aged 18 to 65 years located anywhere
in Australia, with no other targeting. The ads were developed
in consultation with an online marketing academic (Professor
Karen Nelson-Field). From March 1, 2017, targeted recruitment
efforts were commenced in an effort to increase enrollment of
men into the study. Therefore, this study only includes the
participants recruited through nontargeted advertisements, up
to the end of February 2017.
Interested adults were directed to download the app from the
Apple and Google Play App Stores before enrolling. The app
contained a feature that allowed them to send online invitations
to their friends who could then also register their interest.
Potential participants were screened for initial eligibility (aged
between 18 to 65 years, insufficiently active, use of Facebook
at least weekly, fluent in English, and living within Australia)
and asked to provide informed consent and complete a baseline
questionnaire. Participants were required to use Facebook
weekly since the Active Team software itself integrated with
Facebook by connecting users to their Facebook friends within
the Active Team app. More detail regarding the RCT is available
in the protocol paper [17].
Following this initial phase, to be formally enrolled in the study,
participants needed to successfully wear an accelerometer for
one week and have at least two friends successfully complete
the baseline assessments (including accelerometry). However,
for inclusion in our analysis, participants only needed to pass
initial screening, provide informed consent, and complete the
baseline survey. By focusing on adopters, we aimed to gain
insights into those groups the app is likely to appeal to the most.
The baseline questionnaire was administered via Qualtrics online
survey software and captured demographic information
including residential address, date of birth, sex, marital status,
height and weight (to calculate body mass index [BMI]), country
of birth, and highest education level.
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Self-reported weekly minutes of moderate to vigorous physical
activity was collected using the Active Australia Survey. This
8-item questionnaire captures walking and other physical
activities undertaken in both leisure and household duty contexts
including the intensity of the activity in the preceding week
[18]. To calculate sufficient activity, the time spent walking or
in moderate activity and twice the time spent in vigorous activity
were summed. Sufficient activity was interpreted as a total of
at least 150 minutes of activity per week. The survey has
reasonable test-retest reliability (intraclass correlation coefficient
.52) [19] relative to accelerometry (r=.49-.64) [20].
Self-reported quality of life was measured using the validated
12-Item Short Form Health Survey (SF-12). This scale assesses
both physical and mental quality of life domains [21]. Summary
scales were scored using US population norms creating two
measures for physical and mental component summary scores.
The survey’s test-retest reliability (two weeks apart) was .89
for the physical component summary and .76 for the mental
component summary [22]. Validity of the SF-12 physical and
mental component summary scores was correlated with the
physical component summary-36 (r=.951) and mental
component summary-36 (r=.969) equating to an R2 of .904 for
the physical component summary and an .939 for the mental
physical component summary [22].
Well-being was assessed using the Positive Emotion,
Engagement, Relationships, Meaning, Achievement (PERMA)
Profile measure. This 23-item scale measures well-being across
well-being pillars (positive emotion, engagement, relationships,
meaning, and accomplishment) using 11-point Likert-type items
(0=not at all to 10=completely) [23]. The PERMA Profile
measure for overall well-being was scored by calculating the
mean for all 23 items [23]. Test-retest reliability (two weeks
apart) was .80 for accomplishment, .86 for meaning, .83 for
relationships, .78 for engagement, and .84 for positive emotions
[23]. Validity correlation coefficients were .79 when compared
with the Satisfaction with Life Scale, and .87 when compared
with Flourishing Scale [23].
Depression, anxiety and stress were measured using the
Depression and Anxiety Stress Scale (DASS-21). This scale
comprises 21 questions using a 4-point Likert-type scale (0=not
at all, 3=almost always) [24]. The DASS-21 was scored by
summing the scores for depression, anxiety, and stress then
multiplying the sums by two as the original version of the DASS
has 42 items [24]. Test-retest reliability (three weeks apart) was
.77 (95% CI .56-.88) for depression, .89 (95% CI .81-.94) for
anxiety, and .85 (95% CI .51-.94) for stress [25]. Validity
correlation coefficients were .79 for the depression scale when
compared with Beck Depression Inventory, .85 for the anxiety
scale when compared with Beck Anxiety Inventory, and .68 for
the stress scale when compared with State-Trait Anxiety
Inventory–Trait Version [26].
Sleep quality and quantity were collected using the Pittsburgh
Sleep Quality Index (PSQI). Self-report sleep duration was
recorded in minutes, and sleep quality was measured on a
4-point Likert-type scale (1=very bad, 2=bad, 3=good, and
4=very good) [27]. The results were then presented as
categorical data in the analysis and presented as total count and
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percentage of the sample. Test-retest reliability and validity
were obtained: a score greater than 5 resulted in sensitivity of
89.6% and specificity of 86.5% (kappa=.75, P<.001) [27].
Participant goal-setting behavior, outcome expectations,
self-efficacy, and intentions were assessed using the 21-item
Social Cognitive Theory (SCT) scale [28-31]. A composite
score for each variable was calculated by taking the mean of
items for that variable. Test-retest reliability and validity were
established for the decisional balance scales [28].

Selection of Cluster Inputs
The questionnaire items described above produced a total of 29
possible cluster inputs. However, the number of variables that
can be used in a cluster analysis depends on the sample size.
Formann [32] recommends that the minimal sample size should
be 2k, where k represents the number of variables. The number
of cases with complete data was 459, therefore eight variables
could be used in the cluster analysis. To determine which eight
variables should be included, we first produced a correlation
matrix to determine whether any of the potential cluster inputs
were collinear. No collinearity was detected. Therefore, the
cluster inputs were decided by discussion among the authors
who represented a wide range of academic disciplines including
health sciences, behavioral science, and marketing based on the
following parameters: first, we prioritized variables that could
be used to deliver targeted online advertising (eg, age, sex).
Second, we prioritized variables that represented ancillary
benefits of physical activity that could be used in marketing
messaging such as stress or BMI (eg, for people with high levels
of stress, the physical activity program could be marketed by
highlighting the positive role of physical activity in managing
stress) [33]. Third, we aimed to maximize variety in the types
of included outcomes (eg, a range of sociodemographic,
physical, behavioral, and psychological variables) to gain further
insight and potential marketing strategies from the sample. As
a result, the following eight cluster input variables were chosen:
sex, age, physical activity level, education, BMI, overall stress,
overall well-being, and physical activity self-efficacy.

Analysis
Descriptive statistics were inspected for all study variables.
Continuous variables were examined for normality. The sample
was described in terms of means and standard deviations.
Categorical variables such as sex were described in terms of
total count and percentage of the sample.
K-medoids cluster analyses were performed to identify segments
within the sample. This cluster analysis approach was selected
on the basis that it permits analysis of categorical data [34,35],
can handle nonnormally distributed variables, and has been
previously used in health-related market segmentation research
[15]. In addition, it is more robust to noise and outliers than the
k-means approach [34]. Analyses, conducted with R 3.3.0 (The
R Foundation), used the partitioning around medoids (PAM)
algorithm with the Gower metric. The analysis finds data points
or medoids within the data whose average dissimilarity to all
the objects in the cluster is minimized. It begins by finding an
initial set of medoids, then iteratively replaces one medoid by
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one nonmedoid until it determines best fit [36]. Analyses were
set to produce solutions for between two to eight clusters on
the basis that this number of clusters allowed segmentation that
would result in meaningful and interpretable clusters [34]. The
optimal number of clusters was subsequently determined by
identifying the cluster solution that resulted in the maximum
average silhouette width. The influence of multivariate outliers
on the cluster solution was examined by plotting the squared
Mahalanobis distances of the principal components against the
empirical chi-squared distribution and identifying data points
beyond the 97.5 percentile. Sixteen data points were considered
outliers for females and four for males. Outliers were removed,
and the data were reclustered. Cohen kappa between cluster
solutions with and without outliers showed high agreement (.86
females and .64 for males); therefore, the outliers were retained.
Cluster stability of the final models was examined by randomly
generating 99 subsamples of 80% of the full sample and
computing the average Rand index for the cluster solutions,
using the R package clv [37]. The Rand index indicates the
proportion of pairs of cluster allocations that agree between the
full sample and the subsample, resulting in a value between 0
(complete disagreement) and 1 (complete agreement) [38].

Results
Participant Characteristics
The demographic details of the 484 participants are summarized
in Table 1. In brief, the majority were female (392/484, 81.0%),
living with a partner (348/484, 71.9%), had a university
education (275/484, 56.8%), and lived in a major city (455/484,
94.0%). The average age was 41 years, and the majority were
overweight or obese (≥25, 78%). Compared with available
Australian population data, participants who signed up to use
the online social networking physical activity program were
more likely to be female (81% vs 51%), cohabit with a partner
(72% vs 58%), have a university education (57% vs 22%), be
born in Australia (72% vs 67%) [39], live in a major city (94%
vs 69%) [40], and be overweight or obese (78% vs 63%) [41].
At the group level, physical and mental component summary
scores were within the normal range for the SF-12 [21].
However, depression, anxiety and stress were relatively high
compared with previously published Australian population data
(depression mean 4.8 [SD 5.1] vs 2.6 [SD 3.9], anxiety mean
3.6 [SD 3.8] vs 1.7 [SD 2.8], and stress mean 7.5 [SD 4.9] vs
4.0 [SD 4.2]) [42].

Cluster Analysis
Two cluster analysis models were performed on a total of 459
participants who had complete data for the variables selected
for inclusion in the analysis. An initial cluster analysis resulted
in trivial clusters determined entirely by sex and educational
level. Therefore, we removed education, stratified the population
by sex, and performed separate cluster analyses for men and
women using six cluster inputs due to the reduced sample by
separating for sex. The silhouette widths were maximized when
two clusters were derived for each sex (Table 2).
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Table 1. Descriptive characteristics of the study sample (n=484).
Characteristics

Value

Age in years, mean (SD)

40.8 (12.1)

Sex, female, n (%)

392 (81.0)

Marital status, n (%)
Partnered

348 (71.9)

No partner

121 (25.0)

Prefer not to disclose

15 (3.1)

Body mass index, mean (SD)

30.1 (6.7)

Education, n (%)
High school or lower

73 (15.1)

Some post-high school (eg, trade or diploma)

136 (28.1)

University

275 (56.8)

Australian-born, n (%)

348 (71.7)

a

ASGS remoteness, n (%)
Major city

455 (94.0)

Inner regional

19 (3.9)

Outer regional

5 (1.0)

Remote

5 (1.0)

Very remote

0 (0)

Social cognitive theory, mean (SD)
Goal setting (scale range 1-5)

3.0 (0.1)

Outcome expectations (scale range 1-5)

3.3 (0.4)

Intention (scale range 1-7)

4.1 (0.7)

Self-efficacy (scale range 1-5)

3.0 (0.7)

Positive Emotion, Engagement, Relationships, Meaning, Achievement, mean (SD) (scale range 1-10)

6.5 (1.5)

12-Item Short Form Health Survey, mean (SD) (scale range 0-100)
Physical component summary

40.3 (6.1)

Mental component summary

48.0 (9.4)

PSQIb sleep quality, n (%)
Very good

24 (5.0)

Good

223 (46.1)

Bad

198 (40.9)

Very bad

39 (8.1)

Depression, Anxiety, and Stress Scale, mean (SD)

a

Depression

4.8 (5.1)

Anxiety

3.6 (3.8)

Stress

7.5 (4.9)

ASGS: Australian Statistical Geography Standard [43].

b

PSQI: Pittsburgh Sleep Quality Index.
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Table 2. Female and male clusters sex, age, physical activity level, body mass index, stress, well-being, and self-efficacy per cluster.

a

Characteristic

Cluster 1 (n=218)

Cluster 2 (n=153)

Cluster 3 (n=58)

Cluster 4 (n=30)

Sex, male, n (%)

0 (0)

0 (0)

58 (100)

30 (100)

Age, mean (SD)

33.4 (7.8)

52.8 (5.9)

30.7 (7.7)

52.5 (6.5)

Weekly minutes PAa, mean (SD)

226 (282)

204 (233)

297 (296)

159 (183)

Body mass index, mean (SD)

29.6 (7.5)

30.9 (6.4)

28.4 (5.5)

33.1 (4.3)

Stress, mean (SD)

8.4 (4.7)

6.0 (4.1)

8.9 (6.4)

6.2 (4.5)

Well-being, mean (SD)

6.4 (1.5)

6.6 (1.7)

6.3 (1.5)

6.7 (1.5)

Self-efficacy, mean (SD)

3.0 (0.7)

2.9 (0.7)

3.0 (0.8)

3.3 (0.9)

PA: physical activity.

Among women, cluster 1 consisted of relatively younger inactive
women with high stress, while cluster 2 was characterized by
older women with lower stress and higher physical activity.
Among men, cluster 3 was characterized by younger, stressed
but physically active men, while cluster 4 consisted of older,
inactive, and predominantly obese men. The median Rand index
was 0.87 (IRQ 0.62-1.00) for the female cluster solution and
0.75 (IRQ 0.58-0.87) for the male cluster solution.

Clinical
differences
(eg,
psychosociodemographic
characteristics) of the clusters other than cluster inputs were
then examined (Table 3). Women in cluster 1 were more likely
to be single, have lower mental quality of life, and report higher
depression and anxiety than women in cluster 2. Among the
men, those in cluster 3 were more likely to be single compared
with men in Cluster 4. The cluster groups are presented in Figure
1.

Table 3. Descriptive characteristics of the clusters.
Characteristic

Cluster 1 (n=218)

Cluster 2 (n=153)

Cluster 3 (n=58)

Cluster 4 (n=30)

Partnered

146 (67.0)

121 (79.1)

32 (55.2)

28 (93.3)

No partner

61 (28.0)

28 (18.3)

25 (43.1)

2 (6.7)

Prefer not to disclose

11 (5.0)

4 (2.6)

1 (1.7)

0 (0)

High school or lower

28 (12.8)

20 (13.1)

13 (22.4)

8 (26.7)

Some post-secondary

59 (27.1)

46 (30.1)

12 (20.7)

6 (20.0)

University

131 (60.1)

87 (56.9)

33 (56.9)

16 (53.3)

181 (83.0)

127 (83.0)

39 (67.2)

26 (86.7)

Goal setting

3.1 (1.0)

2.9 (1.0)

2.9 (1.0)

2.8 (0.9)

Outcome expectations

3.3 (0.4)

3.3 (0.4)

3.4 (0.4)

3.3 (0.4)

Intention

4.1 (0.7)

4.0(0.6)

3.9 (0.8)

4.2 (0.7)

Physical component

40.2 (5.8)

40.3 (6.4)

40.5 (6.1)

38.9 (7.0)

Mental component

46.6 (10.0)

50.3 (8.4)

46.8 (9.0)

48.7 (9.7)

Very good

13 (6.0)

8 (5.2)

4 (6.9)

0 (0)

Good

105 (48.2)

70 (45.8)

25 (43.1)

14 (46.7)

Bad

87 (39.9)

64 (41.8)

23 (39.7)

12 (40.0)

Very bad

13 (6.0)

11 (7.2)

6 (10.3)

4 (13.3)

Overall depression

5.2 (5.0)

3.9 (4.8)

6.0 (5.6)

4.2 (5.5)

Overall anxiety

3.9 (3.8)

2.7 (3.1)

5.0 (5.2)

3.0 (3.5)

Marital status, n (%)

Education, n (%)

Australian-born, n (%)
Social Cognitive Theory, mean (SD)

12-Item Short Form Health Survey, mean (SD)

Pittsburgh Sleep Quality Index, n (%)

Depression, Anxiety, and Stress Scale, mean (SD)
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Figure 1. Radar graphs of the female and male cluster solution. BMI: body mass index, MVPA: moderate and vigorous physical activity.

Discussion
Principal Findings
This study aimed to determine the characteristics of adopters
of an online social networking physical activity intervention
and use segmentation analysis to identify homogenous market
segments of users. Results revealed that the online social
networking physical activity intervention attracted people who
were well educated, urban, and female and had a higher BMI
and higher depression, anxiety, and stress levels compared with
population norms. The segmentation analysis identified four
clusters within the adopters: younger inactive women with
relatively poor mental well-being, older physically active
women, younger active but stressed men, and older obese and
inactive men.
The fact that the study attracted mostly urban residents, females,
and people with a university education is consistent with
previous health promotion research. For example, Duggan and
Brenner [44] similarly reported that women and those with a
higher level of education are more likely to engage with social
media and online health interventions. In addition, a systematic
review examining the effectiveness of online social networks
to improve health behaviors conducted by Maher et al [6]
reported high female participation rates (83.3%). It is also
common for RCTs to have more difficulty engaging with rural
participants [45]. People living in rural and remote areas are
recognized to be underserved in terms of primary prevention
and health care access. Online interventions appear to be a good
avenue for addressing such access inequalities; however, our
results suggest that access barriers remain. This could be because
despite the avenue of delivery women are generally more
engaged with their health and well-being [44].
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In general, the key traits that determined cluster membership
were age, sex, physical activity, BMI, and stress. This is
reasonably consistent with previous studies of this nature with
the variables age, physical activity, and BMI consistently
appearing in cluster memberships with physical activity and
BMI being age-related [13,15]. This study differed from
previous research in that we included more psychographic
measures. Cluster membership was segmented based on stress
in both female and male clusters. In addition, among women,
there were significant differences between the clusters for the
SF-12 mental component and the depression and anxiety scales
for the DASS-21. It is possible that power was an issue when
attempting to identify statistical differences between the men’s
clusters relative to the women’s.

Strengths and Limitations
Before considering the implications of these findings, study
strengths and weaknesses should be acknowledged. To the best
of the authors’ knowledge, no technology-based physical activity
programs to date have used segmentation analysis to inform
translation efforts. Our approach was highly interdisciplinary,
with the team including health, marketing, and statistical experts.
We were able to use a wide range of outcome measures
(sociodemographic, behavioral, psychographic, and physical),
providing insights across many potential marketing targets.
Furthermore, a statistical strength of this study was that we used
the PAM algorithm with Gower metric, which improves the
strength and validity of the clusters compared with conventional
cluster analysis methods.
This study also has some limitations. First, due to the sample
size, the number of cluster inputs had to be restricted to eight
and then six. It is possible that choosing different cluster inputs
may have resulted in different clusters. In addition, the sample
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may limit generalization of our findings to other contexts.
Specifically, despite using a nontargeted advertising approach,
it is possible that the participant demographics were influenced
by the recruitment strategies used and that a different advertising
approach may have resulted in a different sample. Additionally,
participants registered interest in an RCT of the online social
networking intervention, and it is possible that this group is
different from people who may download and use the app in a
real-life situation. However, it is difficult to postulate in what
ways they would differ—for example, it is possible that the
RCT may attract relatively highly motivated users (since they
are willing to take on the assessment burden associated with
research participation). Conversely, it is possible that the RCT
actually attracts less motivated people—for example, if they
are motivated by a financial incentive offered by a study or are
aware they lack intrinsic motivation and so are seeking the
imposition of external discipline. Despite these limitations, this
approach enabled us to examine a wider variety of participant
characteristics than would be possible by examining users of a
commercial app, providing valuable information for
disseminating similar apps via online advertising in the future.

Implications
Technology-based health promotion using mobile phones is a
growing field in research with great potential to impact the
health and well-being of many. To date, however, relatively
few evidence-based interventions developed and tested in
research settings are ever attempted to be translated to the real
world [7]. Successful translation will require complementary
approaches that go beyond RCT designs to understand the true
impact of public health interventions on the general population
in everyday conditions.
The market segments identified in this study as being more
likely to be attracted to this type of physical activity program
used in a research setting were younger low-active women with
poor mental well-being, older active women, young active but
stressed men, and older low-active and obese men. All segments
comprised people of relatively high educational status, with the
majority being university educated. Such information may be
used to inform future media and communication channels, given
that media usage patterns differ by demographic segment. For
example, an Instagram campaign may be useful to reach the
young female cluster identified in the segment analysis, given
that approximately 60% of Instagram users are aged between
18 and 35 years and the platform is equally popular for men
and women [46].
The psychographic characteristics of the identified clusters
provide guidance for the potential benefits people in these
segments may be seeking by joining the program. These benefits
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(or solutions to their existing problems) can be used to inform
marketing messages and translate those messages during
promotional campaigns for physical activity programs. As an
example, given that a major cluster comprised younger women
with relative low well-being, marketing campaigns may focus
on the positive effects physical activity has on mental health
[33], or alternatively, suggest that additional program features
targeted at improving well-being may be warranted.
The analysis also highlighted that this app largely did not reach
certain demographics—for example, men and people of low
educational status were underrepresented. This raises the
possibility of two very different directions for future in-market
program promotion efforts. The first option is to play to the
program’s current strengths and tailor marketing efforts for the
ecological trial to the adopter market segments identified in this
study. This approach could be expected to result in higher return
on investment—that is, higher participation rate from the
specific targeted groups (higher participation from the stressed
younger women and almost no participation from other
nontargeted segments). An alternative approach would be to go
after a mass market including people who were not captured in
this adopter study. While some of these segments might be
much harder to reach (eg, males), keeping the approach and
message more general might result in lower overall numbers of
enrollments into the health program. The utility and cost
effectiveness of each of these approaches can be tested in a
well-planned ecological trial.

Conclusion
Technology-based health promotion programs offer great
promise for delivering effective, appealing, and accessible
interventions. However, for their full potential to be reached,
evidence-based interventions must be scaled up, in particular
to reach audience segments that health behavior research does
not typically reach (eg, men, those of low socioeconomic status).
This requires multidisciplinary efforts, teaming health
researchers with marketers. This study serves as a novel example
of how research translation might proceed following an RCT
and demonstrates how a social marketing framework and market
segmentation analysis approach may provide insights to guide
future software improvements and targeted marketing efforts.
Such judicious, evidence-based approaches are likely to be
helpful, given that health researchers seek to deliver the greatest
impact with limited program development and marketing
budgets. Additional research aimed at identifying clusters of
adopters of health apps in larger samples from more ecologically
valid contexts would provide an important contribution to this
emerging literature and further assist health researchers planning
dissemination of health promotion programs.
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Abstract
Background: Digital tools have the potential to support patient activation and shared decision making in the face of increasing
levels of mental health problems in young people. There is a need for feasibility trials of digital interventions to determine the
usage and acceptability of interventions. In addition, there is a need to determine the ability to recruit and retain research participants
to plan rigorous effectiveness trials and, therefore, develop evidence-based recommendations for practice.
Objective: This study aimed to determine the feasibility of undertaking a cluster randomized controlled trial to test the
effectiveness of a smartphone app, Power Up, co-designed with young people to support patient activation and shared decision
making for mental health.
Methods: Overall, 270 young people were screened for participation and 52.5% (142/270) were recruited and completed baseline
measures across 8 specialist child mental health services (n=62, mean age 14.66 (SD 1.99) year; 52% [32/62] female) and 2
mainstream secondary schools (n=80; mean age 16.88 [SD 0.68] years; 46% [37/80] female). Young people received Power Up
in addition to management as usual or received management as usual only. Posttrial interviews were conducted with 11 young
people from the intervention arms (specialist services n=6; schools n=5).
Results: Usage data showed that there were an estimated 50 (out of 64) users of Power Up in the intervention arms. Findings
from the interviews indicated that young people found Power Up to be acceptable. Young people reported (1) their motivation
for use of Power Up, (2) the impact of use, and (3) barriers to use. Out of the 142 recruited participants, 45.0% (64/142) completed
follow-up measures, and the approaches to increase retention agreed by the steering group are discussed.
Conclusions: The findings of this study indicate that the app is acceptable, and it is feasible to examine the effectiveness of
Power Up in a prospective cluster randomized controlled trial.
Trial Registration: ClinicalTrials.gov NCT02552797; https://clinicaltrials.gov/ct2/show/NCT02552797 (Archived by WebCite
at http://www.webcitation.org/6td6MINP0)
(JMIR Mhealth Uhealth 2019;7(6):e11677) doi:10.2196/11677
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Introduction

child mental health services can continue to provide good quality
service to as many people as possible.

Background

Despite these benefits, young people are presented with a lack
of opportunities for reflection and involvement in the decisions
that affect them and can often feel unskilled or unsupported in
these situations. This is a barrier to their involvement.
Correspondingly, there is a need for the development of
appealing and acceptable patient activation and shared
decision-making tools that support young people to ask
questions independently and raise the issues they want to
discuss.

A minority of the population (17%) will not experience mental
health problems in their lifetime [1]. On the basis of the last
prevalence study, 10% of children in the United Kingdom have
a clinically diagnosable mental health problem, with one of the
most prevalent being emotional problems including anxiety and
depression, of whom 25% receive support from specialist mental
health services [2]. Recent evidence suggests that levels of
mental health difficulties in young people are increasing with,
for example, 1 in 4 young women experiencing emotional
problems [3].
Around 25% to 40% of the population have little knowledge,
skills, and confidence to manage their own health and health
care (referred to as patient activation) [4]. Empowering patients
to be actively involved in the management of their health care
and involving them in shared decision making are emphasized
in the Health and Social Care Act 2012 [5]. Evidence suggests
this may have a range of benefits to health and care [6]; for
example, a systematic review found that patients were more
likely to adhere to treatment when it was in line with their
preferences [7,8]. However, empowering patients to actively
manage their health care is not widely practiced [9] and
clinicians report being unclear about how to facilitate it [10].
A systematic review of observer-rated studies showed that
clinicians rarely facilitate patient involvement and adjust care
to patient preferences even less often [11].
Young people want to be actively involved in making decisions
about their health care and report feeling more in control of
their care when they are included in decisions [12]. Parents also
feel that their children should be involved in decisions about
their care as it may increase their self-esteem and improve their
overall welfare [12]. Furthermore, it is recognized under the
United Nations Convention on the Rights of the Child that young
people should be involved in all matters that affect them.
Interventions in child mental health settings which include
empowering patients to be actively involved have been shown
to improve quality of life and satisfaction [13,14], and child and
parent experiences of shared decision making have been shown
to be associated with higher levels of symptom improvement
[15]. Evidence of promise has also emerged from an evaluation
of tools supporting young people’s mental health through
preparing for discussions, mood tracking, and self-management
[16]. Evidence from adult settings suggests that interventions
targeting empowerment and patient activation may promote
engagement with services and interventions [17]. Nonattendance
of appointments in child mental health services is an estimated
15% to 28% [18-23]. Noncollaborative decision making is a
key predictor of nonattendance [24]. Introducing resources that
promote better accessibility to and integration of care, and that
which correspondingly make clinicians’ time more efficient,
would be invaluable to guarantee that services such as specialist
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Young people have advised that technology that is engaging,
easy to access, informative, empowering, and provides support
between sessions would be a particularly useful addition to
therapy [25]. The use of technology in some areas of mental
health care is recommended by the National Institute for Health
and Care Excellence 2011 best practice guidance [26]. Indeed,
young people report already using technology as an informal
complement to treatment [25]. In Great Britain, 82% of adults
use the internet daily and 70% of adults use the internet on
smartphones [27]. Some 83% of young people aged 11 to 18
years own a smartphone and use mobile internet daily [28,29].
The growth in the smartphone and tablet market and the high
levels of engagement within mobile app usage mean that there
has been a rise in the adoption of mobile health care apps. The
mobile health care market was estimated to be worth US $25.39
billion in 2017 [30].
Young people, carers, and clinicians report feeling positive
about integrating the use of certain apps into interventions for
young people in mental health settings [16]. However, the
content of many youth mental health apps is not grounded in
psychological theory or evidence-based practice [31]. There is
a need for evidence from rigorous trials as to the effectiveness
of digital interventions for mental health in young people [32],
in addition to research investigating how best to integrate these
apps into support provision [25]. To plan rigorous trials to
examine effectiveness, feasibility trials are needed [33]. In
particular, there is a need for feasibility trials to determine (1)
the usage and acceptability of digital interventions for youth
mental health and (2) the ability to recruit and retain research
participants [34,35].

Aims and Objectives
The aim of this study was to determine the feasibility of
examining the effectiveness of a smartphone and tablet app,
Power Up, in a prospective cluster randomized controlled trial
and to determine the usage and acceptability of Power Up. In
addition, we examined the ability to recruit and retain research
participants. The app was designed to increase a young person’s
patient activation related to their mental health by providing
tools to support their voice in therapy, facilitate a more
patient-centered approach, and increase shared decision making.
The app was developed in partnership with young people and
advocates to increase its acceptability to young people. Power
Up enables young people to record their questions, plans,
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e11677 | p.93
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decisions, and diary entries and supports young people to
identify individuals in their support network with whom they
would like to share these entries. By providing a digital space
for young people to prepare what they want to bring to
conversations about their mental health and well-being, Power
Up was designed to empower young people to take an active
role in decisions that impact their health and care. Both
professionals and young people with lived experience were
involved in the design of Power Up, ensuring that the views of
all relevant groups were heard during app development.
The objective of the present feasibility trial was to collect the
necessary parameters to plan a cluster control effectiveness trial
of Power Up. In line with guidelines on conducting feasibility
trials [36], the Trial Steering Committee developed Go and No
Go criteria to determine whether or not the findings from this

Edbrooke-Childs et al
study indicated that it would be feasible to examine the
effectiveness of Power Up in a full trial.

Methods
Overview
A protocol for the feasibility trial was published [37] and
registered with trials registries. To determine the feasibility of
examining the effectiveness of Power Up in a prospective cluster
randomized controlled trial, the Trial Steering Committee agreed
the following Go and No Go criteria for the study. In line with
guidance on conducting feasibility trials [36], we did not set
any criteria related to effectiveness as the aims of this study
were to collect the parameters necessary to plan the full trial
and ensure an analysis of effectiveness was adequately powered.
The criteria for the feasibility study are presented in Textbox
1.

Textbox 1. Go and No Go criteria for the feasibility study.
Scoring key
•

A total score of 0 represents all criteria were fully met, and the study is rated as green meaning the full trial can immediately proceed.

•

A total score of 1 to 5 represents some criteria were partially met, and the study is rated as amber meaning the full trial can proceed once relevant
criteria have been reviewed and a plan to increase adherence has been agreed by the Trial Steering Committee.

•

If 1 criterion is not met (ie, rated as red), the trial is rated as red. The full trial can only proceed if (1) the total score is less than 8 meaning not
more than 2 criteria can be rated red and (2) a plan to increase adherence to any red criteria has been agreed by the Trial Steering Committee.

Criteria
1. Ability to recruit and retain sites
•

70% to 100% of sites recruited and retained (green)

•

50% to 69% of sites recruited and retained (amber)

•

0% to 49% of sites recruited and retained (red)

2. Rates of sign up to study for young people approached
•

60% to 100% of young people signed up to participate (green)

•

40% to 59% of young people signed up to participate (amber)

•

0% to 39% of young people signed up to participate (red)

3. Rates of download and usage of Power Up
•

60% to 100% of young people download and use Power Up (green)

•

40% to 59% of young people download and use Power Up (amber)

•

0% to 39% of young people download and use Power Up (red)

4. Young people report Power Up as acceptable in interviews
•

70% to 100% young people report that Power Up is acceptable (green)

•

50% to 69% of young people report that Power Up is acceptable (amber)

•

0% to 49% of young people report that Power Up is acceptable (red)

5. Completion of study measures at baseline and follow-up
•

50% to 100% of young people and carers complete study measures at both baseline and follow-up (green)

•

20% to 49% of young people and carers complete study measures at both baseline and follow-up (amber)

•

0% to 19% of young people and carers complete study measures at both baseline and follow-up (red)

https://mhealth.jmir.org/2019/6/e11677/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e11677 | p.94
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Changes to Protocol
We had initially planned to only conduct the feasibility trial in
specialist Child and Adolescent Mental Health Services
(CAMHS). We added a schools strand to the feasibility trial for
2 reasons. First, it became clear from feedback from service
users, professionals, and researchers that Power Up was
applicable to settings beyond specialist mental health services
to empower young people to self-manage emotional well-being.
Second, the rate of recruitment from specialist services was
slower than anticipated, because of various reasons such as
clinician workload, turnover, and either young people not
attending appointments, not meeting study inclusion criteria,
or both. Correspondingly, the target audience for Power Up
expanded during the course of the study from just young people
experiencing mental health problems to young people in schools
to support self-management of emotional well-being.

Recruitment
In the feasibility trial, young people’s experiences while using
Power Up were compared with young people’s experiences
without using the app. Overall, 270 young people were screened
for participation across 8 specialist services (n=79) and 2
mainstream secondary schools (n=191) (the demographics are
reported in the Results section).
For the specialist services strand of the trial, a wait list control
design was employed. Initially, 33 young people were recruited
to the control phase of the trial where they received management
as usual (average cluster size 4.13 (SD 3.48)). Subsequently,
30 different young people were recruited to the intervention
phase of the trial where they were given Power Up to use
alongside management as usual (average cluster size 3.75 (SD
3.20)). This study was given a favorable opinion by the Health
Research Authority Research Ethics Committee (reference
number: 192592). Clinicians identified young people who were
aged 11 to 19 years and were in their initial assessment sessions
for recruitment to the trial. Once consent had been given, young
people completed a questionnaire containing a battery of
measures. Study measures included (1) the Patient Activation
Measure [4] to assess young people’s empowerment and
self-management of their mental health and well-being, (2) the
CollaboRATE [38] and the Shared Decision Making
Questionnaire 9 [39] to assess shared decision making, (3) the
Youth Empowerment Scale—Mental Health [40] to assess
young people’s confidence to manage their mental health (ie,
self-subscale) and the support they receive from services (ie,
service subscale), (4) the Strengths and Difficulties
Questionnaire [41] to assess young people’s mental health, and
(5) the Experience of Service Questionnaire [42] to assess young
people’s experiences within mental health services. In the
intervention condition, young people were then provided
instructions on how to download and use the app. After 3
months, all participants and clinicians were recontacted by the
researchers and asked to complete the same questionnaires.
Participants in the intervention phase were also asked if they
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would like to participate in a short semistructured interview
about the acceptability of Power Up.
For the schools strand of the trial, a cluster randomized design
was employed. Students in 12 clusters (classes) across 2 schools
were randomized at the class level to either receive the app or
not. This study was given a favorable opinion by University
College London Research Ethics Committee (reference number:
6087/006). Randomization was achieved by using random
number generation resulting in 6 intervention arm clusters, with
44 students allocated to receive Power Up (average cluster size
6.50 (SD 1.87)). The remaining 6 clusters were randomized to
the control arm, with 50 students allocated to receive
management as usual (average cluster size 7.50 (SD 4.04)).
Researchers explained the nature of the research to the students
before inviting them to take part. Participants gave their written
consent and completed a questionnaire containing a similar
battery of measures compared with that of the specialist services
group, but excluding the shared decision-making measures: (1)
the Patient Activation Measure [4] to assess young people’s
empowerment and self-management of their mental health and
well-being, (2) the Strengths and Difficulties Questionnaire [41]
to assess young people’s mental health, (3) the Short
Warwick-Edinburgh Mental Well-Being Scale [43] to assess
young people’s well-being, and (4) the child-friendly version
of the EuroQol five dimension quality of life measure [44] to
assess young people’s quality of life and to inform the feasibility
of conducting health economic analysis. Subsequently, those
randomized to the intervention arm were given verbal
instructions on how to use and download the Power Up app.
After 6 weeks, all participants were contacted by researchers
and asked to complete the same questionnaire measures.
Participants in the intervention arm were also invited to
participate in a short semistructured interview about the
acceptability of Power Up.

Intervention
Power Up was developed based on the theory of patient
activation [4] and a scoping review of tools to support young
people to be actively involved in decisions about their care [45].
Power Up was designed to be a transdiagnostic and
transtherapeutic intervention. To ensure it was accessible to
young people, Power Up was co-designed with young people,
carers, and clinicians through patient and public involvement
workshops and interviews (see [46] for full details on the
development of Power Up). A key topic of the codesign sessions
was to ensure Power Up was simple and easy to use requiring
minimal cognitive load so it could be used by a range of young
people with different language skills, literacy levels, and
experience of current distress. A mixture of text and icons is
used and users can customize the iconography as straight-lined
(aimed at older age ranges) or cartoon-style (aimed at younger
age ranges). The main features of Power Up are described in
Textbox 2 and Figure 1.
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Textbox 2. Main features of Power Up.
•

My People: At the center of Power Up, young people can add people in their support network. Users can flag information entered in other sections
of the app to specific people in their support network, and all content flagged for sharing with a specific person from other areas of the app is
displayed in My People. If an entry is not flagged to My People, it is stored chronologically; otherwise, a young person can prioritize which
entries should appear first.

•

My Diary: A space for users to express what is going on for them in their daily lives.

•

My Plans: A section devoted to adding all plans and goals, including what to do in specific circumstances related to users’ mental health, such
as anxiety-provoking situations.

•

My Questions: Young people can enter any questions they have or wish to discuss with carers, friends, teachers, or clinicians and keep a record
of the answer after it has been discussed.

•

My Decisions: A space for young people to work through decisions, weighing up the pros and cons associated with decisions using a visual
weighted scale.

•

There is the option for all entries in the above sections to be inputted in the form of photo, video, audio, or text.

•

Entries such as photos or phone numbers can only be viewed within Power Up, not in the phone’s main library or phonebook.

•

Help and Support: A selection of resources that give the young person a series of links to websites and phone numbers. There are a set of prestored
resources, however, the young person can also add his or her own. These can be called or visited directly from the app.

•

Power Up is secure and password protected.

Figure 1. Power Up screenshots.

Statistical Analysis
To inform the planning of a prospective cluster randomized
controlled trial, participant recruitment and retention was
captured using the Consolidated Standards of Reporting Trials
guidelines. Descriptive statistics were analyzed using SPSS
(IBM Corp) [47]. Posttrial interviews were analyzed using
thematic analysis [48] in NVivo (QSR International Pty Ltd.)
[49].

Results
Recruitment and Retention
Recruitment and retention are reported in the Consolidated
Standards of Reporting Trials diagram in Figure 2. During
recruitment, 270 young people were assessed for eligibility. A
number of young people were screened for participation but not
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recruited, because of reasons such as refusal and practical
barriers such as not having enough time on the day of the
research team’s visit; for example, some young people and
carers in specialist services were interested in the study but not
able to stay to discuss the study as their parking was due to
expire after their appointment. A further small proportion was
excluded from the trial because of failing to complete all fields
on their informed consent forms or failing to return study
materials. In total, 142 participants were recruited and completed
Time 1 measures (specialist services: n=62, mean age 14.66
(SD 1.99) years, 52% (32/62) female, 42% (26/62) white or
white British; schools: n=80; mean 16.88 (SD 0.68), 46%
(37/80) female, 26% (21/80) white or white British; see Table
1 for full demographic details). Of those who completed Time
1 measures, 64 (45%, 64/142) adhered to the study protocol and
completed Time 2 follow-up assessments. All specialist services
and school sites were retained in the study (N=10).
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Figure 2. Consolidated Standards of Reporting Trials diagram: combined flow of participants through the study across both specialist services and
schools strands of the trial.
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Table 1. Participant demographics.
Participant demographics

Child mental health services (n=62)

Schools (n=80)

Mean (SD)

14.66 (1.99)

16.88 (0.68)

Range

11-18

16-18

Female

32 (52)

37 (46)

Male

26 (42)

40 (50)

Other

2 (3)

3 (4)

Prefer not to disclose

2 (3)

—a

White

26 (42)

21 (26)

Black

7 (11)

14 (18)

Asian

15 (24)

27 (34)

Mixed

12 (19)

5 (6)

Other

1 (2)

12 (15)

Not reported

1 (2)

1 (1)

Yes

52 (84)

52 (65)

No

7 (11)

26 (33)

Prefer not to disclose

—

1 (1)

Not reported

3 (5)

1 (1)

Yes

3 (5)

1 (1)

No

59 (95)

77 (96)

Prefer not to disclose

—

2 (3)

Age (years)

Gender, n (%)

Ethnicity, n (%)

English as first language, n (%)

Registered as disabled, n (%)

a

No participants selected this response.

User Statistics
We could only determine a number of new users during the
entire project time frame from January 2017 to February 2018.
The number of active sessions and duration of sessions were
available between November 2017 and February 2018 as the
app developers upgraded the activity data capture system during
the feasibility trial. App usage data are anonymous to comply
with data protection and research ethics approvals. Overall,
there were 70 new users between January 2017 and February
2018, of which we estimate 20 were nonintervention arm
participants (ie, 5 members of the research team, 2 app
developers, and 13 clinicians) resulting in an estimated 50 users
of Power Up in the intervention arm, out of 64 participants
allocated to this arm. There were 13 active users between
November 2017 and February 2018 and these users used the
app in 89 active usage sessions (corresponding to 6.8 sessions
per active user) with an average of 8 min per session.

Posttrial Interviews

n=6; schools n=5; mean age 15.55 (1.86), range=11-17 years).
Interviews were audio recorded and transcribed verbatim. Young
people described their experiences of using Power Up and of
its impact on self-management and well-being, including the
context of app use and suggested amendments to the app. The
analysis also provided understanding as to barriers faced by
young people to downloading and using the app. Finally,
interviews indicated the acceptability of Power Up, which will
inform the prospective cluster control trial. Findings from the
interviews are reported below relating to (1) motivation for use
of Power Up, (2) impact of use, and (3) barriers to use (the
themes, descriptions, and quotes from the posttrial interviews
are fully reported in Textbox 3). We aimed to recruit 10 to 12
young people as we expected this would be sufficient for
saturation, which was achieved. We report on these interviews
in this study and discuss the views of clinicians, parents and
carers on the development of Power Up elsewhere [46] and we
have reported in detail on teachers’ views and experiences of
the implementation of another digital intervention [50].

Posttrial interviews were conducted with 11 young people from
the intervention arms of the feasibility trial (specialist services
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Textbox 3. Themes, descriptions, and quotes from posttrial interviews.
1.

Motivation for use
•

Young people outlined different motivations for using Power Up, pertaining to the unique qualities of the app
•

•

The ability to make entries into the app via multiple modalities was evaluated positively by young people
•

•

“I really loved the app…it’s been so helpful with my appointments because I tend to have big gaps between my appointments… Of
three to four weeks, and so I can hardly remember anything and so it was really easy for me to just pick up on little things and then,
when I actually get to my appointment, I can just go in, like, chronological order and it was just amazing to be able to do that so I loved
it.” [Young Person, aged 16 years]; “Ah, I think the diary bit is good because when you’re—when you’re in that state of mind, you—my
mind tends to run away with itself so it’s good to look back on what I’ve thought about and what I’ve said.” [Young person, aged 14
years]; “...because when I write the plans, um, I can write here and I can make sure I do it, because I mostly work in the plans. And in
the diary I can look through back and see all the, all the stuff that happened before.” [Young Person, aged 14 years]

Young people also sought out Power Up when they could not speak to anyone else about their concerns and emotional experiences.
Respondents reported using the app to express their feelings when they were alone
•

•

“Um, I liked that it was locked, because my parents have a tendency to go on my phone.” [Young Person, aged 16 years]; “I guess the
best word to describe it would be, I think, safe, because you can say honestly, you can say honestly anything you want, things you
wouldn’t share with other people, plans that you want to make for the better that you don’t feel like telling everyone or your parents
and it’s a bit of, like, some alone time because some people work best when they’re by themselves.” [Young Person, aged 17 years];
“I like the fact that the PIN, because I feel that’s really, really important because for young people, some aren’t really open about how
they feel and how…for someone that is worried the fact that they have a PIN on there is that no one can get in…If they did want to
keep it secret, it’s really discreet, that’s what I like.” [Young Person, aged 16 years]; “I think it’s quite, it was, it was very discreet so
when using it I didn’t feel like, I didn’t feel really weird...because there’s a, there’s a PIN, no one can really get into it, so I won’t be
worried about anyone seeing anything.” [Young Person, aged 16 years]

Beyond the inbuilt properties of the digital tool, the interviews elucidated several reasons for young people choosing to use Power Up. The
app aided young people to remember important things to either share in a consultation with a health care professional, or to reflect on their
thoughts over time
•

•

“The decision making part was a key factor as well as diary entries, because I’m not a fan of writing, really, so typing it actually was
a nice change for once.” [Young Person, aged 17 years]; “I like the video function, definitely, because writing in a diary or something,
you actually have to get a pen out and it takes time.” [Young Person, aged 17 years]

Young people expressed a need to be able to trust that the technology was a private platform, which could not be accessed by others, unless
users chose to share it with them. Power Up represented an essential, secure space for users, allowing young people to feel comfortable to
make entries, which were potentially personal and sensitive in nature
•

•

“...I still did find myself using it, especially for the different aspects, like, how you can put key phone numbers on there, as well as,
um, as I mentioned before, how you can weigh up decisions and so on, those, those are good aspects, which you wouldn’t be able to
do elsewhere…” [Young Person, aged 17 years]; “I used the Diary the most, like; I have quite a few, because I felt it easier to get my
feelings down...” [Young Person, aged 14 years]; “I think that if you, like – the way that the Decisions work and the Plans work, it’s
really – it’s good because it weighs it up for you.” [Young Person, aged 14 years]; “Um, just if you have, like, any thoughts, so I got
bad test results, so I, kind of, logged that, just so, like, I can, like, put it away and then reflect on it when I needed to.” [Young Person,
aged 17 years]; “During the holidays, I used the My Plans bit, so what I’m going to do. What I, like, aspirations that I want to do over
the holiday.” [Young Person, aged 16 years]

“Uh, well my first year score was quite bad, so when I came back home I, my parents were out, they weren’t at home, so I just, like,
used the app, like, [inaudible] I thought, like, a good way to get everything out, like immediately...And it just, it helped when I was
frustrated and I didn’t like, I felt there was no one to listen to me, but the phone will, so I just threw everything on there.” [Young
Person, aged 14 years]; “I think it normally be the later at night because as, you know, night can sometimes be a lonely time for most
people…it’s better than just bottling your thoughts up, you can actually, you’ll have your phone, you can go on it and no one needs to
know about it, you can just put anything down in the confidential app and it’s just good to have that, especially later at night.” [Young
Person, aged 17 years]; “I don’t have anyone that I can talk to, so writing it down, sort of, gives me a bit of relief, so I can just, like,
release everything that I’m feeling and something that is written down, I can—it’s there and I can forget about it until I actually have
to talk about it. So that was really good.” [Young Person, aged 16 years]

Finally, the accessibility of Power Up in the moment was a key motivating factor for young people’s engagement with the technology.
Interviewees indicated that the portability of Power Up as an app on their mobile device was fundamental, meaning that they could access
it immediately when required in a given situation
•

“I did also do a couple of ones for, like, plans how to deal with, like, situations… I’m very emetophobic, like as soon as I start feeling
sick, like, yeah, that’s it, so I did a couple of ones, like how I’m going to deal with it if it happens in a theatre, like how am I going to
deal it with it happens in a restaurant, so I did a couple of those I think.” [Young Person, aged 16 years]; “It’s just good to have
somewhere that’s stored, like, if it was in a book, for example, you could, you wouldn’t carry a book everywhere you go but your phone
is with you roughly 24/7, so whenever you have anything it’s all in this unit or place and it works very nicely.” [Young Person, aged
17 years]; “Um, just to like put, so, like, if I had something that I was worried about, I’d, like, just talk myself through it, so then, I
like, on the train home I can just go over what I’d do if that situation happened.” [Young Person, aged 16 years]
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2.

Impact of use
•

The analysis also illuminated the impact of using Power Up, from allowing young people to derive new insights from documenting their
experiences, through to encouraging conversation with others in their support network. Young people explained how using the app had
allowed them to see changes in their emotional state over time, marking progression in their psychological journey
•

•

•

“I could write it down and then I could look back and see how things have changed over, like, the week or the month and I could see,
I went from a really bad phase to a really good phase and it was just, like, good to see progress through that, so that was great.” [Young
Person, aged 16 years]; “I’ve had a bit of a transition over these past few weeks, just mentally and everything regarding where I am at
CAMHS. And so, so because also the fact that I have a replacement phone now, so after I get in contact with the new e-mail, I’ll
re-download it and I’ll start actually afresh. Because then, almost like leaving my old self in the past, so hopefully I’ll start with positive
experiences and so on...” [Young Person, aged 17 years]; “I’ve gone through it on my own some nights when I just sit and go through
and recall the things that have happened, and so, um, that’s more of just me reviewing how much progress I’ve made and so it was
really helpful in terms of that.” [Young Person, aged 16 years]

Participating young people identified that a further consequence of using the app was that it had helped them to gain greater understanding
about themselves, as well as to clarify their thinking by weighing up the pros and cons of significant issues in a balanced, considered way
•

“...especially with Decisions and so on and the Diary entries because that, because they were there and it’s in an easily accessible place,
people do tend to go, go back on their thoughts a lot and because they have been written down it was very easily accessible to go back,
change them and actually add them, so to, to, oh yes, get a deeper understanding of yourself.” [Young Person, aged 17 years]; “Um,
only when I was on My Diary and I was, like, looking through it and I had a few, like, you know, you can put little emojis, there was
a few, like, sad ones, because I felt, like, I was using it more for when I was sad than, like, writing, oh I’m happy today. So I guess that
was just more for myself, but then, like, I realised I was just, kind of, using it more for when I’m feeling emotional.” [Young Person,
aged 16 years]

Young people highlighted that Power Up mediated communication with important people in their support network, facilitating conversation
and helping them to share things with others, which they might not have otherwise
•

3.

“I like that I can write everything, um, for myself and my mum can log into my account and check as well… (Young Person’s parent:
‘It’s fine, I mean, there’s things that he hasn’t told me and then I’ve seen them, but he’s writing them in there...’) ...but I was happy
that my mum can see all my diary entries and she can only see it.” [Young Person, aged 11 years]; “I do have some, I do have someone
in mind who I would mention it to, family wise, because they are going through a similar thing to me and they do, they are struck by
boredom a lot, they have nowhere to really share their thoughts. And I’m the person they, kind of, go to, so I’m saying if I’m not always
there, because I can’t always be there for them, then there’s this app. So if they want to, like, sit down and talk to me then that will
always work and then we can actually share our thoughts on the apps what we have got and see how we are progressing, and get through
it together.” [Young Person, aged 17 years]; “I can allocate things to the, like, diary entries to the specific people and so afterwards,
because I have, like, 54 diary entries, and so when I, if it got to a point where I want to speak to my therapist, I just click on, like, her
name specifically, and all of the diary entries are allocated to her came up specifically.” [Young Person, aged 16 years]

Barriers to use
•

Despite young people describing largely positive experiences of Power Up, interviews indicated key barriers impacting engagement with
the digital tool. Young people reported that a number of technological difficulties associated with the app occurred throughout the course
of the feasibility trial
•

•

•

“So if you, so if you go to the Diary section and you stay in one journal without saving and you were just continuously writing thoughts
as they flaring up, after five minutes, due to a safety feature implemented it would log you out and then that means that it wouldn’t,
um, there was no auto save or backup unfortunately, which means I would have to restart it.” [Young Person, aged 17 years]; “It took
a little bit longer to download than another app but I assume that wouldn’t be, that wouldn’t, kind of, affect it in its final form because
you wouldn’t need to download the test flight thing and remember code.” [Young Person, aged 16 years]; “Sometimes it, well firstly
it would take quite a long time to load the app. And it would, like it would, like, glitch with, like, colours of black and yellow and then
it would go blue and then it comes up after that.” [Young Person, aged 14 years]

Barriers pertaining to context of app use were also raised. Young people reported disengaging from the app, because of experiencing
difficulties in their personal circumstance
•

“Um, so I think I used it about, for like maybe the first month I just did, like, once every week. And afterwards, I think for me life got
stressful and then I stopped using it...” [Young Person, aged 17 years]

Additionally, it became clear that Power Up had not been fully embedded into mental health services and was seldom incorporated into
clinical sessions between young people and their therapists, contrary to expectations
•

“I’m still being introduced into the whole process and I’ve only had two sessions, which would have been an entry session and a session
regarding my medication. So possibly in future ones I’ll ask for the integration of it, but I don’t think there, there is any integration at
the moment for some people who take CAMHS appointments and so on.” [Young Person, aged 17 years]
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Discussion
Principal Findings
The aim of this study was to determine the feasibility of
examining the effectiveness of Power Up in a prospective cluster
randomized controlled trial and to determine the usage and
acceptability of Power Up and the ability to recruit and retain
participants. A feasibility trial of Power Up was conducted in
specialist services and school settings. The findings from this
study indicate that it is feasible to examine the effectiveness of
Power Up in a prospective trial: the overall score of the Go and
No Go criteria was 2 and the Trial Steering Committee have
agreed on the plan to increase adherence to the criteria that were
partially met. For each criterion, we have reported achievement
and described facilitators and barriers to achievement to inform
planning of the future trial.
The total score of the Go and No Go criteria was 2, as there
were 3 criteria fully met and 2 partially met. The study will be
able to proceed as the Trial Steering Committee has agreed the
plan to increase adherence to the 2 amber criteria. Recruitment
and retention (criteria 2 and 5) will be increased by clarifying
research sites’ expectations from the outset, increasing ease of
completing measures, and removing other barriers to
participation (see Textbox 4). To further increase retention,
barriers to downloading and using Power Up have also been
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removed by enabling participants to directly download the app
from public app stores. As the app was still under development
during the feasibility trial, Power Up was not fully available
and participants were required to download Power Up using
test software through the app developers; the new approach has
removed this barrier. The developers have also upgraded the
activity data capture system meaning we will be able to fully
monitor adherence in the full trial.
The ultimate output of the project will be used by young people
with emotional difficulties or other long-term conditions, aiming
to empower self-management of problems. It is envisaged that
Power Up will be developed for use with young people with
other long-term conditions, and in other countries, however,
future research is warranted to determine how Power Up should
be modified for use with other conditions and in other contexts.
Uptake of and engagement with novel digital technologies to
support self-management of mental health difficulties and to
promote decision making and well-being may be hindered if
young people, their carers, teachers, and health professionals
do not endorse them. The model of this study, cocreating Power
Up with young people, carers, and professionals, will help to
overcome this barrier by ensuring that Power Up meets the
needs of these stakeholders and by providing young people with
a sense of ownership in the knowledge that other young people
have helped to create the resource.
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Textbox 4. Adherence to the Go and No Go criteria.
1.

Ability to recruit and retain sites
•

70% to 100% of sites recruited and retained: 100% (N=10/10) of sites retained (green).
•

2.

•

50% to 69% of sites recruited and retained (amber).

•

0% to 49% of sites recruited and retained (red).

Rates of sign up to study
•

60% to 100% of young people signed up to participate (green).

•

40% to 59% of young people signed up to participate: 53% (N=142/270) of participants recruited (amber).
•

•
3.

0% to 39% of young people signed up to participate (red).

60% to 100% of young people download and use Power Up: 78% (N=50/64) new users between January 2017 and February 2018 (green).
•

Barriers to downloading and using Power Up have been removed by enabling participants to directly download the app from public
app stores (with a disclaimer that it is being used in a research trial). As the app was still under development during the feasibility trial,
Power Up was not fully available and participants were required to go through a longer process to download Power Up using test
software through the app developers; the new approach has removed this barrier. The developers have also upgraded the activity data
capture system meaning we will be able to fully monitor adherence in the full trial.

•

40% to 59% of young people download and use Power Up (amber).

•

0% to 39% of young people download and use Power Up (red).

Young people report Power Up as acceptable in interviews
•

70% to 100% young people report that Power Up is acceptable: 100% (N=11/11 young people) reported Power Up as acceptable in
interviews (green).
•

5.

The reported recruitment rate from the school trial was conservative as our denominators were taken from overall class lists, not the
number of students present on the day. In 1 school, this particularly deflated the recruitment rate as students from eligible classes were
recruited from a morning assembly that was only attended by a small proportion of students.

Rates of download and usage of Power Up
•

4.

Both specialist services and schools maintained high levels of engagement with the study. Clear communication about the requirements
of the study from the outset was important to facilitate engagement, as was the research team attending frequent site visits, particularly
in specialist services.

All young people interviewed reported the app as acceptable. Key themes from the interviews included young people’s motivations
for using the app, the impact of using the app, and barriers to use. Barriers identified related to downloading the app and technical bugs,
which have been addressed by now enabling young people to download Power Up through app stores (with a disclaimer that it is being
used in a research trial) and the commercial partner has resolved the technical bugs for the full deployment version of Power Up for
the prospective trial. On the day of baseline assessments in 1 school, the app was not working during demonstration, likely impacting
engagement and sign up (this issue has now been resolved). For participants with problems related to attention or anxiety, any technical
bugs may have been of particular concern and likely to have caused frustration and disengagement.

•

50% to 69% of young people report that Power Up is acceptable (amber).

•

0% to 49% of young people report that Power Up is acceptable (red).

Completion of study measures at baseline and follow up
•

50% to 100% of young people complete study measures at both baseline and follow up (green).

•

20% to 49% of young people complete study measures at both baseline and follow up: 45% (N=64/142 young people) retained to follow
up (amber).
•

In addition to the above (see criteria 2 and 3) the research team has developed Web-based versions of the baseline and follow-up
questionnaires to use during the trial reducing the burden on services and schools; electronic measures were also found to be preferable
with a small number of young people who completed electronic follow-up measures in the feasibility trial. The research team has also
developed videos to inform young people about the study and how to use the app. The research team is confident that the aforementioned
approaches will increase retention, especially in schools as students will be able to complete follow-up measures in school or at home
(eg, if they are absent on the day follow-up measures are administered). One of our main strategies to increase retention will be requiring
services and schools to sign a Memorandum of Understanding (MoU) agreeing to the study, which will be useful to ensure clarity about
what is expected of sites and researchers. This will also help to ensure that all senior leadership and individual staff members are aware
of study before it starts. In signing the MoU, services and schools will be required to elect a key contact, increasing accountability.
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In particular, research and well-being are high on schools’ agenda, meaning the full trial is likely to remain a priority to schools. As
reported in the interviews, clinician engagement with, and recommendation of, Power Up are also crucial to ensure young people’s
engagement (see Textbox 3). Ensuring young people, clinicians, and teachers fully understand the aims of the research, and that Power
Up has been co-designed with young people, may also promote adherence to the study protocol.
•

•

Clinicians have a pivotal role in the adoption of technologies in health care settings, as highlighted in a recent evidence framework
proposed for theorizing and evaluating nonadoption, abandonment, and challenges to the scale-up, spread, and sustainability of health
and care technologies (nonadoption, abandonment, scale-up, spread, and sustainability framework) [51]. Barriers such as competing
priorities, busy schedules, and engagement with the intervention are particularly salient when considering clinicians’ adoption of Power
Up. Leadership and peer support for the importance of Power Up and the possible benefits for patients may help to keep Power Up a
priority for clinicians. Training with a space for clinicians to work through how they would practically implement Power Up in their
clinical practice with their patients may help facilitate easy integration in daily practice. Demonstrating the central role young people
have played in the development of Power Up may help foster initial interest and sustained engagement over time with clinicians. Direct
quotes from young people who have used it and found helpful are likely to be motivating also.

0% to 19% of young people and carers complete study measures at both baseline and follow-up (red).

Limitations
The scope of the feasibility trial was expanded to include young
people from schools, in addition to young people from specialist
services. Although this was based on feedback from young
people, carers, and professionals that Power Up could be useful
in settings beyond specialist services, it was also based on the
slow recruitment rate from specialist services. We have
developed plans to increase recruitment and retention for the
full trial. This study was a feasibility trial, meaning definitive
conclusions about the effectiveness of Power Up cannot be
drawn. It was not possible to blind young people about their
allocation in the feasibility trial, and it will not be possible to
do so in the full trial. As with digital and psychotherapy research
in general, a lack of allocation concealment and a reliance on
self-report measures will be limitations that should be considered
when interpreting any findings from future studies of Power
Up. The Trial Steering Committee did consider using a restricted
version of the app for the control condition, for example, only
with the diary function. Although there is clinical equipoise,
young people and clinicians indicated a strong preference not
to include a placebo intervention, especially as young people
may be unlikely to adhere to such a minimal intervention,

minimizing the usefulness of comparisons. Nevertheless, in
future research, independent randomization using a true
randomization generator, intention-to-treat analysis, and
monitoring and reporting of usage of Power Up will be
methodological strengths. We will also be able to fully examine
the relationship between a young person’s characteristics (eg,
age, gender, and presenting problems) and the effect of Power
Up.

Conclusions
A feasibility trial of Power Up was conducted in specialist
services and school settings. The findings from this study
indicate that it is feasible to examine the effectiveness of Power
Up in a prospective cluster randomized controlled trial: the
overall score of the Go and No Go criteria was 2 and the Trial
Steering Committee have agreed on the plan to increase
adherence to the criteria that were partially met. This study
addresses the call for feasibility trials of digital mental health
interventions for young people [34,35]. Future research is
needed to determine whether Power Up can be used by young
people with emotional difficulties or other long-term conditions
to empower them to self-manage difficulties.
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Abstract
Background: Most evidence-based practices (EBPs) do not find their way into clinical use, including evidence-based mobile
health (mHealth) technologies. The literature offers implementers little practical guidance for successfully integrating mHealth
into health care systems.
Objective: The goal of this research was to describe a novel decision-framing model that gives implementers a method of
eliciting the considerations of different stakeholder groups when they decide whether to implement an EBP.
Methods: The decision-framing model can be generally applied to EBPs, but was applied in this case to an mHealth system
(Seva) for patients with addiction. The model builds from key insights in behavioral economics and game theory. The model
systematically identifies, using an inductive process, the perceived gains and losses of different stakeholder groups when they
consider adopting a new intervention. The model was constructed retrospectively in a parent implementation research trial that
introduced Seva to 268 patients in 3 US primary care clinics. Individual and group interviews were conducted to elicit stakeholder
considerations from 6 clinic managers, 17 clinicians, and 6 patients who were involved in implementing Seva. Considerations
were used to construct decision frames that trade off the perceived value of adopting Seva versus maintaining the status quo from
each stakeholder group’s perspective. The face validity of the decision-framing model was assessed by soliciting feedback from
the stakeholders whose input was used to build it.
Results: Primary considerations related to implementing Seva were identified for each stakeholder group. Clinic managers
perceived the greatest potential gain to be better care for patients and the greatest potential loss to be cost (ie, staff time,
sustainability, and opportunity cost to implement Seva). All clinical staff considered time their foremost consideration—primarily
in negative terms (eg, cognitive burden associated with learning a new system) but potentially in positive terms (eg, if Seva could
automate functions done manually). Patients considered safety (anonymity, privacy, and coming from a trusted source) to be
paramount. Though payers were not interviewed directly, clinic managers judged cost to be most important to payers—whether
Seva could reduce total care costs or had reimbursement mechanisms available. This model will be tested prospectively in a
forthcoming mHealth implementation trial for its ability to predict mHealth adoption. Overall, the results suggest that implementers
proactively address the cost and burden of implementation and seek to promote long-term sustainability.
Conclusions: This paper presents a model implementers may use to elicit stakeholders’ considerations when deciding to adopt
a new technology, considerations that may then be used to adapt the intervention and tailor implementation, potentially increasing
the likelihood of implementation success.
Trial Registration: ClinicalTrials.gov NCT01963234; https://clinicaltrials.gov/ct2/show/NCT01963234 (Archived by WebCite
at http://www.webcitation.org/78qXQJvVI)
(JMIR Mhealth Uhealth 2019;7(6):e13301) doi:10.2196/13301
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Introduction
Context
The vast majority of practices shown to be effective by research
remain unused in health care. It takes an estimated 17 years for
an evidence-based practice (EBP) to be used in clinics, but only
14% of EBPs ever make it into use [1]. Mobile health (mHealth)
technologies, in particular, hold great potential to transform
health care. The evidence base for mHealth is limited but
growing, with some technologies having been proven effective
in randomized trials [2-5]. As of 2019, the degree to which
mHealth technologies have been successfully implemented and
integrated into the mainstream health care system in the United
States remains limited.
The focus of this paper is a novel model for implementation
that can generally be applied to EBPs. The model was developed
through an exploratory analysis conducted in the context of an
mHealth implementation research trial funded by the US
National Institutes of Health (NIH) [6], making the results
especially relevant to mHealth adoption. The trial involved 3
unaffiliated primary care clinics that enrolled 268 patients with
substance use disorders to use a common mHealth system named
“Seva,” a Hindi word that means “selfless caring.” As of 2019,
the Seva implementation trial was among the most
comprehensive mHealth implementation research trials reported
in the US health care system, thus providing an instructive
context for examining the emerging topic of mHealth
implementation research. Little is known about the values and
expectations stakeholders have regarding mHealth
implementation [7]; this information needs to be brought forth
and examined. Previous implementation research has focused
on implementation frameworks and strategies [8-10], including
frameworks specifically related to mHealth [11,12] and
frameworks related to the definition and use of specific
implementation strategies [10]. Substantial work has also been
done to create tools to assess organizational readiness for change
[13]. The decision-framing model contributes something new:
a systematic approach that addresses the interactions between
an mHealth intervention and the specific health system leaders,
staff, and patients being asked to implement it.

Theoretical Foundations
Fundamentally, implementing an EBP is a social process [14]
involving human beings making decisions in the real world.
Two areas of research provide important insights about the
process of implementation but are rarely cited in implementation
science: behavioral economics, which includes the concept of
cognitive biases, and game theory. Both lines of research help
explain how decision making works in the real world and why
implementing an EBP is so challenging.
People frame their decisions on the basis of their own unique
perspectives. Tversky and Kahneman’s paper, “The Framing
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of Decisions and the Psychology of Choice,” [15] defined a
decision frame as “the decision maker’s conception of the acts,
outcomes, and contingencies associated with a particular choice.
The frame that a decision maker adopts is controlled partly by
the formulation of the problem and partly by the norms, habits,
and personal characteristics of the decision maker.” This paper
lays out a decision-framing model for the implementation of an
EBP—an mHealth intervention—used in primary care.
Decision making involves not just a person’s perception of the
acts, outcomes, and contingencies related to a specific choice,
but also a subjective evaluation that determines the perceived
value associated with a given choice. The perceived value of a
particular choice depends critically on each decision maker’s
unique perspective as a stakeholder in a health care system. In
this context, value has a specialized meaning: It is the gains a
person perceives in making a particular choice minus the losses
the person perceives. Figure 1, which is adapted from Tversky
and Kahnamen [15], illustrates the concept of perceived value
in terms of the trade-off between perceived gains and losses.
This simple equation (wherein value equals perceived gains
minus perceived losses) becomes complicated in light of
Tversky and Kahneman’s pioneering work showing that the
everyday choices people make are typically not governed by
rationality, as had been long assumed in classical economic
theory [15]. Instead, the perception of a decision—the way a
choice is framed—can influence the option a decision maker
selects. For example, people are generally risk seeking when
the consequences of a choice are framed in negative terms and
risk averse when consequences are framed positively—people
will make a risky choice to avoid losing money but lock in a
choice that involves a monetary gain. Indeed, people’s
preferences can be reversed by the way a choice is put to them,
and often be predicted by known cognitive biases (or heuristics).
For example, agents of change (often, researchers) who
encourage clinicians to adopt an EBP are likely to value the
EBP more highly than prospective adopters do—sometimes
because the agent has developed the practice himself or herself.
This exemplifies a common decision-making bias called the
endowment effect, that is, the tendency of individuals to ascribe
inflated value to things for which they feel a sense of ownership.
Decision makers are also highly reference dependent; inertia
must be overcome to change from the status quo reference point
that health care stakeholders begin with when considering a
change in their routines. Loss aversion refers to decision makers’
preference, in the face of uncertainty, for avoiding losses over
acquiring gains. Research across several domains has shown
that perceived gains must outweigh losses by a substantial
margin for decision makers to favor changing from the status
quo [16]. This implies that a change agent must convince a
potential adopter that changing practice is going to be highly
preferential when compared with maintaining the status quo.
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Figure 1. Schematic representation of decision framing in terms of gains and losses (adapted from Tversky and Kahnamen [15]).

These decision-making biases are hard to address even among
people well versed in them [17]. They combine to exert a
powerful conservative force favoring the status quo with respect
to clinical practice for both individuals and their work
organizations.
Clearly, individual choices favor the status quo. Compounding
the issue, implementation involves many different individuals
making choices—all of them with different decision-making
considerations. Game theory provides a framework for
organizing implementation as a series of decisions made by
members of different health care stakeholder groups [18].
According to game theory, all games comprise 4 key elements:
players, actions, payoffs, and information. The central idea of
this research is that success or failure in implementation is the
result of decisions made by a diverse set of health care
stakeholders, all of whom bring different perspectives and values
to the decision of whether to adopt a given intervention. In
health care, different stakeholders—payers (such as insurance
companies), clinic managers, clinicians, and patients—are
constantly confronted with choices about whether to adopt EBPs.
Implementing an EBP may be conceptualized as a dynamic
decision-making process that requires serial cooperation from
all of these stakeholders to be successful.
In EBP adoption, the players can be defined as the 4 stakeholder
groups named above (payers, clinic managers, staff, and
patients); the players’ actions are either to adopt or resist
adopting the EBP; and each player’s payoff corresponds to the
perceived net benefits of adopting or not adopting from that
player’s perspective.
At each stage of implementation, different stakeholder groups
make informal assessments of the value of adopting the EBP.
Abstaining from decision making by failing to participate in
the implementation process is common and tantamount to not
adopting. If members of a stakeholder group do not perceive
that they will benefit significantly by adopting, they may choose
not to adopt and maintain the status quo instead. For example,
if management promotes an EBP that staff members find
onerous, staff will likely not adopt unless they are strongly
http://mhealth.jmir.org/2019/6/e13301/
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compelled to adopt. The serial cooperation required for
successful implementation will be broken at this level, and
patients will not have access to the EBP because their access
depends on the cooperation of clinical staff. Staff members are
acting rationally in this example, because, by not adopting, they
are selecting the option with greater value from their perspective.
The game theory conception of implementation helps further
explain the dismal statistics on implementation success cited at
the start of this paper [1]. Generally, the decision of any
stakeholder group not to adopt an EBP is likely to prevent the
adoption of the EBP in the organization. Admittedly, this
conception of the implementation process does not fully account
for the complexity of implementation, which is in fact less linear
and straightforward than the conception suggests. Behavioral
economics and game theory both suggest that implementation
is a complex human enterprise because it is a social process.
The process involves people with different perspectives making
decisions about the same choice—managing the implementation
process is both science and art, with a priori odds
overwhelmingly tilted toward failure.

Aims
This paper provides a systematic model that implementers and
researchers may use to gather input from health care
stakeholders whose cooperation is essential to the successful
implementation of EBPs. The model was applied specifically
to an mHealth implementation study, and it therefore offers
insights specific to mHealth, in addition to a method for
designing and operating an effective implementation strategy.
Someone who wants to introduce and implement an EBP into
a system would benefit from understanding the
considerations—the gains and losses—that potential adopters
perceive as they think about adopting new practices. These
considerations can then be used to modify the intervention or
the implementation strategy (or potentially both) to better align
with the considerations expressed by potential adopters and
improve the likelihood of implementation success. Multimedia
Appendix 1 describes the steps to implement the model.
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Methods
The Focal Evidence-Based Practice
The mHealth intervention analyzed is called Seva, an
evidence-based mHealth intervention designed to help prevent
relapse in people recovering from substance use disorders
[19,20]. Seva offers patients a discussion board used
anonymously (with code names) by patients in the study;
interactive modules that teach self-regulation, problem solving,
and other skills; and health tracking tools and tools for coping
with challenging situations, such as cravings and high-risk
situations (eg, relaxation exercises, strategies from cognitive
behavioral therapy, and links to local 12-step meetings). Seva
gives clinicians a Web portal with a Clinician Report containing
longitudinal information generated by patients’ self-reported
data about their substance use and well-being (eg, sleep,
depression). Seva (under the name A-CHESS) was proven
effective in a randomized trial of patients leaving residential
treatment for alcohol use disorders [20]. It is currently being
tested in other substance use treatment contexts.

Ethics Approval and Consent to Participate
The study protocol was designated minimal risk and approved
by the University of Wisconsin’s Health Sciences Institutional
Review Board (protocol number: 2012-0937-CP019). The parent
study is registered with ClinicalTrials.gov (NCT01963234).

Setting and Participants
The parent study [6] introduced Seva in 3 Federally Qualified
Health Centers, which are primary care clinics in the United
States that offer both primary and behavioral health care services
to patients regardless of their ability to pay. At each of the 3
clinics, staff and patient participants were recruited for this
exploratory analysis as a convenience sample from the staff and
patients who consented to participate in the parent
implementation study. Individual and group interviews were
conducted with these stakeholders to elicit values related to the
adoption of Seva and other EBPs. These interviews occurred
during clinic visits from February 24 to 25, 2016; August 2,
2016; and September 21, 2016. These dates roughly
corresponded to the transitional period between the stages of
active implementation and maintenance in the parent study’s
implementation plan. In total, 6 clinic managers, 17 clinical
staff, and 6 patients were involved in the individual and group
interviews. Table 1 shows characteristics of the patients and
staff who participated in the interviews.

Eliciting Stakeholder Considerations
The model used to frame decisions around EBP adoption is
based on procedures for eliciting stakeholder considerations
and defining a decision-analytic structure described by Edwards
et al in their 2007 text, Advances in Decision Analysis [21]. The
process is represented in broad terms by Figure 2. The type of
decision analysis described here relies on a process of inductive
reasoning in which the decision analyst constructs a model of
the decision-making process by interviewing stakeholders. This
model formulation is a first step; the result may then be tested
prospectively in subsequent research and refined as necessary.
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The series of stakeholder interviews took place one-on-one and
in group interviews with clinic managers, clinic staff, and
patients. The decision analyst (AQ) explained the premise of
decision framing: that different groups of stakeholders have
different considerations and contexts depending on their role
in the health care system and that these considerations bear on
their decisions about adopting EBPs. The objective of the
interviews was to elicit the considerations that could be
translated into values and serve as the foundation of a
decision-framing model for mHealth implementation from the
perspective of different stakeholder groups. The interviews were
semistructured and exploratory. A series of planned questions
were asked to promote the discussion of key issues around
implementation from each stakeholder perspective, followed
up with probing questions to understand the ideas that
participants expressed—the potential gains (pros or advantages)
and losses (cons or disadvantages) derived from implementing
and using Seva.

Clinic Manager Interviews
Clinic managers at each implementation site were interviewed
one-on-one by the decision analyst. Clinic managers continually
make decisions about whether to undertake new projects, such
as implementing Seva. Such decision making often occurs in
the context of formal meetings intended to establish consensus
around organizational goals (eg, monthly board meetings). An
initial question posed during one-on-one interviews with
managers from each site was, “What factors do you consider in
deciding whether to introduce a new EBP like Seva to the staff
and patients in your organization?” This initial inquiry was
followed with specific questions about the factors the manager
named, as well as questions that arose in the context of the
discussion. Follow-up questions included the following: “At
the organizational level, is there a process for deciding what
new practices to implement? What barriers did you face in
introducing Seva to your clinic? What would make it easier for
you to implement Seva?”

Clinic Staff Interviews
Teams of staff members who participated in the implementation
of Seva were interviewed in a group setting at each of the 3
implementation sites. When it comes to adopting a new EBP,
clinic staff members can usually choose to adopt the new
practice (such as Seva) or maintain the status quo.
During group interviews with staff members, the decision
analyst asked participants to reflect on the following question:
“What do you think about when you are asked to do something
new—a new procedure, a new technology, or some new
evidence-based practice?” The decision analyst then gave staff
members time to generate ideas individually. These ideas were
then shared within the group in a round-robin fashion. After
eliciting key considerations with respect to adopting new
practices, the decision analyst used open-ended questions to
expand on concepts presented by participants. Follow-up
questions included the following: “In your different roles, how
are you judged to be successful? Are metrics used (eg, number
of patients seen, patient surveys, and other things)?”

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e13301 | p.110
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Quanbeck

Table 1. Baseline characteristics of participating clinics, clinic staff, and patients.
Characteristics

Site 1 (Madison, Wisconsin):
Site 2 (Missoula, Montana):
Primary care and mental health Primary care, mental health,
and addiction treatment

Site 3 (Bronx, New York):
Primary care and mental
health

Participants

5

9

9

Manager

1

2

3

Physician

1

2

1

PhD psychologist

1

0

0

Therapist, counselor, or social worker

0

2

3

Care manager

0

2

1

Medical assistant

2

0

0

Clinic data manager

0

1

0

Other

0

0

1

3

3

Clinic staff and roles, n

Patients
Participants, n

0
a

Age (years), range

—

43-56

40-63

Gender (female), n

—

2

1

Some high school

—

0

3

Some college

—

2

0

Associate’s degree

—

1

0

Alcohol

—

2

0

Cocaine

—

0

1

Marijuana

—

0

2

Multiple drugs

—

0

1

—

0

1

White

—

3

1

African American/black

—

0

2

Highest education achieved, n

Drug of choice, n

Ethnicity, Hispanic/Latinx, n
Race, n

a

Not applicable.

Figure 2. Decision-framing model. EBP: evidence-based practice.

Patient Interviews
Patients were interviewed in a group setting at both the Missoula
and Bronx sites. (Owing to staggered implementation timing
and turnover of a key staff member, patients at the first
implementation clinic could not be reached for follow-up
interviews). During these group interviews, patients were asked
to reflect upon the considerations they had about adopting Seva
http://mhealth.jmir.org/2019/6/e13301/
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and upon how Seva complemented other addiction treatment
options, such as outpatient addiction treatment services offered
by the clinic and traditional Alcoholics Anonymous/Narcotics
Anonymous meetings. An initial question posed to patients was,
“Assume you have a friend struggling with drug or alcohol
problems who wants to know if you would recommend Seva
to him or her. What would you say and why?” Each patient
participant reflected on this question and shared responses,
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prompting group discussion. Follow-up questions posed by the
decision analyst included the following: “What problems (if
any) did you have using Seva? To what extent was cost a barrier
to your using Seva?”

Developing the Decision-Framing Model and
Assessment of Face Validity
Input derived from this series of stakeholder interviews was
used to establish the primary values (ie, trade-offs between
perceived gains and losses) that governed stakeholders’
decisions about the implementation of Seva. Considerations
gathered through the interviews were systematically reviewed
by the decision analyst and another researcher, and they were
compiled into a decision-framing model that expressed the
considerations as perceived gains and losses from the
perspective of each stakeholder group.
The first-order approach to assessing the validity of any model
focuses on face validity—that is, the degree to which the model
concords with holistic judgments of validity by the stakeholders
whose input was used to develop it [22]. After the initial
decision-framing model was constructed, a draft version of the
manuscript was emailed to 6 of the clinic managers and staff
members from the 3 clinics whose feedback was central in
development of the decision-framing model. (Owing to practical
concerns, chiefly having to do with privacy, feedback from
patients was not solicited.) The respondents were asked to
independently rate the degree to which they thought the
decision-framing model incorporated the most important values
related to their implementation of Seva and whether it provided

a reasonable representation of the implementation
decision-making process. These 6 stakeholders, whose
considerations informed the decision-framing model, were
offered the opportunity to engage in follow-up phone and email
correspondence to provide feedback on face validity.

Results
Results From the Parent Study
The subsequent results and discussion should be understood in
the context of the parent implementation study [6], which
showed that implementation and effectiveness outcomes were
largely positive; management supported the use of Seva in all
3 clinics, 1 or more clinic champions emerged at each site to
engage and support patients, and patients showed significant
reductions in drinking and drug use. Adoption results were
mixed; although patients adopted Seva with very high levels of
use by normal mHealth standards, use of Seva did not penetrate
primary care clinical processes beyond use by a handful of clinic
champions at each site. Maintenance of the system was
unsuccessful; each clinic’s use of Seva ended when no long-term
payer emerged to sustain the system after NIH grant funding
ended.

Implementation Considerations Expressed by
Stakeholder Groups
Table 2 summarizes the implementation considerations that
emerged during individual and group interviews in the context
of the choices that are available to each stakeholder group.

Table 2. Stakeholder implementation considerations.
Stakeholder group

Decision alternatives

Clinic managers

Support implementation of Seva
Gain: increased quality of patient care;
versus allocate resources to compet- Loss: additional clinical staff time required
ing projects
to implement and operate the intervention;
Gain: advances organizational mission;
Loss: uncertainty about sustainability potential of new intervention; Loss: opportunity
cost of time for clinic champion to lead
change efforts; Loss: lack of integration of
new intervention into existing clinical
workflows

Perceived gains were evident at outset.
Clinics were compensated for staff time
during grant period to offset costs. Management at all clinics supported introduction
and use of Seva throughout the implementation period. Though management at 2 of 3
sites supported ongoing use of Seva, the
challenges of transferring from grant funding to a long-term sustainable operational
plan could not be successfully addressed,
and system use ended at all 3 sites

Clinic staff

Adopt Seva or maintain status quo
clinical practice for addiction

Loss: time required to learn and use a new
system; Loss: disruption of current workflows, including integration with the electronic health record (EHR); Gain: improved
quality of patient care; Loss: uncertainty
about long-term sustainability; Gain: potential to automate clinical functions currently
done manually

Seva was heavily used and valued by clinic
champions, but penetration beyond clinic
champions was limited. Failure to integrate
Seva data into EHR made accessing Seva
data infeasible for most clinicians

Patients

Use Seva (in addition to standard
addiction treatment offered by the
clinic) or continue with standard
addiction treatment offered by the
clinic or seek other treatment (eg,
Alcoholics Anonymous)

Gain: access to a safe means of recovery
support (anonymous and private, as well as
coming from a trusted source); Gain: promotes access to resources and connections
to similar others; Gain: promotes autonomy
in recovery management (ie, voluntary use
on patient’s own time); Loss: cost to operate
(including smartphone and data plan, covered by grant during intervention but transferred to patients after 12 months)

Patient out-of-pocket costs for Seva were
paid with National Institutes of Health grant
funding. Patient use during the study was
high; use fell to zero when costs shifted to
patients after grant funding ended. Logistical challenges made it difficult to transfer
payment arrangements for data plans from
the research team to individuals
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Clinic Managers
In determining whether to adopt Seva, clinic managers
considered the greatest potential gain (or advantage or pro) to
be providing better care for patients and the greatest potential
loss (or disadvantage or con) to be costs, which were expressed
in such terms as staff time, sustainability, and opportunity cost
required to implement the change. In 1 clinic, if a proposed EBP
would be valuable to patients, it is assessed for its alignment
with other values expressed in the clinic’s mission—for
example, the EBP should help build relationships with the
community or foster the integration of medical, behavioral, and
dental health services. This clinic follows a carefully designed
process for deciding which innovations to adopt, using weekly
management meetings of 5 clinic staff members. These meetings
follow Robert’s Rules of Order, a widely used parliamentary
protocol for conducting meetings and reaching group decisions
[23]. In reaching a decision, the group also actively solicits
clinician feedback. Nevertheless, innovations that improve
patient care and align with organizational mission face the
constraint of cost, which is ultimately synonymous with
sustainability.
According to 1 clinic leader who championed the Seva project,
“If a program like Seva costs us money, on balance, it will be
very hard for us to sustain. If it saves the organization money,
it has a chance.” As the director of behavioral health put it at
another clinic, “We don’t want to spend the resources to create
something new that won’t last.” Many Federally Qualified
Health Centers are accountable care organizations (or part of
such organizations) that are responsible for the total cost of care
for each patient. If an intervention like Seva helps patients
maintain healthy and stable lives—and helps avoid the costly
emergency room visits, detoxification stays, and hospitalizations
often associated with addiction—the cost of implementing it
may be worthwhile. If an innovation cannot be paid for by a
grant or insurance reimbursement, it is, by definition,
unsustainable, and an unsustainable innovation is not worth
implementing. Managers also weigh costs in terms of staff time
and integration with existing workflows, and small aspects of
a proposed innovation can affect those costs. One management
group uses a visual representation of clinic workflows to see
how an intervention might fit because altering existing
operations and workflow is expensive in labor and opportunity
cost. As this manager put it, “How many hoops will staff have
to jump through to do this?”

Clinic Staff
At all 3 clinics, virtually every clinic staff member interviewed
cited time requirements as the foremost consideration in
deciding to adopt a new practice. An intervention that costs
staff extra time (expressed in terms of learning and using a new
method or methods) is perceived negatively; a proposed
intervention that might save staff time is perceived positively.
An addiction psychiatrist whose patients used Seva shed light
on what clinicians are trying to accomplish in the limited time
they have with patients:
I’ve got 20 minutes with each patient every 6 weeks,
if they show up. If you’re my patient and you’re not
getting better, I want to know what is going on in your
http://mhealth.jmir.org/2019/6/e13301/
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life. Are you not taking the medications I’ve
prescribed? Are you using alcohol or other drugs?
Are you having trouble with your family? Are you not
sleeping? What’s going on?
This clinician values learning about a patient’s problems as
efficiently as possible—time is her most limited resource. An
mHealth system like Seva has the potential to save clinicians
time by continuously gathering and summarizing patient data
so that they can quickly get an accurate picture of their patients’
lives. Clinicians also said (like managers) that sustainability
was important in their decision making, but to clinic staff,
sustainability meant, in part, integration with the electronic
health record (EHR). This EHR consideration arose in the group
interviews because Seva data could not be integrated into the
EHR, which caused inefficiency and frustration among
clinicians. Clearly, the EHR is central to clinicians because it
structures and monitors clinical work. This sets a high bar for
EBP implementation because making changes to the EHR can
be so difficult. In the health system that 1 clinic is part of,
incorporating data into the EHR from external systems is
reportedly so onerous that integration takes place only when
changes are legally mandated (eg, a change to the EHR was
enacted only after the state legislature passed a law requiring
physicians to check the state’s Prescription Drug Monitoring
Program database before prescribing an opioid).

Patients
Because patients were asked about their decision making in the
context of the Seva project, their responses reflected their
thoughts about Seva and addiction treatment more specifically
than the responses of managers and clinic staff, whose comments
reflected their experience with the adoption of EBPs generally.
Patients cited safety as their foremost consideration with regard
to Seva. In the context of recovering from a substance use
disorder, the concept of safety includes anonymity and privacy,
as well as feeling confident that the innovation came from a
trusted source (ie, on the basis of a recommendation from the
patient’s clinician). Patients chose to use Seva in part because
they weighed it against specific alternatives—Alcoholics
Anonymous or Narcotics Anonymous meetings or not receiving
treatment—that felt less safe to them. Patients’ comments also
suggested that a successful innovation—all 6 patients
interviewed regarded Seva as a valuable intervention—must
promote connection to others and access to recovery resources.
In both the rural setting of Missoula, Montana, and the urban
setting of the Bronx, New York, patients reported feeling
isolated. A patient in the Bronx said it was hard to get to
Alcoholics Anonymous meetings, especially those held at night,
because of concerns for her physical safety and the temptation
to use drugs. In Missoula, getting to meetings was challenging
because of difficulties with transportation. Seva addressed the
isolation of these patients by enabling them to connect with
peers and get help 24/7. A participant from the Bronx described
how Seva helped him when he was on the brink of relapse. He
decided to use Seva to reach out to one of the group’s monitors
(a member of the research team). “If I didn’t have that phone,
I don’t know what would’ve happened,” he reported. He also
said the following:
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Reaching out through Seva was the only thing that I
could’ve done at that moment. I just needed someone
to talk to; to listen to what was going on with me; to
give me a push in the right direction.
Finally, patients wanted to feel in control of their choices to use
Seva rather than be coerced. “I like the fact that this is not
something I’m forced to do,” said one woman from the Bronx.
She also said the following:
I can do it [use Seva] when I want to. This is my
option. If I don’t feel like listening, I won’t listen!

Face Validity
The 6 clinic managers and staff members who were consulted
to provide face validity offered no corrections to the results
presented.

Discussion
Principal Findings
This research conceptualizes the problem of implementing EBPs
in a new way, borrowing key ideas from behavioral economics
and game theory and integrating them with stakeholder
feedback. This new conceptualization applies to the
implementation of EBPs generally, but in this case, it was
applied to one of the largest mHealth implementation trials to
date, thereby specifically producing insights about mHealth
implementation. The presumption of implementation researchers
is that it is valuable to adopt EBPs per se. In truth, stakeholders
have considerations, biases, and points of view that often limit
the perceived usefulness of an EBP. It is the role of the
implementer to frame decisions regarding intervention adoption
for different stakeholders in the context of their considerations
and values. This means presenting alternatives (ie, constructing
subjective value functions) and adjusting the framing of the
decision to maximize the probability of a positive choice for
each stakeholder. The decision-framing model produced clear
considerations that stakeholder groups used to evaluate the
implementation of Seva, suggesting that decision-framing may
be used to elicit multiple stakeholder perspectives. These
considerations may in turn be used to (1) adapt the intervention
to be implemented, or (2) tailor the implementation strategy
used to deliver the intervention in ways that address
stakeholders’ most important considerations, or both. For
example, the study revealed that finding a way to pay for Seva
was essential to sustaining it after the study ended. If we had
learned this before rather than after implementation, we could
have tried to address this more robustly at the beginning of
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implementation. As an example of how stakeholder
considerations can be incorporated into tailoring an
implementation strategy, suppose clinical staff express concern
about the additional time required to implement a change in
practice. In response, an implementer could organize a meeting
between management and clinicians to define the work required
and then carve out dedicated time in a clinician’s schedule—say,
an hour every Friday morning—to commit to the work of
implementation. This time expenditure would likely be viewed
as a worthwhile investment by management if doing so leads
to reduced hospitalizations for patients.
Payers are key stakeholders in health care systems, but payers
were not directly interviewed for this study. In interviews with
clinic managers and through interactions with a payer at 1 site,
a single payer consideration was perceived as dominant: cost.
An EBP may be perceived positively if it reduces the total cost
of care—as Seva showed the potential to do through its effects
on hospitalizations and emergency room visits [6]—or it may
be perceived negatively if it increases the cost of care or has a
cost that cannot be reimbursed.
The results of this inductively constructed model will now be
tested prospectively, in a process using deductive reasoning,
for its ability to predict the adoption of mHealth in a forthcoming
implementation study funded by the US NIH
(1R01DA04415901A1). In this test, the considerations reported
here will be ranked (eg, clinic managers in the forthcoming trial
will rank the 6 considerations reported by clinic managers in
this paper), and then the decision alternatives will be rated (eg,
clinic managers will rate how well the mHealth intervention
addresses the considerations). See Figure 3 for an example
section of the survey to be administered. The resulting rankings
and ratings can then be weighted to determine how important
they are to address, either by modifying the mHealth
intervention or the strategy used to implement it. See the
instructions for weighting considerations in Multimedia
Appendix 1.
A nesting structure of values emerged through the interviews
with stakeholders, both within each stakeholder group and
between 1 stakeholder group and the next. For instance,
management implied that for an intervention to be maximally
appealing for adoption, it must first and foremost be valuable
to patients, then palatable to staff, and then sustainable from a
cost and reimbursement perspective. In a sense, management
is implicitly incorporating the key values of patients, staff, and
payers when deciding whether to approve implementation
projects.
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Figure 3. Illustration of prospective ranking and rating procedures.

Comparison With Previous Work
Although many potentially useful instruments and frameworks
are available from the implementation research literature to aid
in the implementation process [13], the decision-framing model
(1) provides a systematic approach for assessing the perceived
value of an intervention from multiple stakeholder perspectives,
(2) is concise and pragmatic, and thus suitable for widespread
application (in contrast to more comprehensive,
http://mhealth.jmir.org/2019/6/e13301/
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research-oriented models and questionnaires), and (3) offers an
intervention-specific model that accounts for the complex
interactions among organizational leaders, staff, the intervention
itself, and patients. (Models of implementation [8] suggest that
all these factors are relevant to implementation success.)
Multimedia Appendix 1 provides practical guidance on how to
use the decision-framing model in implementation and
implementation research.
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The need for systematic tailoring of implementation strategies
has been identified as essential in the implementation research
literature [24,25], but determining exactly how to conduct
effective tailoring is still an understudied area. Decision framing
can provide an organizing structure to gather information at the
start of implementation—for instance, during the Exploration
and Adoption/preparation stages of Aarons’ framework [9]—as
well as during active implementation. The process may yield
useful information for tailoring implementation strategies on
the basis of stakeholder values. External change agents, such
as organizational coaches or facilitators, often lead
implementation efforts. Research has shown that the
effectiveness of facilitation can vary [26]. External change
agents may benefit by using a systematic model, such as decision
framing, because it provides a set of operating principles from
which to orchestrate an implementation process that helps ensure
that stakeholders have been involved and their values have been
heard. Doing so could minimize the chance that implementation
fails because of inconsistency in approaches to stakeholder
engagement, a prospect that is virtually inevitable when left to
the variability of human change agents.

Limitations
For logistical reasons, the decision-framing model was
constructed retrospectively, at roughly the end of the
implementation period at each site. Stakeholders’ responses
may have been different if the process had been undertaken
before Seva was adopted. Prospective application of decision
framing will take place in a forthcoming randomized trial, an
NIH-funded implementation trial that was funded in 2018
(1R01DA04415901A1).
The face validity of decision framing was established in the
context of a single study involving 1 type of health care setting
(Federally Qualified Health Centers) and 1 EBP (an mHealth
intervention for substance use disorders). Further research will
be needed to validate the model and examine its usefulness with
other interventions in other settings. The data reported also
represent small samples, especially with only 6 patients
interviewed, warranting caution about the generalizability of
the findings.

Quanbeck
Decision framing is a simple model that seeks to capture
essential decision-making processes related to implementation
research. More quantitatively robust decision-analytic techniques
certainly exist (eg, multiattribute utility theory), but trade-offs
are inevitable between pragmatism and research sophistication
in selecting a model. Decision framing was selected in part
because it is simple and intuitive enough for wider uptake.
Finally, decision modeling of any type invariably simplifies the
complexity of any actual implementation process.
Implementation does not always unfold in an orderly fashion,
and assigning accurate weights to considerations can be difficult.
For example, unreimbursed cost sealed the fate of Seva, despite
patients’ positive perceived value and the efforts of leadership
in 1 clinic to find funding, and it may be that unreimbursed cost
commonly plays such a role in implementation. In addition, the
implementation of some practices may not require cooperation
from all stakeholder groups—for example, patients may choose
to use certain EBPs (such as mHealth apps) without any support
or involvement from clinic management or staff. Demand for
innovations can bubble up from patients and staff; indeed, such
origins may bode more favorably for successful implementation
than the top-down approach to implementation that is common
in the health care system.

Conclusions
Though the decision-framing model is new to implementation
research, the rationale for it is both simple and pragmatic:
implementing an EBP is a fundamentally social process [8],
and the inescapable biases associated with human decision
making apply in implementation research just as they do in
every other aspect of life. Decision-framing techniques have
been exhaustively studied, validated, and applied in many fields,
including psychology, business, and management. Innovation
often lies in scanning many disciplines, making logical
connections, and matching the most appropriate solutions
available to the problem at hand. Newly applied to
implementation research, decision-framing offers a potential
tool for implementers to use in speeding the adoption mHealth
interventions and other EBPs.
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Abstract
Background: Tracking of dietary intake is key to enhancing weight loss. Mobile apps may be useful for tracking food intake
and can provide feedback about calories and nutritional value. Recent technological developments have enabled image recognition
to identify foods and track food intake.
Objective: We aimed to determine the effectiveness of using photography as a feature of a smartphone weight loss app to track
food intake in adults who were overweight or obese.
Methods: We analyzed data from individuals (age, 18-65 years; body mass index≥25 kg/m2; ≥4 days of logged food intake;
and ≥2 weigh-ins) who used a mobile-based weight loss app. In a retrospective study, we compared those who used the photo
feature (n=9871) and those who did not use the feature (n=113,916). Linear regression analyses were used to assess use of the
photo feature in relation to percent weight loss.
Results: Weight loss was greater in the group using the photo feature (Δ=0.14%; 95% CI 0.06-0.22; P<.001). The photo feature
group used the weight loss app for a longer duration (+3.5 days; 95% CI 2.61-4.37; P<.001) and logged their food intake on more
days (+6.1 days; 95% CI 5.40-6.77; P<.001) than the nonusers. Mediation analysis showed that the weight loss effect was absent
when controlling for either duration or number of logged days in the program.
Conclusions: This study was the first to examine the effect of a food photo feature to track food intake on weight loss in a
free-living setting. Use of photo recognition was associated with greater weight loss, which was mediated by the duration of app
use and number of logged days in the program.
(JMIR Mhealth Uhealth 2019;7(6):e11917) doi:10.2196/11917
KEYWORDS
food intake; digital photography; app tracking; dietary assessment; free-living

Introduction
More than two-thirds of adults are considered to be overweight
or obese in the United States [1]. Individuals with obesity are
at an increased risk of developing cardiovascular disease, type
2 diabetes, and hypertension and are at a greater risk of mortality
[2,3]. Weight loss can reduce the severity of these comorbidities
https://mhealth.jmir.org/2019/6/e11917/
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or help prevent them [4,5]. Lifestyle modifications including
calorie restriction can be effective in reducing body weight in
the short term, although such approaches are less successful in
the long term: Only about 20% of overweight individuals were
successful at long-term weight loss, defined as losing at least
10% of the initial body weight and maintaining the weight for
at least 1 year [6]. The current obesity epidemic has generated
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a large market for weight loss programs. Commercial weight
loss programs offer various aids, including mobile apps that
allow tracking of food intake.
The majority of the US adult population (77%) reported owning
a smartphone device in 2018 [7]. Tracking of food intake by
using a mobile app can provide instant feedback about the
calories and nutrients of the meal. Dietary self-monitoring is a
key component in weight loss programs [8], and frequency of
self-monitoring is strongly correlated with weight loss [9,10].
Some studies have reported a modest, although significantly
greater, weight loss associated with the use of mobile apps
compared to more traditional methods such as pen and paper
[11-15], whereas others have found no difference [16-18].
Meta-analyses and systematic reviews of the recent literature
also report mixed results, partly due to variation in the inclusion
criteria [19,20]. In one meta-analysis, Flores-Mateo et al [19]
reported significantly greater weight loss among people using
mobile apps as compared to those using other methods, whereas
Semper et al [20] reported no significant difference in their
meta-analysis.
Self-monitoring requires time and effort, and many find tracking
of dietary intake tedious, which contributes to attrition [21].
Obesity researchers and weight loss companies have attempted
to improve the ease of tracking by offering new features. One
such feature employs photography of food items to monitor
dietary intake both in the clinical setting and everyday life
[22-25]. Since the technology has only been developed recently,
the literature on this subject is limited. However, a few studies
have examined the effect of using photography to record food
intake. A method developed by Martin et al [26], called Remote
Food Photography Method (RFPM), uses semiautomatic
computer analysis performed by researchers to obtain nutritional
value from food images submitted by users. However, due to
technological limitations, this process needs to be overseen by
trained professionals [27,28]. Recent studies using RFPM
conducted in pregnant women and preschoolers with obesity
found that this method was not accurate in estimating energy
intake compared to doubly labeled water [29,30]. Doumit et al
conducted a cross-over study in college students, mostly of
normal weight, to examine the effects of recording food intake
from memory or with the aid of cell phone photos on energy
intake and food choices [31]. They reported a nonsignificant
trend for lower energy intake in the group using cell phone
photos, suggesting increased awareness of food choice and
portion size. The study did not assess weight change and was
of a short duration, with 3 days for each assessment period. A
retrospective cohort study examined factors related to the use
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of food photography with an app that promotes healthy eating
[32]. Active users (with 10 photos or more) had, on an average,
used the app for longer and had higher healthy ratings per photo
than nonactive users (1 photo) and semiactive users (2-9 photos).
However, this study did not monitor weight change.
Recently, a new tool, Snap It™, became available that allows
participants to take photos of their food, and through image
recognition technology attempts to match the food item to a
large food photo database [33]. We investigated the effect of
using a food image recognition feature as part of a mobile app
for tracking food intake on weight loss. We hypothesized that
the photo feature users would lose more weight than nonusers.

Methods
Mobile App
Lose It! is a free weight loss mobile app launched in 2008 by
FitNow (Boston, MA), which allows users to record their daily
food intake. Users enter their self-reported weight, height,
gender, and age when they sign up. They choose their goal
weight and the rate at which they would like to lose weight (0-2
lbs per week). The app allows users to record food intake and
exercise, calculates calories consumed, and estimates calories
expended. All users have a calculated calorie budget for the day
and can see whether their intake was within their budget. Users
can also choose to pay US $39.99 per year for the premium
features, which offer meal and exercise planning, macronutrient
tracking, and recipes. In November 2016, a new free feature
was added to the app that utilizes a food image tool called Snap
It, which recognizes food items and requests the user to confirm
their meal items from a list of potential matching foods and to
add estimated portion sizes. The feature became available to all
users of the app, but only a fraction have used it. We
investigated weight loss outcomes among those who used the
app versus those who did not. The data were de-identified before
they were provided to us by the company FitNow, which had
no role in the development of the protocol, the interpretation of
the data, or the preparation of the manuscript.

Photo Feature
The Snap It photo feature is shown in Figure 1 and is available
to all app users at no additional cost. The user takes a photo of
food items and then obtains a list of food items that the software
recognizes as potential matches. The user subsequently chooses
the correct match and specifies the quantity consumed from the
list. Thereafter, the calories and macronutrients are calculated
and displayed.
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Figure 1. App photo feature. Users can take a snapshot of their food items before eating and select correct matches among a list of suggested items
[33]. The calories and nutrients for the items are then displayed.

Study Sample
We received the dataset from FitNow, Inc, which included
175,402 users who joined between November 1, 2016, and
January 31, 2017. Data collection for this sample ended in April
2017 and included individuals who had logged food intake in
the app for a minimum of 4 days; had at least two reported
weigh-ins; had a date of birth between January 11, 1936, and
April 21, 1999; and reported >3 feet in height and a body weight
between 70 and 750 pounds. The study was approved by the
Touro College and University System Institutional Review
Board (HSIRB# 1746E). We analyzed individuals who were
overweight or obese, defined by a starting body mass index
(BMI)≥25 kg/m2 [34], with a final BMI≥18 kg/m2 and age of
18-65 years. To exclude users with unrealistic data, we removed
outliers outside the 99.7% CIs for height, starting weight,
starting BMI, and %weight change. Only users who used an
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iPhone or an Android phone were included, thus excluding Web
users, as the photo feature is not available on the LoseIt! website.
Usage duration was calculated based on the number of days
between the first and last reported weigh-ins, and the number
of “logged days” was based on the number of days that intake
was entered in the app. The groups were defined as photo feature
users if they used the photo feature to log food intake for at least
1 or more days, and as nonusers if they did not use the photo
feature at all. Only 7.8% (13,663/175,402) had used the photo
feature, likely because the feature was new. We then excluded
users who did not meet the inclusion-exclusion criteria or had
missing or outlier data. We analyzed 123,787 users overall
(Figure 2), grouped by those who used the photo feature
(n=9871) and those who did not use the feature (n=113,916).
Among the photo feature users, we examined weight change in
relation to the number of days the photo feature was used to log
food intake.
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Figure 2. Flow chart of Lose It! app users in the study. BMI: body mass index.

Statistical Analysis
We applied regression analysis using RStudio (version 1.0.14,
RStudio Team, Boston, MA) to compare the %weight loss for
the photo users and nonusers as well as duration in the program
and number of logged days. We included the covariates, starting
BMI, gender, age, premium status, and type of user operating
system (Android or iPhone). We then reanalyzed the %weight
loss data and controlled for duration and number of logged days.
Chi-squared tests and t tests were used for baseline
characteristics and comparisons between groups. Results were
considered significant if the P value was ≤.05. The SD or 95%
CI was used to represent the variance around the mean.

Results
Study Sample
Table 1 shows the composition of the study sample and the
baseline characteristics of the participants, including age, starting
weight, starting BMI, type of operating system (Android or
iPhone), premium subscription status, and goal weight.
Nonphoto feature users were younger, had a lower BMI and a
lower body weight, used iPhones more often (vs Android), and
paid for the premium version of the LoseIt! app less often than
photo feature users.

Table 1. Baseline characteristics and comparisons between groups.
Characteristic

Nonusers (n=113,916)

Users (n=9871)

P value

Age (years), mean (SD)

36.1 (12.1)

36.5 (11.9)

<.001

Starting weight (kg), mean (SD)

93.6 (20.5)

94.0 (20.6)

.051

Starting body mass index (kg/m2), mean (SD)

32.7 (6.2)

33.1 (6.3)

<.001

Female, n (%)

83,150 (72.99)

7153 (72.46)

.26

Android, n (%)

28,041 (24.62)

3438 (34.83)

<.001

iPhone, n (%)

85,875 (75.38)

6433 (65.17)

<.001

Premium, n (%)

13,283 (11.66)

1834 (18.58)

<.001

Goal weight loss (kg), mean (SD)

8.7 (6.2)

8.9 (6.3)

.001
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Weight Loss
Reported body weight decreased over time across the two
groups, with greater weight loss in the photo feature group. The
photo feature users lost 0.14% more (mean 3.42%; 95% CI
3.27-3.58) than the nonusers (mean 3.28%; 95% CI 3.24-3.32;
P<.001), which translated to a 0.15 kg difference (photo feature
users: mean weight loss=3.29 kg, 95% CI 3.14-3.45; nonusers:
mean weight loss=3.14 kg, 95% CI 3.10-3.19). The difference
in the %weight loss remained significant after adjusting for
starting BMI, age, gender, user operating system, and premium
status (P=.002), which were all significantly associated with
the %weight loss. When adjusted for duration, photo feature
use was not significantly associated with %weight loss (P=.40),
and when adjusted for the number of logged days, the weight
loss effect was reversed, where photo feature use was associated
with an increase in body weight (+0.18 kg; P<.001). Duration
and number of logged days were both significantly associated
with %weight loss (r=0.33, P<.001 and r=0.46, P<.001,
respectively). Collinearity between duration and number of
logged days was not significant (variation inflation factor=1.37).
Within group analysis of photo feature users only showed that
the number of days the photo feature was used was significantly
associated with the %weight loss (P<.001). The difference was
associated with 0.04% (95% CI 0.02-0.06) weight loss for every
additional day of using the photo feature.

Premium Version
Of the 123,787 users analyzed, 15,117 (12.2%) were premium
users and 1834 (12.1%) of the premium users used the photo
feature. Premium users had a higher starting weight (96.4 kg;
95% CI 95.6-97.2) than nonpremium users (93.2 kg; 95% CI
93.0-93.4; P<.001). Premium users also lost more weight (mean
3.77 kg; 95% CI 3.60-3.93) than nonpremium users (mean 3.23

Ben Neriah & Geliebter
kg; 95% CI 3.19-3.27; P<.001). The difference remained
significant even after adjusting for starting BMI, age, gender,
and user operating system.

Duration
The photo feature group used the app for 3.5 days more than
nonusers (photo feature users: mean 59.0 days, 95% CI
57.3-60.7; nonusers: mean 55.5 days, 95% CI 55.1-56.0;
P<.001). The difference remained significant (3.2 days; P<.001)
after adjusting for starting BMI, age, gender, user operating
system, and premium status (P<.001).

Number of Logged Days
Photo users logged 6.1 more days than nonusers (users: mean
43.1 days, 95% CI 41.7-44.5; nonusers: mean 37.0 days, 95%
CI 36.6-37.4). The difference remained significant (5.4 days,
P<.001) after adjusting for starting BMI, age, gender, user
operating system, and premium status.

Mediation Analysis
As reported above, %weight loss was significantly associated
with photo feature use (P<.001). Duration was also significantly
associated with photo feature use (P<.001) and %weight loss
(P<.001). When controlling for duration in the program, the
effect of photo feature use on weight loss became nonsignificant
(P=.40), indicating that duration was a mediator (Figure 3). The
number of logged days was also significantly associated with
photo feature use (r=0.05; P<.001) and %weight loss (P<.001).
The effect on %weight loss was reversed (ie, photo feature use
was associated with an increase in body weight) when the
number of logged days was controlled for (+0.18 kg; P<.001),
indicating mediation (Figure 4). Thus, both duration and number
of logged days were significant mediators of the photo feature
effect on %weight loss.

Figure 3. Duration as a mediator. The photo feature use was significantly associated (P<.001) with weight loss before adding the potential mediator,
duration, as a covariate. The photo feature use was also significantly associated with duration (P<.001), and duration was significantly associated with
weight loss (P<.001). When adjusting for duration, the photo feature use was no longer significantly associated with weight loss (P=0.40), indicating
that duration was a mediator.
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Figure 4. Number of logged days as a mediator. The photo feature use was significantly associated with weight loss (P<.001) before adding the potential
mediator, number of logged days, as a covariate. The photo feature was also significantly associated with the number of logged days (P<.001), and the
number of logged days was significantly associated with weight loss (P<.001). Direction of significance was reversed when adjusted for the number of
logged days (P<.001), indicating that the number of logged days was a mediator.

Discussion
Primary Outcomes
In this study, we analyzed data from 123,787 users of a weight
loss app, which included an optional photo feature. Photo feature
users lost significantly more weight than nonusers after adjusting
for starting BMI, age, gender, user operating system, and
premium status, which confirmed our hypothesis. Use of the
photo feature might be less time consuming, more motivating,
and more interactive than typing in food items.
Although statistically significant, the difference in weight loss
between the groups was not clinically significant, indicating
only a very small benefit of capturing food images by a phone
camera. In addition, the photo feature users had more logged
days and longer duration in the program, which may be due to
enhanced motivation derived from taking photos, such as greater
awareness of choice of food and portion size. Photographing
food might also improve memory of the food eaten, which has
been associated with reduced food intake [35]. On the other
hand, individuals who were more motivated initially may have
opted to use the photo feature.

acknowledge the nutritional content of the food item before
consuming it, which may have a greater influence on their choice
of food and portion size.
The frequency of photo feature use, reflected by the number of
days of use of the photo feature, was significantly associated
with weight loss, indicating that the more the photo feature was
used, the greater the amount of weight lost. The photo feature
users’ adherence, reflected in the number of logged days, was
also higher than that of nonusers, suggesting that either the use
of the photo feature motivated the users to continue with the
program or that the users were more motivated to start with and
used this feature as an additional tool. The latter theory is also
supported by the increase in the proportion of photo feature
users that subscribed to the premium features. As reported
above, increased frequency of app use is correlated with
increased weight loss and better maintenance [38]. Use of the
photo feature was associated with increased weight loss, as
hypothesized, possibly due to greater frequency of app use
leading to a more successful outcome. This is the first study to
examine the effect of a food image recognition app feature to
track food intake on weight loss in a large cohort in a
naturalistic, free-living setting.

The weight loss effect was not significant when adjusted for
duration in the program and was reversed when adjusted for
number of logged days. Mediation analysis showed that the
weight loss differences were mediated by duration and number
of logged days. Since entering the number of logged days as a
covariate reversed the direction of significance (ie, photo feature
was associated with weight gain when adjusted for number of
logged days), the number of logged days appears to more
strongly mediate the effect than duration in use of the photo
feature and weight loss. As previously shown, increased
self-monitoring, such as that by recording food intake, correlates
with weight loss [36]. Thus, as the photo users remained in the
program for a longer duration and logged more days, they spent
more time recording their food intake.

Limitations

An additional possible benefit to recording food intake by taking
photos as compared to typing it into an app is that the photo is
taken before the food is eaten, whereas typing in a food item is
customarily done at end of the meal or end of the day, based on
memory [37]. Thus, taking a photo prompts the user to

Conclusions
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There were several limitations, including limited demographic
information, which did not include income and race. This study
was also based on self-reported values of body weight and
height. Additionally, the groups were self-selected and the
numbers were uneven. In future studies, we would add a survey
to gather demographic information and feedback on the ease of
use and motivation to use the app with the photo feature. We
observed a significant correlation between %weight loss and
photo feature use, but this observational study does not allow
determination of cause and effect. The next logical step would
be a randomized controlled trial to help determine causal
direction.

We showed that use of a photo feature as part of a weight loss
app was associated with greater weight loss, an effect mediated
by increased duration and more logged days.
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Abstract
Background: Disparities in cervical cancer incidence and mortality signify the need for intervention efforts targeting Korean
American immigrant women.
Objective: The purpose of this study was to demonstrate how a culturally targeted and tailored mobile text messaging intervention,
mobile screening (mScreening), was developed to promote the uptake of Papanicolaou tests and human papillomavirus vaccine
among young Korean American immigrant women.
Methods: Guided by the Fogg behavior model, the mScreening intervention was developed through a series of focus groups.
Braun and Clarke’s thematic analysis was used to identify core themes.
Results: Overall, 4 themes were identified: (1) tailored message content (ie, basic knowledge about cervical cancer), (2) an
interactive and visual message format (ie, age-appropriate and friendly messages using emoticons), (3) brief message delivery
formats to promote participant engagement, and (4) use of an incentive to motivate participation (ie, gift cards).
Conclusions: This study demonstrated the processes of gathering culturally relevant information to develop a mobile phone
text messaging intervention and incorporating the target population’s perspectives into the development of the intervention. The
findings of the study could help guide future intervention development targeting different types of cancer screening in other
underserved racial or ethnic groups.
(JMIR Mhealth Uhealth 2019;7(6):e13256) doi:10.2196/13256
KEYWORDS
uterine cervical cancer; papanicolaou test; papillomavirus infections; papillomavirus vaccines; text messaging; Asian American;
immigrants
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Introduction
Background
Although cervical cancer has become a largely preventable
disease with recent reductions in cervical cancer mortality in
the United States [1], it still remains a major concern in the field
of women’s health. Approximately 12,000 women are newly
diagnosed with cervical cancer and 4000 mortalities occur
annually [2]. Although there is lower overall cervical cancer
incidence and mortality across the aggregate Asian American
group when compared with other ethnic or racial groups [3],
certain Asian subgroups report some of the highest rates of
cervical cancer across all ethnic or racial groups. For example,
Korean American immigrant women were found to have an
incidence rate of 11.9 per 100,000, much higher in contrast with
non-Latino whites (7.1), Japanese (6.2), and Chinese (5.8)
samples [4].
The Papanicolaou (Pap) test is a screening procedure for cervical
cancer that helps to facilitate earlier detection and treatment.
The US Preventive Services Task Force recommends a Pap test
for all women between the ages of 21 and 65 years every 3 years
[5]. Although 72.8% of non-Latino white women aged 18 years
and older had reported completing a Pap test within the past 3
years in 2010, only 68.0% of Asian women had done the same
[6]. One potential reason behind the disproportionate burden of
cervical cancer faced by Korean American immigrant women
might be the low uptake of both the Pap tests and the human
papillomavirus (HPV) vaccines. In accordance with that
disparity, Korean American immigrant women have consistently
demonstrated a much lower likelihood of being up to date with
recommended Pap tests than non-Latina white women [7,8]. A
previous study in California reported that 35% of Korean
American immigrant women aged 18 to 65 years have not
received a Pap test within the past 3 years [9].
The HPV vaccine prevents infection from the strains of HPV
that cause cervical cancer. The HPV vaccine was introduced in
2006 for women and in 2008 for men and is recommended for
all adolescents starting at the age of 9 years, as well as young
women and men up to the age of 26 years [10]. Despite the
availability of the HPV vaccine, an effective mechanism for
preventing cervical cancer, the rate of vaccination in Asian
American immigrant women is significantly lower (38.6%) than
in non-Latina white women (60.7%) [11]. For example, only
24% of Korean American immigrant mothers reported that their
vaccine-eligible daughters had initiated the HPV vaccine series
of 3 doses [12]. Therefore, an effective intervention is needed
to promote HPV vaccination to prevent cervical cancer for
Korean American immigrant populations.
The disparities in utilization of the Pap tests and HPV vaccine
highlight the need for intervention efforts to specifically target
Korean American immigrant women. Previous efforts to reduce
cervical cancer were focused on promoting Pap tests in Asian
American women, such as community-based navigation [13],
lay health workers [14], and lay health worker outreach
combined with media intervention [15]. However, these studies
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reported mixed outcomes in improving Pap testing. Additional
interventions to promote Pap tests and HPV vaccines specifically
targeting underserved women such as Korean American
immigrant women are needed [16-18].
Incorporating mobile health (mHealth) technology into these
interventions might improve outcomes. Text messaging has
previously been shown to be a useful and efficient means of
educating patients on sensitive health-related issues that require
confidentiality and security, such as HIV prevention [19], mental
health [20], sexually transmitted infection management [21],
and smoking cessation [22-24]. As such, it is possible that the
incorporation of mHealth technology could help improve the
efficacy of efforts to promote Pap tests and HPV vaccination.

Objectives
Although mobile phone–based interventions appear to hold
promise as effective vehicles promoting behavioral change,
little knowledge has been established regarding how to
successfully develop such intervention programs for cervical
cancer prevention. This study aimed to illustrate how a culturally
targeted and individually tailored mobile text messaging
intervention, mobile screening (mScreening), was developed.
The mScreening is a 7-day educational program to promote the
uptake of the Pap tests and HPV vaccines among young Korean
American immigrant women aged between 21 and 29 years.
Our mScreening studies showed the effectiveness and feasibility
of the intervention, including improved knowledge of cervical
cancer and Pap test rates [25] and raising knowledge, attitude,
and uptake rates of HPV vaccine [26]. This study retrospectively
shares the design methodology based on the success we had
with the solution.
We targeted young Korean American immigrant women aged
between 21 and 29 years because of age guidelines of receipt
of Pap tests (21 to 65 years) and HPV vaccines (18 to 26 years).
Given that young Korean American immigrant women have a
high accessibility to mobile phones [27], we targeted young
Korean American immigrant women as an intervention group.
We also targeted both the Pap test and the HPV vaccine as
primary outcomes given that they are highly important
prevention strategies for cervical cancer, with the Pap test
helping to facilitate earlier detection and treatment of cervical
cancer and the HPV vaccine helping to reduce the likelihood
of cervical cancer.

Methods
Conceptual Framework
The procedure for developing mScreening was guided by the
Fogg behavior model (FBM) [28]. The FBM consists of 3
components: identifying barriers, developing motivators, and
providing triggers to act. This theory basically posits that to
make positive health behavior happen, researchers should
identify barriers to a specific health behavior, convert the
barriers to motivators, and finally, provide triggers to make the
action occur.
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Figure 1. Conceptual framework.

Figure 1 shows the specific approach that we proposed using
FBM. To identify the barriers and develop motivators and
triggers for Pap test uptake and HPV vaccine receipt in young
Korean American immigrant women, a series of focus groups
was conducted. Through the focus groups, 3 barriers were
identified and previously published, including limited knowledge
about cervical cancer and preventive behaviors, cultural barriers,
and low accessibility to health care services [29]. On the basis
of these identified barriers, motivators and triggers were also
developed.
In addition to the focus group meetings, the research team had
regular meetings with community advisory board members and
mobile technology developers to get feedback and refine the
mScreening. Through periodic meetings, strategies and
topics—such as what messages and pictures would motivate
young Korean American immigrant women, what real life stories
exist, how the stories should be presented, and in what format
the content should be delivered–were discussed and finalized.
The community advisory board consisted of Korean American
immigrant women in their 20s, a Korean American physician,
a Korean American nurse, and religious and community leaders.
Furthermore, 2 mobile phone technology experts also reviewed
the developed texting program and helped the research team to
revise and finalize it.

Research Design and Sampling
As mentioned earlier, we conducted a series of focus groups
with young Korean American immigrant women to identify
their barriers and to develop motivators and triggers for the use
of Pap tests and HPV vaccine receipt. Overall, 5 focus groups
were conducted between April 2011 and March 2012 with a
total of 22 young Korean American immigrant women residing
in the Twin Cities area of Minnesota, and the details of the
procedure were published previously [25]. A total of 5 women
participated in the first focus group, 7 in the second group, 4 in
the third group, 3 in the fourth group, and 3 in the fifth group.
In addition, 2 women participated twice; thus, we only count
20 women for the total number. The participants were recruited
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from postings on Korean American student associations’
websites, flyers at Korean churches, and the research team
members’ personal networks. They were able to attend the focus
groups regardless of their Pap test or HPV vaccine history. Each
participant received US $20 for their time commitment.

Data Collection
All of the focus groups were conducted in Korean and lasted
approximately 1.5 to 2 hours. The first author (HL), along with
2 research staff, facilitated each focus group. The first author
started the focus groups with welcoming messages, used ice
breakers to build a rapport (eg, talking about the weather), and
introduced the purpose of the meeting. The first author mainly
asked questions to the participants and the other 2 research staff
supported the first authors by asking follow-up questions and
taking notes. The participants were informed about
confidentiality, and they had a chance to introduce themselves
to the group. Verbal and written consent was obtained from all
participants before starting the groups. The topics of the focus
groups included (1) barriers and facilitators of cervical cancer
screening and HPV vaccination, (2) effective ways to increase
Korean American immigrant women’s awareness of cervical
cancer screening and HPV vaccination, (3) patterns of mobile
phone use and ways to use mobile phone text messaging as an
intervention medium to increase Pap testing and HPV
vaccination, (4) ways to effectively deliver messages and
age-appropriate designs for the intervention, and (5) potential
implementation methods that would maximize participation and
engagement. All sessions were digitally recorded to ensure that
no information was missed during the sessions. Topic 1 (barriers
to cervical cancer screening and HPV vaccination) was
published [29]. This study reports on topics 2 to 5. The
University of Minnesota institutional review board approved
this study.

Data Analysis
Core themes from the focus groups were identified using Braun
and Clarke’s thematic qualitative method of analysis [30]. This
method involves 6 phases: (1) becoming familiar with the data
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through transcription of verbal data, (2) generating initial codes,
(3) searching for themes, (4) reviewing themes, (5) defining
and naming themes, and (6) producing the report. For the first
phase, all recordings were transcribed by a bilingual Korean
research assistant and then reviewed by the research team. For
the second phase, to make sure that no particular framework
was imposed, the transcripts were coded by 3 different Korean
bilingual researchers. Each researcher identified and highlighted
every codable unit of text in the transcripts, then compared their
analyses and agreed upon a set of codes, subcategories, and
categories. Subsequently, based on the generated codes, the
research team identified and reviewed themes present in the
transcripts. Themes were compared across each transcript to
ensure that they were representative and inclusive of all
transcripts. Through this process, clear definitions and names
for each theme were generated. Finally, the most representative
quotes were selected to present in this paper and translated into
English. For the translation process, a bilingual research assistant
first translated the quotes into English and then another bilingual
research team member back-translated them into Korean to
ensure that the meaning was not lost in translation. All
translations were then finalized by the first author.

Results
Study Participants
Table 1 presents the sociodemographic information of the focus
group participants. The average age of the participants was 26
years, and 95% of the participants reported that they were
unmarried. Most of the participants indicated that their families
lived in Korea, and all participants were born and raised in
Korea. They were undergraduate or graduate students in
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Minnesota at the time of this study. Participants reported
majoring in various disciplines, including economics, biology,
global studies, psychology, music, English literature, and social
work. The average length of time they had resided in the United
States was 3.9 years. All participants had health insurance at
the time of the study.

Themes From Focus Groups
Overall, 4 themes were identified from the focus group data
about developing motivated messages to make health behavior
change: (1) culturally targeted and tailored messages, (2) an
interactive and visually appealing message format, (3) brief
message delivery formats to promote participant engagement,
and (4) the use of an incentive to motivate participation. In the
rest of this section, each theme will be described and how it
informed the development of mScreening will be explained. To
protect the confidentiality of each participant, we only described
each participant’s number in the study when presenting quotes.

Theme 1: Culturally Targeted and Individually Tailored
Messages
Participants agreed on the importance of disseminating specific
information on cervical cancer and ways to detect or prevent it
to young Korean American immigrant women. The participants
suggested that the following 3 content areas should be included
and tailored when disseminating knowledge: (1) tailored
statistics about cervical cancer incidence and mortality to raise
awareness of the severity of cervical cancer, (2) culturally
targeted message development to deliver knowledge of what
the Pap tests and HPV vaccine are, and (3) tailored content to
improve knowledge related to health care access on how to get
the Pap tests and HPV vaccine.

Table 1. Sociodemographic characteristics of the sample (n=20).
Categories

Frequency, n (%)

Age (years; mean=26 years)
20-24

10 (40)

25-29

12 (25)

Marital status
Unmarried

19 (95)

Married

1 (5)

Educationa
Undergraduate

13 (65)

Graduate

7 (35)

Years in the US (mean=3.9 years)
Less than 5 years

13 (65)

More than 5 years

7 (35)

Health insurance

a

Yes

20 (100)

No

0 (0)

Majors: biology, economics, English literature, global studies, music, psychology, and social work.
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On the basis of the participants’ suggestions, a 7-day text
message program was developed. First, mScreening introduced
information about cervical cancer. Then, the Pap test was
explained, followed by information on clinics and health
professionals, as well as the cost of the Pap test. Next, HPV and
the HPV vaccine were introduced and described, followed by
information on the cost of the HPV vaccine and possible cultural
barriers. The last day consisted of summarizing what they have
learned through the 6 days using quizzes and games. The
mScreening messages for each content area were developed
using the message-framing techniques that affect health decision
making based on the FBM model [28]. The FBM model
particularly emphasizes that to make positive health behavior
occur, barriers to specific health behavior (eg, Pap test and HPV
vaccine) should be converted to motivators and triggers to
action.
Subtheme 1.1: Tailored Statistics About Cervical Cancer
Incidence and Mortality to Raise Awareness of the Severity
of Cervical Cancer
One of the main content areas identified was the importance of
educating the target population to improve their limited
knowledge of and indifference to the topic of cervical cancer
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prevention. Participants expressed their desire to learn the
definition of cervical cancer, risk factors for cervical cancer,
and the incidence and mortality rates of cervical cancer among
young women by race and ethnicity. In addition, they suggested
that some of the information should be presented in a way that
is shocking or surprising:
A shocking method! Young people are not easily
shocked. Provide shocking information...something
that can alert the young people to think that it is
possible for them to have cervical cancer. [Participant
#15]
The research team sought to integrate participants’ suggestions
about creating shocking or surprising messages on the topic of
basic knowledge about cervical cancer to capture the target
population’s attention, thereby increasing their awareness. For
example, the messages included images that compared a healthy
cervix with an unhealthy cervix, statistics on mortality,
incidence, and screening rates for cervical cancer in Korean
American immigrant women compared with other racial or
ethnic groups, and testimony from a young Korean American
immigrant woman who was diagnosed with cervical cancer
(Figure 2).

Figure 2. Mobile screening message example: used a testimony from a young Korean American immigrant woman.

Subtheme 1.2: Culturally Targeted Message Development
to Deliver Knowledge of the Pap Tests and Human
Papillomavirus Vaccine
The participants expressed expectations that the text messages
would include information on the guidelines, process, cost, and
pain level of Pap testing. They also advised that the messages
should be targeted to revise cultural misconceptions about
cervical cancer screening and prevention behaviors. Almost all
the participants reported that they had not heard of cervical
cancer or screening before the study or, even if they had, that
they had paid little attention to the need for prevention.
Interestingly, some participants stated that they wanted
information related to the HPV vaccine and its side effects to
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be provided by a doctor because of a lack of trust they held
toward other sources of vaccination information, which was the
result of the excessive promotion of vaccinations via media in
Korea.
As such, mScreening messages regarding the Pap tests and the
HPV vaccine were developed focusing on enhancing motivation
for carrying out cervical cancer prevention–related behaviors
(Figure 3). For instance, messages were created to educate
participants about the benefits of receiving the Pap test and HPV
vaccination using a gain message frame [31]. This is one way
of converting the barrier (lack of knowledge on Pap test and
HPV and HPV vaccine) to motivator (empowering through
education) to make positive health behavior change according
to the FBM model [28]. These messages sought to promote Pap
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testing and HPV vaccine uptake by using a female doctor as
the spokesperson. All participants suggested to use a female
doctor to educate the content given that talking about women’s
reproductive organs with a male doctor is embarrassing in
Korean culture. Thus, it was decided that a female doctor would
be a preferable spokesperson compared with a male doctor.
In addition, a majority of participants also expressed wanting
text messages to be targeted to overcome cultural
misinformation (eg, hymen breaking during a Pap test) and
apprehension about cervical cancer screening (eg, feeling
uncomfortable in a gynecology clinic as an unmarried female).
The participants suggested several methods toward achieving
this goal, such as including powerful emotional messages or
life experience examples from people who have successfully
overcome these obstacles:
Showing a real example...real person...like a student
who got the shot can share what she thought about it
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before, what it really was like, and how she feels
afterwards. That kind of example...[or] if a person
who went to have [the Pap] test explains how she felt.
[Participant #4]
To reflect the participants’ suggestions, testimonial text
messages were created and incorporated into the mScreening
by working with young Korean American immigrant women
who had received the Pap test. Given that obstetric and
gynecological health issues are culturally sensitive in the Korean
American community, especially so for unmarried young women
[32], the testimonial messages were designed to reframe the
Pap test more positively for young Korean American women
(Figure 4). In addition to being influenced by most of the
participants’ suggestions, this approach is supported by previous
research that suggests that sharing the personal experiences of
individuals in the same ethnic group can be influential in
changing participants’ cultural beliefs [33].

Figure 3. Mobile screening message example: focused on enhancing motivation.
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Figure 4. Mobile screening message example: reframed the Pap test more positively for young Korean American women.

Subtheme 1.3: Tailored Content to Improve Knowledge
Related to Health Care Access
Participants suggested including practical information about
the costs of receiving the Pap test and HPV vaccination, clinics
they could visit to receive these procedures, and how to make
appointments in mScreening. Participants shared their views
that practical information was needed because of their lack of
knowledge about the US health care system:
I was surprised that the cost for the Pap test is free.
[Korean] People may think medical costs are very
high in the US system. They may go and get the
screening if they know it is for anyone. [Participant
#10]
Participants also mentioned that it would be helpful to have
messages from a doctor about the procedures related to Pap

https://mhealth.jmir.org/2019/6/e13256/

XSL• FO
RenderX

testing and HPV vaccination. Participants felt that this would
increase their familiarity with the process and reduce their
uneasiness. Furthermore, participants wanted to know about
the availability of female doctors who performed Pap tests at
the clinics because of their reluctance to engage in conversations
about their periods or personal sexual activities with male
doctors:
If I know that these [female] doctors are the ones that
I meet with for an appointment, I would feel more
comfortable making an appointment [to have a Pap
test]. [Participant #16]
As a result, the mScreening messages included information on
the price of the HPV vaccine, phone numbers of women’s clinics
that employed female doctors and nurses, and a list of available
free or low-cost clinics in Minnesota. One example of a targeted
message is shown in Figure 5.
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Figure 5. Mobile screening message example: included information on the price of the human papillomavirus vaccine and phone numbers of women’s
clinics that employed female doctors and nurses.

Theme 2: Message Format—Interactive and Visually
Appealing Messages
All participants agreed that mobile phones are a significant part
of their daily lives. The participants’ endorsement of the high
accessibility of mobile phones suggests that developing a texting
program for the target population could be successful.
Participants agreed with this stance when queried and suggested
3 types of messages that could be used together to maximize
engagement: visual messages, interactive messages, and
dynamic characters or emoticons. On the basis of this feedback,
mScreening disseminated information using 3 types of messages
as described below.

Subtheme 2.1: Visual Messages
Participants indicated a preference for visual messages that
integrated video clips or images, such as a picture of a cervix
and charts of mortality rates, over plain text:
Rather than texting, [it would be better to receive
messages] through videos, images, posters, or
cartoons because web cartoons are popular these
days... [Participant #19]
As a result of this input as well as previous studies that have
demonstrated the power of visual messages to persuade people
[34], mScreening included a variety of graphs, pictures, and
drawings (Figure 6).

Figure 6. Mobile screening message example: demonstrated the power of visual messages to persuade people.
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Subtheme 2.2: Young Age–Friendly Messages With Graphics
A majority of participants also highly recommended the
inclusion of age-friendly messages that used characters or
emoticons, stating that they would be more attractive and
dynamic to the young Korean American population than simple
texts, helping the participants feel more comfortable. As
participants recommended, age-friendly messages with graphics
(eg, emoticons, logos, and cartoons) were created to target young
Korean American women. Given the fact that cervical cancer
screening and prevention are not a common topic of discussion
in the Korean American community, using age-appropriate text
messages with cartoons was suggested as a way to culturally
target the intervention and decrease discomfort around having
conversations regarding screening and prevention:
If it is through a smartphone, it would be good to use
cartoons or videos. This will keep me more focused
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and engaged [to learn cervical cancer screening and
prevention methods. [Participant #15]
To help achieve this suggestion, we first created the study’s
logo, which symbolizes a happy and healthy cervix. The focus
group participants provided multiple ideas of how the logo
should look and what color and shape would represent the cervix
in a culturally appropriate way. The study’s logo is shown in
Figure 7.
With input from focus group participants and community
advisory board members, we revised the logo and developed
multiple characters depicting various facial expressions and
used them in mScreening messages to help the target population
feel more positively engaged with the intervention and at ease
with the information presented (Figure 8).
In addition, the first text of each day was a tailored, welcoming
message that addressed the participant by her first name or
nickname (Figure 9).

Figure 7. Mobile screening message example: created a study project logo.
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Figure 8. Mobile screening message example: developed multiple characters to help target population feel more positively engaged with the intervention.

Figure 9. Mobile screening message example: tailored welcoming message that addressed the participant by her first name or nickname.

Subtheme 2.3: Interactive Messages
Participants suggested that interactive messages involving
question and answer (Q&A) or games should be included in the
intervention to minimize barriers of a 1-way text messaging
delivery system. Participants expressed wanting the ability to
interact with others involved in the project or the content
provider so that they would able to communicate their questions
or any confusion they had. Participants also pointed out some
benefits of Q&A format messages:
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It would be good to mix information and questions.
How about we receive related information when we
answer a question? In this way, messages can be
tailored for each individual and this would increase
study engagement. [Participant #18]
To ensure the inclusion of interactive messages with the intent
to promote participants’ attentiveness and motivation during
the intervention, 10 interactive Q&A messages were developed
(Figure 10).
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Figure 10. Mobile screening message: developed interactive question and answer messages.

If a participant texted answer (1), for example, then an
appropriate response message was sent to the participant so that
the tailored message was relevant for the participant. A
gynecologic doctor who served on the community advisory
board and worked at the University Health Center reviewed all
the texts for medical accuracy and confirmed that all text
message content used was accurate. We also had a bilingual
health navigator, who is a registered nurse, available for
questions and comments as part of mScreening. We provided
the phone number of the health navigator each day at the end
of the intervention and asked if each participant had a question
or concern to discuss with the health navigator.

Theme 3: Message Delivery Formats
Questions centering on how to deliver suggested content were
also discussed in the focus groups. Participants were asked about
their preferred length, frequency, interval between messages,
and duration of messages, as well as potentially appealing
program names. Participants suggested that short and concise
messages with online resources should be included, given that
short message service text messages are generally limited to
160 characters maximum for a regular mobile phone. As 1
participant indicated:
A message through a regular mobile phone is limited
to 160 characters. It could be hard to provide
information in detail. What about sending a short
message with a Facebook or website link where we
can explore information further as needed?
[Participant #2]
To address the limit on the length of text messages, succinct
messages were created and incorporated into mScreening. In
addition, on the last day of the intervention, participants were
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provided with 1 message that contained an online link for further
information (Figure 11).
In terms of the number of messages received and the duration
of the intervention, approximately 3 messages sent daily from
mScreening over the course of a week to a month was considered
acceptable. The participants also expressed that they wanted to
be asked about their preferred time of day for receiving
messages before the program started. After discussion with
community advisory board members and mobile phone
technology experts, the research team decided to develop a
1-week program with a more intensive frequency of messages
and assess participants’ preferred time for message delivery
through the pretest questionnaire. More specifically, based on
focus group participants’ input, mScreening was designed to
deliver each participant 15 to 20 messages every day, depending
on each day’s topic, over the course of 7 days. One concern was
that messages to their mobile phones would message their spam
instead. Participants suggested that creating an appealing name
for the intervention would help the target population recognize
the messages as coming from a welcome source:
It might be better to have a program name such as
“big sister.” I prefer to have the feeling that a sister
(who has known me for a while) takes care of me and
gives me that kind of information. A sister sounds
friendlier than a mother or doctor. [Participant #5]
The research team used mScreenin g as the intervention name,
which indicates a mobile phone–based cervical cancer screening
and prevention program. The intervention was designed to
ensure that a welcoming message incorporating the name would
be sent as the first message each day to prevent the participants
from confusing the intervention with any potential spam
messages.
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Figure 11. Mobile screening message example: provided one message that contained an online link for further information.

Theme 4: Use of an Incentive for Study Engagement
Another theme present in the focus groups was that of possible
remuneration. Participants recommended providing an incentive
to maintain high levels of engagement in the intervention. In
addition, the participants endorsed the belief that an incentive
would help encourage advertisement among participants, leading
to the recruitment of more potential participants. In terms of
the type of incentive, the participants discussed several
possibilities, such as gift cards for coffee or small gifts such as
cell phone attachments (which are a trend among young Korean
American women). Participants also suggested sending a
celebratory message to intervention participants who received
a Pap test or a dose of the HPV vaccine after their participation
in mScreening. The research team created a cell phone
attachment with a mini mirror that features the study’s logo.
This attachment was provided to participants upon completion
of the intervention, whereas a celebratory message was sent
after participants received a Pap test or dose of the HPV vaccine.

Discussion
Principal Findings
This study sought to demonstrate how a culturally and
individually tailored mobile text messaging intervention
program, mScreening, was developed to promote the uptake of
Pap testing and HPV vaccination in young Korean American
immigrant women. The message contents, format, and delivery
format of mScreening were suggested by participants through
a series of focus groups. And then, community advisory board
members and mobile technology experts reviewed the initial
program and refined for intervention use. We identified 4 themes
and we used them to inform the development of mScreening.

Comparison With Previous Work
The first theme centers on developing and delivering culturally
targeted and tailored messages. Through the use of focus groups,
various types of culturally tailored motivating messages were
https://mhealth.jmir.org/2019/6/e13256/
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suggested and created to help increase basic knowledge and
awareness about cervical cancer, Pap testing, and HPV
vaccination. Participants in focus groups suggested that the
presentation of information might be sometimes shocking or
emotionally affecting in ways consistent with a previous study
that promoted sexual health for young adults in Australia [35];
in this study, fear and the use of grave statistics were
recommended by young participants as especially effective
strategies. A recent study that used guilt-fear appeal for HPV
vaccination reported that fear is a mediator between perceived
susceptibility and HPV intentions [35].
At the same time, participants suggested that the mScreening
messages should highlight the benefits of Pap testing and HPV
vaccine uptake by framing the messages in terms of potential
gain [31]. The recommendation for this gain-framed messaging
departs from previous studies that have employed messages
framed in terms of potential losses. For example, 1 study
suggested that loss-framed cancer screening messages (eg, the
costs of not undergoing screening) are more effective and
powerful at promoting screening than gain-framed messages
(eg, benefits of undergoing screening) would be [31]. The study
similarly found that loss-framed messages were more persuasive
at promoting HPV vaccination [36]. Other studies have noted
that cultural contexts should be considered when messages are
framed [37,38]. These studies suggest that message framing
alone without consideration of individuals’ cultural
characteristics will not be effective. On the basis of these
perspectives, we decided to use both gain and loss frames in
developing targeted and tailored messages in our study.
As one of the subthemes in Theme 1, culturally tailored content
delivery to improve literacy related to health care access was
suggested. In addition to culturally tailored information
regarding the Pap test and HPV vaccine, mScreening messages
should deliver practical information on participants’ health
insurance coverage and information on physicians and clinics
to help enhance health care access. The participants’ suggestions
further implied that increasing familiarity with the US health
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care system might facilitate young Korean American immigrant
women’s participation in cervical cancer screening and
prevention behavior. This finding reflects the findings from a
previous study with Vietnamese American women that
demonstrated that access to health care for cancer screening is
improved with health navigator service [14]. On the basis of
this suggestion, we added a bilingual Korean health navigator
service into the mScreening intervention so that any barriers to
health care service access can be minimized, which may
ultimately enhance health care accessibility for cervical cancer
screening and HPV vaccine promotion.
The second and third themes focused on an interactive and
visually appealing message development. When participants
were asked about message formatting, they suggested various
methods to help increase study participants’ attention and
engagement. Reflecting participant suggestions, the research
team developed various types of messages that included images
and emoticons, as well as interactive Q&A messages. Previous
studies provide supporting evidence that message formats could
potentially enhance people’s understanding of information and
create a relaxed atmosphere that would also help maintain
engagement [39]. For example, as emoticons can be used to
express nonverbal communication, such as humor, solidarity,
support, positive feelings, and appreciation [39], messages that
include emoticons may help create a comfortable atmosphere
in which young Korean American immigrant women may feel
more willing to explore cervical cancer and talk more easily to
peers about their health. In addition, the Q&A messages address
the shortcoming of a 1-way text messaging system.
Regarding message delivery format, participants agreed that
short and concise messages were preferable, although this could
potentially impact the accuracy of the messages. To deliver
accurate information despite the short messages, the research
team created messages that would lead participants to a reliable
online resource for further information. The last theme is about
retention strategy for the 3-month intervention period.
Participants suggested using an incentive system to maintain
high levels of participation, engagement, and retention. Previous
studies also reported effectiveness of monetary incentives (eg,
gift cards or cash bills) in recruiting potential participants,
participant engagement, and reduction of attrition [40,41].
Similarly, a review conducted by Tishler and Bartholomae [42]
indicated that financial rewards could play a critical role in the
motivation levels for volunteers deciding to participate in
research studies.

Limitations
Although this study has yielded various pieces of critical
information, there are several limitations. First, given that the
study participants were all young Korean American immigrant
women residing in the upper Midwest, the findings cannot be
generalized to Korean American immigrant women in other
locations at large. Furthermore, although we made an effort to
recruit Korean American immigrant women residing in the
community, all participants were current college or graduate
students who had resided in the United States for brief periods
of time, further limiting generalizability of the findings. In recent
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years, however, the population of Asian American immigrants
has raised, including college students and college graduates
[43]. As most of participants were fairly new to the United
States, English proficiency functioned as a barrier to understand
the actual meaning of the text messages. Some of the participants
suggested to provide the texts in both Korean and English by
providing a language choice. Although they are in college and
graduate schools, when it comes to health information,
understanding via mother tongue makes them accurately
understand each health-related message. Future researchers
should further explore the impact of language and importance
of tailoring interventions according to participants’ health
literacy and acculturation factors. Finally, it is important to
mention that the age range of focus group participants was 21
to 29 years—with an average age of 26 years—which is the
upper age limit for obtaining the HPV vaccine in girls and
women according to age guidelines (9 to 26 for girls and
women). In general, the HPV vaccine is promoted to the younger
adolescent girls aged 11 to 17 years, even as young as 9 years;
thus, the messaging from this study may not be generalizable
to the common populations targeted with HPV vaccine
messaging.

Conclusions
Despite the limitations, this study provides critical information
in developing culturally targeted and individually tailored
motivational messages to bring about positive health behavior
change. This study sought to provide guidelines and suggestions
to researchers interested in developing text message–based
interventions for underserved minority populations. The results
of the study highlighted creating and delivering culturally
tailored and targeted messages, the use of intervention tools
such as visual images and graphic pictures as an effective way
of delivering content on sensitive topics, and provision of
navigation services for study participants who are immigrants.
Furthermore, the participants expressed preferences for
interactive messages over 1-way communication that primarily
seeks to increase participants’ engagement in the study. In
addition, the desired format of messages that seek to improve
knowledge of cervical cancer are short and precise messages
that provide links to reliable online resources. To the best of
the authors’ knowledge, this study is the first that provides
information on the process of gathering culturally relevant
information for the purpose of designing a mobile phone text
messaging intervention to promote Pap tests and HPV vaccines.
The study also provided information on the process of
developing the intervention based on the target population’s
perspectives. Given that mobile phones are not only becoming
the most common means of communication among young
people but also that mHealth technology has demonstrated its
effectiveness as a useful tool for behavioral changes in disease
prevention and self-management in chronic diseases [44-50],
the findings of this study could potentially guide future
development of cancer screening interventions to promote Pap
testing and HPV vaccination for other underserved minority
groups and other types of cancer screening, including breast,
colorectal, and lung cancer.
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Abstract
Background: Little is known of the effect of wearable devices on metabolic impairments in clinical settings. We hypothesized
that a wearable device that can monitor and provide feedback on physical activity may help resolve metabolic syndrome.
Objective: This study aimed to examine the objective effects of the use of these devices on metabolic syndrome resolution.
Methods: Patients diagnosed with metabolic syndrome were recruited. Participants were prescribed regular walking using a
wearable device (Coffee WALKIE +Dv.3, GC Healthcare CI, Korea) on their wrist for 12 weeks. Participants received self-feedback
on the amount of their exercise through an app on their mobile phone. The information on physical activities of the participants
was uploaded automatically to a website. Thus, a trained nurse could provide individuals with feedback regarding the physical
activity via telephone consultation on alternate weeks. Blood pressure (BP), body composition, fasting plasma glucose, and lipid
profiles were recorded. The primary outcome was metabolic syndrome resolution. The secondary outcome was an improvement
in the components of metabolic impairment.
Results: Of the 53 participants recruited, 20 participants with a median age of 46 (range 36-50) years completed the trial. There
was no significant difference in the amount of calorie expenditure at weeks 4, 8, and 12. After 12 weeks, metabolic syndrome
was resolved in 9 of 20 participants (45%), and the mean number of metabolic impairment components per person decreased
from 3.4 to 2.9. Particularly, the mean systolic and diastolic BP decreased from mean 136.6 (SD 18.5) mm Hg to mean 127.4
(SD 19.5) mm Hg and from mean 84.0 (SD 8.1) mm Hg to mean 77.4 (SD 14.4) mm Hg (both P=.02), respectively.
Conclusions: This study found that a 12-week intervention via feedback, based on a wearable physical activity monitor, helped
metabolic syndrome patients to be more engaged in regular walking and it improved impaired metabolic components, especially
in BP. However, some practical challenges regarding patients’ adherence and sustained engagement were observed.
(JMIR Mhealth Uhealth 2019;7(6):e13381) doi:10.2196/13381
KEYWORDS
electronic activity monitor; wearable devices; metabolic syndrome; physical activity
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Introduction
Metabolic syndrome is a constellation of cardiovascular disease
risk factors, such as abdominal obesity, hyperglycemia,
hypertension, and hyperlipidemia [1]. With the increasing
prevalence of obesity, metabolic syndrome has been reported
as one of the most common health conditions among obese
people worldwide [2]. Insufficient physical activity is a major
cause of obesity and metabolic syndrome, and even small
increases in physical activity can have a significant beneficial
impact on metabolic syndrome and the prevention of
cardiovascular disease [3]. Exercise is known to enhance insulin
sensitivity by increasing the AMP-activated protein kinase
activity, promoting translocation of glucose transporter type 4
to the cell membrane, thereby boosting glucose uptake. The
decreases in intramuscular saturated fatty acids and stimulated
beta cell activity also contribute to attenuating insulin resistance
[4]. Despite evidence of improvement in metabolic impairment
with regular exercise [5], the number of individuals involved
in physical activity remains low, and sedentary lifestyle is
prevalent, with less than 25% of people estimated to be engaging
in regular physical activity [6].
As activity-tracking devices have become smaller, cheaper, and
more readily wearable, it is predicted that they will be used
extensively for various purposes [7]. Advances in wearable
devices and gathering of personal data provide patients with
chronic diseases the potential to engage in self-management.
However, the data collected by the wearable devices are rarely
integrated into the programming of regimens for impaired
metabolic conditions. Moreover, evidence supporting the
sustained use of data derived from wearable devices or their
positive effects on health outcomes is lacking as most studies
have mainly focused on establishing the feasibility of the devices
and the association between measured physical activity and
short-term benefits [8-10]. Recent research indicates that
feedback on activity monitoring can successfully increase
physical activity levels and lead to beneficial outcomes in the
management of target diseases [11]. However, they focused on
patients with diabetes mellitus [12,13], heart failure [14], or
chronic pulmonary disease [15]. Little has been demonstrated
regarding whether use of wearable devices may be a pragmatic
option for metabolic syndrome in a clinical setting.
Mobile phones allow users to track their path by connecting to
the internet with apps. Internet-based interventions seem to
motivate people to increase physical activity with a relatively
low cost, time, and effort [16]. Mostly used throughout the day,
mobile phones are considered to be a good tool for tracking
physical activity in real time. Electronic activity monitors play
a potential role as a delivery medium by replicating most aspects
of pedometer-based interventions. These monitors measure
physical activity or behavior indicators, such as heart rate, and
are connected with a mobile device through an app or personal
computer to provide extensive feedback. The feedback can be
more individualized than that offered in clinical assessments
and can include social comparisons, multiple charts, and markers
of progress toward individual goals. Considering the ubiquity
of mobile phones, few clinical trials have been conducted to
assess the impact of the application of mobile phone-wearable
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step trackers on improvement in metabolic impairment. A
number of previous studies have been designed to explore the
effectiveness of mobile phone apps in weight loss [17,18] or in
increasing physical activity [19,20]. However, they failed to
include people with metabolic syndrome and to incorporate a
wearable device into their interventions, and none of them were
done in a clinical setting.
Given that many people try to use wearable devices compatible
with mobile phones to boost physical activity with little
evidence-based practice, it is clinically pressing to demonstrate
the potential of feedback via this technology for the management
of outpatients with metabolic syndrome. There is also a need
to assess whether there is any obstacle when applied to real
clinical situations. Therefore, we conducted a pilot study aimed
to explore the potential and barriers of the application of these
devices for metabolic syndrome management in a clinical
setting.

Methods
Study Participants
The study included patients diagnosed with metabolic syndrome
based on the results of a comprehensive health examination at
a health promotion center at Pusan National University Hospital
(Busan, South Korea) between March and December 2016. The
study was conducted in accordance with the Declaration of
Helsinki and was approved by the Institutional Review Board
at Pusan National University Hospital (review reference number:
E-2015030). All participants consented to the study protocols
and the subsequent publication of their respective findings.
Inclusion criteria were as follows: (1) diagnosed with metabolic
syndrome by a doctor, (2) aged between 20 and 64 years, (3)
possession of a mobile phone and a daily mobile phone user for
the past 3 months, and 4) no plans to change medication within
3 months after the start of the study.

Definition of Metabolic Syndrome
Metabolic syndrome was diagnosed by a family doctor
according to the 2009 Joint Interim Statement issued by a
number of international organizations and expert groups [21].
The definition requires the presence of three or more of the
following five components: (1) central obesity (ie, waist
circumference of ≥85 cm for women and ≥90 cm for men
according to the Korean Society for the Study of Obesity [22]),
(2) hyperglycemia (ie, fasting plasma glucose [FPG] ≥100
mg/dL or the use of antidiabetes medication), (3) high blood
pressure (BP) (ie, systolic BP ≥130 mm Hg or diastolic BP ≥85
mm Hg or the use of antihypertensive medication), (4)
hypertriglyceridemia (ie, fasting plasma triglycerides ≥150
mg/dL or the use of lipid-lowering medication), and 5) low
high-density lipoprotein cholesterol (HDL-C) (ie, fasting plasma
HDL-C<50 mg/dL for women, <40 mg/dL for men). Patients
with any of the following conditions were excluded: (1) any
cancer or uncontrolled metabolic or cardiovascular disease, (2)
prescriptions for medication that may affect metabolism, and
(3) disability or difficulty with regular walking. All participants
were recommended for regular exercise of at least five times
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per week by a doctor as part of the treatment for metabolic
syndrome, according to the current guideline [21].

Data Collection
All study participants underwent an 8 hour-fasting blood test
as part of a comprehensive health examination. Data on medical
history and anthropometric measurements of participants were
collated. Participants also completed a questionnaire about
demographics, medical history (diagnosis of or medication for
hypertension, diabetes mellitus, or dyslipidemia), and
health-related habits (smoking, drinking, and alcohol). To assess
physical activity at baseline, participants were asked about the
frequency and duration of vigorous and light/moderate physical
activity. Individuals who were classified as inactive reported
no sessions of light/moderate or vigorous activity of at least 10
minutes’ duration. Those classified as having some activity
reported at least one session of light/moderate or vigorous
physical activity of at least 10 minutes’ duration but did not
meet the definition of regular exercise. Those classified as
having regular activity reported three or more sessions per week
of vigorous activity lasting at least 20 minutes or five or more
sessions per week of light/moderate activity lasting at least 30
minutes in duration [6,21]. Participants were divided into
nonsmokers, former smokers, or current smokers, and into
nondrinkers (0-98 g/week) or drinkers defined as drinking of
an average of seven cups for men and five or more cups for
women, more than two times per week [23].
Participants’ BP was tested three times in the sitting position
after a 15-minute rest using a BP-203 RVII (Colin Corp, Aichi,
Japan), and the average measurement was recorded. Body
weight and height were measured using a digital scale and
stadiometer (BSM370, Biospace Co Ltd, Seoul), with patients
wearing a light gown without shoes. Body mass index (BMI)
was calculated as weight (kg) divided by height squared (m2).
Waist circumference was assessed by trained examiners
(following a normal expiration) at the midpoint between the
lower costal margin and the iliac crest, to the nearest millimeter.
Body composition, including percentage body fat and muscle
mass, were calculated via bioelectric impedance analysis
(Inbody 720, Biospace Co Ltd, Seoul). Blood samples were
collected from an antecubital vein after an 8-hour fast. Samples
were then analyzed at a laboratory in our hospital. Lipid profiles
were tested using an autoanalyzer (Hitachi 747, Hitachi Corp,
Japan) and an enzymatic colorimetric method. FPG levels were
evaluated using a glucose oxidase method and a Synchron LX
20 (Beckman Coulter, Fullerton, CA). All participants were
assessed again at 12 weeks after the start of the intervention.

Intervention Using the Wearable Device
All participants were advised to walk aiming at the consumption
of a minimum of 150 kcal per day, which was set based on the
standard recommendations for metabolic syndrome encouraging
a daily minimum of 30 minutes of moderate-intensity (such as
brisk walking) physical activity [21]. To estimate the required
amount of physical activity for our metabolic syndrome
participants, we referenced the study that determined the effects
of exercise amount and intensity of metabolic syndrome [24].
The intervention they used for the exercise training group with
a low amount of moderate-intensity physical activity was
http://mhealth.jmir.org/2019/6/e13381/
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equivalent to 1221 (SD 222) kcal/week with no significant
difference between genders. Considering their participants’
mean BMI of 29.9 (SD 3.2) kg/m2, and the estimated mean BMI
of 23.1 (SD 0.1) kg/m2 in Koreans with metabolic syndrome
(referenced to the study on 6561 metabolic patients among a
nationally representative sample of Koreans) [22], it made sense
to set the calorie goal of 150 kcal per day loss for our
participants to consume by exercising. Rather than informing
the participants about the number of steps to walk, we had them
put the minimum calorie goal of 150 kcal loss on their mobile
phone app, which was connected to the wearable device that
automatically calculated the required step counts to be taken
depending on the weight and height of the participants. Then
when the user walked, the app measured the estimated calorie
consumed, taking into account the walking speed.
Participants were given a wearable device (Coffee WALKIE
+Dv.3, GC Healthcare CI, Korea) fitted on the wrist or waist.
This wearable device has been certified by the Korea Testing
Laboratory (Certification Number: MSIP-CRM-NSJ-Coffee).
The device used was validated on the wrist with 86.7% accuracy
for the calories burned and 90.5% for the step counts.
Considering previous data showing that the waist attachment
site detects step counts better than that on the wrist [25,26], we
expected similar accuracy regarding the waist placement of the
device in our study. Moreover, increased wear times can occur
with the wrist placement site [27] and the US National Health
and Nutrition Examination Survey also used a step counter worn
on the wrist (2008-2014) or the waist (2003-2006) [25].
Therefore, we permitted the participants to wear the device
either on the waist or wrist, according to their preference.
However, all participants ultimately chose their nondominant
wrist as the attachment site, saying that it would be more
comfortable for all-day wear, handling, and checking of the
device. Detailed instructions on wearable device usage were
provided during face-to-face/one-on-one contact by the study
coordinator with each participant. Demonstration and instruction
sheets including on how to turn on/off and how to operate the
wearable device, download the app, and connect the mobile
phone and the wearable device to Bluetooth were performed.
Subsequently, the compatible app was installed on the mobile
phones of the participants, and this was connected to the
wearable device. To ensure that the participants become used
to the device, they were asked to individually try using it several
times under supervision. This practice lasted for approximately
30 minutes. Each participant also received a log-in identity and
password that granted them access to the mobile phone app and
website where they could track their physical activity over the
12-week study duration. The number of steps taken and calories
consumed were displayed on the device’s screen. In addition,
participants could check if they had achieved the amount of
daily walking. Their workout records were also registered on
an online program. An administrative webpage granted the
researchers access to check and track the step counts of the
participants on a daily basis.
Participants were instructed to wear the device for as many
waking hours as possible except while swimming and bathing.
All days of exercise were included in the analysis except when
the number of step counts exceeded 25,000 in one day, which
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is considered an extremely high count, or when participants
withdrew consent [28]. If the data from the wearable device
were not transmitted to the Web server for three consecutive
days, an automatic text message was sent to the participant to
encourage the use of the device and to see if they had any issue
with the device (in which case, they were asked to contact the
researcher to address the issue). We then checked the Web server
again to see whether step count data were being detected. If no
response was received from the user for 6 days in a row, the
researcher called to ask if they had any issue with the device or
whether it was being used appropriately. Participants who failed
to respond to the researcher and those who rejected participation
were considered to be dropouts. Thus, we were able to include
step records of at least one day of every week. Then we
estimated the daily step counts by dividing the total step counts
per week by seven. To be included in the analysis, at least one
day with any step counts was required. Laboratory-based studies
typically require 4 days or more of valid data to be included as
a study sample. However, quite a few studies required at least
one valid day to be included in the analysis, a method that is
consistent with the original examinations of the National Health
and Nutrition Examination Survey physical activity data.
Over the 12 weeks of the trial, participants were provided with
feedback by the nurse via phone on alternate weeks. A trained
nurse phoned each participant for personal counseling on their
physical activity every other week at an agreed-on time. This
included counseling regarding exercise practices and
encouragement to continue with the exercise regimen based on
current guidelines and recommendations on physical activities.
The telephone feedback followed a standardized script
(Multimedia Appendix 1) but was flexible depending on the
individual, including goal achievement. The consultant answered
questions or discussed problems regarding the use of the
wearable device, the app (Figure 1), and the exercise, and also
provided encouragement to continue with the exercise. This
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intervention was designed to help improve problem solving,
goal setting, and self-monitoring. Participants also had access
to additional resources online.

Statistical Analysis
The sample size for the study was calculated based on the results
of a randomized weight-loss intervention using self-monitoring
mobile devices [29] that showed an effect size of 0.53. The
sample size was 24 for two-sided tests of significance at
alpha=.05 and power 1−beta=80%. To account for attrition, we
attempted to recruit approximately 30 participants in total.
Data are presented as frequency or proportion and mean and
standard deviation (SD) for normally distributed values, or
medians and interquartile ranges (IQRs) for nonnormally
distributed values. Changes in the components of metabolic
syndrome for each participant were examined from baseline to
follow-up visit (week 12). The Shapiro-Wilk test was employed
to test the normality assumption. To compare baseline
characteristics between the study completed and uncompleted
groups, we employed the independent t test for age and the
chi-square test for categorical variables. Comparisons of
metabolic components between baseline and at week 12 were
conducted using the paired t test (waist circumference, body fat
mass, and body fat rate). Because some metabolic parameters
were nonnormally distributed, the Wilcoxon signed-rank test
was used to detect differences between baseline and at week 12
(FPG, systolic/diastolic BP, triglycerides, HDL-C, low-density
lipoprotein cholesterol, and total cholesterol). A
repeated-measures analysis of variance (ANOVA) was
conducted to verify the difference in step count and calorie
expenditure changes by walking, at weeks 4, 8, and 12. All
analyses were performed using SAS version 9.3 (SAS Institute,
Cary, NC, USA), and a P value of <.05 was considered
statistically significant.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e13381 | p.147
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Huh et al

Figure 1. Overview of the intervention using the wearable device and a mobile phone app. (A) Flowchart of participants’ physical activity data collection.
(B) Administrative webpage allowing researchers to track the participants’ physical activity. (C) App screen on the participants’ mobile phones presenting
the goal setting of physical activity, progress toward the daily goal, total daily steps taken, and estimation of calories burned by physical activity
performed.

Results
Participant Characteristics
Of the 53 participants recruited, 20 participants with a median
age of 46 years completed the exercise monitoring schedule
over 12 weeks (Figure 2). The baseline characteristics of the
participants who completed the intervention are presented in
Table 1. There was a statistically significant difference in
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participants’ age between those who did and did not complete
the intervention (mean 51.97, SD 8.49 years vs mean 44.20, SD
9.55 years; P=.003) (Table 1). The majority of participants
ceased monitoring their exercise within the first few weeks of
the study (Figure 3) primarily due to miscommunication between
their mobile device and the wearable device. Only five of the
participants who completed the trial (n=20) responded that they
had regularly exercised at baseline, whereas 55% (11/20) of
them had been physically inactive.
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Figure 2. Flowchart of patient enrollment and the reasons for dropout. Right-about: withdrawal of consent within 24 hours; lost to follow-up: participant
neither picked up the counseling call nor provided any reasons.
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Table 1. Clinical characteristics of the study participants.
Variables

Total

Incomplete group

Complete group

P valuea

Participants, n (%)

53 (100)

33 (63.3)

20 (37.7)

—

Age (years), mean (SD)

49.04 (9.60)

51.97 (8.49)

44.20 (9.55)

.003

Male, n (%)

39 (73.6)

22 (66.7)

17 (85)

.20

Current smoker, n (%)

11 (20.8)

5 (15.2)

6 (30)

.17

Former smoker, n (%)

10 (18.9)

6 (18.2)

4 (20)

.30

Alcohol drinker,b n (%)

18 (34.0)

12 (36.4)

6 (30)

.77

Regular exercise,c n (%)

19 (35.8)

14 (42.4)

5 (25)

.20

Physically inactive,d n (%)

29 (54.7)

18 (54.5)

11 (55)

.81

Antihypertensive

25 (47.2)

16 (48.5)

9 (45)

.81

Antidiabetic

15 (28.3)

11 (33.3)

4 (20)

.30

Antihyperlipidemia

18 (34.0)

13 (39.4)

5 (25)

.28

Medication, n (%)

Total number of abnormal metabolic components, n (%)
3

31 (58.5)

18 (54.5)

13 (65)

4

13 (24.5)

7 (21.2)

6 (30)

9 (17.0)

8 (24.2)

1 (5)

Central obesity

44 (83.0)

26 (78.8)

18 (90)

.26

Hyperglycemia

29 (54.7)

16 (48.5)

13 (65)

.59

High blood pressure

48 (90.6)

31 (93.9)

17 (85)

.12

Hypertriglyceridemia

44 (83.7)

30 (90.9)

14 (70)

.002

Low high-density lipoprotein cholesterol (HDL-C)

29 (54.7)

16 (48.5)

13 (65)

.24

5
Have abnormal metabolic component, n (%)

a

.19

e

P value was obtained by chi-square test or independent t test.

b

Alcohol drinking was defined as drinking of an average of seven cups for men and five or more cups for women, more than two times per week.

c

Regular exercise was defined as having regular activity three or more sessions per week of vigorous activity lasting at least 20 minutes, or five or more
sessions per week of light/moderate activity lasting at least 30 minutes in duration.
d

Physically inactive was classified as participation in no sessions of light/moderate or vigorous activity of at least 10 minutes’ duration.

e

Central obesity: waist circumference ≥90 cm for men, ≥85 cm for women. Hyperglycemia: fasting plasma glucose ≥100 mg/dL or the use of antidiabetes
medication. High BP: systolic BP ≥130 or diastolic BP ≥85 mm Hg or the use of antihypertensive medication. Hypertriglyceridemia: fasting plasma
triglyceride ≥150 mg/dL or the use of lipid-lowering medication. Low HDL-C: fasting plasma HDL-C<50 mg/dL for women, <40 mg/dL for men.
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Figure 3. Timeline of participant dropout.

Mean Number of Steps and Amount of Calorie
Expenditure
The mean number of steps per week on weeks 4, 8, and 12 are
described in Table 2. For the first 4 weeks, the participants
walked 7616 steps daily and then increased the step counts to
8244, which was equivalent to a 17.5% increase from week 4,
for the next 4 months. Between week 8 and week 12, the number
of steps remained at the same level as that of week 4. Although
there was no statistically significant upward tendency in step
counts over time, the results indicated that the participants
walked more for the first 8 weeks after enrollment in the trial
and maintained the amount of walking at the same level for the
last 4 weeks. Thus, it was assumed that the participants

consumed a mean of approximately 420 calories daily by
walking. Additionally, there was no significant difference in
week 4 (P=.90), week 8 (P=.52), and week 12 (P=.63) in step
counts between the participants who had regularly exercised
before the study and those who had not (Table 2).

Resolution of the Metabolic Syndrome Status
At 12 weeks following the intervention, metabolic syndrome
was resolved in 9 of 20 (45%) participants. We also noted a
significant reduction in metabolic syndrome prevalence between
baseline and follow-up (Figure 4). The number of metabolic
abnormalities decreased in 11 of 20 (55%) participants. In 7 of
20 (35%) participants, there was no change in the number of
metabolic abnormalities following the intervention. Metabolic
syndrome was aggravated in 1 (5%) participant.

Table 2. The daily mean number of steps walked and estimated calories burned (N=20) for groups 1 and 2a.
Total (N=20), mean (SD)

Group 1 (n=5), mean (SD) Group 2 (n=15), mean (SD)

P valueb

Daily steps

7615.8 (3669)

7811.3 (2622)

7550.7 (4036)

.90

Daily calories burned

410.4 (171)

468.0 (117)

391.2 (184)

.40

Daily steps

8244.4 (3746)

9202.0 (4062)

7925.2 (3727)

.52

Daily calories burned

445.9 (208)

548.7 (258)

411.7 (187)

.30

Daily steps

7510.4 (3525)

8194.0 (3440)

7282.6 (3640)

.63

Daily calories burned

413.7 (211)

448.6 (160)

398.2 (172)

.57

Week and measure
Week 4

Week 8

Week 12

a

Group 1: the participants who regularly exercised at baseline; group 2: the participants who did not regularly exercise at baseline.

b

Derived from a t test to compare step counts and calories burned between the participants who regularly exercised at baseline and those who had not.
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Mean Change of Each Metabolic Component
The total number of metabolic impairment components in the
20 participants decreased from 68 to 58, indicating that the mean
number of metabolic impairment components per person
decreased from 3.4 to 2.9 (Figure 4B). Figure 5 shows the
changes in the data of each metabolic component and body
composition. After the intervention, systolic BP and diastolic

Huh et al
BP significantly decreased by 6.71% and 7.98%, respectively,
compared to the baseline assessment (both P=.02). The levels
of FPG (9.24%) and triglyceride (7.49%) also decreased
considerably compared to the baseline; however, these changes
were not statistically significant. Furthermore, there were no
significant differences in body weight, waist circumference,
and body fat between baseline and week 12.

Figure 4. Change in the metabolic abnormality status in study participants from baseline to follow-up at 12 weeks. (A) Resolution of metabolic
syndrome. (B) Changes in components of metabolic syndrome.
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Figure 5. Changes in metabolic components and body compositions after the 12-week intervention. †: Wilcoxon signed-rank test; BP: blood pressure;
HDL: high-density lipoprotein; LDL: low-density lipoprotein.

Discussion
Principal Results and Comparison With Prior Work
To the best of our knowledge, we conducted the first pilot study
to explore the potential and barriers of adoption of connected
care technologies using wearable activity trackers with a mobile
phone app for metabolic syndrome patients’ management in a
clinical setting. Our results showed that this intervention
promoted physical activity for 12 weeks, resulting in significant
improvement in metabolic impairments—especially in
BP—leading to a 45% metabolic syndrome resolution rate.
However, we saw a high dropout rate, revealing substantial
obstacles in applying this technology in real life.
The main finding of this study was a significant decrease in
systolic BP by 9.2 mm Hg (6.71%) and diastolic BP by 6.65
mm Hg (7.98%) 12 weeks after the first use of the device. The
degree of reduction in systolic BP observed in our study is
equivalent to that obtained through antihypertensive medications
with a mean of 8.8 mm Hg (95% confidence interval [CI] −9.58
to −8.02). It was also superior to that obtained through structured
exercise interventions with a mean of 4.84 mm Hg (95% CI
−5.55 to −4.13) according to a recent meta-analysis of 391
randomized controlled trials comparing the effect of medications
and exercise regimens on systolic BP [30]. Additionally, systolic
and diastolic BP were the most improved components among
the metabolic indexes in our study, which is consistent with
prior study, showing that systolic and diastolic BP were most
inversely related with steps per day tracked by a pedometer
[31]. It is well established that regular walking is effective in
BP control by improving vasodilatory function, lowering
vasoconstrictor tone, and mainly decreasing endothelin-1
endogenous bioavailability. However, walking is required to
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be almost daily for a significant improvement in BP [32].
However, many people reportedly find it difficult to maintain
daily walking without any motivation or feedback [16]. In this
context, the observed step counts and estimated calorie
expenditure at weeks 4, 8, and 12 were quite impressive given
that more than half the participants had not engaged in any type
of exercises at baseline.
For the mean number of steps taken throughout the trial, there
was obviously a consistency in the walking behavior among
the participants who completed the 12-week intervention. For
the first 4 weeks after wearing the device, the participants
walked on average 7616 steps daily. This value is equivalent
to the “moderately active” level according to the steps-per-day
categories and classification system of Tudor-Locke and Bassett
[33]. Furthermore, the participants took 17.5% more steps to
reach 8244 in the next 4 months. Between weeks 8 and week
12, the number of steps remained at the same level as that shown
in the first 4 weeks. Thus, these results indicate that the
participants fulfilled the amount of physical activity during the
12 weeks of trial that was recommended in the current guidelines
for metabolic syndrome management. Given that only five
participants in our study conducted regular exercise at baseline,
it was assumed that at least 55% of the participants started being
more physically active than before enrollment in the trial.
Although the number of steps that they had walked before
enrollment in the study was not assessed, our data showed no
significant difference in step counts between those who had
regularly exercised before the study and those who had not. It
is clinically meaningful for people who were once physically
inactive to maintain a moderately active level for 12 weeks,
which can be considered a driving contributor to the 45%
resolution in metabolic syndrome in our study.
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On the other hand, this study failed to see a significant reduction
in waist circumference, which is the main indicator of metabolic
syndrome. This is in line with the finding of previous studies
that saw no improvement in waist circumference or body weight
despite having promoted physical activity through feedback
using wearable devices [34,35]. The result is possibly due to
the increase in physical activity without dietary intervention,
which is not sufficient to bring about weight loss.
Traditional metabolic syndrome therapies are focused on
reducing insulin resistance through dietary control, physical
exercise, and lifestyle modification. However, the majority of
the general population have no or difficult access to personally
supervised exercise programs or fitness centers with personal
health trainers [11]. Moreover, it is challenging for patients with
metabolic syndrome to correct their sedentary lifestyle and
sustain health-related changes in their everyday lifestyle [21].
Although doctors can prescribe medications, they cannot
constantly oversee the routine of their patients. Therefore, it is
important to implement strategies to encourage or support
physical activity on a daily basis among patients with metabolic
syndrome. Mobile phones have evolved as an integral part of
people’s lives, and innovative apps support consumers in various
ways. With an upsurge in mobile phone distribution, Korea is
one of the countries with the highest number of mobile phone
users worldwide [36]. The development of mobile phones with
advanced computer technology to support Web browsing,
third-party apps, wireless connectivity, and sensors (eg,
pedometers, accelerometers, and global positioning system
trackers) has opened up a new era for personal health
self-management [16]. Along with a wide distribution of mobile
phones and innovative mobile apps, several low-cost or free
health care self-management apps have been developed for
continuous and personalized tracking of daily activities.
Historically, validated medical devices implanted with sensors
have been adopted in clinical studies and targeted research
conducted in medical settings. However, technological advances
in the measurement of activity (eg, steps), biochemistry (eg,
pH), and physiology (eg, blood oxygen saturation) have now
fostered the development of patient care and research outside
of the hospital setting [37].
Currently, most popular consumer-accessible wearable devices
estimate movements via accelerometers that apply algorithms
to calculate activity levels (generally in the form of steps taken)
and calories expended. These wearable devices differ from
traditional pedometers by adding a variety of techniques related
to health behavior changes, such as social support or
comparisons, goal setting, and rewards [38]. There are various
types of pedometers, ranging from simple and inexpensive ones
that quantify steps to technologically advanced accelerometers
that can measure the amount and intensity of physical activity
and total consumed calories in daily life [33-35]. These activity
monitors can be worn without major inconvenience, are easy
to use, and are compatible with most daily activities [31].
Previous reviews have already reported that physical activity
counseling is associated with a significant increase in
self-reported daily physical activity levels [39]. However,
self-reported measurements of physical activity cannot provide
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valuable data because they are inaccurate, and there may be a
social desirability bias [31].
Studies have found that interventions consisting of counseling
combined with activity monitoring have a positive effect on
daily physical activity levels in participants with chronic disease
[7,9-11]. However, information regarding the effects of
counseling with activity monitoring on objective measures of
physical activity and health-related outcomes (eg, BMI, BP,
and lipid profiles) remains limited to date. Although the use of
wearable devices, such as wristbands, smart watches, and
biomonitors, has considerably increased worldwide,
comparatively few studies have investigated their effect on the
resolution of metabolic syndrome. The most important limitation
of wearable devices is that for the majority of users, most
devices fail to drive long-term sustained engagement. A recent
Pew Internet and American Life survey showed that over 59%
of customers in the United States who own an activity tracker
no longer use it and one-third of customers who own a device
no longer use it after 6 months [40]. Designing a strategy to
ensure sustained engagement is the key to the long-term success
of wearable devices in health care. Most products and services
offering a range of uses fail to cause a meaningful change in
users’ health-related behaviors and habits; for example, activity
tracker users rapidly abandon devices that do not help them to
make positive changes and, ultimately, they fail to achieve
self-care in health [41,42]
Our study observed a significant dropout rate that was higher
than expected. One of the possible reasons was that our
participants were relatively older (median age 46 years)
compared to previous studies [16,36]. The participants who
failed to complete the trial were older than those who completed
it. This is consistent with previous research that investigated
the potential sociodemographic characteristics of individuals
using wearable activity trackers or mobile phone apps for
physical activity surveillance [38]. We included participants
who were daily mobile phone users of more than 3 months to
minimize the dropout rate caused by unfamiliarity with handling
of the app or of the Bluetooth on mobile phones required for
connecting the wearable device. Relevant research showed that
the older participants were more likely to be unwilling to try to
address the issues with mobile phones when that happens [41].
This can be an explanation for why most of those who dropped
out in our study did so during the first 4 weeks after they started
using the device. Despite efforts of researchers to solve the
technical issues when they happened and encourage the users
to try again, the majority of participants who experienced the
problems withdrew their consent due to dissatisfaction with the
device. Particularly, older participants had trouble learning how
to operate the device or getting used to it. Additional education
should have been provided for participants aged 50 years and
older to resolve any technical problems. This phenomenon
illustrates the importance of making smart medical devices
user-friendly in clinical settings, and suggests the main point
to be addressed when health providers consider applying this
digital health self-tracking system to their patients. Devices that
incorporate a function allowing users to change their habits will
encourage sustained behavioral changes and result in long-term
self-management of health care. Further study is needed to
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identify factors that influence users’ intention to continue using
connected care technologies and the reasons for usage
discontinuance.

Limitations
This analysis has several limitations that warrant consideration
when interpreting the results. First, the sample size was small,
and the intervention period was relatively short. The participants
were individuals undergoing health examination in Korea;
therefore, it is not possible to generalize our findings to other
ethnicities or geographic regions. Secondly, a significant
proportion of the participants were lost to follow-up. Moreover,
this study included only a few middle-aged women due to the
low number of women volunteers. During the study, we were
unaware if any participant received another commercialized
program for dietary control. Finally, our study had no control
group in which participants were provided with educational
programs to increase their physical activities instead of using
the wearable device. As a result, the positive findings seen in
this study might have come from participants’ behavior changes
such as healthy dietary choice or motivation by the nurse’s
telephone feedback rather than the wearable device itself.
Despite these limitations, our study is considerably valuable
owing to several strengths. Firstly, to the best of the authors’

Huh et al
knowledge, this is the first study to explore the potential and
possible barriers to the adaptation of a wearable device
connected to a mobile phone app for the management of
metabolic syndrome in a clinical setting. Another primary
strength of this study is the comprehensive health
examination-based screening performed that resulted in an
accurate diagnosis of metabolic syndrome by a family medicine
doctor, unlike previous studies in which the diagnosis of
metabolic syndrome was based on self-reports. Therefore, recall
bias and the risk of disease misclassification were minimized.
Furthermore, the study collated detailed information on
participants’ medical history, demographics, and laboratory
results, which allowed the exclusion of ineligible participants
and adjustments for important potential confounders during the
analysis.

Conclusion
In conclusion, this study found that a 12-week intervention via
feedback based on a wearable physical activity monitor helped
metabolic syndrome patients to engage in more regular walking
and improved impaired metabolic components especially in
terms of BP. However, some practical challenges need to be
addressed with respect to patients’ adherence and sustained
engagement.
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Abstract
Background: With the rise of mobile technology, an increasing number of people use mobile-based social media to access
health information. Many scholars have explored the nature of health information on social media; however, the impact of such
information on people was understudied.
Objective: This study aimed to examine the nature and impact of health information on mobile-based social media. Specifically,
we investigated how the levels of threat and efficacy of breast cancer prevention information affect individuals’ engagement with
the information, such as readings and likes.
Methods: Breast cancer prevention articles posted on a Chinese mobile-based social media platform (ie, WeChat Subscription
Account [WeChat SA]) from January 1 to December 31, 2017, were extracted using the Python Web Crawler. We used content
analysis and analysis of covariance to analyze our data.
Results: The results revealed that the vast majority of titles and main bodies of the articles involved one of the extended parallel
process model components: threat or efficacy.
Conclusions: Breast cancer prevention information on WeChat SA was well designed. Both threat and efficacy significantly
affected the number of readings, whereas only efficacy had a significant effect on the number of likes. Moreover, breast cancer
prevention information that contained both high levels of threat and efficacy gained the largest number of readings and likes.
(JMIR Mhealth Uhealth 2019;7(6):e13987) doi:10.2196/13987
KEYWORDS
breast cancer; prevention information; mobile social media; EPPM

Introduction
Background
With the rise of mobile technology, an increasing number of
people use mobile-based social media to access health
information, for example, seeking social support from others
and inquiring of medical professionals. In China, WeChat has
become the most widely and frequently used mobile-based
social media platform and is a crucial part of Chinese people’s
http://mhealth.jmir.org/2019/6/e13987/
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RenderX

daily lives [1]. In 2012, WeChat provided a platform called
Subscription Account (SA). Similar to Facebook pages, people
automatically receive information that they are interested in by
following a certain SA. With the high incidence and mortality
rate of breast cancer in China [2], many breast cancer–related
SAs were created on WeChat to provide a variety of information
regarding breast cancer prevention.
A number of studies have explored the nature of health
information on social media. For example, Jiang and Beaudoin
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examined the content of antismoking information on social
media based on 3 concepts: subjective norms, perceived risk,
and self-efficacy [3]. They found that most content is related to
perceived risk, followed by the other 2 factors. Zhang and He
examined 1352 messages posted in a Facebook diabetes group
and found that health information mainly comprises personal
experience, opinions, and advice [4]. Shi and Chen examined
the content of all 7215 messages posted in an HIV/AIDS Weibo
group and found that the health information in People living
with HIV/AIDS Weibo group mainly included emotional,
informational, and instrumental support [5]. Although many
scholars have explored the nature of health information on social
media, the impact of such information on people was
understudied.
Therefore, this study intended to examine both the nature and
impact of breast cancer–related information on WeChat SA
based on the extended parallel process model (EPPM) [6,7].
Some scholars have suggested that media content may not
directly affect people’s attitudes or behaviors but may instead
stimulate them to pay more attention to, and engage more in,
related information first [8]. Thus, instead of exploring the direct
effect of social media on individuals’ breast cancer preventive
behavior, this study sought to investigate how the level of threat
and efficacy of breast cancer prevention information affects
individuals’ engagement with the information.

The Extended Parallel Process Model
The fundamental aim of health communication is to deliver
knowledge to people to assist them in response to potential
diseases or health problems. In modern society, the media is
acknowledged as the most prevalent provider of health
information, and it is effective in raising public awareness of
diseases and promoting precautionary action [9]. Considering
the potential impact of the media on public reactions to health
issues, this study endeavors to investigate how health messages
are constructed in the media and how health information
influences people’s engagement with information. Thus, this
study adopts the EPPM as a theoretical basis.
The EPPM is a predominant message design theory for
investigating individuals’ reactions to fear appeals [6].
According to the EPPM, to persuade specific groups of people,
threat messages should be first provided to attract individuals’
attention and stimulate their perception of threat. More
specifically, perceived threat includes 2 elements: perceived
severity and susceptibility [10]. Perceived severity refers to the
perception of seriousness or magnitude of a threat, whereas
perceived susceptibility refers to the likelihood of suffering
from the threat based on one’s belief. After individuals evaluate
the extent to which they are likely to experience the threat and
the seriousness of the threat, they should receive feasible
recommendations that could increase their perceived efficacy.
Perceived efficacy also comprises 2 dimensions: perceived
self-efficacy and response efficacy. To be specific, perceived
self-efficacy refers to an individual’s beliefs regarding his or
her ability to perform recommended behaviors, whereas
perceived response efficacy refers to personal beliefs regarding
the effectiveness of the recommended behaviors to avoid
hazards. Ideally, when the audience has a higher level of
http://mhealth.jmir.org/2019/6/e13987/
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perceived efficacy than that of threat, they will enter the danger
control process in which they perform protective behaviors to
avert hazards.
A number of empirical studies have documented that fear appeal
messages are effective in motivating individuals to perform
certain health behaviors. For example, Chen and Yang (2018)
found that messages containing a high level of threat and
efficacy increased women’s intentions to adopt recommended
practices, such as breast self-examination [11]. Kotowski et al
found that well-designed fear appeal messages can motivate
people to use hearing protection aids [12]. Some studies have
indicated that people who are exposed to these messages only
once may not change their behaviors directly. However, the
effectiveness of fear appeal messages might be realized by
multiple interactions with the information instead of one
exposure to the information [13]. Several studies have pointed
out that fear appeal messages may not directly lead people to
protective behavior but may motivate them to seek and share
relevant information and engage in discussion about a particular
issue first [8,14,15]. Thus, we applied the EPPM to examine
how breast cancer–related information can affect people’s
engagement with information.

Engagement With Social Media Content
Social media content usually provides more information than
does traditional media. The message itself, the social media
content, usually includes some social cues that refer to systemand user-generated cues, such as the number of readings and
the number of likes on WeChat SA [16]. Some scholars have
indicated that social cues, including the number of readings and
likes, have become common indicators of social media
campaigns’ reach and awareness [17,18]. A higher number of
readings and likes indicate a high level of media effects. Thus,
social cues have been used as proxies to represent the
effectiveness of mobile-based social media campaigns [16]. On
the basis of the above, this study intended to examine how the
threat and efficacy components in breast cancer prevention
messages affect the number of readings and likes. We proposed
the following research questions (RQs):
•
•

•
•
•
•

RQ1: How do the titles of articles on breast cancer–related
WeChat SAs present (1) threat and (2) efficacy?
RQ2: How do the main bodies of articles on breast
cancer–related WeChat SAs present (1) threat and (2)
efficacy?
RQ3: How does the threat of article titles affect the number
of readings?
RQ4: How does the efficacy of article titles affect the
number of readings?
RQ5: How does the threat of the main bodies of the article
affect the number of likes?
RQ6: How does the efficacy of the main bodies of the article
affect the number of likes?

Methods
Data Extraction
All articles regarding breast cancer prevention posted in breast
cancer–related WeChat SAs from January 1 to December 31,
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2017, were extracted using the Python Web Crawler in
September 2018. The unit of analysis for this study was a single
article. Commercial advertisements and articles not related to
breast cancer prevention were excluded from the sample. Hence,
the final sample size was 537 articles. The content, length of
the title and main body, number of readings and likes, and video
were retrieved.

Content Analysis
Manual content analysis was used in the current research.
Specifically, 3 trained coders, who are native Chinese speakers,
were recruited to conduct the coding procedure. First, the 537
article titles were coded as 0 (absent) and 1 (present) in the 2
variables: threat and efficacy. Krippendorff alpha tests revealed
an acceptable level of intercoder reliability for the 2 variables:
.87 for threat and .91 for efficacy. The main bodies of the article
were coded as 0 (low), 1 (medium), and 2 (high) for the 2
variables: threat and efficacy. The values of Krippendorff alpha
were .81 for threat and .83 for efficacy, which is also acceptable.

the main bodies of the articles, 75.2% (404/537) articles
provided medium and high levels of threat, whereas only 49.7%
(267/537) articles contained medium and high levels of threat.

The Impact of Breast Cancer Prevention Information
on WeChat Subscription Accounts
In addition, a series of analysis of covariance (ANCOVAs) was
conducted to address RQ3 to RQ6. First, an ANCOVA was
performed to examine how the threat and efficacy of article
titles affect the number of readings, with title length serving as
a covariate. The results revealed a significant main effect for
threat, where titles with the threat component had a greater
number of readings (mean 8448.73, SD 8286.11) and those
without the threat component had a lower number of readings
(mean 5957.64, SD 4852.52), F1,532=62.99, P<.001, partial

The Nature of Breast Cancer Prevention Information
on WeChat Subscription Accounts

η2=0.11 (see Tables 1 and 2). The results also showed a
significant main effect for efficacy, which indicated that titles
with the efficacy component tended to have a greater number
of readings (mean 7477.39, SD 6346.04) than did those without
the efficacy component (mean 5094.04, SD 5155.45),
F1,532=85.87, P<.001, partial η2=0.14 (see Tables 1 and 2).
Furthermore, the results revealed a significant interaction effect
between threat and efficacy, F1,532=51.51, P<.001, partial

First, the results showed that 82.1% (441/537) article titles
involved one of the EPPM components: threat or efficacy. To
be specific, 63.9% (343/537) article titles contained efficacy
and 26.4 % (142/537) article titles contained threat. In terms of

η2=0.09. Figure 1 presents a plot of the obtained mean scores.
An examination of this interaction effect indicates that the
number of readings was highest when both threat and efficacy
were presented in the article titles.

Results

Table 1. Descriptive statistics for the number of readings (N=537).
Presence of threat and efficacy

Mean (SD)

n (%)

Efficacy absent

4881.70 (3969.35)

96 (17.9)

Efficacy present

6303.09 (5061.33)

299 (55.7)

Total

5957.64 (4852.52)

395 (73.6)

Efficacy absent

5302.03 (6112.63)

98 (18.3)

Efficacy present

15457.27 (8247.67)

44 (8.2)

Total

8448.72 (8286.11)

142 (26.4)

Efficacy absent

5094.03 (5155.45)

194 (36.1)

Efficacy present

7477.39 (6346.04)

343 (63.9)

Total

6616.36 (6048.11)

537 (100)

Threat absent

Threat present

Total

Table 2. Threat×efficacy factorial analysis of variance for the amount of reading.
Variable

F test (df)

P value

Partial η2

Title length

11.03 (1)

.001

0.02

Threat

62.99 (1)

<.001

0.11

Efficacy

85.87 (1)

<.001

0.14

Threat×Efficacy

51.51 (1)

<.001

0.09
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Figure 1. Interaction effect between threat and efficacy upon the number of readings.

Additionally, another ANCOVA was performed to explore how
the level of threat and efficacy presented in the main bodies of
the articles affected the number of likes, with videos and article
length serving as covariates. The results revealed that the main
effect for threat was not significant (F2,526=.65; P=.52; partial
η2=0.002). However, the main effect for efficacy was significant

(F2,526=5.45; P=.005; partial η2=0.02), where articles with a
high level of efficacy (mean 46.75, SD 63.18) had a greater
number of likes than did those with medium (mean 34.19, SD
47.36) and low levels of efficacy (mean 26.68, SD 32.82; see
Tables 3 and 4).

Table 3. Descriptive statistics for the number of likes (N=537).
Level of threat and efficacy

Mean (SD)

n (%)

Low efficacy

25.59 (27.71)

87 (16.2)

Medium efficacy

29.68 (31.61)

60 (11.2)

High efficacy

37.69 (38.18)

123 (22.9)

Total

32.01 (33.97)

270 (50.3)

Low efficacy

35.63 (43.89)

30 (5.6)

Medium efficacy

39.90 (40.21)

48 (8.9)

High efficacy

41.84 (43.68)

81 (15.1)

Total

40.08 (42.49)

159 (29.6)

Low efficacy

15.88 (32.51)

16 (3.0)

Medium efficacy

34.04 (83.64)

23 (4.3)

High efficacy

68.68 (102.19)

69 (12.9)

Total

53.48 (93.08)

108 (20.1)

Low

26.68 (32.82)

133 (24.8)

Medium

34.19 (47.36)

131 (24.4)

High

46.75 (63.18)

273 (50.8)

Total

38.72 (53.93)

537 (100)

Low threat

Medium threat

High threat

Total
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Table 4. Threat×efficacy factorial analysis of variance for intention to the number of likes.
Variable

F test (df)

P value

Partial η2

Article length

10.10 (1)

.002

0.02

Video

0.97 (1)

.32

0.00

Threat

0.65 (2)

.52

0.00

Efficacy

5.45 (2)

.005

0.02

Threat×Efficacy

2.53 (4)

.04

0.02

Figure 2. Interaction effect between threat and efficacy upon the number of likes.

The results revealed that the threat×efficacy interaction effect
(F4,526=2.53; P=.04; partial η2=0.02) was significant. Figure 2
presents a plot of the obtained mean scores, which indicated
that for the main bodies of the articles with low or medium
levels of threat, regardless of the level of efficacy, the number
of likes remained stable and relatively low. Similarly, for the
main bodies of the articles with a high level of threat, coupled
with low or medium levels of efficacy messages, the number
of likes was small. However, for the main bodies of the articles
with high levels of threat and efficacy, the number of likes was
highest.

Discussion
Principal Findings
This study examined the nature and impact of mobile-based
social media messages. Single exposure to information may not
lead to immediate behavior change. Media content may stimulate
people’s information attention and engagement (ie, liking,
sharing, and commenting) [8,14,15,19], which promotes actual
behaviors [20]. As such, this study explored how mobile-based
social media messages affect individuals’ engagement with the
information based on the EPPM.
First, the WeChat SA article titles with a threat or efficacy
component had a greater number of readings than did those
without threat and efficacy components. Moreover, the number
of readings was highest when both threat and efficacy were
present in the article titles. This is consistent with the EPPM
model. Titles containing the threat of breast cancer will attract
people’s attention and arouse their feelings of fear [6,21], which
will motivate them to seek preventive solutions. In this regard,
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once the titles contain the efficacy component, people will
perceive that the article will provide effective measures. Thus,
they are more likely to read these articles.
In addition, the results revealed that the main bodies of the
articles containing a high level of efficacy received a greater
number of likes than did those with medium and low levels of
efficacy, whereas the level of threat did not significantly affect
the number of likes. It is plausible that most people who
followed the WeChat SA related to breast cancer were aware
of the risk of breast cancer before reading the articles. Moreover,
the article titles may have aroused their feelings of fear. In this
regard, they prefer to find effective and feasible measures to
reduce their fear and anxiety instead of increasing perceived
risk about diseases.
More interestingly, the main bodies of the articles that contain
high levels of threat and efficacy gained the largest number of
likes. However, those with low levels of efficacy but high levels
of threat did not lead to public agreement. This is in line with
the EPPM. People who experience an overly high perceived
threat believe that they are incapable of adopting protective
behaviors or their beliefs fall under the ineffectiveness of such
behaviors. Thus, they would subsequently enter the fear control
process and engage in defensive avoidance or reaction behaviors
[7]. In contrast, when people have a higher perception of
efficacy than threat, they enter the danger control process and
change their perceptions, attitudes, intentions, and even actual
behaviors to cope with the threat according to the recommended
responses [10].
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Implications and Limitations
This study is an initial attempt to examine the nature and impact
of mobile-based social media messages on people’s engagement
with information. First, breast cancer prevention information
on the most popular Chinese mobile-based social media platform
(ie, WeChat SA) was analyzed and found to be well designed.
However, instead of examining the direct effect of social media
on individuals’ actual behavior, this study investigated how
threat and efficacy of breast cancer prevention articles on
WeChat SAs affect the number of readings and likes. This
provides a new approach or perspective to examine the effects
of social media–based health campaigns,
Despite its significant contributions, this study is not without
limitations. First, only breast cancer prevention–related WeChat
SA articles were examined in this study, which may limit

Chen et al
generalization of the findings to other diseases and health
conditions. Future studies should examine mobile-based social
media content regarding other diseases. Second, only the number
of readings and likes were included as indicators of individuals’
engagement with the information in this study. Other social
cues, such as the number of comments and retweets, may also
represent the level of engagement with the information. Thus,
the content of comments and the number of retweets could be
considered. Finally, this study examined the effects of
mobile-based social media only on individuals’ engagement
with the information rather than their actual behaviors. Although
previous studies have indicated the link between engagement
with information and actual behavior [8], future research should
examine whether and how engagement with information affects
actual preventive behavior.
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Abstract
Background: Energy balance is defined as the difference between energy expenditure and energy intake. The current state of
knowledge supports the need to better integrate mechanistic approaches through effective studies of energy balance in the cancer
population because of an observed significant lack of adherence to healthy lifestyle recommendations. To stimulate changes in
breast cancer survivors’ lifestyles based on energy balance, our group developed the BENECA (Energy Balance on Cancer)
mHealth app. BENECA has been previously validated as a reliable energy balance monitoring system.
Objective: Based on our previous results, the goal of this study was to investigate the feasibility of BENECA mHealth in an
ecological clinical setting with breast cancer survivors, by studying (1) its feasibility and (2) pretest-posttest differences with
regard to breast cancer survivor lifestyles, quality of life (QoL), and physical activity (PA) motivation.
Methods: Eighty breast cancer survivors diagnosed with stage I to IIIA and with a body mass index over 25 kg/m2 were enrolled
in this prospective test-retest quasi-experimental study. Patients used BENECA mHealth for 8 weeks and were assessed at baseline
and the postintervention period. Feasibility main outcomes included percentage of adoption, usage, and attrition; user app quality
perception measured with the Mobile App Rating Scale (MARS); satisfaction with the Net Promoter Score (NPS); and barriers
and facilitators of its use. Clinical main outcomes included measuring QoL with the European Organization for Research and
Treatment of Cancer QoL Questionnaire Core 30 (EORT QLQ-C30), PA assessment with accelerometry, PA motivation measure
with a Spanish self-efficacy scale for physical activity (EAF), and body composition with dual-energy x-ray absorptiometry.
Statistical tests (using paired-sample t tests) and Kaplan-Meier survival curves were analyzed.
Results: BENECA was considered feasible by the breast cancer survivors in terms of use (76%, 58/76), adoption (69%, 80/116),
and satisfaction (positive NPS). The app quality score did not make it one of the best-rated apps (mean 3.71, SD 0.47 points out
of 5). BENECA mHealth improved the QoL of participants (global health mean difference [MD] 12.83, 95% CI 8.95-16.71,
P<.001), and EAF score (global MD 36.99, 95% CI 25.52-48.46, P<.001), daily moderate-to-vigorous PA (MD 7.38, 95% CI
0.39-14.37, P=.04), and reduced body weight (MD −1.42, 95% CI −1.97 to −0.87, P<.001).
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Conclusions: BENECA mHealth can be considered feasible in a real clinical context to promote behavioral changes in the
lifestyles of breast cancer survivors, but it needs to be enhanced to improve user satisfaction with use and functionality. This
study highlights the importance of the use of mobile apps based on energy balance and how the QoL of breast cancer survivors
can be improved via monitoring.
(JMIR Mhealth Uhealth 2019;7(6):e14136) doi:10.2196/14136
KEYWORDS
mHealth; energy balance; monitoring; breast cancer; survivors; quality of life

Introduction
There is a direct relationship between energy imbalance and an
increased risk of not only multiple cancers but also cancer
mortality, and a worsening of the effects of the disease [1-3].
Energy balance is defined as the difference between energy
expenditure and energy intake [4]. Energy intake that exceeds
energy expenditure is the main driver of weight gain; thus,
balancing both helps weight maintenance [5].
A panel of experts from the International Agency for Research
on Cancer and the World Cancer Research Fund agreed that 16
types of cancer are probably associated with one of the more
relevant consequences of energy imbalance, excess fat
accumulation in the body, making obesity the second leading
cause of cancer worldwide [1,6]. Moreover, since the first
decade of the 2000s, the scientific evidence on the benefits of
physical activity (PA) in the quality of life (QoL) of cancer
survivors (known as “oncological exercise”) has grown
exponentially, generating dozens of systematic reviews, several
international guidelines, and the recommendation to include
programs of exercise in cancer survivors care [7]. Dietary and
exercise interventions can alter the energy imbalance associated
with cancer and potentially decrease the QoL of cancer
survivorship [5]. However, the literature shows that despite
strong evidence of this association, an insurmountable barrier
prevails between “what needs to be done” and “what patients
really do,” observing a significant lack of adherence to the
preceding interventions [1].
In today’s progressively technical world, the use of mobile apps
in smart devices has become the norm. In the same way, patients
increasingly use therapeutic mobile apps related to some form
of cancer treatment [8]. More than 2500 mobile apps are defined
as apps related to cancer, but this relationship is peripheral or
based on unproven claims, such as apps for yoga and
naturopathy that claim to help prevent or even cure cancer [9].
In 2017, 15% of studies conducted worldwide were aimed at
digital health, with 75% of these studies being conducted in the
United States [9]. Recently, 539 apps were considered in a
systematic review, which concluded that the effectiveness of
most of them had not been validated scientifically [8,10].
Duman-Lubberding and colleagues [11] have developed
Oncokompas, an eHealth app to facilitate access to supportive
cancer care and monitor cancer patients’ QoL [12], specifically
in the case of breast cancer [13]. Another study by Gietema and
colleagues [14] assessed the feasibility of the Runkeeper app
to improve the level of PA of cancer patients. They concluded
that there is a need to increase research in the area. Different
studies and meta-analyses of cancer patients show the benefits
http://mhealth.jmir.org/2019/6/e14136/

XSL• FO
RenderX

of mHealth, which include reducing fatigue or pain [15,16],
distance PA programs with inconclusive results for and against
[17-19], the use of social networks by patients of some types
of cancer to improve QoL [20], and monitoring of symptoms
[21,22]. However, none of these studies refers to monitoring
and providing high-quality research feedback to restore the
energy balance in cancer patients. The only references found
in this field were in healthy populations [23,24], children and
adolescents [25], pregnant women [26], hospitalized patients
[27], and cardiac surgery [28] and diabetes [29] patients.
Furthermore, monitoring using globally extended systems, such
as Fitbit wristbands, is being questioned [30]. A recent
systematic review of 67 studies concluded that, except for the
measurement of steps in adults, there are a limited number of
situations in which these devices provide accurate measurement
for use in research [30].
In an attempt to stimulate changes in breast cancer survivors’
lifestyles based on energy balance, we developed the BENECA
mHealth app: Energy Balance on Cancer [31,32]. BENECA
mHealth aims to monitor the energy expenditure and energy
intake of breast cancer survivors and provide instantaneous,
simple, and clear feedback on the users’ energy balance, along
with recommendations on how to improve it. This strategy was
based on a recent systematic review of behavior change
techniques for increasing PA in cancer survivors [33], as well
as another study carried out by Hillier et al [34], who developed
a Web-based program to assess energy balance in healthy adults.
The first essential step, to develop and validate our tool, was to
ensure the reliability of the BENECA mHealth monitoring
system. The results of our previous study showed that it is a
direct, rapid, and consistent evaluation system [32]. Based on
these results, the goal of this study was to investigate the
feasibility of BENECA mHealth in an ecological setting with
a population of cancer survivors after they are discharged from
their oncology treatment.
This involved studying the adoption of the app, its usage, user
app quality perception, and the barriers and facilitators of its
use. In addition, we gained insight into pretest-posttest
differences with regard to breast cancer survivors’ lifestyles,
QoL, and PA motivation. This investigation was based on the
hypothesis that using the BENECA mHealth app for 8 weeks
would help increase the motivation of breast cancer survivors
to adhere to healthier lifestyles, thereby improving their QoL.
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Methods
Study Design and Patient Recruitment
A prospective test-retest quasi-experimental study was carried
out with 80 breast cancer survivors. The breast cancer survivors
were selected based on the following eligibility criteria: (1)
breast cancer stage I, II, or IIIA, (2) 30 to 75 years old, (3) body
mass index (BMI) over 25 kg/m2, (4) user-level skills for app
management, and (5) completed the adjuvant treatment at least
6 months before being included in the study. Eligible
participants were excluded if they had mental or physical health
conditions that prevented them from walking and/or participating
in the assessment or if they did not sign the informed consent
form. In addition, participants had to have access to a mobile
device or tablet with an internet connection and an Android
operating system. The research team loaned out two devices in
cases where this was not possible or the operating system was
incompatible with the app. All participants were recruited
through the oncology unit from the University Hospital Complex
of Granada, Spain, after being informed about the study and
being referred by their respective oncologist. All eligible
participants were contacted via telephone, screened using the
inclusion and exclusion criteria, and if they were interested in
participating, cited for the baseline assessment.
This study was approved by the ethics committee of the
Andalusian Health Service (FIS, PI14-01627; Granada, Spain)
and it was performed in accordance with the Helsinki
Declaration for biomedical research (14/2017) [35]. Participants
completed informed consent forms before the assessment.

BENECA mHealth
The CUIDATE research group developed the Energy Balance
on Cancer (BENECA) mHealth app to monitor and provide
feedback to breast cancer survivors on healthy eating and PA.
A description of the BENECA mHealth System [31,36] and a
reliability study for the same [32] were previously published.
After the baseline assessment was performed, a member of the
research group downloaded the app on a patient’s mobile phone
and taught them how to use it. The patient then had to prove
that she understood the instructions by using the app in the
presence of the researcher. Patients had to use BENECA
mHealth for 8 weeks during the study. Physical activity
(duration and intensity) and diet (food and drink intake) data
were recorded via the app (self-recorded). Intake was recorded
using a dietary record questionnaire; BENECA is structured
with six consumption times. On each day, for each period, users
report all food and beverages consumed. For PA, BENECA
incorporated the Minnesota Leisure-time Physical Activity
Questionnaire. Patients had to record intensity and duration of
activities each day; BENECA only recorded those activities
with a duration of at least 10 minutes. Using this information,
the app sent a notification to the user of their daily energy
balance, offering recommendations on diet and PA, which were
based on the guidelines of the World Cancer Research Fund
International, the strategies for PA and diet in patients with
cancer from the American College of Sports Medicine [37], and
the recommendations of the American Cancer Society [38].
Users receive a straightforward daily notification if there has
http://mhealth.jmir.org/2019/6/e14136/

XSL• FO
RenderX

Lozano-Lozano et al
been an energy imbalance; any difficulties in handling the app
were resolved via calls and text messages between the researcher
and patient (Multimedia Appendix 1). BENECA had been
developed based on the theories of learning, Goal-Setting
Theory, and Social Cognitive Theory to include techniques such
as reinforcement, facilitation, self-monitoring, goal setting,
feedback on performance, and reviewing goals, which have
demonstrated to be promising in increasing PA in different
populations [33,39]. A video tutorial was made available to the
patients to review the use of the app.

Outcome Measures
Patient demographic and clinical data were obtained at the
beginning of the study using a study-specific survey. Baseline
data were gathered at the start of the study and again after 8
weeks of using BENECA mHealth. The outcomes measured
are presented subsequently.

Feasibility of Main Outcomes
BENECA mHealth was considered feasible for use by breast
cancer survivors as long as it met the following criteria,
established based on previous studies with eHealth apps
[11,13,40,41]: adoption and usage rate over 50%, a positive Net
Promoter Score (NPS), and a Mobile App Rating Scale (MARS)
score of up to 3.73 out of 5.

Adoption, Usage, and Attrition
The adoption rate was the percentage of the number of breast
cancer survivors that agreed to participate in the study and
completed the initial assessment, demonstrating the intention
to use BENECA mHealth, out of the total number invited to
participate in the study. The usage rate is the percentage of
breast cancer survivors that used BENECA mHealth, which
was determined through the logging data of the app. Both the
adoption and usage rates were calculated based on the methods
used in a previously published study [13]. The attrition rate is
the percentage of breast cancer survivors that stopped using
BENECA mHealth and did not use it again, as per Eysenbach’s
definition [42]. To assess the safety of the process, any adverse
effects reported by the patients were recorded through a patient’s
daily diary.

BENECA mHealth Quality
The MARS was used to assess the quality of BENECA mHealth.
The MARS is composed of 23 items grouped into different
sections: engagement, functionality, aesthetics, and information
quality (with which the overall average score of the scale is
obtained). There are also two optional sections: subjective
quality (with four items) and app-specific quality (with six
items). Each item was assessed independently based on a Likert
scale from 1 (inadequate) to 5 (excellent), and the mean score
was calculated for each section. This scale has been validated
and has proven to be simple, objective, and reliable to assess
the quality of mHealth apps [43]. Similarly, the NPS was used
to measure satisfaction based on responses to the following
question: How likely are you to recommend BENECA mHealth
to other breast cancer survivors? The responses were recorded
using an 11-point Likert scale in which 0 indicates “not likely”
and 10 indicates “very likely.” The percentage of detractors
(those whose scores were from 0 to 6) and promoters (those
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whose scores were from 9 to 10) were calculated, and each
group was given a score between −100 and 100. A positive
score is considered good; a negative score is considered bad
[44]. This methodology has been used as a predictor of growth
and an indicator of customer satisfaction in for-profit industries,
and it provides insight into the client experience in nonprofit
health care settings [45].

Barriers and Facilitators
After the participants used BENECA mHealth for 8 weeks and
completed the corresponding assessment, a trained member of
the research team interviewed each participant using a
standardized set of interview questions based on a previous
study [13]. This interview focused on three main elements:
overall experience with BENECA mHealth, congruence between
expectations and reality with BENECA mHealth, and the
perception and added value of BENECA mHealth. For cases in
which the app was no longer used, the participants were asked
about their reasons for not using the app and the preferences or
needs that would prompt them to use it. Each interview was
read several times and transcribed by the same researcher, and
the barriers and facilitators reported by the breast cancer
survivors were synthesized [46].

Main Clinical Outcomes
Quality of Life
The European Organization for Research and Treatment of
Cancer QoL Questionnaire Core 30 (EORTC QLQ-C30) version
3.0 was used to assess the QoL of the participants. This
questionnaire is intended to measure general aspects of QoL
specific to cancer patients. It contains five functional scales
(physical, role, cognitive, emotional, and social functioning), a
global health status scale, and symptom scales of fatigue, nausea
and vomiting, pain, dyspnea, insomnia, appetite loss,
constipation, diarrhea, and financial problems. It is scored using
a four-point Likert scale (from 1=“not at all” to 4=“very much”)
and the raw scores are transformed into a 0 to 100 scale. The
higher the score on the functional scales, the better the QoL,
but the higher the score on the symptom scales, the poorer the
QoL [47,48].

Self-Efficacy and Motivation in Relation to Physical
Activity
A Spanish self-efficacy scale for physical activity (EAF) was
used to measure the self-efficacy and motivation of the
participants to engage in PA and incorporate it into their daily
activities. It consists of three domains: scheduled physical
exercise, PA in daily life activities, and walking, which
determine a person’s perception of their abilities to engage in
PA (self-efficacy for PA) [49].

Physical Activity
Data on PA and the sedentary lifestyle of the breast cancer
survivors were collected using accelerometry based on a
previously published protocol of use and analysis [50]. A
preprogrammed triaxial accelerometer (ActiGraph GT3X+,
Pensacola, FL, USA) was used by each patient for eight
consecutive days. The participants received a questionnaire
diary and an instruction sheet on how to use the device. Only
http://mhealth.jmir.org/2019/6/e14136/
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the records of more than 4 days and of at least 10 hours per day
were included in the analysis.

Body Composition
Dual-energy x-ray absorptiometry (Discovery DXA
densitometer from Hologic, QDR 4500 W) was used for
assessing BMI, the percentage of fat mass, and bone mineral
density, as previously used for breast cancer patients [51] in
accordance with protocol of use [52]. The height and weight of
the participants were also measured at baseline as well as hip
and waist circumferences.

Statistical Analysis
All analyses were performed using SPSS Statistics version 24
(IBM Corp, Armonk, NY, USA). Statistical significance was
assumed when P<.05. The logging data from BENECA mHealth
were obtained on request from the computer engineers
responsible for the development of the app.
First, descriptive measures were used to report the data on
adoption, use, attrition, and quality, as well as to report on the
clinical and anthropometric variables of the participants. A
Kaplan-Meier survival curve was used to visually examine the
survival curve of the entire cohort to determine the attrition. In
the analysis, an “app survivor” was defined as a breast cancer
survivor that maintained logging practices using BENECA
mHealth until at least 3 days before the last day of the
experimental period. Those defined under “app death” were
those who missed five consecutive daily loggings (based on a
previous study [53]). A Kaplan-Meier estimator with
right-censored data was used. This type of data was used because
it best fit our study results. As most of the breast cancer
survivors “survived” until the end of the experimental period,
we do not know how long they would have continued using
BENECA mHealth after this period. Then, a Cox proportional
hazard model was used to examine if age, marital status, and
employment had any effect on the attrition.
Second, to assess the pretest-posttest differences in the main
outcomes, an analysis of paired-sample t tests was used and,
when appropriate, Wilcoxon signed rank tests were conducted.
Moreover, the effect size (ES) estimate was determined and
interpreted using Cohen’s guidelines of 0.1=small effect,
0.3=medium effect, and 0.5=large effect.
Third, to assess differences between “users” and “nonusers”
and the patients’ perception of BENECA mHealth quality, a
Mann-Whitney test was used for categorizing the breast cancer
survivors according to the cut-off used in the survival analysis.
A simple linear regression was used to examine the influence
of age on the perception of BENECA mHealth quality.
Our data contained a few missing values (5%, 4/80 of the total
number of cases), but these can be considered random and
inconsequential [54]. Hence, no multiple imputation method
was necessary (casewise deletion was used).
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Results
Demographic Characteristics
The baseline demographic and clinical characteristics of the
participants (mean age 51.80, SD 8.64 years) are presented in
Table 1. Of the 80 breast cancer survivors, 50 (62%) were
married, 31 (38%) had a higher education, and 40 (50%) were

Lozano-Lozano et al
diagnosed with stage II breast cancer, followed in frequency by
stage IIIA (28/80, 35%). All participants received instructions
on how to use BENECA mHealth to monitor energy intake and
expenditure. Four participants were unable to be assessed
postintervention (dropouts); three were not assessed due to
changes in their health status unrelated to the study, and one
decided to discontinue.

Table 1. Participant demographics (N=80).
Variables

Participants

Age (years), mean (SD)

51.80 (8.64)

Body mass index, mean (SD)

29.11 (4.77)

Marital status, n (%)
Single

16 (20)

Married

50 (63)

Divorced

10 (13)

Other

4 (5)

Education, n (%)
No education

1 (1)

Primary studies

23 (29)

Secondary studies

25 (31)

Higher education

31 (39)

Employment, n (%)
Homemaker

18 (22)

Employee

32 (40)

Low

10 (13)

Unemployed by the disease

20 (25)

Cancer stage, n (%)
I

10 (13)

II

40 (51)

IIIA

28 (36)

Surgery, n (%)
Lumpectomy

24 (30)

Quadrantectomy

13 (16)

Unilateral mastectomy

27 (34)

Bilateral mastectomy

16 (20)

Medical treatment, n (%)
None

6 (8)

Radiation therapy alone

10 (13)

Chemotherapy alone

6 (8)

Chemotherapy and radiation therapy

48 (60)

Adjuvant chemotherapy

7 (9)

Neoadjuvant chemotherapy

3 (4)
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Feasibility Outcomes
Adoption, Usage, and Attrition Rates
The study design is shown in Figure 1. The adoption rate of
BENECA mHealth was 69%; 80 of 116 breast cancer survivors
who were invited to participate intended to use BENECA
mHealth, filled the informed consent form, and were assessed
at baseline. The reasons for not participating in the study
included lack of interest (too busy; n=14), incompatibility of
the user’s mobile operating system with BENECA mHealth
(n=11), and failed initial contact (eg, wrong phone number or
no answer; n=11).
The usage rate was 73% (58/80) including dropouts and 76%
(58/76) excluding dropouts. The reasons for stopping using
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BENECA mHealth included technical issues, such as difficulty
in finding specific foods (n=6), app blocks (n=4), difficulty in
calculating proportions of diet registration (n=9), or lack of
motivation (n=3). We examined attrition using the Kaplan-Meier
survival curve and Cox proportional hazards model. Figure 2
illustrates the attrition curve of the study participants with their
respective 95% CIs. The curve is flat at the beginning, begins
to get steeper after the first month, and flattens again with time.
The Cox proportional hazards model was used to assess the
differences in the survival rate using covariables that could
affect this rate from the clinical point of view based on a priori
knowledge. The results obtained using this model with the
covariates were significant at P=.02; the coefficients are shown
in Table 2.

Figure 1. Flow diagram of the study design. EAF: self-efficacy scale for physical activity; EORT QLQ-C30: European Organization for Research and
Treatment of Cancer Quality of Life Core Questionnaire 30. *N=75 for accelerometry analyses (one broken device on preassessment).
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Figure 2. “Survival” of BENECA app participants as shown by a Kaplan-Meier survival curve with 95% CIs (dashed lines).

Table 2. Coefficients for the Cox proportional hazards model.
Coefficients

Coefficient estimate (95% CI)

P value

1.12 (1.04-1.19)

.001

Married

0.88 (0.25-3.18)

.85

Divorced

0.77 (0.15-4.04)

.76

2.52 (0.35-18.26)

.36

Employee

0.46 (0.13-1.59)

.22

Lowc

1.12 (0.27-4.62)

.87

Unemployed due to the disease

0.46 (0.12-1.67)

.24

Age
a

Marital status

Other
b

Employment

a

Marital status reference category: single.

b

Employment reference category: homemaker.

c

Unemployed/on leave.

Patients’ Perception of BENECA mHealth Quality
The mean MARS quality score for the app was 3.71 (SD 0.47)
out of 5, and the NPS was positive (6.58 in range of −100 to
100), consisting of 24% (19/80) detractors, 30% (24/80)
promoters, and 46% (37/80) passives. On average, the best-rated
MARS category was app-specific change (mean 4.30, SD 0.37),
followed by information (mean 4.22, SD 0.51), app subjective
quality (mean 3.73, SD 0.46), and functionality (mean 3.71, SD
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0.52). The worst-rated section was aesthetics, with a mean of
3.25 (SD 0.63). The specific scores for each section of the
MARS are illustrated in Figure 3. The participants were divided
according to the cut-off used in the survival analysis. It shows
how the participants who used BENECA until the end of the
experimental period scored higher and were statistically
significant in all sections (P<.001). Linear regression showed
that the older the patient, the lower the app quality score
(beta=−0.29, t75=−2.64, P=.01).
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Figure 3. Mobile App Rating Scale (MARS) mean scoring. Data show differences between completed and noncompleted users and global mean scoring.
Completed users are defined as those who used the BENECA mHealth app until study completion (n=58). Noncompleted users are defined as those
who stopped using the BENECA mHealth app study completion (n=22). *P<.001. UMARS: User Version of the Mobile Application Rating Scale.

Barriers and Facilitators
In summary, seven barriers and five facilitators were quoted
five times or more when the participants were interviewed.
Among the barriers, the most common was “BENECA does
not have some food items” followed by “difficulty at the time

of introducing the intake.” Among the facilitators, the most
common was “BENECA provides relevant information to the
patient” followed by “patient considers it important to know
BENECA’s feedback on energy balance.” Table 3 summarizes
the barriers and facilitators mentioned.

Table 3. Barriers and facilitators toward the feasibility of the BENECA mHealth app (N=77).
Barriers and facilitators

n (%)

Barriers
Extension of BENECA

29 (38)

BENECA does not have an added value for the patient

9 (12)

BENECA does not have some food items

59 (77)

BENECA does not have some physical activities

8 (10)

BENECA feedback is limited

17 (22)

Difficulty at the time of introducing the intake

42 (55)

The patient’s perception of BENECA’s contribution to her health is negative

2 (3)

Facilitators
The usefulness of BENECA in general

32 (42)

Ease of introducing physical activity

27 (35)

Patient considers it important to know BENECA’s feedback on energy balance

55 (71)

BENECA is easy to use

18 (23)

BENECA provides relevant information to the patient

51 (66)
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Main Clinical Outcomes
Quality of Life
The results of the main pre-post analyses of EORT QoL C30
are shown in Table 4. Statistically significant differences were
observed after the experimental period with moderate to large
effects as follows: general QoL (t75=6.592, P<.001, d=0.87),
physical functioning (t75=5.312, P<.001, d=0.63), emotional

functioning (t75=2.981, P=.004, d=0.23), cognitive functioning
(t75=5.575, P<.001, d=0.75), social functioning (t75=6.619,
P<.001, d=0.82), fatigue (t75=−6.003, P<.001, d=0.85), pain
(t75=−2.017, P=.047, d=0.23), dyspnea (t75=−5.190, P<.001,
d=0.61), and insomnia (t75=−2.905, P=.005, d=0.32). An
improvement in the scores of all these items, as well as a
reduction in some symptoms, was observed after 2 months of
using BENECA mHealth.

Table 4. Within-group pre-post effects on mean quality of life scores on the European Organization for Research and Treatment of Cancer Quality of
Life Core Questionnaire 30 (EORTC QLQ-C30).
EORT QLQ-C30 variable

a

Study group, mean (SD)

Mean difference (95% CI)

P valuea

Pre (n=76)

Post (n=76)

Global health

58.54 (14.40)

70.83 (11.26)

12.83 (8.95 to 16.71)

<.001

Physical functioning

75.25 (15.88)

85.35 (13.16)

10.88 (6.80 to 14.96)

<.001

Role functioning

66.45 (26.45)

70.83 (24.36)

5.26 (−1.99 to 12.52)

.15

Emotional functioning

59.06 (19.31)

64.04 (19.82)

5.59 (1.86 to 9.33)

.004

Cognitive functioning

62.5 (22.11)

80.26 (21.38)

17.98 (11.56 to 24.41)

<.001

Social functioning

66.88 (23.94)

86.62 (20.00)

20.17 (14.10 to 26.25)

<.001

Fatigue

42.5 (23.64)

23.68 (15.95)

−19.59 (−26.09 to −13.09)

<.001

Nausea

2.29 (6.35)

2.19 (5.67)

−0.22 (−1.54 to 1.10)

.95

Pain

44.58 (26.22)

38.6 (20.59)

−6.35 (−12.64 to −0.08)

.047

Dyspnea

27.92 (25.13)

12.72 (19.60)

−15.35 (−21.24 to −9.46)

<.001

Insomnia

46.25 (36.16)

35.09 (32.61)

−12.28 (−20.70 to −3.86)

.005

Appetite loss

9.58 (15.18)

7.46 (15.00)

−2.19 (−6.38 to 1.99)

.30

Constipation

21.67 (28.11)

19.74 (29.40)

−1.75 (−8.78 to 5.27)

.62

Diarrhea

10.83 (19.68)

12.72 (18.83)

1.31 (−1.85 to 4.47)

.41

Financial difficulties

19.17 (28.94)

16.67 (24.65)

−2.19 (−5.99 to 1.61)

.25

Paired-sample t test or Wilcoxon signed rank test as appropriate. Analyses were performed on only those patients that followed-up.

Self-Efficacy and Motivation for Physical Activity and
Accelerometry
The results of the main pre-post analyses using the self-efficacy
scale for PA and accelerometry are shown in Table 5. There
were significant statistical differences after the experimental
period with a moderate ES on the EAF scale as follows: daily
PA (t75=5.369, P<.001, d=0.56), walking (t75=6.228, P<.001,
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d=0.55), and total EAF score (t75=6.423, P<.001, d=0.67). For
accelerometry, there were only significant differences in
weekday moderate-to-vigorous physical activity (MVPA;
t75=2.106, P=.04, d=0.26), observing trend in global MVPA
(t75=1.917, P=.06), weekday steps (t75=1.779, P=.08), and global
steps (t75=1.647, P=.10). Therefore, after using BENECA
mHealth, the users felt more motivated to increase the levels of
PA in their daily lives.
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Table 5. Within-group pre-post effects on mean scores on the self-efficacy scale for physical activity (EAF) and accelerometry.
Variable

Study group, mean (SD)

Mean difference (95% CI)

P valuea

Pre (n=76b)

Post (n=76)

Scheduled PAc

81.70 (33.08)

87.71 (19.22)

6.08 (−1.08, 13.24)

.10

Daily live PA

50.06 (22.67)

62.63 (17.64)

12.22 (7.69, 16.76)

<.001

Walking

15.20 (9.03)

20.34 (7.95)

5.12 (3.48, 6.76)

<.001

Total EAF score

146.96 (53.36)

184.61 (48.52)

36.99 (25.52, 48.46)

<.001

MVPAd weekday

50.68 (25.83)

58.07 (26.05)

7.38 (0.39, 14.37)

.04

MVPA weekend

41.77 (24.55)

42.77 (21.51)

0.99 (−4.62, 6.62)

.73

MVPA global

48.14 (24.31)

53.69 (21.85)

5.55 (−0.22, 11.34)

.06

Steps weekday

7488.97 (3142.34)

8268.41 (3230.87)

779.44 (−94.35, 1653.22)

.08

Steps weekend

6218.50 (3147.26)

6316.87 (2875.87)

98.37 (−678.14, 874.88)

.80

Steps global

7125.97 (2935.94)

7710.82 (2672.78)

584.85 (−123.09, 1292.78)

.10

EAF

Accelerometry

a

Paired-sample t test or Wilcoxon signed rank test as appropriate. Analyses were performed on only those patients that followed-up.

b

Accelerometry analyses was perform on 75 participants because there was one more dropout on preassessment (broken device).

c

PA: physical activity.

d

MVPA: moderate-to-vigorous physical activity.

Body Composition
The results of the main pre-post analyses of the anthropometric
variables are shown in Table 6. Statistically significant
differences were observed after the experimental period with a
moderate ES as follows: weight (t75=−5.050, P<.001, d=0.12)
and BMI (t75=−4.804, P<.001, d=0.12). In addition, a trend was

observed in waist circumference (t74=−1.900, P=.06) and body
fat (t75=−1.946, P=.06). No differences were observed for hip
circumference (t74=−1.007, P=.32) and bone mineral density
(t75=−1.019, P=.31). After 2 months of using BENECA
mHealth, a reduction in users’ body weight was observed, which
could lead to a reduction in the hip circumference and
percentage of body fat.

Table 6. Within-group pre-post differences on anthropometric and body composition variables.
Variable

Study group, mean (SD)

P valuea

Pre (n=76)

Post (n=76)

Weight (kg)

73.09 (11.14)

71.67 (10.90)

−1.42 (−1.97, −0.86)

<.001

BMIb (kg/m2)

29.11 (4.78)

28.51 (4.73)

−0.57 (−0.81, −0.34)

<.001

Waist circumference (cm)

87.45 (9.26)

86.97 (9.00)

−0.84 (−1.71, 0.04)

.06

Hip circumference (cm)

107.94 (14.23)

107.71 (13.11)

−0.64 (−1.93, 0.63)

.32

41.44 (6.23)

39.78 (7.34)

−1.57 (−3.18, 0.04)

.06

1.02 (0.11)

1.04 (0.14)

0.02 (−0.02, 0.05)

.31

Body fat (%)
2

Bone mineral density (g/cm )
a

Mean difference (95% CI)

Paired-sample t test or Wilcoxon signed rank test as appropriate. Analyses were performed on only those patients that followed-up.

b

BMI: body mass index.

Discussion
Principal Results
According to our initial hypothesis, after using BENECA
mHealth for 8 weeks, the app was considered feasible by the
breast cancer survivors in terms of use, adoption, and
satisfaction, although the app quality score did not make it one
of the best-rated apps. BENECA mHealth was associated with
http://mhealth.jmir.org/2019/6/e14136/
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changes in the QoL of breast cancer survivors, as well as their
self-perception of effectiveness and motivation for engaging in
PA in their daily life.

Comparison With Prior Work
The adoption rate in this study was 69%, and the usage rate was
73% to 76%. These results can be explained by the technical
characteristics of BENECA mHealth and its functionality, such
as user-friendliness, the use of internationally accepted
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e14136 | p.175
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measures, and the visual feedback. The results of this study are
comparable with those obtained by Melissant et al [13] for a
supportive care app for breast cancer survivor, which had an
adoption rate of 75% and usage rate of 75% to 84%. Another
study of a lifestyle intervention with a mobile app for
endometrial and breast cancer survivors recorded a 75% usage
rate [55]. However, Duman-Lubberding et al [11] obtained an
adoption rate of 64% and a usage rate of 75% to 91% for a
similar app for head and neck cancer survivors. The somewhat
lower rate of use in our study for the latter may be due to how
these data were obtained (ie, by the number of
log-ins—objective measure—instead of the self-reported data
of those studies—subjective measure). With regard to “app
survival,” we found that in a study by Springer et al [53] to test
an mHealth app targeting healthy eating behavior in the general
population, they obtained a survival rate less than 60% using
the Kaplan-Meier survival curve. The higher survival rate in
our study (over 70%) can be explained by the type of population
studied. In general, patients with some type of pathology will
be more predisposed to be involved in this type of study than
the general population [56]. In addition, experiencing cancer
treatment may be a stimulus to use the app, as patients may feel
the increased need to learn more about the treatment.
Taking into account the barriers perceived by the participants
in the use of the app, the barriers reported by BENECA mHealth
were in line with a recently published review on the adherence
to online psychological interventions [57] as well as with those
in a study by Melissant et al [13] with the Oncokompas app to
monitor the QoL of breast cancer survivors (eg, “Oncokompas
is too extensive”). The reported mean satisfaction score of the
quality of BENECA mHealth, although it may seem not very
high, is in line with a recently published study on the quality of
18 mobile apps for pain management using the same MARS
quality scale [41]. In addition, the low scores in some sections
can be explained by the barriers reported by the patients, such
as the difficulties in inputting the intake that makes it very
extensive to fill in the app. This barrier was also reported in
another feasibility study on head and neck cancer patients [11].
Considering that the minimum score to be considered a
best-rated app based on the MARS scale is 3.73 (according to
a previous study [41]), BENECA mHealth can be regarded as
an app with average ratings. BENECA is currently being
improved in an attempt to address the reported barriers.
The benefits of PA for cancer patients have been amply
demonstrated [58], although a recent meta-analysis (2013-2018)
of distance-based PA behavioral change interventions for cancer
survivors concluded that the effects of interventions on PA were
small [18]. In addition, although efficacy cannot be discussed
in a study such as this, according to the literature, a difference
of 8 points between assessments of QoL measured with the
EORT QLQ-C30 is the minimum clinically significant
difference required to discuss the clinical relevance of the
findings [59]. The QoL findings in this study reinforce these
preceding conclusions and are consistent with the results of the
EAF scale and those observed via accelerometry. Changes are
observed in the participants with more motivation to do PA,
and it seems that using BENECA mHealth is associated with
changes that lead to a positive feedback chain that improves
http://mhealth.jmir.org/2019/6/e14136/
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physical and emotional functioning. The significant differences
in cognitive functioning can be explained by the actual use of
the mobile device, as there is evidence of the cognitive benefits
of using electronic devices [60]. Our findings are in agreement
with those reported by Pope et al [20], who used a mobile app
and social media for 10 weeks to improve the QoL of breast
cancer survivors, with a sample size much smaller than ours.
However, they differ from the conclusions of McCarroll et al
[55], who assessed the effectiveness of a public mobile app
(LoseIT) for dietetic intervention for 4 weeks in breast and
endometrial cancer survivors. They did not find significant
changes in the QoL of the patients. It is possible that the
experimental period of 4 weeks and lack of stratification of the
type of cancer could explain these differences, despite the use
of a powerful questionnaire to assess QoL. Lastly, we only
found statistically significant differences in the MVPA of the
data obtained via accelerometry, although we observed an
improvement in other variables after the use of BENECA
mHealth. These results are consistent with those of a clinical
trial published in 2018 that used smartwatches and social media
PA behavioral change over a 10-week intervention to determine
the health outcomes for breast cancer survivors, in which no
significant differences in the accelerometry variables were
observed [61].
Finally, one of the main challenges not only with cancer patients
but with the general population is the maintenance and reduction
of body weight [5,62]. Different studies of lifestyle interventions
have shown beneficial results, such as the one by von Gurenigen
et al [63] in which they evaluated the effectiveness of a
face-to-face intervention on diets in obese patients with
endometrial cancer, achieving a reduction of approximately 5%.
Similarly, McCarroll et al [55] achieved a reduction of
approximately 6% from baseline weight. The literature indicates
that a weight reduction of 5% is sufficient to reduce medical
comorbidities [62]. In our study, an average weight loss of
approximately 2% was achieved, which is below the
recommendations. This may be because BENECA mHealth is
not really a lifestyle intervention mobile app, but rather one that
tries to incite behavioral change in users by monitoring their
energy balance and making them aware of it. Therefore, we
believe that the results obtained can be considered a first step,
although future research should corroborate these results. The
internal architecture of BENECA mHealth can also be
extrapolated to suit patients with other types of cancer.

Strengths and Limitations
It is important to recognize some of the limitations of this study.
The main one is its design. It is a nonrandomized, single-arm
exploratory study; therefore, the results should be taken with
caution. The ideal study would have been a randomized
controlled trial (RCT); nevertheless, it was mandatory to develop
a feasibility study for this sensitive population before carrying
out an RCT. Moreover, due to the nature of the design of this
study, the reported results must be confirmed in a larger RCT
because the observed changes may not be attributable to the
intervention. Secondly, BENECA was only developed for the
Android operating system, but we are currently working on the
next version of the BENECA app to solve this limitation.
Thirdly, BENECA was designed to monitor energy balance and
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then propose recommendations based on international guidelines
of clinical practice, systematic reviews, and meta-analysis to
ensure the recommendations can be generalized. However, we
believe that it is a good starting point, especially for very
sedentary people. Finally, the generalization of results is limited
due to the design of the study, the use of restrictive inclusion
and exclusion criteria and the recruitment strategy (the
participants were referred by their oncologists), which may
involve a bias of the threat of regression to the mean. In addition,
another added difficulty could refer to the use of the app by
older people in southern Spain, who may not even have mobile
phones adapted to the app. Therefore, future studies should be
conducted with a larger sample size; a controlled and
randomized clinical trial design comparing the use of BENECA
with, for example, a face-to-face intervention; and including
biomarker measurements such as those for inflammation or
development/recurrence of breast cancer.
Despite these limitations, this study also has strengths. These
include the wide range of ages of the participants, which makes
it possible to generalize the results; the use of energy balance
as a means of changing behavior, which has not been studied
much; its ease of use; it has high adherence; and it has no

Lozano-Lozano et al
adverse effect on the prior validation of BENECA mHealth
[32], which guarantees its reliability.

Conclusions
BENECA mHealth can be considered feasible in a real clinical
context and has been associated with behavioral changes in the
lifestyles of breast cancer survivors, but it needs to be enhanced
to improve user satisfaction with use and functionality. Having
assumed that BENECA is usable and applicable in a real clinical
context, as well as having the first data of its applicability and
clinical efficacy, the next step will be to confirm these results
through a larger study with a control group. In addition, efforts
should focus on overcoming the barriers reported by the
participants and developing a new version of BENECA mHealth
in which these improvements will be implemented. Finally,
future research could focus on its generalization for application
to other oncological processes. This study highlights the
importance of the use of mobile apps based on energy balance
and how the QoL of breast cancer survivors can be improved
via monitoring. The results of this study could garner support
for the use of this type of strategy in the projected 29.5 million
cancer patients in 2040 [64].
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Abstract
Background: College students experience high levels of stress. Mindfulness meditation delivered via a mobile app may be an
appealing, efficacious way to reduce stress in college students.
Objective: We aimed to test the initial efficacy and sustained effects of an 8-week mindfulness meditation mobile
app—Calm—compared to a wait-list control on stress, mindfulness, and self-compassion in college students with elevated stress.
We also explored the intervention’s effect on health behaviors (ie, sleep disturbance, alcohol consumption [binge drinking],
physical activity, and healthy eating [fruit and vegetable consumption]) and the feasibility and acceptability of the app.
Methods: This study was a randomized, wait-list, control trial with assessments at baseline, postintervention (8 weeks), and at
follow-up (12 weeks). Participants were eligible if they were current full-time undergraduate students and (1) at least 18 years
of age, (2) scored ≥14 points on the Perceived Stress Scale, (3) owned a smartphone, (4) were willing to download the Calm app,
(5) were willing to be randomized, and (7) were able to read and understand English. Participants were asked to meditate using
Calm at least 10 minutes per day. A P value ≤.05 was considered statistically significant.
Results: A total of 88 participants were included in the analysis. The mean age (SD) was 20.41 (2.31) years for the intervention
group and 21.85 (6.3) years for the control group. There were significant differences in all outcomes (stress, mindfulness, and
self-compassion) between the intervention and control groups after adjustment for covariates postintervention (all P<.04). These
effects persisted at follow-up (all P<.03), except for the nonreacting subscale of mindfulness (P=.08). There was a significant
interaction between group and time factors in perceived stress (P=.002), mindfulness (P<.001), and self-compassion (P<.001).
Bonferroni posthoc tests showed significant within-group mean differences for perceived stress in the intervention group (P<.001),
while there were no significant within-group mean differences in the control group (all P>.19). Similar results were found for
mindfulness and self-compassion. Effect sizes ranged from moderate (0.59) to large (1.24) across all outcomes. A significant
group×time interaction in models of sleep disturbance was found, but no significant effects were found for other health behaviors.
The majority of students in the intervention group reported that Calm was helpful to reduce stress and stated they would use Calm
in the future. The majority were satisfied using Calm and likely to recommend it to other college students. The intervention group
participated in meditation for an average of 38 minutes/week during the intervention and 20 minutes/week during follow-up.
Conclusions: Calm is an effective modality to deliver mindfulness meditation in order to reduce stress and improve mindfulness
and self-compassion in stressed college students. Our findings provide important information that can be applied to the design
of future studies or mental health resources in university programs.
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Introduction
Elevated stress has been reported in more than 75% of college
students (ie, aged 18-33 years) [1-3], and college students often
report higher levels of stress than people of other age groups
[4,5]. Some studies showed that more than 85% of college
students reported feeling overwhelmed [4,5]. This is likely due
to the unique set of stressors and demands they experience as
they gain autonomy from their parents (ie, move away leaving
family and friends), learn to manage finances, balance an
increased academic workload and extracurricular activities, and
make career choices [5-7]. These demands may lead to increased
anxiety, loneliness, depression, sleep disturbance, and even
suicidal ideation [8-10].
Stress is associated with a greater likelihood of suicide attempts
[11], which is the second leading cause of death among teens
and young adults (aged 15-24 years) [12]. One report found that
60.8% of college students felt overwhelming anxiety, 38.2%
felt so depressed that it was difficult to function, and 10.4%
seriously considered suicide [13]. Studies suggest that untreated
mental health is highly prevalent among college students. One
study reported that <25% of college students received treatment
for any type of mental health disorder (eg, depression or anxiety)
within the past year [14]. Another study reported that only 36%
of students with mental health issues had sought treatment [15].
Many students do not seek treatment partly due to the lack of
time, privacy concerns, stigma [16], lack of emotional openness
[17], and financial constraints [18-21].
Beyond the potential negative impact that elevated stress may
have on mental health, stress may also have a negative impact
on the physical health of college students and the health behavior
they choose during this time [22]. College students with elevated
stress may be more likely to experience poor sleep, increased
alcohol consumption, less exercise, and unhealthy eating habits
[23-25]. There is an urgent need for effective stress management
strategies to address the adverse outcomes of stress and the
potential barriers to treatment in college students.
Implementing stress reduction programs on college campuses
has become a priority [26,27]. Mindfulness-based interventions,
in particular, have become more popular on college campuses
recently [28] and may be an effective strategy to reduce stress
in college students [29]. Mindfulness is defined as the state of
being attentive to and aware of what is taking place in the
present moment without judgement [30]. Two of the most
popular mindfulness-based interventions are mindfulness-based
stress reduction (MBSR) and mindfulness-based cognitive
therapy (MBCT) [31,32]. Although effective for stress
management, these programs may be rigorous, time consuming,
and costly, which may not be ideal for college students.
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Mindfulness meditation, a component of MBSR and MBCT,
alone has shown to have positive benefits—from reducing stress
and anxiety to improving overall well-being [29,33]. The
mechanisms of mindfulness meditation are unclear but
constructs such as increasing self-compassion and mindfulness
have been shown to mediate the effect of meditation programs
on stress in a variety of populations [34-36]. Meta-analyses
have suggested that self-compassion is strongly related to mental
health [37] and well-being [38]. However, the stress-reducing
effects in college students is less clear. More research is needed
to understand what aspects of mindfulness meditation
interventions may be working to reduce stress in college
students.
Mindfulness meditation may be a practical approach to reduce
stress in college students. In a recent narrative synthesis of
studies on the effects of mindfulness meditation on stress in
college students, 16 of the 22 studies reported significant
decreases in self-reported stress [29]. Significant findings were
reported in interventions ranging from 2.25 hours to as much
as 30 hours of total required participation in meditation over
the course of the intervention (eg, 3-8 weeks) [39-44]. Although
these findings are promising, several limitations must be noted,
including low adherence rates, lack of control groups, and small
sample sizes [29]. More studies are needed to address the
existing limitations of mindfulness meditation interventions and
explore more convenient ways to deliver mindfulness meditation
in order to encourage participation and increase accessibility
among college students.
Approximately 98% of college-aged students use the internet
[45] and 85% own a smartphone [46]. Many college students
have expressed being receptive to online mental health
treatments, with one study reporting that college students were
more likely to seek help online than face-to-face [47]. The
development of mobile health apps has been increasing
exponentially, and the use of apps has been reported to improve
the efficiency of health care delivery and the effectiveness of
treatment [48]. It is also important to note that while apps may
offer the ability for increased access to health information,
remote care, and user autonomy [49], there is a need to ensure
safety of users, as there is no regulatory oversight. App users
should consider the quality and accuracy of evidence-based
information, qualifications of content developers, medical/health
claims [50], information sharing or data security [51], informed
consent, and user competence (eg, training required to use
techniques) [49]. Independent testing of mobile apps is highly
warranted.
Mindfulness meditation mobile apps may be a promising
approach to reduce stress and address the barriers for stress
management reported by college students. A recent study
conducted a search for “mindfulness” mobile apps in Apple
iTunes and Google Play Store and found a total of 560 apps
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that were accessible and in English [52]. The top mindfulness
apps listed in Apple iTunes (in a current search as of April 2019)
was Calm (named “2017 app of the year” by Apple, #2 Health
& Fitness app, 4.8/5 star reviews), followed by Aura (#6 Health
& Fitness app, 4.7/5 star reviews) and Headspace (#9 Health &
Fitness app, 4.9/5 star reviews). Similar results were found in
the Google Play Store, with the top mindfulness apps being
Headspace (#6 Health & Fitness app, 4.5/5 star reviews),
followed by Calm (#8 Health & Fitness app, 4.5/5 star reviews)
and Deep Calm (#44 Health & Fitness app, 4.5/5 star reviews).
Although the popularity of mindfulness apps is increasing, only
a few studies have examined the feasibility and efficacy of such
mindfulness-based mobile apps for reducing stress among
college students.
The purpose of this study was to test the efficacy [53] of an
8-week mindfulness meditation intervention delivered via a
consumer-based mobile app (ie, Calm) as compared to a wait-list
control group on stress in college students with elevated stress
(≥14 on the Perceived Stress Scale [PSS]). We also explored
the feasibility (ie, acceptability and demand) of the intervention
delivered via the mobile app and examined the sustained effects
(at 12 weeks from baseline) of the intervention on stress,
mindfulness, and self-compassion. Additionally, exploratory
analyses examined the potential effects of the mindfulness
intervention on health behaviors (ie, sleep disturbance, alcohol
consumption [binge drinking], physical activity, and healthy
eating [fruit and vegetable consumption]).
We hypothesized that college students in the intervention group
would have significant improvements in perceived stress as
compared to the wait-list control. We also hypothesized that
stress, mindfulness, and self-compassion would have sustained
effects in the intervention group as compared to the wait-list
control. Finally, we hypothesized that the intervention may
improve health behaviors. The findings from this study will
provide important insights on the potential stress-reducing
effects of a consumer-based mindfulness meditation mobile app
(ie, Calm) and could be applied to the design of future
mindfulness meditation interventions in stressed college
students.

Methods
Ethics Approval
This study was approved by an Institutional Review Board at
a large university in the Southwestern United States
(STUDY00006896). All participants provided electronic consent
prior to participation in the study. The datasets generated or
analyzed during the study are available from the corresponding
author upon request.

Study Design
This study was a randomized, wait-list control trial (trial
registration: ClinicalTrials.gov NCT03891810) with assessments
conducted at baseline, postintervention (8 weeks), and at
follow-up (12 weeks). Participants randomized to the
intervention group participated in an 8-week mindfulness
meditation mobile app intervention of at least 10 minutes per
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day. Those randomized to the wait-list control group received
the intervention after 12 weeks.

Sample Size
The sample size was determined to detect significant change in
perceived stress between the intervention and control groups
(effect size=0.76) based on previous studies [28,54]. The power
analysis showed that 93 participants were sufficient to have
85% statistical power at a two-sided α of 0.05 for significance.
Accounting for a 10% dropout rate, the total sample size was
planned to be 104 participants.

Recruitment and Selection
Participants were recruited between January and April 2018 via
social media (ie, Facebook and Instagram), email listservs, and
flyers and by emailing university professors. Interested students
were sent an eligibility survey via Qualtrics (ie, online survey
database). Participants were eligible for the study if they were
a current full-time undergraduate student attending a university
in the Southwestern United States and (1) at least 18 years old,
(2) scored ≥14 points on the PSS, (4) owned a smartphone, (5)
were willing to download the Calm app, (6) were willing to be
randomized, and (7) were able to read and understand English.
Participants were excluded if they had a current mindfulness
practice (ie, practice ≥15 min per day of meditation, yoga, and
body scan within the past 6 months) [55] or were currently using
the Calm app or another meditation app. Eligible participants
were sent a link via Qualtrics to an online intake video that was
approximately 5 minutes long. Participants were required to
view the video in its entirety and correctly answer three
follow-up questions regarding information presented in the
video (eg, how long will you be asked to participate in
mediation?). If participants missed a question, they were
redirected to watch the video again and answer the questions
until all three were answered correctly. Once the questions were
answered correctly, participants were sent the informed consent
and baseline questionnaire via Qualtrics software (Qualtrics,
Provo, UT). After the informed consent and baseline
questionnaire was completed, participants were randomized
into the intervention group or the wait-list control group.

Randomization and Blinding
Participants were randomized using a list created from an online
randomization tool (randomizer.org) that was set to randomize
in a ratio of 1:1. After participants completed baseline
assessments, a research team member (unblinded) allocated
participants to a group using the randomization list. Study staff
and participants were unblinded to group allocation.

Intervention Group
After randomization, the intervention group was emailed
instructions on how to download the Calm mobile app. Calm
is a consumer-based mindfulness meditation mobile app that
offers a range of mindfulness meditation practice guide modules
that vary in length, instruction, and content. Mindfulness
meditation is the practice of moment-to-moment awareness in
which the person purposefully focuses on the present without
judgement. Vipassana is a technique of mindfulness that
explores how the mind influences the body and how the body
influences the mind (ie, objective observation of physical
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e14273 | p.184
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sensations in the body) [56]. The goal is to sharpen
concentration, maintain awareness, and develop equanimity by
releasing habitual tendencies toward craving and aversion. Calm
also integrates some cognitive behavioral therapy (CBT)
techniques into the meditation sessions on occasion. The
CBT-influenced sessions encourage users to develop awareness
of their thoughts, interpretations, and emotional and
physiological responses in order to alter their perception of a
situation or create a new, more balanced thought process [57].

(Qualtrics). Data on demographics, mental health history,
medication use, and counseling activities were collected at
baseline. Participants were incentivized with a US $5 gift card
for completing baseline questionnaires, US $10 gift card for
completing the postintervention questionnaires, and US $15
gift card for completing follow-up questionnaires. Participants
could choose to receive their gift card from Starbucks, Target,
or Amazon. Calm memberships were provided to participants
for free during the study.

Participants can meditate using the “daily Calm” set of guided
meditations or may choose from a number of programs offering
multiday meditations specific to goals (ie, happiness or
self-esteem). Calm also offers other individual guided and
unguided (eg, a brief introductory guidance followed by a
chosen period of silence or sounds from nature) meditations.

Perceived Stress

Once downloaded, participants were asked to complete the “7
Days of Calm” program for the first week of the intervention
to familiarize themselves with the principles of meditation and
to standardize the introductory teaching content. Each day, the
“7 Days of Calm” program started with an educational
component on a principle of mindfulness meditation (eg, being
present, returning to the here and now, and pulling out of
autopilot). For each 10-minute session, after a principle was
discussed, a related mindfulness meditation exercise was
introduced and guided (eg, body scan, breath focus, and loving
kindness). After participants completed the “7 Days of Calm”
program, they were allowed to choose any meditation they
desired. They could choose meditations from the College
Collection, which addresses topics such as stress, sleep,
self-compassion, and concentration or they could choose another
series such as “7 Days of Managing Stress.” During the 8-week
intervention, participants were asked to complete at least
10-minutes daily of meditation and could exceed that time limit
by choosing additional meditations. If participants were not
achieving 30 minutes of meditation per week, they were sent a
text reminder to meditate. After the 8-week intervention,
participants still had access to calm and could use it at their own
leisure for 1 additional month (12 weeks from baseline).

Wait-List Control Group
Participants randomized to the wait-list control group received
an email with their group assignment and stating that they would
receive access to the Calm app after 12 weeks. They were also
asked not to participate in any mindfulness activities (eg, yoga,
meditation, and qigong) during this time. After 8 weeks,
participants received a Qualtrics link to the postassessment
(same surveys that the intervention group received). After 12
weeks, participants were sent a Qualtrics link to the follow-up
assessment (same surveys that the intervention group received)
and an email with instructions on how to download Calm and
the assigned username and password.

Measures and Incentives
Both the intervention and wait-list control groups were
administered three surveys—at baseline (week 0),
postintervention (week 8), and at follow-up (week 12)—to
assess perceived stress, mindfulness, self-compassion, health
behaviors, and feasibility outcomes via online surveys
http://mhealth.jmir.org/2019/6/e14273/
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Stress was measured using the PSS [58,59]. This scale is a
10-item inventory used for the assessment of perceived stress.
The scale measures the degree to which situations are appraised
as stressful. The response items are rated on a 5-point Likert
scale ranging from 0 (never) to 4 (very often). Scores range
from 0 to 40, with higher scores indicating higher levels of
perceived stress. The PSS has been shown to be reliable in
undergraduate college samples [58,59]; in this study, the alpha
coefficient for baseline PSS scores was 0.82.

Mindfulness
Mindfulness was measured using the Five Factor Mindfulness
Questionnaire (FFMQ) [60]. The FFMQ is a 39-item self-report
inventory used for the assessment of multiple constructs of
mindfulness skills. The inventory assesses five subscales:
observing, describing, acting with awareness, nonjudgment of
inner experience, and nonreactivity to inner experience. The
response items are rated on a 5-point Likert scale ranging from
1 (never or very rarely true) to 5 (very often or always true).
The facet scores range from 8 to 40, with the exception of
nonreactivity to inner experience, which ranges from 7 to 35.
Higher scores indicate higher levels of mindfulness. The five
FFMQ subscales have high internal reliability, test-retest
reliability, and validity in undergraduate samples [60].
Consistent with this research, the FFMQ subscale reliability in
this study was found to be high (at baseline, alpha coefficients
were between 0.80 and 0.92).

Self-Compassion
Self-compassion was measured using the Self-Compassion
Survey Short-Form (SCS-SF) [61]. The SCS-SF is a 12-item
survey assessing three subscales: self-kindness versus
self-judgment, common humanity versus isolation, and
mindfulness versus over-identification. The response items are
rated on a 5-point Likert scale ranging from 1 (almost never)
to 5 (almost always). Higher scores indicate higher levels of
self-compassion. The SCS-SF is a valid and reliable measure
to assess self-compassion in college students (α=0.87 in our
sample), and previous research has demonstrated near-perfect
correlations (r=0.98) with the long-form version [61].

Secondary Outcomes
Health behaviors measured included sleep disturbance, alcohol
consumption (ie, binge drinking), physical activity, and fruit
and vegetable consumption. Sleep disturbance (ie, sleep quality)
was measured using the Patient-Reported Outcomes
Measurement Information System (PROMIS) (α=0.97 in our
sample) [62]. The Youth Risk Behavior Surveillance (YRBS)
survey was used to measure binge drinking, physical activity
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e14273 | p.185
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participation, and healthy eating [63]. Specifically, items from
the YRBS survey inquired about whether participants had
consumed alcohol (ie, engaged in binge drinking; for women,
consuming four consecutive alcoholic beverages in a 2-hour
period; for men, five alcoholic beverages) at any point during
the past 7 days, engaged in at least 150 minutes of physical
activity during the past 7 days, and eaten five servings of fruits
or vegetables on most of the past 7 days.

Huberty et al
changes in sleep disturbances; however, because sleep was
exploratory, covariates were not included in these models. The
McNemar tests were used to examine changes in other
exploratory outcome variables (ie, binge drinking, physical
activity, and healthy eating), which were coded dichotomously.

Feasibility measures included acceptability and demand.
Acceptability was measured with a satisfaction survey
postintervention (week 8). Demand was measured using
adherence (minutes/week) to the meditation intervention.
Adherence to meditation was recorded in weekly reports from
the Calm informatics team. Reports included the date and time
of each meditation participated in, the title of the meditation,
and the duration of participation (ie, the time spent viewing the
meditation) for each participant.

Feasibility potential was examined using adherence to the
intervention. Adherence was calculated by averaging the weekly
meditation minutes provided by the reports from the Calm
informatics team. Acceptability measures and type of meditation
were summarized using frequency with percentages. The Cohen
d statistic was used to compute effect size. A two-sided α of
0.05 was used to determine statistical significance between
groups, and a Bonferroni correction α of 0.016 was used for
within-group comparison. All statistical procedures were
performed using the IBM Statistical Package for Social Sciences
(SPSS) version 24.0 (IBM Corp, Armonk, NY) and Statistical
Analysis Systems Software, version 9.4 (SAS Institute, Cary,
NC).

Statistical Analyses

Results

Feasibility

General linear models (GLMs) were used to examine differences
in means between groups at baseline and to test the initial
efficacy of the intervention, examining mean differences of
change (ie, change scores) for perceived-stress, mindfulness,
and self-compassion after 8 weeks of mindfulness meditation
between the intervention and control groups after adjustment
for covariates (age, gender, and race). To examine the sustained
effects, linear mixed models were used to test mean differences
for perceived stress, mindfulness, and self-compassion between
groups, time, and group×time interaction factors, with
adjustment for covariates (age, gender, and race) performed
using Bonferroni posthoc tests. GLMs were also used to evaluate
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Participant Enrollment
A total of 329 Arizona State University students completed the
eligibility questionnaire. Of those who met the study eligibility,
37% (n=121) were ineligible and 30% (n=99) did not sign the
informed consent. Subsequently, 56 participants were
randomized to the intervention group and 53, to the wait-list
group, yielding a total of 109 consented/randomized participants.
We excluded participants who did not complete the postsurvey
(n=18), set up a Calm account (n=2), or meditate at all (n=1),
resulting in a total of 88 participants to be included in the
analysis (Figure 1).
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Figure 1. Enrollment flow diagram.

Participant Demographics
Baseline characteristics of the study participants are presented
in Table 1. The mean age (SD), adjusted for gender and race,
was 20.41 (2.31) years for the intervention group and 21.85
(6.3) years for the control group. The majority of participants
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were female (79/88, 88%), freshman (27/88, 31%), non-Hispanic
(66/88, 77%), and of white race (48/88, 59%). There were no
differences in demographic characteristics, mental diagnosis,
medication use, and counseling activities between the
intervention and control groups (using Chi-square tests, all
P>.17).
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Table 1. Baseline characteristics of the study participants (N=88).
Characteristics

Intervention (n=41)

Control (n=47)

P value

Age (years)a, mean

20.41

21.85

.18

Gender, n (%)

.57

Male

5 (6)

4 (5)

Female

36 (41)

43 (49)

Class, n (%)

.61

Freshman

10 (11)

17 (19)

Sophomore

12 (14)

10 (11)

Junior

10 (11)

12 (14)

Senior

9 (10)

8 (9)

Ethnicity, n (%)

.17

Hispanic

13 (15)

7 (8)

Non-Hispanic

27 (31)

39 (44)

Prefer not to respond

1 (1)

1 (1)

Race, n (%)

.54

White/Caucasian

25 (28)

23 (26)

Asian/Asian American

6 (7)

9 (10)

Black

1 (1)

4 (5)

Biracial/multiracial

3 (3)

7 (8)

Other

3 (3)

2 (2)

Prefer not to respond

3 (3)

2 (2)

Mental diagnosis, n (%)

.53

Yes

12 (14)

11 (13)

No

29 (33)

36 (41)

Medications, n (%)

.94

Yes

5 (6)

6 (7)

No

36 (41)

41 (47)

Counseling, n (%)

a

.20

Yes

2 (2)

6 (7)

No

39 (44)

41 (47)

Adjusted for gender and race.

Primary Outcomes (Perceived Stress, Mindfulness,
and Self-Compassion)
Table 2 describes the means of perceived stress, mindfulness,
and self-compassion between the intervention and control groups
at baseline, postintervention, and at follow-up. The baseline
mean (SD) scores of self-reported stress (intervention: 23.11
[4.93] vs control: 21.88 [4.94]; P=.25), mindfulness
(intervention: 109.41 [17.36] vs control: 113.88 [17.35]; P=.25),
and self-compassion (intervention: 29.81 [8.13] vs control:
31.85 [8.2]; P=.25) showed no significant differences between
study groups.
Table 3 summarizes the results of 8 weeks of meditation on
changes in stress, mindfulness, and self-compassion, testing the
http://mhealth.jmir.org/2019/6/e14273/
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initial efficacy of the intervention compared to wait-list control
participants. Participants in the intervention group had a
significant reduction in perceived stress compared with the
control group (∇=–7.13; P<.001; effect size=1.24). Participants
in the intervention group had significant improvements in total
mindfulness (Δ=19.23; P<.001; effect size=1.11) and all five
constructs: observe (Δ=3.735; P<.001; effect size=0.67),
describe (Δ=3.528; P<.001, effect size=0.59), acting with
awareness (Δ=4.737; P<.001; effect size=0.83), nonjudgment
of inner experience (Δ=4.938; P<.001; effect size=0.76),
nonreactivity to inner experience (Δ=3.781; P<.001; effect
size=0.92). Participants in the intervention group also had
significant improvements in self-compassion (Δ=8.223;
P<.0001; effect size=0.84) compared to participants in the
control group.
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Table 2. Mean scores per study group for perceived stress, mindfulness, and self-compassion.
Variable

Postintervention (n=88)

Follow-up (n=71)

Intervention

Control

Intervention

Control

Intervention

Control

n

Mean (SD)

n

Mean (SD)

n

Mean (SD)

n

Mean (SD)

n

Mean (SD)

n

Mean (SD)

PSSa

41

23.11 (4.93)

47

21.88 (4.94)

41

16.15 (6.16)

47

20.02 (6.16)b

32

15.89 (6.71)

39

19.86 (6.70)b

FFMQc

38

109.41
(17.36)

45

113.88
(17.35)

40

129.20
(18.32)

44

111.07

32

132.50
(20.83)

39

114.82

(18.31)d

(20.81)d

Observe

40

23.96 (5.83)

47

24.40 (5.84)

41

27.80 (5.60)

47

23.17 (5.60)d

32

28.07 (5.75)

39

24.94 (5.74)e

Describe

40

23.22 (6.08)

46

23.75 (6.08)

41

26.75 (5.85)

46

23.48 (5.90)b

32

28.11 (7.68)

39

24.03 (6.88)b

Act aware

39

21.62 (6.13)

47

21.80 (6.10)

40

26.42 (5.38)

46

21.64 (5.41)d

32

26.77 (5.66)

39

22.22 (5.71)b

Nonjudgment

39

20.95 (6.75)

46

24.02 (6.79)e 41

25.88 (6.21)

46

23.04 (6.28)e

32

27.29 (6.72)

39

23.15 (6.71)b

Nonreactivity

40

18.89 (4.39)

47

19.65 (4.39)

41

22.72 (3.97)

47

19.76 (3.95)d

32

22.25 (4.12)

39

20.49 (4.12)

39

29.81 (8.13)

46

31.85 (8.20)

40

37.06 (9.02)

47

31.91 (8.92)d

32

39.16 (8.97)

39

33.66 (8.96)b

SCS-SFf
a

Baseline (n=88)

PSS: Perceived Stress Scale.

b

P<.01.

c

FFMQ: Five Facet Mindfulness Questionnaire.

d

P<.0001

e

P<.05.

f

SCS-SF: Self-Compassion Scale - Short Form.

Table 3. Pre-post change scores in perceived stress, mindfulness, and self-compassion between groups (N=88; all P<.001). Scores are adjusted for age,
gender, and race.
Variable

PSS

Intervention (n=41)

Control (n=47)

–7.137

–2.013

19.23

–2.408

Observe

3.735

–1.272

Describe

3.528

–0.257

Act aware

4.737

–0.260

Nonjudgment

4.938

–0.838

Nonreactivity

3.781

0.138

8.223

0.294

a

FFMQb

SCS-SFc
a

Change score

PSS: Perceived Stress Scale.

b

FFMQ: Five Facet Mindfulness Questionnaire.

c

SCS-SF: Self-Compassion Scale - Short Form

Additional analyses using linear mixed models were used to
examine effects of the intervention compared to control over
time, including initial and sustained effects. Figure 2 illustrates
the means of perceived stress, mindfulness, and self-compassion
and the 95% CIs between intervention and control groups across
baseline, postintervention, and at follow-up. On an average,
participants in the intervention group had significantly decreased
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perceived stress scores postintervention (8 weeks) as compared
to those in the control group, and these changes persisted
through follow-up (12 weeks; Figure 2 and Table 2). Compared
to those in the control group, participants in the intervention
group showed significantly increased mindfulness and
self-compassion scores postintervention (8 weeks), and these
changes persisted through follow-up (12 weeks).
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Figure 2. Effects of mindfulness meditation on perceived stress, mindfulness, and self-compassion.

There was a significant interaction between group and time
factors in perceived stress (P=.002), mindfulness (P<.001), and
self-compassion (P<.001). Bonferroni posthoc tests showed
significant within-group mean differences for perceived stress
in the intervention group (baseline and postintervention: P<.001;
baseline and follow-up: P<.001), while there were no significant
within-group mean differences for perceived stress in the control
group (all P>.19). For mindfulness and self-compassion, there
were significant within-group mean differences in the
http://mhealth.jmir.org/2019/6/e14273/

XSL• FO
RenderX

intervention group (baseline and postintervention: P<.001;
baseline and follow-up: P<.001), while there were no significant
within-group mean differences in the control group (all P>.40).
In the intervention group, there were no statistical differences
in perceived stress, mindfulness, and self-compassion between
the postintervention phase and follow-up (all P>.05).
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Secondary Outcomes (Sleep Quality, Binge Drinking,
Physical Activity Participation, and Healthy Eating)
Linear models indicated that among participants using the
mindfulness meditation app, there was a significant decrease
in sleep disturbance, as indicated by t scores on PROMIS
(P=.02; effect size=0.79), while there were no changes among
control participants (P=.95; effect size=0.02). However, results
from linear mixed models showed that the interaction between
the time and intervention groups was nonsignificant, suggesting
that sleep improvements did not differ across the two groups
(P=.11; effect size=0.34).
Data from the three YRBS items were used to create
dichotomous variables reflecting whether in the past 7 days,
participants engaged in binge drinking (ie, consumed four or
more [for women] or five or more [for men] alcoholic beverages
in a row on at least one day), engaged in 150 minutes of physical
activity, and ate five serving of fruits and vegetables per day
on most days. Results from the McNemar tests indicate that
there were no significant changes in binge drinking for students
in either study group (all P>.51) for physical activity or eating
fruits and vegetables.

Acceptability (Satisfaction, Enjoyment, Intent to
Continue Use)
We assessed acceptability via a satisfaction survey
postintervention (week 8) in the intervention group.
Approximately, 51% (21/41) of the students indicated that Calm
was helpful to very helpful in reducing their stress in the short
term, and these findings were similar for the long term (20/41,
49%). Over half of the students said they would use Calm to
help reduce stress in the future. Approximately 85% (35/41) of
the sample was somewhat to very satisfied using Calm, and
85% (35/41) indicated that they somewhat to very much enjoyed
using Calm. About 68% (28/41) of the sample said they were
likely to extremely likely to use Calm in the future, and 76%
(31/41) would be likely to extremely likely to recommend Calm
to other college students.

Demand (Adherence)
Participants in the intervention group engaged in an average of
37.9 (SD 30.5) minutes of meditation per week over the course
of the 8-week study. Over half of the participants (23/41, 56%)
completed more than 30 minutes per week using the Calm app,
with 22% (9/41) of participants meditating more than 60 minutes
a week. Approximately one-third (14/41, 34%) of intervention
participants continued to meditate during the follow-up period
(12 weeks from baseline) and spent an average of 20.4 (SD
23.9) minutes meditating.

Discussion
Principal Findings
The purpose of this study was to test the efficacy and sustained
effects of an 8-week mindfulness meditation intervention
delivered using a consumer-based mobile app (ie, Calm) to
reduce stress in college students and to examine feasibility
components germane to planning the next steps in research.
This was one of the first studies to test the efficacy of such a
http://mhealth.jmir.org/2019/6/e14273/

XSL• FO
RenderX

Huberty et al
product in undergraduate college students. Our findings
demonstrate significant between-group differences on all main
outcomes variables including perceived stress, all five factors
of mindfulness (observing, describing, acting with awareness,
nonjudgment of inner experience, and nonreactivity to inner
experience), and self-compassion postintervention. These effects
were sustained at follow-up, and effect sizes ranged from
moderate (0.59) to large (1.24) across all outcomes.
Additionally, Calm was perceived as helpful; many participants
enjoyed Calm and were likely to continue using the app. These
findings highlight the promise of Calm to reduce stress in
college students.

Perceived Stress
To our knowledge, this study was one of the first to demonstrate
the stress-reducing effects of a mindfulness meditation mobile
app (ie, Calm) in college students. The magnitude of change in
perceived stress was greater in the intervention group than in
the control group postintervention and at follow-up. Our findings
are similar to those of a recent study that tested whether two
mindfulness meditation apps (Headspace and Smiling Mind)
led to improvements in mental health as compared to a control
group in undergraduate students (N=208) [64]. Students were
asked to meditate for 10 minutes daily for 40 days (10 days of
requested use followed by 30 days of discretionary use).
Students using Headspace (not Smiling Mind) reported
significant reductions in stress and were maintained at follow-up.
However, unlike our study, the app usage was measured by
self-report, nearly half of all participants never used the app
during the open-access period, students did not have elevated
levels of stress as part of eligibility criteria, and the effect size
was small (d=0.26). Another study testing 10-20 minutes/day
of Headspace use for 30 days among medical students (N=88)
reported similar findings on stress compared to a wait-list control
group both postintervention (30 days) and at follow-up (60 days)
[65]. App usage in this study was self-reported, and participants
were also instructed to send a screenshot to the research team
of the minutes meditated report in Headspace. However, this
study only reported on the days of app usage rather than minutes
meditated and did not report effect sizes. Reporting days of app
usage does not reflect the total amount of minutes meditated
and does not illustrate how minutes of meditation may vary
across days. Our findings are also similar to those of a study
testing a newly developed mindfulness app (Wildflowers) on
stress compared to a cognitive training control group (app called
2048) in college students (N=86) [66]. Students were asked to
use the Wildflowers app daily for 3 weeks and could choose
lessons on meditation or choose from a library of guided
meditations. Students using the Wildflowers app had improved
mood and reduced stress following each training session.
However, the study did not have adequate power, did not report
on the number of minutes students had meditated (only sessions
completed), and had small effect sizes (r=–0.08 to –0.37).
Although all the aforementioned studies demonstrated a
reduction in the number of minutes (or sessions) meditated,
ours was the longest intervention (8 weeks) and showed the
strongest effect sizes for perceived stress (effect size=1.24).
Although the average minutes of meditation in our study
significantly decreased at follow-up, impressively, the reduction
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in perceived stress remained significant at follow-up (12 weeks
from baseline). Similar to findings of other studies, our findings
suggest that brief mindfulness meditation interventions delivered
via mobile apps show promise in reducing stress in college
students, and there may be added benefit for weeks following
the intervention period, regardless of the time spent in
meditation. Delivering mindfulness meditation may be a more
practical approach to reducing stress, as it requires fewer
resources (eg, cost, staff, or brick and mortar building), students
can participate remotely, and there are fewer time constraints.
However, there is a need to independently test and determine
the efficacy of mindfulness meditation using mobile apps.

Mindfulness
We also demonstrated significant improvements with large
effects (effect size=1.11) in overall mindfulness scores and
significant improvements with moderate-to-large effects (effect
size=0.59-0.92) in all five factors of the FFMQ (observing,
describing, acting with awareness, nonjudgment of inner
experience, and nonreactivity to inner experience). Yamada and
colleagues [67] implemented a brief 10-minute mindfulness
meditation intervention (led by an instructor twice a week) over
a 15-week semester in college students. Those participating in
the mindfulness group, on an average, increased their
mindfulness scores by nearly 9% as compared to the control
group (no change). However, investigators did not provide the
mindfulness factor scores. Greeson and colleagues [42]
implemented a mindfulness meditation intervention (Koru) in
college students and found significant increases in mindfulness
and large effect sizes at the end of the 4-week intervention
compared to a wait-list control group [42]. The Koru program
includes 75-minute sessions taught in a small group format and
also requires 10-minute daily meditation practice. Both the
aforementioned studies, and our current study, demonstrate that
brief mindfulness meditation interventions have the potential
to improve mindfulness scores; however, the aforementioned
studies did not include a follow-up period to assess the sustained
effects of the intervention. In our study, mindfulness was greater
even at the follow-up assessment. More studies are needed to
test the sustained effects of brief mindfulness meditation
interventions.

Self-Compassion
We found significant improvements in self-compassion in the
intervention group as compared to the wait-list control group
after the 8-week intervention with a large effect size (effect
size=0.84). Improvements in self-compassion were sustained
at follow-up. Greeson and colleagues (2014) also found
significant increases with a large effect size in self-compassion,
measured by the 26-item Self-Compassion Scale [68], as
compared to a wait-list control group [42], but did not include
a follow-up assessment. Another study implemented a brief
mindfulness intervention (based on MBSR) that included
10-minute periods of mindfulness training followed by 5 minutes
of discussion across 28 clinical interviewing classes (7 hours
of instruction over 10 weeks) in social work students [69]. In
contrast to our findings, this study did not find significant
improvements in self-compassion. However, this study was
limited by a lack of randomization and a small sample size.
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Despite these findings, our study and others demonstrate that
self-compassion often improves with increasing mindfulness
in students [29,36,70], but the sustained effects after the
intervention period are unclear. Self-compassion has been
considered a core quality of mindfulness [71] and is associated
with lower stress and psychological symptoms in addition to
greater well-being [72,73]. In one study, mindfulness and
self-compassion were mediators in the pathway to emotional
well-being in adolescents [36]. More research investigating the
impact of brief mindfulness meditation interventions, especially
those delivered via mobile apps, on self-compassion is needed
to determine the efficacy of such apps and potential to sustain
effects after the intervention period.

Sleep Quality and Health Behaviors
Our findings suggest that Calm may be a promising approach
to help improve sleep quality (ie, reduce sleep disturbance) in
college students. Similar to our findings, Greeson and colleagues
[42] reported a significant reduction in sleep problems as
compared to a wait-list control group after participation in a
4-week mindfulness meditation intervention. However, the
intervention was only for 4 weeks and delivered in person.
Another study tested the impact of an 8-week internet-based
mindfulness training program to improve mental health and
sleep in college students and young adults compared to an
internet-based cognitive behavioral training program [74]. Each
session lasted 30-45 minutes and both groups experienced
significant reductions in sleep disturbance. This study also did
not deliver the intervention with a mobile app and had a high
attrition rate. One study tested a mindfulness-based health app
on mental health and sleep behavior in college students [75].
Students were asked to use the app 5 days per week for 4 weeks,
but there were no significant changes in sleep. There are limited
and mixed data available on the impact of mobile meditation
apps and sleep outcomes in college students, and there is a need
for further exploration of meditation delivered via an app and
sleep outcomes in college students.
We did not find an association between mindfulness meditation
and changes in alcohol consumption (ie, binge drinking),
physical activity, or healthy eating (ie, fruit and vegetable
consumption). There are a lack of studies testing the impact of
mindfulness meditation mobile apps on health behavior
outcomes in college students. One study testing the effects of
a mindfulness app on weight and weight-related behaviors
reported reductions in emotional eating and uncontrolled eating
after engagement in an 11-week intervention compared to a
self-monitoring electronic diary control group [76]. However,
this study had low adherence and did not report on fruit and
vegetable consumption. A cross-sectional survey administered
to college women reported that higher levels of mindfulness
were related to healthy eating practices, better sleep quality,
and better physical health [77]. Another cross-sectional survey
implemented in adults aged 18-25 years suggested that
self-compassion (a potential mechanism of mindfulness) was
positively correlated with intentions to engage in
health-promoting behaviors (eg, healthy eating, physical activity,
good sleep hygiene, and stress management) [78]. Papies (2017)
suggests that mindfulness interventions may be most effective
if targeted at a specific behavior (ie, reducing alcohol
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consumption, healthy eating, and reducing smoking) [79].
Although mindfulness-based interventions show promise in
improving health behaviors, more research in this area is
warranted.

Feasibility
Approximately 85% of the sample was satisfied with and found
Calm enjoyable. None of the students in our sample indicated
that they were dissatisfied with using Calm. A majority said
they would use the app in the future or refer it to other college
students. There is limited evidence regarding the acceptability
of mindfulness meditation mobile apps, specifically in college
students. Similar to our data, a study by Donovan and colleagues
[80] suggested high satisfaction with a mobile app (BodiMojo)
aiming to teach adolescents (13-22 years old) about mindfulness
and self-compassion, with 92% of the sample rating their
enjoyment of the program a score of 6 or 7 (1=not at all, 7=very
much) [80]. Another study conducted in the Netherlands by
Emmerik and colleagues [81] implemented a mindfulness-based
mobile app (VGZ Mindfulness Coach) to improve mindfulness,
general psychiatric symptoms, and quality of life in adults aged
≥18 years [81]. Participants in the study reported high
satisfaction with an average satisfaction score of 4.18 (SD 0.84)
on a scale of 1-5 (higher scores indicate higher satisfaction)
[81]. The aforementioned research is similar to our findings and
demonstrates high satisfaction among mindfulness-based mobile
apps. However, it is difficult to compare the mobile apps against
each other because of the various mindfulness components used,
differences in application interfaces, usability, and length of
programs. Future studies may assess the satisfaction of the
various components of behavioral/mental health mobile apps,
as studies have reported that satisfaction of these apps may be
dependent upon components such as accountability, tracking
progress, reminders/push notifications, and convenience [82,83].
This information could be particularly useful for researchers to
design/modify new or existing mindfulness meditation mobile
apps to be more relatable to the user and potentially attenuate
the decline in usage over time.
The average participation in meditation across the 8-week study
was 38 minutes/week, which was sufficient to see effects in
perceived stress in our sample. The decrease in minutes of
meditation practiced by college students over the length of the
intervention is not surprising, as college students have a number
of barriers that may keep them from participating in daily
meditation (eg, time constraints, financial pressure, educational
expectations, and interpersonal relationships). In a formative
analysis by Lauricella [84], a majority of undergraduate students
who participated in a face-to-face mindfulness meditation
intervention followed by a digital session of the same technique
preferred the in-person version as compared to the digital
practice [84]. The minority (~25%) that preferred the digital
practice found the solitude and confidentiality of this format to
be favorable. It is important to understand more about why
college students do or do not participate in meditation delivered
digitally. Gender differences regarding use of mindfulness-based
mobile apps may be important considerations in future studies.
Men are often underrepresented in mindfulness interventions,
and women may be more engaged in the intervention [85] and
experience greater benefit [86]. We also provided students with
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incentives, which may have impacted intervention results and
adherence. Future studies may consider replicating this study
without the use of incentives to observe real-world participation.
Furthermore, many consumer-based mobile apps do not include
theory-based strategies for behavior change, which may impact
adherence rates [87]. For example, self-monitoring (ie, the
ability to track minutes) and social support are strategies highly
associated with adherence to behavior. Calm is a
consumer-based app that does include tracking and reminders
for participants, but other strategies may be necessary. Future
studies could incorporate social support with an app and examine
the effects of such an addition on adherence.
It is also important to note that mobile app usage rapidly declines
within the first 90 days of downloading the app [88]. According
to a 2018 report by Localytics, 21% of users abandon using an
app after only one use, 57% of users stop using the app within
the first 4 weeks, and average retention by 90 days is only 29%
across all industries (media and entertainment, electronic
commerce/retail, travel and lifestyle, business, and technology)
[88,89]. Several studies that have investigated barriers to
health-related mobile app usage have identified a lack of
regulatory oversight, limited evidence-based literature,
privacy/security concerns [87], poor functionality or
incompatibility, lack of desired features, abandonment of a
health goal [90], loss of interest, hidden costs, and data entry
burden [91]. Mobile apps have the potential to provide
affordable, convenient access, and evidence-based information
to a large and broad audience. However, as noted previously,
there are several limitations that need to be addressed to improve
the quality and efficacy of mobile apps.

Limitations
Although the findings in this study are promising regarding the
efficacy of a mindfulness-based mobile app to reduce stress and
improve mindfulness and self-compassion among college
students, with moderate-to-large effect sizes, several limitations
must be noted. First, the sample mostly comprised white, young
female adults; therefore, the generalizability of our findings
may be limited. In future interventions, it is important to explore
efficacy in more diverse samples (eg, race/ethnicity, education
level, and chronic disease status) [44,54,92]. At the time of the
intervention, Calm was only offered in English. Exploration of
the efficacy of Calm with non-English speaking populations
(and offered in other languages) is warranted. Second, all data
collected in the study relied on self-report, which may lead to
social desirability or response bias where participants respond
in what they believe is a more favorable manner (although the
wait-list control condition assists partially in controlling for this
bias). We had a wait-list control group and were not able to
control for maturation or expectation effects. Future studies
warrant determining the best control condition. In our study,
we tracked the minutes of meditation and not the frequency of
sessions. Other studies have tracked both but only conducted
analysis with one or the other [65,66]. Future studies should
consider measuring and reporting both minutes and frequency
(eg, days/sessions) related to participation. Our estimated sample
size of 104 was not achieved (88 included in data analysis), but
we did have adequate power because our effect sizes were
strong. However, analyses of all secondary outcomes were
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exploratory and not sufficiently powered to detect an effect,
and results for these outcomes should be interpreted with
caution. Finally, we did not collect information regarding
students’ school schedule, homework load, or testing schedule,
and therefore, it is unclear how these factors may have played
a role in students’ participation or stress scores.

Conclusions
The findings in this study demonstrate the efficacy of Calm to
reduce stress and improve mindfulness and self-compassion in
short-term contexts in stressed college students. Although direct
comparisons are not possible, it appears that the degree of
improvement in response to a smartphone-based mindfulness
app may be similar to programs that require in-person attendance

Huberty et al
with even greater opportunity for convenient compliance and
continued use. Students also reported high satisfaction using
Calm to reduce stress. Currently, there is limited literature
exploring the effectiveness and acceptability of mobile apps for
delivering mindfulness meditation. More research in this area
is needed to establish efficacy and to explore the degree to which
effects are sustained in the short and long term. Particularly,
we suggest future independent replications of this work to
establish efficacy. The findings presented here provide important
information that can be applied to the design of future studies
or mental health resources in university programs. Calm may
be a cost-effective, convenient, easily disseminated, and
enjoyable way to manage stress among college students.
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Abstract
Background: Research on mobile health (mHealth) app use during adolescence is growing; however, little attention has been
paid to black adolescents, particularly black girls, who are generally underresearched and underserved in psychological intervention
research. Cognitive restructuring is an important tool in anxiety and fear management and involves two parts: (1) recognizing
and deconstructing erroneous thoughts and (2) replacing negative anxiety and stress-provoking thoughts with positive thoughts.
In our work with black adolescent females, we found that cognitive restructuring is a difficult skill to practice on one’s own.
Thus, drawing upon the importance of music in the black community, we developed the Build Your Own Theme Song (BYOTS)
app to deliver a musical form of the technique to middle-school black girls.
Objective: Our aim in this mixed methods study is to evaluate the effectiveness of the BYOTS app. We hypothesize that
participants will expect the app to be effective in reducing negative thoughts and that the app will meet their expectations and
data generated from the app will demonstrate a reduction in negative thinking and anxiety.
Methods: A total of 72 black or biracial seventh- and eighth-grade adolescent females were enrolled in Sisters United Now
(SUN), an eight-session culturally infused and app-augmented stress and anxiety sister circle intervention. Before using the
BYOTS app, girls completed the Multidimensional Anxiety Scale for Children 2 and the App Expectations Survey. Usage data
collected from the app included an assessment of negative thinking before and after listening to their song. After completion of
the intervention, focus groups were held to gather qualitative data on participants’ app experience.
Results: Results using paired sample t tests indicated negative thinking was significantly lower at day 7 than day 1 (t31=1.69,
P=.05). Anxiety from preuse to postuse of the app was also reduced (t38=2.82, P=.004). Four effectiveness themes emerged from
the focus groups: difference in behavior and temperament, promoted calmness, helpfulness in stressful home situations, and
focused thinking via the SUN theme song.
Conclusions: The BYOTS app is a useful tool for delivering musical cognitive restructuring to reduce negative thinking and
anxiety in an underserved urban population. Changes were supported both quantitatively and qualitatively. Participants, their
peers, and their family noted the difference. Findings support expanding the research to black girls of various socioeconomic
statuses and geographic diversity. Currently, the app augments SUN, a culturally relevant intervention. Future research will
explore BYOTS as a stand-alone app.
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Introduction
Background
Anxiety is a common problem among adolescents and has an
adverse impact on their lives. Anxiety symptoms are associated
with poor academic performance [1,2], difficulty with social
skills and peer relationships [3,4], and behavior difficulties [5].
Several studies have suggested racial differences in symptoms
and intensity of anxiety in youth. Compton and colleagues [6]
found that black youth reported significantly more harm
avoidance and physical avoidance than their white peers.
Latzman and colleagues’ [7] study of depression and anxiety
across three cohorts of youth—elementary, middle school, and
high school—found higher anxiety symptoms in middle school.

Anxiety and Black Females
Anxiety symptoms for black females are chronic and more
intense [8]. Regularly elevated anxiety levels are reported for
black girls residing in urban areas across the United States
[9-12]. Research indicates that, if left unaddressed, anxiety
difficulties in adolescence are associated with a higher risk for
anxiety disorders as adults [13,14]. Black women with higher
levels of anxiety also report poor emotional regulation [13].
Given the elevated anxiety levels among urban black girls
[9-12], the intensity and chronicity of anxiety symptoms [8],
and the implications for adulthood [13,14], early intervention
with this population is appropriate. Yet the literature is clear as
it relates to anxiety and other mental health issues: black girls
are underresearched and underserved [15,16]. Reasons for this
include, but are not limited to, cultural mistrust, access to mental
health care, access to same-race mental health care, and stigma
[15,16].

mHealth and Adolescents
A plethora of mHealth apps exist for anxiety, but few are
evidence-based, and even fewer are specifically designed for
adolescents [17,18]. Nonetheless, the available literature
suggests that given adolescents’ frequent use of mobile phones,
mHealth apps can serve as effective forms of early intervention
or augmentations to more traditional forms of intervention [19].
This technology may be particularly helpful for underserved
black adolescents as an early anxiety intervention because 81%
of this population reported using a mobile phone on a daily
basis [20,21].

Cognitive Restructuring
Cognitive restructuring is an important tool in anxiety
management [22]. Operationally defined, cognitive restructuring
involves two parts: (1) recognizing and deconstructing erroneous
thoughts and (2) replacing the negative anxiety and
stress-provoking thoughts with positive thoughts [22]. In our
work with black females, we have found at times that cognitive
restructuring is a difficult skill to practice on one’s own [23].
Outside of the therapy setting, our clients reported that they
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found it “too hard” and that they “couldn’t do it,” suggesting
there may be a need for a culturally informed technique to assist
in the steps necessary to teach and execute cognitive
restructuring. One way to do so is to merge the technique with
music.

Black Adolescents and Music
Music is an important part of almost every adolescent’s life
[24,25]. The tempo, genre, rhythm, and lyrics combine to allow
youth to express thoughts and feelings they may not be able to
verbalize in other ways [25]. Female adolescents are more likely
to use music to express their emotional state than their male
counterparts [26]. Unlike adolescents of previous eras, mobile
phone technology allows today’s youth to take their music
everywhere they go [20].
For black youth, music is a powerful tool for expressing and
overcoming emotion [23,27-32]. Over the last 70 years, songs
have been an integral part of the black youth experience,
providing hope, empowerment, faith, and encouragement
[23,27-32]. Reflecting on the importance of spirituals and gospel
music to black adolescents and emerging adults during the civil
rights era, icon Euvester Simpson said, “The only thing that got
us through that...we sang. We sang all night. I mean songs got
us through so many things, and without that music, I think many
of us would have just lost our minds or lost our way completely”
[30]. The importance of gospel music in stressful situations still
resonates today. A recent study with black young adults found
many used gospel songs with instructive lyrics when stressed
[31].
The expression of emotion and feelings is not limited to religious
music. Hip-hop emerged from low-income urban areas to give
a voice to black youth who were disenfranchised and
marginalized [23]. As a result, for the first time, their
experiences and concerns were validated and heard [23,32].
Although the commercial success of the genre co-opted the
topics of the rhymes, a recent resurgence has resulted in a return
to lyrics reflecting social justice, racism, and inequality issues
of concern to black youth [23]. Indeed, recent research suggests
that a component of hip-hop, rap, is the perfect form of music
therapy for black adolescents [32].
Building on the evidence that music provides a voice to the
emotions and experience of females [1,2,33] and black
adolescents [23,27-32], and the potential impact of mHealth
apps on the emotional lives of adolescents [19,21], we developed
the Build Your Own Theme Song (BYOTS) app [33,34].
Whereas other researchers have used cognitive restructuring
and music separately within the same intervention with black
African couples [35], in our work we have integrated music
directly into the cognitive restructuring process. Rather than
developing positive statements to replace negative thoughts,
our participants are taught to build their own theme song with
positive lyrics to counteract negative thoughts. In our
intervention studies, when a black female adolescent pays
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e11310 | p.200
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Neal-Barnett et al

attention to her thoughts and recognizes that she is thinking
negatively, she uses her theme song to counteract and replace
those thoughts with positive thoughts.

Methods

Build Your Own Theme Song App

The Multidimensional Anxiety Scale for Children 2 (MASC-2)
[35] is a 50-item instrument that assesses anxiety symptoms
using a four-point Likert-like scale from 0 to 3 (0=never,
1=rarely, 2=sometimes, and 3=often) in children. It contains
items such as “I worry about other people laughing at me” and
“I have trouble asking other kids to play with me.” Total anxiety
score was used to assess overall anxiety symptom level. This
measure has been found to have good reliability (Cronbach
alpha=.90) and good convergent validity [11,12]. Additionally,
this measure has been found to be reliable in our sample
(Cronbach alpha=.87) [11,36].

The BYOTS mHealth app consists of a self-penned,
self-recorded theme song based on the girl’s favorite song.
Consistent with the research that shows mHealth apps for
anxiety have the greatest impact when augmenting a face-to-face
intervention [17], the BYOTS mHealth app is integrated into
an eight-session culturally infused Sisters United Now (SUN)
sister circle that takes place during the school day [11,33,34].
SUN and the app were developed to address the neglect of black
adolescent girls in anxiety-related interventions [11,15]. During
the intervention, girls are introduced to the negative and positive
thought cycles. They learn how a theme song can interrupt the
negative thought cycle by replacing the negative thoughts with
positive affirming thoughts. Within our work, we have labeled
this process as musical cognitive restructuring. The girls first
choose their favorite song. As the intervention takes place in
schools, in accordance with school rules, the song must not
contain profanity. They then use a vision statement that was
generated earlier in the intervention and a positive word bank
to rewrite their favorite song into their own personal theme
song. After the lyrics are revised, the new theme song is
recorded on the BYOTS app.
An additional feature of the app is the pre-post app survey.
When participants open the app, the survey is presented. Based
on the survey score, the girl is instructed to play her theme song.
After the song is completed, the survey appears again. Based
on the survey score, the girl either receives a positive message
praising her for changing her thinking or instructing her to play
her theme song again. Three push alerts per day (before school,
after school, and at night) are built into the app to prompt girls
to use it multiple times per day. The girls are also instructed to
use the app without prompts when they experience negative
thinking.
In this mixed methods study, we present data on the
effectiveness of the BYOTS app. Although a repeated measures
approach to measure the participants’ evaluation of the app’s
effectiveness would be desirable, a preassessment of their app
expectations was only possible. Specifically, we predict that
participants would expect the app to be helpful in reducing
negative thoughts and that, after working with the app, their
positive expectations will be met. To test this prediction, we
examine girls’ expectations of the app and compare these to
their experience after using their app. Specifically, we examine
the ease of using the app, including recording their theme song.
We also looked at their comfort using the app in various settings
and with others (family and friends) present. We also
hypothesize that using the app will reduce negative thinking.
To test this hypothesis, evidence of negative thinking was
examined on day 1 and day 7 of the 1-week app experience; we
predict that the presence of negative thinking will be lower at
the end of day 7. Anxiety was also assessed before and after the
app-augmented SUN experience; we predict that anxiety will
be reduced after the SUN intervention.
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Materials

Pre and Post In-App Survey
This survey consists of five items. The first statement assesses
general stress level, and the remaining four questions assess
negative thought. Questions about negative thought included
(1) I have little control over important things in my life, (2) I
am confident in my ability to handle personal problems, (3)
things are not going my way, and (4) only good things lie before
me. Two items are reverse coded. The survey uses a seven-point
Likert scale (1=strongly disagree, 2=disagree, 3=slightly
disagree, 4=neither, 5=slightly agree, 6=agree, 7=strongly
agree). All app responses were uploaded to a secure online
server. For each entry, responses were combined for negative
thought total score. A score greater than 16 on the four negative
thinking questions (the median score on the scale that could
range from 4 to 28) resulted in a prompt to listen to their theme
song. On both days 1 and 7, the first survey response of the day
was used in the analysis. If there was only one survey response
for the day, this entry was retained for the analysis. Ellzey’s
recent results supported the validity of the In-App Survey [33].

The Expectations of App Survey
This measure consisted of 14 questions on a seven-point Likert
scale and was used specifically to measure girls’ expectations
of the BYOTS mobile app prior to the start of the intervention.
Sample questions included, “It will be practical to pull out my
phone and use the app when I feel stressed” and “I believe the
app will be useful in calming my nerves for specific situations
when I feel stressed.” Higher scores indicated more positive
expectations. A Cronbach alpha coefficient was calculated
(Cronbach alpha=.893) indicating the survey was reliable for
this sample.

Theme Song Building Session Evaluation
Administered after the completion of the theme song lyrics and
recording, this five-item evaluation examined girls’ satisfaction
with using the app to build and record their theme song. Sample
statements included “I enjoyed recording my own theme song”
and “Practicing using the app during the session helped me
learn.” Each item was rated on a five-point scale from strongly
disagree (1) to strongly agree (5).

Guided Discussion Focus Group Transcripts
At the end of the intervention, guided discussions to gain insight
into participants’ experiences with the app were held. These
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discussions were audio recorded and transcribed. Open-ended
questions were posed, such as “What made it easy to use? What
made it hard?” and “Has using the app changed the way you
think about yourself?” All participants were encouraged to
provide their perceptions on how helpful the app was in
changing their negative thinking. Audio recordings of the six
focus discussions were transcribed.

Participants
Participants were 72 black or biracial seventh- and eighth-grade
adolescent females. However, the sample size for each analysis
varied due to initial connectivity issues between the app and
the secure server in which data were unable to be matched to
the participant. Participants were between the ages of 12 and
15 years and enrolled in the SUN program. Participants attended
one of two middle schools located in a large midwestern,
low-income, urban school district in the United States. All
students within the district were enrolled in the federal free
breakfast and lunch program. Informed consent was obtained
from both the girls and their parent(s) or guardian(s).
Participants either self-selected to participate or were
recommended for SUN by their school counselor. The study
was approved by the Kent State University Institutional Review
Board, Kent, Ohio.

Procedure
As part of the SUN intervention, girls recorded their theme
songs into the app and practiced using the app in-session. The
girls were then prompted three times throughout the day for a
1-week period to use the app. Data on app usage were collected
in real time. On their return to SUN, a focus group was led by
a third-party individual to assess the girls’ experiences with the
app.

Statistical Analysis
Quantitative data was analyzed using SPSS. The following App
Expectations Survey items were chosen to test our predictions
about the app’s effectiveness: “Girls will find the app helpful”
(item 8), “I expect that after using the app I will feel less anxious
in general” (item 9), “The app makes me feel powerful” (item
10), and “I want to use the theme song app” (item 14).
At the end of the intervention, girls completed an evaluation,
which included an item to assess their perception of the
effectiveness of listening to their song to help reduce their
negative thinking. To make this five-point scale comparable to
the expectation survey, scores were converted to a seven-point
scale to match the expectation scale (maximum score of 5 on
the evaluation survey converts to a score of 7, midpoint 3=4,
and minimum 1=1, etc). This transformation of the data, a
standard practice to enable the direct comparison of scales, was
necessary to determine if there was a significant difference
between expectations and the app experience using an
independent t test [37-39].
To determine whether negative thinking had been reduced
because of the app experience, days 1 and 7 app scores were
compared with the exception of three participants who began
using the app on day 2. A paired sample t test was then used to
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examine whether day 7 negative thinking scores as measured
by the app survey were lower than day 1 scores. Pre and post
MASC-2 total anxiety scores also were compared using a paired
sample t test.
Qualitative data was analyzed using content analysis. Three
black women between the ages of 21 and 25 years who were
familiar with the culture and idiom of urban black girls
transcribed the focus group audio digitals. A coding form was
developed to assess each focus group question for each of the
SUN sister circles. Coders read the transcripts, identified major
themes, and included quotes that reflected the identified themes.
In addition, coders determined if the themes identified related
to the primary research questions of app feasibility and
effectiveness. A consensus meeting was held with the data
supervisor after coding was completed. Coders reviewed the
themes and discussed any differences in their coding. Ultimately,
the themes that emerged were the consensus of the three coders.

Results
Quantitative Evidence of Effectiveness
Descriptive statistics were calculated for relevant app
expectation items that addressed the potential effectiveness of
the app and are presented in Table 1. Scores ranged from 1 to
7 (7=strongly agree). The results for all expectation items were
well above the median score (4) of the App Expectation Survey
Likert scale. Also, the descriptive analysis indicated that the
modes were all high (all scores of 7 or 6) and skewness was
strongly negative for each item, indicating that girls’
expectations for the app were very high.
Descriptive statistics were calculated for each app expectation
(mean and standard deviation) where scores could range from
1 to 7 (7=strongly agree): item 6, “It will be practical to pull
out my phone and use the app when I feel stressed” (mean 6.2,
SD 1.2); item 8, “I believe the app will be useful in calming my
nerves for specific situations when I feel anxious” (mean 5.9,
SD 1.4); item 9, “I expect that after using the app I will feel less
anxious in general” (mean 5.9, SD 1.3), item 10, “I expect my
theme song will make me feel powerful” (mean 6.1, SD 1.2)”
and item 14, “I want to use the theme song app” (mean 5.7, SD
1.5). The results for all expectation items were well above the
median score (4 of 7) of the Application Expectation Survey
Likert scale. Also, the descriptive analysis indicated that the
modes were all high (all scores of 7 or 6) and that skewness was
strongly negative for each item further indicating that girls’
expectations for the app were very high.
The next question was to determine if these high expectations
were maintained after experiencing the app. Independent t tests
compared app expectation items 6 and 8 (these items were
judged to be the best indicators of expectations of use and
usefulness) with the session 7 evaluation question “I enjoyed
recording my theme song” (mean 5.8, SD 1.5). The resulting t
values were not significant. Thus, participants’ expectations of
the app were high, and these expectations were maintained after
actually experiencing the app.
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Table 1. Descriptive statistics for selected App Expectation Survey items.
App Expectation Survey items

N

Participant responses (7=strongly agree)
Mean (SD)

Median

App will be practical to use

60

6.2 (1.2)

7.0

App will useful in calming nerves

59

5.9 (1.4)

6.0

Will feel less anxious using the app

59

5.9 (1.3)

6.0

The theme song will make me feel more powerful

60

6.1 (1.2)

6.0

Want to use the theme song app

59

5.7 (1.5)

6.0

A paired samples t test was used to determine whether negative
thought was significantly lower at day 7 than day 1. Average
negative thought scores on day 7 (mean 12.81, SD 4.22) were
significantly lower than average negative thought scores on day
1 (mean 14.20, SD 4.10; t31=1.69, P=.05, Cohen d=0.30). On
day 7, 42% of participants reported lower average negative
thought scores versus day 1.
A paired sample t test compared girls’ pre-app to post-app total
MASC anxiety T-scores to determine if a change in anxiety was
evident. Results showed there was a significant decrease
(t38=2.82, P=.004) in anxiety scores from preintervention (mean
56.28, SD 11.18) to postintervention (mean 53.21, SD 11.31)
with a medium effect size (Cohen d=0.517).

Qualitative Evidence of Effectiveness
During the guided discussions, four themes emerged related to
the effectiveness of the BYOTS app: (1) differences in behavior
and temperament, (2) promotes calmness, (3) helpfulness in
stressful home situations, and (4) focused thinking via the SUN
song
The theme “differences in behavior and temperament” relates
to behavioral and attitude changes observed in participants by
others as well as their own self-awareness of that change. These
changes are illustrated in the following sample statements:
My mother has seen changes because I always use to
catch an attitude with my sister and brother, but now
I worries [sic] about myself and not everyone else.
I don’t cuss people out anymore.
A second theme identified reflects girls’ perceptions that the
app “promoted calmness.” The following statement is an
example of this theme:
When it tells you ‘you’re stressed’ at the end, it helps
you think to yourself that you need to calm down.
The third theme that emerged was that girls found the app
“helpful in home and familial situations.” The following
statement exemplifies this theme:
I was arguing with my mom and sister. I ran up to my
room, slammed the door. Then I thought, wait a
minute, I can use my app. I listened to my song, went
downstairs, and we worked it out.
The final theme that emerged centered on the ability of the app
to focus one’s thinking. As noted earlier in this paper, when
girls opened the app, it played the first seven bars of their theme
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song. The familiarity of the song allowed girls to focus on their
thoughts. This theme is reflected in the statement:
When the S.U.N. song began to play, it calmed me
down, and I could focus on my thinking.

Discussion
Principal Findings
Despite having higher levels of anxiety, and the consequences
of that anxiety on adulthood, urban black girls are conspicuously
absent from the mHealth app literature. To the best of our
knowledge, this study is the first to develop an anxiety-related
app for this population and evaluate its effectiveness. Our mixed
methods results indicate that musical cognitive restructuring
reduced their negative thinking. Indeed, negative thoughts
decreased from day 1 to day 7. Changes in thinking and behavior
were noted by the girls themselves, their friends and family,
and by the data collected within the app. Anxiety was also
reduced pre-post intervention.
Our findings suggest that an mHealth app can be an important
tool in anxiety intervention with this population. It should be
noted that BYOTS is not a stand-alone app but is used in
conjunction with SUN culturally relevant intervention.
Therefore, although we are able to say that the app played a role
in the reduction of anxiety, we cannot say that it was solely
responsible for the reduction in anxiety. We have designed a
study in which we compare three groups (app only, intervention
only, app-augmented intervention); this will allow us to further
understand the app’s effectiveness in reducing anxiety.
Not only the girls themselves, but their families and friends,
noted the change in thinking and attributed that change to using
the app. This attribution suggests that we take a closer look at
the mechanisms underlying musical cognitive restructuring to
determine what components are facilitating the change. Is it the
lyrics, the rhythm, the tempo, the fact that it is contained within
an app, the self-monitoring aspect, or some combination of these
factors? A closer look at key elements would allow us to gain
further understanding as to why BYOTS works. To this end,
we recently completed a study examining the lyric, rhythm, and
tempo component of participants’ theme songs. Findings should
be available soon.
As a result of the observed changes, family
members—particularly mothers—expressed interest in using
the app. Although BYOTS is designed for adolescent females,
the possibility exists that the app may also be an effective tool
for adult black women.
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The emergent theme “focused thinking via the song” was an
unexpected finding. The SUN intervention has a theme song
that is used to close each session. When the BYOTS app is
opened, the first seven bars of the song are heard. It appears
that for some participants, hearing the intervention theme song
was a cue to self-monitor thoughts [40], the first step in
cognitive restructuring. In subsequent planned studies, we will
further explore this finding.
Girls’ expectations of the app matched their experience with
the app. Comparing expectations and experience is a standard
procedure in intervention research; however, this result holds
added meaning for our sample. As part of the focus groups,
girls shared their skepticism as to whether the app would meet
their expectations. Participants indicated that they had worked
with other researchers where what was expected had not
matched the actual experience. They expressed great delight “it
really worked” regarding their app experiences.
A frequent question that arises in our work is “what about
adolescent black boys?” Clearly, a need exists to develop an
anxiety mHealth app for this group. Given the robust finding
that boys respond to the tempo and rhythm to elevate mood
[26], rather than the lyrics of a song, in its current iteration
BYOTS may not be a good fit for black males. We plan to
undertake a series of focus group studies to determine if and
how the app should be modified for this population.

Neal-Barnett et al

Limitations
This study represents an open trial and a first step in empirically
evaluating the BYOTS app. The study was also limited to an
urban, low-income population. However, black girls are
heterogenous and encompass all socioeconomic statuses and
reside in various types of locales. Subsequent studies would
extend the work to black girls of various socioeconomic statuses
residing in urban, rural, and suburban locales. Already, we are
conducting an open trial with girls residing in a small town, and
developing and laying the groundwork for a multisite
randomized controlled trial.
For research purposes, use of the app was limited to a 1-week
period. In subsequent studies, we plan to extend app use to 1
month. This will allow us to gather further data, including
frequency of unprompted use, time of day most used, and so
on.

Conclusions
The BYOTS app appears to be a useful tool in reducing negative
thinking among urban, low-income, middle-school black girls.
Our findings add to the knowledge base as to how mHealth can
be used with underserved and underresearched adolescents. As
elucidated in our Discussion, these results provide direction for
subsequent research with this mHealth app.
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Abstract
Background: Healthy eating and fitness mobile apps are designed to promote healthier living. However, for young people,
body dissatisfaction is commonplace, and these types of apps can become a source of maladaptive eating and exercise behaviors.
Furthermore, such apps are designed to promote continuous engagement, potentially fostering compulsive behaviors.
Objective: The aim of this study was to identify potential risks around healthy eating and fitness app use and negative experience
and behavior formation among young people and to inform the understanding around how current commercial healthy eating and
fitness apps on the market may, or may not, be exasperating such behaviors.
Methods: Our research was conducted in 2 phases. Through a survey (n=106) and 2 workshops (n=8), we gained an understanding
of young people’s perceptions of healthy eating and fitness apps and any potential harm that their use might have; we then explored
these further through interviews with experts (n=3) in eating disorder and body image. Using insights drawn from this initial
phase, we then explored the degree to which leading apps are preventing, or indeed contributing to, the formation of maladaptive
eating and exercise behaviors. We conducted a review of the top 100 healthy eating and fitness apps on the Google Play Store to
find out whether or not apps on the market have the potential to elicit maladaptive eating and exercise behaviors.
Results: Participants were aged between 18 and 25 years and had current or past experience of using healthy eating and fitness
apps. Almost half of our survey participants indicated that they had experienced some form of negative experiences and behaviors
through their app use. Our findings indicate a wide range of concerns around the wider impact of healthy eating and fitness apps
on individuals at risk of maladaptive eating and exercise behavior, including (1) guilt formation because of the nature of persuasive
models, (2) social isolation as a result of personal regimens around diet and fitness goals, (3) fear of receiving negative responses
when targets are not achieved, and (4) feelings of being controlled by the app. The app review identified logging functionalities
available across the apps that are used to promote the sustained use of the app. However, a significant number of these functionalities
were seen to have the potential to cause negative experiences and behaviors.
Conclusions: In this study, we offer a set of responsibility guidelines for future researchers, designers, and developers of digital
technologies aiming to support healthy eating and fitness behaviors. Our study highlights the necessity for careful considerations
around the design of apps that promote weight loss or body modification through fitness training, especially when they are used
by young people who are vulnerable to the development of poor body image and maladaptive eating and exercise behaviors.
(JMIR Mhealth Uhealth 2019;7(6):e14239) doi:10.2196/14239
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Introduction
Background and Related Work
Body dissatisfaction, the subjective experience of negative
thoughts and feelings toward one’s own body [1], is so prevalent
among young people (defined by the United Nations as those
aged 15 to 24 years [2]) in modern Western societies that it is
regarded as normative discontent [3,4]. Body dissatisfaction
has been linked with a number of maladaptive eating and
exercise behaviors, including restrained eating practices,
consuming less fruit and vegetables, low levels of physical
activity, excessive exercise, binge-purge cycles, and anabolic
steroid use [5,6]. Furthermore, body dissatisfaction is regarded
as both an important risk factor for, and is symptomatic of,
clinical eating disorders, such as anorexia and bulimia [7,8],
the majority of which develop during adolescence and early
adulthood [9].
The causes of body dissatisfaction and associated maladaptive
eating and exercise behaviors are diverse, with research
implicating a combination of biological, psychological, and
sociocultural factors [7,10,11]. Sociocultural theories emphasize
the role of specific agents, such as parents, peers, and the media,
in shaping negative attitudes toward the body [12], with body
dissatisfaction arising because of perceived pressure from
sociocultural agents to conform to an unrealistic, culturally
defined body and beauty ideal. For women, this has been
described as thin and toned, yet curvaceous with pert breasts
and buttocks, whereas for men it is muscular yet lean with little
body fat [13]. The complex and unrealistic nature of this ideal
makes it impossible for the majority of young people to achieve,
leading to negative feelings around their own bodies [7,12]. In
turn, these feelings can motivate an engagement in maladaptive
eating and exercise behaviors, aimed at changing the body
[7,12].
Perpetuating these social and emotional pressures is the fact
that many of these behaviors (eg, clean eating, over-exercising,
and cutting out food groups) have become the cultural norm,
with magazines and celebrities on social media advocating
calorie restriction as an everyday part of how we think about
food [14]. Following this longstanding cycle of diet culture,
parents, who themselves engage in dieting behaviors, can be
the ones who convey messages on calorie restriction and good
versus bad foods to children from a young age [15]. Thus, to
many young people growing up in this environment, these ways
of thinking about food and exercise are seen as the norm and
are often engaged with regardless of whether the young person
is overweight or not [16]. Ironically, calorie restriction has been
demonstrated to lead to weight gain and eating disorders over
time in young people [17].
In recent years, the emergence and increasing availability of
new digital media and technologies has drastically changed the
social landscape. As a consequence, theories of body
dissatisfaction and maladaptive eating and exercise behaviors
have needed to be adapted. Research in this field has typically
http://mhealth.jmir.org/2019/6/e14239/
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focused on how social media influences how young people
think, feel, and behave with regard to their body. For example,
research has highlighted the role of social media image sharing
practices in body dissatisfaction [18]; the further normalization
of maladaptive body shaping strategies through user-generated
social media content [13]; and the use of social media spaces
to create communities centered around maladaptive eating and
exercise behaviors [19].

Healthy Eating and Fitness Apps
The rise of healthy eating and fitness apps is considered to be
yet another type of media-influencing body dissatisfaction [20].
The nature of personal mobile engagement itself poses a
significant challenge, with vulnerable populations freely
accessing content without the extent of their engagement
becoming visible to others (eg, a parent who might be unaware
of their child’s engagement in calorie-counting practices).
However, although there is a wealth of research exploring the
dangers of social media use in the development of maladaptive
behaviors in young people, comparatively little attention has
been paid to healthy eating and fitness mobile apps, despite
their ability to become a tool for supporting restrictive eating
behaviors (eg, following a 1200-calorie-a-day diet regardless
of hunger levels).
The Health and Fitness category accounts for a large proportion
of apps in both the Android and Apple app stores (recent
statistics place them as the 9th and 8th largest categories of
apps, respectively) [21,22]. Although this category includes a
variety of health-related domains (including mental health,
smoking cessation, and women's health), a significant portion
relates to diet, healthy eating, and fitness. In this paper, healthy
eating and fitness apps refer to mobile apps that aim to promote
healthy eating and fitness (exercise) activities supporting users
in monitoring or attending to food and exercise, typically by
providing users with additional information about these activities
such as calories consumed or burned as well as projections on
weight loss goals. The top 10 lists for this category, in both
stores, are dominated by apps such as MyFitnessPal [23], Fitbit
[24], Strava [25], and Sweatcoin [26], all of which are focused
on self-tracking of food or exercise in similar ways.
Healthy eating and fitness apps incorporate a variety of strategies
to promote health and fitness behaviors including behavior
tracking, goal setting, feedback, rewards, social connectivity,
and remote coaching [27]. Adolescent users of Fitbit (a wearable
activity monitor with an associated mobile phone app) found
that the technology encouraged them to engage in physical
activity and increase knowledge of their own health behaviors
in the short term [28]. However, there may be a dark side to
healthy eating and fitness app use. Many apps are centered on
weight loss, encouraging users to set weight-related goals that
are achieved through calorie restriction and exercise [28,29].
This emphasis is problematic as the benefits of weight loss to
physical health remain a controversial topic within the medical
research literature [30,31]. In particular, weight loss is generally
only advocated for individuals with high body weight [30],
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e14239 | p.208
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raising concerns about how the cultural preoccupation with
weight loss stigmatizes overweight bodies, which may actually
demotivate such individuals from engaging in healthy practices
in the first place. The growing body of research also shows that
body size is not necessarily indicative of good health [31,32].
In addition, calorie restriction has been widely recognized as
an ineffective method of weight loss in the long term and an
inefficient way of promoting more healthy eating behaviors.
Instead, approaches focused on mindfulness and self-awareness,
such as intuitive eating, have been advocated more recently
[33,34].
The weight loss frameworks that underpin many healthy eating
and fitness apps may not be conducive to the formation of
positive health and fitness behaviors. In support of this, Eikey
et al found that around 7% (1261/18,601) of female app users
set weight goals that are under what is considered to be healthy
[29], indicative of a desire to achieve unrealistic appearance
goals, rather than improved health. The same study found that
users felt encouraged by apps to engage in, what the authors
considered to be, maladaptive eating and exercise behaviors
[29]. For example, some participants described how app
feedback following the logging of calories over their set daily
target led them to engage in purging behaviors, whereas others
described feeling obsessed with thoughts of food and calorie
content. Thus, apps focusing on weight loss may inadvertently
promote maladaptive eating and exercise strategies.
Research suggests that healthy eating and fitness apps in the
personal health domain employ behavior change models because
of their potential to support individuals in the process of
adapting and maintaining a new healthy behavior [35,36]. The
majority focus on habit formation, where habits are defined as
automatic responses to contextual cues and are formed as the
behavior is repeated in a stable context [37] (eg, using
reminders, goal setting, and positive reinforcement). In addition,
some apps (eg, Fitbit’s companion app) use competitive
techniques such as leaderboards to persuade individuals to be
healthier in a playful sense [38,39]. The vast majority of healthy
eating and fitness apps implement functionality for the user to
self-track, which refers to recording and analyzing data about
oneself on a regular basis to monitor a behavior [40].
Self-tracking is largely believed to only be effective if the
monitoring continues [41]. Hence, self-tracking can become a
system of constant recordkeeping and monitoring, requiring
repetitive behaviors [42]. The literature has shown that
self-tracking practices, promoted by healthy eating and fitness
apps, can have a negative impact on the well-being of young
people, by encouraging addictive tracking behaviors and
negatively influencing body image [40]. Theoretical work [43]
argues that long-term use of digital technologies to monitor
health behaviors may objectify the body, encouraging a
mind-body dissociation that results in negative affect and the
anaesthetization of the human experience. Such experiences
may prevent the active adoption and ownership of positive
health and fitness behaviors [43].

Honary et al
aged 18 to 29 years being the most regular users [44]), there is
a distinct lack of research on young people’s experiences of
healthy eating and fitness apps and self-tracking practices [45]
and even less so on the potential harm that these self-tracking
behaviors might have [46]. Our study attempts to address this
gap in the literature by highlighting potential areas for concern.
By drawing attention to this issue, we hope to encourage the
development of future technologies that are sensitive to the
sociocultural pressures surrounding diet and exercise that young
people are already contending with.
In this paper, we describe a series of engagements conducted
with 106 participants over the course of approximately 12
months. First, we conducted an anonymous Web-based survey
(63 male and 32 female) to gather an overview of the types of
healthy eating and fitness apps young people are using, their
reasons for nonuse, and any maladaptive eating and exercise
behaviors that they had noticed in response to app use. We then
conducted 2 workshops with 8 young people to gain an insight
into their overarching positive and negative experiences of
engaging with healthy eating and fitness apps. We conducted
a further 3 interviews with experts in the domain of eating
disorder and body image to gain a deeper understanding of
clinical presentations of maladaptive behaviors and how the use
of healthy eating and fitness apps might exasperate such
behaviors. Finally, drawing from insights gathered during Phase
1, we conducted a review of the top 100 healthy eating and
fitness apps on the Google Play Store (ie, for Android apps) to
explore the extent to which they had the potential to contribute
to maladaptive eating and exercise behaviors highlighted by
participants.
Through this body of research, we aimed to address 4 research
questions: (1) What are the experiences of both female and, yet
underrepresented, male young people around using healthy
eating and fitness apps?; (2) How do experts in body image and
eating disorder feel about healthy eating and fitness app use
among young people?; (3) To what extent do current healthy
eating and fitness apps on the market address, or indeed
confound, the issues identified by young people; (4) How might
the designers of future tools support young people in their
healthy eating and fitness goals to ensure that they are
developing these responsibly, without them becoming a potential
source of issue, especially for those at risk of maladaptive eating
and exercise behaviors.

Methods
Phase 1 Methods: Understanding Perceptions and
Potential Harm
The research presented in this paper received ethical approval
from the research ethics committee of Lancaster University. All
participants consented to take part in the study, with survey
participants being presented with the study information on a
welcome page and workshop and interview participants
providing written informed consent.

This Research: Aims and Research Questions

Survey

Despite the popularity of self-tracking apps, and the fact that
they are largely marketed at younger demographics (with those

To begin our study, we first wanted to gain some broad insights
into the types of healthy eating and fitness apps that young
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people currently use, their motivations for using healthy eating
and fitness apps, and the reasons they might have for
discontinuing use of these types of apps. In addition, we wanted
to explore if young people currently reported any maladaptive
eating and exercise behaviors associated with their healthy
eating and fitness app use, to provide an overarching
understanding of the possible issues they might have and to
better inform the design of our in-depth workshops.
We created an anonymous Web-based survey, distributed
through social media using a snowball sampling method. With
acknowledgment that the existing literature around body image
and maladaptive eating and exercise behavior centers mainly
around cisgender female populations [47], we wanted to, where
possible, gather a gender-balanced perspective during
recruitment. As such, when we released our call for
participation, we noted that we were interested in the views of
people identifying as both female and male.
Participating respondents (n=95, 63 male) were asked to follow
a link to the survey where they were then asked the following:
the gender they identified with, their nationality, whether or not
they currently use a healthy eating and fitness app (and if not,
why), which apps they used now or in the past, their primary
motivation for using these apps, and whether they felt the app(s)
caused any negative experiences and behaviors. Responses were
collected in both free text and tick box format. After a 4-week
period, the survey was closed and responses were collated.

Workshops
We next ran 2 workshops to better understand how young people
engage with healthy eating and fitness apps and what they
perceive to be the dangers of the use of these apps. We wanted
to balance the perspectives of both (1) typical users and (2)
those advocating for positive body image, who we felt
represented current body positive activism taking place in
Web-based communities such that that young people may come
across in their own social media feed, thus representing a
possible positive influence.
Workshop Participants
Despite opening our workshops to both genders, the workshop
participants were all female. Participants were recruited via an
email advertisement. The first workshop was held with 6 female
students recruited from York St. John University: 3 studying
psychology (W1-P1, W1-P2, and W1-P3) and 3 studying sports
sciences (W1-P4, W1-P5, and W1-P6). The workshop was
facilitated by 3 researchers. The second was held with 2 peer
educators from a local youth organization who had undertaken
training explicitly around promoting a positive body image in
young people (W2-P1 and W2-P2). Peer educators are trained
14- to 25-year-olds who help youth groups explore important
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topics such as body confidence and self-esteem, using their own
experiences to bring the subject to life [48]. The second
workshop was facilitated by 2 researchers who were also present
in the first workshop.
All participants were aged between 18 and 25 years and had
current or past experience of using healthy eating and fitness
apps. Participants were provided with a £10 Amazon voucher
as a thank you gift for their time. Each workshop lasted
approximately 2 hours. Both workshops were audio-recorded
and transcribed with the participants' knowledge and consent
for qualitative thematic analysis at a later date.
Workshop Activities
Workshops 1 and 2 both followed the same format. We first
facilitated a series of activities designed to encourage
participants to talk about their experiences of healthy eating
and fitness apps. Owing to the potential sensitive nature of the
topic area (ie, maladaptive eating and exercise behavior
formation), we asked participants to work with personas to allow
for a level of dissociation from their own personal experiences
[49,50]. For the first activity, using a provided storyboard sheet,
(see Figure 1), participants each created a persona that, to them,
represented a person who was engaging with healthy eating and
fitness apps. They were prompted to think about their persona’s
health experiences, including their health goals, what they
considered to be a healthy body, and their strategies for
achieving their health goals.
We then randomly split the group into 2 and asked each group
to select a persona to work with for the next activity, which
aimed to better understand their relationship with apps and their
patterns of use (note that workshop 2 participants each worked
with their own personas for this activity). Participants were
asked to identify the healthy eating and fitness apps they use to
achieve their goals and these apps’ features; the duration and
frequency of engaging with the apps; whether or not they
followed the app’s instruction on usage; how they felt when
falling off track when using the app; what they do to get back
on track; and how the app might make them feel about
themselves. We then wanted to know what happens when they
under or over log their activities in the app; the app’s response
in this situation; and what they think the apps should do in this
scenario.
Following this, the final activity revolved around having a
discussion across the whole group about the effect of following
a healthy eating and fitness goal and the use of technology to
achieve this goal on the individual’s social life. This included
the effect on social activities and any impact on friends and
families.
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Figure 1. Example of persona activities.

Expert Interviews
Following our workshops that allowed us to gather young
people’s experiences around healthy eating and fitness app
usage, we wanted to hear experts’ views on the potential impact
of healthy eating and fitness app use on body image and
self-esteem within young people. This aimed to allow us to map
workshop participants’ experiences to possible negative
experiences and behaviors (ie, what could happen if unhealthy
eating behaviors become more extreme). We carried out 3
in-depth interviews with experts exhibiting a range of eating
disorder and body image experiences (from clinical practice,
personal experience, and academia): (1) a clinical psychologist
with expertise in child and adolescent mental health (E-1); (2)
an eating disorders campaigner, activist, and writer with personal
experience of eating disorder who advocates for greater
recognition of eating disorder service delivery and the male
experience (E-2); and (3) an academic researcher in social
psychology with expertise in body image, exercise psychology,
motivation, and well-being (E-3).
Each interview was conducted in a semistructured manner, with
the topic guide centering around the interviewee’s personal or
professional experiences with maladaptive eating and exercise
behaviors and negative body image; their experience of healthy
eating and fitness apps; their views on the impact of healthy
eating and fitness apps on young people, including any negative
experience and behavior that app use might incite; and their
opinions on how future apps might be improved to make them
safer to those at risk of maladaptive eating and exercise
behaviors. Interviews were all conducted remotely via WebEx
and lasted between 30 and 45 min. Each interview was

http://mhealth.jmir.org/2019/6/e14239/

XSL• FO
RenderX

audio-recorded and transcribed for later analysis. Experts were
not paid for their time.

Phase 2 Methods: Reviewing Current Apps
The first stage of our study allowed us to identify any negative
experiences and behaviors that young people might have when
using healthy eating and fitness apps, and understand how these
behaviors might be associated with more extreme maladaptive
eating and exercise behaviors. Phase 2 of our research drew
upon the increasingly common practice of surveying and
evaluating mobile apps in targeted health domains [51-56]. The
majority of these previous mobile app reviews have focused on
engagement, functionality, aesthetics, and perceived quality,
using tools such as the mobile app rating scale [57]. This scale
facilitates structured scoring on not only user experience but
also on the likely impact of an app on user knowledge, attitudes,
intention, and action in the target health behavior. However, as
our app review is focusing on the potential issues with such
features that, for example, promote engagement or change
attitudes toward those deemed as healthy, we did not feel this
was an appropriate tool for our own review. To the best of our
knowledge, the app review conducted in this paper is the first
to have the explicit goal of identifying the risks for apps
targeting healthy eating and fitness.
We conducted a systematic analysis of the top 100 healthy eating
and fitness apps that are currently available on the market for
young people to freely download and use. We used content
analysis to examine the potential of these apps to elicit the
negative experiences and behaviors identified in Phase 1. A
breakdown of the review methods is given below.
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Identifying the Top 100 Apps
We focused our attention on Google Play, the Android app store,
because of its market dominance when compared with other
operating systems [58]. We first developed a simple tool in
Python to allow us to scrape the app store and return the top
healthy eating and fitness apps based on a series of filter terms
linked to healthy eating and fitness. For eating, there were 20
filter terms in total (eg, calorie, weight, nutrition, and diet), and
for fitness, there were 18 terms in total (eg, exercise, fit,
flexibility, and training). We focused only on freely available
apps as findings have shown that, although young people (aged
18 to 34 years) are more likely to pay for an app than other age
groups, the majority still do not pay for any mobile apps at all
[59]. Our initial search yielded 540 free healthy eating and
fitness apps. We re-ordered the list based on popularity (ie,
number of downloads) and then manually reduced the list by
disregarding apps that did not match our definition of healthy
eating and fitness apps. This included removing apps that were
explicitly (1) wellness-related (eg, containing the terms yoga,
calm, and meditation); (2) route planners for cycling, running,
and walking; (3) those that monitor physiological measures (eg,
heart rate and blood pressure); and (4) specific to an aspect of
health that was not diet or exercise related (eg, menstrual
tracking, sleep, drink water reminders, and quit smoking). We
then selected the top 100 of the remaining apps for our review.

Review Methods
An app review criteria list was developed based on the themes
that emerged from our Phase 1 analysis, reflecting the concerns
expressed by experts and users regarding the specific types of
logging behaviors facilitated by apps and the way in which apps
respond to these behaviors. More specifically, we created a
series of reviewing questions that aimed to identify the
following:
•
•
•

•

•

General Purpose (Qualitative)
Data Logging including the types of data entry and behavior
logging facilitated by the app (Qualitative)
Specific Behaviors including the ability to set underweight
goals and ability to report low or high calorie consumption
(both quantitative: Yes or No) as well as the app responses
to these behaviors and other behaviors of interest, including
continuous use, not meeting exercise goals, and over and
under logging calories (Qualitative)
Feedback including whether the reviewer perceived the app
to rely on mainly positive or negative feedback to motivate
users (Qualitative) and whether the app was more focused
on what the user had or had not achieved (Qualitative).
Data Sharing including ability to share data with other users
(Quantitative: Yes or No) and across social media
(Quantitative: Yes or No) and ability to rank self among
other users (Quantitative: Yes or No).
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Each app was reviewed by one of the authors who downloaded
the app to their personal handset, engaged with the app for a
week, and responded to the review questions via a Web-based
review form. Apps were downloaded in batches of 10 so that
the reviewer was assessing no more than 10 apps at any one
time. To assess for interrater reliability of the reviews, a 20%
subset of the apps were coded according to the same questions
by a research intern, blind to the aims of the study. Responses
by the 2 reviewers were then scrutinized by the research team
for agreement. For items that generated quantitative data, we
followed the guidance of West et al [36] and divided the number
of agreements by the number of disagreements. The concordance
rate of 88% was comparable with that reported by [36]. For
items that generated qualitative responses, these responses were
compared for any substantial differences, but none were found.
Thus, an agreement between reviewers was found to be
acceptable across all review criteria, both qualitative and
quantitative.

Results
Data Analysis: Phase 1
A content analysis [60] was conducted on the survey data to
look for emergent themes relating to each specific question.
The qualitative data collected from the 2 workshops and the
expert interviews were coded by 2 members of the research
team using Braun and Clarke thematic analysis [61] to identify
overarching themes from discussions, capturing the core topics
and concerns coming from the data. The analysis was inductive
and, therefore, data driven. Coders then worked together and
discussed any discrepancies before agreeing on a final set of
themes. The identified themes were discussed and refined with
input from another researcher to ensure that they were
representative of the data and could inform the app review
process.

Phase 1 Findings
Survey Findings
In total, we had 95 respondents who took part in the survey, 63
identifying as male and 32 as female. The majority of
respondents were based in the United Kingdom (75), but we
also had responses from the rest of Europe (9), United States
(6), Canada (3), and China (2). Respondents reported using a
range of healthy eating and fitness apps (see Figure 2 for
details), but MyFitnessPal, a calorie-tracking diet-focused app,
was by far the most widely used (n=46). There were also a wide
range of other lesser known apps that individuals (1 to 2 people
in each instance) reported using (n=22). Respondents also
reported a variety of reasons for engaging with apps (see Table
1 for details). Calorie-tracking (31%), weight loss (20%), and
exercise (21%) were the 3 most common reasons. Please note
that this was a free text box and, as such, participants could
select multiple motivations.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e14239 | p.212
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Honary et al

Figure 2. Healthy eating and fitness app use as reported by survey participants. The 7 most popular apps are used by between 5.2% and 48.4% of
respondents. A further 23.2% listed other apps (not itemized here because of their limited popularity).

Table 1. Reported motivation to engage with healthy eating and fitness apps.
Reason provided

Female, n

Male, n

Total (N=95), n (%)

Track calories

13

18

31 (33)

Track macro nutrient values

4

5

9 (9)

Exercise

10

10

20 (21)

Weight loss

11

8

19 (20)

Track routes or time for specific activities, for example, cycling or running

0

10

10 (10)

Self-improvement (eg, improved body image)

1

10

11 (12)

App Nonuse
A total of 32 participants (21 male and 11 female) reported that
they no longer used their healthy eating and fitness app (see
Table 2 for details—as above, participants could provide
multiple responses). Respondents’ primary reasons for
discontinuing use of an app were that it was (1) too demanding
on their lives, reporting that they were “too busy” or that it took
“too much time to track” and (2) that they lacked motivation,
discussing laziness, apathy, and a lack of discipline as
contributing factors. Males were more likely to report that they
had met health goals, for example, “no longer needed after my
weight loss” and “my goal was to get in shape”. Other responses
for male respondents focused mainly on challenges with the
technology, for example, “Background processes making phone
run slower”, where for 2 of the females, it was an eating disorder
that caused them to halt their use: “I have an eating disorder
and it was toxic”; “Eating disorder recovery”.
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Reports of Negative Experiences and Behaviors
A total of 41 respondents indicated that they had experienced
some form of negative experiences and behaviors through their
app use (see Table 3 for details—as the above participants could
provide multiple responses). Of those, the most commonly
reported behavior across both males and females (n=15) was
obsessive calorie counting or logging, with comments such as
“I didn’t like MyFitnessPal as this was about counting calories
and I became obsessive. It wasn’t manageable”; “I got obsessive
over calorie counting”; and “Want to log everything I eat”.
There were also reports relating to guilt and food restriction:
“constant guilt”; “MyFitnessPal can cause a self-judgment based
on bad diet days”; “yes. Starvation”; and around impacts to
social life; “Purposefully taking time away from studying and
social activities to exercise”; and “stopped socializing (drinking)
as much, avoided eating out”. Several respondents discussed
general impacts to mood, indicating that they became
“miserable”, “anxious”, and “demoralized”. The males in
particular also discussed feelings of disappointment and failure
when not achieving their goals.
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Table 2. Reasons provided for app nonuse.
Reason provided

Female, n

Male, n

Total (N=32), n (%)

App use too demanding on their life

4

5

9 (28)

Lack of motivation

4

5

9 (28)

Health goals were met

0

5

5 (16)

Other

3

3

6 (19)

No response

0

3

3 (9)

Behavior reported

Female, n

Male, n

Total (N=41), n (%)

Obsessive counting or logging

8

7

15 (36)

Guilt and food restriction

3

2

5 (12)

Impact on social life

3

2

5 (12)

Impact on mood

2

5

7 (17)

Cheating the technology

2

0

2 (5)

Obsessive, but the push needed

2

2

4 (10)

Non applicable response

0

3

3 (7)

Table 3. Reports of negative or obsessive app use behaviors from respondents.

However, for a handful of respondents, there was a feeling that,
although the app led to obsessive exercise behaviors, these were
the push that they needed to succeed, forcing them to do exercise
when tired: “You have to be a bit obsessive to get good results
with a calorie counting app”; “Negative, no. Obsessive, possibly.
In the case of exercise, there is aspects of obsession anyway”.
For 2 of the females, there was a discussion of cheating the
technology, for example, “I wouldn't enter ‘bad’ foods into the
app”, where for 3 of the males the negative feelings they
harbored were relating to the technology itself and annoyance
that was felt when their effort was not recorded: “Yes - if steps
aren’t recorded it feels like they haven't happened”.

Workshop and Interview Findings
The following sections describe a synthesis of findings from
workshops 1 and 2 and the expert interviews. A total of 4
overarching themes emerged from our thematic analysis: (1)
factors relating to motivation and guilt surrounding goal
attainment; (2) impact of healthy eating and fitness behaviors
on social relationships; (3) app response to logging behaviors,
in particular when these might be seen as negative; and (4) a
need to reconnect to the body and build self-awareness around
healthy versus unhealthy behaviors. We append quotes provided
with participant numbers and an indication of whether quotes
are from workshop participants (eg, W1-P2) or our experts (eg,
E-1).

Goal Attainment: Positive Motivation or Guilt Inducing?
Participants discussed a range of healthy eating and fitness apps
that they used; however, as can be seen in the data presented,
the ones that massively dominated conversation centered around
MyFitnessPal and FitBit. There was much discussion around
the qualities that these apps had and differences between the
active and passive tracking functions they exhibited. All of the
participants, in different ways, highlighted how they favored
http://mhealth.jmir.org/2019/6/e14239/
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apps that passively track physical activities, compared with ones
requiring users to actively log exercise or food intake data. For
example, W2-P2 described:
Myfitnesspal is a lot about weight, it’s mainly about
logging your food and your calories, whereas fitbit I
think is a really positive tool [...] people use them to
just increase your daily step count, make yourself just
more generally physically active.
Continuing the discussion over active versus more passive
tracking, W2-P2 noted how the burden of inputting individual
food items, particularly in home-cooked meals, could actually
lead to a somewhat counterintuitive shift toward readymade
food: “you’d definitely eat more processed things, ‘cos they’re
easier to log ‘cos it’s got a barcode” (W2-P2).
Apps that implemented a positive approach to encourage users
for their effort were seen to be more appealing. Participants
noted that receiving “little badges” (W2-P2) or a simple message
such as “nice one, you’ve done that well” (W1-P5) could be
rewarding or motivating. There was a sense that apps should
send positive notifications regardless of whether the daily goal
was achieved:
[On Fitbit] at the end of the day if you don’t hit your
daily step target [...] it just goes back to the next day,
but then if you do hit it, it goes green and it’s like
“woohoo”. But MyFitnessPal, I think it’s like
addictive methods of trying to get you to use it to
reach your goals. [W2-P2]
However, this concept of achieving set goals was not always
seen to be a positive thing. Participants described how fixating
around the attainment of a goal could lead to obsessive
behaviors: “You don’t want to do badly, so it makes you more
obsessive of reaching your goals” (W1-P1) and how not reaching
a specific goal could lead to feelings of distress and guilt: “The
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worst features of the apps are that he [the persona character]
feels guilty if he goes over calories and that can cause further
restriction and it’s made him obsessive” (W1-P4), which could
in turn lead to negative counter-behaviors, such as meal
skipping: “you could reach your calories at like 3pm and then
you don’t feel like you could eat anything else for that day”
(W1-P1).
E-3 described how the prescription of goals—such as hitting
10,000 steps a day—may overshadow any intrinsic motivations
for exercising (ie, with focus being placed on reaching a target
number rather than factors such as improving fitness or mental
clarity):
The monitoring apps can make you think about
physical activity in quite a sad way, or quite a
compulsive way. If you have a step counter actually
you think “I’m going to go for a walk to get my step
count up” and your motivation behind doing it is quite
external, it’s not about enjoying the walk for example,
it’s not about getting some fresh air or just clearing
your head for a minute, actually suddenly that walk
is all about “well this is going to get me about 3000
steps if I do this 20 minute walk at lunch time” for
example. [E-3]
E-1 discussed how a focus on these aspects of quantification
and goal attainment could become a potential risk for the
emergence of maladaptive eating and exercise behavior, if paired
with obsessive personality traits or perfectionism:
People who tend to have an obsessive personality and
also high levels of perfectionism will sustain their use
of fitness apps and count every calorie, count every
step, count every episode that they go to the gym and
all their exercise and use a mobile platform to collect
that data.
He noted how, in clinical care, “we actively discouraged [people
with eating disorders] from using those apps and various wrist
monitors that count the steps and activity levels” as they can
become “triggering” as well as sustaining “obsessional and
restrictive and rigid behaviors”. E-2 further highlighted this
point by describing his own personal experience of using healthy
eating and fitness apps to track his food intake and exercise
levels:
I got to this point where I felt like I was really in
control and I found the counting of the calories
wasreally empowering...especially running and
walking [...] you can put it on and it tracks you and
it gives you your speed, and I was really fixated on
how far I was going and how fast I was going. [E-2]
E-2 also highlighted how this eventually led to him losing a
sense of control:
I no longer felt in control, it sort of started spiraling
and I was losing like five pounds, six pounds.
At this point, he realized that he has established an unhealthy
relationship with healthy eating and fitness apps:
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It all had to sort of go because I just realized how
unhealthy it was and I know that I can’t really use
those kind of apps in a healthy way.

Impact on Relationships
Participants discussed how heavy dieting and exercise regimes
could have a negative impact on maintaining a good social life;
many social gatherings focus on food, and often, a lot of time
is required to maintain a heavy gym regime. W2-P1 described
how, for some people, socializing becomes challenging because
of the need to make dietary sacrifices:
If you’re very religiously logging it and then you think
oh I can’t go out to that restaurant or I don’t want to
go out for drinks.
The concept of religiously monitoring caloric intake in an
attempt to lose weight was highlighted by E-1 as a key challenge
that could ultimately lead to social isolation and impact of the
psycho-social development of a young person:
For a lot of people it becomes an obsessive,
all-consuming pursuit and therefore all energy is
invested in that and there is no space left to do other
things like invest time in social relationships, in social
gatherings, education, family, friends and other sorts
of developmental aspects of growing up.
It was noted how engagement with apps on a mobile phone is
largely, by design, a personal and private experience, which
could in fact intensify negative experiences and behaviors, as
it is easy to hide from family and friends:
...by the time you’ve noticed it they’re probably
already obsessive, because apps are actually very
easy to hide that you’re using it [W1-P1]
W2-P2 also described how easy it is for young people to engage
in secretive behaviors without anyone finding out:
It’s on a phone where you’ve got a password. Sure,
people can have visibility of it but they may not even
know you have it. So say if it’s a young, like a
teenager, their parents may not even know they’re
using it, why would they, it’s on a locked phone [...]
I think you can quite easily start to like manipulate
your calories in a negative way and nobody would
know you’re doing it.

App Response to Logging Behaviors
Participants discussed the issue of under logging calorie intake
and how an app may respond in such cases:
It comes up in red basically giving you a warning that
you’re not eating as much, or, if you carry on like
this you’ll be losing two pounds in a week. [W1-P2]
However, they discussed that providing such weight loss
projection could motivate users to eat less to lose weight faster
within the estimated time frame. Participants explained how,
when the user underlogs, apps currently only respond with a
warning notification, instead of taking any actions to prevent
this from happening. For example, W2-P2 described how she
restricted her calorie intake to 1200 calories per day for 7 months
without any guidance from the app to re-evaluate her goals:
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It didn’t come up like “you’re doing this and you
should not be doing it” kind of thing, so I think it is
negative, it should prompt you to re-evaluate your
weight and your goals but it doesn’t, it automatically
recalculates your weight, but you can keep changing
your end goal and then I’m not sure it brings up like
well this is in an underweight category of [Body Mass
Index] BMI.
Our health experts also envisioned apps taking more
responsibility to protect users, particularly those at risk, by not
just focusing on sending notifications to encourage achieving
the daily goal but also by notifying when overuse happens:
I think apps could be more intelligent and could give
feedback about over-use [...] if you spend too much
time on your fitness app or on your diet app or too
much time in the gym if you are monitoring all your
activities, one could have a warning come up that this
might not be the most healthy thing to do. [E-1]
On the contrary, the need for a gentle approach to encourage
engagement was also seen as beneficial:
If someone’s not doing as much physical activity,
having an app which kind of brings you back in gently
rather than saying “you haven’t exercised for five
days, what are you doing,” actually that could be
really helpful, so trying to think about encouraging
people to do those healthy activities rather than
worrying too much about what those outcomes are
going to be. [E-3]

A Need to Reconnect to the Body
Each of the experts highlighted the importance of being able to
listen to your body and gain the power to switch off when
needed. They discussed the notion of feeling controlled, or being
driven, by apps and how one should have a period of detox if
this happens. E-1 highlighted the need for a psycho-educational
component about the harms and benefits of healthy eating and
fitness apps, explaining that young people in recovery learn to
disconnect themselves from their phones:
...trying to live with the anxiety of not knowing the
detail of their activity levels and input and outputs;
that is something pretty much promoted in recovery.
He further explained how they aim to teach young people to
trust their own bodies and themselves, to look after themselves:
It’s natural for one to allow your body to find its own
equilibrium and its own input and output in terms of
food and activity levels, and to rest when you feel the
need to rest and to exercise when you feel the need
to exercise. [E-1]
This view was also shared by E-2 who explained the need to
be mindful around logging behaviors:
Am I checking this because of anxiety and habit or
because I want to use it? How autonomous am I in
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doing this? [...] whether you feel compelled to use it,
I think people need to work out whether that’s the
case for them or not, like having that awareness is
really important and that’s what gives people the
power. [E-2]
This was echoed by E-3:
I try to think about what am I doing, why am I doing
this, what’s this app encouraging me to do, is it
actually doing what I want it to be making me do or
is it making me do something negative. [E-3]
It was acknowledged by E-2 that this can be counter-intuitive
to the way healthy eating and fitness apps are currently designed,
with users often being actively encouraged to log and monitor
themselves constantly: “if you don’t [log] then you mess up
your statistics”. He explained how, on one occasion, forgetting
his phone at home and not having the ability to track his steps
made him feel anxious:
I felt more anxious because I didn’t know how much
I’d done and I needed the steps, like the app to tell
me that I’d done enough exercise, rather than
listening to my body, which I think is a big thing with
these apps and social media—they’re prescribed—I
think that sort of disconnects people from their bodies
a little bit. [E-2]
In summary, survey results showed that almost half of our
respondents had some form of negative experience using healthy
eating and fitness apps. Approximately one-third of respondents
reported that they had stopped engaging with healthy eating
and fitness apps, typically citing that they found them too
demanding or that they lacked the motivation for long-term use.
Workshops and interviews further explored personal and
professional perspectives on the impact of healthy eating and
fitness apps on young people. Participants described how the
pressure of attaining health goals, set through the app, could
lead to negative experiences and behaviors. There was much
consensus that healthy eating and fitness apps can bring feelings
of guilt leading to negative experiences and behaviors such as
meal skipping. The quantification element of the healthy eating
and fitness apps was also seen as a contributing factor for
development of maladaptive eating and exercise behaviors,
particularly for those with obsessive personalities. Participants
concerningly discussed the possible impact of obsession with
logging behaviors on social isolation. This was backed up by
experts highlighting the importance of being mindful around
logging behaviors.
The next stage of our research then focused on exploring the
specific features of healthy eating and fitness apps that are
currently available on the market, including the ability to log
behaviors of interest and how the app responds to user
engagement and behavior logging. We wanted to understand
the potential of the top 100 healthy eating and fitness apps to
elicit the negative experiences and behaviors reported in the
first stage.
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Table 4. Coding criteria and frequency among apps.
Coding criteria

n

General purpose
Exercise promotion

62

Diet

10

Exercise and diet

25

Appearance goals

65

Data logged
Exercise completed

84

Food consumed

23

Weight

56

Specific behaviors
Allows underweight goal setting

21

Allows reporting of high or low calorie intake

16

Response to low calorie intake

8

Response to high calorie intake

8

Response to not meeting exercise goals

20

Rewards continuous use

60

Feedback
Overall positive

72

Overall negative

19

Achievement-focused

49

Failure-focused

26

Data sharing
Other users

32

Social media

59

Automatic ranking

6

Data Analysis: Phase 2
Data from the reviews were collated into a spreadsheet. For
review responses that resulted in qualitative data, we performed
a qualitative content analysis [62]. As follows, responses were
reviewed by 2 members of the research team to identify key
themes. Then, the frequency of occurrence of these themes
among the apps was coded by these 2 members of the research
team individually and summed to produce a score signifying
the frequency of that theme with the data set. If there was
insufficient information in the text provided in the initial review
data to determine whether themes were present in apps, then
the coders downloaded the app to clarify whether the app met
the coding requirements. Interrater reliability between the 2
coders was again assessed by dividing the number of agreements
by the number of disagreements, resulting in an acceptable
concordance rate of 90% [36]. The coding criteria developed
through this process and frequency of occurrence within apps
are shown in Table 4.
For reviews that resulted in quantitative data, responses were
summed to produce scores that reflect the number of apps
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belonging to each possible category. Interrater reliability of this
coding had already been determined in the previous review
phase (see Table 4).

Phase 2 Findings: App Review Findings
General App Features
Descriptions of apps were coded according to the health
behavior targeted by the app. The vast majority of the apps
focused on exercise promotion (n=62) and exercise and diet
combined (n=24). A total of 3 apps were found to not focus on
either diet or exercise. This included 1 app that focused on
editing the body to assess how one would look like with various
bodily enhancements (Body Editor–Breast Enlarger, Body Shape
Editor) and 2 that focused on weight monitoring (eg, Monitor
your Weight). Around two-thirds of the apps included the ability
to set appearance-related goals, such as weight loss and
enhancement in muscle tone (n=65).
The majority of apps collected some form of data pertaining to
physical activity (n=84). This included data such as daily steps,
cycling, and the completion of workouts specified by the app.
A much smaller percentage of apps collected dietary data
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pertaining to food consumption (n=23). More than half requested
user data pertaining to weight (n=56).

for not reaching their personal target “if you miss a day you'll
get punished by losing a heart”.

Specific Behaviors

Furthermore, apps were coded as to whether they focus on what
the user has achieved or what they have not achieved. Just under
half of the apps were positively focused on achievements (n=49),
highlighting what the user had done, whereas around one quarter
were negatively focused on achievements (n=26), highlighting
what the user had not done. The remainder did not focus on
achievements (n=25) and included apps that did not involve
goal setting or targets and those with predetermined reminders
not linked to user behavior.

In total, 21 apps allowed the setting of underweight body goals
(corresponding to a BMI<18.5). Qualitative responses to other
questions highlighted how this could include setting extremely
low BMI targets in some apps: “I still can set a BMI goal<13”.
Around two-thirds of the apps that facilitated the recording of
dietary intake allowed the reporting of calorie consumption that
was 50% more or 50% less than the recommended daily amount
for the average individual (n=16). Some apps responded
differently to the entering of low-calorie consumption (n=8),
for example, highlighting that a goal had not been met or not
allowing the calories to be logged. Others had a minimum
calorie entry threshold and would not allow calories to be logged
under this target. Some apps treated the under logging of calories
the same as logging calorie content in line with their goals (n=8),
including those that praised under logging calories in the same
way that they praised calorie entry consistent with goals (eg,
“You made that look easy”—Lose it!). A small proportion of
apps also responded differently to logging calories that exceeded
the daily target (n=8). Example responses to exceeding calorie
goals included numeric feedback, reminders about goals, and
visual feedback such as turning the calorie counter red or sad
face emoji. Furthermore, some apps had a more questioning
approach, for example, asking if the calorie entry is correct.
A fifth of the apps responded to failure to meet exercise goals
(n=20). The nature of these responses varied and included
reminders, numerical feedback. Similar to when logging a high
calorie intake, some apps adopted a questioning approach
(“Wanna give up? Think about why you started?”). Two-thirds
of the apps offered praise and rewards for continuous use (n=60).
Qualitative responses as to the nature of this praise varied. Many
offered direct messages of praise such as congratulations
messages or fireworks. Elements of gamification were present
in some apps, with trophies, badges, and the unlocking of levels
being used to reward continuous use.

Feedback
Apps were coded according to whether positive or negative
feedback was used to motivate users’ engagement with the app.
The majority focused on positive feedback (n=72), whereas a
minority of apps were felt to focus on negative feedback (n=19).
The remainder of apps either provided neutral feedback (n=8)
or provided both positive and negative feedback to the extent
that the reviewers could not differentiate between which was
being used more in the app (n=1).
Examples of both positive and negative feedback were provided
in qualitative responses to other questions (eg, how the app
responds to specific user behaviors). Some apps sent positive
feedback to encourage users to keep up with their initial goal
“Hey [user name]! You’ll feel great after a workout. Strive for
progress, not perfection” or suggested that the user adjust their
personal goal so that it was more in line with their lifestyle “You
haven't been active lately, do you want to adjust your goal”. An
example of negative feedback included users being punished
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Data Sharing
Around one-third of apps facilitated the sharing of data with
other app users (n=32). The remaining apps either did not
facilitate this (n=66) or did not collect any user data (n=2). A
much higher proportion of apps facilitated the sharing of
app-related achievements through social media sites (n=59),
whereas the remainder did not (n=39) or did not collect any
data (n=2).
A small proportion of apps automatically ranked users among
others (n=6) but all of these apps allowed this feature to be
deactivated. This ranking approach was evident in the qualitative
responses about app feedback. For example, a push-up workout
app compared user reports about their workouts with other users
in similar categories (based on BMI, gender, and age): “you did
X push-ups, this is better than XX% of users today”.
In summary, we wanted to identify the logging functionalities
available in the top 100 healthy eating and fitness apps that have
the potential to elicit negative experiences and behaviors
captured in the first stage. We found that apps responded
differently to data-logging behaviors, for example, some
allowing users to under log their calorie consumption whereas
others using guilt-inducing techniques when calories exceed
the daily goal. Alarmingly, 21% of the apps we reviewed
allowed underweight goal setting (BMI<18.5). In addition, one
quarter of the apps focused on negative reinforcement for
maintaining health goals. A substantial number of apps facilitate
sharing data with other users (n=32) and across social media
(n=59).

Discussion
Principal Findings
The aim of this research was to understand the potential role of
healthy eating and fitness apps in the development of
maladaptive body-related attitudes and eating and exercise
behaviors in young people. Drawing on the findings from Phase
1 and Phase 2, we have identified 5 important ways in which
healthy eating and fitness apps may potentially exert negative
impacts on users. In this section, we reflect on these themes and
how future research may mitigate against these issues.

The Attraction of the Number Game
Calorie counting is a prominent feature of many currently
available healthy eating and fitness apps and a key reason why
many of the survey respondents, both male and female, reported
using healthy eating and fitness apps. However, participants in
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both the survey and workshops also described how obsessive
thoughts and behaviors around calorie counting and logging
could emerge. For example, not achieving a calorie count within
a certain boundary could cause feelings of failure and guilt,
often then leading to restrictive eating or excessive exercising
behaviors (eg, not allowing themselves to eat after 3 pm), simply
because the app indicated that they had already reached their
caloric intake for the day. This tendency to engage in purge
behaviors echoes findings from previous research examining
the consequences of healthy eating and fitness app use [32] and
food journaling [20,63].
In addition to calorie counting, there were other aspects of
self-tracking evident in the apps reviewed (eg, exercise tracking
and weight tracking). The primary objective of self-tracking is
around obtaining self-knowledge through numbers [64], and
these types of self-tracking practices are used successfully by
large numbers of people to achieve their goals. Indeed,
participants in both our study and previous research have
expressed experiencing acute benefits from short-term
self-tracking [28]. However, the act of self-tracking was often
seen as a numbers game for the young people in our study,
becoming a law for them to live their lives by. In the workshops,
participants describe how self-tracking led them to over focus
on the calories contained in food at the expense of nutrition (eg,
prioritizing ready meals as this was easier to log). Furthermore,
some survey respondents described cheating the app by not
accurately logging their food consumption. Although healthy
eating and fitness apps offer new ways of monitoring,
measuring, and representing the human body [64], they also
contribute to a new way of conceptualizing one’s health status
and introduce a new language around digitizing one’s health,
making it easier to trust the numbers over physical observations
[64]. This obsession with numbers can facilitate a shift toward
unhealthy behavior in contrary to the healthy eating and fitness
apps’ initial goal of promoting health.
Reflecting on these points, we need to think about better ways
to log food and exercise. For example, [65] have used picture
logging of food plate for older people to help with monitoring
of nutritional value of daily food intake in the care home
environment. In the context of self-tracking, [66] also have
investigated photo-based journals as a simplified self-tracking
method. This style of easy logging and calorie estimation might
be a more forgiving approach to take.
Furthermore, our experts highlighted a need for approaches that
promote listening to one’s own body, and its nutritional needs
and physical limitations, rather than becoming reliant on the
attainment of what are often arbitrary numerical goals. Such an
approach is consistent with newly emerged evidence-based
psychological approaches to improving exercise and eating
behavior that are focused on the development of embodied and
mindful approaches to eating and exercise [67]. Reframing the
way that young people think about eating and exercise, by
moving away from language embedded in self-quantification
and self-objectification, could be an important first step toward
understanding how we might achieve this within future
technologies that support healthy eating and fitness.
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Over Emphasis on Extrinsic Appearance (Including
Weight Loss) Goals
A high percentage of healthy eating and fitness apps (almost
two-thirds) currently available on the market focus on the
achievement of appearance-related goals rather than health
goals. This finding is consistent with research conducted around
other health and fitness media, such as magazines [68].
Focusing on appearance-related goals in eating and exercise
settings has been linked to negative body image and maladaptive
eating and exercise behavior [69]. In contrast, appreciating the
functionality of one’s body rather than its extrinsic appearance
can enhance well-being and reduce vulnerability to
environmental triggers of body dissatisfaction [70,71]. Similarly,
focusing on more intrinsic factors when eating and exercising
is more conducive to long-term physical and mental health
[72,73]. Future apps that focus more on the intrinsic value of
exercise and eating behaviors (eg, how food and exercise makes
us feel, how much enjoyment we get from the experience) rather
than extrinsic weight loss and appearance could be a powerful
tool to supporting healthier attitudes toward food and exercise.
Relatedly, and of particular concern, is the fact that around a
fifth of the apps we reviewed allowed underweight goal setting.
As this is a relatively underresearched area, it is unclear the
extent to which the ways that an app’s reaction to underlogging
of calories might affect individuals (eg, if a user is being notified
that they are not reaching their underweight goals or if they are
trusting that a healthy eating and fitness app would not allow
than to set an underweight goal in the first place). However, it
is possible that these types of responses might serve as
thinspiration (ie, digital content that is ostensibly designed to
inspire thinness and is commonly found in Web-based eating
disorder communities [74]), motivating weight loss among
individuals who already display problematic attitudes toward
eating and exercise. Future research should examine this further;
however, a simple safety measure could be implemented to
ensure that users are unable to set unrealistic underweight goals
(ie, those that would result in a BMI less than 18.5) in the first
place and that they are provided with relevant information about
the dangers of setting underweight goals if they attempt to do
so.

The Power of Notifications
The literature on behavior change, and the roles of notifications
in supporting change, is extensive [35,75,76]. Indeed, in our
study, we found that participants appreciated notifications,
particularly those containing positive content, and generally
considered them to be a motivational tool. However, our app
review also, concerningly, saw several examples of apps that
were seen to enact punishments on the users or act as a constant
reminder of the failure to achieve daily goals. In the context of
body-modification strategies for weight loss or
appearance-enhancement motives, guilt is generally regarded
as problematic [77].
In our study, young people openly discussed the negative
emotions they have experienced when interacting with healthy
eating and fitness apps. They expressed feelings of guilt,
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disappointment, and pressure. This echoes findings from [28,63],
where feelings of guilt were associated with not achieving goals.
Although the aim of notifications is to encourage engagement,
previous research suggests that these are not always effective
and can instead cause additional stress on young people [63].
Rather than focusing on temporal reminders to complete a daily
task, apps should encourage a process of self-reflection and
habit formation. For example, users could be encouraged to
think in advance about occasions that could interrupt the
attainment of daily goals, facilitating a personalized approach
for allowing users to plan strategies for how to cope when this
happens. Following a preplanned strategy would avoid extreme
measure behaviors (eg, not eating anything for the rest of the
day once calorie allowance has been reached), instead promoting
better coping mechanisms (eg, if a workout is missed in the
evening because a user is trying to meet a deadline, they can
plan to conduct the exercise the next day). Consequently,
engaging users in the creation of preplanned statements that
mitigate negative feelings such as guilt triggered by not meeting
goals might be a useful way of supporting users.

Social Impact
Healthy eating and fitness apps offer the opportunity to enhance
the social life of the user by giving access to group memberships
and opportunities to find like-minded people or friends on the
internet (sharing and comparing data through the app) and
offline (engaging in physical activities with groups of
preexisting friends or new ones through the app) [78]. Many
apps provide the opportunity for users to rank themselves among
other users, thus encouraging competition. For example, FitBit
has a community section where users can add each other as
friends and compete toward weekly step counts. Research
suggests that perceived social norms can be a powerful motivator
of behavior change in relation to eating and exercise, in that
individuals are more likely to engage in behavior if they perceive
others to be doing it [42]. However, comparing the self with
others can also be demotivating and detrimental to
self-perceptions, especially if users perceive themselves as
comparing unfavorably with others [33].
Our app review indicates that the majority of apps facilitated
social features, that is, data sharing with other app users (n=32)
or through social media (n=59). However, although healthy
eating and fitness apps are seen as socially mediated experiences
to connect people with common interests and goals for healthy
eating and physical activity [78], our qualitative data suggested
that individual app engagement can result in antisocial behavior
(eg, not attending social functions) that can lead into loneliness
and impact the psycho-social development of a young person,
for whom the development of social relationships is an important
and psychologically salient developmental task [79]. Reflecting
on these points, it is important that future healthy eating and
fitness apps not only facilitate creation of a digital connection
and communities but also provide tools to encourage social
connectivity. This might be through the provision of a space to
reflect on their social interactions or by providing them with
practical tips and strategies (eg, advance planning for social
occasions or integrating healthy eating and fitness activities in
people’s social lives).
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Consequences of Sustained Use
Most healthy eating and fitness apps are designed to reinforce
continuous use. Typically, this is achieved through gamification
features that render daily routines into games [80]. Gamification
is defined as the use of game design elements (eg, game-like
rewards, leaderboards [81], and storytelling [82]) in nongame
context (eg, healthy eating behavior) [83]. Gamification is
increasingly being used in healthy eating and fitness apps, yet
the effectiveness of this technique has only been assessed against
revenue generation and not long-term behavior change [84].
Although the aim of gamifications is to promote sustained use,
studies have shown that long-term engagement is not always
achievable, for example, only 11.6% of app users in Great
Britain are still engaging with an app a week after installing it
on their phones (findings from other countries are similar) [85].
Our survey findings indicate that most app users do not report
long-term engagement with apps, typically withdrawing from
apps because of finding them too demanding, lacking
motivation, boredom, annoyance of notifications, or feeling
negative emotions when failing to meet the set targets. This was
further supported in the workshops where participants described
how the reinforcement of continuous use can have unintended
negative consequences, such as experiencing guilt and
experiencing the desire to stop using the app entirely.
One possible option for the future app developer would be to
consider encouraging more long-term behavior change, rather
than focusing on engagement [86]. Furthermore, given that
obsessive engagement with apps may reflect problematic use,
apps could provide informative feedback based on usage patterns
(eg, frequency of app checking or time spent engaging with
app) that might be indicative of problem use. For example, to
overcome both the obsession and indeed lack of motivation and
boredom, the apps could encourage a period of detox when
unusual patterns of use are detected, as part of the gamification
model. In addition, providing a framework within the app that
encourages users to self-reflect on their use patterns and to
re-evaluate their goals regularly may help users who might be
struggling to re-gain a sense of much needed control.

Limitations
This research adopted a mixed-methods approach to develop a
holistic understanding of the potential negative impact of healthy
eating and fitness app use among young people. Though we
aimed to recruit both male and female participants to engage in
our qualitative research, we struggled to recruit individuals
identifying as male to engage in workshop activities. That said,
male perspectives are still represented in the survey data and in
fact made up the majority of respondents. One reason for this
could be that we recruited largely from computer science, which
is a predominantly male field; however, for future work, a
gender balance would be preferable. We also did recruit a male
eating disorder campaigner, activist, and writer with a personal
experience of eating disorder who advocates for greater
recognition of eating disorder service delivery and the male
experience to participate in the interviews. However, future
research should aim to more deeply explore the male experience
of healthy eating and fitness app use further. Similarly, it may
be important for future research in this field to consider how
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other individual difference variables, such as race, class, body
size, and disability, affect participants’ engagement with healthy
eating and fitness apps and their potential for misuse.

Conclusions
Through our study, we have offered a deepened understanding
of young people’s experiences of healthy eating and fitness apps
and the potential harm that their use might have. We have
offered a set of guidelines for future apps that can be responsibly
developed to prevent the formation of maladaptive eating and
exercise behaviors. Although we understand that an app
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developer would never set out to meaningfully bring about
negative emotional responses in their users, we must also be
mindful of the fact that these responses are happening. Through
this study, we hope to open a dialogue around how use of these
apps could have the potential to become the seed that develops
into a more serious issue. As the target user demographic for
these types of apps, young people are most vulnerable to the
development of poor body image and maladaptive eating and
exercise patterns. As such, we need to take care in the type of
language we are using and the type of sustained behaviors we
are promoting.
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Abstract
Background: The prevalence of childhood obesity is increasing in China, and the effect of mobile phone short message service
(SMS) interventions to prevent early childhood obesity needs to be evaluated.
Objective: The objective of this study was to assess the effect of an SMS intervention on the prevention of obesity in young
children.
Methods: A quasi-experimental design SMS intervention was carried out in 4 community health centers (CHCs) in Shanghai,
China. A total of 2 CHCs were assigned to the intervention group, and 2 CHCs were assigned to the control group. Mothers in
the intervention group received weekly SMS messages on breastfeeding and infant feeding from the third trimester to 12 months
postpartum. The primary outcomes were children’s body mass index (BMI), BMI z-score, and weight-for-length z-score at 12
and 24 months. Factors associated with higher BMI and weight-for-length z-score at 24 months were also assessed.
Results: A total of 582 expectant mothers were recruited at the beginning of the third gestational trimester. 477 (82.0%) and
467 (80.2%) mothers and their children were followed up to 12 and 24 months postpartum, respectively. There were no significant
differences in children’s BMI, BMI z-score, and weight-for-length z-score at 12 and 24 months between the 2 groups. Factors
associated with higher BMI, BMI z-score, and weight-for-length z-score at 24 months included higher birth weight, introduction
of solid foods before 4 months, and taking a bottle to bed at 12 months.
Conclusions: The SMS intervention did not show a significant effect on children’s BMI, BMI z-score, or weight-for-length
z-score at 12 and 24 months. Introduction of solid foods before 4 months and taking a bottle to bed at 12 months were significantly
http://mhealth.jmir.org/2019/6/e13828/
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and positively correlated with a higher BMI, BMI z-score, and weight-for-length z-score at 24 months. Further studies with more
rigorous design are needed to evaluate the effect of SMS interventions on preventing early childhood obesity.
(JMIR Mhealth Uhealth 2019;7(6):e13828) doi:10.2196/13828
KEYWORDS
short message service; child development; body mass index; BMI; childhood obesity

Introduction
Background
Childhood obesity is a major public health concern globally. In
China, the prevalence of obesity in children and adolescents
aged 0 to 18 years increased from 0.4% in 1985 to 7.5% in 2010,
a more than 18-fold increase in 25 years [1]. Early childhood,
particularly the prenatal period, is a critical period to prevent
obesity in later life [2,3]. There has been an increased interest
in research on early childhood obesity interventions in recent
years, including home- or caregiver-based interventions [4,5],
interactive training modules for parents, and environmental
change to promote healthy eating and active playing [6,7]. Such
interventions have reportedly led to improvements in infant
feeding practices (eg, increased duration of breastfeeding and
a decrease in soft drink consumption) and a reduction in TV
viewing while eating [8,9]. One study has also shown a
reduction in body mass index (BMI) at age 24 months [8].
Mobile health (mHealth) refers to delivering health care and
health promotion through mobile devices [10]. Mobile phone
short message service (SMS) can deliver health care
inexpensively through text messages wherever the person is
located [11]. SMS text messaging has attracted global attention
for its ability to enhance health care services [12,13]. Reported
SMS text messaging in maternal and child health care are
extensive, such as promoting prenatal care utilization, promoting
exclusive breastfeeding, and improving the training of maternal
and child health care providers [10,11,14]. The effects of these
interventions, however, are underevaluated.

Aims
We implemented an SMS intervention to first-time mothers in
Shanghai, China. The overall aims of the study were to promote
healthy infant feeding practices to new mothers and to examine
whether the intervention is effective in preventing early onset
of childhood obesity of their children. We have previously
reported significant improvements in median exclusive
breastfeeding (EBF) duration and rate of EBF at 6 months
among the mothers receiving the intervention [15]. In this paper,
we report the effect of this SMS intervention on the BMI, BMI
z-score, and weight-for-length z-score of the children at 12 and
24 months. We also present factors associated with higher BMI,
BMI z-score, and weight-for-length z-score at 24 months.

Methods
Study Design
This SMS text messaging intervention, using a
quasi-experimental design, was conducted in Shanghai, China.
A total of 4 community health centers (CHCs) were purposively
http://mhealth.jmir.org/2019/6/e13828/
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selected from 2 administrative districts; 2 CHCs were assigned
as the intervention group, and the other 2 were assigned to the
control group. The intervention group received a weekly mobile
phone SMS on appropriate infant feeding practices, plus routine
child health care provided by CHCs. Participating mothers in
the control group only received the routine child health care
services. The intervention was carried out between December
2010 and October 2012. The 24-month anthropometric data
collection was completed in October 2013. Written informed
consent was obtained from each participant. Ethics approval
was obtained from the Institutional Review Board of the School
of Public Health, Fudan University, Shanghai, China, and the
Human Research Ethics Committee of the University of Sydney,
Sydney, Australia [15].

Primary and Secondary Outcomes
The primary outcomes of this intervention were child’s BMI,
BMI z-score, and weight-for-length z-score at 12 and 24 months.
Length and weight data at 12 and 24 months were analyzed.
Secondary outcomes were the proportion of infants introduced
to solid foods before 4 months and taking a bottle to bed at 12
months; their associations with BMI at 24 months were also
investigated.

Participants and Recruitment
The inclusion criteria and recruitment processes have been
reported previously [15]. Essentially, eligible expectant mothers,
owning a mobile phone, from the 4 communities were recruited
to the study when they attended their first antenatal checkup in
the CHCs after giving informed consent. They were asked to
complete a baseline self-administered questionnaire, including
questions on their initial awareness of the World Health
Organization (WHO) breastfeeding guidelines [16]. CHC staff
reviewed the participants’ eligibility again at the beginning of
the third trimester before the commencement of the SMS
intervention.

Sample Size
To detect a difference in BMI of 0.4 units between the
intervention and control groups at 24 months at the significance
level of P<.05 with 80% power, a sample size of 446 (223 per
arm) was needed. The estimation was made on the assumption
of SDs of 1.4 and 1.6 for BMI at 24 months based on a published
survey. Given an estimated loss to follow-up rate of 20% at the
end of 24 months, 558 expectant mothers were required for the
study.

Short Message Service Intervention
One weekly text message was sent to the participants in the
intervention group from a computer-based platform from 28
weeks gestation to 12 months postpartum [15]. The total
duration of the intervention was thus 66 weeks. Each text
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e13828 | p.227
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message contained approximately 180 to 210 characters. The
messages were developed from the WHO breastfeeding
guidelines and infant and young child feeding recommendations,
in consultation with child health care experts and informed by
a formative study [17]. The messages covered different stages
of infant growth and development, providing anticipatory
knowledge and guidance for appropriate infant feeding practices
[15]. In addition, messages were sent periodically inquiring
about the breastfeeding status, the time to return to work, or the
timing of introducing semisolids or solids, so that appropriate
messages could be sent in response to each woman’s feeding
situation. The control group received routine maternal and child
health care in the CHCs. The control group received maternal
and child health care routinely provided by the CHCs, which
included anthropometric measurements of length and weight
periodically, responses to child feeding enquires, and assessment
of the child development.

Data Collection and Main Measurements
Child health care doctors from the 4 CHCs were trained for
standard measurement and data collection procedures at the
beginning of the study. The data on EBF, breastfeeding, and
timing of introducing solids were collected and recorded by
doctors via face-to-face interviews [15]. Child weight (to the
nearest 0.1 kg) and length (to the nearest 0.1 cm) at 12 and 24
months were measured by the doctors using established methods
and recorded using a standard protocol as part of a routine child
health checkup [18]. Information on breastfeeding, timing of
introducing semisolids and solids, and anthropometric
measurement were extracted from the children’s health records.
Children’s BMI at 12 and 24 months was calculated as weight
in kg/(length in m)2, and BMI z-score and weight-for-length
z-score were calculated using the lambda-mu-sigma method
based on the WHO Child Growth Standards [19]. At 12 months
postpartum, a face-to-face interview was held with mothers by
CHC staff in each CHC using a questionnaire adapted and
translated from the Healthy Beginnings Trial [20]. Information
on care givers’ feeding practices, such as drinking from a cup,
giving a bottle at bedtime, and using food for reward, was
collected [15].

Statistical Analysis
Data quality control was performed before data analysis. The
data were excluded if children’s weight gain or length was less
than 0.5 kg or 3 cm between birth weight and 12 months and
between 12 and 24 months without any clinical indications.
Statistical analyses were made using the SPSS for Windows,
version 17.0. Continuous variables were compared using
independent samples t test, proportions using the Pearson
chi-squared test, and trends in proportions using
Mantel-Haenszel chi-squared tests. Statistical significance level
was set at P<.05.
Awareness of WHO breastfeeding guidelines was assessed with
6 questions in the baseline questionnaire. Each correct answer
was scored 1 and an incorrect scored 0. The total scores ranged
from 0 to 6, categorized into high or low score groups according
to the median score.
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BMI, BMI z-score, length, weight, and weight-for-length z-score
at 12 and 24 months were analyzed as continuous variables.
The effect of intervention on BMI, BMI z-score and
weight-for-length z-scores was determined by analysis of
variance (ANOVA) after controlling for baby’s birth weight;
mothers’ age, education level, preconception maternal BMI;
household registration status, whether living in rental
accommodation; and baseline awareness of WHO breastfeeding
guidelines. The effect of the intervention on the child’s BMI
and BMI z-score was analyzed in the same way, with additional
adjustment for baby’s sex. As children might not be measured
exactly when turning 12 or 24 months, further adjustment was
made for the anthropometric data collection by exact child age
(months to 2 decimal point). Similarly, the analysis of length
and weight were further controlled for mother’s preconception
height and weight, respectively.
Multivariate linear regression was applied to analyze the factors
associated with BMI, BMI z-score, and weight-for-length
z-score at 24 months. Factors in the model included baby’s birth
weight; mothers’ age and education level, awareness of the
WHO breastfeeding guidelines at baseline, preconception BMI,
EBF status at 6 months, breastfeeding duration (weeks), and
introduction of solid foods before 4 months; care givers’ feeding
practices at 12 months, such as drinking from a cup, taking a
bottle to bed, and using food for reward; and whether the family
had Shanghai household registration and whether the family
was living in a rental accommodation.

Results
Recruitment and Follow-Up
Of the 641 expectant mothers recruited from the 4 CHCs during
their first visit, 582 were eligible at the beginning of the third
trimester, 281 in the intervention group and 301 in the control
group. There was no significant difference on main
characteristics between women recruited in the first trimester
and eligible in the third trimester. At 12 months, 82.0%
(478/582) of the children’s weight and length measurements
were obtained, and 75.7% (441/582) of the mothers completed
the questionnaire survey. At 24 months, 80.2% (467/582) of
the children’s anthropometric data were collected (Figure 1).

Participants’ Main Characteristics
Multimedia Appendix 1 shows the main characteristics of
participants at baseline and at 12 and 24 months. At baseline,
the mean age of the mothers was 28 years (range: 20-39 years).
75.6% (440/582) of the mothers did not hold Shanghai
household registration, and 86.4% (503/582) had tertiary
education. Nearly one-half of mothers (44.7%, 260/582) had a
low awareness of WHO breastfeeding guidelines. Mothers who
were lost to follow-up at 12 months were more likely to be
living in a rental accommodation (P<.001) and had a higher
awareness score of WHO breastfeeding guidelines (P=.02).
Similarly, mothers who were lost to follow-up at 24 months
were more likely to be living in a rental accommodation
(P<.001) and had a non-Shanghai household registration status
(P=.03). At 12 months, the average BMI of the children was
17.04 kg/m2 (SE 0.06) ranging from 13.65 to 21.04, and BMI
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z-score was 0.46 (SE 0.04), with the range of −1.96 to 2.85. At
24 months, the average BMI of the children was 15.92 kg/m2

Jiang et al
(SE 0.05) ranging from 12.62 to 20.22, and the mean BMI
z-score 0.05 (SE 0.04) ranging from −2.69 to 2.83.

Figure 1. Participant recruitment and retention. CHC: community health center; BMI: body mass index; HBV:hepatitis b virus.

Effect of the Intervention on Body Mass Index, Body
Mass Index Z-Score, and Weight-for-Length Z-Score
By ANOVA, there was no statistically significant difference
between the intervention and control groups in BMI (mean
17.04 kg/m2, SE 0.08 vs mean 17.04 kg/m2, SE 0.08), BMI
z-score (mean 0.47, SE 0.05 vs mean 0.46, SE 0.06), or
weight-for-length z-score (mean 0.44, SE 0.05 vs mean 0.44,
SE 0.05) at 12 months. Similar results were found at 24 months
for BMI (mean 15.93 kg/m2, SE 0.07 vs mean 15.90 kg/m2, SE
0.08), BMI z-score (mean 0.06, SE 0.06 vs mean 0.04, SE 0.06),
or weight-for-length z-score (mean 0.44, SE 0.05 vs mean 0.23,
SE 0.06), respectively (Multimedia Appendix 2). No difference
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was found in length and weight between children in intervention
and control groups at 12 months and 24 months.

Factors Associated With Body Mass Index and Body
Mass Index Z-Score at 24 Months
Table 1 shows the results of multiple linear regression analysis
of factors associated with BMI, BMI z-score, and
weight-for-length z-score at 24 months. The factors significantly
and positively correlated with BMI, BMI z-score, and
weight-for-length z-score at 24 months included higher
birthweight (all P<.001), introduction of solid foods before 4
months (P=.003, P=.004, and P=.003, respectively), and taking
a bottle to bed at 12 months (P=.048, P=.044, and P=.036,
respectively).
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Table 1. Factors associated with body mass index (BMI) and BMI z-score at 24 months (n=359).
Betaa (95% CI)

P valuea

Household registration

−.144 (−.416 to .129)

.30

Rental accommodation

−.162 (−.495 to .172)

.34

Awareness of WHOc breastfeeding guidelines at baseline

.008 (−.222 to .248)

.95

Maternal pre-pregnancy BMI

.020 (−.027 to .067)

.40

Maternal education

.013 (−.265 to .291)

.93

Birthweight

.612 (.343 to .881)

<.001

Baby’s sex

.113 (−.121 to .347)

.34

Exact child’s age at follow-up (month)

−.139 (−.378 to .099)

.25

Maternal age at recruitment

−.045 (−.252 to .163)

.67

EBF at 6 months

−.276 (−.641 to .090)

.14

Introduction of solid foods before 4 month

1.225 (.429 to 2.021)

.003

Food used as a reward at 12 month

.063 (−.180 to .307)

.61

Drinking from a cup at 12 month

−.101 (−.341 to .138)

.41

Taking a bottle to bed at 12 month

.239 (.002 to .477)

.048

BFe duration (month)

.001 (−.031 to .034)

.94

Household registration

−.110 (−.319 to .098)

.30

Rental accommodation

−.114 (−.370 to .142)

.38

Awareness of WHO breastfeeding guidelines at baseline

.010 (−.173 to .194)

.91

Maternal pre-pregnancy BMI

.010 (−.026 to .046)

.58

Maternal education

−.009 (−.221 to .203)

.93

Birthweight

.458 (.252 to .664)

<.001

Maternal age at recruitment

−.038 (−.197 to .121)

.64

EBF at 6 months

−.230 (−.510 to .050)

.11

Introduction of solid foods before 4 month

.888 (.278 to 1.498)

.004

Food used as a reward at 12 month

.033 (−.153 to .219)

.73

Drinking from a cup at 12 month

−.064 (−.247 to .120)

.495

Taking a bottle to bed at 12 month

.187 (.005 to .369)

.04

BF duration (month)

.003 (−.022 to .028)

.80

Household registration

−.113 (−.312 to .085)

.26

Rental accommodation

−.119 (−.363 to .124)

.34

Awareness of WHO breastfeeding guidelines at baseline

.012 (−.163 to .186)

.90

Maternal pre-pregnancy BMI

.010 (−.024 to .044)

.56

Maternal education

.004 (−.198 to .206)

.97

Birthweight

.518 (.322 to .714)

<.001

Maternal age at recruitment

−.029 (−.181 to .122)

.70

EBF at 6 months

−.241 (−.507 to .025)

.08

Introduction of solid foods before 4 month

.894 (.313 to 1.474)

.003

Food used as a reward at 12 month

.036 (−.141 to .213)

.69

Variables
BMIb at 24 months

d

BMI z-score at 24 months

Weight-for-length z-score at 24 months
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Betaa (95% CI)

P valuea

Drinking from a cup at 12 month

−.057 (−.231 to .117)

.52

Taking a bottle to bed at 12 month

.186 (.013 to .359)

.04

BF duration (month)

−.002 (−.026 to .022)

.86

Variables

a

Multiple linear regression: The number of participants with both infant feeding practice data at 12 months and BMI data at 24 months was 359 in total,
197 from the intervention group, and 162 from the control group.
b

BMI: body mass index.

c

WHO: World Health Organization.

d

EBF: exclusive breastfeeding.

e

BF: breastfeeding.

Discussion
Principal Findings
Our study found that the SMS intervention, delivered to mothers
on a weekly basis from the third trimester until 12 months
postpartum, had no significant effect on their children’s BMI,
BMI z-score, or weight-for-length z-score at 12 and 24 months.
Higher birth weight, introduction of solid foods before 4 months,
and taking a bottle to bed at 12 months were found significantly
and positively associated with higher BMI, BMI z-score, and
weight-for-length z-score at 24 months.

Strength and Limitations
The study was a quasi-experimental design, community-based
intervention, with a high follow-up rate at 12 and 24 months.
The SMS intervention was proven to be feasible and practical
in improving breastfeeding practices, including significantly
higher EBF rate at 6 months, longer median duration of EBF,
and lower rate of instruction of solid foods before 4 months
[15,17]. Although the intervention did not demonstrate
significant effect on children’s BMI or BMI z-score at 24
months, several infant feeding practices were identified as
potentially important influencing factors. There are several
limitations of the study. Participants were not randomized to
the intervention and control groups, and some characteristics,
for example, maternal age, education, and birth weight, were
significantly different between the 2 groups. Therefore, multiple
regression was used to control confounding factors. Moreover,
although SMS intervention is seen to be low cost, and potentially
suitable for low resource settings, the cost-effectiveness of SMS
intervention was not explored in our study. Information on other
possible risk factors of obesity at 24 months, such as physical
activity levels and TV viewing time, were not collected.

Interpretation of the Research Findings
Among the published early childhood obesity prevention studies,
the Healthy Beginnings Trial is the only study that showed a
significant reduction in BMI (0.38 kg/m2 mean decrease, P=.01)
in children of the intervention group at 24 months [8,21]. This
trial was a multicomponent intervention delivered through 8
home visits by trained community nurses [8]. The NOURISH
trial, comprising 2 interactive group education modules, each
delivering over 3 months to new mothers to promote healthy
eating patterns, demonstrated a small but not statistically
significant reduction in mean BMI z-score of 0.14 (P=.12) [22].
http://mhealth.jmir.org/2019/6/e13828/
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Compared with these 2 studies, our intervention, with 1 weekly
text message with no more than 210 characters, had much lower
intensity. This could be one explanation for not showing effect
on BMI z-score or the BMI. The results could also be due to a
type 2 error-inadequate statistical power to detect the difference
because there was a limited reference for postulating a
meaningful expected difference for estimating sample size.
Whether early introduction of solid foods affects BMI in later
childhood is still a contested topic. Some studies suggest that
early introduction of solids is associated with increased
childhood BMI [23], whereas others did not support such a
conclusion [24,25]. We found that the introduction of solid
foods before 4 months was positively associated with a higher
BMI, BMI z-score, and weight-for-length z-score at 24 months.
This finding is in keeping with previous reported studies [26,27].
No association between EBF or duration of breastfeeding with
BMI, BMI z-score, and weight-for-length z-score at 24 months
was found, which was consistent with 1 prospective study [28],
but different to other studies’ findings [26,29]. Further research
is needed to confirm breastfeeding promotion as a robust
childhood obesity prevention strategy [30].
Our study showed that giving an infant a bottle to take to bed
at 12 months, which is a less reported practice, was positively
associated with a higher BMI, BMI z-score, and
weight-for-length z-score at 24 months. However, we found no
significant association between drinking from a cup at 12 months
and anthropometric status at the age of 24 months. This is
consistent with a randomized controlled trial that also failed to
show an association between reduced bottle usage from 12
months and adiposity at 24 months [31]. However, links were
found between bottle use at 24 months and higher obesity
prevalence at the age of 5.5 years in an observational study [32].

Future Research
mHealth intervention as an effective strategy to promote
breastfeeding and infant feeding and childhood obesity
prevention still requires further research using stronger study
designs and larger sample sizes. Research on motivations and
barriers for mothers to adopt healthy child feeding behaviors is
needed to inform the development of effective interventions.
The cost-effectiveness of SMS interventions compared with
facility-based interventions also needs to be determined.
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Conclusions
Overweight and obesity in children are affected by many factors.
Although no significant effect of this SMS intervention on
children’s BMI, BMI z-score, or weight-for-length z-score at
12 and 24 months was found, we have identified several
influencing factors. The introduction of solid foods before 4
months, taking a bottle to bed at 12 months, and high birth

Jiang et al
weight were significantly and positively correlated with a higher
BMI, BMI z-score, and weight-for-length z-score at 24 months.
Furthermore, large-scale randomized controlled trials are needed
to evaluate the effectiveness and cost- effectiveness of SMS
text messaging interventions on the prevention of early
childhood obesity, including the usability, intensity, frequency,
and duration of the interventions.
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Abstract
Background: Homeless smokers want to quit smoking but face numerous barriers to doing so, including pervasive smoking
among peers and a lack of social support for quitting. An SMS (short message service) text messaging intervention could address
these challenges by providing virtual daily support for homeless smokers who are trying to quit but coping with multiple triggers
to smoke.
Objective: This study aimed to assess whether a free SMS text messaging program, added to evidence-based pharmacotherapy
and counseling, improved smoking abstinence among homeless adult smokers.
Methods: From October 2015 to June 2016, we conducted an 8-week pilot randomized controlled trial (RCT) of nicotine patch
therapy and weekly in-person counseling with (n=25) or without (n=25) SmokefreeTXT, a free SMS text messaging service
administered by the National Cancer Institute (NCI) at Boston Health Care for the Homeless Program. All participants were
provided with a mobile phone and a 2-month prepaid voice and text plan at no cost. SmokefreeTXT enrollees were sent 1 to 5
automated SMS text messages daily for up to 8 weeks and could receive on-demand tips for managing cravings, mood symptoms,
and smoking lapses. The primary outcome was smoking abstinence, defined as an exhaled carbon monoxide count of <8 parts
per million, assessed 14 times over 8 weeks of follow-up, and analyzed using repeated-measures logistic regression with generalized
estimating equations. Other outcomes were use of SmokefreeTXT, assessed by data obtained from NCI; perceptions of
SmokefreeTXT, assessed by surveys and qualitative interviews; and mobile phone retention, assessed by self-report.
Results: Of the SmokefreeTXT arm participants (n=25), 88% (22) enrolled in the program, but only 56% (14) had confirmed
enrollment for ≥2 weeks. Among 2-week enrollees, the median response rate to interactive messages from SmokefreeTXT was
2.1% (interquartile range 0-10.5%). Across all time points, smoking abstinence did not differ significantly between SmokefreeTXT
and control arm participants (odds ratio 0.92, 95% CI 0.30-2.84). Of SmokefreeTXT enrollees who completed exit surveys (n=15),
two-thirds were very or extremely satisfied with the program. However, qualitative interviews (n=14) revealed that many
participants preferred in-person intervention formats over phone-based, found the SMS text messages impersonal and robotic,
and felt that the messages were too frequent and repetitive. Only 40% (10/25) of SmokefreeTXT arm participants retained their
study-supplied mobile phone for the 8-week duration of the trial, with phone theft being common. Storing and charging phones
were cited as challenges.
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Conclusions: SmokefreeTXT, added to nicotine patch therapy and in-person counseling, did not significantly improve smoking
abstinence in this 8-week pilot RCT for homeless smokers. SMS text messaging interventions for this population should be better
tuned to the unique circumstances of homelessness and coupled with efforts to promote mobile phone retention over time.
Trial Registration: ClinicalTrials.gov NCT02565381; https://clinicaltrials.gov/ct2/show/NCT02565381 (Archived by WebCite
at http://www.webcitation.org/78PLpDptZ)
(JMIR Mhealth Uhealth 2019;7(6):e13162) doi:10.2196/13162
KEYWORDS
homeless persons; cigarette smoking; smoking cessation; text messaging

Introduction
Background
An estimated 2.3 to 3.5 million people experience homelessness
each year in the United States [1], with over 553,000 homeless
on any given night [2]. The prevalence of smoking among
homeless adults is about 4 times higher than in the general
population [3-8], contributing to over 2-fold higher rates of lung
cancer [9] and 3- to 5-fold higher rates of tobacco-attributable
death [10].
Studies have consistently demonstrated that homeless smokers
want to quit smoking [4,11-14], but prior randomized controlled
trials (RCTs) have not yet revealed the optimal approach to
promoting smoking cessation in this vulnerable population. The
largest such study to date examined the effect of motivational
interviewing to promote nicotine patch adherence, which was
not significantly better than control in producing smoking
abstinence at 6 months [15].
The pervasiveness and social acceptability of smoking in the
setting of homelessness [14,16] may contribute to low social
support for quitting and frequent cues to continue smoking. In
a survey of homeless smokers in Dallas, participants reported
contact with a mean of 43 other smokers each day [17].
Treatment strategies must contend with this and other
prosmoking influences that homeless smokers encounter daily
outside the domain of a traditional health care setting.
Smoking cessation interventions delivered via a mobile device
might enhance traditional interventions by providing virtual
daily support to homeless smokers who are trying to quit but
coping with multiple social and environmental triggers to
relapse. Mobile phone possession is common among homeless
people [18], and mobile technologies have been used to deliver
appointment reminders to homeless veterans [19] and to collect
ecological momentary assessment data from homeless smokers
making a quit attempt [20,21]. Although SMS (short message
service) text messaging interventions for smoking cessation
have demonstrated efficacy across a range of settings and
populations [22-33], no studies to our knowledge have examined
SMS text messaging interventions for homeless smokers.

Objective
To address these gaps in the literature, our objective was to
assess whether a free SMS text messaging program,
SmokefreeTXT, improved smoking abstinence among homeless
adult smokers when added to evidence-based pharmacotherapy
and in-person counseling. Developed by the National Cancer
https://mhealth.jmir.org/2019/6/e13162/
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Institute (NCI), SmokefreeTXT provides around-the-clock and
on-demand support for adults who want to quit smoking [34]
through SMS text messaging content that incorporates a variety
of behavior change techniques [35]. Although SmokefreeTXT
is not targeted specifically to homeless or low-income smokers,
its accessibility and potential for immediate dissemination, if
effective, made it appealing for testing in a highly impoverished
population.

Methods
Study Design
We conducted a 3-arm, parallel group, nonblinded, 8-week pilot
RCT that tested 2 separate smoking cessation interventions: (1)
SMS text messaging delivered via SmokefreeTXT to support
smoking abstinence and (2) financial incentives for smoking
abstinence against (3) a shared control condition consisting of
counseling and nicotine replacement therapy. We originally
planned a 2-arm trial examining financial incentives against
control treatment. However, additional funding enabled us to
add a third study arm examining SMS text messaging relative
to the same control condition. We prespecified a plan to analyze
the SMS text messaging and financial incentives interventions
separately because of the pilot nature of the trial and the
differing rationales for each approach. This paper compares the
effect of the SMS text messaging intervention with the control
condition. The financial incentives findings are published
elsewhere, as is a detailed description of the participants and
setting, enrollment and randomization procedures, and baseline
and follow-up assessments [36]. The following sections
summarize those elements while emphasizing the details of the
SMS text messaging intervention. The study protocol was
approved by the Partners Human Research Committee and
registered with ClinicalTrials.gov (NCT02565381) before
commencement. All study procedures occurred from October
2015 to June 2016 at Boston Health Care for the Homeless
Program (BHCHP) headquarters.

Enrollment and Randomization
Participants were recruited through in-person advertisement in
the BHCHP lobby, flyers posted in BHCHP clinics, and referrals
from BHCHP clinicians. Eligibility criteria were aged 18 years
or older, lifetime smoking of 100 or more cigarettes [37] with
current smoking of 5 or more cigarettes/day, verified by an
exhaled carbon monoxide (CO) level of ≥8 parts per million
(ppm) [38], readiness to quit smoking within the next month,
current homelessness, and self-reported English proficiency.
We defined current homelessness as usually staying in an
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e13162 | p.236
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emergency shelter, transitional shelter, abandoned building,
place of business, car or other vehicle, church or mission, hotel
or motel, or anywhere outside during the past 7 days, or if
currently in a residential treatment program, in the 7 days before
program entry. In addition, individuals were considered currently
homeless if they usually stayed in somebody else’s place in the
past 7 days because of not having their own place to stay. This
definition is generally concordant with the US federal definition
of homelessness [39] and identical to the definition that we and
others have used in prior studies [40-44].
Exclusion criteria were current pregnancy, past-month use of
any smoking cessation medication, prior serious adverse reaction
to the nicotine patch, myocardial infarction or undiagnosed
chest pain in the past 2 weeks, and inability to read a sentence
written at a Flesch-Kincaid 4th-grade level. Participants were
not excluded because of active substance use or mental illness.
We used a multistep enrollment process described elsewhere
[36] to ensure that participants sufficiently understood the study
and were committed to participating. All participants provided
written informed consent to participate. Enrolled participants
were randomized 1:1:1 to the SmokefreeTXT arm, financial
incentives arm, or control arm. The allocation sequence was
computer-generated in random permuted blocks and concealed
from study staff.

Baseline Measures
Participants completed a baseline assessment of self-reported
sociodemographic, health, and smoking characteristics at the
time of enrollment. Sociodemographic measures included age,
sex, and race and ethnicity. We asked participants to rate their
general health status. We used the Addiction Severity Index-5th
edition [45], which has been validated in homeless populations
[46-48], to assess past-month alcohol use, drug use, and
psychiatric symptom severity, with a problem in each of these
domains based on score cut-offs described elsewhere [49].
Smoking characteristics included current cigarette dependence
(assessed with the Fagerstrom test of nicotine dependence,
FTND; range 0-10) [50], confidence to quit and perceived
importance of quitting (each assessed using 10-point scales),
and previous smoking cessation attempts.

Mobile Device
Participants in all study arms received a mobile phone with a
QWERTY keyboard and a 2.4-inch display (AT&T ZTE Z432;
retail US $29.99 each). The phones were activated by study
staff at the time of randomization and loaded with a prepaid
2-month voice and text plan. We provided the same mobile
device and plan to all participants in all arms, regardless of
whether they already had a cell phone of their own, to deliver
brief reminder phone calls and/or SMS text messages about
upcoming study appointments, ensure uninterrupted mobile
phone service for everyone, and standardize the end-user
interface. Mobile devices and plans were provided at no cost to
participants. Participants were informed that they would be
given only 1 device to last the duration of the study. To
incentivize phone retention, participants were allowed to keep
their study phones if they still had them at the end of the trial
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but were told that they would need to cover the cost of any
additional usage beyond the 2-month study period.

Control Arm
Participants assigned to the control arm were offered 8 weeks
of nicotine patch therapy and weekly in-person counseling.

Nicotine Patch Therapy
Nicotine patches were distributed in 1-week allotments at no
cost to participants. Participants who smoked 10 or more
cigarettes per day were started on 21 mg/day patches and tapered
to 14 mg/day at week 6. Participants who smoked less than 10
cigarettes per day were given 14 mg/day patches throughout
the 8-week study.

In-Person Counseling
Participants were offered 8 weekly in-person counseling sessions
lasting up to 15 min each. The counseling curriculum was
developed by our study team in collaboration with a certified
Master Tobacco Treatment Specialist (TTS) and was structured
around the American Lung Association “Freedom from
Smoking” program theme of addressing the physical, mental,
and social aspects of tobacco addiction [51]. Counseling sessions
incorporated elements of motivational interviewing and
cognitive behavioral therapy and were tailored to the unique
needs and circumstances of people experiencing homelessness.
Before the trial, the study counselor completed a 9-module
Web-based training course on basic skills for working with
smokers, 6 hours of case-based didactics conducted by a
certified Master TTS, 6 hours of observing a certified TTS
provide counseling to smokers, and 3 hours of observing a
clinician interact with homeless patients.

SmokefreeTXT Arm
Participants assigned to the SmokefreeTXT arm received
nicotine patch therapy and in-person counseling in a fashion
identical to the control arm. In addition, participants in this arm
were offered assistance with enrolling in SmokefreeTXT. At
enrollment, SmokefreeTXT prompted participants to set a quit
date within the next 2 weeks, although the date could be adjusted
later if desired. The program then sent 1 to 5 automated SMS
text messages daily that provided encouragement, advice, and
tips for quitting smoking. Message frequency and content varied
according to where participants were in relation to their specified
quit date as well as whether and how long they abstained from
smoking following their quit date. SmokefreeTXT message
content was updated periodically by NCI and was not tailored
to homeless or low-income individuals. A behavior change
technique analysis of the SmokefreeTXT library conducted
contemporaneously with our study found that 14 of 16
behavioral technique groups outlined in the Behaviour Change
Technique Taxonomy version 1 were present in SmokefreeTXT,
with the most prevalent being feedback and monitoring, natural
consequences, social support, and shaping knowledge [35].
Most SmokefreeTXT messages were unidirectional, but
beginning on the quit date, a subset (approximately 23%) of
messages were interactive in nature and solicited brief
participant responses (eg, “Feelings can be a smoking trigger.
If you feel cranky or grouchy, it is only temporary, so stay
strong. How is your mood? Reply: GOOD, OK, or BAD”). In
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addition, participants could spontaneously text keywords
(“crave,” “mood,” or “slip”) at any time to signal the need for
automated supportive messaging around the management of
cravings to smoke, distressing mood symptoms, or lapses in
smoking abstinence. Participants could unsubscribe from
SmokefreeTXT at any time. If participants lost their study-issued
mobile phone but wished to continue using SmokefreeTXT and
had another mobile device of their own, we offered to assist
them in re-enrolling in SmokefreeTXT under their other phone
number.

Assessment Procedure
Following randomization, all participants were asked to make
14 assessment visits over 8 weeks: thrice weekly during weeks
1 and 2, twice weekly during weeks 3 and 4, and once weekly
during weeks 5 and 8. At each visit, study staff measured
participants’ exhaled CO levels using a Micro+ Smokerlyzer
CO monitor (Bedfont Scientific Ltd; Maidstone, Kent, United
Kingdom). The intensive nature of the follow-up assessment
scheme ensured equal attention to all study arms, as the financial
incentives intervention required frequent abstinence monitoring
for maximum effect [52]. Control and SmokefreeTXT arm
participants received US $10 payments onto study-supplied
debit cards for each assessment visit they attended, regardless
of whether they were abstinent. Participants in both arms
received brief SMS text message reminders from study staff
about their assessment visit appointments, and they also received
public transportation tickets to facilitate attendance.

Outcomes
Smoking Outcomes
The prespecified primary study outcome was a repeated measure
of brief smoking abstinence, defined as an exhaled CO <8 ppm
[38] and assessed 14 times over 8 weeks. We used exhaled CO
rather than nicotine metabolites to define smoking abstinence
because the latter can be affected by nicotine replacement
therapy [38], which was provided to all participants. We did
not incorporate self-report into the primary outcome definition
because
the
financial
incentives
arm
provided
abstinence-contingent financial rewards that created the potential
for differential misreporting of smoking status. In a sensitivity
analysis, we combined exhaled CO data with self-reported
past-week smoking behavior to create 2 alternative abstinence
outcomes, each assessed 8 times over 8 weeks: (1) Past 7-day
cigarette abstinence: CO <8 ppm and last smoked all or part of
a cigarette ≥7 days ago and (2) Past 7-day puff abstinence: CO
<8 ppm and last smoked even a puff of a cigarette ≥7 days ago.
Other smoking-related outcomes included past-month 24-hour
quit attempts, assessed at 4 and 8 weeks.
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First, we obtained data from NCI to confirm whether participants
enrolled in SmokefreeTXT, whether and when they unenrolled
from the program, and whether they responded to interactive
SMS text messages. Data on participants’ spontaneous use of
SmokefreeTXT keywords (“crave,” “mood,” or “slip”) were
not available.
Second, SmokefreeTXT arm participants who attended the final
study visit were asked to complete a survey containing
Likert-type items assessing their satisfaction with the SMS text
messaging program, the perceived importance of the program
in helping them to quit, the applicability of the messages to their
everyday lives, and the likelihood that they would recommend
the program to others.
Finally, 14 weeks after the study opened for enrollment, we
added an in-person qualitative exit interview to assist in
contextualizing and explaining the RCT results. Participants
who had already completed the study were retroactively
contacted about participating in the interview, whereas the
remainder were prospectively offered the opportunity to
complete the exit interview on or shortly after their final study
visit. Study staff followed a semistructured interview guide that
prompted all participants to reflect on their experience with
each of the intervention components as well as with the
mechanics of the study itself to inform future work.
SmokefreeTXT arm participants were additionally asked
open-ended questions about whether SmokefreeTXT was useful
in helping them to quit or cut back smoking, what they liked
most about the SMS text messages they received, the frequency
of the messages, and what they would change about the program.
Participants received US $10 for completing the exit interview.

Mobile Phone Retention and Perceptions
The potential benefits of an SMS text messaging program can
be realized only if participants retain a mobile device capable
of receiving SMS text messages for the intended duration of
the program and feel comfortable using that device to achieve
health-related goals. To assess mobile phone retention, we asked
participants at each assessment visit whether they still had their
study-issued mobile phone. At the final study visit, we asked
participants to rate their level of satisfaction with using a mobile
phone to participate in a research study. In addition, the
qualitative exit interviews described above asked participants
about their perceptions of the features and benefits of their
study-issued mobile phone, particularly in relation to their own
phone if they had one, to better understand end-user mobile
device preferences.

Analysis

Attendance

Smoking Outcomes

We assessed the number of study visits and the number of
in-person counseling sessions attended by participants in each
study arm.

We used repeated-measures logistic regression with generalized
estimating equations (GEEs) to estimate the overall effect of
SmokefreeTXT on the primary outcome of brief smoking
abstinence (exhaled CO <8 ppm) across 14 measurements and
on alternative definitions of smoking abstinence that combined
exhaled CO data with self-reported smoking behavior (past
7-day cigarette and puff abstinence) across 8 weekly
measurements. Our main analysis (1) included only treatment

SmokefreeTXT Engagement and Perceptions
We used a mixed methods approach to assess SmokefreeTXT
arm participants’ engagement with and perceptions of the texting
program.
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effect in the GEE model, (2) assumed that those with missing
abstinence data at any given time point were nonabstinent, and
(3) was based on the intention to treat principle. In sensitivity
analyses, we examined the impact of (1) multivariable
adjustment for age, sex, race, nicotine dependence score, and
baseline alcohol use, drug use, and psychiatric symptom severity
scores; (2) multiple imputation of missing abstinence outcomes
[53,54] based on nonmissing abstinence values in addition to
age, sex, race/ethnicity, nicotine dependence score, and baseline
alcohol use, drug use, and psychiatric symptom severity scores;
and (3) reassessing the effect of SmokefreeTXT among those
who enrolled in the program for at least 2 consecutive weeks
(the point at which a quit date had to be set and interactive
messaging began) to estimate the effect of treatment on the
treated. We used repeated-measures linear regression with GEE
to estimate the effect of SmokefreeTXT on past-month 24-hour
quit attempts across 2 measurements (4 and 8 weeks).

rates to interactive SMS text messages by dividing the number
of times a participant replied to an interactive message by the
total number of interactive messages sent by the program during
time periods of confirmed phone possession.

Power Analysis

Exit interviews were audio-recorded and transcribed verbatim
by a member of the study staff, and the portions related to
SmokefreeTXT and mobile phone usage were extracted for
content analysis [56]. Using an inductive approach [57], 2 study
staff members independently coded the transcripts. Coding was
performed at the sentence level, and multiple coding was
permitted. During iterative team meetings, major and minor
themes were identified, refined, and organized into a hierarchical
thematic framework that guided subsequent iterations of coding
until all text had been categorized with an overall inter-rater
reliability of kappa=.80. The overall kappa was calculated as
the average kappa for all themes, with sources and themes
weighted equally.

Before the start of the study, we used simulated data to estimate
statistical power based on assumptions derived from the largest
smoking cessation RCT for homeless individuals [15] and the
most recent Cochrane systematic review of mobile phone–based
interventions for smoking cessation [55]. The power analysis
was based on the primary outcome of brief smoking abstinence
measured 14 times over 8 weeks. The sample size (N=25 per
arm) was dictated by the financial resources available for this
pilot study. We assumed a similar pattern of missing data across
both study arms, with 90% attendance at the first assessment,
decreasing to 50% at the study midpoint, and staying flat
thereafter until increasing to 80% at the last assessment. For
the control arm, we assumed that CO-defined abstinence would
be 10% at the first assessment and 8% thereafter. For the
SmokefreeTXT arm, we assumed 25% abstinence at the first
assessment, decreasing to 15 to 16% abstinence over subsequent
visits. On the basis of these assumptions, we had 82% power
to detect the specified differences in brief smoking abstinence.

We used descriptive statistics to present the percentages of
SmokefreeTXT arm participants who were “very” or
“extremely” satisfied with the program, who rated the program
as “very” or “extremely” important for quitting, who were
“very” or “extremely” likely to recommend the program to
others, and who “agreed” or “strongly agreed” that the messages
were applicable to their lives. We also descriptively examined
mobile phone retention duration as well as the proportion of
SmokefreeTXT arm participants who were “very” or
“extremely” satisfied with using a mobile phone for a research
study.

Qualitative Analyses

We used SAS 9.4 (SAS Institute) to conduct quantitative
analyses and NVivo 10 (QSR International) to conduct
qualitative analyses. Inferential analyses of smoking outcomes
used a 2-sided significance level of 0.05.

Results

Other Quantitative Analyses

Screening, Enrollment, and Randomization

We compared study visit attendance and counseling session
attendance between the 2 arms using Wilcoxon tests.

A total of 83 (67%) of 123 eligible individuals enrolled in the
study and completed the baseline assessment (Figure 1). A total
of 8 enrollees (10%) did not return for randomization; these
participants reported higher baseline confidence to quit (P=.01)
than the 75 participants who returned for randomization, but
they did not differ significantly in other ways. The remainder
of the results focus on the 50 participants randomized to the
control arm (n=25) or SmokefreeTXT arm (n=25).

We combined enrollment and unenrollment data from
SmokefreeTXT with participant-confirmed mobile phone
possession dates to estimate participants’ actual exposure time
to the program (ie, dates of SmokefreeTXT exposure during
which cell phone possession could be confirmed). Among those
with confirmed enrollment in SmokefreeTXT for at least 2
consecutive weeks, we calculated individual-level response
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Figure 1. Consolidated Standards of Reporting Trials flow diagram. Sum of exclusion reasons totals greater than 117 because individuals could be
ineligible for more than one reason. Smoking inclusion criteria were: (1) lifetime smoking of ≥100 cigarettes, (2) current daily smoking of ≥5 cigarettes
per day, and (3) exhaled carbon monoxide level of ≥8 parts per million on 2 separate occasions.
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Table 1. Characteristics of study participants (n=50).
Characteristics

All

Control (n=25)

SmokefreeTXT (n=25)

Age, years, mean (SD)

45.6 (9.3)

45.1 (9.6)

46.1 (9.2)

Female, n (%)

29 (58)

14 (56)

15 (60)

White, non-Hispanic

20 (40)

10 (40)

10 (40)

Black, non-Hispanic

19 (38)

9 (36)

10 (40)

Hispanic

7 (14)

5 (20)

2 (8)

Other

4 (8)

1 (4)

3 (12)

Fair or poor health, n (%)

24 (48)

13 (52)

11 (44)

Alcohol problem, n (%)

10 (20)

3 (12)

7 (28)

Drug problem, n (%)

29 (59)

14 (58)

15 (60)

Psychiatric problem, n (%)

30 (60)

15 (60)

15 (60)

Cigarettes per day, mean (SD)

15.8 (6.4)

16.2 (6.3)

15.4 (6.7)

Nicotine dependence (0-10), mean (SD)

5.0 (1.9)

5.1 (1.8)

4.9 (2.0)

Past quit attempts, median (IQRa)

3 (1-5)

2 (1-4)

3 (2-6)

Quitting importance (1-10), mean (SD)

8.9 (1.5)

8.8 (1.5)

8.9 (1.6)

Quitting confidence (1-10), mean (SD)

6.4 (2.3)

6.8 (2.2)

5.9 (2.4)

Sociodemographic

Race/ethnicity, n (%)

Health

Smoking

a

IQR: interquartile range.

Baseline Characteristics
The mean age was 45.6 years, 58% of participants (n=29) were
female, and 60% (n=30) were non-white (Table 1). Almost half
(48%) rated their health as fair or poor. Considerable proportions
had a current alcohol use problem (20%), current drug use
problem (59%), or current psychiatric problem (60%).
Participants smoked an average of 15.8 cigarettes per day and
had a mean FTND score of 5.0.

Attendance
Participants attended a median of 10 (interquartile range, IQR
7-12) of 14 possible assessment visits, with no significant
difference between arms (P=.72). A total of 96% of participants
attended at least one assessment visit, and 76% attended at least
half of the assessment visits. Participants attended a median of
1 (IQR 0-3) of 8 possible in-person counseling sessions, with
no significant difference between arms (P=.77).

SmokefreeTXT Uptake and Engagement
A total of 22 (88%) of the 25 SmokefreeTXT arm participants
enrolled in SmokefreeTXT; the remaining 3 declined to enroll
but still participated in the study. Median confirmed exposure
to SmokefreeTXT was estimated at 25 days (IQR 5-50 days),
with 56% (n=14) being enrolled for at least 2 consecutive weeks.
Among those 14 participants, the median response rate to
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interactive messages from SmokefreeTXT was 2.1% (IQR
0-10.5%).

Smoking Outcomes
Across the 14 follow-up visits, brief smoking abstinence
(exhaled CO <8 ppm) did not differ significantly between the
SmokefreeTXT and control arms (ranges 4-20% vs 0-20%;
overall odds ratio [OR] 0.92, 95% CI 0.30-2.84; Figure 2). The
treatment effect estimate was not substantively altered by either
multivariable adjustment (OR 0.96, 95% CI 0.32-2.95) or
multiple imputation of missing smoking status data (OR 1.06,
95% CI 0.72-1.58). Brief smoking abstinence among the 14
participants who were enrolled in SmokefreeTXT for at least 2
consecutive weeks did not differ significantly from control arm
abstinence (OR 1.06, 95% CI 0.48-2.37).
When combining exhaled CO data with self-reported past-week
smoking behavior over 8 weekly measurements (Table 2), there
were no statistically significant differences between the
SmokefreeTXT and control arms in either 7-day cigarette
abstinence (range 0-12% vs 0-12%; OR 0.65, 95% CI 0.12-3.45)
or 7-day puff abstinence (range 0-4% vs 0-4%; OR 2.01, 95%
CI 0.19-21.1).
Across 2 monthly measurements, SmokfreeTXT and control
arm participants did not differ significantly in past-month
24-hour quit attempts (mean difference –0.06, 95% CI –0.96 to
0.83).
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Figure 2. Brief carbon monoxide–defined smoking abstinence by study arm. CO: carbon monoxide; OR: odds ratio; ppm: parts per million.

Table 2. Seven-day smoking abstinence by study arm. Individuals with missing carbon monoxide or self-reported smoking data are assumed not to
meet the criteria for abstinence. Repeated-measures logistic regression with generalized estimating equations demonstrated no statistically significant
overall differences between the SmokefreeTXT and control arms for either abstinence measure (see text).
Exhaled COa <8 ppmband last cigarette ≥7 days ago

Exhaled CO <8 ppm and last puff ≥7 days ago

Control, n (%)

SmokefreeTXT, n (%)

Control, n (%)

SmokefreeTXT, n (%)

1

1 (4)

1 (4)

0 (0)

1 (4)

2

3 (12)

2 (8)

1 (4)

0 (0)

3

0 (0)

0 (0)

0 (0)

0 (0)

4

2 (8)

1 (4)

0 (0)

0 (0)

5

2 (8)

3 (12)

0 (0)

1 (4)

6

2 (8)

1 (4)

0 (0)

0 (0)

7

1 (4)

0 (0)

0 (0)

0 (0)

8

1 (4)

0 (0)

0 (0)

0 (0)

Study week

a

CO: carbon monoxide.

b

ppm: parts per million.

SmokefreeTXT Perceptions
Of SmokefreeTXT enrollees who attended the final study visit
(n=15), 67% were very/extremely satisfied with the program
(0% not at all satisfied), 53% rated the program as
very/extremely important in helping them to quit (0% not at all
important), 93% were very/extremely likely to recommend the
program to others (0% not at all likely), and 60% agreed or
strongly agreed that the messages were applicable to their lives
(0% strongly disagree).
Qualitative interviews (n=14) revealed more nuanced feedback
on SmokefreeTXT. Major themes and representative quotes are
displayed in Table 3. With respect to the program format, almost
all interviewees expressed a preference for in-person rather than
phone-based support (“I’d rather come in and talk.”). Indeed,
1 participant cited this as the reason they did not want to sign
up for SmokefreeTXT (“Well I just wanted to do it in person
https://mhealth.jmir.org/2019/6/e13162/
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instead of on the phone.”). Some felt that the SMS text messages
were too impersonal (“Like a robot, everyone gets the same
text.”). Views on the interactive aspects were mixed; some
admitted to making little use of this feature, whereas others
liked it and wanted more. The timing of messages was viewed
as important, but many felt that there were too many SMS text
messages overall (“They always came poppin’ in all the time.”).
With respect to message content, some users found the SMS
text messages informative and useful, although many reported
that the content was too repetitive (“Different wordings, same
thing.”). Occasional interviewees commented on memorable
SMS text messages containing recommendations that were at
odds with their living circumstances (“There’s one that said
‘Take a bath’...and I’m like ‘Really?... This is a homeless study
folks.’”). Participants generally found the message tone to be
encouraging, although 1 participant described having a strongly
negative reaction to some messages (“I got mad at them texts.”).
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Table 3. Qualitative findings related to SmokefreeTXT.
Thematic domains

Findings and sample quotes

Program format
Comparison with in-person format

Universal preference for in-person over phone-based counseling: “I’d rather come in and talk. … I like
to do things in person.” “I’d rather just be, up in person. …So that way you can see my expressions, x,
y, z.” “I’d love it in person so we can see eye to eye.”

Automation

Format felt robotic and impersonal to some: “They’re kind of, like, impersonal, you know? Like a robot,
everyone gets the same text.”

Interactiveness

Some made little use of available interactive features: “Um, I never, I don’t think I’ve ever texted them
back.” “I responded a couple of times. A lot of times I started to um, kind of honestly disregard it.”
Others liked interactive features but wanted more: “The interactive stuff is good. …If they had more of
that I think people would get involved more.”

Frequency of messages

Many felt there were too many: “…they always came poppin’ in all the time. Like ‘ring ring ring.’” “No
more than once a day. That’s just crazy. What you got to talk about?”
Some found the frequency appropriate or wanted more: “I think I needed more.”

Timing of messages

Viewed as important; desire for customizing timing: “Earlier in the day, morning, I would change them
to the morning instead of evening/afternoon.”

Program content
Usefulness for quitting

Many found them useful: “They kept me going… when I was getting ready to smoke it ‘binged’ then
and saying, ‘don’t pick up’ and I would put the cigarette down.”
Some found them unhelpful: “It was kind of like ‘ok, thank you.’ I’m moving on with my day.” “I mean
I read them, but they didn’t really change my… they didn’t really change anything for me.”

Informativeness

Some learned new information: “I loved it… lot of information of things that I wasn’t aware of, related
to smoking.”
Others reported the information or tips were not new: “Some of them were stuff I already knew.” “It’s
like, some of them, I already do that.”

Applicability

Generally deemed applicable, but non-applicable texts were memorable: “Um, do some laundry type of
questions... I was like ‘yeah ok.’” “Like there’s one that said ‘take a bath’ … And I’m like ‘Really? This
is a homeless study folks.’”

Repetitiveness

Many found content repetitive: “A few of them started getting repetitive. I’d think ‘oh dammit I saw
that one two days ago.’” “Majority of what they said – different wordings, same thing.”

Tone

Generally found messages encouraging: “I like the message that they’re trying to send and trying to
convey.”
One found texts critical at times: “I got mad at them texts. …I feel like they were being hard on me in
some of the texts. …It was – this one sticks with me – ‘nobody told you it was going to be easy.’ …Sticks
with me.”

Of note, SmokefreeTXT arm participants who completed exit
interviews (n=14) were less nicotine dependent at baseline
(mean FTND score 4.2 vs 5.8; P=.04), had better study
attendance (median visits 11.5 vs 9.0; P=.04), and were more
likely to attain the primary outcome of brief CO-defined
smoking abstinence (OR 4.41, 95% CI 1.20-16.2) than
SmokefreeTXT arm participants who did not complete exit
interviews (n=11).

Mobile Phone Retention and Perceptions
Over three-quarters (77%) of SmokefreeTXT arm participants
who attended the final study visit reported being very/extremely
satisfied with using a mobile phone to participate in a study.
However, median study phone retention was 41 days (IQR
12-57), and only 40% of SmokefreeTXT arm participants
retained their phone for the entire 8-week study. Theft was the
most commonly reported reason for phone loss. This was
reiterated in qualitative interviews, where participants also cited
https://mhealth.jmir.org/2019/6/e13162/
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logistical challenges with charging and storing their phones
(“Honest to goodness that phone was mostly in my bag...in that
bag in my locker at the shelter.”). A total of 76% of
SmokefreeTXT arm participants already had another mobile
phone before the study, and some of these individuals reported
that they preferred their own phone to the study phone (“Most
of the time I use my regular cell phone...It’s just what I use and
check more often.”). Others preferred the study phone, especially
if they did not have their own phone or if their own phone had
limited features. Keyboard layout and screen size were cited as
important factors in phone usability (“Maybe bigger for the
punches...‘cause sometimes when you press one button it presses
another one.”).

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e13162 | p.243
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Discussion
Principal Findings and Implications
This is one of very few controlled studies to assess the effect
of SmokefreeTXT on smoking outcomes, the first to assess
biochemically verified smoking abstinence in SmokefreeTXT
users, and the first study of an SMS text messaging intervention
for homeless smokers. We found that enrollment in
SmokefreeTXT was high, but sustained use of the program was
modest, interaction with the program was minimal, and
perceptions of the program were mixed. When added to nicotine
replacement therapy and in-person counseling, SmokefreeTXT
had no significant effect on any measure of smoking abstinence
or self-reported quit attempts.
Our findings add to the mixed results seen in prior trials
conducted in health care settings of SMS text messaging
interventions for smoking cessation [32,58-61]. Our results also
extend those of prior observational studies of SmokefreeTXT
[62,63] and a related NCI SMS text messaging program
designed specifically for veterans [64] demonstrating the
challenges of sustaining end-user engagement in this program.
End of treatment CO-defined brief smoking abstinence rates in
our study were comparable with self-reported abstinence rates
in these large-scale, noncontrolled, observational studies [62-64]
but were notably lower than self-reported abstinence rates in
an emergency department-based pilot study of a multicomponent
smoking cessation program that included SmokefreeTXT [65].
Although quantitative scales suggested that the majority of
participants were satisfied with SmokefreeTXT, qualitative exit
interviews revealed more nuanced perceptions and provided
insights about potential reasons for the absence of a treatment
effect. Most participants expressed a strong preference for
in-person treatment modalities and did not care for the
automated and impersonal aspects of an SMS text messaging
program, underscoring the importance of personal relationships
when working with a highly marginalized population. Although
most participants considered the messages to be a good source
of support for quitting, several found them to be too frequent
and too repetitive. In addition, selected messages struck some
participants as being memorably incompatible with their daily
lives. As SmokefreeTXT arm participants who completed
qualitative interviews were more likely to achieve brief smoking
abstinence than those who were not interviewed, these mixed
views may represent a best-case scenario of end-user experience
with the program. Altogether, these findings suggest that SMS
text messaging interventions for homeless individuals might be
more successful if the delivery format were more customizable
and the content better targeted to the unique circumstances of
homelessness. Such changes might enhance SMS text messaging
program engagement, which appears to be an important
determinant of treatment response in other settings [22,62-64].
The itinerancy of homelessness and the high prevalence of
mobile phone possession among homeless people has suggested
a potentially important role for mobile health interventions
targeting this vulnerable population [66]. However, our study
underscores the difficulty that homeless individuals may have
in retaining a single mobile device over a period of time
https://mhealth.jmir.org/2019/6/e13162/
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sufficient to receive an intervention through it. Half of all 75
trial participants and only 40% of SmokefreeTXT arm
participants still had their study-issued phone after 8 weeks.
Qualitative interviews highlighted several challenges to
successfully using these phones because of loss, theft, and
problems with storage and recharging. As a result, efforts to
develop mobile health interventions for homeless people will
need to be coupled with innovations to help promote mobile
device retention and use.
The negligible effect of both study conditions on complete 7-day
smoking abstinence at any time point is disappointing and
highlights the challenges to achieving long-term smoking
cessation in this vulnerable group of smokers. This finding
underscores that the optimal approach to promoting smoking
cessation in this population remains uncertain but may ultimately
require a combination of traditional and nontraditional
intervention modalities targeting multiple levels of influence
[16].

Limitations
An important limitation of our study is that SmokefreeTXT was
added to a relatively robust evidence-based tobacco treatment
regimen of nicotine patch therapy and in-person counseling as
well as frequent in-person abstinence monitoring. The
high-contact nature of the study could have overwhelmed a
small but meaningful treatment effect for SmokefreeTXT, which
might be more optimally suited for smokers not already engaged
(or able to be engaged) in more intensive treatment modalities.
Another limitation is that participants in the control arm could
have gained access to SmokefreeTXT without our assistance
as it is free and publicly accessible, introducing the possibility
of contamination. However, control arm participants were not
told about this program, and surveys of control arm participants
at 4 and 8 weeks found that none reported using an SMS text
messaging program to support smoking cessation in the prior
month. Other limitations of the trial include the small sample
size and short duration of the study. Although our
repeated-measures approach to outcome measurement offered
adequate power to detect what we deemed to be a clinically
important effect on CO-defined abstinence, we may have been
underpowered to detect smaller treatment effects. Our qualitative
interviews were wide-ranging in scope and not focused
exclusively on SmokefreeTXT, and sampling was dictated by
the number of trial participants in each arm who were willing
to be interviewed rather than by attainment of thematic
saturation. However, each of the identified themes emerged
from more than 1 source, and later interviews generally did not
uncover new thematic areas. Finally, our study was conducted
at a large homeless health care program in Boston, so the
findings may not be generalizable to other settings.

Conclusions
SmokefreeTXT, added to nicotine patch therapy and in-person
counseling, did not improve smoking abstinence in this 8-week
pilot RCT for homeless smokers. Although program uptake was
high, interaction with the program was minimal, and mobile
device loss was common. Our qualitative findings suggest that
future SMS text messaging interventions for this population
should be better tuned to the unique circumstances of
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Abstract
Background: Mindfulness training shows promise for improving smoking cessation and lapse recovery, and between-session
mobile health messages could enhance treatment engagement and effectiveness. Personalized, in-the-moment text messaging
support could be particularly useful for low-income smokers with fewer smoking cessation resources.
Objective: This pilot study examined the feasibility of a text messaging program (iQuit Mindfully) as an adjunct to in-person
Mindfulness-Based Addiction Treatment (MBAT) for smoking cessation.
Methods: A total of 71 participants were randomly assigned to MBAT (n=33) or iQuit Mindfully (n=38; MBAT + between-session
text messages); of these, 70% (50/71) were African American, and 61% (43/71) had an annual household income of US $30,000
or less. All participants received 8 weekly therapist-led group counseling sessions, nicotine patches, and self-help materials.
Outcomes were feasibility (attrition, engagement, and participants’ ratings), participants’ feedback regarding the text messaging
intervention, and smoking cessation (assessed in person).
Results: Strong retention was achieved (76% [54/71] at the end of treatment, and 89% [63/71] at 1-month follow-up). In the
iQuit Mindfully group, engagement was high (88% [29/33] indicated reading all or most texts, and 89% [34/38] engaged in
interactive texting), and participants provided positive ratings (on a 1-10 scale, average rating for recommending the program to
others was 8.4 [SD 2.5]). Participants indicated benefiting from the texts (eg, appreciating encouraging reminders, coping strategies,
and social support) and suggested improvements (eg, more personalization). Overall, biochemically confirmed smoking cessation
rates were 22% (12/55) at the end of treatment and 19% (12/62) at 1-month follow-up, with no differences between conditions.
Living below the poverty level predicted worse cessation outcomes at 1-month follow-up among participants receiving in-person
only treatment (P=.03) but not among those receiving iQuit Mindfully.
Conclusions: Text messaging appears to be a feasible and acceptable modality for supporting mindfulness-based smoking
cessation treatment. The availability of 24/7 text messaging might be particularly helpful for low-income smokers who have
access to fewer cessation resources and experience significant day-to-day barriers to quitting.
Trial Registration: ClinicalTrials.gov NCT03029819; https://clinicaltrials.gov/ct2/show/NCT03029819
(JMIR Mhealth Uhealth 2019;7(6):e13059) doi:10.2196/13059
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Introduction
Background
Smoking is the leading cause of premature death in the United
States [1]. Only 7% of smokers quit each year despite most
indicating an interest in quitting [2], and profound
tobacco-related health disparities exist [3]. Smoking prevalence
remains disproportionately high among adults with low
socioeconomic status (SES) despite substantial decline in the
smoking rate in the general US population [3-5]. One-fourth
(25.3%) of adults living below the federal poverty line smoke,
compared with only 14.3% of those at or above the poverty
level [5]. Low-SES smokers and members of certain racial and
ethnic minority groups, including African Americans, often
have greater difficulty quitting and have higher incidence and
mortality rates for tobacco-related cancers [2,3,6,7]. Smokers
with poorer financial, structural, and social resources face
formidable day-to-day barriers, including societal (eg, low health
care access), community (eg, tobacco advertising and
neighborhood stress), interpersonal (eg, social norms for
smoking and low social support), and intrapersonal factors (eg,
high stress and low self-efficacy) [3,6,8], which promote
addiction and impede efforts to quit. Improving on
evidence-based smoking cessation interventions for low-SES
and racial and ethnic minority populations will be critical for
targeting tobacco-related health disparities.

Mindfulness-Based Programs for Smoking Cessation
Training in mindfulness (ie, purposeful, nonjudgmental,
present-focused attention [9,10]) shows promise for increasing
rates of smoking cessation and lapse recovery [11,12].
Mindfulness refers to one’s relationship with his or her thoughts
and emotions (ie, observing these experiences nonjudgmentally,
without reacting or trying to change them) rather than to their
content. A meta-analysis of randomized controlled trials (RCTs)
found that participants receiving mindfulness interventions were
almost twice as likely to achieve smoking abstinence for more
than 4 months compared with those receiving usual care (25.2%
vs 13.6%) [13]. There is a dearth of research on mindfulness in
low-SES and racial and ethnic minority groups, but mindfulness
does show promise for smoking cessation in these populations
[14,15]. Programs that teach nonjudgmental, self-compassionate
awareness could be particularly useful for racial and ethnic
minority populations [16] and have been perceived as
empowering among low-SES and racial minority adults [17].
However, additional between-session support may be needed
for low-SES and racial and ethnic minority smokers, who
experience significant day-to-day barriers to quitting and have
lower access to smoking cessation resources.

Mobile Health and Smoking Cessation
Mobile health (mHealth) interventions have promise for
encouraging skills on a real-time, real-life basis, thus increasing
skill level, self-efficacy, and the likelihood that the skill will
become a part of daily routines [18]. mHealth messages could
encourage participants to use mindfulness and other smoking
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cessation strategies in moments of high stress or craving. This
type of in-the-moment support could be especially beneficial
for populations (eg, low-SES smokers) with fewer cessation
resources. Recent research supports the promise of technology
(eg, Web-based training and mobile apps) for teaching
mindfulness [19,20], including for smoking cessation [21-23].
Although mindfulness apps have been proliferating, most
mHealth mindfulness programs have not been rigorously tested
[24].
There is strong empirical support for text messaging programs
for smoking cessation [25-30], although none to our knowledge
has focused on mindfulness. In a systematic review, mobile
phone interventions (most using text messaging) increased
smoking abstinence at 6 months (risk ratio [RR]=1.67), with
even more positive findings for biochemically verified
abstinence (RR=1.83) [26]. Text messaging does not require a
smartphone, internet access, or high technical literacy, thus
meeting the needs of many adults with lower SES. For example,
the vast majority (91%) of college graduates own a smartphone
compared with only 57% of adults with less than high school
education [31]. However, 90% of Americans with less than high
school education own a mobile phone [31]. Furthermore,
low-SES and certain racial and ethnic minority adults use text
messaging particularly often. In a Pew Research Center study,
mean number of texts sent/received per day for Caucasians,
African Americans, and Latinos were 31.2 (median 10), 70.1
(median 20), and 48.9 (median 20), respectively. Whereas mean
texts per day among adults with college education or greater
was 23.8 (median 10), those with less than high school education
sent/received 69.4 texts per day (median 20) [32]. Text
messaging can provide strategies and encouragement in the
context of everyday life and in real time (eg, in moments of
high stress or craving), and the content of messages can be
personalized. As an adjunct to in-person mindfulness treatment,
between-session text messaging could increase treatment
engagement and provide vital 24/7 support for smokers from
disadvantaged backgrounds.

iQuit Mindfully
Recognizing that most mHealth programs have been developed
without adequate feedback from the target population [33], we
took a user-centered design approach [34,35] to develop a text
messaging smoking cessation program for predominantly
low-SES, racially/ethnically diverse smokers. As described in
detail elsewhere [36], we conducted 2 phases of formative
research (initial focus groups before developing text message
content, and then an abbreviated 1-week trial of text messages)
to gather qualitative data to inform and improve the text
messaging program. User feedback was elicited throughout the
process of developing and refining the messages. The text
messages were designed to be sent between weekly in-person
mindfulness treatment sessions for smoking cessation.
This study is a pilot investigation of mindfulness-based smoking
cessation that incorporates this between-session text messaging
(iQuit Mindfully). To our knowledge, this is the first study to
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use text messaging to enhance mindfulness-based smoking
cessation treatment. Participants were randomly assigned to 1
of 2 groups: Mindfulness-Based Addiction Treatment (MBAT)
or iQuit Mindfully (MBAT with the addition of between-session
text messages). Feasibility and acceptability outcomes critical
to this pilot study were attrition, participant engagement with
text messages, and participant ratings and feedback regarding
the text messaging program. The primary smoking cessation
outcome was 7 consecutive days of abstinence from smoking
at the end of treatment. In addition, secondary analyses
examined associations among engagement with text messaging,
mindfulness practice, and smoking cessation, as well as
cessation outcomes by poverty status.

Methods
Participants
Recruitment targeted a racially/ethnically diverse sample of
smokers with relatively low income levels in the Atlanta, GA,
area. Inclusion criteria were age 18 to 65 years; current smoker
with history of ≥5 cigarettes per day for the past year (and
expired carbon monoxide [CO] ≥6 ppm); motivated to quit
within the next 30 days; valid home address in the greater
Atlanta area; functioning telephone number; owning a mobile
phone with text messaging capacity; ability to speak, read, and
write in English; and marginal/adequate health literacy (at least
a sixth grade level) as determined by the Rapid Estimate of
Adult Literacy in Medicine [37]. Exclusion criteria were
contraindication for the nicotine patch; past 30-day use of
recreational drugs, alcohol-related problems (positive response
on 2 or more of the 5 Patient Health Questionnaire [PHQ]
Alcohol Abuse/Dependence Scale items [38]), self-reported
current diagnosis of schizophrenia or bipolar disorder or use of
antipsychotic medications, score of ≥3 on the PHQ-2 [39]
depression screening instrument, regular use of tobacco products
other than cigarettes (electronic cigarette users were not
excluded), current use of tobacco cessation medications,
pregnancy or lactation, or another household member enrolled
in the study. The study was approved by the university’s
institutional review board, and written informed consent was
obtained from all participants.

Procedures
Participants were recruited through flyers (posted at venues
including the university’s downtown campus, local
hospitals/community health centers, and near bus and train
stops), Web-based sources (eg, Craigslist, listservs), and word
of mouth. After screening and informed consent procedures,
participants were randomly assigned to iQuit Mindfully (MBAT
with text messaging) or MBAT (without text messaging).
Randomization took place at the end of the baseline session,
after baseline assessments had been administered. Permuted
block randomization, with stratification based on age (ages
18-49 vs 50-65 years), was used to allocate participants to
treatment condition. Co-author DH used SAS software (SAS
Institute Inc) to generate the random number sequence. A
graduate research assistant (unaware of the size of the blocks)
allocated interventions through opaque sealed envelopes marked
according to the allocation schedule. The majority of study
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personnel were masked to treatment condition. Limited staff
were unmasked to handle randomization codes (ie, the graduate
research assistant) and delivery of interventions (ie, the study
therapist). Participants were recruited between January and June
2017; interventions were delivered between February and
September 2017; and follow-up assessments were conducted
between May and October 2017.

Study Interventions
All participants received in-person group treatment based on
the 8-week MBAT protocol [12], in addition to the 6 weeks of
nicotine patch therapy and self-help materials based on the
Treating Tobacco Use and Dependence Clinical Practice
Guideline [40]. Patch therapy (beginning on the quit day) for
participants who smoked more than 10 cigarettes per day
consisted of 4 weeks of 21 mg patches, 1 week of 14 mg patches,
and 1 week of 7 mg patches. Patch therapy for those who
smoked 5 to 10 cigarettes per day consisted of 4 weeks of 14
mg patches and 2 weeks of 7 mg patches.
MBAT was provided by a master’s level licensed professional
counselor with formal training in mindfulness and addictions.
MBAT closely follows Mindfulness-Based Cognitive Therapy
[41] procedures but replaces the depression-related material
with nicotine dependence–related material. The program consists
of 8 weekly 2-hour sessions. Aims are to help participants
increase moment-to-moment awareness of thoughts, feelings,
and sensations; observe these sensations nonjudgmentally; and
learn to disengage their attention and choose more skillful
responses (rather than automatic reactions) to uncomfortable
sensations (including cravings) and high-risk situations. To
provide additional support on the quit date and encourage further
mindfulness practice, session 5 (quit date) was an extended
4-hour session. MBAT emphasizes daily practice in several
forms: formal sitting meditation, body scan meditation, walking
meditation, eating meditation, and gentle yoga. There were
between 8 and 15 participants in the MBAT group sessions.
Participants in the iQuit Mindfully condition also received
approximately 2 to 6 text messages per day on each day between
treatment sessions. Texts were sent using the Mobile
Commons/Upland Mobile Messaging platform. The content
and frequency of messages were revised based on focus groups
and pilot testing with low-income, racially/ethnically diverse
smokers [36]. Text messages reminded participants to practice
mindfulness (eg, reminders for informal practice, such as
awareness of the breath throughout the day, and reminders for
formal practice, such as the body scan and sitting meditation).
Text messages were personalized (eg, reminding participants
of their personal reasons to quit and amount of money to be
saved as a result of quitting; incorporating first names) and
interactive (eg, participants were asked questions such as “Good
morning, John! Would you like to try a mindfulness exercise?”
and “There are people, places, and things that make you want
to smoke. What are your top 3 triggers to smoke?”), and
automated text responses were sent based on their replies. Texts
also provided specific strategies to aid in cessation (eg,
reminders to get rid of cues to smoke, reach out for social
support, and coping strategies taught in MBAT).
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Participants received approximately 2 messages per day during
week 1, 3 per day during week 2, 4 per day during week 3, 5
per day during week 4, 6 per day during week 5, 4 per day
during week 6, and 3 per day during week 7. This message
schedule was based on our earlier qualitative work [36].
Participants could also text specified words (CRAVE, STRESS,
or SLIP) at any point to receive additional text message support
for coping with cravings, stress, or smoking lapses, respectively.
Participants received a relatively small number of texts (1-3 per
week) during the 1-month follow-up period and had the
opportunity to text the CRAVE/STRESS/SLIP keywords during
this time.

Smoking Abstinence

Measures

Each week from treatment session 2 to session 8, participants
completed a weekly mindfulness practice log [12] to indicate
the number of days that they practiced each of 5 core
mindfulness techniques taught in treatment (sitting meditation,
body scan, walking meditation, yoga/mindful stretching, and
mindful awareness of breath during the day) during the past
week. Responses were averaged for each mindfulness practice
over the course of treatment.

Demographics and Baseline Smoking Behavior
At baseline, participants indicated their gender, age, education,
income, and employment status. Poverty status (below vs at or
above the federal poverty line) was calculated according to US
Census Bureau Guidelines based on family size and number of
children [42]. The Heaviness of Smoking Index, a strong
indicator of nicotine dependence [43], assessed self-reported
average number of cigarettes smoked per day and the time to
first cigarette on waking.

Participants’ Ratings and Feedback Regarding iQuit
Mindfully
Participants in the iQuit Mindfully condition completed program
evaluation forms in person at the end of treatment. Participants
were asked, “Of all of the text messages that you received as
part of this program, how many did you read?” (response
options: none, some, most, or all). They were also asked,
“Overall, how helpful were the text messages in getting you to
try to quit smoking?” (rated from 1=not at all helpful to
10=extremely helpful), and then specifically asked about the
helpfulness of the CRAVE, STRESS, and SLIP keywords using
the same 10-point scales. They were prompted to “Please circle
the number that best represents whether you would recommend
that other people receive the text messages that you received in
this program (or similar texts) as a way to help them quit
smoking” (rated from 1=would not recommend to 10=would
definitely recommend). It was determined a priori that scores
of 6 or more on these 10-point scales would indicate that the
texts were acceptable. Participants were also asked, “Please rate
the overall number of text messages that you received as part
of this program”: (response options: “not enough texts,” “prefer
more texts,” “about the right number of texts,” “prefer fewer
texts,” and “way too many texts”).
Finally, participants were asked the following open-ended
questions:
•
•

•
•

What did you like the most about the text messages?
How, if at all, did you find the text messages to be helpful?
(these 2 items were combined for analysis given
considerable overlap)
What, if anything, did you dislike about the text messages?
What recommendations do you have to improve the text
messages?
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Smoking abstinence at the end of treatment (3 weeks after quit
date) and 1-month follow-up (7 weeks after quit date) was
defined as self-reported complete abstinence for 7 days that was
biochemically confirmed in person with CO <6 ppm.
Participants who denied smoking for the past 7 days but had
CO levels ≥6 ppm were coded as not abstinent (n=4 at the end
of treatment and n=2 at follow-up). Missing data were not coded
as smoking because of the potential for severe bias that has been
demonstrated in prior studies [44,45].

Weekly Mindfulness Practice

Data Analysis
Descriptive statistics provided information on feasibility and
acceptability (ie, attrition, engagement, and participants’
ratings). Open-ended responses to program evaluations were
coded using QSR International’s NVivo 11 software. The first
author (CAS) and coauthor CCD each reviewed the responses
to develop an initial set of themes and then collaborated to define
specific codes and refine the coding manual. CAS and CCD
then each separately coded all the responses, with an overall
kappa of .95, indicating high interrater reliability. Discrepancies
were resolved through discussion, with final decisions made by
the first author. Chi-square tests examined group differences in
smoking cessation outcomes at the end of treatment and 1-month
follow-up. Independent samples t tests examined group
differences in mindfulness practice over the course of treatment.
In addition, 2 ancillary analyses were conducted. First, to
examine whether participants who were more engaged with the
text messages and/or practiced mindfulness more frequently
between sessions had better outcomes, associations among text
message engagement (based on the number of times participants
texted the system), weekly mindfulness practice variables, and
abstinence were examined using chi-square, t tests, and logistic
regression. Second, because the text messages were specifically
designed to target low-SES smokers, analyses examined results
separately by poverty status (below vs at or above the federal
poverty line).

Results
Screening and Enrollment
A total of 266 individuals completed telephone screening, 100
completed in-person screening, and 72 participants were enrolled
in the study (Figure 1). Overall, 1 participant in the iQuit
Mindfully condition was removed because of disruptive behavior
in the in-person group treatment for a final analytic sample of
71.
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Figure 1. Consolidated Standards of Reporting Trials flow diagram. CPD: cigarettes per day; MBAT: Mindfulness-Based Addiction Treatment; NRT:
nicotine replacement therapy; REALM: Rapid Estimate of Adult Literacy in Medicine.

Participants’ Characteristics
Demographic and smoking-related characteristics at baseline
are shown in Table 1. Mean age of the participants was 45.6
years (SD 12.1), and about half (37/71, 52%) were female. Most
participants were African American (50/71, 70%), 15 (21%)
were Caucasian, and 4 (6%) reported more than 1 race. Most
(43/71, 61%) indicated having an annual household income of
US $30,000 or less, and 41% (27/66) were living below the
federal poverty line. On average, participants smoked 16.5 (SD
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9.6) cigarettes per day at baseline and had been smoking daily
for 23.6 (SD 14.1) years. The majority (57/71, 80%) reported
smoking their first cigarette within 30 min of waking, and most
(57/71, 80%) smoked primarily menthol cigarettes. Although
statistical tests were not conducted to examine baseline
differences between treatment groups [46,47], examination of
the descriptive statistics suggests that participants in the iQuit
Mindfully condition were more likely to be African American
and have lower SES than those in MBAT.
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Table 1. Participants’ characteristics.
Demographic characteristics

Full sample (N=71)

iQuit Mindfully (n=38)

Mindfulness-Based Addiction
Treatment (n=33)

Age (years), mean (SD)

45.6 (12.1)

45.6 (12.4)

45.6 (12.0)

Gender, female, n (%)

37 (52)

17 (45)

20 (61)

Black/African American

50 (70)

34 (89)

16 (49)

Caucasian

15 (21)

4 (11)

11 (33)

Asian

1 (1)

0 (0)

1 (3)

More than 1 race

4 (6)

0 (0)

4 (12)

Other

1 (1)

0 (0)

1 (3)

Hispanic/Latino

3 (4)

1 (3)

2 (6)

Regular full-time work (40+ hours/week)

17 (24)

6 (16)

11 (33)

Regular part-time work

13 (18)

3 (8)

10 (30)

Temporary part-time work

1 (1)

1 (3)

0 (0)

Self-employed

1 (1)

1 (3)

0 (0)

Student

4 (6)

2 (5)

2 (6)

Unemployed

19 (27)

15 (39)

4 (12)

Retired

10 (14)

5 (13)

5 (15)

Unable to work or disabled

6 (9)

5 (13)

1 (3)

12 (17)

7 (18)

5 (15)

High school degree or General Education Development 14 (20)

7 (18)

7 (21)

Some college/technical school

19 (27)

12 (32)

7 (21)

Associates degree

10 (14)

4 (11)

6 (18)

Bachelor’s degree

10 (14)

5 (13)

5 (15)

Some postbac school

3 (4)

3 (8)

0 (0)

Graduate degree

3 (4)

0 (0)

3 (9)

≤$12,000

20 (30)

12 (36)

8 (24)

$12,001-$18,000

10 (15)

7 (21)

3 (9)

$18,001-$30,000

13 (20)

5 (15)

8 (24)

$30,001-$42,000

7 (11)

2 (6)

5 (15)

$42,001-$54,000

2 (3)

0 (0)

2 (6)

$60,001-$84,000

4 (6)

0 (0)

4 (12)

>$84,000

10 (15)

7 (21)

3 (9)

Below poverty threshold

27 (41)

16 (48)

11 (33)

At or above poverty threshold

39 (59)

17 (52)

22 (67)

Cigarettes per day, mean (SD)

16.5 (9.6)

14.4 (9.4)

18.8 (9.3)

Years smoking daily, mean (SD)

23.6 (14.1)

20.7 (13.1)

27.0 (14.6)

27 (38)

17 (45)

10 (30)

Race/ethnicity, n (%)

Employment, n (%)

Education, n (%)
Less than high school degree

Annual household income in US dollars (n=66), n (%)

Poverty status (n=66), n (%)

Time to first cigarette, n (%)
Within 5 min
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Full sample (N=71)

iQuit Mindfully (n=38)

Mindfulness-Based Addiction
Treatment (n=33)

6-30 min

30 (42)

15 (39)

15 (45)

31-60 min

7 (10)

3 (8)

4 (12)

After 60 min

7 (10)

3 (8)

4 (12)

57 (80)

33 (87)

24 (73)

Menthol cigarettes as regular brand, n (%)

A priori, it was deemed that 35% attrition would be acceptable
(based on 34% attrition in trial of MBAT by Vidrine et al [12]).
Overall attrition rates were 24% (17/71) at the end-of-treatment
assessment and 11% (8/71) at 1-month follow-up, with no
differences between groups (attrition at the end of treatment:
iQuit Mindfully 21% [8/38], MBAT 27% [9/33], P=.38; attrition
at 1-month follow-up: iQuit Mindfully 11% [4/38], MBAT 12%
[4/33], P=.83).

them going to bed instead of smoking”). Almost all (97%, 32/33)
provided positive responses when asked what they liked and
what was most helpful about the texts. Themes were
appreciating the positive tone (n=13), receiving reminders
(n=11), benefiting from mindfulness (n=9), perceiving a sense
of social support (n=9), perceiving that the messages had good
timing (n=6), noting that the messages encouraged
self-compassion in the face of smoking lapses (n=6), and
receiving specific strategies to cope with cravings and stress
(n=5). When asked what they disliked, 61% (20/33) responded
nothing, N/A, or left the question blank. Whereas 9 participants
indicated that there were too many text messages or that they
were repetitive, 7 indicated wanting more text messages. When
asked their suggestions for improvements, 67% (22/33)
responded none, N/A, or left the question blank. Of those who
provided feedback, suggestions included connecting participants
to additional outside resources (n=5; eg, connect to phone call,
emergency resources, one-on-one support), incorporating more
personalization (n=3), and including more religion/spirituality
in the messages (n=3).

iQuit Mindfully Engagement

Smoking Abstinence

Level of engagement was determined based on (1) the proportion
of texts that participants indicated reading (we expected that at
least 75% would read most or all texts, based on the study by
Abroms et al [48]) and (2) responses to interactive text messages
(we expected that at least 85% of participants would respond
to at least one of the interactive text messages or use the
CRAVE, STRESS, or SLIP keywords at least once, based on
the study by Heminger et al [49]). These benchmarks were
achieved. The majority (88%, 29/33) indicated reading all or
most text messages, and 89% (34/38) responded to at least one
of the interactive text messages or used the CRAVE, STRESS,
or SLIP keywords.

There were no significant differences between groups either at
the end of treatment (iQuit Mindfully: 26% [8/31]; MBAT: 17%
[4/24], P=.42) or follow-up (iQuit Mindfully: 16% [5/32];
MBAT: 23% [7/30], P=.44).

Participants’ Ratings and Feedback

Among iQuit Mindfully participants, the mean number of times
participants texted the system was 55.2 (SD 63.1; median 37)
and was highly skewed (7 participants texted over 100 times,
with 2 of these texting over 200 times). Thus, a dichotomized
text engagement variable was created based on the median.
Participants categorized as having high engagement had
significantly higher abstinence rates at the end of treatment than
those with low engagement, χ21=7.8, P=.005. Whereas 44%
(8/18) of participants with high engagement were abstinent at
the end of treatment, none of those with low engagement was
abstinent. Engagement was not significantly associated with
abstinence at 1-month follow-up (7% [1/14] of those with low
engagement vs 22% [4/18] of those with high engagement were
abstinent, P=.24).

Treatment Attendance
Participants attended an average of 5.7 of 8 treatment sessions
(SD 2.7), with no difference between conditions (iQuit
Mindfully: 5.9 sessions, SD 2.7; MBAT: 5.4 sessions, SD 2.8),
P=.50. Greater treatment attendance predicted higher likelihood
of smoking cessation at the end of treatment (β=4.05, P=.049)
and approached significance in predicting cessation at 1-month
follow-up (β=1.76, P=.058).

Feasibility and Acceptability
Attrition

On a scale of 1 to 10, participants’ average rating of text
helpfulness was 8.0 (SD 2.4). Ratings regarding the helpfulness
of the keywords CRAVE, STRESS, and SLIP were 7.8 (SD
0.29), 7.9 (SD 2.7), and 7.8 (SD 2.8), respectively. On a scale
of 1 to 10, participants’ average rating of the extent to which
they would recommend the text messaging program to others
was 8.4 (SD 2.5). Most (58%, 19/33) indicated receiving about
the right number of texts, 30% (10/33) preferred fewer, and
12% (4/33) preferred more.
Table 2 shows themes and illustrative quotations from
participants’ open-ended responses on iQuit Mindfully program
evaluations. Overall, participants reported positive experiences
with the text messages (eg, “I loved them; sometimes I read
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Weekly Mindfulness Practice
Mean number of days engaging in each type of mindfulness
practice per week ranged from 2.02 (SD 1.72) for yoga to 3.25
(SD 2.11) for mindful awareness of breathing. There were no
significant between-group differences, P>.59.

Associations Among Text Engagement, Weekly
Mindfulness Practice, and Abstinence
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Table 2. Example quotations from open-ended iQuit Mindfully program evaluation responses.
Themes

Example quotations

Most helpful aspects
Positive tone

•
•

“Positive response was really cool for my confidence”
“Positive and uplifting”

Reminders

•
•

“They became an integral part of your day and served as gentle reminders and encouragement”
“They reminded me of my goals and told me why I was choosing to quit smoking”

Mindfulness

•
•
•

“Helped me to stay mindful”
“Kept me aware”
“Stop breathe think”

Social support

•
•
•

“I felt that someone cared how I was feeling”
“I was able to reach out for support and it was very helpful”
“It let me know somebody out there to help me”

Good timing

•

“Sometimes they came right on time. I would start thinking about smoking and here comes
that text.”
“Every time I thought about smoking I get that text of encouragement to not smoke.”

•
Self-compassion in the context of smoking
lapses

•
•

Strategies for coping with cravings and stress

•

“They encouraged me to continue with my journey and don’t worry about the slip up and
just start over.”
“Made you not beat yourself up about a slip”

•

“If you text CRAVE and actually do what the text message says you will successfully
overcome that current craving”
“You were given techniques to help overcome the stress”

Too many text messages/repetitive

•
•
•

“Came a little too quick sometimes”
“Repetitive”
“Less texts would be better”

Not enough text messages

•
•

“[I disliked] when they became less frequent”
“Even more would be helpful”

Connect to outside resources

•
•

“One on one support. Additional resources”
“Maybe a call”

More personalization

•
•

“Really try to find out what best suits each individual”
“More intuitive and spontaneous and less generically programmed”

Religion/spirituality

•
•

“Send Bible verses/scriptures”
“More spiritual texts”

Dislikes

Suggestions

Associations between engagement with text messages and
mindfulness practice were also examined. Participants who
showed high text engagement reported practicing informal
mindfulness more frequently than those with low engagement
(high engagement: mean 3.9 [SD 2.0] days vs low engagement:
mean 2.0 [SD 1.6] days), t32=2.91, P=.006. The association
between text engagement and frequency of sitting meditation
practice approached significance (high engagement: mean 3.2
[SD 1.7] days vs low engagement: mean 2.2 [SD 1.5] days),
t32=1.85, P=.07. There were no differences in frequency of other
mindfulness practices by the level of text engagement. When
mindfulness practice variables were entered simultaneously into
a logistic regression analysis predicting abstinence outcomes,
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mindful awareness of the breath uniquely predicted greater
likelihood of abstinence at the end of treatment (β=1.60, P=.04)
and 1-month follow-up (β=1.99, P=.008).

Associations Between Poverty Status and Abstinence
Outcomes by Condition
Among participants living in poverty, 23% (3/13) of those in
iQuit Mindfully were abstinent at the end of treatment and
1-month follow-up, whereas none of the participants in the
control group receiving MBAT quit smoking at either time
point. Fisher’s exact tests examined associations between
poverty status and abstinence separately by condition. Poverty
status was not significantly associated with abstinence at the
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end of treatment (MBAT: P=.26; iQuit Mindfully: P=.67). At
1-month follow-up, living below the poverty level was
associated with worse cessation outcomes among MBAT
participants (P=.03) but not among those receiving iQuit
Mindfully (P=.65).

Discussion
Principal Findings
This pilot study examined the feasibility of a mindfulness-based
smoking cessation program incorporating between-session text
messaging (iQuit Mindfully). To our knowledge, this is the first
study to use text messaging to enhance mindfulness-based
smoking cessation treatment, and preliminary results support
the feasibility and acceptability of text messaging for providing
day-to-day smoking cessation support to low-SES,
racially/ethnically diverse adults. Strong retention was achieved
(76% [54/71] at the end of treatment, and 89% [63/71] at
1-month follow-up); engagement in iQuit Mindfully was high
(88% [29/33] indicated reading all or most text messages, and
89% [34/38] texted the system); and participants provided
positive ratings and feedback about the text messages.
Between-session text messaging could be particularly beneficial
for promoting smoking cessation among low-SES adults.
Participants provided suggestions for further improving the text
messaging program, and the results of this study warrant
additional investigation in a larger RCT.
The overall biochemically confirmed smoking cessation rates
were 22% (12/55) at the end of treatment and 19% (12/62) at
1-month follow-up, with no differences between conditions.
Living below the poverty level predicted worse cessation rates
at 1-month follow-up in participants receiving in-person MBAT
only, but not among those receiving iQuit Mindfully text
messages. Smokers living in poverty not only have lower health
care access but also are continually confronted with more
tobacco advertising, higher social norms for smoking, and lower
social support for quitting and experience higher stress and
lower self-efficacy for quitting [3,6,8]. The availability of 24/7
text messaging support could be vital for helping low-SES
smokers to overcome these chronic, day-to-day barriers. This
study is limited by small sample size, and further investigation
in a larger, appropriately powered trial is needed. Extant studies
do support the use of mobile phone–delivered interventions for
smoking cessation specifically among low-income smokers
[50].

Comparison With Prior Work
Participants who were more engaged with the iQuit Mindfully
text messaging program practiced informal mindfulness more
frequently and were more likely to quit smoking at the end of
treatment. This is consistent with past research, suggesting that
higher engagement with mHealth programs predicts better
smoking cessation outcomes [51-53]. However, low user
engagement is a pervasive problem with mHealth programs
[24,54], and efforts are needed to increase engagement with the
ultimate goal of improving outcomes. One strategy suggested
by our participants is to further personalize text messages, and
extant research suggests that tailoring interventions to users’
needs and preferences can indeed increase engagement and
http://mhealth.jmir.org/2019/6/e13059/
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efficacy [55-57]. We also examined associations between
treatment condition and in-person session attendance. There
were no differences in attendance between MBAT and iQuit
Mindfully participants, but those who attended more sessions
were more likely to quit smoking. Future research might
consider how technology could increase in-person session
attendance as well as engagement during these sessions.
Greater informal mindfulness practice (ie, mindful attention to
breathing throughout the day) predicted higher likelihood of
smoking abstinence at both end of treatment and 1-month
follow-up. Although more frequent personal mindfulness
practice is hypothesized to confer psychosocial benefits, the
literature on associations between mindfulness practice and
clinical outcomes has been somewhat mixed [58-60]. Past
research has shown positive associations between mindfulness
practice and better smoking cessation outcomes [11]. The
findings of this study suggest that apart from formal meditation
practice, mindful attention to breathing in the context of daily
activities is uniquely associated with better smoking cessation
outcomes. This informal practice (eg, taught through the STOP
[Stop, Take a breath, Observe, Proceed] acronym in MBAT
and other mindfulness programs) could be especially useful for
coping with cravings and other stressors during the cessation
process.
Overall, iQuit Mindfully participants noted positive experiences
with the text messages. Themes included appreciating the
positive tone, reminders, mindfulness techniques, social support,
timing of the messages, self-compassion in the face of smoking
lapses, and coping strategies. This is consistent with our past
qualitative work developing iQuit Mindfully [36] as well as
other qualitative studies of adults’ experiences with text
messaging for smoking cessation [61,62]. A common theme
across studies is that although participants understand that the
texts are automated, they often describe a sense of social support
(eg, “It’s like having a friend who texts you when you are feeling
stressed or having a feeling like you want to smoke” [36]). Our
participants suggested that the program be even more
personalized, and future iterations of the program might provide
more flexibility and personalization in terms of frequency,
timing, and content of text messages (eg, varying the number
and timing of texts based on individual preferences and triggers).
As suggested by participants, text messages could also include
more religious/spiritual content (this could also be personalized
based on individual preferences) and connect them to outside
resources (eg, direct connection to quitlines or other support as
needed). In addition, the research team noted some logistical
issues with participants using their own mobile phones during
the study (eg, service interruptions and changing phone
numbers), and future studies might offer participants mobile
phones with wireless plans to use for the duration of the study.
It is possible that these issues may become less common over
time, as mobile phone access continues to increase in low-SES
populations [63,64].

Limitations
This pilot study is limited by a small sample size without
statistical power to detect group differences in smoking cessation
or other outcomes. Although modeling-based approaches can
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help to address pitfalls of as-treated analyses [65], our sample
was too small to fit such models, and results should be viewed
as preliminary evidence of feasibility that will need to be tested
in larger trials. In addition, iQuit Mindfully text messages were
designed to supplement (rather than replace) in-person MBAT
sessions, and thus, this program also involves the substantial
time and resources associated with in-person treatment. Our
decision to include both in-person treatment and text messaging
was based on our formative work with low-SES smokers, who
noted that text messaging alone (in the absence of other
resources such as in-person treatment) would not be sufficient
[36]. However, future iterations might consider fully
implementing the program through mHealth to increase
scalability and reduce costs. In addition, results may or may not
generalize to those not included based on the eligibility criteria
(eg, people using multiple forms of tobacco, those with
psychotic disorders or drug/alcohol abuse). Finally, frequency
of between-session mindfulness practice was relatively low in
both MBAT and iQuit Mindfully conditions. This is consistent

Spears et al
with other research finding that participants often do not practice
mindfulness as frequently as directed [12]. Research is needed
to examine strategies to promote mindfulness practice among
smokers, and as discussed above, more tailored messaging could
be one such strategy. Despite limitations, this pilot study is
strengthened by the use of biochemical confirmation of smoking
behavior; recruitment of predominantly low-SES, racial minority
adults; and RCT design, all of which support feasibility for
conducting an efficacy RCT.

Conclusions
Overall, this proof-of-concept study provides strong evidence
for feasibility and acceptability of iQuit Mindfully text messages
to enhance MBAT by providing between-session support.
Offering tailored 24/7 text messaging support could be helpful
for low-SES smokers, who have lower access to cessation
support and face formidable day-to-day barriers to quitting.
Preliminary findings warrant further investigation in an
appropriately powered RCT to determine efficacy.
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Abstract
Background: Social media is currently becoming a new channel for information acquisition and exchange. In China, with the
growing popularity of WeChat and WeChat official accounts (WOAs), health promotion agencies have an opportunity to use
them for successful information distribution and diffusion online.
Objective: We aimed to identify features of articles pushed by WOAs of Chinese provincial Centers for Disease Control and
Prevention (CDC) that are associated with user engagement.
Methods: We searched and subscribed to 28 WOAs of provincial CDCs. Data for this study consisted of WeChat articles on
these WOAs between January 1, 2017 and December 31, 2017. We developed a features frame containing title type, article
content, article type, communication skills, number of marketing elements, and article length for each article and coded the data
quantitatively using a coding scheme that assigned numeric values to article features. We examined the descriptive characteristics
of articles for every WOA and generated descriptive statistics for six article features. The amount of reading and liking was
converted into the level of reading and liking by the 75% position. Two-category univariate logistic regression and multivariable
logistic regression were conducted to explore associations between the features of the articles and user engagement, operationalized
as reading level and liking level.
Results: All provincial CDC WOAs provided a total of 5976 articles in 2017. Shanghai CDC articles attracted the most user
engagement, and Ningxia CDC articles attracted the least. For all articles, the median reading was 551.5 and the median liking
was 10. Multivariable logistic regression analysis revealed that article content, article type, communication skills, number of
marketing elements, and article length were associated with reading level and liking level. However, title type was only associated
with liking level.
Conclusions: How social media can be used to best achieve health information dissemination and public health outcomes is a
topic of much discussion and study in the public health community. Given the lack of related studies based on WeChat or official
accounts, we conducted this study and found that article content, article type, communication skills, number of marketing elements,
article length, and title type were associated with user engagement. Our study may provide public health and community leaders
with insight into the diffusion of important health topics of concern.
(JMIR Mhealth Uhealth 2019;7(6):e12245) doi:10.2196/12245
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Introduction
Acquisition and dissemination of health information play a
significant role in promoting positive health behavior change
[1]. Social media is currently becoming a new channel for
information acquisition and exchange [2,3]. Nearly one-third
of the world’s population uses social media for entertainment,
study, work, and socializing [4]. Compared with traditional
types of print and broadcast media, social media has a unique
advantage in facilitating two-way communication, allowing
organizations to personalize content and interact with the public
[5]. With the popularity of social media in the public, the use
of these tools by health education organizations will have many
opportunities to influence and change health behaviors [6].
WeChat, a free mobile app released in 2011, has become the
most widely and frequently used social media platform in China
[2]. WeChat has many functions, including instant messaging,
free phone calls, mobile payments, etc [7]. In addition, a new
functional module of WeChat called WeChat official accounts
(WOAs) can be freely used by governments, companies, and
organizations to provide information called pushed articles to
the public; individuals can freely read these articles and
communicate with others via these official accounts [3,8].
According to the latest data, the number of monthly active users
of WeChat has reached 650 million and the number of WOAs
exceeds 10 million. Nearly 80% of WeChat users have
subscribed to the WOA [9]. Studies have found that WeChat
can successfully encourage health improvement and behavior
change [10]. For example, Wei et al [3] used WOAs to improve
malaria health literacy. Cao et al [8] found that giving additional
education and instruction via WOAs can improve therapy
outcomes of patients. A weight loss intervention campaign based
on a WOA was found to be effective for males [10]. With the
growing popularity of WeChat and WOA in health knowledge
acquisition, their roles in health education and health
intervention are gradually receiving more attention [11].
The widespread public engagement with WeChat creates a ready
platform for health promotion agencies for successful
information distribution and diffusion online [12]. The China
Centers for Disease Control and Prevention (CDC) are
professional institutions that conduct health education and health
promotion work for the public. In order to broaden health
communication and make it easier for users to obtain
information, the China CDC opened the Chinese disease control
dynamics WOA in April 2014 [13]. Most of the provincial
CDCs have now opened WOAs [14]. Generating user
engagement is vital for effective information diffusion and
health promotion. Identifying predictors of social media
engagement can guide the development of content and use of
features that have high appeal for the public [15]. User
engagement was defined as users reacting to (ie, reading, liking)
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any content [16,17]. Past research has identified strategies for
successful user engagement on Facebook and Twitter, including
using multimedia content, highlighting celebrity involvement,
using humor or shock appeals, etc [17,18]. However, there is
little evidence establishing the best ways to engage with the
public using WeChat, highlighting the importance of further
exploration of this area. The literature base exploring user
engagement through the WOAs of CDCs is even more limited.
CDCs have the potential to enable broad dissemination of health
information and messaging online and promote healthy
behaviors, contributing to the development of social health [5].
In this study, we reviewed the use of WOAs by Chinese
provincial CDCs. The study aim was to identify features of their
articles that are associated with user engagement, which we
defined as the level of reading and liking. Ultimately, we sought
to formulate predictors of user engagement that would inform
health education of public health organizations, so they can
make use of WOAs to engage their target market and increase
the effectiveness of changing health-related behaviors.

Methods
Data Source
We used the mobile WeChat app to search the official accounts
by the name of the province and the key words “Centers for
Disease Control and Prevention” and “CDC.” We found 28
WOAs of provincial CDCs on January 15, 2018, and subscribed
to them. Data for this study consisted of WeChat articles found
on these WOAs between January 1, 2017, and December 31,
2017.

Main Indicators and Article Features Frame
For each article, we recorded the code of official accounts, push
time, and amounts of article reading and liking. We developed
a features frame for each article, referring to the research of
Kite et al [17]. Specifically, we added article content, title type,
and article length, which are features that may affect the
effectiveness of the WOAs. Next, we conducted a presurvey on
100 articles. Based on the results of the survey, we have merged
some of the less frequently used categories into other and made
some modifications during iterative testing to make the features
frame more relevant to public health communication. The final
features framework with definitions is shown in Table 1. Then
we invited six experts in relevant fields to evaluate the content
validity of the features frame and calculated the content validity
index (CVI). Experts used a 4-point Likert scale to assess the
degree of consistency between the content of each item and the
corresponding article features. Very unrelated was counted as
1 point, comparatively unrelated was counted as 2 points,
comparatively related was counted as 3 points, and very relevant
was counted as 4 points. The CVI of the item level was 0.83 to
1.00, and the CVI of the entire framework was 0.98.
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Table 1. Final features frame with definitions.
Item

Definition

Title type
Declarative sentence

The sentence contains subject, predicate, and object, usually with a period, aiming to state a fact. Example: The
Centers for Disease Control and Prevention organized a series of women’s day activities.

Exclamation or emphatic
sentence

The sentence contains the subject, predicate, and object with an exclamation point. Example: These things will
affect all doctors!

Question sentence

The sentence contains the subject, predicate, and object with a question mark. Example: Can the leftovers be eaten?

Imperative sentence

The sentence contains predicate and object, without subject, with an exclamation point. Example: Beware of these
invisible drugs!

Phrase

Not a complete sentence, no predicate. Example: Common cold and flu.

Other

The title contains two or more sentences that are belong to different types. Example: Forget your flu shot? It is
never too late!

Article content
Infectious disease

Topic is related to infectious diseases. Example: Deciphering new knowledge about AIDS.

Chronic diseases

Topic is related to chronic diseases. Example: Women are more likely to develop diabetes. How can we prevent
this?

Food safety and nutrition

Topic is related to food safety or nutrition. For example, the topic introduces food effects and gives recommendations.

Vaccination

Topic is related to vaccination, such as the introduction and guidance of some vaccines. Example: Forget your flu
shot? It is never too late!

Environmental and occupa- Topic is related to air hygiene, drinking water hygiene, soil hygiene, housing hygiene, occupational diseases, etc.
tional health
Example: How air pollution affects the view.
Health education activities

Topic is related to events organized to conduct health education. Example: AIDS Day campaign.

Healthy lifestyle

Topic is related to popular knowledge of life, such as how to lose weight, the benefits of drinking water, the dangers
of staying up late, etc.

Research progress

Topic is related to scientific research projects, including the laboratory construction of institutions.

National health policy, con- Topic is related to national meetings and policies related to the health industry, such as the National Health and
ferences, etc
Wellness Conference.
Other

Content of the article is related to the unit meetings, work arrangements, introduction of advanced deeds, etc.

Article type
Text only

Article contains only text.

Text and pictures

Article contains pictures and text.

Text, pictures, and links

Article contains pictures, links, and text.

Text, pictures, and videos

Article contains pictures, videos, and text.

Other

Other types or other combinations.

Communication skills
Informative/instructive

Provides information on a health issue or instruction on how to do a behavior, such as health-related behavioral
guidance.

Questioning

Remains skeptical and professionally corrects knowledge about widely circulated opinions, remarks or certain articles. Example: No rumors! True facts about dietary supplements.

Positive emotional appeal

Aims to elicit positive emotions, such as using positive examples to convey hope and excitement.

Fear appeal

Uses negative cases to cause user fear or other negative emotions, such as discussing serious consequences of longterm smoking, etc.

Humor

Uses any humorous technique (such as sarcastic, jokes, etc) to convey health messages, including funny pictures.

Other

Uses two and more of the skills mentioned above.

Marketing elements
Persons of authority

Any person used for the purpose of lending their personal or positional authority to the health issue (eg, doctor,
academic, scientist, politician).

Celebrities and sports people Connecting people related to entertainment media or sports profiles with health events.
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Definition

Information sources

Citing sources of information such as books, guides, references, or instructions from other platforms.

Competitions, prizes, or
giveaways

Any contest involving a participant entry, including minimal requirements such as liking or commenting on a article.

Hot topics

Using internet or real-life hot topics such as news coverage.

Tests

Collecting or testing participants’ health knowledge.

Votes

Involving various types of voting for events or selections.

Article length
0-1000 words

Amount of words in the article text.

1000-1499 words

Amount of words in the article text.

1500-1999 words

Amount of words in the article text.

2000 or more words

Amount of words in the article text.

Coding Method
We coded the data quantitatively using a coding scheme that
assigned numeric values to article features. Title type, article
content, article type, communication skills, and article length
contained mutually exclusive categories, and they were coded
with the corresponding number. However, multiple marketing
elements are possible in a single article, so not all categories
were mutually exclusive. Each marketing element was coded
as 0 or 1 (0 represents not using, 1 represents using). Next we
tested the interrater reliability between the two coders. After
receiving training and getting familiar with the content, LFH
and MJY independently coded the same subset of articles
(n=300) from 28 WOAs. Any disagreement between the coders
was resolved by discussion. Once interrater reliability reached
80%, LFH and MJY then individually coded half of the WOAs
each.

Statistical Analyses
For every WOA, we examined the descriptive characteristics
of articles, including the number and percentage of articles
pushed in a year, median reading, and median liking per article.
Next we generated descriptive statistics for each title type, article
content, article type, communication skill, marketing element,
and article length. We then investigated associations between
the features of the articles and user engagement, operationalized
as reading and liking. Since the data distribution is skewed, we
categorized the amount of reading and liking by the 75%
position, defining an amount of reading and liking less than the
75% position as low-level reading and liking and above the
75% position as high-level reading and liking. Given that the
marketing elements were multichoice, we converted the features
of marketing elements into the number of marketing elements.
Next, we applied logistic regression analyses to assess
associations between the features of the articles and the user
engagement with the level of reading and the level of liking as
the outcome variables and six features as categorical
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independent variables and used the P value to represent the
result of the hypothesis test, which decided whether to reject
the null hypothesis (the regression coefficient is equal to 0). We
conducted a series of two-category univariate logistic regression
analyses to perform the initial screening of variables. Variables
that gave P<.10 in the univariate analyses were evaluated further
using multivariable logistic regression. For the multivariable
regression, P<.05 was considered the statistically significant
level. Risks were expressed as adjusted odd ratios with 95%
confidence intervals. EpiData 3.1 software (EpiData
Association) was used to establish the database; SPSS Statistics
version 15.0 (IBM Corp) was used for the statistical analysis.

Results
Characteristics of WeChat Official Accounts and
Article Features
Overall, 28 provincial CDC WOAs pushed a total of 5976
articles in 2017 (Table 2). Guangdong CDC pushed the most
articles (565/5976, 9.45%), and Hainan CDC pushed the fewest
articles (4/5976, 0.07%). Shanghai CDC articles attracted the
most user engagement (median reading: 3777, median liking:
37), and Ningxia CDC articles attracted the least (median
reading: 21, median liking: 0). For all articles, the median
reading was 551.5 and the median liking was 10.
As described in Table 3, article titles were usually declarative
sentences (2358/5976, 39.45%). Most articles were related to
healthy lifestyle (1355/5976, 22.67%), and text with pictures
(3686/5976, 61.68%) was the most common article type. The
most common communication skill was informative or
instructive (3096/5976, 51.81%). Only 60.66% (3625/5976) of
the articles contained any marketing elements, and the most
articles used only one kind of marketing element (2543/5976,
42.55%). The article length was usually 1000 words or fewer
(3615/5976, 60.49%).
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Table 2. Characteristics of the 28 included WeChat official accounts (N=5976).
Province of the WeChat official channel

Articles, n (%)

Median reading

Median liking

Zhejiang

31 (0.5)

409

9

Fujian

205 (3.4)

281

9

Guangdong

565 (9.5)

1715

20

Hunan

210 (3.5)

2239

19.5

Hubei

529 (8.9)

956

16

Hainan

4 (0.1)

49.5

1.5

Yunnan

475 (7.9)

413

11

Guizhou

328 (5.5)

205.5

4

Sichuan

78 (1.3)

418.5

13

Qinghai

160 (2.7)

34

0

Gansu

185 (3.1)

270

4

Shanxi

231 (3.9)

1568

13

Jilin

223 (3.7)

163

3

Liaoning

358 (6.0)

211.5

3

Hebei

321 (5.4)

197

2

Jiangxi

154 (2.6)

200.5

8

Jiangsu

445 (7.4)

2498

31

Anhui

66 (1.1)

791

17

Henan

82 (1.4)

226.5

4

Shandong

211 (3.5)

393

9

Shanxi

55 (0.9)

127

4

Beijing

355 (5.9)

750

12

Shanghai

323 (5.4)

3777

37

Chongqing

59 (1.0)

525

23

Xinjiang

20 (0.3)

429

15

Guangxi

19 (0.3)

80

2

Ningxia

165 (2.8)

21

0

Xizang

119 (2.0)

180

2
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Table 3. Frequencies by category of six article features (n=5976).
Article features

Value, n (%)

Title type
Declarative sentence

2358 (39.45)

Exclamation or emphatic sentence

1011 (16.92)

Question sentences

858 (14.36)

Imperative sentence

517 (8.65)

Phrase

704 (11.78)

Other

528 (8.84)

Article content
Infectious disease

910 (15.23)

Chronic diseases

385 (6.44)

Food safety and nutrition

578 (9.67)

Vaccination

350 (5.86)

Environmental and occupational health

221 (3.70)

Health education activities

625 (10.46)

Healthy lifestyle

1355 (22.67)

Research progress

89 (1.49)

National health policy, conferences, etc

421 (7.04)

Other

1042 (17.44)

Article type
Text only

264 (4.42)

Text and pictures

3686 (61.68)

Text, pictures, and links

1576 (26.37)

Text, pictures, and videos

268 (4.48)

Other

182 (3.05)

Communicative skills
Informative/instructive

3096 (51.81)

Questioning

314 (5.25)

Positive emotional appeal

1019 (17.05)

Fear appeal

704 (11.78)

Humor

258 (4.32)

Other

585 (9.79)

Number of marketing elements
None

2351 (39.34)

One

2543 (42.55)

Two

910 (15.23)

Three or more

172 (2.88)

Article length
0-1000 words

3615 (60.49)

1000-1499 words

1573 (26.32)

1500-1999 words

449 (7.51)

2000 or more words

339 (5.67)
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Association Between Article Features and Level of
Reading and Liking
As shown in Table 4, univariate logistic regression analysis
revealed that title type, article content, article type,
communication skills, number of marketing elements, and article
length were significantly related to reading level (P<.001).
Liking level displayed a similar pattern. All article features were
evaluated further using multivariable logistic regression.
Articles for which the title type was an exclamation or emphatic
sentence were less likely to obtain a high level of liking than
those whose title types were declarative sentences. With regard
to article content, articles about infectious diseases, vaccination,
food safety and nutrition, and healthy lifestyle were more likely
to receive high-level reading and liking than those about other
topics. Articles related to health education activities or national
health policy conferences were less likely to obtain high-level
reading and liking. Environmental and occupational
health–related articles were more likely to obtain high-level
reading, unlike articles describing research progress, but both
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showed no effect for level of liking. For article type, articles
containing text, pictures, and links were 5.21 times and 5.64
times more likely to receive high-level reading and liking,
respectively, than text-only articles. Those containing text and
pictures, similar to those containing text, pictures, and videos,
were also more likely to receive high-level reading. With regard
to communication skills, when compared with informative or
instructive articles, those using traits of humor, questioning,
fear appeal, and other were more likely to receive high-level
reading and liking. Articles with positive emotional appeal were
more likely to obtain a high-level liking, but this had no effect
observed for level of reading. Articles using three or more kinds
of marketing elements were more likely to obtain high-level
reading and liking than those using none, while articles using
one and two kinds were both less likely to obtain high levels of
reading and liking. Compared with articles containing 1000
words or fewer, those containing 1000 to 1500 words and 1500
to 2000 words were more likely to obtain high-level reading
and liking.
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Table 4. Univariate and multivariable logistic regression analysis.
Article features

Univariate logistic regression

Multivariable logistic regression

Reading level, Liking level,
P value
P value

Reading level
Odds ratio (95% CI)

P value

Odds ratio (95% CI)

P value

<.001

<.001

—

—

—

—

Declarative sentence (reference)

—

—

1

—

1

—

Exclamation or emphatic sentence

.18

.60

—

—

0.80 (0.65-0.97)

.02

Question sentence

<.001

<.001

—

—

—

—

Imperative sentence

.04

.14

—

—

—

—

Phrase

.26

.22

—

—

0.69 (0.55-0.87)

.001

Other

<.001

<.001

—

—

—

—

Article content

<.001

<.001

—

—

—

—

Infectious disease

<.001

<.001

3.33 (2.60-4.25)

<.001

2.15 (1.69-2.73)

<.001

Chronic diseases

.57

.05

—

—

—

—

Food safety and nutrition

<.001

<.001

1.76 (1.34-2.31)

<.001

1.54 (1.18-2.01)

.001

Vaccination

<.001

.14

2.93 (2.15-4.00)

<.001

1.76 (1.29-2.41)

<.001

Environmental and occupational health

.48

.85

1.54 (1.05-2.26)

.03

—

—

Health education activities

<.001

<.001

0.65 (0.48-0.88)

.01

0.64 (0.48-0.86)

.002

Healthy lifestyle

<.001

<.001

1.89 (1.50-2.38)

<.001

1.39 (1.11-1.74)

.004

Research progress

<.001

.01

0.20 (0.05-0.82)

.03

—

—

National health policy, conferences, etc

<.001

<.001

0.30 (0.18-0.50)

<.001

0.38 (0.25-0.59)

<.001

Other (reference)

—

—

1

—

1

—

<.001

<.001

—

—

—

—

Text only (reference)

—

—

1

—

1

—

Text and pictures

.02

<.001

1.62 (1.09-2.40)

.02

2.31 (1.48-3.62)

<.001

Text, pictures, and links

<.001

<.001

6.21 (4.12-9.35)

<.001

6.64 (4.20-10.48)

<.001

Text, pictures, and videos

<.001

<.001

2.24 (1.36-3.69)

.002

2.60 (1.51-4.47)

.001

Other

.32

.42

—

—

—

—

<.001

<.001

—

—

—

—

Informative/instructive (reference)

—

—

1

—

1

—

Questioning

<.001

<.001

1.83 (1.40-2.39)

<.001

2.05 (1.57-2.67)

<.001

Positive emotional appeal

.01

.03

—

—

1.22 (1.00-1.49)

.048

Fear appeal

<.001

<.001

1.34 (1.10-1.64)

.004

1.44 (1.18-1.77)

<.001

Humor

<.001

<.001

2.93 (2.20-3.90)

<.001

4.13 (3.11-5.49)

<.001

Other

<.001

<.001

1.59 (1.25-2.02)

<.001

1.55 (1.22-1.97)

<.001

<.001

<.001

—

—

—

—

None (reference)

—

—

1

—

1

—

One

.03

<.001

0.83 (0.72-0.96)

.01

0.76 (0.66-0.88)

<.001

Two

.01

<.001

0.62 (0.50-0.76)

<.001

0.60 (0.49-0.74)

<.001

Three or more

<.001

<.001

1.63 (1.13-2.36)

.01

1.86 (1.30-2.67)

.001

<.001

<.001

—

—

—

—

0-1000 words

—

—

1

—

1

—

1000-1499 words

<.001

<.001

1.45 (1.25-1.68)

<.001

1.42 (1.23-1.65)

<.001

1500-1999 words

<.001

<.001

1.67 (1.32-2.11)

<.001

1.55 (1.22-1.96)

<.001

Title type

Article type

Communication skills

Number of marketing elements

Article length
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Article features

2000 or more words
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Univariate logistic regression

Multivariable logistic regression

Reading level, Liking level,
P value
P value

Reading level
Odds ratio (95% CI)

P value

Odds ratio (95% CI)

P value

.97

—

—

—

—

.78

Discussion
Principal Findings
To our knowledge, this is the first study to investigate the current
status of WOAs of CDCs for health information dissemination.
Our analysis identified several features of articles that were
associated with better information dissemination, which we
defined as high-level user engagement. In the field of public
health research and practice, WeChat represents a convenient
and accessible tool for health education in China, which
historically has been difficult using traditional methods [2,19].
Health promotion organizations should be aware of strategies
to engage their target audience. The results presented in this
paper may provide these organizations with some guidance on
how to improve engagement with WeChat users.
According to our results, the content of articles was associated
with user engagement. Indeed, article content was identified as
an essential factor in determining whether WeChat users forward
or share articles with friends [20]. Research on other social
media platforms has also revealed that the content of posts seems
to have a significant effect on user engagement [16,21]. Our
findings further showed that what the public liked to read and
praise were articles about infectious diseases; vaccination; food
safety and nutrition; and healthy lifestyles, which reflects that
they seem to be interested in popular science articles about daily
health knowledge. In contrast, the public was relatively less
interested in articles related to research progress and health
education activities of institutions or national health policy,
which may seem to be far away from daily life.
As the results showed, article type was an important covariate
of user engagement. This is consistent with previous research.
Research found that article type is an important indicator that
alters the effectiveness of article dissemination on WOAs [22].
Among studies based on Facebook, the effect of the post type
is also displayed. One found higher engagement to be associated
with pictures, videos, and links [16]. Another showed that video
posts were more attractive post types than picture posts [17].
Our study seems to give another possibility related to the
combination of article types. A combination of text, pictures,
and links was the most engaging article type, 5 times more
popular than text only. Although the combination of text,
pictures, and videos and the combination of text and pictures
were also more likely to get a high-level reading and liking, the
effect was far lower. This seems to indicate that links play a
more important role in the combination of article types for
increasing the user engagement. The effect of the links can be
easily found in the advertising field. Ads may work better if the
users can directly access the relevant pages through the links
in the social media website pages instead of being forced to
visit the external website [23]. And in the field of health
promotion using networking platforms, relevant links are also
http://mhealth.jmir.org/2019/6/e12245/
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identified as a key strategy for successful user engagement [24].
However, only 26.4% of all articles we coded included the
combination of text, pictures, and links and the combination of
text and pictures accounted for 61.7%, which suggested that
public health organizations were trailing behind marketers in
advertising field. The administrators of the CDC official
accounts should probably add links to the traditional
combination of text and pictures.
The communication skills used were also related to user
engagement. Compared with the use of a peaceful tone to convey
health knowledge, articles using humor were more likely to
receive high levels of reading and liking. This result is similar
to the findings of previous research: Klassen et al [25] found
that using an optimistic tone was associated with more
interactions on Facebook, and posts from health promotion
organizations that were more serious in tone had minimal
engagement from fans. This may reflect the effect of emotions
[26]. Some researchers think that emotion is an important
motivator of social sharing, and when participants experience
positive emotions viewing a post on social media, they are more
likely to engage with that post than are those who do not
experience positive emotions [27,28]. In addition, articles using
questioning skills were also nearly two times more likely to
achieve high-level reading and liking than those using
informative or instructive skills. Some surveys have found that
many respondents believe that internet health information is
not reliable [2,29]. Indeed, there are potential dangers associated
with using social media for health communication, such as
sharing of misleading or inaccurate information [5]. As
professional health organizations, CDCs use questioning
expressions to correct this information, which may attract
readers’ attention. According to our results, articles with fear
appeal were likely to show similar but slightly lower results
than those using the above two skills. In the past, fear has been
employed by many health promotion organizations to induce
behavior change [25]; however, Soames Job [30] and Keller
[31] think that fear is only likely to work under particular
circumstances. Therefore, the effectiveness of fear appeal may
require further research.
The number of marketing elements was associated with the
level of user engagement. Articles that used one or two
marketing elements were less likely to obtain high-level reading
and liking than those that used none. However, articles using
three or more kinds of element obtained the opposite result.
This showed that some marketing elements were associated
with lower levels of engagement and some with higher
engagement. Previous research has discussed the impact of some
marketing elements on user engagement in other social media.
The effect of celebrities is usually positive. Chapman [32]
believed that celebrity involvement in public health campaigns
delivers long-term benefit. Similarly, Kite [17] found that the
use of celebrities and athletes led to higher average engagement.
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However, the effect of authoritative people is still controversial.
One study found that, compared with Facebook posts that have
no marketing elements at all, using authoritative people reduced
likes, shares, and comments [17]. But Preece et al [21] thought
that using charismatic leaders or respected authorities increased
the chances of user engagement. Therefore, which marketing
methods can play positive roles in increasing the user
engagement on articles of WOAs remains to be further
discussed.
The results of this study showed that article length was also a
covariate of user engagement: articles containing 1000 to 1500
words and 1500 to 2000 words were more likely to obtain
high-level reading and liking. A study of WeChat articles
considered that text above 1500 words can be considered as a
long text [33]. Our study showed that users seem to have a
preference for articles of moderate length.
In our study, title type was negatively associated with user
engagement. When the title was an exclamation or an emphatic
sentence or phrase, the articles were less likely to receive
high-level liking compared with titles involving declarative
sentences. Zhang [34] analyzed the influence of WeChat article
titles on people’s willingness to open the full text and found
that the content of the title could affect the dissemination of the
article. However, we do not have sufficient evidence to
demonstrate what type of title was more popular with readers.
Therefore, the link between title type and user engagement
seems to present an interesting direction for future research.

Limitations
Our findings should be interpreted with consideration of some
study limitations. First, the study involved a short time frame

Zhang et al
of data collection. Evaluating a longer period may identify time
differences and improve strategies. Second, this study used
reading and liking as indicators of user engagement, and we
further transformed them into two-category variables: high-level
and low-level. We may thus be obscuring the effects of the
original variables. Future analyses should expand our findings
by quantitatively evaluating the indicators associated with
engagement. Last, other factors that we have not focused on in
this study may also shape user engagement such as
individual-level factors. These individual factors and article
features should be analyzed comprehensively in future research.

Conclusions
Social media involves technologies that facilitate opportunities
for engaging with the audience [35]. How social media can best
be used to achieve health information dissemination and public
health outcomes is a topic of much discussion and study in the
public health community. Given the lack of related studies based
on WeChat or official accounts, we conducted this study and
found that the article content, article type, communication skills,
the number of marketing elements, and article length were
associated with reading level and liking level. However, title
type was only associated with liking level. Our results may
provide public health and community leaders with insight into
the diffusion of important health topics of concern. Because
this study was focused primarily on user engagement and article
features, future studies might improve our understanding of
other factors that contribute to the dissemination of specific key
themes. For example, the agency must identify what audience
they are trying to reach, how that audience uses WeChat, and
what goals and objectives are most appropriate.
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Abstract
Background: Pars plana vitrectomy (PPV) with intravitreous tamponade of gas or air has been widely used for a series of
vitreoretinal diseases. It is estimated that 100,000 patients per year undergo PPV globally, and half of them were subsequently
tamponaded with gas or air. According to Boyle’s law (P1V1=P2V2), patients with an intravitreous remnant of gas or air will be
under high risk of intraocular pressure (IOP) elevation and subsequent vision loss owing to the expanded intravitreous gas or air
when traveling post operation to a place with a significantly higher altitude. We always explain to patients why postoperative
travel is potentially risky. Emergency cases of elevated IOP caused by postoperative traveling would sometimes come to surgeons.
However, there have been few disease education or reference tools for both the surgeons and patients to have better communication.
Objective: The aim of this study was to introduce and evaluate a mobile phone app developed by surgeons (the authors) for
preliminary risk estimation of volume expansion and IOP elevation in patients with intravitreous gas or air when traveling to a
place of higher altitude.
Methods: The app was developed on the iOS and Android operating systems. Boyle’s law (P1V1=P2V2) was the theoretical
basis of the app. Intravitreous gas or air volume and altitude values were independent factors to deduce the risk report. Consecutive
patients underwent vitrectomy, and those with an intravitreous remnant of gas or air were recruited. The surgeons judged the
vertical height of the fluid/gas interface through the dilated pupil; the patients were instructed to judge it according to their visual
field when looking straight ahead and line it out on a chart included in the app. Finally, all the patients were required to fill a
Likert scale–based questionnaire with 2 main items to evaluate the participants’ user experience and attitudes toward the app.
Results: A total of 50 patients were included (30 males and 20 females). All patients could independently operate the app to
complete the test. The median heights of the fluid/gas interface independently judged by the surgeon and patients were 40%
(range: 10%-75%) and 41% (range: 9%-78%), respectively (P=.63). The median altitude of the participants’ destinations was
150.0 m (range: 0-3490 m). The Bland-Altman analysis revealed a good agreement between the surgeons’ and patients’ judgments
(bias of −0.3%), with 95% limits of agreement of −5.8% to 5.3%. Overall, the Likert scale revealed a positive attitude from the
patients toward the app.
Conclusions: The app is reliable for patients to have preliminary risk estimation of intravitreous gas or air volume expansion
and IOP elevation if travel to a place of higher altitude is planned. The surgeons could also use it as a platform for better disease
communication.
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Introduction

Methods

Intravitreous gas or air is widely used by vitreoretinal surgeons
to achieve anatomic resolution and thus help patients to regain
vision [1,2]. Pars plana vitrectomy (PPV) with an intravitreous
air/gas tamponade has significantly improved the surgical
treatment outcomes for some vitreoretinal diseases, such as
rhegmatogenous retinal detachment, macular holes,
vitreomacular traction, and foveal retinoschisis [3-6]. Surgeons
should always be aware of the effect of intraocular gas or air
on the fluctuation of intraocular pressure (IOP). Patients with
intravitreous gas or air have generally been advised not to travel
in airplanes or travel to locations at significantly higher altitudes
as discomfort and even vision loss owing to sharply elevated
IOP have been reported [7-11]. The gas or air is tightly sealed
within the eyewall, and the eyeball is a semirigid container.
Therefore, when the operated eye filled with gas or air is
exposed to lower atmospheric pressure, the volume of the
intravitreous gas expands. Boyle’s law (P1V1=P2V2) provides
the theoretical basis for noticing and explaining the potential
risks when patients are exposed to different atmospheric
pressures [12].

Design Principle of the App

Vitreoretinal surgeons sometimes need to have better
communication with their postoperative patients when
intravitreous gas or air is present [7-12]. The mathematical
models of eyes with intravitreal gas bubbles developed by Amini
et al [13-15] and Wong et al [16] were significant and inspired
vitreoretinal surgeons to gain an in-depth understanding of the
impact of altitude-induced IOP changes. However, there has
not been any easily available reference tool for both surgeons
and patients to get a preliminary estimation of the risk of volume
expansion and IOP elevation when traveling to a place at a
higher altitude. In addition, patients with intravitreous gas or
air have few reliable tools for self-monitoring the volume after
being discharged from the hospital when their surgeons’
professional advice may not be readily available.
The current trend shows that the global ownership rate of mobile
phones is quite high [17]. The usefulness of mobile phones has
been demonstrated in some medical disciplines because of the
rapid advancement of mobile phone technology. Some
physicians have tried to use mobile phones and tablets to
facilitate their work and have achieved positive outcomes in
subspecialties of public health, psychology, oncology, medical
education, and so forth [18-30]. Therefore, we hypothesized
that mobile phones would be an ideal platform for vitreoretinal
surgeons to perform risk estimation and patient education of
intravitreous gas or air expansion. To that end, we developed a
mobile app based on Boyle’s law and previously reported
mathematical models [8,12-16,31]. This study was designed to
test the applicability of the app in a real-world setting and
evaluate the interobserver agreement on gas volume estimation
between surgeons and patients using the app.
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The app was developed in the iOS operating system (iOS 12.2;
Apple Inc) and Android operating system (Android 8.1; Google
LLC) using the programming languages Objective-C (Xcode
10.1; Apple Inc) (for iOS version) and Java (Oracle Java ME
SDK 8.2; Oracle Inc) (for Android version), respectively. The
app was installed and verified on an iOS mobile phone (iPhone
7+; Apple Inc) and an Android mobile phone (BlackBerry
KEY2; BlackBerry Limited) as appropriate. The app, named
Intraocular Gas, has been released by the authors and can be
downloaded for free from Apple’s App Store (Apple Inc) and
the Google Play app store (Google LLC).
Boyle’s law (P1V1=P2V2) was the principle used to measure the
prediction accuracy of gas expansion. The calculation depended
on gas volume and altitude values. The vitreous cavity was set
to be an oblate spheroid (whole volume=4.5 ml). The app
calculated the intravitreous gas or air volume based on the
vertical height of the fluid/gas interface (in percentages) when
the patient was in a sitting position with the head in a level
position. Finally, the ratio (expanded volume of intravitreous
gas(air)/normal volume of the anterior chamber) was transferred
by the app to report a final risk estimation of IOP elevation
provided that the patient was transported directly and
immediately to a place of higher altitude. The governing
equations of the app are illustrated in detail (see Multimedia
Appendix 1).

Interobserver Assessment
The study was approved by the Institutional Review Board of
Zhongshan Ophthalmic Center of Sun Yat-sen University
(reference number: 2019KYPJ059) and performed in accordance
with the World Medical Association’s Declaration of Helsinki.
Written informed consent was obtained from each participant.
Consecutive patients who had undergone PPV and had an
intravitreous remnant of gas or air were recruited. Patients with
significant opacification of the anterior segment and those who
could not easily understand or operate the app were excluded
(Figure 1).
First, the surgeons observed the horizontal fluid/gas interface
with a preset lens through the dilated pupil and judged its height
according to the anatomic landmarks (fovea, vascular arcades,
and optic disc; Figure 2).
Second, with the fellow eye covered, the patient was instructed
by the nurses to assess the vertical height of the fluid/gas
interface according to his/her visual field when looking straight
ahead (Figure 2). The app includes a chart for the patient to line
out the interface according to his/her vision (Figure 2). A live
demonstration video illustrates the entire procedure on how
patients used the app, following the nurse’s brief instruction.(see
Multimedia Appendix 2).
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Figure 1. Flowchart for study participants and analysis of the agreement between the heights of the fluid/gas interface independently judged by the
surgeons and patients. PPV: pars plana vitrectomy.

Figure 2. Brief illustration of the interobserver judgement study and usage of the app The surgeon observed the horizontal gas/fluid interface with a
preset lens through the dilated pupil and judged the height of it according to the anatomic landmarks (A); With the fellow eye covered, the patient was
instructed to judge the height of gas/fluid interface according to his/her visual field when looking straight forward (B); Screenshot of the app showing
the brief instruction on how to line out the height of gas/fluid interface in his/her tested eye (C); The chart included in the app for the patient to line out
the gas/fluid interface according to his/her judgement (D).
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Figure 3. Representative fundoscopy photographs and the corresponding heights of gas/fluid interface independently judged by the surgeons and
patients. The top row (A1, B1, C1, and D1) lists fundoscopy photographs of the patients, the height of gas/fluid interface judged by the surgeons were
75%, 45%, 35%, and 20%, respectively (from left to right). The bottom row (A2, B2, C2, and D2) lists corresponding heights of the gas/fluid interface
lined out in the app’s chart independently by the patients, the values were 76%, 44%, 35%, and 18%, respectively (from left to right).

Fundus photography was obtained from each patient to verify
the height of the fluid/gas interface. Representative fundoscopy
photographs and the corresponding heights of the horizontal
fluid/gas interface independently judged by the surgeons and
patients are illustrated in Figure 3.

acuity ranged from counting fingers [CF] to 20/25). All the
patients underwent surgery in the Zhongshan Ophthalmic Center
of Sun Yat-sen University (Guangzhou, China; altitude=10 m).
All the patients could easily and independently operate the app
to complete the test following the nurse’s brief instructions.

Finally, all of the patients were required to fill a Likert scale
with 2 items to assess the usability of the app (Item 1: I think
the app is reliable for me to have a postoperative travel plan
to another place at a different altitude; Item 2: I will recommend
the app to other patients with the same condition as me;
1=strongly disagree, 2=disagree, 3=neutral, 4=agree,
5=strongly agree).

Outcomes of Interobserver Assessment

Statistical Analysis
Statistical analysis was performed using MedCalc Statistical
Software, version 18.9 (MedCalc Software bvba). Continuous
variables are expressed as mean (SD) and median (range)
according to their distributions (Shapiro-Wilk normality test).
Categorical variables are described as proportions (%).
Agreement between the heights of the fluid/gas interface
independently judged by the surgeons and patients was assessed
using the Bland-Altman method with 95% limits of agreement.
A P value of less than .05 was considered statistically
significant.

Results
Patient Characteristics
A total of 50 consecutive patients were included (30 males and
20 females; median age: 51.5 years [range: 18-70 years]; visual
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The median heights of the fluid/gas interface independently
judged by the surgeon and patients were 40% (range: 10%-75%)
and 41% (range: 9%-78%), respectively (with no significant
statistical difference when analyzed with the Wilcoxon
matched-pairs signed rank test; P=.63). The median altitude of
the participants’ places of planned destination was 150.0 m
(range: 0-3490 m). The median expanded volumes of
intravitreous gas or air independently judged by the surgeons
and patients and calculated by the app was 0.02 ml (range: 0-2.4
ml) and 0.02 ml (range: 0-2.3 ml), respectively (with no
significant statistical difference when analyzed with the
Wilcoxon matched-pairs signed rank test; P=.55). In total, 38%
(19/50) of the patients planned to travel back by airplane, 30%
(15/50) by train (high-speed/ordinary=11/4), and the remaining
32% (16/50) by car/bus. The main characteristics of all the
patients are summarized into a table in Multimedia Appendix
3).
The Bland-Altman analysis revealed a bias of −0.3% between
the surgeons’ and patients’ judgments, with 95% limits of
agreement, of −5.8% to 5.3% (Figure 4). The Likert scale
revealed a generally positive attitude from the patients toward
the app (Figure 5).
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Figure 4. The Bland-Altman analysis revealed a bias of −0.3% (solid line) between the surgeons’ and patients’ judgements, with 95% limits of agreement,
of −5.8% to 5.3% (dash lines).

Figure 5. The Likert scale revealed a generally positive attitude from the patients toward the app.

http://mhealth.jmir.org/2019/6/e14592/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e14592 | p.279
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Discussion
In this study, we demonstrated the design principle and clinical
applications of a mobile app developed by the authors, and we
showed the app’s potential in preliminary risk estimation of
volume expansion and IOP elevation in patients with an
intravitreous gas or air tamponade. To the best of our
knowledge, the app is the first one developed by vitreoretinal
surgeons to solve the actual conundrum of intravitreous gas or
air in our daily clinical work.

Theoretical Basis and Design Principle of the App
The essential factors of the app include the following: the
mechanics and kinetics of intravitreous gas or air tamponading
after PPV; the semirigid property of the eyeball; Boyle’s law
(pressure × volume=constant); the relationship between
atmospheric pressure and altitude; and the ratio of the expanded
volume of intravitreous gas or air to that of the anterior chamber.
As proposed by Lincoff and Aronowitz, the eyeball has 3
compensation mechanisms to accommodate the expansion of
intravitreous gas or air: choroidal compression, scleral
expansion, and accelerated aqueous outflow [11,32]. These
mechanisms are significant for us to have an in-depth
understanding of elevated IOP induced by decreases in
atmospheric pressure.
Unlike previously reported mathematical models [13-15,33],
we developed our app based on the assumption that the patient
with intravitreous gas or air would be traveling immediately
from one place to another. Therefore, the abovementioned
compensation mechanisms were not incorporated into the app
design. Another reason for developing this app was to provide
a readily available electronic tool for both surgeons and patients
to calculate a preliminary estimation of the risk. Therefore, it
was decided to develop the app based on a simplified and
feasible principle. We contributed our best efforts to making
the app suitable for both surgeons and patients to achieve more
friendly interactions and higher interobserver agreement.

The App’s Potential to Help Disease Communication
and Preliminary Risk Estimation
There have been continuous reports on the risks of postoperative
travel for vitrectomied eyes before the intravitreous gas or air
is completely absorbed [7,8,34,35]. We referred to Boyle’s law
to explain the phenomenon, which is also the governing equation
incorporated into this app. On the basis of previous studies of
animal models, simulated flight experiments, mathematical
models, and case reports, patients are generally advised against
traveling through lower atmospheric pressure environments
[7,9,10,14,33-37]. Patients are exposed to lower atmospheric
pressure when they embark on postoperative travel by airplane
or by car/train to areas with higher altitudes. A previous animal
study by Dieckert et al [37] indicated that it is unsafe to fly with
intraocular gas of any volume, unless cabin pressurization can
be maintained at 2000 feet at 706 mmHg or higher. However,
there is still some controversy on the seriousness of this risk
because the cost of vision loss is huge and irreversible, even
though the risk is theoretically low.
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In our clinical work, we always explain to patients why
postoperative travel is potentially risky. Emergency cases
involving elevated IOP caused by postoperative travel
sometimes came to our clinic, and there are anecdotal reports
and authors’ experience to support the existence of this risk.
There are 4 possible underlying causes of the vision-threatening
tragedy: absence or inadequate disease education regarding the
risk of postoperative travel with an intravitreous gas or air
tamponade; lack of an easily understandable education tool for
surgeons and patients to engage in more effective interaction
about the risk of gas or air expansion as the risk is informed
according to the physical law, mathematical models, and case
reports; lack of postoperative monitoring by surgeons of the
volume of intravitreous gas after the patient is discharged from
the hospital; and the fluke mind of some patients who lack
sufficient awareness of the risk of expanded intravitreous gas
or air [8]. This app can enable both surgeons and patients to
better keep track of the risk of expanded intravitreous gas or
air.

Where and When the App Will Serve Surgeons and
Patients
We speculate that the app will be practical in many areas of the
world. Indeed, previous reports indicate that significant elevation
differences between 2 places should be considered a risk factor
for elevated IOP in such patients, regardless of the mode of
transportation they choose [7,8,10,34,35]. The app directly
offers a preliminary evaluation of the risk of IOP elevation based
on 2 independent factors, namely, the height of the intravitreous
gas or air and the altitude. According to the data accessed from
Google Earth, many large cities (especially urban areas) have
significantly lower altitudes than smaller towns (especially rural
and mountain areas). Medical institutions are usually located
in large cities, so some patients may be discharged from the
hospital to a higher altitude or to even travel by an airplane.
Thus, it is likely that such problems with intravitreous gas or
air expansion exist in many ophthalmic institutes around the
world.
In China, as the land area is large, different cities are located at
different altitudes and have different atmospheric pressure.
When patients travel from one place to another at a higher
altitude, they are exposed to a higher risk of gas expansion and
IOP elevation. In our institute (one of the national tertiary
referral centers; Zhongshan Ophthalmic Center of Sun Yat-sen
University, Guangzhou, China; altitude=10 m), approximately
30% of our patients who receive vitreoretinal surgeries come
from other provinces that generally are at higher altitudes. For
instance, in this study, one patient was from the city of Lhasa
(altitude=3490 m), 3 were from the city of Guiyang
(altitude=1277 m), and 5 were from the city of Kunming
(altitude=1842 m). We can imagine that there is a risk of
elevated IOP if patients with intravitreous gas or air have
postoperative travel back home.

High Interobserver Agreement Enhances the App’s
Potential for Patients to Self-Monitor
The app can provide a reliable reference tool for patients to do
self-monitoring and generate a preliminary risk report. The
significant advantages of the app can be summarized into the
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following aspects: acceptable accuracy of the estimation as this
study revealed high interobserver agreement between the
surgeons and patients; the app could serve as a physician-patient
communication platform as they share the same logistics for
calculating the risk of expanded intravitreous gas or air; and
high acceptability for the patients as the Likert scales revealed
a significantly positive attitude from the patients toward the app
because it is user-friendly, and it is not difficult for patients to
understand the underlying principles.
To the best of our knowledge, this study is the first one to have
interobserver analyses of the height of the intravitreous fluid/gas
interface independently judged by surgeons and patients.
Inspired by previous studies [16,31], we designed the app from
2 perspectives: the surgeons’ professional judgment with dilated
fundoscopy and patients’ true vision perception. The surgeon
directly observed the horizontal fluid/gas interface with a preset
lens through the dilated pupil and judged the vertical height of
the fluid/gas interface according to anatomic landmarks. It is
not difficult for surgeons to make a reliable judgment of the
height; however, there are few guidelines for patients to express
their personal judgments, which decreases patients’ awareness
and limits the efficacy of disease education. The app eliminated
this barrier and imbalance with its modified design.
The app is the first one designed based on the patients’ true
vision perception with intravitreous gas or air. Owing to the
great differences in the refraction index, the intravitreous fluid
and gas or air produces vastly different vision results for the
patients. Intravitreous gas located in the upper part of the
vitreous cavity makes vision darker and more blurred, whereas
intravitreous fluid located in the lower part of the vitreous cavity
makes vision almost normal. According to the law of
photorefraction through the visual axis, clear vision (through
the intravitreous fluid) is in the patient’s upper visual field and
blurred vision (through the intravitreous gas) is located in the
patient’s lower visual field. Therefore, a patient can easily line
out the fluid/gas interface according to the 2 different visions
in his/her operated eye. We are encouraged by the high
interobserver agreement and believe that the app will be a
reliable reference tool for patients in case professional advice
from their surgeons is unavailable. In addition, the app is worth
recommending to our vitreoretinal colleagues as a supplementary
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tool. It is important to teach patients how to evaluate their
postsurgical conditions. In the app, gas volume estimation can
be done easily either by retinal surgeons or by the patients
themselves. As altitude information can be objectively obtained
from the internet, the accuracy of gas expansion estimation will
mainly be affected by gas volume estimation. According to the
results, gas volume estimation by surgeons and patients
themselves achieved good agreement, which means the patients
are more likely to make correct estimations of gas volume
through self-evaluation with the app. It is well known that
patients usually have lower visual acuity after PPV with a gas
or air tamponade, when the visual axis is blurred by the gas or
air. Therefore, we also evaluated whether patients with lower
visual acuity (finger counting or hand movement) could
accurately estimate their intravitreous gas volume. The results
showed that even in these patients, their self-estimations were
quite close to those of the surgeons, which means the app will
be applicable for different types of patients.

Limitations and Recommendation for Future
Refinement of the App/Research
There are several limitations that should be acknowledged. The
sample size was relatively small, so the efficacy of the app needs
to be tested in a larger population. The compensation
mechanisms of the eyeball to accommodate for the expansion
of intravitreous gas or air under decreased atmospheric pressure
were not included in the app design, which could decrease the
validity of risk estimation. The volume of the vitreous cavity
is set to 4.5 ml, which may not be completely consistent in some
patients, such as those with hyper-myopia. In vivo experiments
on humans or animals were not performed to verify the true
accuracy of the risk estimation.
Although certain limitations exist in this study, the app is a
reliable reference tool for both surgeons and patients to make
a preliminary estimation of intravitreous gas or air expansion
and IOP elevation. Furthermore, the good interobserver
agreement and user-friendly interface provide a readily available
platform to create better physician-patient interaction with regard
to the risk of expanded intravitreous gas or air after surgery.
Further refinement of the app and in vivo experiments are
warranted to provide more accurate risk estimation for surgeons
and patients.
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Multimedia Appendix 1
The governing equations of the app.
[PDF File (Adobe PDF File), 211KB - mhealth_v7i6e14592_app1.pdf ]

Multimedia Appendix 2
Video demonstration of the app’s usage.
[MP4 File (MP4 Video), 44MB - mhealth_v7i6e14592_app2.mp4 ]

Multimedia Appendix 3
The main characteristics of all the patients.
[PDF File (Adobe PDF File), 94KB - mhealth_v7i6e14592_app3.pdf ]
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Abstract
Background: Home blood pressure monitoring (HBPM) is one component of effective supported self-management, which may
potentially be mediated by mobile apps.
Objective: The aim of this study was to identify the self-management features (HBPM and broader support strategies) offered
by currently available apps and to determine the features associated with download frequency and user ratings.
Methods: We searched Google Play store, Apple App store, National Health Services Apps Library and myhealthapps.net (first
search on February 1, 2018; updated August 18, 2018). We included high blood pressure apps available in the United Kingdom
and extracted their features, number of downloads, and the average users’ rating from the app stores. We mapped the features to
the holistic Practical Reviews In Self-Management Support (PRISMS) taxonomy of self-management support. We employed a
regression analysis to determine if any features were associated with download frequency or user rating.
Results: We included 151 apps. The 3 most common features were as follows: monitoring blood pressure (BP) and charting
logs; lifestyle (exercise or dietary) advice; and providing information about hypertension. The other 11 components of the PRISMS
taxonomy were rarely featured. There was little evidence to support associations between specific features and the download
statistics and rating scores, with only 2 uncommon features achieving borderline significant associations. The presence of social
support features, such as a forum, was weakly but significantly (R2=.04, P=.02) correlated with the number of downloads. Apps
designed specifically for particular BP monitors/smart watches were weakly associated with a higher rating score (R2=.05, P<.001).
Apps with more ratings were associated with more downloads (R2=.91, P<.001).
Conclusions: The functionality of currently available apps is limited to logging BP, offering lifestyle advice, and providing
information about hypertension. Future app development should consider broadening the remit to produce a system that can
respond flexibly to the diversity of support that enables people to self-manage their hypertension.
(JMIR Mhealth Uhealth 2019;7(6):e13257) doi:10.2196/13257
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hypertension; self-management; telehealth; telemedicine; mobile app
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Introduction
High blood pressure (HBP) currently affects 1.13 billion people
worldwide [1], and this is expected to rise to 1.5 billion by 2025
[2]. Globally, hypertension contributes to 9.4 million deaths
annually [3], mainly from heart disease and stroke [4].
Identifying and controlling hypertension significantly reduces
cardiovascular events [5]; yet, despite effective medication,
blood pressure (BP) remains to be poorly controlled [6-8], at
least in part owing to poor adherence by patients and reluctance
to intensify medication by clinicians [9].
Supported self-management can improve control [10] with home
BP monitoring (HBPM)—a widely used component of effective
interventions. This not only avoids repeated visits to health care
professionals for monitoring but also improves accuracy by
allowing detection of white-coat and masked hypertension,
which are common in both untreated and treated patients and
result in misleading clinic BP readings [11]. HBPM can increase
patient engagement in the management of their condition and
provide a trusted basis for shared management decisions,
including medication changes [12]. Furthermore, one mechanism
by which HBPM works is by bridging the gap between patients’
perceptions of hypertension as a disease with multiple symptoms
compared with the professional view of an asymptomatic
condition, fostering confidence in the ability to self-manage
[10]. There is strong evidence that when BP readings are sent
electronically to and dealt with by clinicians, the outcomes are
improved [13].
The development of affordable home BP monitors [14] and
increasing ownership of smartphones among the general
population [15] present opportunities for mobile apps to support
patients’ self-management of their hypertension [16]. Many
hypertension apps are available in the market [17]. However,
there has been considerable concern voiced over the highly
variable quality and appropriateness of these apps [18].
Self-monitoring, however, is only 1 component of supported
self-management. The Practical Systematic Review of
Self-Management Support (PRISMS) taxonomy describes a
broader approach to supporting people to proactively
self-manage their condition, offering a picklist of 14 potential
support strategies associated with effective self-management
interventions [19]. The purpose of this study was to map the
landscape of hypertension apps that are currently available and
assess the extent to which these apps deliver recognized
components of self-management support (PRISMS) and whether
there is a correlation between the app’s self-management
features and their number of downloads and user ratings.

Methods
Search Strategy
We searched, identified, and screened apps on Google Play
store [20], Apple iTunes preview website (using Google site
search code of site:itunes.apple.com/gb/app), National Health
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Services (NHS) Apps Library [21], and myhealthapps.net [22]
on February 1, 2018 (updated August 18, 2018), using the key
term, high blood pressure. The search was restricted to the apps
available in the United Kingdom.

Screening and Data Extraction
We used the Google Web Scraper (version 0.3.7) [23] to extract
the app name, description, number of raters, ratings, number of
downloads (not available for iOS apps), version, latest updated
date, cost, and the developers’ name. A reviewer (CYH)
screened the extracted data using the following
inclusion/exclusion criteria:
•

•

Inclusion criteria: The app (1) advertised features relevant
to management of hypertension, (2) was available for
download through the official Android or Apple App
stores/NHS Apps Library/myhealthapps.net, and (3) was
written in English.
Exclusion criteria: The app (1) could not be opened and/or
used owing to technical problems after 3 attempts, (2) had
not been updated within 1 year of the search date (ie, the
last update was before February 1, 2016) to exclude those
apps that were no longer being supported, (3) was designed
for children, and (4) had been in the market for greater than
1 month but had no ratings and/or reviews to reduce the
chance of including apps that were still under development.

A reviewer (CYH) reviewed the description, screenshots, and
the developer website of the included apps and extracted their
key app features using a piloted data extraction sheet under the
headings of the 14 components of the PRISMS taxonomy
(Textbox 1). Apps without clear information were downloaded
and the features were assessed manually.

Data Analysis
App Self-Management Features
We used the PRISMS taxonomy (see Textbox 1) [19] to
categorize the extracted app features. We searched for the
presence of each of these 14 items within each included app,
dichotomizing the outcome as present (=1) or absent (=0). We
counted the total number of apps addressing the 14 components
of the taxonomy.

Association Between the Practical Reviews in
Self-Management Support Self-Management
Components, Downloads, and Ratings
We performed a regression analysis in Microsoft Excel. We
wanted to investigate the features [24] that may influence people
to download and rate a BP app. Apps with apparently
500,000,000 or more recorded downloads were excluded in the
regression analysis. We decided to adopt this approach to reduce
the possibility of including apps that were no longer supported
by developers. In addition, 1 app seemed to have such unlikely
download statistics (exceeding popular apps, such as YouTube,
TikTok, Pokemon GO, Snapchat [50,000,000 to 500,000,000
downloads]) that we decided to exclude it.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e13257 | p.286
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Hui et al

Textbox 1. Items included in the Practical Reviews in Self-Management Support (PRISMS) taxonomy of self-management support.
A.

Information about condition and/or its management

B.

Information about available resources

C.

Provision of/agreement on specific clinical action plans and/or rescue medication

D.

Regular clinical review

E.

Monitoring of condition with feedback

F.

Practical support with adherence (medication or behavioral)

G.

Provision of equipment

H.

Provision of easy access to advice or support when needed

I.

Training/rehearsal to communicate with health care professionals

J.

Training/rehearsal for everyday activities

K.

Training/rehearsal for practical self-management activities

L.

Training/rehearsal for psychological strategies

M. Social support
N.

Lifestyle advice and support

The number of downloads and the mean rating score were the
outcome variables that we used in the regression analysis. The
app’s information on the download page (rating, number of
raters, cost, multiple conditions’ focus, the number of features,
whether the app was developed by an internationally known
company, presented as part of an established clinical program
or claimed to be recommended by health care professionals,
supported by a patient or professional organizations, or promoted
by a campaign) were used as additional predictor variables as
these features are known to influence downloads more generally
[25]. Both outcome and predictor variables were standardized
by using an Excel standardized function [26]. A simple linear
regression analysis was performed to determine the relationship
between independent variables and the downloads and ratings
followed by multiple regression. We considered significance
at the 5% level. All variables were entered into the multiple
regression. The goodness-of-fit was assessed using R-squared
statistics.

Interpretation
We discussed the results of the data synthesis within a
multidisciplinary team of 16 people, which included expertise
in primary care (n=1), hypertension (n=2), and electronic health
and digital technology (n=13). The features that were associated
with the downloads and user rating score were of key interest
to the multidisciplinary team and the relevance of particular
aspects of the PRISMS taxonomy in relation to BP apps. There
was considerable discussion about the relevance of metrics such
as number of reviewers as a predictor of quality. The results
were used to guide the design of a prototype hypertension app.

Results
Characteristics of Included Apps
A total of 151 apps were identified. Most were identified in
Google Play and the Apple app store and a much smaller number
from the NHS Apps Library and myhealthapp.net. The apps
identified, the screening process, and the final numbers of the
apps included are detailed in the flowchart (Figure 1).
Of the 151 apps, 95.4% (144/151) apps were available on both
Google Play and Apple App store, 4.6% (7/151) apps were only
available on the Apple App store [27-33]. Furthermore, 51.0%
(77/151) apps focused solely on HBP and 47.7% (74/155)
addressed multiple clinical conditions including diabetes, heart
disease, respiratory disease, kidney disease, cancer, and
psychological conditions. Also, 6.6% (10/151) apps were
presented as part of an established clinical program, and 1 app
advertised on the app store claimed that it was recommended
by doctors and pharmacists. Only 5.2% (8/155) apps charged
users (£0.9 to £7.90). Furthermore, 3 apps were supported by
patient or professional organizations (the American Heart
Association, The George Institute for Global Health, and
American College of Cardiology Foundation); 1 app was
designed for a campaign (Action for Happiness); 3.2% (5/155)
apps were developed by BP monitor/smart watch companies
(Samsung, Beurer, Braun, Omron, and Withings); 1 app was
developed by an insurance company (AXA); and 28 apps were
designed to be connected with a particular brand of BP monitor
or smart watch.

Apps Self-Management Features
Table 1 summarizes the application features related to the 14
components of the PRISMS taxonomy [19]. Details are shown
in the Multimedia Appendix 1.
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Figure 1. Flowchart of app selection and screening process.
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Table 1. Application features categorized by the Practical Reviews in Self-Management Support (PRISMS) taxonomy.
Taxonomy item and app features

Apps, n

Information about condition and/or its managementa
News about blood pressure (BP), diet advice, what qualifies as high BP, home monitoring and diagnosis of BP, specific advice for
BP during pregnancy

30

Information about available resources
Providing links to WebMD, American Heart Association, NHSb information pages, and other associations

2

Provision of/agreement on specific clinical action plans and/or rescue medication
Action plan (eg, personalized agreement on what to do if BP is high/low)

1

Regular clinical review
Manual input of appointment details (eg, date and location)

2

Booking appointments

3

Monitoring of condition with feedbacka
Logging systolic/diastolic BP, heart rate, medication taken, and free-text notes

70

Nonvalidated and likely misleading measuring of BP (via camera)

3

Nonvalidated and likely misleading measuring of BP (via fingerprint)

3

Voice assistant to support logging activities such as making and sending logs

3

Sending logs (xls/db/PDF) via email; saved in Dropbox, Google Drive, SD card); share logs via portal

58

Sending logs by using the app portal, SMSc, email, or via an automated telephone call; data transferred to GPd systems such as Egton 2
Medical Information Systems Web and SystemOne
Showing logs on charts (pie chart, line chart) only

37

Providing observations such as your BP hasn't varied a lot in the last months, your BP is normal, you are stage 2 hypertension.

8

Providing simple advice and suggesting actions such as condition: stage 2 hypertension; to do: you may have high blood pressure,
change your lifestyle - see your doctor, aim for a total blood pressure less than 120/80 mmHg, avoid Tobacco, etc, hypertensive urgency - please go to the hospital!, your blood pressure is dangerously high. See your GP urgently or call 111 for more advice.

7

Showing logs on colored chart/bar/points to indicate hypertension (stage 1), hypertension, prehypertension, normal and low BP

30

Showing the person’s BP at different times of the day in different places

1

Showing the number of days that meet the preset optimized BP value

1

Practical support with adherence (medication or behavioral)
Medication reminder

11

Points/rewards to encourage logging

5

Provision of equipment
Use the proprietary or Bluetooth smart meter to log systolic/diastolic/pulse/heart rate

19

Connecting to activity tracker gadgets or smart watches

16

Provision of easy access to advice or support when needed
Web doctor consultation

1

Communication via texting

1

Training/rehearsal to communicate with health care professionals
Personal health record accessible to health care professional to enhance discussions or providing patient access to health record

6

Training/rehearsal for everyday activities
Not applicable

0

Training/rehearsal for practical self-management activities
Tagging logs to help users to understand what causes their high BP (eg, add tag before eating)

3

Logging reminder to train users to make regular logs for monitoring

10
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Taxonomy item and app features

Apps, n

Entering personal health profile, preparing for emergency conditions

2

Ordering repeat prescriptions

1

Emergency call to GP

1

Training/rehearsal for psychological strategies
Using breathing exercises to relieve stress to lower BP

5

Social support
Forum to share stories or advice about BP management

3

Lifestyle advice and supporta

a

Providing DASHe/low sodium diet advice/videos to lower BP, advice on exercise intensity, lifestyle factors that cause high BP,
managing stress, breathing exercises, relaxing games to lower BP

54

Importing and showing weight data and sleep duration from another app (Weight Companion, Sleep as Android, MyFitnessPal,
Google Fit, Samsung Health)/other third-party apps

7

Sending messages to users via WhatsApp and Skype

1

Log exercise intensity, BMI, and diet - make a note of the measurements, which may be associated to the HBPf

10

Activity tracking (bicycle/steps) via Fitbit alongside blood pressure monitoring

20

Top 3 common BP self-management supports found in the apps.

b

NHS: National Health Services.

c

SMS: short message service.

d

GP: general practitioner.

e

DASH: Dietary Approaches to Stop Hypertension.

f

HBP: high blood pressure.

Monitoring of Blood Pressure With Feedback
The most common self-management support provided by the
apps was monitoring of condition with feedback (70/151,
46.4%), though only 1 UK app provided feedback integrated
with current National Health Service (NHS) general practice
systems such as Egton Medical Information Systems and
SystemOne [34]. Monitoring involved logging systolic/diastolic
BP and heart rate. Most apps (58/70, 83%) enabled sharing of
logs with health care professionals, and all of them provided
feedback/advice. Advice popped up immediately after people
entered their BP reading as opposed to popping up when the
BP breached a certain threshold. Most of the feedback took the
form of simply displaying the user’s BP logs back to them in a
chart format (37/70, 53%). However, 9 of the 70 apps (13%)
provided an additional basic evaluation of the recorded BP
value, such as your BP is normal, and 6 apps (9%) coupled this
type of evaluative feedback with advice on actions to take, such
as (to a patient with a BP of 160/110) You are hypertensive
Urgency [sic]—please go to the hospital! Furthermore, 1 app
showed the patient’s BP values at different times of the day and
in different places [35]. In addition, 1 app showed the number
of days that met the preset optimized BP value [36].

general dietary advice was not provided in relation to the
monitored weight data.

Information
The third most common self-management support was
Information about condition and/or its management (30/151,
19.9%). The apps provided information such as news items
about hypertension, diagnostic criteria for HBP, how to perform
home monitoring, and specific advice for BP during pregnancy.
Patients could choose what information they wanted to read
and follow.

Other Less Common Features
One app that was tailored for patients with multiple conditions
provided an action plan template on the app. The template was
a free text template in which the patient should enter the
personalized agreement with their clinician on what to do if BP
was high or low and assigned a color (green, amber, and red)
for the specific action. Furthermore, 1 app (incurring a charge)
offered 24/7 Web consultation with a third-party health care
specialist team. Another app allowed patients to text the
specialist team for enquiries. None of the apps were found to
provide everyday activity training support.

Lifestyle Advice and Support

Features Associated With Downloads

The second most common category of self-management support
was Lifestyle advice and support (54/151, 35.8%). Examples
include DASH (Dietary Approaches to Stop Hypertension) [37]
and suggestions for low-sodium cooking recipes to help lower
BP. The recipes were not targeted to individuals, for example,

A total of 144 apps had the number of downloads displayed on
the Google Play store. Of these, the number of downloads
ranged from 1 to 500,000,000. These numbers provided
snapshots on the included app’s adoption rate. Furthermore,
90.3% (130/144) apps had fewer than 500,000 downloads, 9.0%
(13/144) apps had 500,000 to 50,000,000 downloads, 1 app was
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an outlier with more than 500,000,000 downloads and was
excluded in the regression analysis. Moreover, 2 apps included
a service in which health care professionals gave feedback to
patients. The number of downloads was available for one of the
apps that was available on the Google Play store, and it did not
attract a high number of downloads (number of downloads=100).
However, it is not clear how restricted the recruitment was for
this app. There were no missing data in the analysis. The results
of the simple linear regression analysis are shown in Table 2.
In addition, 1 feature (the inclusion of social support features,
such as a forum) was weakly correlated but achieved statistical
significance (R2=.04, P=.02). Perhaps, unsurprisingly, the
number of raters on the app stores (R2=.91, P<.001) was
associated with the number of downloads. A multiple regression
analysis showed significant impact from a combination of the
variables (R2=.92, P<.001), of which the number of raters was

Hui et al
the strongest contributor among the variables (coefficient=.96,
P<.001). Other variables had coefficients of .01 or .001 with a
P value that was more than .1. The details are shown in
Multimedia Appendix 2.

Features Associated With Average Rating
Of the 148 apps, the average rating ranged from 0 to 5 (out of
5). Furthermore, 113 ratings were from the Google Play store,
35 ratings were from the Apple app store. In addition, 14 apps
had an average rating of 5, 12 of them were rated 0. These apps
had been available on the app markets for less than a month.
Moreover, 2 apps in which health care professionals gave
feedback were not associated with high overall ratings (one
scored 0 and another 2.5). There were no missing data in the
regression analysis. There was little or no association between
the presence of PRISMS features and the number of downloads.

Table 2. R2 and P values of a simple regression analysis at 5% significance level for downloads (Data were sorted by the P values in ascending order).
Standardized coefficient

R2

P value

Social supportb

0.19

0.04

.02

Information about condition and/or its management

0.13

0.02

.12

Lifestyle advice and support

–0.08

0.01

.34

Training/rehearsal for practical self-management activities

0.05

<0.01

.56

Training/rehearsal for psychological strategies

–0.04

<0.01

.61

Information about available resources

–0.03

<0.01

.72

Regular clinical review

–0.03

<0.01

.76

Practical support with adherence (medication or behavioral)

–0.03

<0.01

.76

Training/rehearsal to communicate with health care professionals

–0.02

<0.01

.79

Provision of equipment

–0.02

<0.01

.81

Provision of/agreement on specific clinical action plans and/or rescue medication

–0.02

<0.01

.84

Monitoring of condition with feedback

–0.01

<0.01

.87

Provision of easy access to advice or support when needed

–0.01

<0.01

.91

Training/rehearsal for everyday activities

N/Ac

N/A

N/A

Number of ratersb

0.95

0.91

<.001

Rating

0.06

<0.01

.48

Paid

–0.05

<0.01

.57

Supported by associations or apps for a campaign

–0.04

<0.01

.65

Apps for multiple conditions

–0.03

<0.01

.72

Recommended by health care professionals/use in the NHS practices

–0.02

<0.01

.8

Numbers of features

0.01

<0.01

.89

Created by internationally BPd monitor/smart watch company

0.01

<0.01

.9

Variables
PRISMSa features

Other possible associated factors

a

PRISMS: Practical Reviews In Self-Management Support.

b

The independent variables with P values <.05, which were assessed as statistically significant.

c

N/A: not applicable.

d

BP: blood pressure.
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Table 3. R2 and P values of a simple regression analysis at 5% significance level for user ratings (Data were sorted by the P values in ascending order).
PRISMSa self-management features

Standardized coefficient

R2

P value

Provision of equipmentb

–0.23

0.05

.01

Monitoring of condition with feedback

–0.16

0.02

.07

Information about condition and/or its management

0.14

0.02

.13

Training/rehearsal for psychological strategies

0.13

0.01

.15

Training/rehearsal to communicate with health care professionals

0.08

<0.01

.41

Social support

–0.07

<0.01

.42

Practical support with adherence (medication or behavioral)

–0.06

<0.01

.50

Provision of easy access to advice or support when needed

0.06

<0.01

.51

Training/rehearsal for practical self-management activities

0.04

<0.01

.64

Lifestyle advice and support

–0.03

<0.01

.72

Information about available resources

–0.03

<0.01

.73

Regular clinical review

0.02

<0.01

.83

Provision of/agreement on specific clinical action plans and/or rescue medication

0.01

<0.01

.87

N/A

N/A

c

Training/rehearsal for everyday activities
a

N/A

PRISMS: Practical Reviews in Self-Management Support.

b

The independent variable with P values <.05, which were assessed as statistically significant.

c

N/A: not applicable.

The linear regression analysis in Table 3 showed that apps
designed specifically for particular BP monitors or smart
watches were weakly associated with having higher user ratings
(R2=.05, P<.001). Other PRISMS features [19] were not
significantly correlated with better reviews. Multiple regression
showed there was no significant association between a
combination of the features (Multimedia Appendix 2).

Discussion
Principal Findings
Current BP apps focus on monitoring with generic feedback,
lifestyle advice, and information about the condition. Monitoring
and feedback typically involve charts and summary logs. Only
7 apps provide specific advice about what to do if the BP is
high or low, and of these, only 1 provided advice based on a
clinical action plan agreed with a health care professional.
Lifestyle advice was mainly dietary advice, advising people to
reduce sodium intake to lower BP, or advice on exercise
intensity, weight loss, and stress management. None of them
provided any evidence for these interventions. The other 11
components of the PRISMS taxonomy were rarely featured in
the apps we reviewed.
There was no evidence to support associations between specific
features and the popularity of the app as implied by download
statistics and rating scores, with only 2 features achieving
borderline significant associations. Apps with more raters were
associated with more downloads; however, a more frequently
downloaded app will have a much larger potential pool to
provide reviewers, and therefore, the direction of causation is
unclear.
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Strengths and Limitations
This study maps the app features onto the PRISMS taxonomy,
a theoretically based list of components derived from a
systematic metareview of 969 trials and 30 qualitative studies
of self-management support interventions [19]. We initially
performed a search in February 2018 but updated this in August
2018. Despite detecting a large number of new apps, some
emerging apps may be missed in the study.
There are some methodological limitations. First, although we
investigated the relationship between the app features and the
number of downloads and the user rating in the app store, there
are many other variables, such as the ranking in the search
results in the app store or Google search engine or
recommendations from personal physicians, friends, and
relatives, which may also influence downloads and user ratings.
Second, for resource reasons, the data extraction and review of
the apps’ content was completed by 1 person. However, the
data were extracted by machine code to reduce the risk of human
error in data extraction. The results were discussed in a
multidisciplinary team to provide a broader interpretation of
the results. Third, the rating in the Google Play app store is the
sum of the average rating in each version of the app, whereas
the rating in the Apple app store is the sum of the app rating
over the total number of raters. We did not adjust the user ratings
in the regression analysis as the average rating of each version
was not available directly on the Google Play store. A yearly
follow-up data extraction is needed to calculate this information.
However, our review gives a snapshot of the current BP apps
in the market. Fourth, the number of downloads and users’ rating
reflected user perceptions rather than clinical effectiveness or
utility of the apps, nor did these measures provide information
on the sustained use of those apps. Nevertheless, it provides a
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e13257 | p.292
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consumer's view to inform app developers about possible
desirable features to be developed. Fifth, we excluded those
apps without continued support from their developers as a yearly
analysis is needed to review those apps. We think it is important
to focus the review on those that have survived the market.

Interpretation in Relation to the Published Literature
Little appears to have changed in the 2 years since Jamaladin
[38] conducted the content analysis on BP apps in 2016. Logging
of BP remains the most common feature in BP apps, with
feedback limited to providing graphical records of logs.
Research involving people with different long-term conditions
shows that people want clinical and customized advice on what
to do when their condition is getting worse (as published in Hui
et al [39] and the study by Mendiola et al [17]). App developers’
reluctance to develop apps with customized advice may relate
to concerns about potential medicolegal consequences and/or
the additional regulatory burden involved in meeting medical
device legislation requirements [40].
More remarkable is the very narrow focus of the BP apps. Our
use of the PRISMS taxonomy highlighted how rarely most of
the components of self-management support were provided by
the apps we reviewed. The taxonomy is described as a tick list
and not a check list as different components will be relevant in
different clinical and social contexts and to people with different
preferences. Nevertheless, it would seem that the technology
market has not yet recognized the potential breadth of
self-management support and produced an app that can flexibly
provide a broad range of features to support people to live with
their hypertension.
We found that a greater number of raters were associated with
higher downloads. This may seem obvious as a higher number
of users means that there are more consumers to rate an app.
However, there is evidence that online shopping customers tend
to purchase products with a large number of reviews [41].
Furthermore, there is evidence that users who do not engage
with the qualitative detail of app reviews tend to be greatly
influenced by the quantity of raters on the download page [25].
Downloads of apps linked to BP monitors and smart watches
may be driven by sales of the peripherals rather than the app.
In addition, the device is likely to be supported by a helpline,
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which may be a valuable feature for people less familiar with
app technology—potentially the older patients with hypertension
(Hui et al [39]).

Conclusions
The number of apps for people with hypertension is increasing,
but their functionality remains static, typically limited to logging
BP, offering lifestyle advice, and providing information about
hypertension. There is no clear evidence that these or any
specific features of apps are associated with increased
downloads or improved ratings.
We suggest app developers use an evidence-based framework
such as PRISMS to ensure that their apps include the breadth
of components that provide support for self-management. In
addition, it is important to review the app’s usage iteratively
and collect feedback from users (both patients and professionals)
to continuously improve features. Ideally, apps should be easy
to use, provide immediate feedback on the BP reading possibly
related to a clinician-recommended action plan, warn of
dangerous BPs, provide access to information about
self-management of BP and how to measure it properly, allow
users to opt for reminders to check BP and to take medications,
and to choose to communicate readings with professionals.
The challenge for app developers is to look outside their comfort
zone of features that are technologically straightforward and to
produce a flexible app that connects with
health/social/community services to enable it to respond to the
known breadth and diversity of support that will enable people
to live with and self-manage their hypertension.
Devices that provide advice based on received readings are
classed as medical devices and must pass stringent and
expensive evaluations to satisfy the Medicines and Health care
Products Regulatory Agency before they can be sold in the
European Union. In theory, even small subsequent changes in
an app (common in nonmedical apps) require recertification.
In addition, some companies are concerned about the possibility
of being held liable for any harm, which may befall patients
using the app. These concerns have led to a reluctance in app
developers to go beyond simple monitoring to provide action
plans. Legislative and regulatory changes may be required to
stimulate the development of more intelligent medical apps.
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Abstract
Background: Young people with sickle cell disease (SCD) often demonstrate low medication adherence and low motivation
for effectively self-managing their condition. The growing sophistication of mobile phones and their popularity among young
people render them a promising platform for increasing medication adherence. However, so far, few apps targeting SCD have
been developed from research with the target population and underpinned with theory and evidence.
Objective: The aim of this study was to develop a theory-and-evidence-based medication adherence app to support children
and adolescents with SCD.
Methods: The Behavior Change Wheel (BCW), a theoretically based intervention development framework, along with a review
of the literature, 10 interviews with children and adolescents with SCD aged between 12 and 18 years, and consultation with
experts informed app development. Thematic analysis of interviews provided relevant theoretical and evidence-based components
to underpin the design and development of the app.
Results: Findings suggested that some patients had lapses in memory for taking their medication (capability); variation in beliefs
toward the effectiveness of medication and confidence in self-managing their condition (motivation); a limited time to take
medication; and barriers and enablers within the changing context of social support during the transition into adulthood (opportunity).
Steps were taken to select the appropriate behavioral change components (involving behavior change techniques [BCTs] such as
information on antecedents, prompts/cues; self-monitoring of the behavior; and social support) and translate them into app features
designed to overcome these barriers to medication adherence.
Conclusions: Patients with SCD have complex barriers to medication adherence necessitating the need for comprehensive
models of behavior change to analyze the problem. Children and adolescents require an app that goes beyond simple medication
reminders and takes into account the patient’s beliefs, emotions, and environmental barriers to medication adherence.
(JMIR Mhealth Uhealth 2019;7(6):e8130) doi:10.2196/mhealth.8130
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children; adolescents; sickle cell disease; medication adherence; models, theoretical; mHealth
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Introduction
Sickle Cell Disease—A Global Health Priority
Sickle cell disease (SCD) is among the most prevalent hereditary
blood disorders in the world [1], leading the World Health
Organization to prioritize it as a global health issue in 2006 and
2010. SCD causes red blood cells to become sickle-shaped
which restricts the flow of blood and the transportation of
oxygen [2]. Life-threatening complications include infections,
acute chest syndrome, stroke, and multiorgan failure [3].
However, by far, the most frequent complications are acute
vaso-occlusive events resulting in severe pain episodes. The
episodes (also known as pain crises) are predominantly managed
within the home environment but require hospitalization when
there are complications or when the pain becomes too great [4].
In the past decade, several new medications have been
developed to improve the duration and quality of patients’ lives
[5], resulting in medication adherence becoming fundamental
to patients’ self-management of their condition. However,
systematic review evidence indicates that medication adherence
is moderate among children and adolescents [5]. Poor adherence
results in reduced effectiveness of medication, increased
susceptibility to complications, and medication wastage [6,7].
It is paramount that health care professionals support young
patients in developing autonomy and self-management skills
[8]. The challenge globally is the serious shortage of health care
services to provide support for patients with SCD. The rising
migrant populations necessitate the need now more than ever
to provide accessible services despite language, culture,
finances, ethnicity, and geolocation. Consequently, this has led
to growing interest in developing tailored electronic health
technologies to support the day-to-day needs of patients.
Research has demonstrated an increase in medication adherence
among children using short message service (SMS) technology
[2], whereas other research has achieved a medication adherence
rate of 93% by using electronic directly observed therapy [9].

Sickle Cell Disease Mobile Health Apps
Mobile health (mHealth) apps offer state-of-the-art approaches
to intervention design, delivery and diffusion of treatment and
prevention efforts [10]. Key behavior change techniques (BCTs)
important for self-management are optimized through this
medium, such as self-monitoring techniques [11], which
continue to increase in sophistication [12]. So far, there is
growing evidence related to the acceptability and usability of
SCD apps aimed at monitoring various symptoms such as pain
and fatigue [13-15] and enabling medication reminders [9,16].
They can also enhance communication with health care
providers, provide general health management [14], and provide
therapeutic interventions such as cognitive behavioral therapy
[17,18]. A recent systematic review [19] reported the efficacy
of 1 mobile app feasibility study in improving medication
adherence after a 6-month follow-up [20]. However, more
research is needed to evaluate the mobile app’s efficacy and
effectiveness for self-managing SCD using careful methods and
theoretical underpinnings [19].
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A 2013 Cochrane review of asthma self-management apps [21]
concluded that future app-based interventions should be
underpinned with relevant theoretical frameworks to identify
the impact of individual app features on patient outcomes [19].
However, a recent content analysis of 166 medication adherence
apps showed that the use of evidence-based BCTs were low
[22]. According to Carpenter et al, development of app features
that truly implement theoretical constructs remains an
undeveloped area, and most medication adherence and disease
management apps fail to report any theoretical underpinnings
[23], including SDC apps [21,24]. A mobile app is a
cost-effective health care intervention [25,26] to support
patients’ medication adherence. Therefore, this study aimed to
develop a theory and evidence-based medication adherence app
for children and adolescents with SCD.

Intervention Development Framework
The Behavior Change Wheel (BCW), a theoretically based
intervention development framework, was used to guide app
development [27]. The BCW is coherent, grounded in a model
of behavior (described in the Methods section), and inclusive
of all possible intervention strategies. The research draws on a
core component of the BCW: the Capability Opportunity,
Motivation-Behaviour (COM-B) model that helps to identify
important levers for change for the new behavior to occur. It
then uses the next steps in intervention development to help
bring about change in the new behavior through identifying
intervention functions (IFs) and BCTs.
The BCW framework accepts that behavior can essentially
derive from a combination of theoretical components within a
behavioral system [27]. The research also draws on the next
layers of the wheel, IFs, which are defined as expansive
classifications through which an intervention can modify
behavior [27]. The 9 IFs identified are as follows: education
(increasing knowledge or comprehension), persuasion (evoking
emotions to stimulate action), incentivization (an expectation
of rewards for behavior), coercion, (expectation of punitive
consequences and costs), training (transmitting skills),
restriction (using rules and regulation to reduce behavior),
environmental restructuring (modifying the physical or social
environment), modeling (providing an exemplar of behavior
for people to emulate), and enablement (increasing the means
to carry out the behavior) [27]. IFs can be further broken down
into strategies enabling behavior change labeled as BCTs,
representing the observable, replicable, and active ingredients
in an intervention that directly bring about behavior change
[28].

Methods
The app development process drew on the BCW for guidance
on understanding the target behavior of medication adherence
and how to address this behavior through the use of relevant
BCTs. The following section provides details of the steps taken
during this process.

Stage 1: Understanding the Behavior
The first stage involved a number of steps to understand the
behavior.
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Step 1: Defining the Problem
Stakeholder meetings with pediatricians along with a review of
the literature helped to define the problem.

Step 2: Selecting the Target Behavior
Stakeholder meetings helped to consider all potential
self-management behaviors. However, as previously noted, the
BCW recommends starting with only 1 or 2 target behaviors
and gradually building on these [22,27]. Selecting the target
behavior involved consultation with 2 pediatricians with
expertise in SCD and e-learning and a review of the literature.

Step 3: Specifying the Target Behavior
The behavior was then specified for this target population in
terms of the context in which the target behavior occurs.

Step 4: Identifying What Needs to Change
This step involved conducting empirical research using a
qualitative research design guided by the COM-B model [29]
and Theoretical Domains Framework (TDF [30,31]) to explore
barriers and enablers to patients’ capability, opportunity, and
motivation toward medication adherence. The TDF is a
framework that amalgamates central theoretical constructs from
a wide range of behavior change theories. It classifies 14
significant domains such as skills and emotion, which influence
behavior and are possible targets for change [31]. The TDF can
be demarcated into 3 core elements of human behavior:
capability (C), opportunity (O), and motivation (M) [32]. The
COM-B model purports that behavior (B) is a consequence of
the interactions between a person’s physical and psychological
capabilities (C) to utilize social and environmental opportunities
(O) via automatic or reflective motivations (M) [33]. The
qualitative research involved conducting 10 interviews with
children and adolescents with SCD.
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Participants were paid 30 euros for their participation in the
research. A non-native German speaking female interviewer
(37 years old) conducted the interviews lasting 30 min. The
interviews consisted of semi-structured questions (see Table 1
for the schedule of topics) developed from a review of existing
research [5,9,35-37] and structured using the COM-B and TDF
to explore barriers and enablers to patients’ capability,
opportunity, and motivation to self-manage their condition, with
a focus on medication adherence. For example, the TDF domains
of memory, attention, and decision-making processes included
questions such as “What are your thoughts on how well you
remember to take your medication”, and environmental context
and resources included questions such as “What are your
thoughts on the things in your environment that make it difficult
to take your medication?” Upon permission of the participants,
the interviews were audio-recorded, transcribed, and translated
into English for analysis.

Thematic Analysis of the Interview Data
Demographic data were analyzed using descriptive statistics.
Transcripts were analyzed by 2 independent researchers using
recognized principles for conducting thematic analysis [38].
This involved deductively coding the data for their basic
meaning before mapping to the COM-B and TDF. This analysis
helped to perform a behavioral analysis of the problem wherein
theoretical domains were identified as targets for change [29].
In addition, the reliability of the qualitative data was further
enriched by the use of an additional trained qualitative researcher
who was familiar with the BCW framework and TDF, who
independently coded 10% of the data to establish interrater
reliability. An agreement of 11/14 TDF domains were
established on discussion, and full agreement was reached. An
interrater reliability of .79 is generally considered to be an
acceptable rate [39].

Participants

Stage 2: Identifying Intervention Strategies

Patients were recruited through Charité University Hospital,
Department of Pediatric Hematology and Oncology. All patients
were considered eligible if they suffered from SCD, were treated
with hydroxycarbamide, owned a smartphone, and were aged
between 12 and 18 years. They were invited to take part in the
development of an app at the end of their routine face-to-face
consultation with the pediatrician. Upon agreement, patients
were then telephoned to arrange a time to conduct the interview.
Information on demographics, technology use, and smartphone
ownership was collected before the interviews (see Results
section). Ongoing analysis was conducted across interviews
until it became clear that no new codes were emerging from the
data, and therefore, recruitment for new participants ceased
[34].

Step 5: Identifying Intervention Functions

Procedure
Interviews took place in a private room in the hospital where
parent informed consent and child informed consent were
obtained where necessary, before interviews commenced.

http://mhealth.jmir.org/2019/6/e8130/

XSL• FO
RenderX

According to Michie et al, the behavioral diagnosis drawn from
the COM-B and TDF tools for understanding the behavior
represents the foundations for intervention design. Once the
profile of COM-B and TDF domains has been identified as
important levers for change, the next stage is to select from a
range of IFs provided by the BCW framework [27].
The BCW framework provides a table mapping relevant IFs
likely to bring about change in specific COM-B and TDF
domains to help conduct this task. However, it was also
necessary to review the BCTs that the BCW has mapped to IFs
to see how they align with the TDF domains identified.
Therefore, the mapping process underwent a cyclical process
where BCTs were mapped back to IFs. The next step involves
delineating these IFs into specific BCTs. The authors of the
guide purposely used the term functions to indicate that BCTs
can have more than 1 IF [27].
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Table 1. Schedule of questions for interviews.
COM-Ba model and TDFb

Topic question

Psychological capability
Knowledge

•
•
•
•

What are your thoughts on how much you know about Sickle Cell Anemia (Prompt:
Can you describe what it is?)
What are the complications of the condition?
How is the condition treated?
How does the medication (specify which one) for the condition work?

Skills

•
•

Do you know how to take your medication?
What are your thoughts on any measures that you can take to prevent the condition
getting worse?

Memory, attention, and decision-making processes

•
•

What are your thoughts on how well you remember to take your medication?
Do you normally set a reminder to take your medication?

Behavioral regulation

•

Do you have a way of monitoring whether you have taken your medication every
day? (If no, why not? If yes, how?)

Environmental context and resources

•

What are your thoughts on the things in your environment that make it difficult to
take your medication? (Prompt: lack of time, lack of privacy)

•

What are your thoughts on how much support you receive from your parents for
your condition?
What kind of support do you receive from your local community?
What kind of support do you receive from your close friends?
What kind of support do you receive from your school/teachers?
Do you have any further ideas on how family and friends can support you in an app?

Social opportunity
Social influences

•
•
•
•
Reflective motivation
Social identity

—c

Beliefs about capabilities

•

Optimism

—

Beliefs about consequences

•
•
•
•

How confident do you feel about managing your condition? (Prompt: remembering
to take your medication, managing your moods, managing the pain)

What do you believe might happen to your body if you take your medication?
(Prompts: what are your beliefs on whether medication will make your illness worse
or better?)
What are your thoughts around side effects?
What are your thoughts around how serious your condition is?
What are your thoughts on whether it takes too much time and effort to take your
medication during your daily routine?

Intention

•

Do you intend to take your medication every day? (Prompt: If not, why not?)

Goals

•

What are your thoughts on your goals for taking medication?

Reinforcement

•
•

What would be an incentive to take your medication?
We have had some ideas of how features in an app can help to incentivize children
to take their medication

Emotion

•

What are your thoughts on whether your moods make your physical symptoms worse
or better? How could the app help you to manage your moods better?
Does taking your medication cause any emotional reactions and feelings?

Automatic motivation

•
a

COM-B: Capability Opportunity, Motivation-Behavior.

b

TDF: Theoretical Domains Framework.

c

Not applicable.
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Step 6: Identifying Behavior Change Techniques

Step 7: Translating Findings Into App Features

Mapping BCTs to intervention functions involved 2 steps: First,
the BCW table for mapping IFs to relevant BCTs provided a
candidate list of BCTs to use for the intervention. As previously
mentioned, selecting IFs also required looking forward to
ascertain which BCTs that the BCW maps to IFs aligned with
the TDF domains and context of an app. Therefore, some BCTs
were already selected if they were relevant to bringing about
change in the TDF domain. This step also involved reviewing
a systematic review of medication adherence among pediatric
patients with SCD [5].

Consultation with the project team in the form of a workshop
(app developers, pediatricians, and behavioral scientist) helped
to translate the intervention mapping results into app features.
The process involved the behavioral scientist (KC) presenting
key findings using the intervention mapping table to the project
team. Specifically, the table helped to communicate which BCTs
were required to change medication adherence behavior. This
then instigated discussions on how these techniques could be
operationalized in the app, leading to decisions on app features.
Further meetings via Skype also involved the design company
(comprised user experience experts) to help with the
development of engaging app features. Table 2 below presents
the sample demographics and mobile phone usage.

Table 2. Demographics and mobile phone information (N=10).
Demographics

Values

Origins of parents (N=20), n (%)
Lebanon

7 (35)

Nigeria

6 (30)

Angola

3 (15)

Sierra Leonne

2 (10)

The Congo

1 (5)

Palestine

1 (5

Gender, n (%)
Female

6 (60)

Male

4 (40)

Age (years), mean (range)

14 (11-17)

German citizenship, n (%)

8 (80)

Living status, n (%)
Not living alone
Number of people living in household, average (range)

9 (90)
4 (3-6)

Parents’ employment status, n (%)
Mothers unemployed (n=9)

5 (56)

Mothers employed full time (n=9)

4 (44)

Fathers employed full time (n=7)

4 (57)

Fathers employed part time (n=7)

2 (29)

Fathers self-employed (n=7)

1 (14)

Smartphone ownership and access to the internet, n (%)

10 (100)

Frequency of mobile phone use, n (%)
Daily

9 (90)

2-3 times a week

1 (10)

Results
Step 1: Defining the Problem
The problem was defined by the stakeholder group as too many
children and adolescents with SCD not successfully
self-managing their condition.
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Step 2: Selecting the Target Behavior
Pediatricians reported that medication nonadherence was a
serious problem among their patients. This was also bolstered
with systematic review evidence indicating medication
adherence is low among young people, resulting in detrimental
effects to their health [5-7]. Therefore, supporting children and
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adolescents with their medication adherence was identified as
the target behavior.

Step 3: Specifying the Target Behavior
The global term, medication adherence, incorporates initiating
the prescription, actual dosing in relation to the prescription,
and persisting with treatment. Adherence relates simply to the
behavior itself—using treatment at the right time, for the right
period, in the right quantity, and in the right manner [40]. Table
3 below specifies the target behavior by detailing who needs
perform the behavior, when, where, how and with whom.

Step 4: Identifying What Needs to Change
The behavioral analysis (shown in Table 4) revealed barriers
and enablers in all 3 COM-B domains and the following 10
TDF domains involving the following: limited knowledge
related to the disease itself and how the mediation works
(knowledge); Forgetting to take medication and set reminders
(memory, attention, and decision processes); lack of external
monitoring and reminders (behavioral regulation); limited
confidence related to medication adherence (beliefs about

Curtis et al
capabilities); limited importance of regular medication
adherence, priority for other influences on health such as religion
and negative consequences on taste and social life (beliefs about
consequences); perceived limited support required during the
transition to adulthood (social identity); intrinsic goals such as
excelling at sports provided motivation to medication adherence
(goals); emotional responses to taking medication and managing
pain (emotion); perceived limited time to take medication, being
outside of the home environment and other health professionals
(environmental context and resources); and an over reliance on
parents to remember to take medication and importance of peer
support (social influences). The subthemes taken forward for
intervention development are highlighted in italics in Table 4
below.

Steps 5, 6, and 7: Intervention Mapping Table
The intervention mapping table shown below (Table 5) shows
the mapping of determinants, intervention strategies, and
potential app features. This is where the results from the COM-B
and TDF analysis were mapped onto 15 BCTs as guided by the
BCW.

Table 3. Specifying the target behavior.
Target behavior

Medication adherence

Who needs to perform the target behavior?

Children and young people with sickle cell disease

When do they need to perform the behavior?

Every day (at a time suitable for their schedules)

Where do they need to perform the behavior?

At home and outside of the home

How often do they need to perform the behavior?

Once a day

With whom do they need to perform the behavior?

By themselves (or parents)
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Table 4. Behavioral analysis of the influences on patients’ medication adherence. Subthemes in italics were taken forward for intervention development.
COM-Ba model, TDFb, and subtheme

Quote

Psychological capability
Knowledge
Perceived good knowledge of self-management of condition

I don’t have the same stamina, as other teenagers of my age. I have to
dress warmly in the winter, or else I’ll have pain. I’m more susceptible
when I do sports, I’m not supposed to overexert myself, I can get injured
quickly. My hips are inflamed because of overexertion during sports [P10].

Perceived good knowledge of task/environment “what to do”

You have to go see Dr. Lobitz every 3 months, once a year an annual
check-up, when they run all the tests. I also have to take penicillin every
morning and every evening, and Siklos every evening, and Ibuprofen when
I’m in pain [P10].

Limited knowledge in relation to how the medication
works—scientific rationale

Don’t know [P2].

Limited disease knowledge

Not so much. There are these white blood cells that get into your bones
[P4].

It’s a medication for not having pain. If you don’t drink enough, this pill
helps [P3].

Skills
Good knowledge and skills in relation to how to take the medica- 1 ½ film-coated tablets every day. You can take them in the morning or
tion
in the evening [P6].
Good knowledge and skills in relation to prevention

I’m more susceptible when I do sports, I’m not supposed to overexert
myself, I can get injured quickly. My hips are inflamed because of
overexertion during sports [P10].
...dressing warmly, if you’ve been swimming, put a towel on right away
[P2]

Memory, attention, and decision-making processes
Medication taking is part of a routine

It’s just something I do, take a pill before I go to bed. It’s become my
routine. If I’m on a school trip or spending the night at a friend’s house,
I also bring it along and take it [P9].

Forgetting to take medication

Sometimes I forget, pretty often, actually. My mom helps me remember,
my dad and my sister too [P2].
Very poorly. I need this app. I always forget [P6].

Forgetting to set external reminders

Yes, I set the alarm clock on my cell phone for nine, for example. It helps,
but sometimes I forget to set the alarm clock [P2].

Behavioral regulation
Lack of external monitoring device for medication intake

No – I haven’t ever considered it [P5].

Reflective motivation
Intentions
High intentions and adherence to morning and evening medication It goes without saying. In the morning I wake up, I take my penicillin and
intake
I go out. In the evenings it’s also like that, I just take them. If I’m spending
the night at a friend’s house, I take the medications first and then I go to
my friend’s house [P10].
Beliefs about capabilities
Self-confidence: high and moderate confidence in relation to how Very confident. I’m old enough to know what I have to do [P2].
well they can self-manage the condition
50/50. Taking my medication is the only problem I have [P6].
Beliefs about consequences
High and low importance and relevance to the perceived conse- Skipping it one day is not a biggie, but if you don’t take it for several
quences of nonadherence to treatment
months, you’ll get weaker, you’ll feel worse, you’ll have no more strength
or energy. The pain will probably also get worse [P10]
If I don’t take my medication, it doesn’t make any difference [P6].
Religion has a greater importance compared with medication
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Then my mother told me, God will not let you die at the age of 40 because
you haven’t taken your medication [P6].
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Thoughts on medication intake negative consequences (physical) XXX is uncomfortable to swallow. It doesn’t have any taste, but it starts
dissolving in your mouth, that’s a disgusting feeling [P10].
Thoughts on medication intake negative consequences (social)

It bothers me when I’m at a friend’s house, and we’re talking, and then I
have to break up the conversation to say, I have to take my pill now. That’s
annoying [P8].

Social identity
Personal identity

I am older and I can manage [P10].

Goals
Clear goals driving intrinsic motivation

I have a goal, to be able to be the best I can be at sports. That’s my motivation [P10].

Automatic motivation
Reinforcement
Physical consequences of not taking medication long term

...if you skip it more often, you can get sick [P5].

Remembering to take medication is easier when it becomes a
habit

I always remember, it’s a question of habit [P3].

The home environment

I put the pills somewhere where I’ll see them right away, someplace where
I’ll definitely see them this evening. That works well [P9].

Emotions
Variation in beliefs toward the connection between emotions and There’s no connection. When I have pain, I just take medication; I always
pain
feel the same [P10].
Thinking of good things helps when you’re in pain [P7].
When something bad happens, pain gets worse [P2].
Negative emotion toward medication taking

It sometimes makes me sad, because I don’t want to be taking medicine,
but I have to [P7].

Social opportunity
Social influences
Peer support during unwell periods

My friends know about my condition. They send me messages on WhatsApp
when I’m sick. When I write to my class on WhatsApp that I’m sick and
not coming to school, they all write to me and tell me to get better. This
makes me happy [P1].

Practical parental support for taking medication

If I’m watching TV, my mother comes and tells me I should take my medication [P7].
They help me. They prepare my medication for me so that I can take it
quickly and get on doing other things in my daily routine [P3].

Emotional parental support for pain crises

But home when I’m with my mom, I can be like, “Aaa mama I have this
stomach ache!” [P6].

(Minimal) parental support only important support explicitly
perceived as needed (older children)

My mother accompanies me sometimes to my appointments with Dr XXX.
Gradually she’s been helping me less and less, I’m old enough already.
We’ve both decided that I can go to those appointments on my own [P10].

Peer support for medication adherence and management of
condition

If I’m staying at a friend’s house late, I take my medication with me and
my friends tell me when to take it [P7]; If we’re in PE, they tell me to sit
down and tell the teacher if I’m not feeling well. When we go swimming,
they come out of the water with me and go with me to fetch something to
eat and drink, because I’m not supposed to stay in the water for too long.
They ask me whether I’ve taken my medication [P5].

Physical opportunity
Environmental context and resources
Limited time to take medication
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When I have to get dressed quickly and go to school, my school is far
away, I have to do everything quickly. I don’t have enough time and then
I forget [P2].
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Being outside of the home environment

When I come home from the street, I don’t think about it [P6]; If I’m out
and about or if I have to take it at a different time [P2]; When I’m at a
friend’s house, every once in a while I forget to take my medication [P5].

Other health professionals

When [my regular] doctors aren’t there, the others don’t know how to
treat me [P7].

COM-B: Capability Opportunity, Motivation-Behavior.

b

TDF: Theoretical Domains Framework.
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Table 5. Final intervention mapping table.
COM-Ba model, TDFb and subtheme

Intervention functions

Behavior change techniques App features

Perceived disconnection between thoughts
and moods and effects on their condition

Education

Information about antecedents, self-monitoring
of behavior

Quiz, mood tracker

Limited knowledge in relation to how the
medication works—scientific rationale

Education

Information about health
consequences

Quiz related to biological causes of
sickle cell disease and effects of medication

Psychological capability
Knowledge

MADMPc
Forgetting to take medication

Environmental restruc- Prompts/cues
turing

Medication reminders

Behavioral regulation
Perceived behavioral control: Not using
external monitoring device for medication
intake

Environmental restruc- Self-monitoring of the behav- Medication diary. Record how many
turing
ior, feedback on the behav- tablets they have taken each day and
ior, social support (practical) when they have missed one. Buddy
messenger—A chosen close friend can
also monitor medication adherence and
send a reminder them to take medication

Reflective motivation
Beliefs about consequences
Little importance and relevance of the per- Education
ceived consequences to medication adherence (religion)

Information about health
consequences

Quiz, persuasive messages (in-app notifications). Explain that not taking
medication can result in a pain crises
and serious complications

Negative consequences on medication intake (physical)

Enablement

Problem solving

Quiz, tips

Thoughts on medication intake negative
consequences (social)

Enablement

Problem solving

Quiz, tips

Perceived limited time to take medication

Education enablement

Information about health
consequences, problem
solving

Quiz, tips

Self-confidence in remembering to take
medication

Environmental restruc- Problem solving,
turing enablement
prompts/cues

Medication reminders, tips

Personal identity, transition to adulthood

Education, modelling

Information about health
consequences, problem
solving, social comparison,
modeling

Quiz, tips, patients’ stories on how they
are coping with their condition. Users
can view each other’s avatars to see
how many points they have for medication adherence and appointments

Group identity (interest in how other patients are coping)

Modeling

Social comparison, modeling

Patients stories on how they are coping
with their condition

Persuasion

Goal setting (outcome)

Encourage them to set their own goals
for taking their medication (prompt: so
they can take part in sports, hang out
with friends)

Enablement

Reduce negative emotions,
Practice habit formation

Comical anecdotes (jokes) and videos
to distract from the pain, relaxation
videos, and audios

Social Identity

Goals
Clear goals driving intrinsic motivation

Automatic motivation
Emotion
Connection between stress and pain
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Intervention functions

Negative emotion toward medication taking Enablement, modeling
(reliance and interference with social activities)

Behavior change techniques App features
Reduce negative emotions,
Social support, Problem
solving, Action planning

Comical anecdotes (jokes), other patient stories on how they manage their
medication adherence, messages to
friends, encourage them to make a plan
of how to take medication when they
are socializing

Social Opportunity
Social influences
Peer support

Environmental restruc- Social support (practical and Tips. Advise to call or text a friend
turing, enablement
emotional)
when they need to distract from the
pain

Physical opportunity
Environmental context and resources

a

The home environment

Environmental restruc- Add objects to the environturing
ment

Tips. Advise to keep their medication
on show in a place in their home they
will see it

Outside of the home environment

Environmental restruc- Prompts/cues, Action planturing, enablement
ning, Behavioral practice

Medication reminders, encourage a
plan to take medication when going out
socially, instruct the person to practice
taking medication in a social context

Other health professionals

Environmental restruc- Adding objects to the envituring, enablement
ronment

Health record

COM-B: Capability Opportunity, Motivation-Behavior.

b

TDF: Theoretical Domains Framework.

c

Memory, attention, and decision-making processes.

Overall Concept of MyMate&Me
The following app features were chosen for the first release:
Avatar (Figures 1 and 2)—a cartoon figure of a boy or girl
accompanies the patient throughout his or her interaction with
the app. The patient is encouraged to earn bonus points through
being active in various app sections to dress the avatar with new
clothes, accessories, or even facial hair. Tip of the day (Figure
3)—important information on day-to-day coping with the
disease, sometimes providing gender-specific tips and dispelling
myths. Daily Quiz (Figure 4)—points can be earned for
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answering quiz questions correctly. If a quiz question is
answered incorrectly, the right answer is provided, increasing
the patient’s awareness of different aspects of his or her disease.
Mood Tracker (Figure 5)—Users can tilt the phone to indicate
which mood they are in. Medication and Appointment Reminders
(Figure 6)—points are earned for confirming that medication
has been taken and appointments have been kept. Patients can
see the avatars of other patients using the app and compare their
scores. Emergency section (Figure 7)—includes crucial
information for health professionals unfamiliar with the disease
and quick emergency call and text options.
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Figure 1. Avatar.

Figure 2. Avatar with clothes options.
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Figure 3. Tip of the Day.

Figure 4. Daily Quiz.
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Figure 5. Mood Tracker.

Figure 6. Medication Reminder.
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Figure 7. Emergency card.

Discussion
Principal Findings
Previous research in relation to medication adherence supports
the findings in this study, indicating that nonadherence can
result from forgetting [40], children disliking the taste [41], and
the transition from childhood to adulthood [35]. Chronic
illnesses affect young people in a myriad of different ways as
they transition into adulthood and adult care [8]. Parents have
been largely responsible for ensuring their children self-manage
a chronic condition such as taking their medication [8].
Furthermore, evidence suggests that parents’ perceptions of
whether the medication will work also predicts medication
continuity which aligns with the religious influence on
medication adherence reported by one of the participants [42].
Previous research suggests that parents are concerned with their
child’s transition into adulthood where there is a need for
children to take more control and responsibility toward their
condition and to self-manage [33]. Patients need to be able to
self-monitor their medication adherence and self-manage their
condition as they grow older, and this can supported in the
MyMate&Me app through features that enable reminders,
self-monitoring, feedback on their behavior, support from peers,
and problem solving.
In line with previous research, some participants reported that
their mood, stress, and anxiety exacerbated their pain symptoms
as reported in previous research with this population [13]. This
research also provides new insights among older children where
they reported negative emotions around their reliance on
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medication and its interference with social activities.
Furthermore, being outside of the home environment was also
cited as a barrier to medication adherence: there were no
environmental cues to remind them to take their medication
and/or a lack of suitable places to take them in privacy.
Theoretical domains targeted for change were mapped onto 15
BCTs which also align with the components for
self-management proposed in the Practical Reviews In
Self-Management Support (PRISMS) taxonomy [43]. Although
many of these BCTs have been found collectively across
medication adherence apps on the market, individual apps have
only been underpinned with 2 to 3 of these BCTs. In addition,
most have only used Action planning and a Prompt/cue. This
study also highlighted the need for BCTs: Goal setting
(outcome), Problem solving, and Reducing negative emotions,
which are missing in the review of medication apps [22].

Strengths of the Research
Drawing on a theoretically grounded and evidenced-based
intervention development framework, along with conducting
research with the target audience, has resulted in the first
theory-and-evidence-based app for medication adherence for
children and adolescents with SCD. The findings have
highlighted barriers that go beyond simply forgetting to take
their medication (as focused on in current SDC medication
adherence apps), where emotions and social life are perceived
to play a pivotal role in medication adherence, particularly
during the transition from childhood to adulthood.
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Limitations of the Research
The empirical research engaged a small purposive sample.
Consequently, the identified views on the facilitators and barriers
to medication adherence may be less representative of other
young people with SCD. However, qualitative research may
not require a high number of participants before reaching data
saturation, and randomization is more suited to quantitative
inquiry [44]. The qualitative approach followed, enabled a richer
reflection of the barriers and facilitators to the target behavior,
and assessed the contribution of the sociocognitive and external
factors influencing the target behavior. In addition, the age range
of participants may be considered as too wide, raising concerns
about the study’s ability to capture the different issues relating
to medication adherence. However, the qualitative nature helps
to overcome this by allowing participants to give an in-depth
account of their experiences.
There are also a number of limitations with the application of
the BCW approach. Selecting which BCTs to use in the
intervention represented a challenging process as the BCT (v1)
at the time of research did not link individual BCTs to their
theoretical determinants. However, recently, a Web-based tool
has been launched to support this process and specifically links
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BCTs with theoretical determinants known as mechanisms of
action [45]. However, as noted by Orji and Mandryk, using a
mapping process for intervention development, is always subject
to interpretation [46]. The process of selecting IFs was
challenging because many of the same BCTs belonged to
different IFs. However, the IM table was reviewed by 2 health
psychologists to help overcome these challenges.

Future Research
The app is now undergoing formal usability testing with patients.
In addition, nonintrusive data collection such as usage data of
app features (which correspond with BCTs) and their correlation
to behavior change will help to measure engagement with the
intervention as proposed in other mHealth research [47].

Conclusions
Patients with SCD have complex barriers to medication
adherence which can only be identified in using comprehensive
enough models and frameworks of human behavior such as the
COM-B and TDF. As such, existing apps lacking a theoretical
underpinning do not go far enough in supporting young people
with SCD; focusing only on 1 or 2 aspects of medication
adherence such as reminders and medication logs.
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Abstract
Background: Despite high rates of smartphone ownership in psychiatric populations, there are very little data available
characterizing smartphone use in individuals with mental illness. In particular, few studies have examined the interest and use of
smartphones to support mental health.
Objective: This study aimed to (1) characterize general smartphone app and social media usage in an acute transdiagnostic
psychiatric sample with high smartphone ownership, (2) characterize current engagement and interest in the use of smartphone
apps to support mental health, and (3) test demographic and clinical predictors of smartphone use.
Methods: The survey was completed by all patients attending an adult partial hospital program, with no exclusion criteria. The
primary outcomes were frequency of use of general and mental health smartphone apps (smartphone use survey) and the frequency
of social media use and phone-checking behavior (mobile technology engagement scale).
Results: Overall, 322 patients (aged mean 33.49, SD 13.87 years; 57% female) reported that their most frequently used app
functions were texting, email, and social media. Younger individuals reported more frequent use across most types of apps.
Baseline depression and anxiety symptoms were not associated with the frequency of app use. Participants reported health care,
calendar, and texting apps as most supportive of their mental health and social media apps as most negatively affecting their
mental health. Most patients reported an interest in (73.9% [238/322]) and willingness to use (81.3% [262/322]) a smartphone
app to monitor their mental health condition. Less than half (44%) of the patients currently had a mental health app downloaded
on their smartphone, with mindfulness and meditation apps being the most common type.
Conclusions: The high interest in and willingness to use mental health apps, paired with the only moderate current reported
usage, indicate a potential unmet treatment opportunity in psychiatric populations. There is potential to optimize non-mental
health–specific apps to better support the needs of those with mental illness and to design a new wave of mental health apps that
match the needs of these populations as well as the way they use smartphones in daily life.
(JMIR Mhealth Uhealth 2019;7(6):e13364) doi:10.2196/13364
KEYWORDS
mobile health; smartphone; social media; serious mental illness

Introduction
Estimates from 2018 suggest that 77% of the US population
owns a smartphone [1]. The availability of smartphone apps
https://mhealth.jmir.org/2019/6/e13364/
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designed to enhance wellness or support mental health has also
grown exponentially, with over 10,000 available [2]. Studies
document a strong interest in using smartphones to promote
mental health in individuals with mental illness. In a
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meta-analysis of individuals with psychosis, 60% endorsed
interest in using their phone to monitor their mental health [3].
In addition, over half of them were interested in using their
phones to obtain health care information, receive appointment
or medication reminders, and facilitate contact with providers.
Approximately 30% of participants recruited from community
mental health centers reported using apps for enhancing physical
wellness, primarily to support exercise, diet, and weight loss
[4], although participants were not queried about using apps for
specific mental health purposes. Individuals receiving outpatient
psychiatric care report similar levels of interest in using
smartphones to track mental health (56% to 84%) [5-7].
Beyond this handful of studies, most of the existing data on
smartphone use in individuals with mental illness focus on social
media. Reports of social media use among individuals with
serious mental illness (SMI) range from 33% to 71%, with
Facebook and Twitter identified as the most frequently used
platforms [4,8-10]. Most users reported engaging with social
media daily, with higher use for younger individuals [4,9-12].
Individuals with SMI reported using social media for reasons
such as interacting with friends, family, or others outside the
home as well as for searching for health-related information; in
addition, interest in mental health programs delivered through
social media was high [4,8,10,12].
Popular media has highlighted growing concern about the
potential addictive nature of smartphone and social media use
as well as the subsequent negative mental health effects. Indeed,
problematic smartphone use has consistently been associated
with higher levels of depression and anxiety in nonclinical
samples [13,14], and greater time spent on social media was
correlated with higher depression among individuals receiving
inpatient psychiatric treatment [15]. In contrast, other studies
indicate that individuals with mental illness disagree that
smartphone and social media use necessarily negatively impact
their lives. In 1 study, half of the individuals with schizophrenia
agreed that social media use increased socialization and
disagreed that it made their symptoms worse [10]. In a
community clinic sample, social media use was not associated
with the severity of psychiatric symptoms or quality of life, but
instead, it was positively associated with greater community
participation and civic engagement [9]; although in other studies,
results have been more mixed [16]. Thus, although the potential
clinical risks of smartphone and social media use warrant close
monitoring and further study, individuals may also perceive
benefit.
Overall, existing data suggest that individuals with mental illness
increasingly own smartphones, regularly use social media, and
express an interest in using smartphones and social media to
support their health (though potential negative consequences
also need to be considered). However, there remain several
important gaps in this nascent field. First, most studies that have
examined how individuals with mental illness use smartphone
apps to promote their health have not focused on mental health
specifically [4]. Second, although some initial studies
investigated demographic and clinical correlates of smartphone
ownership, only 1 study has characterized use in this manner,
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and it focused specifically on social media [9]. Finally, some
previous studies pertaining to smartphone interest may be
positively skewed. For example, in some studies, as few as 10%
of patients at a clinic chose to complete the study surveys [5,6],
and others surveyed individuals who were already volunteering
for another study about a smartphone app [17]. Thus, studies
assessing smartphone use are needed in larger naturalistic
samples in which individuals complete measures as part of
routine care and whose results therefore should be less affected
by selection biases.
The main aim of this study was to provide a detailed account
of general smartphone use (including social media) in
individuals with mental illness. The secondary aim was to better
understand current engagement with mental health apps
specifically and to assess interest in using smartphone apps to
support mental health. The results may inform efforts to harness
digital technologies for delivering mental health interventions
and guide research, clinical, and industry efforts [4,8,16,18].
To that end, we administered self-reported measures of
smartphone use, social media use, and interest in mental health
apps to all individuals attending a psychiatric partial hospital
program. Given the demographic characteristics of this partial
hospital program, we expected a very high rate of smartphone
ownership; thus, making the sample well suited to explore
patterns of use and interest in smartphone apps. On the basis of
previous studies, we expected high rates of use across all 3
domains. We explored demographic and clinical correlates of
smartphone use and expected that younger individuals would
report higher use than older individuals [4,9,10,12]. The
remaining analyses were descriptive and exploratory given the
lack of previous research focused on these specific questions.

Methods
Participants and Treatment Setting
Participants included 322 patients receiving treatment at a partial
hospitalization program (PHP) located in a nonprofit,
insurance-based, academic psychiatric hospital in New England
from September 2017 to March 2018. The PHP treats
English-speaking adults (≥18 years) with a broad range of
psychiatric disorders [19]. Participants were on average in
young-to-middle adulthood (mean 33.49, SD 13.87 years),
female (57%), and predominantly white (89%). Approximately
half of the patients are referred directly from an inpatient
hospitalization for further stabilization and transition to
outpatient care. The other half of them are referred from
outpatient providers in lieu of an inpatient hospitalization. Thus,
to qualify for a partial hospital level of care, individuals are
experiencing acute symptoms and significant impairment. Many
patients are managing chronic mental illness, whereas others
may be experiencing their first episode. The most common
primary diagnosis (provided by program psychiatrists) was
major depressive disorder (MDD; n=183), followed by bipolar
disorder (n=72); anxiety, obsessive-compulsive disorder, or
stress-related disorders (n=48); and psychotic disorder (n=19).
See Table 1 for demographic characteristics.
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Table 1. Demographic and clinical characteristics.
Demographic characteristic

Values

Age, years (mean, SD)

33.49 (13.87)

Gender, n (%)
Female

183 (56.8)

Male

135 (41.9)

Gender fluid or nonbinary

4 (1.2)

Race
White

287 (89.1)

Asian

12 (3.7)

Multiracial

11 (3.4)

Black

6 (1.9)

Did not specify

6 (1.9)

Ethnicity
Non-Latinx

300 (93.2)

Latinx

21 (6.5)

Did not specify

1 (0.3)

Sexual orientation
Heterosexual/straight

248 (77.0)

Bisexual

33 (10.3)

Gay/lesbian

18 (5.6)

Queer

11 (3.4)

Something else (asexual and pansexual)

12 (3.7)

Education
High school/GED or less

17 (5.3)

Some college

120 (37.3)

4-year college graduate

91 (28.3)

Postcollege education

94 (29.2)

Current student

99 (30.7)

Employment
Not employed

153 (47.5)

Employed part time

57 (17.7)

Employed full time

112 (34.8)

Marital status
Never married

206 (64.0)

Separated/divorced or widowed

31 (9.6)

Married

72 (22.4)

Living with partner

13 (4.0)

Measures
Smartphone Use Survey
We developed a self-reported questionnaire to assess smartphone
ownership, application usage, and interest in applications to
support mental health based on a previous survey assessing
smartphone usage in psychiatric outpatients [5,6]. The survey
https://mhealth.jmir.org/2019/6/e13364/
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also asked participants to indicate which smartphone apps they
perceived as “supportive of” versus “negatively affecting” their
mental health (see Multimedia Appendix 1).

Mobile Technology Engagement Scale
The mobile technology engagement (MTE) [20] is a
self-reported measure of mobile technology usage. First, the
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social media usage component consists of 4 items assessing
mobile use of social media platforms, including Facebook,
Twitter, Instagram, and Snapchat, with each item anchored on
a 7-point Likert-style scale. The social media usage score is
calculated by summing the 4 items. Second, the status updates
component consists of a single item (“How often do you post
public updates—Facebook status, Tweets, Instagram uploads,
etc”) using a 7-point Likert-style scale, with the raw score
indicating a status updates score. Third, the phone-checking
behavior component consists of 3 items assessing relevant
behaviors, with response options anchored on a 5-point
Likert-style scale. The phone-checking behavior score is the
mean of the 3 phone-checking behavior items. To calculate
overall MTE scores, a z-score is calculated for social media
usage, status updates, and phone-checking behavior, and then
the mean of the z-scores is used as an individual’s overall score,
with higher scores indicating higher engagement. Internal
consistency was acceptable (Cronbach alpha=.71).

Patient Health Questionnaire-9
The Patient Health Questionnaire-9 (PHQ-9) [21] is a
self-reported measure that assesses the frequency of depressive
symptoms over the past 2 weeks using a 4-point Likert-type
scale anchored at 0 (not at all) and 3 (nearly all the time). A
total PHQ-9 score is calculated by summing items, with higher
scores indicating higher depression severity. The PHQ-9 has
demonstrated strong psychometric properties in similar
psychiatric populations [22]. In this sample, internal consistency
was good (Cronbach alpha=.86).

Generalized Anxiety Disorder Scale—7 items
The Generalized Anxiety Disorder Scale—7 items (GAD-7)
[23] is a self-reported questionnaire that assesses symptoms of
generalized anxiety disorder over the past 2 weeks (0, not at all,
to 3, nearly every day), with higher scores indicating greater
anxiety severity. The GAD-7 has been validated as a measure
of symptoms of general anxiety in a psychiatric hospital setting
[23-26]. In this sample, internal consistency was good
(alpha=.88).

Clinical Global Improvement Scale
The Clinical Global Improvement Scale [27] is a single item
assessing patients’ perceived improvement (or lack thereof)
compared with their baseline status. In this study, patients rated
their own improvement at discharge using the 7-point scale
from 1, very much improved, to 7, very much worse. Patient
ratings correlate moderately with provider ratings (Intraclass
Correlation Coefficient=.65) and have comparable validity [28].
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Procedure
As part of routine clinical care at the PHP, patients completed
self-reported measures of symptoms and functioning. Patient
data were originally used by their treatment providers for
treatment planning and progress monitoring. Patient data are
also used for program evaluation and quality assurance efforts.
The current measures of smartphone use were included to inform
ongoing treatment development and evaluation efforts at the
PHP and, thus, did not require informed consent. Measures were
administered using REDCap (Research Electronic Data
Capture), a secure, Web-based application designed to support
data collection for research studies [29].
We obtained a deidentified dataset from the PHP, and the local
institutional review board deemed this research exempt. In this
dataset, 10.9% of participants did not complete the discharge
assessment for the following reasons: they were admitted to
inpatient hospitalization (n=17), they unexpectedly did not
attend the program on the day of discharge (n=14), or staff were
unable to schedule assessment (n=4).

App Standardization and Categorization
We followed similar procedures as previously described [17].
We standardized the names of each mental health app. For
example, Headspace, head space, and HeadSpace were all coded
as the same app. We then categorized the most frequently
reported apps according to their advertised purpose. To do this,
1 author (ALS) first generated potential categories based on the
description in the Google Play store. Second, ALS and CB
discussed the potential categories and came to a consensus about
the final list as well as how each app was categorized (see
Multimedia Appendix 2).

Data Analytic Strategy
We calculated descriptive statistics (frequency, %) for the
smartphone use items. To facilitate comparisons with previous
studies, we present the responses stratified by the age groups
used by Torous et al (see Table 2) [5]. We explored whether
demographic characteristics (age, gender, education, and race)
and clinical characteristics (baseline depression and anxiety
symptom severity, primary diagnosis [bipolar, MDD, anxiety,
and psychotic], and treatment response [reported 1, very much,
or 2, much improvement, vs other responses]) were associated
with responses on the smartphone use survey and MTE. To
simplify interpretation of results, we transformed the education
variable from its 5 response options to a dichotomous variable
(4-year college degree or more vs no college degree). Owing
to the small number of individual racial categories endorsed,
we used participants’ responses (yes/no) to the white racial
category to examine race.
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Table 2. Frequency of smartphone app use in total sample and by age group.
Type of app

Never, n (%)

Rarely, n (%)

Sometimes, n (%)

Frequently, n (%)

Often, n (%)

Very often, n (%)

Total sample

18 (5.7)

6 (1.9)

13 (4.1)

33(10.5)

80 (25.4)

165 (52.4)

Under 30 years

5 (2.9)

3 (1.7)

7 (4)

14 (8.1)

39 (22.5)

105 (60.7)

31-45 years

6 (8)

2 (2)

3 (4)

8 (10)

24 (31)

34 (44)

46-60 years

5 (10)

0 (0)

3 (6)

7 (14)

12 (24)

24 (47)

Over 60 years

2 (14)

1 (7)

0 (0)

4 (29)

5 (36)

2 (14)

Total sample

48 (15.3)

84 (26.8)

58 (18.5)

49 (15.7)

43 (13.7)

31 (9.9)

Under 30 years

18 (10.3)

41 (23.6)

34 (19.5)

31 (17.8)

29 (16.7)

21 (12.1)

31-45 years

15 (20)

21 (28)

14 (18)

11 (15)

9 (12)

6 (8)

46-60 years

12 (25)

16 (33)

8 (16)

7 (14)

3 (6)

3 (6)

Over 60 years

3 (21)

6 (43)

2 (14)

0 (0)

2 (14)

1 (7)

Total sample

3 (.9)

9 (2.9)

22 (7)

45 (14.3)

111 (35.2)

125 (39.7)

Under 30 years

0 (0)

7 (4)

16 (9.2)

34 (19.5)

58 (33.3)

59 (33.9)

31-45 years

1 (1)

1 (1)

3 (4)

7 (9)

30 (39)

35 (46)

46-60 years

2 (4)

1 (2)

1 (2)

4 (8)

15 (30)

27 (54)

Over 60 years

0 (0)

0 (0)

2 (14)

0 (0)

8 (57)

4 (29)

Texting apps (eg, WhatsApp)

Phone/video apps (eg, Skype)

Email apps (eg, Outlook)

Social media apps (eg, Facebook)
Total sample

43 (13.8)

17 (5.4)

31 (9.9)

32 (10.3)

66 (21.2)

123 (39.4)

Under 30 years

11 (6.4)

4 (2.3)

20 (11.6)

16 (9.2)

40 (23.1)

82 (47.4)

31-45 years

17 (23)

4 (5)

3 (4)

9 (12)

17 (23)

25 (33)

46-60 years

11 (22)

6 (12)

5 (10)

4 (8)

8 (16)

16 (32)

Over 60 years

4 (29)

3 (21)

3 (21)

3 (21)

1 (7)

0 (0)

Total sample

46 (14.8)

30 (9.7)

41 (13.2)

54 (17.4)

83 (26.8)

56 (18.1)

Under 30 years

23 (13.4)

23 (13.4)

31 (18)

35 (20.3)

38 (22.1)

22 (12.8)

31-45 years

11 (15)

5 (7)

6 (8)

12 (16)

22 (29)

20 (26)

46-60 years

10 (21)

2 (42)

3 (6)

4 (8)

18 (38)

11 (23)

Over 60 years

2 (14)

0 (0)

1 (7)

3 (21)

5 (36)

3 (21)

Calendar apps

Entertainment apps (eg, YouTube and radio)
Total sample

28 (8.9)

41 (13)

56 (17.7)

62 (19.6)

72 (22.8)

57 (18)

Under 30 years

14 (8)

17 (9.8)

22 (12.6)

35 (20.1)

45 (25.9)

41 (23.6)

31-45 years

7 (9)

6 (8)

16 (21)

16 (21)

19 (25)

13 (17)

46-60 years

6 (12)

14 (28)

12 (24)

8 (16)

8 (16)

3 (6)

Over 60 years

1 (7)

4 (29)

6 (43)

3 (21)

0 (0)

0 (0)

Total sample

123 (39.7)

57 (18.4)

37 (11.9)

39 (12.6)

28 (9)

26 (8.4)

Under 30 years

60 (34.7)

32 (18.5)

21 (12.1)

24 (13.9)

19 (11.0)

17 (9.8)

31-45 years

31 (40)

17 (22)

13 (17)

7 (9)

6 (8)

3 (4)

46-60 years

23 (49)

7 (15)

2 (4)

7 (15)

2 (4)

6 (13)

Over 60 years

9 (69)

1 (8)

1 (8)

1 (8)

1 (8)

0 (0)

Games
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We conducted multiple ordinal logistic regression analyses with
the 6 levels of frequency of use as the dependent variable (never,
rarely, sometimes, frequently, often, and very often) and
demographic and clinical variables as the predictors. All the
odds ratios presented represent the effect of the predictor on the
dependent variable holding all other predictor variables in the
model constant. For each of these models, we tested the
assumption of proportional odds (that the coefficients are equal
across all levels) using the test of parallel lines in SPSS, and
we report below whether this assumption was violated in any
models.
We conducted multiple logistic regressions with interest and
willingness to use apps to monitor mental health as the
dependent variables (yes/no) and demographic and clinical
variables as the predictors. Finally, we conducted multiple linear
regression analyses to examine the demographic and clinical
predictors of the number of mental health apps on patients’
phones and MTE subscales.

Results
Aim 1: General Smartphone App and Social Media
Use
Almost all the patients reported owning a smartphone
(n=315/322, 98%): iPhone (n=250/322, 77.7%) and Android
(n=65/322, 20.2%). The most frequently used types of apps
were texting, email, and social media (see Table 2). Multimedia
Appendix 3 presents the results for the MTE scale. Patients
most commonly reported using Facebook, followed by
Instagram, Snapchat, and Twitter.

Demographic and Clinical Associations
Overall, 3 of the models predicting frequency of the app use
violated the assumption of proportional odds: calendar apps
(χ240 68.8; P=.003), games (χ240=91.4; P<.001), and health and
mental health apps (χ240=56.9; P=.04). Thus, use caution when
interpreting the effects for predicting use of those specific apps.
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As expected, older age was associated with less frequent use of
most apps: texting (OR 0.97, 95% CI 0.95-0.98; P<.001),
phone/video (OR 0.97, 95% CI 0.95-0.98; P<.001), social media
(OR 0.95, 95% CI 0.93-0.97; P<.001), entertainment (OR 0.96,
95% CI 0.94-0.98; P<.001), and games (OR 0.98, 95% CI
0.96-1.00; P=.04).
Gender also predicted the use of several types of apps, with
women reporting more frequent use of social media (OR 1.92,
95% CI 1.21-3.05; P=.006) and physical and mental health apps
(OR 1.67, 95% CI 1.05-2.64; P=.03) but less frequent use of
entertainment apps (OR 0.49, 95% CI 0.31-0.76; P=.002)
compared with men. Lower education was associated with less
frequent use of email (OR 0.36, 95% CI 0.21-0.60; P<.001),
calendar (OR 0.46, 95% CI 0.29-0.76; P=.002), and
entertainment (OR 0.59, 95% CI 0.36-0.95; P=.03) apps. Finally,
participants of color reported less frequent use of social media
(OR 0.28, 95% CI 0.12-0.65; P=.003).
Regarding the clinical characteristics, absence of a primary
diagnosis of MDD was associated with less frequent use of
phone/video communication (OR 0.29, 95% CI 0.10-0.82;
P=.02). Primary diagnosis was also associated with the use of
entertainment apps, such that individuals who were not
diagnosed with MDD (OR 0.29, 95% CI 0.10-0.80; P=.02),
bipolar disorders (OR 0.29, 95% CI 0.10-0.83; P=.02), or
anxiety disorders (OR 0.21, 95% CI 0.06-0.66; P=.008) used
entertainment apps less frequently than individuals with these
diagnoses. None of the other clinical variables (symptom
severity and treatment responder) were associated with the
frequency of app use.
Table 3 presents the regression models predicting the MTE
subscales from demographic and clinical characteristics. More
frequent social media use was predicted by younger age, female
gender, white race, and not having a primary diagnosis of
psychotic disorder (all P<.05). More frequent phone-checking
behavior was predicted by younger age and greater anxiety
severity. The only significant predictor of more frequent status
updates was a primary diagnosis of bipolar disorder.
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Table 3. Multiple regression analyses predicting mobile technology engagement subscales.
Variable

Social media usagea

Phone-checkingb behavior

Status updatesc

Bd

Standard
Error B

Beta

B

Standard
error B

Beta

B

Standard
Error B

Beta

Age (years)

−.032

0.004

−.444e

−.026

0.004

−.359e

−.005

0.005

−.070

Sex (male)

−.233

0.108

−.115f

0.127

0.114

0.063

−.179

0.12

−.091

Race (white)

0.422

0.203

.110f

0.394

0.215

0.103

−.077

0.225

−.021

Education

−.099

0.118

−.049

0.025

0.125

0.012

−.169

0.131

−.086

f

0.008

0.015

0.045

Baseline anxiety

0

0.013

−.002

0.028

0.014

.154

Baseline depression

0.021

0.013

0.118

0.018

0.013

0.105

0.002

0.014

0.012

Primary bipolar disorder

−.032

0.134

−.013

−.026

0.142

−.011

0.412

0.149

.175e

Primary anxiety

−.015

0.17

−.005

−.111

0.18

−.036

0.045

0.189

0.015

Primary psychosis

−.676

0.25

−.150g

−.315

0.264

−.070

−.264

0.277

−.060

Treatment responder (yes)

0.21

0.115

0.097

0.103

0.121

0.048

0.2

0.127

0.095

a 2

R =.293

b 2

R =.204

c 2

R =.075

d

B: Unstandardized beta.

e

P<.001.

f

P<.05.

g

P<.01.

Aim 2: Interest in and Use of Apps for Mental Health
Most participants reported they would want (n=238, 74%) and
be willing (n=262, 81%) to use an app to monitor their mental
health. Education was the only predictor of both interest
(beta=−.69, SE=.31; P=.02; OR 0.50, 95% CI 0.28-0.91) and
willingness (beta=−.73, SE .34; P=.03, OR 0.48, 95% CI
0.25-0.94) to use a smartphone app to monitor a mental health
condition. The more educated group had higher rates of interest
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and willingness (79% and 85%, respectively) than the less
educated group (67% and 77%, respectively).
Perceived helpfulness of general smartphone apps for mental
health. Figure 1 presents the percentage of participants who
endorsed the helpfulness and unhelpfulness of each app. The
apps most frequently endorsed as being supportive of mental
health were texting (47%) and calendars (43%). Few participants
endorsed any apps as being harmful to their mental health,
except for social media (63%).
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Figure 1. Perceived helpfulness of smartphone apps for mental health.

Current Mental Health App Use
Approximately half of the patients (139/315, 44%) reported that
they currently had at least 1 mental health app installed on their
phone. None of the demographic or clinical characteristics
significantly predicted the number of mental health apps
downloaded (P>.08). Participants selected the primary purpose
of their mental health apps as meditation/mindfulness (71%),
mood tracking (10%), therapy skills (4%), and other (15%).
The most commonly reported apps were Headspace (n=46),
Calm (n=21), and Insight Timer (n=11; see Multimedia
Appendix 2). These 3 apps were all coded as facilitating the
practice of mindfulness/meditation. The 50+ other apps reported
were used by 1 to 2 participants. Approximately half of the
participants (154/322, 48%) endorsed health and mental health
apps as being supportive of their mental health.

potentially suggesting that our sample may primarily use social
media passively and perhaps experience it as a platform for
social comparison rather than for social connection or support
[30,31]. Men and people of color reported less frequent use of
social media. Younger individuals and those with greater anxiety
checked their phones with greater frequency, and individuals
with bipolar disorder made more frequent status posts relative
to individuals with other primary diagnoses.

Aim 2: Interest in and Use of Apps for Mental Health

The most frequently used types of apps were texting, email, and
social media. As expected and consistent with previous work,
younger individuals reported more frequent smartphone use
across most types of apps [4,9,10,12]. Education also predicted
the frequency of use for some types of apps, specifically email,
calendar, and entertainment apps. Baseline depression and
anxiety severity were not associated with smartphone use nor
was treatment response.

Most patients reported an interest (74%) and willingness (81%)
to use a smartphone app to monitor their mental health. Overall,
the rates of interest and willingness are slightly higher than
those reported by individuals attending an outpatient psychiatric
clinic [5]. In that study, 67% of patients expressed an interest
in using a mobile app to track their medical condition (not
mental health specifically) daily [5]. Although interest and
willingness were high across education level, individuals with
a higher level of education reported greater interest and
willingness. This finding has implications for studies developing
smartphone-delivered interventions; researchers should attend
to educational background when developing and advertising
such interventions. Specifically, although technology-driven
interventions have the potential to reduce barriers to mental
health treatment, they might also unintentionally further existing
disparities in access. Future research should examine whether
specific efforts are needed to encourage/assist individuals with
lower levels of education to use smartphone app interventions
for mental health purposes.

Regarding social media–specific behaviors, Facebook was the
most commonly used social media app, followed by Instagram,
Snapchat, and Twitter. This pattern aligns closely with previous
research in similar samples [4,9,11,12]. Most patients reported
checking their phone at least once per hour but posting rarely,

In contrast to the high rates of reported interest in mental health
apps, only 44% of patients reported currently having a mental
health app downloaded on their smartphone. This rate is higher
than that obtained in a recent study of individuals with anxiety
and depression enrolled in a smartphone treatment study (26%)

Discussion
Aim 1: General Smartphone App and Social Media
Use
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[17] and that in another study of psychiatric outpatients (10%)
[32]. Participants who currently had mental health apps
downloaded on their phones reported that they primarily used
them for mindfulness or meditation (71%), with mood tracking
being a distant second (10%). The uses of the self-reported app
mirror the coded purposes of the most frequently reported mental
health apps. Specifically, the top 3 apps reported (Headspace,
Calm, and Insight Timer) are all designed to facilitate the
practice of mindfulness/meditation.
Participants endorsed using general smartphone apps to support
their mental health. Specifically, participants rated health care,
calendar, and texting apps as the most supportive of their mental
health, whereas most participants rated social media apps as
negatively affecting their mental health. However, the frequency
of social media use was not associated with symptom severity
or treatment response in this study. Nevertheless, patients’
subjective report that social media harms their mental health
contrasts with results of previous research, in which individuals
with SMI endorsed using social media for activities related to
positive mental health, such as sharing things about themselves
and feeling less lonely [9]. A recent systematic review suggested
that different patterns of social media engagement may have
varying impacts on mental health [33]. Experiences of social
connectedness and support through social media were associated
with positive mental health outcomes, whereas experiences of
social comparison and rumination were associated with negative
mental health outcomes. It may be that individuals in our sample
are more prone to ruminative response styles and more likely
to engage in social comparisons through social media, thereby
perceiving a negative impact of social media on their mental
health [30-31]. Individuals and societal perceptions of social
media may also be quickly evolving as individuals are no longer
discovering these apps but instead trying to figure out
whether/how to use them in the long run. Future research in this
area should carefully consider both the positive and negative
clinical impacts of smartphone interventions, given the potential
for addiction and negative influence on internalizing symptoms.
Together, the high interest in and perceived benefit of mental
health apps, but only moderate current use, suggests a potential
unmet treatment opportunity. These findings support ongoing
efforts to develop and validate apps that support mental health.
The naturalistic use of calendar and texting apps suggests that
mental health care apps that leverage these types of functions
might be especially feasible and acceptable in this population.
These findings also support the development of methods for
helping individuals identify existing evidence-based mental
health care apps that might benefit them. Like matching an
appropriate therapy or medication to the right individual is a
personalized decision, there are ongoing efforts to support
informed decision making around mental health apps and to
help both clinicians and consumers identify safe, effective,
engaging, and interoperable apps [34].
Although it is not a focus of this study, some of our findings
provide support for ongoing efforts toward utilizing phone use
behaviors (eg, number of social media posts, number of phone
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calls made, and Global Positioning System location,) in
detecting mental illness phenotypes, deterioration, or relapse.
Specifically, we found that a diagnosis of bipolar disorder
predicted more frequent social media status updates and anxiety
severity predicted more frequent phone-checking behavior.
These effects mirror recent studies designed to identify
personalized, objective markers of relapse via passively obtained
indicators of smartphone behavior [35-36]. It might be helpful
for clinicians and patients to attend to these objective indicators
as part of relapse management. Individual monitoring of some
phone use behaviors has become easy. For example, Apple
iPhone users can monitor their phone use (eg, number of
messages) through the Screen Time feature in Settings, and
Android users can use apps such as Quality Time for the same
purpose. Such monitoring may ultimately provide significant
clinical benefit for some patients, especially if confidential
methods for sharing data and alerting clinicians are developed.

Strengths and Limitations
All patients attending the psychiatric hospital program
completed the measures. Thus, our results will likely generalize
to other acute psychiatric populations and not only to individuals
who choose to complete a survey on smartphone use. However,
the results must be interpreted in the context of the hospital’s
demographic makeup, which is generally well educated and
lacking ethnoracial diversity. In addition, although the
high-smartphone ownership rate indicates that this sample was
particularly well suited to examine smartphone use (ie, it would
be impossible for people who do not own smartphones to answer
most of the questions we asked), it also suggests that our
findings may not generalize to other settings in which ownership
is less common. Thus, these results regarding the frequency of
use and interest in mobile health apps should be interpreted in
the context of our sample of individuals who own smartphones
rather than from the general population of individuals with
mental illness. In addition, because of the need to minimize
participant burden, we could not assess all potentially relevant
variables. For example, it would have been helpful to assess the
types of data plans and how these affected app use. Finally, we
were unable to independently verify smartphone use, and future
studies should include objective assessments.

Conclusions
People with mental illness increasingly have access to
smartphones and are interested in apps to support mental health.
However, the lower uptake of mental health apps today suggests
the challenge of translating ongoing research on digital mental
health into real-world tools that patients can easily access. This
study suggests that among smartphone owners, there is high
interest in using smartphone apps to improve mental health.
Many nonmental health–specific apps (eg, calendars and texting)
are perceived as beneficial for mental health, whereas social
media apps are perceived as harmful to mental health. There is
potential to optimize nonmental health–specific apps to better
support the needs of those with mental illness and to design a
new wave of mental health apps that match the needs of this
population and the way they use these devices in daily life.
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Abstract
Background: The use of smart devices (SDs) by health care providers in care settings is a common practice nowadays. Such
use includes apps related to patient care and often extends to personal calls and applications with frequent prompts and interruptions.
These prompts and interruptions enhance the risk of distractions caused by SDs and raise concerns about service quality and
patient safety. Such concerns are exacerbated in complex care settings such as the emergency department (ED).
Objective: The objective of this study was to measure the frequency and patterns of SD use among health care providers in the
ED of a large academic health center in Lebanon. The perceived consequences of care providers using SDs on provider-to-provider
communication and the care quality of patients in the ED were assessed. Additionally, factors associated with the use of SDs and
the approval for regulating such use were also investigated.
Methods: The study was carried out at the ED of an academic health center with the highest volume of patient visits in Lebanon.
The data were collected using a cross-sectional electronic survey sent to all ED health care providers (N=236). The target population
included core ED faculty members, attending physicians, residents, medical students, and the nursing care providers. The regression
model developed in this study was used to find predictors of medical errors in the ED because of the use of SDs.
Results: Half of the target population responded to the questionnaire. A total of 83 of 97 respondents (86%) used one or more
medical applications on their SDs. 71 out of 87 respondents (82%) believed that using SDs in the ED improved the coordination
among the care team, and 71 out of 90 (79%) respondents believed that it was beneficial to patient care. In addition, 37 out of 90
respondents (41%) acknowledged that they were distracted when using their SDs for nonwork purposes. 51 out of 93 respondents
(55%) witnessed a colleague committing a near miss or an error owing to the SD-caused distractions. Regression analysis revealed
that age (P=.04) and missing information owing to the use of SDs (P=.02) were major predictors of committing an error in the
ED. Interestingly, more than 40% of the respondents were significantly addicted to using SDs and more than one-third felt the
need to cut down their use.
Conclusions: The findings of this study make it imperative to ensure the safety and wellbeing of patients, especially in high
intensity, high volume departments like the ED. Irrespective of the positive role SDs play in the health care process, the negative
effects of their use mandate proper regulation, in particular, an ethical mandate that takes into consideration the significant
consequences that the use of SDs may have on care processes and outcomes.
(JMIR Mhealth Uhealth 2019;7(6):e13614) doi:10.2196/13614
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Introduction
Background
A smart device (SD) is an electronic tool characterized by its
mobility, connectivity, and potential to provide access to
internet, geographical location, and relatively independent
operation. SDs have the capability to gather information about
their users and the environment to optimize users’ experience
[1,2]. Most commonly used SDs include smartphones, tablets,
smart watches, and wearable devices, among others.
The use of SD in the health care industry is rising and gaining
attention [3]. With over 70,000 health and medical SD apps
available, their use for clinical practice has become common
[4]. A study by Koehler shows that clinical applications include
mobile result checking, drug references, clinical decision tools,
case management tools, as well as staff scheduling modules,
which have made SD usage integral in day to day clinical
practice [5].
The use of SDs in the clinical setting, however, is associated
with risks and concerns. Risks include potential breaches to
patient privacy, as well as cross-contamination concerns related
to cleanliness of the devices [5]. The negative impact on
physician-patient relationship, as well as interprofessional
relationship is another feared consequence [6,7]. Finally, there
is growing evidence related to the distracting power of SD,
which raises serious questions about the safety implications of
use of SD in the health care settings where interruptions are
common and the need to reduce error and improve safety is
paramount [8].
Decision making in medicine requires significant cognitive
focus integrating increasingly complex information from
different sources, often under significant time constraints, in
settings where interruptions are common. Previous research
shows that interruptions are disruptive to care processes and
may cause increased risks of error related to patient care,
medication management, and communication among health
care providers [9]. Emulating the aviation industry that has
moved to sterile cockpits to reduce distractions, hospitals have
started introducing separate medication rooms to reduce errors
in mixing and preparing medications [10,11]. There is also
increasing interest in creating similar distraction-free spaces for
other high-risk activities in health care [12].
Emergency departments (EDs) are settings that are particularly
prone to error, and the cases in the ED are often complex and
the workflow dynamics and decisions are made under significant
time pressures [13]. Furthermore, when compared with the
interruptions in the primary care clinics, ED physicians are 3
times more likely to be interrupted [14]. Understanding the
patterns of provider utilization of SDs in this high-risk setting
and the perceptions of their impact on distraction and safety is
an important first step in formulating policy or practicing
recommendations for their use in health care settings.

Objectives
This study investigated self-reported health care providers’
utilization of SDs in the ED and their perception regarding such
usage on the patient-provider communication and on the safety
https://mhealth.jmir.org/2019/6/e13614/
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of care at the ED of a large academic medical center in Beirut,
Lebanon. The outcomes of the study will help in developing
effective evidence-based policies to guide the use of SDs in
clinical settings. The specific objectives of this study are as
follows:
•

•
•
•

Investigate the frequency and patterns of SD use among
health care providers in the ED of a large academic health
center in Lebanon.
Understand the perceived consequences by care providers
of SD use on patients and health care providers.
Examine the factors associated with the use of SDs.
Assess the perceptions toward potential SD regulatory
policies in the ED of the target facility.

Methods
Ethical Approval
The study was approved by the Institutional Review Board
(IRB) at the target institution under the protocol number
ED.EH.06. The research team carried out the research work
associated with this study after obtaining the IRB approval. ED
providers were clearly instructed that this was an independent
research study and that they had the full autonomy to participate
without any rewards or consequences on their employment with
the institution.
All participants had to read and sign an informed consent
emphasizing that participating in this study was voluntary and
that the participants had the full freedom to choose whether to
participate or not. The participants were assured that their
responses would be kept confidential and anonymous and that
no one would have access to the data other than the researchers
themselves. The participants were informed that the outcomes
of the project would be used to guide the evidence-based use
of SDs by health care providers in EDs.

Study Setting
The study was conducted in the ED of a large academic tertiary
care hospital in Lebanon. The ED receives more than 57,000
visits per year and is the busiest ED in Lebanon. The ED
includes 2 adult sections that separate patients according to their
age and case acuity, and 1 pediatric section that receives all the
pediatric cases. The ED is also considered an integral teaching
setting in the education of medical students as more than 180
medical students and residents rotate through it every year.

The Survey Tool
The survey tool included, in addition to other items, questions
on demographics, job position, years of experience, frequency
of SD use, the types of used SDs, and applications. Using Likert
scales, the health care professionals were asked to rate their
perceptions toward using SDs, their perceived effect on patient
care and team performance, addiction to using the SDs, and
their opinion with regard to instituting a code of conduct to
regulate the use of SD at the ED.
Adapted from the Cut Down, Annoyed, Guilty and Eye
Opener alcohol use disorders screening test, the CAGE tool,
the research team used a set of questions to measure the
addiction score pertinent to using SDs. Similar uses of the
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e13614 | p.329
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CAGE tool have been documented in previous research [15-18].
A respondent with a score higher than 2 positive answers out
of the 5 questions was considered to be addicted to using SDs
[17].
To enhance content validity, the final survey tool was reviewed
by a group of experts including a health human resources
management expert, a statistician, and a social scientist. The
tool was also shared with international experts for opinion. All
feedback was consolidated in the final version of the
questionnaire, which was pilot tested on a number of care
providers.

Data Collection
The email addresses of all ED providers were obtained from
the ED management (as per the approved IRB protocol). ED
providers were initially invited to participate in this study
through an IRB-approved invitation email script. The email
script included information about the study, the research team,
what does it entail to participate, and the full respect for the
freedom to participate, as well as the privacy and confidentiality
of all answers. Should an invitee agree to participate, they were
asked to click the Web-based survey link which started with an
electronic consent form that needed to be signed before
completing the questionnaire.
During the period January 2017 and September 2017, data were
collected from ED health care providers using a 15-min
electronic questionnaire on LimeSurvey (GmbH, Survey
Services and Consulting, Hamburg, Germany), an electronic
surveying platform.
The survey tool was made available only in English as all the
target health care professionals were proficient in verbal and
written English. A contact email address was provided to the
participants in case they had any questions or inquires relevant
to the study.

Study Population
A total of 236 health care providers working at the ED during
the period of data collection were approached to participate in
the study. Health care providers at the time of the study included
7 core ED faculty, 25 clinical associate faculty members, 53
ED residents, 62 nurses, 37 nursing students, and 52 rotating
medical students. The invitation to participate in this study was
extended to all health care providers working in the ED.

Data Analysis

Alameddine et al
respondents had missed more than 25% of the questions that
belonged to main scales. After further examination of the
dataset, the data collected from nursing students (n=3) had to
be removed as such a small sample size rendered
representativeness and comparability difficult. The final sample
size included 97 records. IBM SPSS version 22 was used for
analysis.
The continuous variables were grouped and summarized by
frequency number and the same was done in the case of the
categorical variables. Descriptive univariate and bivariate
analyses were carried out to get insights into the different
variables and the association between the dependent and the
independent variables was obtained using the Pearson chi-square
test. A P value less than .05 was considered statistically
significant.
To define the predictors of making an error during an ED shift,
the research team constructed a stepwise logistic regression
model that included the effect of age and missing information
as a result of using the SD as the predictors of making an error,
while controlling for other variables (age, gender, job position,
experience, whether the respondents had missed information
because of using their SDs, using the SDs for personal reasons
during the ED shift, and the addiction score). A P value less
than .05 was considered to be statistically significant.

Results
Sample Demographics
The response rate in this study was 50%, with a total of 118
responses (out of 236 potential) received. However, after
cleanup, 97 responses were eligible for inclusion in the final
analysis.
The study sample was relatively young and equally distributed
among males and females. The sample was distributed among
the professions, including 32 nurses (32/97, 33%), 23 medical
students (23/97, 24%), 22 residents (22/97, 23%), and 20
attending physicians (20/97, 20%). The majority of the
respondents (82/97, 85%) had completed their training or
residency in Lebanon. Furthermore, 19 out of 33 (58%)
responded that they had been practicing professionally for more
than 5 years, including almost one-third of them (10 out of 33,
30%) with experience over 10 years. Table 1 exhibits the
detailed percentage distribution of the demographic and
professional background of the survey respondents.

The data retrieved from the LimeSurvey GmbH included 118
responses. The research team discarded 18 records as the
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Table 1. Distribution of the demographic and professional background.
Demographic and professional background

n (%)

Age in years (N=97)
<30

61 (63)

30-39

23 (24)

40-49

7 (7)

50-65

6 (6)

Gender (N=93)
Male

47 (50)

Female

46 (50)

Discipline (N=97)
Nurse

32 (33)

Medical student

23 (23)

Resident

22 (23)

Attending physician

20 (21)

Prevalence of Smart Device Use and Applications
All of the respondents reported owning a SD (Table 2). A total
of 86% of the respondents (83 out of 97) used one or more
medical applications on their SDs. Among those, 33 out of the
45 respondents (73%) used medical reference applications, such
as Medscape, UpToDate, and others. The remaining used other
applications including clinical decision applications (18%),
pharmacology applications (11%), the ministry of public health

application (9%), clinical practice applications (7%), and others
(Table 3). The use of nonmedical applications was also very
common. Among other applications, 86 out of 94 respondents
(92%) used the phone for email access, 81 out of 96 respondents
(84%) used their phones for Web access, 84 out of 96 used
(88%) the messaging applications (including WhatsApp), 73
out of 96 (76%) used them for phone calls, 72 out of 95
respondents (76%) used the calendar, and 63 out of 95 (66%)
used the social media applications (Table 4).

Table 2. Use of smart devices and medical applications.
Owning a smart device (N=97)

n (%)

Yes

97 (100)

No

0 (0)

Table 3. The most used medical applications.

a

Most used medical applications (N=45)

n (%)a

Medical reference apps

33 (73)

Clinical decision apps

8 (18)

Pharmacology apps

5 (11)

Ministry of public health app

4 (9)

Clinical practice apps

3 (7)

Other applications

4 (8)

The values are not mutually exclusive.
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Table 4. The most used nonmedical applications.
Most used nonmedical applications

n (%)

Email access (N=94)

86 (92)

Messaging applications (including WhatsApp; N=96)

84 (88)

Web access (N=96)

81 (84)

Phone calls (N=96)

73 (76)

Calendar (N=95)

72 (76)

Social media applications (N=95)

63 (66)

Reporting of Coworker Distraction and Error When
Using the Smart Device in the Emergency Department
A total of 64% of respondents (59 out of 92) had witnessed a
sizable proportion of trainees getting distracted when using their
SDs for nonwork–related activities at the ED. Furthermore, 50
out 91 respondents (55%) witnessed the same for nurses and
44 out of 90 respondents (49%) witnessed attending physicians
getting distracted when using their SDs for nonwork–related

activities at the ED (Table 5). Consistently, 37 out of 90
respondents (41%) had acknowledged that using their SDs for
nonwork–related purposes distracted them (Table 6).
In addition, 51 out of 93 respondents (55%) reported observing
their colleagues having made an error or a near miss as a result
of being distracted by their SDs (Table 5). Interestingly, only
15 out of 93 respondents (16%) acknowledged that they did
make an error or a near miss as a result of being distracted by
their SDs (Table 6).

Table 5. Performance in the emergency department when using the smart devices.
Reporting of coworker distraction and error when using the smart device in the emergency department

n (%)

I have witnessed a trainee (medical student, resident) become distracted when using his or her smart device for nonwork-related
activities (N=92)
Yes

59 (64)

No

33 (36)

I have witnessed a nurse become distracted when using his or her smart device for nonwork–related activities (N=91)
Yes

50 (55)

No

41 (45)

Emergency department coworkers made an error or were about to make an error (near miss) as a result of being distracted
by the use of the smart device during an emergency department shift? (N=93)
Yes

51 (55)

No

42 (45)

I have witnessed an attending physician become distracted when using his or her smart device for nonwork–related activities
(N=90)
Yes

44 (49)

No

46 (51)

Table 6. Reporting of self-distraction and error when using the smart device in the emergency department.
Reporting of self-distraction and error when using the smart device (SD) in the emergency department (ED)

n (%)

Using my SD for non-work-related purposes distracts me (N=90)
Yes

37 (41)

No

53 (59)

Have you ever made an error or were about to make an error (near miss) as a result of being distracted by the use of the smart
device during an ED shift? (N=93)
Yes

15 (16)

No

78 (84)
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Impact of Using Smart Devices in the Emergency
Department on the Quality of Care
A total of 71 out of 87 respondents (82%) confirmed that using
SDs in the ED had improved care coordination among the health
care providers and 71 out of 90 (79%) respondents believed that
it was beneficial to patient care. Furthermore, 71 out of 89
respondents (80%) also agreed that using SDs at work assisted
them in solving their personal issues.

Opinion and Attitudes Toward Using Smart Devices
and the Need for a Code of Conduct
A total of 40 out of 91 respondents (44%; as shown in Table 7)
indicated that patients feel positive when they see the ED
providers using their SDs during their stay in the ED for clinical
purposes, whereas 20 out of 91 (22%) responded that the
patients feel negative and 31 out of the 91 (34%) answered
neutral. Furthermore, 67 out of 91 respondents (74%) responded
that the patients feel negative when they see the ED providers
using their SD during their stay in the ED for nonclinical
purposes.

Alameddine et al
Furthermore, 52 out of 91 respondents (57%) felt neutral toward
seeing fellow colleagues using their SD during their ED shift
for nonclinical purposes, whereas 34 of them (37%) felt negative
and only 5 respondents (6%) felt positive.
The opinion was split with regard to medical administrators
establishing a code of conduct for the use of SDs to minimize
unnecessary distraction during ED shifts, with 51 out of 91
respondents (56%) disagreeing and 40 of them (44%) being in
agreement (Table 8).

Smart Device Use Addiction Score
A total of 36 out of 90 respondents (40%) were found to be
significantly addicted to their SDs (Table 9), with 62 out of 91
(68%) reaching for their SDs first thing in the morning and 32
out of 90 respondents (36%) feeling the need to cut down on
the use of their SDs. Interestingly, 73 out of 91 respondents
(80%) did not feel guilty about their overuse of the SDs at work
nor felt annoyed when people criticized their use of the SDs
(Table 10).

Table 7. Perceptions toward smart device use in the emergency department.
Perceptions toward smart device (SD) use in the emergency department (ED)

n (%)

How do you think patients feel when they see the ED providers using their SD during their stay in the ED for clinical purposes?
(N=91)
Positive

40 (44)

Negative

20 (22)

Neutral

31 (34)

How do you feel about fellow colleagues using their SD during their ED shift for nonclinical purposes? (N=91)
Positive

5 (6)

Negative

34 (37)

Neutral

52 (57)

How do you think patients feel when they see the ED providers using their SD during their stay in the ED for nonclinical
work–related purposes (check/send personal emails to friends or family)? (N=91)
Positive

2 (2)

Negative

67 (74)

Neutral

22 (24)

Table 8. Opinion and attitudes toward using smart devices in the emergency department and the need for a code of conduct.
The need for a code of conduct

n (%)

Do you think that medical administrators should establish a code of conduct for the use of smart devices to minimize unnecessary
distraction during emergency department shifts? (N=91)
Yes

40 (44)

No

51 (56)

Table 9. Smart device use addiction score.
Smart device use addiction score—the modified Cut Down, Annoyed, Guilty and Eye Opener alcohol use disorders screening test
CAGE tool (N=90)

n (%)

Respondents are clinically addicted to using smart devices
Yes

36 (40)

No

54 (60)
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Table 10. Smart device use addiction score details.
Smart device use addiction score details—the modified Cut Down, Annoyed, Guilty and Eye Opener alcohol use disorders screening n (%)
test CAGE tool
Do you reach for your smart device first thing in the morning?
Yes

62 (68)

No

29 (32)

Have you ever felt you needed to cut down on use of your smart device?
Yes

32 (36)

No

58 (64)

Have people annoyed you by criticizing your use of your smart device?
Yes

18 (20)

No

73 (80)

Have you felt guilty about your overuse of your smart device at work?
Yes

18 (20)

No

73 (80)

Predictors of Making an Error
The descriptive analysis of the health care providers making an
error as a result of being distracted by their SDs was carried out
(Multimedia Appendix 1).
Consistently, the acknowledgment of making an error was higher
among the practitioners with more than 10 years of experience
(3/9, 33%) compared with 1 out of 9 (11%) with 6 to 10 years
of experience. The difference between the 2 groups was
statistically significant (P=.049).
Interestingly, all the 15 respondents (100%) who acknowledged
making an error used their SDs for personal matters during their
ED shift (P=.04). In addition, out of those who acknowledged

making an error, 3 out of 15 (20%) did acknowledge missing
information when using their SDs during their ED shift (P=.03).
Furthermore, 10 out of 14 (71%) respondents who acknowledged
making an error supported the need to implement a code of
conduct to regulate the use of SDs in the ED (P=.03).
The research team developed a stepwise multivariate logistic
regression model (model fitness=0.91) to help define the
predictors of making an error because of using SDs in the ED
(Table 11). The model shows that the respondents above 40
years of age were 5 times more likely to acknowledge making
an error because of using SDs in the ED (P=.04), and those who
missed information while using their SDs were 11 times more
likely to commit an error (P=.02).

Table 11. Stepwise multivariate logistic regression of predictors of making error. Variables included in the stepwise regression model were with the
following covariates: age (reference: <30 years); gender (reference: female); job (reference: medical student); missed information of using my smart
device; used for personal purposes during your shift in the emergency department; addiction score.
Making errora (reference: no)

Statistical values
Odds ratio (95% CI)

P value

Age (≥40 years)

5.03 (1.09-23.15)

.04

Missed information of using my smart device

10.84 (1.49-78.91)

.02

Discussion
Principal Findings
This study revealed that the majority of the health care providers
who responded to the survey did use an SD during their work
shift and that a sizable proportion of respondents reported one
of their colleagues or themselves getting distracted because of
using SDs at the ED. Using a regression model, the analysis
done by the research team shows that being above 40 years of
age (P=.04) and missing information because of using SD
(P=.02) are major predictors of committing an error during the
work at the ED.

https://mhealth.jmir.org/2019/6/e13614/

XSL• FO
RenderX

Findings of this study concur with those of other studies that
revealed that SDs were being abundantly used in health care
settings [19] and that the health care providers were aware of
the medical applications [5]. In addition, the surveyed providers
did hold positive views on the use of SDs with the majority
stating that SDs enabled better team coordination, cohesion,
and patient care. This study established that all health care
providers used SDs during work shifts despite working in one
of the busiest ED settings in the country. Such uses are not
restricted to clinical applications that potentially support patient
care, but also extend to personal uses in care settings. The
propensity and the positive views on the use of SDs in patient
care settings suggest that this is not a passing trend but rather
one that is integrated into the health care practice environments
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nowadays. Health care practitioners are very much accustomed
to using their SDs and hold positive views of such use.
However, the positive attitude expressed by the ED care
providers is counterbalanced by some disconcerting findings.
Although our results are based on self-reported distraction, the
findings are in line with studies that have shown that the use of
cell phones during functions that require cognitive focus
increases reaction time, lowers performance, and reduces
situational awareness through inattentional blindness to
surrounding activities [20]. This distraction potential coupled
with the growing body of literature on the addictive potential
of SDs with reported addiction rates ranging between 5% to
65% are concerning within a health care context. In fact, 55%
of the respondents in our study reported one of their ED
colleagues making an error or a near miss related to SD usage.
However, respondents fell short in acknowledging making an
error or a near miss themselves (15/93, 16%). Such
acknowledgment of medical errors and near misses is likely to
be an underestimate of the actual rate. This is because it is
difficult for health care providers to acknowledge their own
medical errors owing to concerns about professional discipline
and job security [21]. The propensity of errors and near misses
caused by SD distraction is potentially detrimental to patient
care and calls for immediate and affirmative action by the ED
managers and stakeholders. The study makes it evident that
using SDs is negatively affecting patient care outcomes
irrespective of other reported positive effects of use.

The Generation Gap
The findings of this study reveal that SD users tend to be
younger and that they are more likely to accept the use of SDs
in health care settings. Literature reports a generational gap with
the use of SDs and technologies [22]. In our study, this gap has
impacted the providers’ perceptions of SD use in the ED setting
and their reporting of distractions as a result of using it, as well
as their acknowledgment of error.
The results of the regression have clearly showed that ED
providers aged 40 years or above are 5 times more likely to
acknowledge making an error owing to the use of SDs in the
ED. This could either be attributed to the older providers feeling
less
friendly
toward
technology
that
enhances
technology-induced errors, or that they are just more open and
honest about themselves. This is in concordance with studies
that established that older people are relatively less likely to
accept SDs, which could be because of the age-related decline
in cognitive abilities required for the proper use of SDs [23,24].
In addition to the age effect, older adults are less experienced
with SDs than younger adults [25] and have concerns over their
security and privacy, which may impact their use of SD and
may restrict them from trying new functions, especially in the
absence of onsite assistance [25,26].
This generation gap has also impacted the answers toward the
need for a code of conduct to regulate the use of SDs in the ED.
The providers who are older than 30 years supported a code of
conduct compared with their younger counterparts. This
difference in the way respondents viewed the regulation
measures is significant (P=.03) and should be addressed by the
policy makers while designing those policies and protocols. In
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the health care context, the different aspects of perceived
usability and ease of use are highly relevant to performing the
different health care tasks, and thus engaging the relatively older
providers in designing and implementing SD use protocols in
health care settings would probably contribute to a better
acceptance and adoption of mobile health care technologies in
the hospital setting [27].

The Effect of Smart Device-Driven Interruptions on
Near Misses and Medical Errors
This study revisits the impact of using SDs on the quality of the
health care service in a critically busy environment. Consistent
with the fact that the increasing popularity of SD use in clinical
settings may lead to increased distractions [6], the majority of
respondents in this study have reported themselves and others
getting distracted as a result of using SDs at the ED. This is
highly relevant in the ED setting which demands that health
care providers stay consistently focused on their jobs. What
compounds the challenge is that using SDs in the clinical
settings is exclusive not only to clinical applications, but also
for personal purposes which could distract providers from vital
patient care operations [28].
The fact that providers who acknowledged missing information
because of using their SDs were 11 times more likely to
acknowledge an error is quite disconcerting and requires quick
action. This directly links the SD distractions to patient safety
and poses serious questions on the potential negative effects of
using such devices in similar busy settings. The literature is rich
in examples of mobile device distractions proving detrimental
to patient health and service quality, including procedural
failures and decrease in care quality because of distractions by
SD in clinical settings [6]. This has led the Emergency Care
Research Institute (ECRI) to mention caregiver distractions
from SD and other mobile devices as one of the top 10 hazards
for 2013 [29].
The effect of distractive use of SDs in the clinical settings could
be overcome by considering the human and technical factors
which could be potentially compromised. In addition to the
required security and disinfection measures, certain regulation
procedures can be adopted to minimize the negative effects of
using SDs in the clinical settings and promote the culture of
using such devices for clinical purposes in a systematic way
that could positively contribute to the provision and delivery of
the health care service.

Regulating the Use of Smart Devices in the Health Care
Settings
The use of SDs in health care settings is likely to grow in the
future and thus necessitates proper regulating protocols [30].
Although SDs hold a lot of potential benefits to health care, it
is critical to consider the potential harm to the process quality
and thus there is need to regulate the use of SD in health care
settings [30]. With around 68% of the respondents reaching out
to their SDs first thing in the morning, the results of this study
confirm such an addictive behavior among the health care
providers.
Regulating the use of SDs in emergency and other health care
settings is not an easy task. Completely banning the use of SDs
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in health care institution is a difficult and highly unpopular
option. In addition, it is important to recognize that imposing
rules on using SDs for nonwork–related purpose would not be
easy if the privately owned SDs are allowed within the clinical
setting [5].
The analysis conducted by Gill and colleagues presents an
interesting framework to regulate SD use in health care settings.
The proposed framework aims to minimize distractions that are
because of using SDs in the health care setting, keeping the
patient health outcomes at the core. In addition to other
measures, the framework allocates time to train the providers
on security concerns and expectations, establishes clear security
measures over the institutional network, and regulates the use
of nonwork–related applications [6].
One of the interesting suggestions would be to set the basis for
such a regulation culture during the medical education journey.
Previous research suggests that hospitals should set an agenda
to raise awareness on the proper use of SDs and promote
professional use [31].
Regulating the use of SDs in health care is not an easy task, and
hospitals should not expect it to see positive outcomes on the
short run. This process is challenging as it aims at addressing
addiction to SDs. This calls for a concerted multistakeholder
effort involving medical organizations, health care providers,
educators, and industry as well to improve the integration of
SDs in the daily medical practice in an efficient, reliable, and
safe way [32].
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Limitations
The study has a number of shortcomings that are worth
mentioning. First, despite the research team assuring respondents
of the confidentiality of their responses, there remains a risk of
a social desirability bias with health care providers potentially
modifying their responses to reflect favorable SD use. Second,
the cross-sectional nature of the study could only establish
significant associations with causality requiring other types of
study designs (eg, longitudinal). Third, the study questionnaire,
which has been reviewed by an expert panel and pilot tested,
did not undergo validation in terms of comparison with the gold
standard assessment tool. Finally, the relatively low sample size
may not have provided the required power to reveal significant
differences. It is thus recommended that the study is replicated
at a larger scale to unearth significant associations between
variables.

Conclusions and Future Implications
With the wide proliferation and use of SDs in health care
settings, it is imperative to ensure the safety and wellbeing of
patients, particularly in high intensity, high volume department
such as the ED. This study sheds light on the critical effects of
using SDs in EDs, including the predictors and causes of making
an error and its potential consequences on the care process from
the perspective of the health care providers. Irrespective of the
positive role the SDs play in the health care process, the negative
effects of their use still mandate proper regulation. This is an
ethical mandate taking into consideration the important
consequences such use may have on care processes and
outcomes.
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Abstract
Background: The solution to the growing problem of rural residents lacking health care access may be found in the use of
telemedicine and mobile health (mHealth). Using mHealth or telemedicine allows patients from rural or remote areas to have
better access to health care.
Objective: The objective of this study was to understand factors influencing the choice of communication medium for receiving
care, through the analysis of mHealth versus telemedicine encounters with a virtual urgent clinic.
Methods: We conducted a postdeployment evaluation of a new virtual health care service, Virtual Urgent Clinic, which uses
mHealth and telemedicine modalities to provide patient care. We used a multinomial logistic model to test the significance and
predictive power of a set of features in determining patients’ preferred method of telecare encounters—a nominal outcome variable
of two levels (mHealth and telemedicine).
Results: Postdeployment, 1403 encounters were recorded, of which 1228 (87.53%) were completed with mHealth and 175
(12.47%) were telemedicine encounters. Patients’ sex (P=.004) and setting (P<.001) were the most predictive determinants of
their preferred method of telecare delivery, with significantly small P values of less than .01. Pearson chi-square test returned a
strong indication of dependency between chief concern and encounter mediums, with an extremely small P<.001. Of the 169
mHealth patients who responded to the survey, 154 (91.1%) were satisfied by their encounter, compared with 31 of 35 (89%)
telemedicine patients.
Conclusions: We studied factors influencing patients’ choice of communication medium, either mHealth or telemedicine, for
a virtual care clinic. Sex and geographic location, as well as their chief concern, were strong predictors of patients’ choice of
communication medium for their urgent care needs. This study suggests providing the option of mHealth or telemedicine to
patients, and suggesting which medium would be a better fit for the patient based on their characteristics.
(JMIR Mhealth Uhealth 2019;7(6):e13772) doi:10.2196/13772
KEYWORDS
mHealth; telemedicine; urgent care; predictive analytics
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Introduction
Background
In the United States, approximately 19.3% of the population
live in rural areas. With only 9% of the nation’s physicians
practicing in such communities, the lack of health care providers
in rural areas tends to be an intractable problem [1,2], causing
rural residents to have a significantly lower health status than
urban residents [3,4]. Aside from a shortage of health care staff,
barriers to care due to the isolated location of residents and the
lack of technology result in a poor quality of health care among
rural populations [5,6]. Rural residents tend to use health care
less due to the remoteness of where they live. For instance,
colon cancer rates are high among rural residents, suggesting
that they are less likely to receive timely cancer screening tests
[7-10]. Rural populations are also at higher risk not only of
cancer, but also of coronary heart disease [11]. Patients living
close to a clinic tend to visit a health care provider more often
than do patients living in rural areas [12]. Failure to obtain care
on time may lead to a poor prognosis. These barriers to care for
rural residents correlate with Hart’s inverse care law, which
states that underserved populations have the worst access to
health care [1,13]. Therefore, it is imperative to provide care to
underserved populations.
The solution to the growing problem of rural residents lacking
health care access may be found in the use of telemedicine and
mobile health (mHealth). In telemedicine, the doctor-patient
interaction is conducted by live video consultation [14,15].
Telemedicine not only improves health care accessibility for
patients living in rural areas, but it is also expected to save US
$4.3 billion annually [16,17]. Another method of providing care
is through mHealth. mHealth is the use of mobile devices such
as mobile phones, patient monitoring devices, personal digital
assistants, and other wireless devices to provide medical care
[18,19]. These two methods of providing care to patients
remotely save significant travel costs for patients and their
families, ensure that patients are seen in a timely manner, and
help in-person care clinics or hospitals by reducing patient load
[20].
Telemedicine is used in rural areas to educate patients, deliver
teaching programs, and facilitate administrative meetings [21].
These help to reduce costs and save time. Use of teleoncology
clinics in rural Kansas showed a cost reduction by almost 50%,
from US $812 per consultation in 1995 to US $410 per
consultation in 2000 [22]. Telemedicine can also be used to
save time. The use of teleconsultation for veterans (individuals
who previously served in the military) living a distance of 145
miles (233 km) from a health care facility was shown to save
travel time of up to 142 minutes [23,24]. Apart from cost and
time savings, telemedicine can be used to overcome barriers to
health care access where conventional medical strategies do not
apply [25]. Video consultation is very useful in providing
consultation to patients in rural areas that lack a specialized
physician. The Medical College of Georgia developed a
Web-based telestroke system that enabled emergency physicians
in rural areas to speak with specialists for patients with an
episode of ischemic stroke. This system allowed physicians to
http://mhealth.jmir.org/2019/6/e13772/
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examine patients using live video and to review medical
imaging, and it recommended stroke therapies. Mean onset of
stroke-to-treatment time was reduced by 20.2 minutes using the
telestroke system, and only 2% of patients had a symptomatic
hemorrhage [26]. Thus, patient outcomes were improved in an
emergency situation. Lack of expert physicians in rural areas
can create barriers for patients receiving urgent care [27];
therefore, video consultation can be effective in providing care
to patients in critical conditions.
mHealth is an innovative way to deliver care. mHealth is used
for remote monitoring and treating chronic diseases, to raise
awareness, and for behavioral modification [28-34]. In one
study, health data including blood pressure, pulse, weight, and
dose of medication of patients with chronic heart failure and
hypertension were transferred via a mobile phone, with an
average data transfer accuracy of 83% (SD 22) [35]. This
allowed physicians to remotely collect data for developing
assessment and care management. Another study found that
participants with controlled background displays on their mobile
phones were likely to engage in a daily walk and cardiovascular
exercise for 3 months, who otherwise would not have exercised
[36]. Lastly, phone consultation was found to improve physical
activities among women of low socioeconomic status who had
high mortality rates due to high-risk behaviors [37].

Objective
These two modalities, telemedicine and mHealth, improve
access to care: telemedicine enables physician intervention, and
mHealth promotes patients’ participation [38]. Yet less
infrastructure being required for mHealth than for telemedicine,
the rising popularity of mobile phones, the sophisticated
third-generation network, and emerging ways to exchange
information through mobile phones predict mHealth to be more
promising for developing countries [39-41]. Although studies
have shown the effectiveness of receiving care using mHealth
and telemedicine, to the best of our knowledge, no study has
compared patients’ preference for phone calls versus video
conferencing based on their demographics, chief concern, and
time spent in consultation. The objective of this study was to
understand factors influencing patients’ choice of
communication medium for receiving care, either through
mHealth or in telemedicine encounters, when they were provided
with both options in a virtual urgent clinic.

Methods
Study Design
We conducted a postdeployment evaluation of a new virtual
health care service, Virtual Urgent Clinic (VUC), which uses
mHealth and telemedicine modalities to provide patient care.
VUC is a 24-hour-a-day, 7-day-a-week, on-demand service
aimed at helping individuals with urgent medical needs to
consult with a physician regarding their medical condition. The
service was primarily designed to offer services regardless of
the time of day or location of the patient in a more convenient
form than the traditional in-person urgent care clinics. We
obtained institutional review board approval from the University
of North Carolina at Chapel Hill to conduct this research.
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Study Setting and Participants

Statistical Analysis

VUC is cloud-based platform offered through a public website.
Individuals with urgent medical needs can use VUC, despite
their location, as long as they have access to a phone or a
computer equipped with a microphone and camera with internet
connection. Inclusion criteria for this study were individuals
with a medical need who were over the age of 2 years. Exclusion
criteria were patients under the age of 2 years, patients with no
access to a phone or a computer with microphone and camera
with internet connection.

We used multinomial logistic regression to build and compare
the two models based on the predictive power of two sets of
features in determining patients’ preferred method of telecare
(mHealth and telemedicine) encounters. We selected the first
set of independent variables to represent the demographics and
socioeconomic status of the patient population. The additional
feature, chief concern, captures patients’ self-reported reason
for the telecare visit.

Materials
Individuals were required to create an account through the VUC
website prior to scheduling a consultation. During the
registration process, each individual had to fill out a short form
providing basic demographic information. A secure link was
sent to the individual’s email address for activation of the
account. Once the account was activated, the individual
indicated whom the e-visit was for and the intended provider
type (eg, family physician). The website provided information
regarding conditions not treatable through VUC, medications
that VUC physicians could not prescribe, and important
information regarding children under the age of 3 years. Once
the individual verified having read this information, they were
asked to fill out a series of short forms on the reason for the
visit, their medical history, choice of pharmacy, choice of
provider, payment, and confirmation. The cost of a VUC visit
was a flat fee of US $49.
After the encounter, patients were asked to voluntarily
participate in a short patient satisfaction survey. The survey
aimed to solicit patients’ assessment of the encounter based on
4 criteria: (1) overall experience, (2) physician rating, (3) if they
gave a fair or poor rating of the overall experience, their reason
for the rating, and (4) open-ended patient comments.

Outcomes
The primary outcomes were two predictive models that projected
the users’ medium of choice given their demographics and chief
concern. Secondary outcomes were encounter duration and
satisfaction levels per encounter medium.
The dependent variable was encounter medium (mHealth,
telemedicine). Independent variables were sex (female, male),
age range (<18, 19-34, 35-49, ≥50 years), setting (urban, rural),
insurance status (insured, uninsured), encounter time range (6
AM-12 PM, 12 PM-5 PM, 5 PM-12 AM, 12 AM-6 PM), day
of the-week (weekday, weekend), top 20 chief concerns
(Multimedia Appendix 1 shows a full list).
We included the top 20 chief concerns, which made up 68.57%
(962/1403) of the total encounters, as a predictor instead of
including all 148 concerns; we classified the remaining 128
encounters as others. The rationale behind this is that an
excessive number of levels with a small number of data points
would have added unnecessary complexity to the models.
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For model selection purposes, we used the step function in R
version 3.6.0 (R Foundation) to eliminate the least significant
predictors. The process started with the full model, where all
predictors were included; it ceased when the current model
reached its maximum performance measured by the Akaike
information criterion (AIC) [42].
To measure the features’ predictive performance, we inferred
the odds ratio (OR) by exponentiating the models’ coefficients.
However, due to the lack of a simple and intuitive explanation
of OR outcomes, we decided to follow previous research by
interpreting OR as the risk ratio—the relative probability of an
event happening in one group compared with another group
[43]. We discuss this method’s limitations further below.
To evaluate the models’ prediction accuracy, we performed
cross-validation with 70% of the original dataset training data
and using 30% as the testing set. In addition, we measured the
models’ efficiency and effectiveness using two common
performance metrics: AIC and the simulated McFadden pseudoR2.
We used several R packages for advanced analysis and model
building: nnet for modelling the multinomial logistic regression
function; mfx for calculating the relative risk ratio; and stargazer
for rendering the summary statistics. We generated
visualizations using Tableau version 9.0 (Tableau Software).

Results
Demographics
Postdeployment, 1403 encounters were recorded, of which
87.53% (1228) were completed with mHealth, and 175 (12.5%)
were telemedicine encounters (Table 1). We tested two
predictive models: one with a set of 6 demographic features
extracted from the patients’ records and one with the chief
concern feature as the predictor. We measured the results as the
OR, indicating the magnitude of a specific feature’s predictive
power. In addition, we analyzed the relationship between chief
concern and the two significant demographic predictors—sex
and setting. Subsequently, we evaluated and compared the
difference between mHealth and telemedicine encounters,
specifically the duration of consultation session, chief concern,
the patients’ preference for alternative care-seeking options.
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Table 1. Demographics of Virtual Urgent Clinic users.
Characteristics

Type of encounter
mHealth, n (%)

Telemedicine, n (%)

Total, n (%)

1228 (87.53)

175 (12.47)

1403 (100.00)

Male

269 (82.01)

59 (17.99)

328 (23.38)

Female

959 (89.21)

116 (10.79)

1075 (76.62)

2-18

115 (83.94)

22 (16.06)

137 (9.76)

19-34

434 (87.85)

60 (12.15)

494 (35.22)

35-49

465 (88.24)

62 (11.76)

527 (37.56)

≥50

214 (87.35)

31 (12.65)

245 (17.46)

Rural

569 (92.22)

48 (7.78)

617 (44.04)

Urban

657 (83.80)

127 (16.20)

784 (55.96)

Insured

556 (91.15)

54 (8.85)

610 (43.48)

Uninsured

672 (84.74)

121 (15.26)

793 (56.52)

Predictor

Odds ratio

P value

Sex: male

1.662

.004

Setting: urban

2.014

<.001

Insurance status: uninsured

1.42

.06

Constant

0.064

<.001

Number of encounters
Sex

Age range (years)

Setting

Insurance status

Table 2. Odds ratio and significance (P value) of the demographic predictorsa.

a

Reference group: telemedicine.

Multinomial Logistic Regression Models
Predictive Model I: Demographics Features
Among the 6 predictors, sex and setting were the most predictive
determinants of patients’ preferred method of telecare delivery,
with significantly small P values of less than .01. Insurance
status was not significant (P<.10). With all else held constant,
patients from urban areas had 1.014 times greater odds than
users from rural regions of using telemedicine than of using
mHealth. Similarly, male patients had 66.2% greater odds than
female patients with identical features of using telemedicine
than of using mHealth, as Table 2 shows.

total of 4 predictors resulted in ORs greater than the neutral
level of 1—urinary tract infection (P<.001), ear pain (P=.06),
sinus
infection
(P=.04),
and
vaginal
discharge
(P<.001)—suggesting a lower tendency of choosing
telemedicine over mHealth. Based on the model, we expected
an 89% decrease in the odds of using telemedicine if a patient
had a urinary tract infection. However, vaginal discharge yielded
an OR of 0, indicating that no user with vaginal discharge chose
telemedicine in this case. In contrast, pink eye (P=.05) and rash
(P=.01) showed ORs greater than 1, suggesting a greater
probability of opting for telemedicine. Based on the model,
patients with pink eye were expected to have 1.39 times greater
odds of choosing a telemedicine encounter.

Predictive Model II: Top 20 Chief Concerns
Among the 20 chief concerns, 6 were significant predictors of
patients’ preferred medium of telecare encounter (Table 3). A
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Table 3. Odds ratio and significance (P value) of the chief concern predictora.

a

Predictor

Odds ratio

P value

Urinary tract infection

0.11

<.001

Ear pain

0.256

.06

Pink eye

2.39

.05

Rash

2.325

.01

Sinus infection

0.5

.04

Vaginal discharge

0

<.001

Constant

0.168

<.001

Reference group: telemedicine.

Table 4. Evaluation metrics of multinomial logistic regression models.
Model

Akaike information criterion

McFadden R2

Cross-validation prediction accuracy, %

Model I: demographics

1027.153

0.035

86.22

Model II: chief concerns

1030.168

0.064

86.22

Chief Concerns Analysis

Model Evaluation
The AIC of both models performed similarly, indicating that
the two models were of similar complexity [44]. However,
model II: chief concerns showed a slightly higher value
(1030.168) than model I: demographics (1027.153), ranking
model II: chief concerns lower than model I: demographics.
R2 of model II (0.064) was almost twice that of model I (0.035;
Table 4). A higher value of R2 shows that a higher proportion
of the dependent variable is explained by model II: chief
concerns than by model I: demographics.
The cross-validation yielded a prediction accuracy of 86.22%
(363 instances were correctly predicted out of the 421 data
points in the testing set) for both models.

Pearson chi-square test returned a strong indication of
dependency between chief concern and encounter mediums,
with a close-to-zero P<.001. We further examined the
relationship between chief concern and the two significant
predictors—sex and setting—and found the same strong
correlations between the variables.
We analyzed the top 10 chief concerns of the two encounter
methods, the results of which confirmed the difference between
mHealth and telemedicine users’ primary reasons for seeking
virtual urgent care. We observed a few extreme cases: for
instance, urinary tract infection the most common concern
among the mHealth users (n=147, 12.0% of a total of 1228
mHealth encounters), was absent from the telemedicine users’
top 10 list (Table 5). Conversely, telemedicine users, but not
mHealth users, frequently consulted about eye-related problems
(pink eye and eye swollen).

Table 5. Top 10 chief concerns in mobile health (mHealth) encounters (n=1228).
Chief concerns

Encounter medium: mHealth, n (%)

Sex: female, n (%)

Setting: rural, n (%)

Urinary tract infection

147 (11.98)

147 (100.0)

62 (42.2)

Sinus infection

129 (10.51)

113 (87.6)

62 (48.1)

Sore throat

116 (9.45)

94 (81.0)

58 (50.0)

Cough

82 (6.68)

53 (65)

49 (60)

Ear pain

42 (3.42)

27 (64)

23 (55)

Rash

37 (3.02)

23 (62)

24 (65)

Fever

32 (2.61)

22 (69)

16 (50)

Nasal congestion

31 (2.53)

24 (77)

19 (61)

Cold

30 (2.44)

25 (83)

12 (40)

Animal or insect bite or scratch

28 (2.28)

18 (64)

9 (32)
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Encounter Duration
The average duration of telemedicine encounters was 5.46
minutes, which is 5.4 percentage points higher than the mean
duration of mHealth encounters (5.18 minutes). A Welch
2-sample t test refuted the null hypothesis of equal mean (P=.28,
95% CI –0.79 to 0.24) between the two samples, indicating the
mean encounter durations of the two populations were
significantly different.

Khairat et al
mHealth encounter duration had a range of 1 to 15 minutes,
where 70.93% (871/1228) of the total encounters fell within the
1- to 5-minute range. Telemedicine encounters had a similar
range of 0 to 16 minutes. Encounters lasting longer than 10
minutes accounted for 12.6% (22/175) of all telemedicine calls,
double the 6.03% (74/1228) of mHealth encounters. In addition,
14.9% (26/175) of telemedicine calls lasted less than 1 minute,
in contrast to the absence of mHealth calls of this length, as
shown Figure 1 shows.

Figure 1. Distribution of encounter durations by encounter methods.

Figure 2. Self-reported overall experience satisfaction ratings. mHealth: mobile health.

Patient Satisfaction by Encounter Medium
For participants in all 1403 encounters, 204 (14.54%) responded
to the satisfaction survey. High satisfaction levels were reported
among both the mHealth and telemedicine groups. Of mHealth
patients, 91.1% (154/169) were satisfied by their encounter
compared with 89% (31/35) of telemedicine patients. A higher
proportion of telemedicine patients (4/35, 11.4%) than mHealth
patients (15/169, 8.9%) rated their experience as fair or poor
(Figure 2).
http://mhealth.jmir.org/2019/6/e13772/
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Alternative Care-Seeking Options
We looked further into the telemedicine and mHealth users’
self-reported preferences for alternative care-seeking options.
Patients were asked after their VUC consultation “if VUC was
not available, which medical service would you have used?”
The analysis revealed an almost identical distribution of users
among the 5 options (Figure 3). In-person urgent care was the
most popular alternative care option for both types of users. In
addition, approximately one-fifth of the users would have
delayed seeking care.
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e13772 | p.344
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Figure 3. Alternative care-seeking choices of mobile health (mHealth) and telemedicine users.

Discussion

telemedicine encounters to last less than 1 minute needs to be
studied in the future.

Principal Findings

We observed that patients were satisfied with their choice of
medium, as well as the service provided, which suggests that
providers should offer the option of mHealth or telemedicine
to their patients and allow them to choose. We recommend
considering patients’ sex and setting as predictive factors to
provide suggestions on which communication medium would
best fit patients based on their characteristics. Patient satisfaction
was high in both groups, with higher dissatisfaction among
telemedicine users, which may be attributed to the quality of
the video or audio feed. There was no significant difference
between the groups in terms of their self-reported responses to
alternative care-seeking options.

To our knowledge, this is the first study to comprehensively
assess the effectiveness of providing patients with medium
choice (phone call vs video call) of either mHealth or
telemedicine to consult with physicians for urgent care needs.
We leveraged a data science approach, namely, data analytics,
to predict what factors informed patients’ choice of an mHealth
or telemedicine medium. We analyzed the top 20 chief concerns
in both groups to gain insight into the potential association
between concern and choice of medium. Then, we analyzed the
duration of encounters, self-reported alternative care-seeking
options, and users’ responses to satisfaction surveys between
both groups.
We proposed a model to predict the preferred choice of care
delivery for patients. Patients’ sex and geographic location (rural
or urban) significantly predicted their choice of care between
mHealth and telemedicine. Patients from an urban area were
twice as likely as users from rural regions to choose telemedicine
over mHealth. Similarly, male patients were 1.6 times more
likely than female patients with identical features to use
telemedicine than mHealth. We conclude that male users from
urban regions are the most likely to choose telemedicine over
mHealth.
Patients’ chief concern significantly correlated with their choice
of medium, where chief concern strongly correlated with
mHealth or telemedicine. The duration of encounters was similar
between both mediums, around the 5-minute mark. Overall,
telemedicine encounters had a notable difference in range, from
less than 1 minute up to 16 minutes. A possible justification for
http://mhealth.jmir.org/2019/6/e13772/

XSL• FO
RenderX

Strengths and Limitations
A strength of this research is the ability to alleviate the demand
on in-person urgent care clinics and emergency rooms by
providing a virtual clinic where patients can be seen and treated.
Since VUC is an on-demand and cloud-based service, there was
no purposive sampling, which allows the findings of this study
to be more generalizable. The digital nature of the service may
introduce bias to the sample population; however, this study
focused on two digital interventions and, therefore, if any bias
was introduced, it should not have influenced the study findings.
Another strength is the convenience of providing both mHealth
and telemedicine options to patients within the same platform
without further setup. The response rate of the voluntary survey
was adequate given that we provided no incentive to participate.
One limitation of this study is the lower number of telemedicine
encounters relative to mHealth encounters, which can be
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e13772 | p.345
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attributed to several factors, such as personal preference, time
of the call, access to a Web camera, and internet connection
speed. Another limitation is the absence of information regarding
the reason for telemedicine encounters ending in less than 1
minute. This study can be further strengthened by capturing
patient outcomes after the consultation visit by looking at 30-day
hospitalization rates to assess the quality of care for each
medium, which is a future direction of this research.

Khairat et al

Conclusion
We studied factors influencing patients’ choice of
communication medium, either mHealth or telemedicine, for a
virtual care clinic. Patients’ preference for mHealth or
telemedicine was significantly influenced by their sex and
geographic location, as well as their chief concern. Despite other
preferences, patients were highly satisfied by their choice of
communication medium. This study showed that providing the
option of mHealth or telemedicine to patients suggests which
medium would be a better fit for patients based on their
characteristics.
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Top 20 chief concerns.
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Abstract
Background: For patients with sickle cell disease (SCD), effective management of vaso-occlusive crises (VOCs) is integral to
provision of care, as nearly all affected individuals will suffer from VOCs in their lifetime. A recent systematic review of
technological interventions to improve self-management in the care of SCD concluded that electronic health has the potential to
improve the care of individuals with SCD.
Objective: The aim of this study was to assess the value of an electronic teaching module (ETM) provided by Emmi Solutions
for educating adult SCD patients on VOC self-management and treatment options for SCD.
Methods: A pretest assessed adults with SCD for baseline knowledge with regard to self-management of VOCs. Participants
then watched the 35-min ETM and completed a posttest and survey on the ETM.
Results: A total of 20 adults enrolled. Their knowledge scores improved (pretest median 66.5% and posttest median 85%;
P<.001). In total, 18 participants (18/20, 90%) agreed that they “learned a lot” or “learned something” from the ETM. The most
common topic about which they reported learning was hydroxyurea. A total of 12 participants (12/20, 60%) agreed with the
statement that they “would recommend the module to a friend or family member with sickle cell disease.”
Conclusions: The ETM is associated with an increase in knowledge in patients with SCD. Limitations of the study include
small sample size, no assessment of knowledge before premodule questionnaire completion, and no longitudinal follow-up.
Identifying patients with SCD who demonstrate affinity for self-education via an ETM may further enhance utility of this tool to
educate and empower patients.
(JMIR Mhealth Uhealth 2019;7(6):e13501) doi:10.2196/13501
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patient education; teaching materials; portable electronic applications; sickle cell disease
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Introduction
Background
For patients with sickle cell disease (SCD), effective
management of vaso-occlusive crises (VOCs) is integral to
provision of care, as nearly all affected individuals will suffer
from VOCs in their lifetime [1]. Unfortunately, many patients
with SCD lack access to specialized hematology care and, as a
result, are reliant on providers who may be unaware of the
myriad complications related to this chronic condition and may
be uncomfortable with treating these patients [2]. Given the
limited number of sickle cell day hospitals, many adult patients
rely heavily on acute care services for management of their
VOCs, despite often facing ineffective analgesic management
and patient-perceived biases in care provision in the emergency
department [3,4]. Provider desire for clinical correlates to
confirm the complaint of pain in a patient with SCD leads to
disbelief or skepticism of the patient and ultimately contributes
to inadequate treatment of VOCs, resulting in premature
discharges as well as high rates of emergency department and
hospital recidivism [5,6]. In recent studies, patients with SCD
report inadequate access to ambulatory care, poor
communication with health care professionals, and lack of
involvement in decisions regarding their own health [1,5]. Acute
care encounters and rehospitalizations are frequent for patients
with SCD, particularly for adolescents and young adults (AYAs)
aged 18 to 30 years [7]. Given this gap in the knowledge and
comfort level of health care providers managing patients with
SCD, there is a clear need to improve patient health literacy and
enhance patient confidence in self-care [8].
Electronic health (eHealth) may especially resonate with AYA
patients, given their generational predilection for electronic
media. A recent study showed that almost all AYA patients
with SCD had daily internet access via either computers (84%)
or mobile phones (70%) [9]. In one study examining
self-management tools in SCD, the majority of participants
opted to go online for their health information and preferred
websites with interactive or social features (83%) [7].
Harnessing the power of Web-based modules to engage a
vulnerable patient population is critical, given the positive
correlation between patient confidence in self-care and improved
health outcomes for individuals with SCD [8].
A recent systematic review of technological interventions to
improve self-management in the care of SCD concluded that
eHealth has the potential to improve the care of individuals with
SCD [10]. eHealth is being used for self-management of a
variety of chronic diseases, including SCD, asthma, diabetes,
and hypertension [10]. Most eHealth intervention studies for
SCD have been performed in children and adolescents [10].
Relatively few studies have evaluated eHealth in adults with
SCD and they focus on pain or knowledge about reproductive
health [10]. More studies are needed in adults with SCD in other
components of care, including medication adherence, coping
strategies, and clinic appointment adherence such as eHealth in
pediatric SCD [10].
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Objectives
Given the lack of evaluation of eHealth interventions in adults,
the purpose of this pilot study was to assess the value of the
electronic teaching module (ETM) produced by Emmi Solutions
for self-management in individuals with SCD. The ETM is an
educational video with graphics and audio written at a
fifth-grade reading level, with the exception of key words such
as hemoglobin and hydroxyurea. It includes information about
SCD and how self-care can help mitigate VOC triggers and
decrease emergency department usage; and it encourages
utilization of specialized care with a hematologist and coping
strategies to manage pain at home with both pharmacologic and
nonpharmacologic measures. Topics covered in the ETM include
an overview of basic SCD pathophysiology, SCD pain,
over-the-counter medications, opioids, pain management tools,
hydroxyurea, and when to call your doctor. Currently,
management of SCD pain focuses on alleviation of symptoms
with fluids, anti-inflammatory agents, and opioid analgesics
[3,8]. As much of the initial management of early VOCs could
be performed at home, the Emmi ETM is an eHealth intervention
to make self-care information more accessible to patients with
SCD. Specifically, this ETM may be especially helpful for
individuals with SCD who lack access to a specialized sickle
cell clinic, and the format should be a good fit for AYA patients
with SCD who prefer to use electronic methods to receive health
information. We hypothesized that there would be an
improvement in scores from the premodule knowledge-based
questionnaire to the postmodule questionnaire and that the
postmodule survey would indicate that the ETM is well-received
by patients with SCD.

Methods
Measures
The pre- and postmodule knowledge-based questionnaires
included 16 identical questions about self-management of sickle
cell pain. The postmodule survey added 12 questions assessing
participants’ satisfaction with use of the ETM and documenting
age, gender, and highest level of education attained. The
questionnaire (Multimedia Appendix 1) and survey (Multimedia
Appendix 2) were written based on the Emmi ETM script by a
professional education specialist from Emmi Solutions to assess
for participant understanding of the content of the ETM. The
pre- and postquestionnaire and survey responses were digitally
recorded through SurveyMonkey, scored, and reviewed.

Sample
A convenience sample of adults with SCD seen at the University
of Maryland Medical Center (UMMC):
•

•

Inclusion criteria: (1) Any type of SCD (HbSS, HbSβ0-thal,
HbSC, or HbSβ+-thal), (2) aged 18 years or older, and (3)
willing to commit 1.5 hours to complete the study in one
sitting.
Exclusion criteria: (1) unable to read English or (2) previous
use of the Emmi ETM.
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Procedures

Data Analysis

A convenience sample of patients with SCD was offered
enrollment upon presentation to their scheduled Hematology
outpatient visits at the UMMC between June and October 2017.
After verbal consent, patients were provided with a laptop
computer to view the Emmi ETM and complete the assessments
in the clinic. Participants completed a pretest assessing their
baseline knowledge with regard to self-management of VOCs.
They then watched a 35-min ETM that described self-care
techniques that can mitigate triggers for vaso-occlusion and
decrease emergency department usage and also reviewed
pharmacologic and nonpharmacologic measures for pain
management at home. Patients were allowed to take breaks if
necessary. It was noted if the participant fell asleep during the
ETM. Participants then completed a posttest assessing their
knowledge of self-management of VOCs and a survey regarding
use of the ETM. The pre- and postmodule knowledge-based
questionnaires and postmodule survey were deidentified to
prevent a possible breach of privacy. Once participants
completed the study, they received a US $20 TargetTM gift card
for the time invested in the study. They were also given an
information sheet about the study with their identification
number and a link to re-access the ETM. This study was
approved by the University of Maryland School of Medicine
Institutional Review Board.

Pre- and postmodule questionnaire scores were compared using
paired t tests. Postmodule survey responses were analyzed by
frequency distribution. Data were monitored to see whether
patients re-accessed the ETM.

Results
A total of 39 individuals were approached for the study: 19
declined to participate (most stating reluctance to invest the
amount of time needed), none were ineligible, and 20
participated. In total, 12 patients (12/20, 60%) were female. The
median age of participants was 27.5 years (range: 20 to 48
years). The highest levels of education completed were as
follows: not graduated high school (3), high school
diploma/Generalized Educational Development (12), Bachelor’s
degree (2), and beyond Bachelor’s degree (3).
There was significant improvement in scores from the
premodule questionnaire to the postmodule questionnaire. The
median pretest knowledge score was 66.5% and the median
posttest knowledge score, after completion of the ETM, was
85% (paired t test [n=20]=6.84; P<.001; Table 1). This suggests
that study participants were able to learn from the ETM and
improve their baseline knowledge regarding self-management
of sickle cell pain. The small sample size precludes a meaningful
analysis of subgroups.

Table 1. Premodule versus postmodule questionnaire scores.
Study participant

Premodule Score (%)

Postmodule Score (%)

Change (%)

1

65

62

–4.6

2

85

97

14.1

3

68

97

42.6

4

56

85

51.8

5

76

85

11.8

6

62

85

37.1

7

74

74

0.0

8

47

59

25.5

9

65

94

44.6

10

79

88

11.4

11

65

71

9.2

12

59

82

39.0

13

38

47

23.7

14

56

82

46.4

15

74

88

18.9

16

71

88

23.9

17

51

74

45.1

18

74

79

6.8

19

68

94

38.2

20

88

97

10.2

Average

66.1

81.4

24.8
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The postmodule survey (Figure 1) results indicated that the
ETM was well-received. In total, 18 out of 20 participants (90%)
reported that they learned a lot or learned something from the
ETM. The most common topic about which they reported
learning was hydroxyurea. Nine of the 20 participants
commented that they gained a better understanding of how
hydroxyurea works and/or of its side effects. Five participants
also commented that they learned a lot about opioids. Sixteen
of the 20 participants also reported that the ETM improved their
confidence to help prevent sickle cell crises, call their doctor,
and/or go to the emergency department when needed. Sixteen
of the 20 participants had an existing pain management plan,
as expected as all study participants were scheduled to see sickle
cell specialists in the adult Hematology clinic at UMMC. Of
the 16 participants with a pain management plan, 2 reported
that the ETM made them realize that they needed to revisit or

Tam et al
update their plan with their doctor, 8 reported that the ETM
improved their confidence to manage pain, and 6 reported that
the ETM had no effect on the way they thought about their
existing plan. Of the 4 participants who did not have an existing
pain management plan, all 4 reported that they were very likely
to ask their doctor or pain specialist to create a pain management
plan with them in the next 3 months. Twelve of the 20
participants (60%) were either very likely or likely to recommend
the ETM to a friend or family member with SCD.
Five participants fell asleep at some point during the ETM,
which at least 3 patients attributed to fatigue. One participant
commented that the 25-min ETM was “way too long, especially
if the target audience is users with this condition” . Patient
access to the ETM was monitored for 6 months after the
completion of the study and no patients re-accessed the ETM.

Figure 1. Excerpts from postmodule survey responses. SCD: sickle cell disease.
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Discussion
Principal Findings
The knowledge scores showed a significant improvement from
the premodule questionnaire to the postmodule questionnaire.
In the postmodule survey, 90% of participants reported that
they learned from the ETM, and 60% of participants were likely
to recommend the ETM to others.
The small sample size precludes a meaningful analysis of
subgroups defined by factors including age, sex, and level of
education. The subgroup analysis might have shown differences
between age groups owing to the generational predilection for
electronic media and differences between the level of education
subgroups owing to varying levels of comprehension of the
ETM or the questionnaire. For future studies with a larger
sample size, a literacy assessment might be a more accurate
measure of study participants’ comprehension of the ETM than
the self-reported level of education. The disadvantage of adding
a literacy assessment to the study is that some patients might
not have the attention span to concentrate for a longer study.
Subgroups of patients who may not have benefited as much
from the Emmi ETM include those who had barriers to
completing the ETM, such as a low level of computer literacy,
reading level below fifth grade, and short attention span, and
those with a high baseline knowledge of self-care before the
Emmi ETM intervention. Falling asleep during the module may
be attributable to fatigue, a well-known complication of SCD
that can be out of proportion to the anemia [11,12]. Although
the 2 participants who reported that they did not learn anything
new from the ETM scored 85% and 71% on the premodule
questionnaire, both improved on the postmodule questionnaire,
with postmodule scores of 97% and 88%. Other participants
who scored >70% on the premodule questionnaire reported that
they did learn something from the ETM.
Given that 5 participants fell asleep at some point during the
ETM and no patients re-accessed the ETM within 6 months of
the study, revisions may be necessary. In a recent study
assessing online module development, students were more
engaged when the module content was applicable to their
personal life or community and provided opportunities for
critical thinking [13]. The study also highlights the value of
emphasizing qualitative feedback over traditionally quantitative
feedback [13]. Possible changes to make the ETM more
engaging include adding a playback speed control button per
study participant survey comments, modifying the ETM to make
it more interactive by adding questions after each section and
adding a summary at the end of the ETM. In addition, we could
implement an exit interview instead of an online survey to more
rigorously evaluate how patients felt about the ETM. Many
patients were noted to be slow at typing, so a verbal survey may
encourage a more lengthy and critical assessment of the ETM.
Although the goal of health education is to demonstrate clinical
benefit, this demonstration will require additional investigations
beyond the scope of this pilot study. Next steps include
expanding the study to include a larger sample size and multiple
sites (urban vs rural and medical vs community locations). A
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recent systematic review concluded that evaluations of SCD
educational interventions should consist of large-scale studies
with many patients retained in a longitudinal follow-up, owing
to the heterogeneity of SCD and the modest effect size for
educational interventions [14].

Limitations
Limitations of this study include a small sample size, no
assessment of literacy, no validation of the questionnaire, no
assessment of patient knowledge of SCD before the initial
premodule questionnaire completion, and a lack of longitudinal
follow-up to track retention of knowledge gained from the ETM
or further actions taken based on what participants learned from
the ETM.

Conclusions
Assessment of this pilot implementation of an educational ETM
for SCD in a real clinical setting revealed both benefits and
drawbacks. Nearly all patients gained some knowledge from
the ETM and had positive comments such as willingness to
recommend the ETM to friends. The wide range of pretest scores
shows that, before the ETM, there are probably subgroups of
patients with greater knowledge of self-care for SCD. The
patients’ comments suggest that subgroups exist with different
learning styles, with some requesting a more customized or
streamlined ETM. Future studies should also examine whether
the knowledge acquired through this ETM has an impact on
disease course, although these will be difficult to conduct given
the unpredictable nature of SCD. Finally, the high rate of refusal
to participate (19 of 39 people approached for the study)
suggests that modifications are needed to motivate people to
use the ETM. Other modifications that may decrease the high
rate of refusal to participate include giving patients the option
to schedule the study visit at their convenience and having a
trusted provider endorse the study.

Practice Implications
The educational ETM has the potential to provide an immediate
impact on health literacy for an underserved patient population
and potentially improve disease management and
disease-specific outcomes. Identifying discrete populations of
patients with SCD who demonstrate an affinity for
self-education via the Emmi ETM would further enhance the
utility of this tool. Innovative approaches to improving self-care
for patients with SCD are sorely needed and have the potential
to enhance care provision for affected individuals, as well as
transform the oftentimes adversarial interaction between adult
patients and their treating physicians.
As more patients with SCD are reaching adulthood and SCD
has a lifelong course, providing resources to facilitate the
transition from pediatric to adult SCD care is essential. Early
adulthood is a high-risk period, associated with increased
mortality [8,9]. The ETM may be particularly helpful in
facilitating the often-fraught transition from pediatric to adult
care. Barriers to successful transition include AYA-specific
patient issues (lack of knowledge about SCD and about
obtaining SCD care with adult health care providers, lack of
financial independence and decision-making experience, and
fear of leaving familiar clinics), health care provider issues
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(poorly coordinated transitional care and lack of education and
familiarity with SCD treatment), and systemic issues (adult care
with fewer interdisciplinary services than well-established
pediatric SCD programs, AYAs losing or changing insurance

Tam et al
coverage, and a reimbursement system that may limit the
willingness of specialists to see adult SCD patients) [15]. In
addition, AYA patients may be expected to have a particular
affinity for a Web-based educational tool.
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Abstract
Background: Patient portals tethered to electronic health records can improve patient experience, activation, and outcomes.
However, adoption of inpatient portals has been challenging. One way to potentially increase inpatient portal usage is to integrate
it with a room control (RC) app on a common tablet computer.
Objective: The aim of this study was to perform a retrospective analysis of patient usage of an RC app provided on tablet
computers in patient rooms of our new inpatient tower.
Methods: We identified all patients who were admitted for >24 hours to our new inpatient tower over a 90-day period from
September 1 to November 30, 2017. After excluding newborn patients from our analysis, we then identified patients who used
the RC app at least one time during their admission. We linked these data to patient demographics (including age, sex, and race)
and admitting service. We then performed univariable and multivariable logistic regression to assess patterns of RC app usage.
Results: A total of 3411 patients were admitted over the course of the study period; 2242/3411 (65.73%) used the RC app during
their hospitalization. Compared with white patients, other/mixed/unknown race and Asian, Hawaiian, Pacific Islander, American
Indian race were significantly associated with increased use of the RC app in a multivariable analysis. Increasing age was
significantly associated with increased usage of the RC app. Usage of the RC app also varied by admitting services. Compared
with general medicine, bone marrow transplant and general surgery patients had increased usage of the RC app. Conversely,
critical care, medical specialties, neurology, surgical subspecialties, and obstetrics/gynecology were all associated with decreased
usage of the RC app.
Conclusions: Our study shows that one-third of patients are not using the RC app for critical room functions. Future initiatives
to increase RC usage should take these populations into consideration. Contrary to common belief, older patients may use
tablet-enabled RCs just as often, if not more often, than younger patients. Certain admitting services, such as neurology and
surgical subspecialties, may have had lower usage rates owing to accessibility issues. Our study allows hospitals to tailor support
for specific patient populations to increase RC app usage.
(JMIR Mhealth Uhealth 2019;7(6):e13964) doi:10.2196/13964
KEYWORDS
inpatients; electronic health records; patient satisfaction; patients’ rooms
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Introduction

Methods

Electronic health records with patient portals allow patients to
conveniently access their health information, which can improve
patient experience, patient activation, and patient care [1-3].
Although outpatient portals are becoming more common,
challenges persist in the widespread adoption of inpatient portals
[4]. However, it has been shown that colocation of the inpatient
portal with a room control (RC) app on a tablet can increase
patient utilization of the inpatient portal [5] and may increase
patient engagement [6].

In designing the patient rooms for our new inpatient tower, our
institution made the conscious decision to integrate multiple
RCs (eg, curtains, lighting, and television controls) into a central
patient-facing app (Crestron Electronics) installed on tablet
computers (Apple Inc) in every patient room (Figures 1 and 2).

In addition, RC apps can centralize frequently used and critical
room functions (eg, lighting, curtains, and television controls),
thereby enabling patients to better control their environment
while being confined to a hospital bed. This has led some to
consider RC apps as a hospitality feature for patients, which
may be a point of contention in today’s health care environment
owing to increased concerns over hospital spending on
nonclinical amenities [7]. However, hospitality features have
been associated with improved patient satisfaction [8,9], which
can potentially affect hospital reimbursement [10,11]. In
addition, hospitality features and improved patient satisfaction
can lead to better patient outcomes [12-15]. For example,
empowering patients with RC apps may reduce calls to nursing
staff for room comfort needs, which can decrease patient
call-light burden, leading to improved patient care [16].
However, it is not known which patients are more or less likely
to use RCs. Answering this question will allow hospitals to
tailor support for specific patient populations to increase RC
usage. In this study, we have explored our initial experience
with implementing an RC app on tablets in patient rooms at our
institution.

We sought to examine patient factors associated with using RC
features on the tablet. After obtaining institutional review board
exemption, we analyzed data over a 90-day period from
September 1 to November 30, 2017, for all hospital admissions
of >24 hours. We examined the proportion of patients who
accessed the RC app during their hospitalization by linking RC
usage data with patient admission data. After patient linkage,
we were able to collect patient demographic information,
including sex, age, and race. We also identified the length of
stay and admitting service for each patient. This was then
categorized into general medicine (including family medicine,
internal medicine, and hospitalist services), bone marrow
transplant, critical care (including surgical and medical critical
care services), general surgery (including transplant, surgical
oncology, colorectal, vascular, minimally invasive, and plastic
surgery services), medical specialty (including cardiology,
pulmonary, medical oncology, and gastroenterology services),
neurology (including stroke and neurology services), obstetrics
and gynecology, and surgical subspecialty (including urology,
head and neck, neurosurgery, and orthopedic surgery services).
We excluded newborn patients from our analysis. We performed
the Mann-Whitney U test and univariable and multivariable
logistic regression analysis using IBM SPSS Statistics (IBM
Corp, version 25.0). The level of significance was set at .05 for
all analyses.

Figure 1. The main menu of the room control app.
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Figure 2. The lighting control submenu of the room control app.

Results
During our study period, 3411 patients were identified. Of these
patients, 2242/3411 (65.73%) patients used the RC app at some
point during their hospitalization. A comparison of sex, age,
race, and admitting service is shown in Table 1. Patients who
used the RC app had significantly longer hospital length of stay
than patients who did not use the RC app (P<.001). Univariable
and multivariable logistic regression is shown in Table 2. In a
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multivariable analysis, other/mixed/unknown race and Asian,
Hawaiian, Pacific Islander, American Indian (AHPIAI) race
were associated with increased use of the RC app (odds ratio
[OR]=1.27; P=.008 and OR=1.51; P=.006, respectively)
compared with white patients. In addition, increasing age was
associated with increased usage of the RC app. Compared with
general medicine, bone marrow transplant and general surgery
patients had increased usage of the RC app. Conversely, critical
care, medical specialty, neurology, surgical subspecialty, and
obstetrics/gynecology were all associated with decreased usage.
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Table 1. Patient demographics stratified by room control app usage (N=3411).
Patient demographic

Used RCa app

Did not use RC app

Total number of patients, N (%)

2242 (65.73)

1169 (34.27)

Female

1542 (68.78)

949 (81.18)

Male

700 (31.22)

220 (18.82)

White

1286 (57.36)

723 (61.85)

Black

97 (4.33)

49 (4.19)

Asian, Hawaiian, Pacific Islander, American Indian

216 (9.63)

82 (7.01)

Other/Mixed/Unknown

643 (28.68)

315 (26.95)

16-30

365 (16.28)

337 (28.83)

31-45

740 (33.00)

449 (38.41)

45-65

651 (29.04)

208 (17.79)

>65

486 (21.68)

175 (14.97)

General medicine

378 (16.86)

97 (8.30)

Medicine specialty

14 (0.62)

65 (5.56)

General surgery

419 (18.69)

37 (3.17)

Surgical subspecialty

246 (10.97)

124 (10.61)

Bone marrow transplant

228 (10.17)

13 (1.11)

Critical care

27 (1.20)

51 (4.36)

Neurology

70 (3.12)

43 (3.68)

Obstetrics/Gynecology

860 (38.36)

739 (63.22)

5 (1-492)

2 (1-205)

Sex, n (%)

Race, n (%)

Age (years), n (%)

Admission Service, n (%)

Hospital length of stay, median (range)
a

RC: room control.
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Table 2. Univariable and multivariable logistic regression.
Variables

Univariable analysis

Multivariable analysis

P value

Odds ratio (95% CI)

P value

Odds ratio (95% CI)

<.001

0.511 (0.430-0.606)

.28

—a

White

—

Reference

—

Reference

Black

.555

—

.31

—

Asian, Hawaiian, Pacific Islander, American Indian

.004

1.481 (1.130-1.940)

.006

1.510 (1.129-2.020)

Other/Mixed/Unknown

.097

—

.008

1.274 (1.064-1.526)

16-30

—

Reference

—

Reference

31-45

<.001

1.522 (1.260-1.838)

<.001

1.494 (1.225-1.822)

45-65

<.001

2.890 (2.330-3.583)

.002

1.591 (1.179-2.149)

>65

<.001

2.564 (2.042-3.219)

.006

1.586 (1.140-2.204)

General medicine

—

Reference

—

Reference

Medicine specialty

<.001

0.055 (0.030-0.103)

<.001

0.036 (0.018-0.071)

General surgery

<.001

2.906 (1.9414.350)

<.001

3.288 (2.186-4.944)

Surgical subspecialty

<.001

0.509 (0.3730.694)

.001

0.588 (0.427-0.808)

Bone marrow transplant

<.001

4.501 (2.4668.215)

<.001

3.288 (2.186-4.944)

Critical care

<.001

0.136 (0.081-0.228)

<.001

0.104 (0.060-0.180)

Neurology

<.001

0.418 (0.269-0.649)

.001

0.472 (0.302-0.739)

Obstetrics/Gynecology

<.001

0.299 (0.234-0.381)

<.001

0.490 (0.352-0.681)

<0.001

1.056 (1.043-1.069)

<.001

1.040 (1.025-1.054)

Female
Race

Age (years)

Admission service

Hospital length of stay
a

Not applicable.

Discussion

can potentially function as a gateway for elderly patients to
access other patient-facing technology.

Principal Findings

Secondary Findings

We found that 65.7% of patients admitted to our new inpatient
tower used an integrated RC app installed on tablet computers
inside patient rooms. After controlling for other predictors, we
found that the AHPIAI race and other/mixed/unknown race was
associated with increased RC app use. Surprisingly, we also
found that increasing age was associated with increased RC
app use. In addition, longer hospital length of stays were
predictive of RC app usage. Finally, compared with general
medicine, patients admitted to general surgery and bone marrow
transplant had more RC app use, whereas patients admitted to
medicine specialty, surgical subspecialty, critical care,
neurology, and obstetrics/gynecology all had less RC app use
than general medicine.

Another interesting finding is the large variation in RC use
among admitting services. Patients admitted to the bone marrow
transplant service may have had the highest rate of RC app
usage because these patients are often admitted to the hospital
for prolonged periods of time. However, even after controlling
for length of stay, these patients were still more likely to use
the RC app. This is most likely because their movement in and
out of their unit is limited owing to their disease process and
are thereby more likely to explore hospitality features. Increased
use of the RC app in general surgery patients may be because
these patients are often confined to their hospital beds after
surgery and are unable to control the blinds or lights through
the usual physical switches on the wall. In this case, the RC app
gives patients more control over their environment, which may
improve the patient experience during a highly vulnerable time.
This pattern is not seen in surgical subspecialty patients,
potentially because these patients, especially neurosurgery, head
and neck surgery, and orthopedic surgery patients, may not be
physically able to operate a tablet computer after surgery. This
may also explain the decreased usage of RCs in neurology
patients. Therefore, further work will be needed to increase

There has been growing concerns that elderly patients may be
disadvantaged by the influx of technology in health care today
[17]. However, in our study, we found that as age increased,
use of the RC app also increased. This may be partly explained
by the intuitive nature of the tablet interface, and previous
literature has shown success in using tablet-based apps in elderly
patients [18]. Furthermore, this finding showcases that RC apps
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accessibility in these patients (perhaps through voice-enabled
features). Patients admitted to the critical care service are
clinically very sick, which may limit their usage of ancillary
technology such as tablet computers. Similarly, medicine
subspecialty patients may also represent a group of patients
with high clinical acuity. Obstetrics and gynecology represent
a very diverse group of patients, making interpretations difficult
with regard to their usage of the RC app. Future studies will
focus on barriers to RC app usage unique to each admitting
service and exploring potential ways to increase RC app usage
for each service.

Limitations
Given its retrospective nature, we are unable to ensure that RCs
were used by the patient and not by a family member. However,
RC app use by family members may still encourage use of other
apps found on the tablet. It is also possible that the RC app was
used by the nursing staff to demonstrate the RCs to the patient,
though we suspect this occurrence is rare. Interpretation of use
patterns of obstetrics and gynecology patients was difficult
because they represent a diverse group of patients, with different
indications and acuity. This service includes patients admitted
to labor and delivery for observation and patients undergoing
postoperative care after a large cancer operation. The former

Zhao et al
group may be more similar to general medicine patients, whereas
the latter group may be more similar to general surgery patients.
Unfortunately, we are unable to separate the different
obstetrics/gynecology patients in the current analysis. Although
RC apps may increase inpatient portal usage [5], we are unable
to track the usage of other apps on the tablet at this time. In
addition, we do not have granular data of RC app usage, such
as average daily use length and specific features accessed.
Obtaining this type of data may require a prospective analysis
(ie, installing a tracking software) and will be a source of future
studies. In addition, patient-level data, such as income and
education, were not available. These factors may play a role in
the adoption of the RC apps.

Conclusions
Our study shows that approximately one-third of patients are
not using the RC app to control critical room functions, and
future initiatives to increase RC app usage should take these
populations into consideration. Despite its intuitive interface,
there may still be accessibility limitations to the current RC app,
especially for patients admitted to certain services. A more
thorough exploration of why the RC app usage is low in these
patient populations is needed in the future.
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Abstract
Background: Lung cancer patients experience various symptoms during treatment. Although pulmonary rehabilitation is an
effective way to improve these symptoms, a medical environment of limited availability makes it difficult to provide seamless
and adequate rehabilitation for lung cancer patients.
Objective: This study aimed to investigate the effects of a personalized pulmonary rehabilitation program using real-time mobile
patient health data for patients with non–small cell lung cancer.
Methods: We conducted a prospective clinical trial in 64 patients with non–small cell lung cancer aged between 20 and 80
years at a large tertiary hospital in Seoul, South Korea. A 12-week personalized pulmonary rehabilitation program, called efil
breath, was administered to determine the effectiveness of the newly developed rehabilitation app. Participants were randomly
allocated to the fixed exercise or fixed-interactive exercise group (which received the personalized program). We measured
changes in 6-minute walk distance (6MWD) and dyspnea (modified Medical Research Council [mMRC] score) at 6 weeks; and
quality of life and service satisfaction at 12 weeks. We used the paired t test to analyze the variables.
Results: Patients used the newly developed mobile health pulmonary rehabilitation app and a real-time patient monitoring
website. In all participants, significant changes were observed in 6MWD at 12 weeks from a mean of 433.43m (SD 65.60) to
471.25m (SD 75.69; P=.001), and mMRC from a mean score of 0.94 (0.66) to 0.61 (SD 0.82; P=.02). The intervention significantly
improved their quality of life (EuroQol-visual analog scale [EQ-VAS]) compared with baseline (mean score 76.05, SD 12.37 vs
82.09, SD 13.67, respectively; P=.002).
Conclusions: A personalized mobile health–based pulmonary rehabilitation app for recording and monitoring real-time health
data of patients with non–small cell lung cancer can supplement traditional health care center–based rehabilitation programs.
This technology can encourage improvement of physical activity, dyspnea, and quality of life.
(JMIR Mhealth Uhealth 2019;7(6):e12645) doi:10.2196/12645
KEYWORDS
mHealth; pulmonary rehabilitation; lung cancer; telemedicine; telerehabilitation; carcinoma, non-small-cell lung
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Introduction
Background
Lung cancer is a leading cause of death from cancer worldwide
[1], with high rates of morbidity and mortality, as well as having
a high burden of symptoms, such as dyspnea, fatigue, anxiety,
depression, and pain [2,3]. These symptoms persist after
diagnosis [4] but occur even in early stages of the disease [5].
A previous study showed that the survival of patients with lung
cancer is improved when these symptoms are effectively
managed [6]. Therefore, it is very important to provide
appropriate palliative care for patients with lung cancer.
Pulmonary rehabilitation (PR) is a multidisciplinary,
comprehensive treatment intervention for patients with chronic
respiratory diseases [7]. PR has been shown to improve the lives
of patients with chronic obstructive pulmonary disease [8],
interstitial lung disease [9], and lung cancer. Although many
studies have addressed the use of PR to reduce postoperative
complications or improve postoperative outcomes among
patients with lung cancer undergoing surgery [10-17], some
studies have reported that PR can also improve exercise
capacity, alleviate symptoms, and improve the quality of life
(QoL) of patients with lung cancer who have received
chemotherapy or radiation therapy [18-21]. Despite the reported
effectiveness of PR, the application of PR to patients with lung
cancer in real clinical practice environments is limited due to
long waiting lists for rehabilitation services [22]. To overcome
these limitations, studies on the effects of home-based PR on
lung cancer patients have been reported [23-27], giving rise to
the development of mobile technologies in health care delivery.

Ji et al

Objective
The aim of this study was to examine the outcome of
home-based PR regarding exercise capacity, dyspnea symptoms,
and QoL in adult patients who were being treated for non–small
cell lung cancer (NSCLC). To achieve this goal, we developed
efil breath, a mobile health (mHealth) rehabilitation platform
for patients with NSCLC that custom tailors symptom
management and exercise programs to individual patient’s health
conditions. The platform comprises 2 apps for pulmonary
rehabilitation and a patient monitoring website. Patient
compliance and progress were monitored for timely intervention
by health care professionals. We conducted a prospective clinical
trial to investigate the effectiveness of the platform. To our
knowledge, this was the first clinical trial of an mHealth PR
service for patients in South Korea with lung cancer.

Methods
Study Design
We conducted the study in 2 phases: (1) a proof of concept
phase, and (2) full platform development and a clinical trial
(Figure 1). In the second phase, we developed 2 apps: one with
a fixed exercise program, and the other with interactive exercise
programs that conformed to the individual patient’s physical
capacities. We also developed a patient monitoring website to
collect data from the apps in real time. Although the main goal
of the clinical trial was to evaluate the effects of home-based
PR in the entire study population, we also evaluated the effect
of PR according to the 2 apps.

Figure 1. Study design. (A) Flow of the proof-of-concept study; (B) flow of the clinical trial.
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Development of a Personalized Mobile Health–Based
Pulmonary Rehabilitation Platform
Apps
Use of the apps and patient monitoring website within the
mHealth rehabilitation platform are described elsewhere [28].

Ji et al
The platform was developed as a comprehensive
rehabilitation-focused platform for patients with chronic
obstructive pulmonary disease [28], lung cancer, breast cancer,
and others. Figures 2 and 3 show screenshots of the app for the
fixed exercise program. The contents of the app were translated
from Korean to English by HK.

Figure 2. App screenshots showing (A) the 6-minute walk test, (B) exercise routines, and (C) a summary of the results.

Figure 3. App screenshots for the walking exercise showing (A) the operation screen, (B) standby screen, and (C) measurement of dyspnea.

Patient Monitoring Website
All patient-generated health data, such as 6-minute walk test
(6MWT) results, rehabilitation exercise progress, heart rate,
and breathing difficulty levels, are sent from the apps to a central
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database. Health care professionals, such as lung cancer
specialists and nurses, can access the database through the
monitoring website but are permitted to view only the patients’
data. When an individual patient is selected, the patient’s health
status is displayed, as Figure 4 shows.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e12645 | p.365
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Ji et al

Figure 4. Patient health data screen showing detailed information about exercise and health measurements for a fictional patient.

Clinical Trial
We recruited participants from May 2017 to December 2017
from the outpatient clinics of Asan Medical Center, a tertiary
hospital in South Korea. This study was approved by the
institutional review board of Asan Medical Center. The NSCLC
participant inclusion criteria were as follows: (1) adults aged
20 to 80 years, (2) patients with histologically confirmed
NSCLC, (3) the presence of obstructive ventilatory disturbance,
defined by a forced expiratory volume in the first second of
inspiration of less than 80% in spirometry, (4) the ability to
walk more than 150 m in a 6MWT, (5) possession of an Android
mobile phone, and (6) patients who agreed to provide informed
written consent before the study. Patients who met the following
http://mhealth.jmir.org/2019/6/e12645/
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RenderX

criteria were excluded: (1) having severe cerebrovascular or
musculoskeletal disease and being unable to follow the exercise
regimen, (2) being illiterate or having limited communication
ability, (3) having a major disability that can cause death within
1 year, or (4) declining to sign the consent form.
At the initial visit, all the participants were randomly allocated
to 1 of 2 groups for 12 weeks: a fixed exercise group and a
fixed-interactive exercise group. The fixed exercise group used
only the fixed exercise program during the 12 weeks, whereas
the fixed-interactive exercise group received the app with the
fixed exercise regimen for the first 6 weeks and then switched
to an app with an interactive exercise regimen for the remaining
6 weeks. We based this sequence on the expectation that the
interactive exercise program could provide more effective
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e12645 | p.366
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personalized exercise based on the participant’s PR record for
the previous 6 weeks. All participants performed a 6MWT,
which is a standard indicator of physical activity in PR. We
measured subjective dyspnea (modified Medical Research
Council [mMRC] symptom score) at baseline (visit [V] 1), 6
weeks (V2), and 12 weeks (V3). Participants were provided a
wearable pulse oximeter (Checkme O2, Viatom, China) to
monitor their pulse rate and oxygen saturation during exercise.
QoL was measured by the EuroQol 5 dimensions questionnaire
(EQ-5D), which is a standardized instrument for measuring
general health status and has been widely used in clinical studies
and for routine outcome measurement of operational health care
[29].
The primary end points were the pulmonary function parameters
6-minute walk distance (6MWD) and mMRC grade of dyspnea
at 12 weeks. The secondary outcomes were QoL
(EuroQol-visual analog scale [EQ-VAS] and EQ-5D) and
participant satisfaction (Patient Global Assessment [PGA])
based on a 5-point Likert scale (1=strongly disagree, 2=disagree,
3=neither disagree nor agree, 4=agree, 5=strongly agree)
measured at V3 (12 weeks). After confirming the change in

Ji et al
outcome values in the entire study group, we also analyzed the
difference between the fixed and fixed-interactive group.

Measurement and Data Analysis
We performed all statistical analyses using SAS version 9.4
(SAS Institute Inc). Paired t test was used to evaluate the
changes in pulmonary parameters in all participants and to
compare the 2 exercise program groups. We considered P<.05
to be statistically significant. Based on previous studies of
6MWD improvement in related trials [12], we hypothesized
that participants would have a mean improvement in 6MWD
of 30 m at 12 weeks. Assuming an SD of 60, 2-sided test at an
alpha level of .05, power of 80%, and dropout rate of 20%, a
sample size of 60 patients (30 per group) was required for the
primary analysis.

Results
Baseline Participant Characteristics
We screened a total of 158 patients. Of these, 64 patients
(40.5%) met the inclusion criteria and were enrolled into the 2
groups (Figure 5). Table 1 shows participants’ demographics
and baseline characteristics.

Figure 5. Flow of the study groups. (a) Participants using the fixed-regimen app; (b) participants using the interactive-regimen app. IC: informed
consent.
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Table 1. Baseline participant characteristics (N=64).
Variables

Fixed exercise group (n=32)

Fixed-interactive exercise group (n=32) P value

n (%)

n (%)

Age (years)
Sex: male

Mean (SD)
57.97 (9.868)

21 (66)

Body mass index (kg/m2)

Mean (SD)
60.50 (10.198)

24 (75)
23.939 (3.332)

.32
.41

23.458 (3.452)

Smoking status

.57
.59

Never

13 (41)

10 (31)

Former smoker

11 (34)

15 (47)

Current smoker

8 (25)

7 (22)

Diabetes mellitus

7 (22)

5 (16)

.52

Hypertension

9 (28)

11 (34)

.59

Cerebrovascular disease

0 (0)

0 (0)

Tuberculosis

4 (13)

7 (22)

.32

Other

20 (63)

14 (44)

.27

Previous surgery

28 (88)

21 (66)

.04

Cormobidities

Stage of lung cancer

.32

I

13 (42)

7 (22)

II

3 (10)

5 (16)

IIIA

6 (19)

7 (22)

IIIB

1 (3)

0 (0)

IV

8 (26)

13 (41)

Histologic type

>.99

Adenocarcinoma

27 (84)

27 (84)

Squamous

5 (16)

4 (13)

NSCLCa and others

0 (0)

1 (3)

Baseline pulmonary function tests
FEV1b (% predicted)

71.31 (18.220)

68.19 (10.772)

.41

FVCc (% predicted)

75.03 (17.453)

74.03 (11.232)

.79

FEV1 / FVCd (% predicted)

0.96 (0.150)

0.93 (0.112)

.37

6-minute walk distance (m)

433.13 (55.790)

427.13 (79.034)

.73

Modified Medical Research Council dyspnea scale score
0

11 (35)

3 (10)

1

17 (53)

25 (78)

2

3 (10)

2 (6)

3

1 (3)

2 (6)

EQ-5De
a

.07

7.50 (1.951)

7.50 (2.356)

>.99

NSCLC: non–small cell lung cancer.

b

FEV1: forced expiratory volume in the first second of inspiration; normal value ≥80%.

c

FVC: forced vital capacity; normal value ≥80%.

d

FEV1 / FVC: normal value ≥70%.

e

EQ-5D: EuroQol 5 dimensions questionnaire.
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Comparison Between Preintervention and
Postintervention Changes in Primary and Secondary
Outcomes by Participant
For all participants in both groups, the 6MWD improved
significantly from V1 to V3 (from mean 433.43 m [SD 65.60]
to 471.25m [SD 75.69]; P=.001). Similarly, mMRC score

improved from V1 to V3 (from 0.94, SD 0.66 to 0.61, SD 0.82;
P=.02; Table 2). As a measure of QoL, EQ-VAS score improved
significantly from 76.05 (SD 12.37) at V1 to 82.09, (SD 13.67)
at V3 (P=.002). The mean value of EQ-5D was not significantly
different between time points (Table 2). PGA scores measured
at V3 showed significant improvement over PGA scores at V2
(from 13.77, SD 3.68 to 15.08, SD 3.99; P=.01).

Table 2. Results of all participants’ outcome variables according to time point.
Variables

Visit 1 (baseline, N=49)

Visit 2 (6 weeks, N=49)

n (%)

mean (SD)

n (%)

mean (SD)

P value

n (%)

mean (SD)

P value

6MWD (m)

49 (100)

433.429 (65.595)

42 (86)

448.095 (76.421)

.14

40 (93)

471.250 (75.691)

.001

mMRCb score

49 (100)

0.939 (0.659)

45 (92)

0.733 (0.618)

.04

43 (100)

0.605 (0.821)

.02

EQ-VASc score

43 (88)

76.047 (12.371)

N/Ad

N/A

N/A

43 (100)

82.093 (13.674)

.002

EQ-5De score

43 (88)

7.535 (1.817)

N/A

N/A

N/A

43 (100)

6.930 (2.849)

.17

PGAf score

N/A

N/A

39 (80)

13.769 (3.681)

N/A

39 (91)

15.077 (3.989)

.01

a

a

Visit 3 (12 weeks, N=43)

6MWD: 6-minute walk distance.

b

mMRC: modified Medical Research Council.

c

EQ-VAS: EuroQol-visual analog scale.

d

N/A: not applicable.

e

EQ-5D: EuroQol 5 dimensions questionnaire.

f

PGA: Patient Global Assessment.

Table 3. Preintervention and postintervention changes in outcome variables between the 2 groups.
Variables

Fixed exercise group (N=23)

Fixed-interactive exercise group (N=20)

n (%)

Mean (SD)

n (%)

Mean (SD)

6MWD (m)

21 (91)

58.095 (73.663)

19 (95)

25.368 (66.640)

.30

mMRCb score

23 (100)

–0.435 (0.945)

20 (100)

–0.250 (0.910)

.68

EQ-VASc score

23 (100)

6.304 (9.073)

20 (100)

5.750 (14.825)

.99

EQ-5Dd score

23 (100)

–0.957 (1.745)

20 (100)

–0.200 (3.722)

.50

a

a

P value

6MWD: 6-minute walk distance.

b

mMRC: modified Medical Research Council.

c

EQ-VAS: EuroQol-visual analog scale.

d

EQ-5D: EuroQol 5 dimensions questionnaire.

Comparison Between Preintervention and
Postintervention Changes in Primary and Secondary
Outcomes by Exercise Program
Unlike the results of all participants, there were no statistical
differences in the primary and secondary outcome indicators
between the fixed and fixed-interactive exercise groups (Table
3).

Discussion
Principal Findings
We developed a personalized mHealth PR platform to provide
rehabilitation treatment for patients with lung cancer. Our mobile
app-based PR improved exercise capacity (as measured by
6MWD), dyspnea grade, and QoL. This suggests that a
http://mhealth.jmir.org/2019/6/e12645/
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mobile-based home rehabilitation program might be an
alternative method of conventional PR for patients with lung
cancer, especially under the limitations of the clinical
environment in South Korea, where many PR programs are
inadequate. We demonstrated that personalized PR using mobile
technology significantly improved exercise capacity and QoL
for patients with lung cancer regardless of disease status.
Previous studies that reported the effects of PR in patients with
lung cancer focused mostly on perioperative periods [10-17,23],
whereas only a few studies assessed patients with advanced
lung cancer [19,21,24,27,30]. In this study, we analyzed the
effect of PR on both early- and advanced-stage lung cancer
patients, and found improvements in exercise capacity (6MWD)
and dyspnea, consistent with previous studies that reported
improvements in exercise capacity [10-13,16,21,24,27] or
dyspnea grade [21,27].
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Only a few studies have reported on the effect of PR on the QoL
of patients with lung cancer [11,24,26,27], and evidence is still
insufficient. Although Stigt et al [11] reported that PR did not
improve patients’ QoL after lung cancer surgery, other studies
supported the positive effect of PR [26,27]. Our study found
that EQ-VAS was significantly improved at the end of PR,
compared with baseline, which is consistent with previous
studies [24] reporting significant improvement in daily physical
activity and anxiety scores. However, we did not find a
significant improvement in EQ-5D, which measures QoL in 5
dimensions: mobility, self-care, daily activity, pain/discomfort,
and anxiety/depression. Each item is scored from 1 to 5; the
higher the score, the lower the QoL. On the other hand, EQ-VAS
scores reflect patients’ subjective perception of QoL on a
continuous scale from 0 to 100 points. A score of 100 indicates
the best health condition, whereas a score of 0 indicates the
worst condition. In our study, the EQ-VAS scores showed a
more widely distributed pattern than the EQ-5D scores; we
suggest that this difference could be responsible for the
difference in the measures’ statistical significance. Importantly,
these 2 indicators have consistently shown that PR can improve
the QoL of patients with lung cancer.

Limitations
This study had a few limitations. First, the proportion of patients
with advanced lung cancer was relatively small. About 70% of
the patients in this study had surgical treatments prior to PR,
and about 33% were in an advanced stage of the disease.
Considering that lung cancer is diagnosed at advanced stages
in about two-thirds of patients [1], further studies involving
more patients with advanced-stage lung cancer are needed to
better confirm the effects of mobile-based PR.
Second, this study reported the effects of 12-week PR on patients
with lung cancer, but it did not assess long-term effects. Most
studies of PR for patients with lung cancer have reported only
a 12-week follow-up, similar to this study. Future studies are
required to confirm the long-term benefit of PR platforms for
both patients and health care professionals. Also, this
mobile-based personalized rehabilitation platform should be
studied in patients with lung cancer who live in medically
deprived areas, such as remote islands with small populations.

Ji et al
Third, only 40.5% of the screened patients were enrolled in the
study. As Table 1 shows, the participants’ mean age was around
60 years; thus, many patients had difficulty with handling the
technology or did not own an adequate device for this study.
Some patients declined to use this app-based PR service.
Together, these suggest that technology limitations might affect
the application of home-based PR service among the elderly.
Therefore, further research is warranted to study how to best
provide effective PR service using smart devices to older
patients.
Fourth, we found no significant difference between the fixed
and the fixed-interactive exercise regimen groups. To our
knowledge, this was the first clinical study to confirm the
effectiveness of home-based PR using app-based exercise
programs in patients with lung cancer. Although the main goal
of this study was to evaluate the effects of home-based PR, we
expected that the interactive exercise program could provide
more effective personalized exercise based on the participant’s
PR record for the previous 6 weeks. We suggest that the 6-week
duration was likely too short to create a meaningful difference
between the 2 groups. Further prospective studies are needed
to evaluate the effects of long-term exercise according to
whether participants followed a fixed or fixed-interactive
exercise program.

Conclusions
Personalized mHealth-based PR in patients with NSCLC can
supplement traditional health care center–based rehabilitation
programs. Our clinical trial results support the use of this
technology to improve exercise capacity, dyspnea symptoms,
and QoL. mHealth technology is now a robust and
supplementary tool for self-management, remote monitoring,
and rehabilitation for patients who require chronic care. The
relevance of mHealth-based rehabilitation is enhanced only
when its rehabilitative efficacy is corroborated by
evidence-based clinical results. Evidence-based PR for lung
cancer enables prescription of exercise regimens commensurate
with a patient’s individual physical status. To our knowledge,
efil breath is the first attempt in South Korea at developing an
mHealth management platform for patients with lung cancer.
The results of this study may form the foundation of other
mHealth-based PR endeavors to support optimal home-based
self-management.
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Abstract
Background: It has become possible for the new generation of consumer wristbands to classify sleep stages based on multisensory
data. Several studies have validated the accuracy of one of the latest models, that is, Fitbit Charge 2, in measuring polysomnographic
parameters, including total sleep time, wake time, sleep efficiency (SE), and the ratio of each sleep stage. Nevertheless, its accuracy
in measuring sleep stage transitions remains unknown.
Objective: This study aimed to examine the accuracy of Fitbit Charge 2 in measuring transition probabilities among wake, light
sleep, deep sleep, and rapid eye movement (REM) sleep under free-living conditions. The secondary goal was to investigate the
effect of user-specific factors, including demographic information and sleep pattern on measurement accuracy.
Methods: A Fitbit Charge 2 and a medical device were used concurrently to measure a whole night’s sleep in participants’
homes. Sleep stage transition probabilities were derived from sleep hypnograms. Measurement errors were obtained by comparing
the data obtained by Fitbit with those obtained by the medical device. Paired 2-tailed t test and Bland-Altman plots were used to
examine the agreement of Fitbit to the medical device. Wilcoxon signed–rank test was performed to investigate the effect of
user-specific factors.
Results: Sleep data were collected from 23 participants. Sleep stage transition probabilities measured by Fitbit Charge 2
significantly deviated from those measured by the medical device, except for the transition probability from deep sleep to wake,
from light sleep to REM sleep, and the probability of staying in REM sleep. Bland-Altman plots demonstrated that systematic
bias ranged from 0% to 60%. Fitbit had the tendency of overestimating the probability of staying in a sleep stage while
underestimating the probability of transiting to another stage. SE>90% (P=.047) was associated with significant increase in
measurement error. Pittsburgh sleep quality index (PSQI)<5 and wake after sleep onset (WASO)<30 min could be associated to
significantly decreased or increased errors, depending on the outcome sleep metrics.
Conclusions: Our analysis shows that Fitbit Charge 2 underestimated sleep stage transition dynamics compared with the medical
device. Device accuracy may be significantly affected by perceived sleep quality (PSQI), WASO, and SE.
(JMIR Mhealth Uhealth 2019;7(6):e13384) doi:10.2196/13384
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wearable electronic devices; sleep; validation studies
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Introduction
Importance of Consumer Sleep Tracking Devices
Having enough restorative sleep is essential for physical and
mental health [1]. In recent years, consumer sleep-monitoring
wristbands and associated mobile phone apps have created an
effective way for individuals to understand personal sleep
patterns or improve sleep quality in daily settings [2]. These
devices are relatively affordable, easy to use, and ready to
purchase in the consumer market. Most of the consumer
wristbands rely on a similar mechanism of clinical actigraphy
that infers wake and sleep cycles from limb movement [2].
Newly launched models also incorporate other streams of
biosignals, such as heart rate to measure sleep stages. Users can
visualize a whole night’s sleep hypnogram (the temporal
sequence of sleep stages) and the aggregated sleep parameters,
such as total sleep time (TST) and the ratio of each sleep stage
on a dashboard [3]. There is increasing evidence that consumer
sleep-monitoring wristbands raise awareness of sleep health
and have a positive impact on personal sleep hygiene [4-6],
though the long-term impact of these technologies has not been
elucidated [7]. In the meantime, researchers and clinicians are
increasingly adopting consumer wristbands, such as Fitbit
devices, as outcome measurement tools in research studies
[6,8-14]. Compared with traditional polysomnography (PSG),
Fitbit devices significantly reduce the time and monetary cost
for longitudinal sleep data collection, and they could provide
rich information that was not possible to collect outside sleep
laboratories or clinics in the past. Participants can use the
devices under free-living conditions, without the need of
constant technical support. The new generation of Fitbit devices
could also possibly outperform clinical actigraphy, as they
leverage multiple streams of biosignals for sleep staging,
whereas actigraphy is only able to detect wake and sleep on the
basis of limb movement [15].

Accuracy of Consumer Sleep Tracking Devices
As consumer sleep-monitoring wristbands continue to gain
popularity, their limitation in measurement accuracy raised wide
concerns on the quality of data collected using these devices
[7,16,17]. Data of low quality may mislead users to arrive at
wrong conclusions of their sleep. In addition, data quality is of
top priority for researchers who intend to use these devices in
scientific studies. Therefore, understanding the validity of
consumer sleep trackers has practical benefit for both individual
users and for the research community. In response to this need,
many studies have examined the accuracy of popular sleep
trackers compared with medical devices in terms of aggregated
sleep metrics, including TST, wake after sleep onset (WASO),
sleep efficiency (SE), and sleep stages, that is, light sleep, deep
sleep, and rapid eye movement (REM) sleep [18-24]. These
studies show that the previous models of consumer wristbands
have a common problem of overestimating sleep and
underestimating wake [18-20]. Recent models, such as Fitbit
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Charge 2, that rely on multistreams of biosignals have satisfying
performance in measuring TST and SE but fail to produce
accurate results in classifying sleep stages [21,24].
Although the main body of validation studies has been
dominantly focused on polysomnographic metrics (eg, TST,
WASO, sensitivity, and specificity) [2,13,24-27], the
performance of consumer wristbands in measuring sleep stage
transitions remains unknown. Sleep research has shown that
sleep stage transition probabilities comprise rich information
of sleep patterns, which have been considered more effective
than polysomnographic parameters in characterizing sleep
stability [28-37]. Sleep stage transition abnormality is an
important indicator of sleep disorders [28,32,33,38-43]. Some
studies also relied on sleep stage transition probabilities to assess
the effect of treatment [44]. The clinical significance of sleep
stage transition dynamics suggests the necessity of including
relevant metrics (sleep stage transition probabilities) as outcome
sleep parameters in validation studies. In Figure 1, a
visualization of sleep stage transition dynamics is presented.
The total transition probability from a single state to other states
(including staying in the same state) is always 1. The sX→Y
represents the transition probability from sleep stage X to Y.
The { X, Y } are derived from { W, L, D, R }, which are
abbreviations for wake, light sleep, deep sleep, and REM sleep.
For example, sW→R denotes the transition probability from wake
to REM sleep, and sW→W denotes the probability of staying in
wake.

Significance of This Study
This study aimed to examine whether it would accurately
measure sleep stage transitions (the transition probabilities
among waking, light, deep, and REM sleep) using Fitbit Charge
2. Despite the abundant validation studies, the accuracy of
consumer wristbands in measuring sleep stage transition has
not been investigated. We also examined the factors that are
associated with the measurement errors on sleep stage transition
probabilities. Previous validation studies on other types of
wearable devices found that device accuracy could vary as a
function of the underlying sleep patterns, the population studied,
and even how the measurand was defined [45-48]. Along the
same line, we selected a set of independent variables (possible
predictors), including demographic characteristics of
participants, subjective sleep quality measured by Pittsburgh
Sleep Quality Index (PSQI) [49], and objective sleep quality
derived from medical data. The dependent variables were the
absolute percent errors of Fitbit Charge 2 on sleep stage
transition probabilities compared with the medical device. The
outcomes of this study complement previous validation studies
and contribute to the establishment of a holistic view of the
capacity of consumer wristbands in measuring sleep structure
under free-living conditions. This study also establishes a
preliminary reference for researchers who intend to use Fitbit
to measure sleep stage transitions and for individual users who
rely on Fitbit sleep data to make health decisions.
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Figure 1. Sleep stage transition dynamics. The W, L, D, R in the subscripts denotes the abbreviation of wake, light sleep, deep sleep, and rapid eye
movement sleep.

Methods

during data collection. All participants received a monetary
reward when they returned the devices after data collection.

Recruitment

Data Collection

We recruited participants by distributing posters around the
campus of The University of Tokyo. In total, 38 people
registered interest through a Web-based form, of whom 28
(74%) were eligible to participate in the study. The inclusion
criteria required that the participants were adults (age>18 years),
were free of diagnosed chronic conditions, and were able to
attend a briefing before the data collection phase. This research
was approved by the ethical committee of the University of
Tokyo. All participants provided informed consent.

In this study, we collected sleep data concurrently using Fitbit
Charge 2 and a medical device. Fitbit Charge 2 (Fitbit Inc) is a
wearable activity wristband with an embedded triaxial
accelerometer. It estimates sleep stages for each 30 second
period by integrating a user’s movement and heart rate data.
With advances in software and hardware, Fitbit Charge 2 has
overcome some problems of previous models, and it is able to
measure TST and SE with good accuracy [21,24]. A medical
sleep monitor named Sleep Scope (Sleep Well Co) was used to
obtain the ground truth on sleep hypnograms. Sleep Scope is a
clinical-grade single-channel electroencephalogram (Japanese
Medical Device Certification 225ADBZX00020000), which
was validated against PSG (agreement=86.9%, average Cohen
Kappa value =0.75) [50,51]. Sleep Scope was chosen over PSG
as it enabled data collection in participants’ homes rather than
in a sleep laboratory. This ensures that Fitbit Charge 2 was
evaluated in an ecologically valid setting; this also ensures
minimalizing the possible disruption of sleep by unfamiliar
environment.

Study Procedures
A face-to-face briefing was held with each participant
individually before the data collection phase. In this meeting,
we installed the Fitbit app on participants’ mobile phones and
provided verbal instructions on how to use the devices and how
to synchronize the Fitbit device with its mobile phone app.
Participants were provided with the following items for data
collection: a Fitbit Charge 2, a medical device named Sleep
Scope, electrodes, chargers, and manuals. At the end of the
briefing, participants were asked to fill in a PSQI questionnaire
[49] to measure their perceived sleep quality. The PSQI is a
widely used instrument for assessing subjective sleep quality
averaged over the past 1 month, and a PSQI≥5 is indicative of
perceived poor sleep. We collected the PSQI, as it may associate
to the measurement accuracy of Fitbit. More details on potential
association factors of measurement accuracy will be provided
in the next section.
After the briefing, participants measured their sleep using both
devices for 3 consecutive nights in their homes to ensure that
Fitbit Charge 2 was evaluated in an ecologically valid setting.
They were asked to wear the Fitbit on the nondominant wrist
https://mhealth.jmir.org/2019/6/e13384/
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In the data collection phase, participants tracked their sleep for
3 consecutive nights in their homes. Following the common
practice in sleep science, we analyzed the second night for each
participant to remove the first night effect [52,53]. If the data
of the second night were not valid, then the data of the third
night were analyzed. The data of the first night were only
selected when neither the second night nor the third night was
valid.
Fitbit sleep data were retrieved through the application program
interface (API) of Fitbit. Fitbit Charge 2 provides sleep data at
2 levels through public API. The stage level data comprise sleep
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stage levels, including wake, light sleep, deep sleep, and REM
sleep. These data are aggregated at 30-second granularity, which
complies with the standard sleep staging in the clinical setting.
If the stage level data are not available, the classic level data
will be provided as an alternative. Classic level data comprise
sleep pattern levels, including asleep, restless, and awake, and
they are aggregated at a coarser granularity of 60 seconds. In
this study, we were interested in the stage level sleep data, and
the classic level data were discarded, as they contained no
information on deep sleep, light sleep, and REM sleep.

The data of the medical device were analyzed by the Sleep Well
Company, using proprietary automatic scoring algorithms,
followed by epoch-by-epoch visual inspection by specialists on
the basis of established standards [54], and corrections were
added if needed. Fitbit data and medical data were synchronized
to make sure that the start time was aligned.
To examine the effect of user-specific factors on measurement
accuracy, we also collected data on the factors listed in Table
1. Age and sex were based on self-report, and PSQI was
measured by the PSQI questionnaire [49]. Sleep quality metrics
were all derived from the medical data.

Table 1. A full list of user-specific factors.

a

Factors

Data type

Data collection method

Cut-off threshold

Age (years)

Ordinal

Self-reported

25

Sex

Nominal

Self-reported

Female or male

PSQIa

Ordinal

PSQI questionnaire

5

TSTb (min)

Continuous

Sleep scope (medical device)

360

WASOc (min)

Continuous

Sleep scope

30

SOLd (min)

Continuous

Sleep scope

30

SEe, %

Continuous

Sleep scope

90.0

Light sleep, %

Continuous

Sleep scope

65.0

SWSf, %

Continuous

Sleep scope

20.0

REMg, %

Continuous

Sleep scope

20.0

Tavgh (min)

Continuous

Sleep scope

90

PSQI: Pittsburgh Sleep Quality Index.

b

TST: total sleep time.

c

WASO: wake after sleep onset.

d

SOL: sleep onset latency.

e

SE: sleep efficiency.

f

SWS: slow wave sleep.

g

REM: rapid eye movement sleep.

h

Tavg: average sleep cycle.

Statistical Analysis
The overall goal of the analysis was two-fold. We aimed to
examine the accuracy of Fitbit Charge 2 in measuring sleep
stage transitions compared with a medical device. We were also
interested in the associations of user-specific factors with the
measurement accuracy of Fitbit Charge 2. All statistical
significance levels reported were 2 sided, and statistical analysis
was performed using R statistical software version 3.5.3 (The
R Foundation)[55].
First, descriptive statics of sleep parameters were derived from
the medical data. Paired 2-tailed t test was used to probe if there
were statistically significant differences on sleep patterns
between men and women, as well as between participants below
25 years of age and above 25 years of age. Second, sleep stage
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transition probabilities were calculated by dividing the number
of transitions from a specific sleep state to a specific sleep state
by the total number of transitions from that specific state to all
sleep states (including staying in the same state). As shown in
Figure 2, { X, Y, and B } are derived from { W, L, D, and R }
and nX→Y is the number of transitions from sleep stage X to Y
during a whole night’s sleep. The W, L, D, and R are the
abbreviations for wake, light sleep, deep sleep, and REM sleep.
Sleep stage transition probabilities were calculated from Fitbit
data and medical data for each participant and then averaged
over the whole cohort to obtain the average sleep stage transition
probabilities. Systematic difference between the 2 devices was
assessed by applying paired t test on the sleep stage transition
probabilities. A P value below .05 was considered statistically
significant. The level of agreement between 2 devices was
examined using the Bland-Altman plots [56].
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Figure 2. The calculation of sleep stage transition probabilities.

Figure 3. The calculation of absolute percent error.

The absolute percent error eX→Y was calculated using the
equation in Figure 3, where { X, Y, and B } are derived from {
W, L, D, and R }, sFX→Y and sMX→Y are the transition probability
from sleep stage X to Y, derived from Fitbit data and medical
data.
To examine the effect of user-specific factors on absolute
percent error, the dataset was divided into 2 subsets according
to the cut-off threshold values listed in Table 1. Wilcoxon
signed–rank test was conducted to examine if there were
significant differences between the 2 subsets in terms of the
outcome sleep metrics (sleep stage transition probabilities). The
selection of cut-off threshold values was in line with literature
in sleep science [49,57].

Results
Descriptive Statistics
A total of 28 young adults without chronic diseases participated
in the study. A total of 5 participants were excluded from
analysis because of failure to obtain stage level sleep data with
Fitbit. That is, only classic level sleep data were obtained from
these participants; the data had no information on light, deep,
and REM sleep. Therefore, it was not possible to calculate sleep
stage transition probabilities for these participants. The final
dataset thus comprises sleep data from 23 participants
(men:women=14:9). This number of participants is comparable
with other validation studies [20,27,58-61]. All the participants
were university students between 21 to 30 years old (mean 24.3,
SD 2.7). A total of 8 out of the 23 participants had a PSQI higher
than 5, which was indicative of unsatisfied sleep quality.
Statistically significant differences were found between men
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and women in terms of wake time (women: 9.7 min; men: 22.8
min; P=.02) and the ratio of sleep stage 1 (women: 7.7(%); men:
14.3(%); P=.02). We also compared the sleep patterns between
participants below and above 25 years. Statistically significant
differences were found in terms of TST (below 25 years: 308.7
min; above 25 years: 396.8 min; P=.03), transition probability
from deep sleep to light sleep (below 25 years: 5.5%; above 25
years: 1.5%; P=.02), and the probability of staying in light sleep
(below 25 years: 85.3(%); above 25 years: 94.8(%); P=.008).

Systematic Differences
Table 2 presents the estimated sleep stage transition probabilities
derived from medical data and Fitbit data, as well as the results
of paired t test. We calculated sleep stage transition probabilities
individually for each participant and then averaged results across
the whole cohort. It is shown that the following transitions rarely
occurred: deep sleep to REM sleep and wake, light sleep to
REM sleep, REM sleep to deep sleep, and REM sleep to light
sleep. The t test results indicated that there were significant
differences between the sleep stage transition probabilities
measured by Fitbit and those measured by the medical device.
Fitbit deviated from the medical device on all the transition
probabilities except for the transition probability from light
sleep to REM sleep (sFL→R = 0.9%; sML→R =1.7%), the transition
probability from deep sleep to wake (sFD→W = sMD→W =0.2%),
and the probability of staying in REM sleep stage (sFR→R =
sMR→R =96.9%). In general, Fitbit underestimated sleep stage
transition dynamics. The probabilities of staying in a specific
sleep stage were significantly overestimated, whereas the
probabilities of transitions from a specific stage to a different
stage were mostly underestimated.
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Table 2. Average sleep stage transition probabilities (%) and results of paired t test. Data are displayed as mean and ±95% CI.
Wake

Light

Deep

REMa

Medical

53.7 (44.0-63.3)

43.6 (33.8-53.4)

0.2 (0.0-0.4)

2.6 (1.5-3.7)

Fitbit

89.8 (81.2-98.3)

5.5 (4.3-6.7)

0.2 (0.0-0.5)

0.2 (0.0-0.5)

P value

<.001

<.001

.83

<.001

Medical

2.6 (2.0-3.3)

92.6 (90.9-94.4)

3.9 (2.1-5.8)

0.8 (0.7-0.9)

Fitbit

0.5 (0.3, 0.6)

97.8 (97.6-98.1)

1.1 (0.9-1.3)

0.5 (0.3-0.7)

P value

<.001

<.001

.005

.02

Medical

2.5 (0.7-4.3)

57.7 (43.8-71.6)

35.5 (22.6-48.4)

0.0 (0.0-0.0)

Fitbit

0.2 (0-1.8)

3.8 (2.9-4.6)

94.9 (93.4-96.4)

1.1 (0.4-1.8)

P value

.02

<.001

<.001

.002

Medical

2.0 (1.6-2.4)

0.9 (0.7-1.2)

0.0 (0.0-0.0)

96.9 (96.5-97.5)

Fitbit

0.1 (0.0-0.2)

1.7 (0.7-2.6)

1.2 (0.3-2.2)

96.9 (96.0-98.0)

P value

<.001

.14

.01

>.99

Sleep stage
Wake

Light

Deep

REM

a

REM: rapid eye movement.

Level of Agreement and Correlations
Figures 4-6 show the Bland-Altman plots comparing Fitbit
Charge 2 with the medical device. Device discrepancies for
sleep outcomes are plotted as a function of the medical outcomes
for each individual. The mean bias ranged from 0% (sR→R and
sD→W) to approximately 60% (sL→D). No more than 2
participants were situated outside the lower limit of agreement
or the upper limit of agreement.
In line with previous studies [62,63], we defined the acceptable
error range as ei ≤5%, as this approximates a widely acceptable
standard for statistical significance in literature [64]. On the
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basis of this criterion, no systematic bias was found between
Fitbit and the medical device in measuring sW→L, sW→R, sL→R,
sD→W, sR→L, sR→D, and sR→R.
Figure 4 shows that no trend was found between the difference
and the mean of sR→L, sL→R and sR→R. In contrast, Figure 5 and
Figure 6 show clear trends that the measurement differences
were greater for lower sL→L, sD→D, and sW→W, and the
differences were greater for higher sW→L,sW→R, sW→D, sL→W,
sL→D, sD→W, sD→L, sD→R, sR→W, and sR→D. These findings
suggest that the accuracy of Fitbit Charge 2 in measuring sleep
stage transitions could be deteriorated as sleep became more
dynamic (more transitions between different sleep stages).
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Figure 4. Bland-Altman plots assessing the level and limits of agreement between Fitbit Charge 2 and medical device on the transition probabilities
from rapid eye movement (REM) sleep to light sleep, from light sleep to REM sleep, and the probability of staying in REM sleep. The dashed line in
the middle represents the mean difference, whereas the upper and lower dashed lines represent the upper limit of agreement and the lower limit of
agreement.

Figure 5. Bland-Altman plots assessing the level and limits of agreement between Fitbit Charge 2 and medical device on the probability of staying in
light sleep, in deep sleep, and in wake.
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Figure 6. Bland-Altman plots assessing the level and limits of agreement between Fitbit Charge 2 and medical device on the transition probabilities
from wake to light sleep, from wake to rapid eye movement (REM) sleep, from wake to deep sleep, from light sleep to wake, from light sleep to deep
sleep, from deep sleep to wake, from deep sleep to light sleep, from deep sleep to REM sleep, from REM sleep to wake, and from REM sleep to deep
sleep.

Effect of User-Specific Factors

errors in transition probability from waking to REM sleep
(PSQI<5, 100.0±0.0%; PSQI≥5, 85.1±25.5%; P=.02).

The results of Wilcoxon signed–rank test showed that good
subjective sleep quality indicated by PSQI as lower than 5 was
associated with decreased errors in the probability of staying
in deep sleep stage (PSQI<5, 132.1±173.1%; PSQI≥5,
346.8±250.0%; P=.04), but it was associated with increased

Wake time longer than 30 min was associated with increased
errors in transition probability from light sleep to REM sleep
(WASO≥30, 265.8±176.5; WASO<30, 103.9±49.1%; P=.02),
but it was associated with decreased errors in transition
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probability from light sleep to wake (WASO≥30, 78.6±10.2%;
WASO<30, 86.7±8.6%; P=.049), as well as the probability of
staying in wake (WASO≥30, 117.3±269.5%; WASO<30,
125.2±103.6%; P=.006).
SE above 90% was associated with increased measurement
errors in transition probability from REM sleep to light sleep
(SE>90, 107.1±53.2%; SE≤90%, 55.9±40.4%; P=.047).
In addition, age below 25 years (age<25, 7.9±5.4%; age≥25,
3.1±2.3%; P=.01), sleep onset latency (SOL) shorter than 30
min (SOL<30, 8.6±5.8%; SOL≥30, 4.1±3.4%; P=.02), and deep
sleep ratio above 20% (slow wave sleep; SWS<20%, 3.9±3.5%;
SWS≥20, 9.5±5.2; P=.007) were associated with slight increased
measurement error in the probability of staying in light sleep
stage. Nevertheless, the average errors were no more than 10%
in all the corresponding cases.
No significant associations were found between measurement
errors of Fitbit and other factors, including sex, TST, SOL, light
sleep ratio, REM sleep ratio, and Tavg.

Discussion
Principal Findings
We have demonstrated a numerical comparison on sleep stage
transition probabilities between Fitbit Charge 2 and the medical
device. The level and limits of agreement between the 2 types
of devices were illustrated using Bland-Altman plots. The results
of Wilcoxon signed–rank test were presented to demonstrate
the associations between user-specific factors and measurement
errors. This study generated 2 main findings. First, we found
that Fitbit Charge 2 underestimated sleep stage transition
dynamics compared with the medical device. Second, device
accuracy was mainly associated with 3 user-specific factors:
subjective sleep quality measured by PSQI, WASO, and SE.
Sleep stage transition analysis has been used to characterize
sleep continuity and the temporal stability of non-REM and
REM bouts in sleep science [28-30,32,40,44]. In this study, the
sleep stage transition probabilities derived from the medical
data demonstrated interesting patterns. As expected, the
probability for any sleep stage to stay in the same stage was
constantly higher than that for this stage to change to a different
stage. Direct transition between deep sleep and REM sleep
rarely happened. The probability of transitions from wake to
deep sleep or from wake to REM sleep was low. Similarly, the
probability of transition from deep sleep to wake was also low.
These characteristics were consistent with findings reported in
previous sleep studies on sleep stage transition patterns in
healthy people [31,44].
Sleep stage transition is the result of complex interactions among
many brain regions. Not being able to detect markers in
brainwaves, such as k-complexes [54], consumer wristbands
have limited performance in classifying sleep stages. Previous
studies show that Fitbit Charge 2 devices significantly
overestimated light sleep and underestimated deep sleep when
validated in lab settings [21], whereas they underestimated deep
sleep and overestimated light and REM sleep when validated
under free-living conditions [24]. This study complements
https://mhealth.jmir.org/2019/6/e13384/
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previous findings and contributes new insights into Fitbit’s
capacity in capturing sleep stage transitions. Overall, we
observed that Fitbit Charge 2 significantly deviated from the
medical device in measuring sleep stage transition dynamics.
Notably, the average probabilities of staying in wake stage and
deep stage measured by Fitbit were significantly higher than
those measured by the medical device. In contrast, Fitbit
underestimated the probabilities of stage transitions from light
sleep to wake and from light sleep to deep sleep. This is
probably because of the misclassification of wake and deep
sleep epochs to light sleep [21]. Systematic bias (between 40%
and 60%) was illustrated in the Bland-Altman plots on these
sleep stage transition probabilities. On the other hand, no
systematic bias and mean difference were observed in measuring
the probability of staying in REM sleep stage. This result
provides complementary evidence to the finding in the study
by De Zambotti et al [21] that Fitbit Charge 2 agreed well to
medical devices in detecting REM sleep.
A unique aspect of this study is that we also examined the effect
of user-specific factors and found multiple associations. Our
analysis showed that subjective sleep quality measured by PSQI,
wake after WASO, and SE were significantly strong predictors
of measurement errors in sleep stage transition probabilities.
Age, SOL, and deep sleep ratio were significant but weak
predictors, whereas sex, TST, light sleep ratio, REM sleep ratio,
and average sleep cycle were not associated with the
measurement errors of Fitbit.
Despite the finding from previous validation studies that poor
sleep quality is associated with deteriorated performance of
sleep monitoring devices in measuring polysomnographic sleep
metrics [21,25,65], this study reveals that the relationship is
more complicated between sleep quality and device accuracy
in measuring sleep stage transitions. Indeed, we found that good
subjective sleep quality (PSQI<5) was associated with decreased
measurement error in the probability of staying in deep sleep
stage, and less fragmented sleep (WASO<30 min) was
associated with decreased errors in transition probability from
light sleep to REM sleep. Nevertheless, it is also found that
good sleep characterized by quick sleep onset (SOL<30 min),
high ratio of deep sleep (SWS>20%), good subjective feeling
(PSQI<5), short awakenings (WASO<30 min), and high SE
(SE>90%) were associated with increased measurement errors
in different outcome transition probabilities. This result
contradicts previous findings on actigraphy that deteriorated
sleep (eg, long WASO and SOL) increased measurement errors
[21,25,65]. This disparity suggests that findings related to
clinical actigraphy should not be generalized to consumer
wristbands without further validation.
In addition, age was found to be a significant but weak predictor
of measurement errors. Participants in the age range of 25 to
30 had decreased measurement errors in the probability of
staying in light sleep stage compared with those younger than
the age of 25. As age has been widely recognized as a significant
factor that alters sleep patterns [43,57], the effect of age may
also be traced back to the difference in underlying sleep patterns.
The medical sleep data showed that younger participants
generally had shorter sleep and higher sleep stage transition
dynamics (transition from deep sleep to light sleep), which may
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e13384 | p.382
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account for the increase in measurement errors. Nevertheless,
this finding should not be generalized to a wide range of age
groups because of the restricted sampling of age in this study.
Further studies are needed to systematically examine the effect
of age on device accuracy.
Our findings complement those of previous validation studies
on consumer wristbands for sleep tracking in general. Fitbit
Charge 2 has demonstrated satisfying performance in measuring
TST and SE, but it remains incapable of classifying sleep stages
with good accuracy [21,24]. Our findings show that Fitbit
Charge 2 may also underestimate sleep transition dynamics,
and it should thus be used with caution. This study establishes
a preliminary reference for researchers who intend to use the
Fitbit device to measure sleep stage transitions in scientific
studies, and this study suggests that both perceived and objective
sleep patterns may need to be considered when choosing sleep
monitoring tools.

Limitations
This study is subject to the following limitations. First, the
participants represent a young healthy population that was free
of sleep disorders or chronic diseases. Therefore, the results
cannot be generalized to older or clinical populations. Second,

Liang & Chapa-Martell
the data collection phase was not longitudinal in nature, and
only 1 night of sleep from each participant was analyzed. Thus,
the results may fail to count intrapersonal variations. Third, the
list of potential affecting factors investigated in this study was
not exhaustive, and it may be affected by restricted sampling.
Further research should address these limitations by including
a diverse population, extending data collection duration, and
examining the effect of other potential predictors of device
accuracy.

Conclusions
We have demonstrated that Fitbit Charge 2 significantly
underestimated sleep stage transition dynamics compared with
the medical device and that measurement accuracy could be
mainly affected by perceived sleep quality, sleep continuity,
and SE. Despite the positive trend of enhanced accuracy for the
latest consumer wearable sleep trackers, the limitation of these
devices in detecting sleep stage transition dynamics needs to
be recognized. As an outcome measurement tool, Fitbit Charge
2 may not be suited for research studies related to sleep stage
transitions or for health care decision making. Further research
should focus on enhancing the accuracy of these consumer
wristbands in measuring not only polysomnographic parameters
but also sleep stage transition dynamics.
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Abstract
Background: Mobile and wearable technology presents exciting opportunities for monitoring behavior using widely available
sensor data. This could support clinical research and practice aimed at improving quality of life among the growing number of
people with dementia. However, it requires suitable tools for measuring behavior in a natural real-life setting that can be easily
implemented by others.
Objective: The objectives of this study were to develop and test a set of algorithms for measuring mobility and activity and to
describe a technical setup for collecting the sensor data that these algorithms require using off-the-shelf devices.
Methods: A mobility measurement module was developed to extract travel trajectories and home location from raw GPS (global
positioning system) data and to use this information to calculate a set of spatial, temporal, and count-based mobility metrics.
Activity measurement comprises activity bout extraction from recognized activity data and daily step counts. Location, activity,
and step count data were collected using smartwatches and mobile phones, relying on open-source resources as far as possible
for accessing data from device sensors. The behavioral monitoring solution was evaluated among 5 healthy subjects who
simultaneously logged their movements for 1 week.
Results: The evaluation showed that the behavioral monitoring solution successfully measures travel trajectories and mobility
metrics from location data and extracts multimodal activity bouts during travel between locations. While step count could be
used to indicate overall daily activity level, a concern was raised regarding device validity for step count measurement, which
was substantially higher from the smartwatches than the mobile phones.
Conclusions: This study contributes to clinical research and practice by providing a comprehensive behavioral monitoring
solution for use in a real-life setting that can be replicated for a range of applications where knowledge about individual mobility
and activity is relevant.
(JMIR Mhealth Uhealth 2019;7(6):e12013) doi:10.2196/12013
KEYWORDS
ambulatory monitoring; patient-centered care; physical activity; dementia; wearable electronics devices; activity trackers; mHealth;
human behavior; system design

Introduction
Background
The aging of the population and consequent rise in prevalence
of conditions such as dementia present a great challenge to
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society [1]. New care approaches are needed to overcome the
increasing disparity between available resources and demands
on our health care systems. Mobile and wearable devices, and
the rich health-related data these generate, present exciting
opportunities to broaden access to care, while enabling
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predictive, preventive, personalized, and participatory (P4)
health care interventions [2]. One interesting avenue is the use
of sensor data to monitor behavior. Individual mobility and
activity is highly meaningful with regard to independence and
quality of life among people with dementia [3] and could be
measured using data recorded from smartphones and wearables,
such as location, activity, and step count.

Relevance of Behavioral Monitoring for Dementia
Care
Life-space mobility (also referred to as out-of-home or global
mobility) describes the extent to which an individual moves
within their environment by any means. Both increasing age
and cognitive impairment are associated with reduced mobility
[4,5]. This is of great concern with regard to quality of life for
people with dementia, as mobility is intrinsically linked to social
engagement, functional capacity, affective state and caregiver
burden, and a decisive factor for active aging [5-8]. Several
factors may be at play when cognitive impairment leads to
reduced mobility, such as concerns about safety, usual activities
becoming too cognitively demanding, and depressive symptoms
(eg, reclusiveness and apathy). Reduced mobility can present
a dangerous feedback loop by inhibiting social engagement and
stimulation, thereby aggravating the cognitive decline and
depressive symptoms that contribute to further mobility
reduction. This underscores the importance of maintaining
mobility among the elderly and especially the cognitively
impaired. Activity can include physical activity levels or activity
states or types. Although physical activity is directly linked to
mobility, in that a person’s functional capacity contributes to
their ability to move in their environment, its measurement also
complements out-of-home mobility measures by informing how
active a person is while home (or other locations). Monitoring
activity is relevant among people with dementia in several ways.
For rehabilitation, activity monitoring can guide strategies for
increasing engagement in meaningful activities [9] and provide
insight into how structured an individual’s daily routines are.
Activity levels also provide a useful indicator for functional
capacity loss with cognitive impairment. Some studies have
even shown a possible association between physical activity
and reduced risk of dementia or dementia progression [10].

Related Work and Open Challenges
Measurement of mobility and physical activity has traditionally
been performed using surveys. This approach is limited by its
reliance on patients’ memory and subjective perceptions of
values such as the distances they cover or time spent active each
day, which is especially problematic among people with
cognitive impairment. Surveys require input from both patients
and health care professionals and thus tend to be restricted to
discrete measurements at widely spaced intervals with no
information about changes that occur daily or even weekly or
monthly. The last decade has seen significant progress toward
sensor-based behavior measurement, including among the
elderly and cognitively impaired. Mobility and activity features
have been calculated using specialized global positioning system
(GPS) kits and ankle-worn accelerometers [4,8,11,12]. Although
these works offer valuable contributions toward sensor-based
behavioral monitoring, the use of specialized systems or strict
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protocols regarding device placement to measure behavior under
experimental conditions is unrealistic for long-term everyday
use, therefore difficult to replicate in a real-world setting. This
motivates a growing interest in leveraging the wide availability
and acceptance of today’s personal devices [8,13-15].
Smartphones and wearables have successfully been applied to
measure activity among older adults under free-living conditions
[13], daily step count and distance covered among people with
dementia [14], and life space among people with Parkinson
disease and mild-to-moderate Alzheimer disease [8,15]. System
design considerations for real-world use are addressed in a
previous study [14], which demonstrates how adequate data are
recorded over an extended period (5 months) to reveal
behavioral patterns. In some studies [8,13,15], the sensor-based
approach is evaluated by comparing measures between
experimental and control groups, indicating that significant
change in sensor-based behavioral measures might be detected
with disease onset/progression; however, no comparison is made
with manually reported data. The behavioral measures used
vary as follows: activity measures range from daily steps to
more detailed descriptions of active and sedentary states; and
life space measures range from basic distances to trips or time
frames away from home but without extraction of travel
trajectories in their estimation. Instead, a threshold distance
from home is used to determine whether points are at or away
from home. A high threshold (such as 500m in one study [15])
may not detect trips within the subject’s neighborhood. Even
with a lower threshold (such as 25m in another study [8]), it is
not possible to infer how many places the subject visited if they
did not travel home between places, or whether they are
continuously moving (eg, going for a long walk) compared with
staying at a single location (eg, visiting a friend, in hospital).
Without reference data such as self-reports, it is difficult to
evaluate the performance of such methods.
This study therefore aimed to advance progress toward
mobile/wearable technology–based behavioral monitoring by
building upon noted strengths regarding real-world suitability,
extending mobility measurement to incorporate GPS trajectory
extraction, and providing evidence comparing sensor-derived
measures with reference data in the form of self-reports.

Objectives
The main objective of this study was to develop and test a
complete set of tools for measuring mobility and activity using
widely available data from off-the-shelf devices. Furthermore,
we have described a generic setup for collecting the required
data. Together, these are intended to fulfil the purpose of
monitoring behavior on an individual level to observe patterns
or changes among community-dwelling older adults, such as
people with early-stage dementia. Two important goals include
•
•

Transferability: Others should be able to implement the
solution at minimal additional effort or expense.
Real-life suitability: The solution should be developed for
long-term, unsupervised, everyday use rather than for
laboratory test conditions.

Through fulfilling these objectives, this study contributes a
comprehensive behavioral monitoring solution to advance
clinical research and practice and enable P4 health care systems.
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location, and some require knowledge of GPS trajectories, that
is, the series of stays and moves within the location data.

Extracting Features and Metrics From Behavioral
Data

The raw location data for each user comprises merged watch
and phone data, including time stamp, latitude, longitude, and
accuracy in meters. The sampling frequency is irregular, and
besides any periods of missing data, readings are spaced between
a few milliseconds and approximately 5 min apart. The only
preprocessing applied was to filter the data according to
accuracy with an upper limit of 25 meters. The inputs required
to calculate the mobility metrics include the set of coordinate
pairs, GPS trajectories (a series of stays and moves), and a
known home location. The following sections describe how
these inputs are obtained, followed by a description of the
metrics calculations.

Here we have described the methods used to measure mobility
and activity from sensor data, including the algorithms that were
adapted and developed for this purpose. We have chosen to
focus on 3 types of data: location, step count, and recognized
activities, as these are both widely available and highly relevant
for measuring mobility and activity. All algorithms and
calculations described in this section were implemented in the
R programming environment and are available on request.

Mobility Measurement
Mobility measurement has been described in a number of works
on chronic diseases, mental health, and among the elderly
[16-19]. These works describe a variety of metrics that we
categorize here as spatial, temporal, or frequency-based. Spatial
measurements, often termed life space, include geographical
areas or distances covered, such as the area of the minimum
convex polygon (MCP) enveloping a specified quantile of GPS
coordinates, distances from home (action range), or total
distance covered. Temporal measurements include time spent
at or out of home or visiting places of interest. Frequency-based
measures include counts within a given period, such as the
number of trips out of home or places visited per day or week.
Certain life-space measures can be calculated from raw GPS
data, whereas other metrics require knowledge of a home

Extraction of Travel Trajectories and Home Centroid
Many temporal and frequency-based measures require GPS
trajectories describing how the person stays at or moves between
locations, also referred to as mobility traces [17]. This requires
analysis of the raw location data to extract stay (or stop, visit)
and move (or go) events and identification of geolocations (or
points of interest, hotspots) in the dataset. The identification of
trajectories follows a similar approach to those described in the
literature [20-22], whereby the data are first split into stays and
moves using time and/or distance thresholds and then clustered
to identify geolocations in the dataset. We further included a
filtering step to merge temporally close stays or moves that
likely belong to the same event. An overview is provided in
Figure 1.

Figure 1. Overview of the trajectory extraction algorithm. DBSCAN: density-based spatial clustering of applications with noise; GPS: global positioning
system.

https://mhealth.jmir.org/2019/6/e12013/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e12013 | p.389
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Thorpe et al

Figure 2. Travel trajectory showing the sequence of stay/move events. All stays are shown as black discs, and each move event shown as a colored
line named with its chronological order. The “stays” make up trajectory events 1, 3, 5, 7, 9, 11, and 13. Note: actual GPS data is displaced and the map
background removed for anonymity.

The initial stay detection step combines both time and distance
information (as in a previous study [22]) to accommodate
irregularly sampled location data without the need for further
preprocessing. For each location, a rectangle is calculated
bounding data from intervals of 5-min ahead. If the diagonal
distance across the rectangle exceeds a predefined threshold,
the point belongs to a move; if below the threshold, all points
in the interval are classified as stay points. The stay points are
then clustered into distinct locations using density-based spatial
clustering of applications with noise (DBSCAN), as this method
is well-suited to clusters of varying shapes, does not require a
priori knowledge about the number of clusters, can handle
outliers, and has been successfully applied previously for this
purpose [20]. Any outliers not belonging to stay locations are
reclassified as move points. In the third (final) step, a time
threshold is used to filter very short stays or moves, which is
effectively the same as merging move segments or stay events
at the same location that are very close together in time.
The algorithm assigns indices to locations without inferring any
further information about the nature of the location, with the
exception of the subject’s home. The home location is estimated
in 2 steps. First, the statistical mode of all GPS points is
calculated as home. Once all stay locations are extracted from
the dataset, those close to home (within a specified threshold)
are classified as being at home. An updated home location is
then calculated as the centroid of the subset of all points
classified as stays at home.
In summary, the GPS log data (time stamp, latitude, and
longitude) are used to calculate the following information for
each point: whether it is a stay/move; which event it belongs to
in a chronologically ordered sequence per day; and for stay
points, a location index and whether it is home. An example
trajectory is shown in Figure 2.
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Calculation of Mobility Metrics
The set of mobility metrics was selected by combining various
other selections used in the literature for similar purposes
[3,8,17,23,24], ensuring that different types of measures are
included (ie, spatial, temporal, and frequency-based). The set
of mobility metrics includes the following calculations:
•

•

•
•
•
•

•

MCP: Area of the smallest possible convex polygon
constructed around the data, also referred to as the mobility
envelope. This is calculated by applying the R function,
chull, to a subset of points for which the distance to the
centroid falls within a 99% quantile.
Action range: Straight-line distance between home and the
most distal point of a journey, sometimes referred to as
home range. The geodesic distance is calculated between
the home centroid and all other points in the dataset. For
each stay and move event in the GPS trajectory, action
range is calculated as the maximum of these distances.
Distance covered: Sum of all geodesic distances between
consecutive stays centroids.
Time spent out: Sum of durations for all events excluding
stays at home.
Time spent moving between locations: Sum of durations
for all move events.
Number of places visited: Count of unique places visited
(including home). This requires location identifications
(IDs) so that a single place is only counted once even when
visited multiple times per day.
Number of trips: Count of all moves in the GPS trajectories.

An example of 2 of the spatial measures, MCP and action range,
is shown in Figure 3, where these are calculated for the GPS
trajectory in Figure 2.
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Figure 3. Visual representation of the mobility metrics minimum convex polygon (MCP) and action range, overlaid over global positioning system
(GPS) data for one subject for a single day (same trajectory as in Figure 2).

Activity Measurement
Within the context of behavioral monitoring for people with
dementia, activity measurement is used to gauge how active a
person’s everyday life is generally rather than to provide detailed
information about physical exercise. Examples of activity
measurement in related works (eg, those investigating mobility
and activity among similar target groups) include measurements
such as active/walking time, number and duration of walking
bouts, and total steps per day [7,8,25]. Here we proposed
extending the measurement of activity bouts beyond walking
(or active) to include other modes of transport, as these offer
insight into a person’s everyday routines and preferences, for
which any gradual or sudden change could be telling regarding
changes in health status. This section describes the methods
used to extract these activity features (activity bouts and steps)
from sensor data, including recognized activities and step count,
respectively.
Activity Bout Detection
Activity bouts are detected using data obtained from Google’s
activity recognition application programming interface (API:
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ActivityRecognitionClient). This includes the following types
of movement: still, tilting, on foot, walking, running, on bicycle,
in vehicle, and unknown, where running and walking are both
subsets of on foot. Each instance of an activity is recorded with
a time stamp and confidence level for its recognition. A number
of activities can be recorded at the same time instance. The
sampling period is typically approximately 5 min.
The data are first preprocessed to keep only those activities of
interest: still, on foot, bicycle, and vehicle. On foot is kept in
place of both walking and running in accordance with the target
group and purpose. The dataset is then reduced further by
keeping only those readings with maximum confidence within
each distinct time stamp. Where multiple activity types show
equal and maximum confidence, all are included. A time
threshold is used to split each activity type subset into bouts of
continuous activity. Occurrences of the same activity type within
10 min of one another are grouped into the same bout. Bouts
comprising only a single reading are filtered out. The bouts are
then summarized yielding the following set of measures: bout
number (chronologically ordered per day), activity, start time,
end time, duration, and number of readings. An overview of
the bout extraction algorithm is provided in Figure 4.
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Figure 4. Bout extraction from activity data.

Step Count
Step count data are used in a straightforward manner to calculate
total daily steps. The data are first restructured to obtain a
cumulative sum of steps over each day, rather than increasing
until the device restarts/reboots. Daily step count from a worn
device can potentially account for short ad hoc bouts of activity
(such as performing household chores) that take place over and
above other exercise regimes or broader movement between
geolocations.

Data Collection Setup: Devices, Sensors, and Apps
We have presented a collection of algorithms and metrics to
describe individual mobility and activity. Applying these tools
to monitor behavior requires infrastructure to gather the
necessary data inputs. In this section, we describe such data
collection setup, including devices, sensors, and applications.
We have sought to compile a setup that can be replicated by
others by using off-the-shelf devices and open-source resources
as far as possible.
The 3 types of data included are location, activity, and step
count. Location can be recorded using GPS sensors on board
most smartphones and a number of wearables (smartwatches
and activity trackers) currently in the market. Recognized
activities are calculated primarily from accelerometer data (and
in combination with pedometers, gyroscopes, and barometers
where available). Step count is typically recorded using activity
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trackers and smartphones, either from on board pedometers or
derived from accelerometer data. The devices used in this study
are Google Nexus 5 smartphones and Sony SmartWatch 3
smartwatches, running on Android operating system v6.0.1 and
Android Wear operating system, respectively. Android devices
offer unrestrictive platforms for development and have been
shown to be comparable with ActiGraph for physical activity
estimates [26]. Both devices record location and step count,
whereas activity types are recorded on the phone only. A
custom-built application was used to securely collect, store, and
transfer data. The app is an adapted version of that described
by Stopczynski et al [27], which is publicly available under the
OpenSensing GitHub organization. The app uses Google APIs
to access sensor data (LocationListener, ActivityRecognitionApi,
and SensorManager). New users are registered through a Web
portal where they create a front-end username and password
and are assigned a back-end pseudonym. The custom app is
then accessed from Google Play Store and installed on both
paired devices. Watch data are uploaded to the phone, where
all data are continuously collected, encrypted, and stored locally
on the phone. Only when a Wi-Fi connection is available are
encrypted data files uploaded to a server over https. To ensure
security, 2 virtually separate servers are employed, an
anonymous raw data server and an identity server with user
pseudonyms. Data are then decrypted and transferred to a
database for analysis as required by an authorized user (eg, a
researcher with administrator rights). An overview of the data
collection setup is provided in Figure 5.
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Figure 5. Data collection setup: data is collected using sensors on-board a smartwatch and smartphone (*activities collected using the phone only),
encrypted and stored locally on the phone then transferred securely to a server from where it is accessed by an administrator.

Through combining the data analysis methods presented in the
previous section together with the data collection setup presented
here, we provide the necessary tools for a complete behavioral
monitoring solution to be applied directly in clinical research
and practice. This is evaluated, and the results presented in the
following sections.

Evaluation
The behavioral monitoring solution was implemented in a pilot
feasibility study with 5 healthy volunteers (3 female and 2 male),
aged between 31 and 40 years. The purpose of the evaluation
study was to test the setup under free-living conditions to obtain
real-world behavioral data with which to examine the
performance of the feature extraction algorithms. Although the
intended target group is ultimately people with dementia, the
solution is tested among adults with no cognitive impairment
to ensure reliable self-reporting, before carrying out any further
testing among the target group in future.

Equipment, Material, and Methods
Participants were provided with the behavioral monitoring setup,
including a smartphone and smartwatch, to use for a period of
1 week. They were instructed to try to wear the watch during
the day and charge it at night as required. All participants
continued to use their own smartphone during the study and did
not interact with the study phone besides taking it with them
when going from place to place in everyday life and keeping it
charged and paired with the smartwatch. Participants were also
provided with a set of log sheets in which they had to record
their movements daily. The log sheets comprised 15-min
intervals with columns for stay, move, and the stay location or
mode of travel.
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Data Analysis
Mobility Measurement
Time charts were created to compare participants’ logs with
algorithm results. Results of the trajectory extraction algorithm
were mapped to daily time charts as a signal indicating when
the participant was in a stay or move state. Participants’ log
sheets were then captured and processed to create matching
time charts for their travel trajectories. These were assessed to
determine the level of agreement between the logged and
reported travel, in terms of both whether trajectory events are
detected or not and their timing. The mobility metrics time
outside of home and number of places visited were calculated
using both log sheets and the algorithm results and compared.
These metrics were selected as they cover different types of
information (time and count) that requires both durations and
location identification and could feasibly be calculated from
participant-reported data.
Activity Measurement
Automatically extracted activity bouts were plotted on the daily
time charts (alongside stay/move signals). Each move epoch
from the trajectories was annotated with participants’ reported
transport modes for comparison (see Figure 6). These combined
time charts were assessed to gauge the level of agreement
between sensor-derived and logged transport modes, identify
recurrent errors, and infer strengths or weakness of the approach.
Step count data were collected from both the smartwatch and
smartphone to compare the 2 sources in terms of daily totals
and cumulative step count signals.
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Figure 6. Example time charts for one day from two participants comparing log sheets and algorithm results for trajectory extraction and activity bout
detection.

Results

the algorithm tends slightly toward more places than logged
and tends slightly toward less time at home.

Mobility Measurement

Example time charts comparing reported and extracted travel
trajectories are shown in Figure 6. These provide further insight
into where and how the algorithm deviates from the log sheets.
Time offsets between the 2 signals for move start/end times and
durations tend to be below 15 min, which is the time resolution
of the log sheet data. Certain moves are interrupted by a short
stay in either one of the signals and not the other, which could
be attributed to, for example, waiting for or changing between
transport modes, or stopping to look in a shop. In very few cases,
the disagreement between algorithm results and logged data
corresponds to longer periods or certain events are missed
entirely (eg, in Figure 6, anthurium day3, where a 1.5-hour stay
is missed). This could be because of signal loss when the
participant goes indoors. Conversely, certain moves are detected
that are not logged, which may be because of the participant
forgetting to report a move or moving very near to their stay
location (eg, in their garden).

Participants’ log sheets were compared with results obtained
automatically from sensor data. The trajectory extraction
algorithm achieved 92% sensitivity for detecting a move event.
As participants reported that log sheet times were often only
approximate estimates (the log sheets could not always be filled
at the time of the move), a window of 30 min surrounding the
logged move was used to determine the correct detection (true
positive) by the algorithm.
The results for estimation of mobility metrics number of unique
places visited and total time spent out are compared in Figure
7 and Figure 8. Residuals between the algorithm- and log
sheet–based estimates offer insight into the performance of the
algorithm in relation to manual reporting. The root mean square
deviation (RMSD) indicates that the overall difference between
algorithm and log sheets is <1 place visited and <1 hour away
from home per day (Table 1). The residual means indicate that

Figure 7. Comparison between the numbers of unique places detected from sensor data and reported by study participants in logsheets.
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Figure 8. Comparison between the time spent out of home detected from sensor data and reported by study participants in logsheets.

Table 1. Comparison between metrics calculated from log sheet and algorithm trajectories. Residuals are calculated by subtraction of log sheet results
from algorithm results, and are used to calculate root mean square deviation (RMSD) and mean (SD).
Residuals (algorithm-logs)

RMSD

Mean (SD)

Number of places per day

0.94

0.60 (0.74)

Time out of home per day (min)

58.66

−25.87 (53.42)

Activity Measurement
Activity Bout Detection
The detected activity bouts were plotted together with
trajectories in the time charts and compared with reported
transport modes. Time charts were initially reviewed to assess
overall performance and pinpoint recurring errors to investigate
in further detail. The time charts showed that the algorithm
generally detects activity bouts during moves and is able to
detect multimodal travel, with only limited examples where no
bouts are detected during reported travel. One evident limitation
is that the detected activity bouts tend not to fill the entire
duration of the travel. Instead, each journey comprises one or
more shorter bouts along with still periods and gaps in the signal.
A recurring error was confusion between travel by bicycle and
by vehicle, for which the classification accuracy is determined
by Google’s activity recognition. This was investigated further,
particularly as the difference between travel by bicycle and

vehicle has implications for measuring physical activity or
illness-related changes in transport preferences (eg, compared
with confusion between bicycle and on foot). Figure 9 shows
a classification matrix subset to include only classification
between bicycle and vehicle, which indicates accuracy of 85%
for classification between the 2 transport modes.
A further observation was a lack of walking bouts during stays,
which might be expected as part of an ordinary workday. One
contributor may be the filtering of single-reading bouts,
presenting an apparent trade-off between detecting more actual
activity bouts and introducing additional, incorrect activities
during others. Another likely cause is that the data were
collected from the smartphone, which may not have been carried
on the participant’s person for shorter walking trips around the
home or workplace, highlighting the importance of investigation
within real-life settings. This is examined more closely in the
step count data, which is available for both the phone and watch.

Figure 9. Classification matrix showing confusion between detection of bicycle and vehicle activities in number of occurrences.

Step Count
Step count is compared between the watch and phone for all
days where both sources are available. Owing to technical
failures in accessing the watch data, it is available for selected
participant-days only (agapantha=4, anthurium=5, daisy=0,
nasturtium=7, and violet=3). Step count measured from the
watches was substantially higher than from the phones. The
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cause of the disparity between counts appears to be twofold.
There are periods where only the watch step count increases
and not the phone (Figure 10, section B), indicating that the
watch may be worn while the phone is placed still. There are
periods where both increase simultaneously, where the watch
steps increase at a faster rate than the phone (Figure 10, section
C). The substantial difference between daily total steps measured
from the watch and phone is demonstrated in Figure 11.
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Figure 10. Comparison of step count accumulated over the day between watch and phone. Outlined sections show A) missing updates in watch step
count, B) watch records steps while phone does not, and C) watch step count increases at a faster rate than phone.

Figure 11. Error bars demonstrating the large difference between total daily step count between watch and phone for each available day.

An important limitation evident in the step count data is
regarding sampling irregularities. Long periods (over an hour)
without any readings are common in the watch step count
(Figure 10, section A). Although the steps appear to be logged
during these periods (and therefore not expected to influence
daily total step counts), this does not support bout detection
from the step count data, as it is impossible to infer the
distribution of walking bouts over the course of the day.

Discussion
Principal Findings
This study has presented a behavioral monitoring solution that
leverages widely available data (location, activity, and step
count) from mobile and wearable devices used in everyday life.
A set of tools was developed to measure mobility and activity,
and a generic data collection setup was described to support its
implementation. Evaluation of the behavioral monitoring
solution showed that it is capable of estimating participants’
travel trajectories from raw GPS data to calculate spatial,
temporal, and count-based mobility metrics. An activity bout
detection algorithm was shown to successfully extract bouts of
activity during travel, including for multimodal transport;
however, it appears not to capture their full duration. Step count
was shown to be more reliable from a wearable device than
from a smartphone under real-world conditions, in which case
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it is preferable over activity bouts for estimating general daily
activity, including during stays such as at work or home.
These results build upon research toward sensor-based
monitoring of mobility and activity among older adult
populations in [8,13-15] by incorporating trajectory extraction
into the mobility measurement, as well as information about
modes of transport in activity monitoring, and by providing
evidence comparing the sensor-based approach with self-reports.
An important goal has been to describe a solution that can be
replicated by others for monitoring behavior to support clinical
research and practice in a range of applications. The following
sections discuss the extent to which the setup is transferable in
terms of technical and practical considerations, and of clinical
utility.

Technical Feasibility and Real-World Considerations
A core contribution of this study is the set of algorithms
developed to translate sensor data into meaningful behavioral
insights. For these to be replicable and useful, we first consider
what data are required as inputs and how this is acquired.
The mobility monitoring uses GPS data, which can be acquired
using a wide range of available mobile phones. The sampling
frequency need not be regular and depends on anticipated
trajectory event duration, with a trade-off regarding power
consumption. In this study, the mode of sampling periods for
location data is approximately 5 min, as it is not of interest to
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(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
capture stay/move events of shorter duration. Participants were
instructed to charge the device overnight, which was sufficient
in this study (although it is noted that the devices were not used
for other purposes than for data capture). Requirements for
location accuracy depend on the anticipated geographical span
of stay locations or moves of interest, which in this study was
restricted to 25 meters. The activity bout detection relies on
Google’s activity recognition (though this could also be
implemented using output from another activity recognition
algorithm). Step count data are used only for daily totals, which
can be obtained from a range of available devices; however, the
results in this study indicate that devices vary substantially in
step count estimations.
This study has used devices running Android and Google APIs
to access the sensor data these generate. This can be replicated
using any Android device with the same sensors. The
infrastructure for storing and accessing data is based on
open-source software from the OpenSensing GitHub
organization described in [27] (for Apple products, a similar
approach could be feasibly implemented using frameworks such
as Apple Research Kit).
This study has endeavored to capture real-world data from
everyday life, which leads to important considerations regarding
data availability and quality. Data availability from the phone
was high, with readings recorded approximately every 5 min
throughout the recording period. However, data availability
from the watch was poor, with extensive periods (up to days)
of missing data. This could be partly attributed to a lost
connection between the phone and watch, as the collection of
watch data relies on an additional step (compared with phone
sensors), whereby data are transferred over Bluetooth to the
phone. With regard to data quality, it is not possible to control
device placement or wear time, which can lead to missed steps,
activities, or trajectory events. This is particularly relevant for
counting steps during stay events, for example, to estimate short
bouts of physical activity during work, for which a wearable
device is recommended.

Clinical Utility
The transferability and modular structure of the behavioral
monitoring approach offers broad potential for supporting
clinical research and practice, for example, to evaluate the effect
of an intervention on behavior, to monitor behavioral change
as an indicator of disease progression, or to advance
understanding of how different factors or conditions are
associated with changes in behavior.
To better gauge clinical utility, algorithm performance is
discussed in relation to intended purpose. The first algorithm
uses location data to derive metrics for monitoring life space
mobility. Existing methods for assessing life space mobility
include a questionnaire-based approach that asks about travel
within a set of ranges from home, the frequency (in days per
week) at which the subject moves in each range, and about
independence level (ie, support from equipment or people) [28].
The algorithm is not able to detect the lowest 2 mobility levels
included in the questionnaire: movement within the room in
which the subject sleeps and movement to other rooms in their
place of residence. It is also not possible to infer the level of
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support using the algorithm-based approach. However,
compared with the questionnaire, the algorithm-based approach
offers other types of mobility measures besides distance from
home (such as time spent at home or unique locations visited),
does not rely on the subject’s ability to recall events, and is
more scalable as it does not rely on manual reporting.
Algorithm performance holds implications for the detectable
increments of change in behavior. Although there is limited
evidence available quantifying change in life space mobility
with disease progression among people with dementia,
significant differences in mobility between older adults with
and without mild-to-moderate Alzheimer disease are
documented in [8] using a similar approach. These include
differences between group means for an area of approximately
50 km2, perimeter of approximately 15 km, distance from home
of approximately 1 km, and time away from home of
approximately 50 min (6.6% with a reported mean recording
time of 7.5 hours per day), where the first 3 are significant and
the latter marginally significant. For the spatial measures, such
increments should be detectable given the availability, accuracy
and sampling frequency of the location data, and trajectory
detection presented. For time away from home, the algorithm
results deviated from subject reports by >50 min; however, as
reporting errors may be a contributing factor, further
investigation is necessary to determine whether the algorithm
is adequately sensitive to detect changes under 50 min.
The sensor-based activity monitoring approach can be used to
gain insight into how a person travels around and to estimate
total daily steps as an indicator of overall activity level. Owing
to the large discrepancy between device step counts in this study,
it is recommended that a device with validated step count is
used, or at least that the same device is used throughout any
monitoring period. An existing instrument for assessing physical
activity is the Global Physical Activity Questionnaire (GPAQ)
[29]. Compared with the GPAQ, the sensor-based approach
described in this study does not distinguish between activity
intensities nor precisely measures time spent in activity states
but offers daily step count as an alternative measure of overall
daily activity. The GPAQ asks about modes of transport in days
per week and time for those days to infer activity performed
while moving from place to place. The sensor-based approach
is similarly able to measure transport habits; however, as the
duration is not precisely measured, this may be better suited to
monitoring everyday life habits to detect a change in lifestyle
(eg, increase in vehicle use and decrease in walking), rather
than, say, adherence to an exercise program.
On the basis of these characteristics with regard to both mobility
and activity, suitable target groups could include older adults
who live in the community at a baseline functional level
sufficient for independent journeys beyond the home. The
algorithm-based approach is particularly beneficial where
self-reporting is challenging or inaccurate, such as for
cognitively impaired individuals. Other relevant application
areas in which mobility- and activity-related behavior is highly
meaningful include depression or other mental illnesses, active
aging, rehabilitation, and lifestyle-diseases (or risk thereof).
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Implications for Advancing Predictive, Preventive,
Personalized, and Participatory Health Care
By relying on common, personal devices and allowing for
real-world data, the behavioral monitoring solution is geared
to enable P4 health care approaches by generating information
within the scale and context that this requires. Continuous
behavioral monitoring in a home setting can reveal patterns in
behavior and fuel the development of predictive models to
anticipate disease trajectories or adverse events. This also allows
health care professionals to proactively prevent problems earlier
than would be possible with prescheduled visits months apart.
Knowledge about behavior and lifestyle can inform personalized
interventions that take into account which aspects of quality of
life are most important to the individual. Data describing
behavioral patterns also offer a valuable resource for sharing
information about patient status between patients and health
care providers in participatory care approaches.

Conclusions

Thorpe et al
We have presented a set of algorithms to measure mobility and
activity from sensor data, including location, recognized activity,
and step count data and a technical setup for collecting these
data inputs.
An evaluation of the behavioral monitoring solution among 5
participants for 1 week showed that the setup was capable of
extracting travel trajectories, mobility features, activity bouts,
and daily step count using a smartphone and smartwatch in a
natural setting. Each set of results provides related yet distinct
information about a person’s daily life: mobility describes the
extent to which the persons goes out, activity bouts describe
how they go out, and step count supplements this with
information about how active they are generally, including
periods at home or work. Combining these measures provides
insights into daily rhythms or longer temporal patterns. This
could support clinical applications involving patient groups for
whom mobility and activity behavior is closely tied to
intervention outcomes, such as among the elderly and people
with dementia, and to advance P4 health care.

This study has described a novel sensor-based approach to
behavioral monitoring for use among people with dementia.
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Abstract
Background: Chronic obstructive pulmonary disease (COPD) patients can suffer from low blood oxygen concentrations.
Peripheral blood oxygen saturation (SpO2), as assessed by pulse oximetry, is commonly measured during the day using a spot
check, or continuously during one or two nights to estimate nocturnal desaturation. Sampling at this frequency may overlook
natural fluctuations in SpO2.
Objective: This study used wearable finger pulse oximeters to continuously measure SpO2 during daily home routines of COPD
patients and assess natural SpO2 fluctuations.
Methods: A total of 20 COPD patients wore a WristOx2 pulse oximeter for 1 week to collect continuous SpO2 measurements.
A SenseWear Armband simultaneously collected actigraphy measurements to provide contextual information. SpO2 time series
were preprocessed and data quality was assessed afterward. Mean SpO2, SpO2 SD, and cumulative time spent with SpO2 below
90% (CT90) were calculated for every (1) day, (2) day in rest, and (3) night to assess SpO2 fluctuations.
Results: A high percentage of valid SpO2 data (daytime: 93.27%; nocturnal: 99.31%) could be obtained during a 7-day monitoring
period, except during moderate-to-vigorous physical activity (MVPA) (67.86%). Mean nocturnal SpO2 (89.9%, SD 3.4) was
lower than mean daytime SpO2 in rest (92.1%, SD 2.9; P<.001). On average, SpO2 in rest ranged over 10.8% (SD 4.4) within
one day. Highly varying CT90 values between different nights led to 50% (10/20) of the included patients changing categories
between desaturator and nondesaturator over the course of 1 week.
Conclusions: Continuous SpO2 measurements with wearable finger pulse oximeters identified significant SpO2 fluctuations
between and within multiple days and nights of patients with COPD. Continuous SpO2 measurements during daily home routines
of patients with COPD generally had high amounts of valid data, except for motion artifacts during MVPA. The identified
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fluctuations can have implications for telemonitoring applications that are based on daily SpO2 spot checks. CT90 values can
vary greatly from night to night in patients with a nocturnal mean SpO2 around 90%, indicating that these patients cannot be
consistently categorized as desaturators or nondesaturators. We recommend using wearable sensors for continuous SpO2
measurements over longer time periods to determine the clinical relevance of the identified SpO2 fluctuations.
(JMIR Mhealth Uhealth 2019;7(6):e12866) doi:10.2196/12866
KEYWORDS
COPD; oxygen saturation; finger pulse oximeter; wearable sensor; nocturnal desaturation; telemonitoring

Introduction
Chronic obstructive pulmonary disease (COPD) is a highly
prevalent lung disease that is characterized by persistent airflow
limitation due to a mixture of obstructive bronchiolitis and
emphysema [1]. Morbidity and mortality of COPD are high and
still increasing [2], leading COPD to become the third-leading
cause of death worldwide by 2030 [3]. COPD patients can suffer
from low blood oxygen concentrations due to gas exchange
abnormalities [1]. Hypoxemia during the night (ie, nocturnal
desaturation) is also common in patients with COPD [4-6] due
to nocturnal alveolar hypoventilation and ventilation-perfusion
mismatching [7]. Hypoxemia can worsen with increasing disease
severity [8]. Furthermore, it has been shown that hypoxemia is
associated with lower exercise tolerance; decreased quality of
life; increased risk for exacerbations, defined as “a sustained
worsening of the patient's condition, from the stable state and
beyond normal day-to-day variations” [9]; and higher risks of
death [8].
The presence of hypoxemia can be assessed by invasive blood
gas analyses. A noninvasive method to assess peripheral blood
oxygen saturation (SpO2) is pulse oximetry. Spot check SpO2
measurements with thresholds of 88%-92% have been suggested
for the detection of hypoxemia [1,10,11]. In telemonitoring
applications, daily SpO2 spot checks are used to raise alerts for
exacerbations when SpO2 spot check values drop below
predefined SpO2 thresholds [12]. Nocturnal desaturation is
usually defined as having an SpO2 value below 90% for more
than 30% of the time in bed, measured during one [6,13-16] or
two nights [5,17-20].
The current SpO2 monitoring strategies do not take into account
natural fluctuations in SpO2. Sampling SpO2 with such a low
time frequency or during such a short time period may thus lead
to classification errors (ie, hypoxemic or nonhypoxemic and
nocturnal desaturator or nondesaturator) or false alerts in
telemonitoring applications [12]. Wearable finger pulse
oximeters provide the possibility to collect SpO2 data at higher
time frequencies and over longer time periods. This makes it
possible to assess and account for oxygen saturation fluctuations
in patients with COPD. Therefore, the objective of this study
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was to use wearable finger pulse oximeters to continuously
measure SpO2 during daily home routines of COPD patients
and assess natural SpO2 fluctuations. We hypothesized that
significant natural SpO2 fluctuations are present within and
between multiple days and nights, which may lead to
classification errors (ie, nocturnal desaturator or nondesaturator)
or false alerts in telemonitoring applications.

Methods
Study Design and Participants
Figure 1 provides a general overview of the methods applied
in this single-center, 1-week observational study. COPD patients
at Global Initiative for Chronic Obstructive Lung Disease stages
II-IV (GOLD II-IV) were recruited at the Centre of Expertise
for Chronic Organ Failure (CIRO), a COPD treatment center
located in Horn, the Netherlands, during a standard baseline
assessment prior to pulmonary rehabilitation [21]. The target
sample size was set a priori to 20 patients. COPD patients were
eligible to enroll in the study based on the following criteria:
(1) clinically stable (ie, no exacerbation in the past 4 weeks),
(2) no rollator use, and (3) no long-term oxygen therapy. Patients
that were interested in participating were called a few days after
the baseline assessment to schedule a home visit for the delivery
of the wearable sensors. During this visit, the functioning of the
sensors and data acquisition protocol were explained, written
informed consent was obtained, and a new visit was planned
for collection of the sensors at the end of the study period.
During the 7-day study period, which took place before the start
of pulmonary rehabilitation, two phone calls were made to
resolve potential technical difficulties. Demographics, oxygen
partial pressure in arterial blood (PaO2), postbronchodilator
pulmonary function data (ie, forced expiratory volume in 1
second [FEV1], forced vital capacity [FVC], and transfer factor
for carbon monoxide [TLCO]), 6-minute walking distance
(6MWD), and COPD assessment test (CAT) results were
collected during the standard baseline assessment at CIRO. The
study was approved by the Medical Research Ethics Committees
United (MEC-U) (study approval number: NL58079.100.16)
in the Netherlands and executed between December 2016 and
April 2018.
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Figure 1. General overview of the applied methods. COPD: chronic obstructive pulmonary disease; SpO2: peripheral blood oxygen saturation; CT90:
cumulative time spent with SpO2 below 90%.

Wearable Sensors and Protocol
Continuous SpO2 measurements were performed for 1 week
using a wearable finger pulse oximeter: WristOx2 3150 (Nonin
Medical). Nonin oximeters have frequently been used for home
monitoring of patients with COPD [12] and the WristOx2 3150
model complies with the International Organization for
Standardization (ISO) standards ISO 10993-1 and ISO
80601-2-61. The manufacturer reports an accuracy of ±2% for
SpO2 measurements [22]. Sampling frequency was fixed at 1
Hz. Only the cumulative measurement time was visible for the
participants. SpO2 values were not shown on the WristOx2
display to prevent patients from changing their behavior when
deviating SpO2 values would occur. Every participant received
three WristOx2 devices to deal with the limited battery life (ie,
48 hours of continuous measurements with one WristOx2).
Participants were instructed to wear the WristOx2 on the index
finger of their nondominant hand every night and as much as
possible during the day, depending on their daily routines and
comfort of wearing the finger clip. Raw data were stored on the
internal memory of the WristOx2 and downloaded at the end of
the week using nVISION software, version 6.4.0.10 (Nonin
Medical).
Simultaneously, actigraphy was performed with the SenseWear
Armband (BodyMedia) for obtaining contextual information
about physical activity levels and when the participants were
lying down and/or asleep. The SenseWear Armband is a
multisensory triaxial accelerometer, combining accelerometry
with measurements of heat flux, galvanic skin response, and
skin temperature. Based on these measurements, the armband
provides information about, for example, energy expenditure
(EE), expressed as metabolic equivalent of task (MET), or steps
taken, while also indicating when the wearer is lying down and
sleeping, at a standard sampling time of 1 sample per minute.
Measurements of MET were used for classifying physical
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activity levels, whereas the indications of lying down and
sleeping were used to separate daytime measurements from
nocturnal measurements, as further described below. The
SenseWear Armband has been shown to be accurate for
measurements of both physical activity [23,24], except when
using a rollator [24], and sleep estimations [25]. Patients were
asked to wear the armband on the left upper arm, except when
there was contact with water (eg, when taking a shower). Battery
life of one SenseWear Armband was sufficient for continuous
24-hour measurements with a 1-minute sampling time during
the whole week. Data were stored on the internal memory and
downloaded at the end of the week using the BodyMedia
SenseWear 8.1 software (BodyMedia).

Data Preprocessing
Figure 2 visualizes the preprocessing steps. The SenseWear
Armband indications about lying down and sleep were used to
determine the time of going to bed in the evening and the time
of getting out of bed in the morning. These time stamps were
used to divide SpO2 data into nocturnal and daytime data (see
Figure 2A). Only full-night nocturnal SpO2 measurements were
retained for further analyses and daytime SpO2 measurements
were retained if there was at least one hour of SpO2
measurements during that day. One hour of daytime
measurements was considered sufficient to examine whether
significant fluctuations occurred in SpO2 values during the day.
Previous studies examining intraday fluctuations only examined
measurements of one hour or less [26-29]. No days or nights
had to be excluded due to lacking SenseWear Armband
measurements. Days with at least one hour of measurements in
both the afternoon and evening were used for the comparison
between afternoon (ie, 13:00-18:00) and evening (ie,
18:00-going to bed) SpO2 values. No comparison was performed
between SpO2 values in the morning (ie, before 13:00) and the
afternoon and evening, because SpO2 measurements were often
not performed before 13:00 (see Multimedia Appendix 1).
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Figure 2. Visualization of the different preprocessing steps. Panel A shows all original data, containing error values, that are divided into daytime and
nocturnal data. Panel B zooms in on the effect of data exclusion on a specific part of daytime peripheral blood oxygen saturation (SpO2) data. Panel C
zooms in on the effect of down-sampling and interpolating on the same part of daytime SpO2 data.

The raw SpO2 data contained error values (ie, the number 500
was provided in the raw data file) when measurements were
considered invalid by the algorithms of the WristOx2
manufacturer (ie, orange dashes in Figure 2A). However, close
inspection of the time series indicated that invalid data (eg,
sudden low values) surrounded these error values. A
data-cleaning algorithm was developed to exclude these invalid
SpO2 values as follows. First, small blocks of data (ie, less than
20 samples) between error values were excluded. Second, bigger
blocks of data (ie, between 20 and 100 samples) between error
values were excluded, only when the mean SpO2 value of this
data block was deviating more than 6% from the mean SpO2
value of the full day or night under consideration: both steps
are shown in Figure 2B. Thorough visual and raw data
examination of both valid and invalid data led to the choice of
this 6% threshold for excluding invalid blocks of data (eg, Figure
https://mhealth.jmir.org/2019/6/e12866/
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2B: around 17:00-18:00). Third, remaining outliers were
excluded by down-sampling the data (see Figure 2C).
Autocorrelation analyses indicated that a sampling time of 20
seconds was appropriate (see Multimedia Appendix 2) and all
data were thus down-sampled by taking the median SpO2 value
of each consecutive 20-second block. By taking the median
value, the effect of outliers was excluded. As a last step, small
gaps of SpO2 data (ie, 3 or fewer missing samples) were filled
using linear interpolation (see Figure 2C). After application of
the data-cleaning algorithm, all data were visually checked to
ensure valid SpO2 values were retained, while invalid values
were removed.

Data Analyses
The SenseWear Armband indications about lying down and
sleep were used to calculate the total night sleeping time (TNST)
(ie, sum of all minutes indicated as sleep), wake time after sleep
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e12866 | p.404
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onset (WASO) (ie, sum of all minutes spent awake during the
time in bed, after the first onset of sleep), and sleep efficiency
(Seff) (ie, the ratio between TNST and time in bed) for every
separate night. Weekly averages of TNST, WASO, and Seff
were calculated to describe the sleep quality of the included
patients.
Daytime SpO2 data were divided into daytime data during rest
(EE≤1.5 MET, while the patient was still awake), during
low-intensity physical activities (LIPAs) (1.5 MET<EE≤3
MET), and during moderate-to-vigorous intensity physical
activities (MVPAs) (EE>3 MET). Data quality of the continuous
SpO2 measurements was assessed for both nocturnal and
daytime data based on the amount of valid data (ie, excluding
error values and cleaned values). Furthermore, the effect of
physical activity on the amount of valid data was examined by
comparing data quality during MVPA with data quality during
rest and LIPA (EE≤3 MET).
Mean SpO2, SpO2 SD, and cumulative time spent with SpO2
below 90% (CT90) were calculated for every separate (1) day,
(2) day in rest, and (3) night. Hereafter, the weekly average and
weekly range (ie, the difference between the maximum and
minimum value over the different days or nights of the same
patient) of these features were calculated for every patient.
Intraday and intranight fluctuations were quantified as the
weekly average of the standard deviation of the SpO2
measurements. The range of SpO2 values during the day in rest,
calculated as the difference between the maximum and minimum
SpO2 values of that day in rest, was determined to indicate how
much spot-check values in telemonitoring applications could
differ depending on the moment of the measurement. Only
daytime SpO2 in rest was considered because only at these
moments could spot checks have been performed in a
telemonitoring application. In addition, the difference between

Buekers et al
mean SpO2 values in rest in the afternoon (ie, between 13:00
and 18:00) and in the evening (ie, between 18:00 and going to
bed) was calculated for every day separately to examine
differences in SpO2 baseline levels during the day.
Night-to-night and day-to-day SpO2 fluctuations were quantified
as the weekly ranges of the three features (ie, mean SpO2, SpO2
SD, and CT90). Furthermore, we examined how many of the
included patients changed category between nocturnal
desaturator and nondesaturator.

Statistical Analysis
Patient characteristics, weekly averages, and weekly ranges
were summarized for all patients as mean and SD. Paired-sample
t tests were used to test for differences between weekly averages
of nocturnal and daytime SpO2 in rest. Pearson correlations
assessed the relationship between mean SpO2 and patient
characteristics, intraday SpO2 fluctuations, or intranight SpO2
fluctuations. A P value of <.05 was considered statistically
significant. All analyses were carried out in Jupyter Notebooks
(Project Jupyter) [30] using the Python 3.5 programming
language (Python Software Foundation) [31].

Results
Participants
A total of 21 out of 41 patients that were approached accepted
study participation. One patient suffered from an exacerbation
before the start of the 7-day study period and was excluded.
This finally led to the inclusion of 20 patients (14 males, 70%;
6 females, 30%) with moderate (8/20, 40%), severe (10/20,
50%), or very severe (2/20, 10%) COPD. General demographics,
postbronchodilator lung function, resting arterial blood gases,
6MWD, CAT score, and sleep-quality characteristics are
summarized in Table 1.

Table 1. Characteristics of the 20 included patients with moderate-to-very severe COPDa.

a

Characteristics

Mean (SD)

Age (years)

63 (8)

Body mass index (kg/m²)

26 (4)

Forced expiratory volume in 1 second (L)

1.4 (0.5)

Forced expiratory volume in 1 second (% predicted)

48 (15)

Forced vital capacity (L)

3.8 (1.1)

Forced vital capacity (% predicted)

97 (20)

Transfer factor for carbon monoxide (% predicted)

50 (16)

Partial pressure of oxygen (kPa)

8.7 (1.7)

Partial pressure of carbon dioxide (kPa)

5.2 (0.6)

6-minute walking distance (m)

411 (59)

COPD assessment test score

21 (5)

Total night sleeping time (min)

411 (72)

Wake time after sleep onset (min)

74 (36)

Sleep efficiency (%)

83 (8)

COPD: chronic obstructive pulmonary disease.
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Continuous SpO 2 Measurements, Preprocessing, and
Data Quality

and 3 nights of patient 11’s measurements were used for further
analyses.

An overview of the amount of SpO2 measurements that were
included for further analyses is provided in Table 2 and
Multimedia Appendix 1. A total of 2 days and 2 nights of
measurements from patient 4 were missing due to battery issues.
A total of 3 days and 3 nights of measurements from patient 11
were excluded because correct time stamps were missing, due
to the patient unintentionally resetting the time indication by
taking out the batteries. The last day and night of patient 11’s
measurements could not be analyzed because no clear distinction
could be made between daytime and nocturnal data. Still, 3 days

The SpO2 dataset contained 1.83% error values and an additional
1.49% were excluded during the first two steps of the
data-cleaning algorithm (see Figure 3), resulting in 96.68% of
valid data. Nocturnal data had 99.31% of valid data (0.45%
error data and 0.24% cleaned) compared to 93.27% of valid
data during the day (3.62% error data and 3.11% cleaned). This
was similar when only considering daytime data during rest and
LIPA (EE≤3 MET; 93.90% of valid data: 3.25% error data and
2.85% cleaned). However, during MVPA (EE>3 MET), the
amount of valid data decreased to 67.86% (18.34% error data
and 13.80% cleaned).

Table 2. Summary of the amount of peripheral blood oxygen saturation (SpO2) measurements that were included for further analysesa.
Measurements included for further analyses

Mean (SD)

Days per patient

5.3 (1.8)

Nights per patient

5.9 (1.2)

Hours per day
Total

7.8 (3.9)

During rest (EEb≤1.5 METc)

6.1 (3.1)

During LIPAd (1.5 MET<EE≤3 MET)

1.5 (2.7)

During MVPAe (EE>3 MET)

0.2 (0.2)

Hours per night

8.0 (0.9)

Data samples per patient
Total

296,533 (95,580)

During the day

149,665 (88,909)

During the night

169,318 (35,488)

a

All 20 patients performed nocturnal measurements and 17 patients performed daytime measurements. Therefore, averages were calculated with 17
patients for daytime measurements and 20 patients for nocturnal and total measurements.
b

EE: energy expenditure.

c

MET: metabolic equivalent of task.

d

LIPA: low-intensity physical activity.

e

MVPA: moderate-to-vigorous physical activity.
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Figure 3. The amount of invalid data of continuous peripheral blood oxygen saturation (SpO2) measurements for different activities. LIPA: low-intensity
physical activity; MVPA: moderate-to-vigorous physical activity.

SpO 2 Features and Fluctuations
The weekly averages of mean SpO2 were 89.9% (SD 3.4), 91.9%
(SD 3.1), and 92.1% (SD 2.9) for nocturnal (n=20), daytime
(n=17), and daytime-in-rest (n=17) measurements, respectively.
Figure 4 shows that mean nocturnal SpO2 was lower than mean
daytime SpO2 in rest (P<.001). Weekly averages of mean SpO2
were between 84.7% and 96.0% for daytime SpO2 in rest and
between 80.3% and 94.3% for nocturnal SpO2 (see Figure 4).
The weekly averages of CT90 were 35% (SD 34), 20% (SD
29), and 18% (SD 29) for nocturnal, daytime, and
daytime-in-rest measurements, respectively. No significant
correlations were found between patient characteristics and
weekly averages of the SpO2 features.
Intraday and intranight SpO2 fluctuations were quantified as
the weekly average of SpO2 SD for nocturnal (1.6%, SD 0.6),
daytime (1.8%, SD 0.7), and daytime-in-rest (1.6%, SD 0.6)
measurements. Nocturnal, daytime, and daytime-in-rest SpO2
SD values were inversely correlated with nocturnal, daytime,
and daytime-in-rest mean SpO2 values (all: P<.001, R2>0.4),
respectively. On average, SpO2 in rest values ranged over 10.8%
(SD 4.4) within one day. There was a significant difference
between mean SpO2 in the afternoon and in the evening
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(P<.001) (see Multimedia Appendix 3), with an average
difference of 0.8% (SD 0.7) for those days where patients
performed at least one hour of measurements during both the
afternoon and evening. For this comparison, a total of 46 days
from 12 different patients were used (median of 4 days per
patient).
Night-to-night and day-to-day SpO2 fluctuations were quantified
as the weekly ranges of mean SpO2 (2.0%, SD 1.1; 1.9%, SD
1.5; 1.9%, SD 1.5) and CT90 (28%, SD 25; 19%, SD 20; 18%,
SD 21) for nocturnal, daytime, and daytime-in-rest
measurements, respectively. A more detailed analysis of the
night-to-night changes in CT90 is shown in Figure 5. When
considering the definition of a nocturnal desaturator, three types
of patients can be distinguished: consistent desaturators (5/20,
25%), consistent nondesaturators (5/20, 25%), and occasional
desaturators that changed category over the 7 nights (10/20,
50%). A total of 6 occasional desaturators (6/10, 60%) were
desaturators or nondesaturators in the first two nights, but
changed category when SpO2 measurements of another night
were considered. The weekly average of mean SpO2 for
occasional desaturators was between 89.5% and 91.9%,
compared to 80.3%-88.8% and 91.8%-94.3% for consistent
desaturators and consistent nondesaturators, respectively.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e12866 | p.407
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Buekers et al

Figure 4. Mean nocturnal peripheral blood oxygen saturation (SpO2) compared to mean daytime SpO2 in rest. The dots indicate weekly averages of
mean SpO2 for every patient, lines indicate the standard deviation of the mean SpO2 values over different days and nights, and the orange line is the
line of equality.

Figure 5. Cumulative time spent with peripheral blood oxygen saturation (SpO2) below 90% (CT90) values for every night of every patient showed
that 50% (10/20) of the included patients changed category between desaturator and nondesaturator. The number next to each dot indicates the
corresponding night of the measuring week and the orange line indicates the threshold of CT90 (30%) that divides nights with and without desaturation.
A missing night number indicates that no data was available for that night.

Discussion
Continuous SpO2 measurements with wearable pulse oximeters
identified significant SpO2 fluctuations between and within
multiple days and nights of patients with COPD. COPD patients
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are known to be a heterogeneous group [32,33], which leads to
large differences in mean SpO2 values between patients.
Day-to-day SpO2 fluctuations have not yet received a lot of
attention in scientific literature and night-to-night fluctuations
have not yet been studied over more than two nights in patients
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with COPD. Some studies examined intraday fluctuations,
however, these studies only examined short-term SpO2
fluctuations (ie, measurements of one hour or less) in healthy
individuals [29] or infants [26-28]. Our results showed that
significant SpO2 fluctuations occurred between and within
multiple days and nights for the included patients. This is often
not taken into account in telemonitoring applications [12]. When
using the current definition of nocturnal desaturation, 50%
(10/20) of the included patients changed category between
desaturator and nondesaturator over the course of 1 week.
Continuous SpO2 measurements with high amounts of valid
data could be obtained during a 7-day monitoring period, except
during MVPA (EE>3 MET). Nocturnal measurements were
well-perceived by the patients, leading to the high compliance.
These measurements only had a small amount of data that was
considered invalid (0.69%). This indicates that it is feasible to
perform multi-night continuous SpO2 measurements. Most
patients also performed daytime measurements during rest and
LIPA (ie, 17 patients measured, on average, 7.6 hours per day).
These had a limited amount of invalid data (6.10%). However,
very few measurements were performed during MVPA (ie, 0.2
hours per day) and almost one-third of these measurements
produced invalid data due to motion artifacts. Therefore, it might
not be recommended to analyze continuous SpO2 measurements
during periods of MVPA.
Two types of preprocessing steps for continuous SpO2 data have
been reported: (1) removing deviating samples or (2)
down-sampling the data. Deviating samples have been removed
visually [29,34] by using an unspecified data-cleaning algorithm
[35] or by removing samples with a sample-to-sample deviation
of more than 4% [36] or 8% [37]. The latter method, however,
does not remove artifacts that last over longer periods of time
(eg, see Figure 2B: around 17:00-18:00). Therefore, artifacts in
this study were removed by removing blocks of deviating values
instead of separate samples. After sample removal, Morillo et
al excluded remaining artifacts by down-sampling the data from
8 Hz to 1 Hz [37]. However, autocorrelation analyses in our
study showed that a sampling time of 1 sample per second still
led to oversampling of the data (see Multimedia Appendix 2).
SpO2 could be down-sampled to 1 sample per 20 seconds for
improved artifact removal, without losing information about
the SpO2 dynamics.
Mean nocturnal SpO2 was lower than mean daytime SpO2 in
rest. By taking into account the SpO2 fluctuations over different
days and nights, the results of this study generalize the findings
of Soguel Schenkel et al, who only performed SpO2
measurements during a single day and night that were up to five
days apart [38]. Other studies used awake measurements of
SpO2 to predict nocturnal mean SpO2 or CT90. They used the
first 15-30 minutes of the nocturnal measurements to calculate
the mean awake SpO2 values [15,39-41]. For these studies, it
should be noted that slightly lower SpO2 values were observed
in the evening compared to the afternoon, on average a 0.8%
difference, and awake SpO2 values depend on the time of day
when the measurements are performed. It is unlikely that this
difference is solely due to the specified oximeter accuracy of
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±2%, as no consistent bias has been reported for the WristOx2
when measuring over a longer time period.
The observed patient-to-patient, day-to-day, and intraday
differences can have implications for telemonitoring applications
that are based on daily SpO2 spot checks [12]. In several
telemonitoring setups, alerts were raised when daily spot checks
of SpO2 dropped below a generic threshold value (eg, 90% for
all patients) [12]. However, the high patient-to-patient
differences point out the shortcomings of these generic
thresholds. Other telemonitoring setups used personalized
thresholds, but these were still fixed on one specific threshold
value for every patient [12]. For these setups, alerts can be
merely a consequence of natural day-to-day and intraday
fluctuations, instead of being triggered by the onset of an
exacerbation. A recent paper better dealt with the day-to-day
fluctuations by suggesting a day-to-day decrease of more than
4% to alert for exacerbations, however, a more thorough
examination of this method is needed [42]. Intraday SpO2 values
during rest ranged over 10.8% (SD 4.4) within one day.
Moreover, statistical interpretation of weekly average of SpO2
SD (1.6%, SD 0.6), which is a measure of intraday fluctuations,
indicates that during 5% of the day in rest, SpO2 fluctuates more
than 3.2% (ie, 2 times SpO2 SD) beyond the mean
daytime-in-rest value. In comparison, previous studies only
reported a 1%-2% decrease in SpO2 spot checks around
exacerbation onset compared to stable periods [43-45]. These
natural intraday fluctuations can thus easily result in false alerts
for exacerbations. Patients with lower SpO2 values might
experience a higher number of false alerts as, similar to healthy
individuals [29], intraday fluctuations (ie, SpO2 SD) increased
with decreasing mean SpO2. Altogether, personalized alerts
based on intelligent algorithms will be necessary to cope with
all of these natural fluctuations in daytime SpO2 in rest.
Preferably, these alerts should be based on continuous
measurements over longer time periods, in contrast to the
currently used daily spot checks, to account for the identified
SpO2 fluctuations and to exclude the potential effect of the ±2%
oximeter accuracy. In addition, the slightly lower SpO2 values
in the evening compared to the afternoon show that the daily
measurements should always be performed at the same moment
of the day. A clearly defined measurement protocol, which is
often not specified [12], can thus further attempt to limit the
effect of natural SpO2 fluctuations in these telemonitoring
applications.
The night-to-night differences of nocturnal mean SpO2 (ie,
average weekly range of 2.0% over the different nights) led to
highly varying CT90 values over the different nights of the
measurement week (ie, average range of 28%). These high
variations in CT90 resulted in 50% (10/20) of the included
patients changing category between desaturator and
nondesaturator, due to the fact that these occasional desaturators
all had a mean SpO2 value around the threshold of 90%. A
similar finding has been reported by Lewis et al, who concluded
that 35% of the included patients changed category over two
consecutive nights of measurements [20]. Later studies then
tackled this problem by performing measurements over two
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nights, categorizing a patient as a desaturator if desaturation
occurred in at least one of both nights [5,17-19]. However, the
results of this study indicate that even two nights are insufficient
to make a consistent separation between desaturators and
nondesaturators, as 6 out of 10 occasional desaturators (60%)
were desaturators or nondesaturators in the first two nights and
only changed category afterward. Our results suggest that it
might be impossible to consistently categorize COPD patients
with a mean nocturnal SpO2 value around 90% as desaturator
or nondesaturator. Based on measurements over multiple nights,
these patients could thus be referred to as occasional
desaturators. Further research is needed to assess the clinical
relevance of identifying these three different nocturnal
desaturation profiles.
Some limitations should be taken into consideration when
interpreting the results of this study. The main limitation, as is
often the case in similar studies, is the small sample size.
Consequently, no comparison could be made between mild,
moderate, and severe hypoxemic patients. Nevertheless, the
increasing SpO2 SD with decreasing mean SpO2 suggests an
increase in SpO2 fluctuations for more hypoxemic patients. No
control group was included because this study aimed to perform
continuous SpO2 measurements in COPD patients for
identification of SpO2 fluctuations that could affect SpO2
applications, rather than comparing SpO2 between COPD
patients and healthy controls. In addition, daily home routines
can greatly differ between patients and healthy controls [46],
impeding a proper comparison. As shown in Multimedia
Appendix 1, daytime measurements were only seldom
performed during full days due to the impracticalities of wearing
the finger clip during activities that require manual actions (eg,
during morning routines). This, in combination with the high
amount of invalid data during MVPA, suggests that continuous
SpO2 measurements with a finger clip will have more profound
limitations in a population that is more physically active than
the target population of this study. Reliable wearable oximeters
that do not require a finger clip could thus increase compliance.
Moreover, the limited battery life and the inability of real-time
data transmission of the used oximeter can further complicate
the integration of continuous SpO2 measurements into practice.
Technological advances are thus needed to allow for long-term,
continuous monitoring of SpO2. This study, however, mainly
intended to show the potential of prolonged continuous
measurements to identify SpO2 fluctuations. Therefore, a
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certified wearable pulse oximeter with finger clip was preferred
over more user-friendly, watch-type oximeters that have not yet
been proven to be accurate. The resulting, more fragmented,
daytime measurements were sufficient to identify large natural
fluctuations occurring within one day (ie, SpO2 in rest ranged
over 10.8% [SD 4.4] within one day), confirming the a priori
posed hypothesis. The limited battery life was addressed by
providing the patients with multiple sensors to cover the 7-day
monitoring period.
This study was the first to use wearable finger pulse oximeters
for prolonged continuous SpO2 measurements in COPD patients,
as opposed to only performing spot checks or continuous
measurements during one or two nights. These measurements
showed that spot checks or one- or two-night measurements
should be interpreted with caution, as the conclusions based on
these measurements might change depending on the moment
of the measurement. Measurements were performed at home
during daily life routines of COPD patients, which provides a
more natural SpO2 profile compared to supervised
measurements. By adding actigraphy measurements, the
necessary contextual information could be gathered for more
accurate analyses of the continuous SpO2 measurements.
In conclusion, continuous SpO2 measurements with wearable
pulse oximeters identified significant SpO2 fluctuations between
and within multiple days and nights of patients with COPD.
Continuous SpO2 measurements during the daily home routine
of patients with COPD generally had high amounts of valid
data, except for motion artifacts during MVPA. The continuous
measurements showed that mean nocturnal SpO2 was lower
than mean daytime SpO2 in rest, and significant SpO2
fluctuations occurred between and within multiple days and
nights. The large fluctuations of daytime SpO2 in rest indicate
that clear measurement protocols and personalized alerts, based
on intelligent algorithms, will be needed to increase the
performance of telemonitoring applications that make use of
daily SpO2 spot checks. Lastly, it was shown that CT90 values
can vary greatly from night to night in patients with a nocturnal
mean SpO2 around 90%, indicating that these patients cannot
be consistently categorized as desaturators or nondesaturators.
We recommend using wearable sensors for performing
continuous SpO2 measurements over longer time periods to
determine the clinical relevance of the identified SpO2
fluctuations.
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Multimedia Appendix 1
Visual overview of the continuous peripheral blood oxygen saturation (SpO2) measurements that were included for analyses.
[PDF File (Adobe PDF File), 32KB - mhealth_v7i5e12866_app1.pdf ]

Multimedia Appendix 2
Autocorrelation analyses.
[PDF File (Adobe PDF File), 95KB - mhealth_v7i6e12866_app2.pdf ]

Multimedia Appendix 3
Differences between mean peripheral blood oxygen saturation (SpO2) in the afternoon and in the evening. Grey dots indicate the
differences within the same day for the same patient and orange dots indicate the average of these differences for every patient.
The number of grey dots per patient indicate the amount of days with measurements in both the afternoon and evening.
[PDF File (Adobe PDF File), 22KB - mhealth_v7i6e12866_app3.pdf ]
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Abstract
Background: Wearable devices have evolved as screening tools for atrial fibrillation (AF). A photoplethysmographic (PPG)
AF detection algorithm was developed and applied to a convenient smartphone-based device with good accuracy. However,
patients with paroxysmal AF frequently exhibit premature atrial complexes (PACs), which result in poor unmanned AF detection,
mainly because of rule-based or handcrafted machine learning techniques that are limited in terms of diagnostic accuracy and
reliability.
Objective: This study aimed to develop deep learning (DL) classifiers using PPG data to detect AF from the sinus rhythm (SR)
in the presence of PACs after successful cardioversion.
Methods: We examined 75 patients with AF who underwent successful elective direct-current cardioversion (DCC).
Electrocardiogram and pulse oximetry data over a 15-min period were obtained before and after DCC and labeled as AF or SR.
A 1-dimensional convolutional neural network (1D-CNN) and recurrent neural network (RNN) were chosen as the 2 DL
architectures. The PAC indicator estimated the burden of PACs on the PPG dataset. We defined a metric called the confidence
level (CL) of AF or SR diagnosis and compared the CLs of true and false diagnoses. We also compared the diagnostic performance
of 1D-CNN and RNN with previously developed AF detectors (support vector machine with root-mean-square of successive
difference of RR intervals and Shannon entropy, autocorrelation, and ensemble by combining 2 previous methods) using 10 5-fold
cross-validation processes.
Results: Among the 14,298 training samples containing PPG data, 7157 samples were obtained during the post-DCC period.
The PAC indicator estimated 29.79% (2132/7157) of post-DCC samples had PACs. The diagnostic accuracy of AF versus SR
was 99.32% (70,925/71,410) versus 95.85% (68,602/71,570) in 1D-CNN and 98.27% (70,176/71,410) versus 96.04%
(68,736/71,570) in RNN methods. The area under receiver operating characteristic curves of the 2 DL classifiers was 0.998 (95%
CI 0.995-1.000) for 1D-CNN and 0.996 (95% CI 0.993-0.998) for RNN, which were significantly higher than other AF detectors
(P<.001). If we assumed that the dataset could emulate a sufficient number of patients in training, both DL classifiers improved
their diagnostic performances even further especially for the samples with a high burden of PACs. The average CLs for true
versus false classification were 98.56% versus 78.75% for 1D-CNN and 98.37% versus 82.57% for RNN (P<.001 for all cases).
Conclusions: New DL classifiers could detect AF using PPG monitoring signals with high diagnostic accuracy even with
frequent PACs and could outperform previously developed AF detectors. Although diagnostic performance decreased as the
http://mhealth.jmir.org/2019/6/e12770/
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burden of PACs increased, performance improved when samples from more patients were trained. Moreover, the reliability of
the diagnosis could be indicated by the CL. Wearable devices sensing PPG signals with DL classifiers should be validated as
tools to screen for AF.
(JMIR Mhealth Uhealth 2019;7(6):e12770) doi:10.2196/12770
KEYWORDS
atrial fibrillation; deep learning; photoplethysmography; pulse oximetry; diagnosis

Introduction
Background
Atrial fibrillation (AF) is the most common cardiac arrhythmia
in clinical practice [1]. The prevalence and incidence of AF
have risen over the years with the aging population [2]. The
gold standard used to diagnose AF is the electrocardiogram
(ECG) [3]. However, many patients with AF present paroxysmal
symptoms or are asymptomatic; thus, the limited accessibility
of the ECG during the symptom could lower the detection rate
of AF. It is important to detect AF regardless of symptoms
because asymptomatic patients with AF could present with
stroke at their first manifestation [4]. AF is one of the major
causes of stroke and its severity is worse in patients with AF
than those without [5]. Therefore, it is important to detect AF
in a potentially high-risk population who might benefit from
stroke prevention with adequate anticoagulation control [6-9].
Recently, photoplethysmography (PPG) has been studied for
long-term monitoring of AF, because of the ease of use and
their utilization using wearable and mobile devices [10-12].
PPG monitoring incorporated into wearable technologies might
permit improvements in the detection rate of AF in high-risk
patients. Past studies using PPG for AF detection relied on
predetermined
feature
extractions,
for
example,
root-mean-square of successive difference of RR intervals
(RMSSD) with Shannon entropy (ShE) and machine learning
techniques such as the support vector machine (SVM), artificial
neural network, and k-nearest neighbor [11,13]. The accuracy,
sensitivity, and specificity for differentiating AF from a clean
sinus rhythm (SR; ie, SR without any premature atrial complexes
or PACs) of these methods were promising [14-18]. However,
PACs were frequently exhibited in patients with paroxysmal
AF or in those after successful cardioversion [19-21], which
rendered AF detection using PPG from unclean SRs less
practical. Low accuracy in differentiating AF from SR with
PACs in the feature extraction step was a major limitation of
previous approaches [22,23]. More sophisticated AF detection
algorithms should be designed to render PPG monitoring more
pragmatic.

Objective
We aimed to develop deep learning (DL) classifiers using PPG
as an input to distinguish AF from SR in the presence of PACs.
We also suggested a method to compute a confidence level (CL)
[24,25] for each decision in tested samples so that physicians
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could quantify the reliability of the results from the DL
classifiers.

Methods
Study Population and Data Acquisition
This was a prospective, single-center study including patients
with persistent AF admitted for elective DCC from September
2017 to April 2018. A total of 81 consecutive patients were
enrolled. After verifying AF with 12-lead ECG, baseline PPG
signals were collected over a 15-min interval by attaching a
pulse oximeter to the patient’s nondominant arm’s index finger
in the supine position. In addition, a single-lead ECG signal
was acquired simultaneously to confirm the rhythm and was
used as the gold standard. DCC (biphasic 100 to 200 J) was
performed under light sedation after the baseline recording.
Among 81 patients with DCC, 5 patients could not be converted
to SR and 1 patient had improper data acquisition because of
inappropriate bandwidth filters and sampling rate. In total, 75
patients with successful DCC underwent post-DCC PPG and
ECG recording for over 15 min using the same methods. PACs
were also monitored during the post-DCC recording period.
During both periods of the measurements, the subject was
required to rest on the bed with a supine position such that
potential motion artifacts could be minimized. In total, 3
cardiologists interpreted the single-lead rhythm strips and
verified the PACs and other atrial tachyarrhythmia. If there was
a discrepancy between readings, then the senior
electrophysiologists (EKC and EL) interpreted the rhythm and
determined the final conclusion for the rhythms. We applied
bandwidth filters (0.2 to 18 Hz) on both PPG and ECG data and
then exported them in XML format for the DL training. The
study protocol was approved by the Seoul National University
Hospital Institutional Review Board and adhered to the
Declaration of Helsinki.

Dataset Manipulation and Deep Learning Framework
We constructed PPG samples for training and testing from the
PPG recording data of 75 patients. Each patient’s 15-min
pre-DCC and post-DCC data were divided into multiple
30-second fragments with 20-second overlaps. We used a data
augmentation technique to increase the number of samples [24].
Each sample was labeled as AF if it was generated before the
DCC and as SR if generated after the successful DCC. The
detailed dataset manipulation method is presented in Multimedia
Appendix 1.
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Figure 1. Flowchart illustrating the deep learning process. For each subject, 15-min PPG data during pre- and post- direct-current cardioversion periods
were obtained. Each 15-min sample was preprocessed by removing bias, applying bypass filters, and normalization. Then, each sample was subdivided
into 30-second samples with 20-second overlaps for data augmentation. The 30-second samples were trained and tested by 1-dimensional convolutional
neural network (1D-CNN) and recurrent neural network (RNN) methods. Each sample was labeled as atrial fibrillation (AF) or sinus rhythm (SR). The
number in parenthesis shows an example of the corresponding confidence level. In this example, the confidence level for diagnosing AF was 0.9 in
1D-CNN and RNN models, whereas 0.1 in SR for both models. 1D-CNN: 1-dimensional convolutional neural network; AF: atrial fibrillation; PPG:
photoplethysmography; RNN: recurrent neural network; SR: sinus rhythm.

The entire DL framework of AF diagnosis is described in Figure
1. We used a 1-dimensional convolutional neural network
(1D-CNN) and a recurrent neural network (RNN) as 2 DL
architectures and compared their diagnostic performance. The
DL process was divided into 2 phases: training and testing. The
DL classifier consisted of several layers of artificial neurons,
forming a kind of function approximator, simulating the neural
connections of human brains. The neural network (NN) was
trained to approximate a target function, which was the function
of the 30-second-long PPG sample as input and the diagnostic
decision as output. In the training phase, we trained the NN
based on a supervised method that minimized differences
between the AF and SR true labels and the NN outputs using a
back-propagation algorithm. In the testing phase, we evaluated
the trained NN classifiers with data that were not used in the
training phase.

datasets were analyzed. In this scheme, no patients belonged to
both the training and testing dataset at the same time, that is,
DL classifiers always faced new patients during testing. We
repeated the validation process over 10 times for each
combination, and the final results were obtained by averaging
the total of 50 validations. In Scenario B, we have performed
5-fold validation with random choices of samples, not in
patients. Therefore, randomly chosen, 80% of the entire samples
were assigned to training, whereas the remaining 20% were
assigned to testing. Unlike Scenario A, Scenario B permits to
allocate samples from the same patient into both training and
testing datasets. We compared the performance with previous
well-known AF detectors including SVM with RMSSD+ShE
[15], SVM with autocorrelation [11], and an ensemble method
by combining the 2 previous methods. Linear-kernel SVM was
used in our study.

Training and Testing Dataset Design

Diagnostic Performance Using Different Algorithms

We used a 5-fold cross-validation approach to compare and
evaluate 2 DL classifiers. The training phase included
randomized features to initialize weight parameters between
the NN nodes (weight and node corresponded to synapse and
neuron, respectively) and the application of a rule to update
weight parameters. Our 5-fold cross-validation process was as
follows. In Scenario A, patients were randomly assigned to 5
groups, in which 4 were the training dataset, whereas the
remainder was the testing dataset. Given that there were 5 groups
of patients, 5 different combinations of the training and testing

We compared the diagnostic performance of the different
methods by generating receiver operating characteristic (ROC)
curves. The area under the ROC curve (AUC) and the 95% CI
for each method was calculated and compared using the DeLong
test [26]. Statistical analysis was performed as a 2-sided test,
and a P value less than .05 was considered statistically
significant.
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(the number of true diagnosis of AF divided by total number of
AF-labeled test samples), specificity (the number of true
diagnosis of SR divided by total number of SR-labeled test
samples), positive predictive value (the proportion of AF-labeled
test samples among the samples diagnosed as AF), and negative
predictive value (the proportion of SR-labeled test samples
among the samples diagnosed as SR). Each value was averaged
over 50 validation processes for the 2 DL classifiers.

Diagnostic Performance According to the Premature
Atrial Complex Burden
We further analyzed the specificity of the DL classifier over
the PAC burden in post-DCC rhythms. In Scenario A, the trained
DL classifier faced new patients during the validation.
Therefore, it is highly likely to encounter unknown samples
during the testing phase. However, if the number of patients in
the training set grows, even though the patients in the validation
are new to the DL classifier, they will likely be similar to the
patients seen in the training set. Scenario B emulates such a
circumstance by making the sample distribution of the testing
dataset similar to that of the training dataset. This could be
achieved because the samples from the same patient could
appear in both datasets. For each PAC burden and scenario, we
compared a specificity by different algorithms. Then we
evaluated whether DL classifiers outperformed previous
algorithms over various PAC burdens and how they are
improved by an assumption of the same sample distribution in
both datasets (Scenario B).

Confidence Levels
In this study, we defined the metric CL to measure the reliability
of the diagnosis by a certain DL classifier. We refer readers to
Multimedia Appendix 1 for a detailed description of the CL.
The true CL represented the confidence of the classifier’s output
when it has correctly diagnosed the patient (ie, AF as AF and
SR as SR), whereas a false CL indicated the confidence when
AF was diagnosed as SR or SR diagnosed as AF. The minimum
CL was 50%, meaning that the diagnosis was randomly AF or
SR, whereas the maximum CL was 100%, indicating that the
diagnosis could be unquestionably AF or SR irrespective of the
number of times the test was repeated.

Results
Baseline Characteristics of Study Population
A total of 75 patients (men 68/75, 91%; mean age 63 years, SD
7.8) were enrolled. Clinical characteristics of the study
population are summarized in Table 1. A total of 18 patients
(18/75, 24%) were long-standing persistent AF (AF history of
>1 year). The median value of the CHA2 DS2-VASc score was
1.

Characteristics of the Study Dataset
A total of 14,298 samples consisting of 30-second-long PPG
were generated from the 75 patients. Each 30-second PPG
sample was synchronized with a single-lead ECG to be
diagnosed as AF or SR. Figure 2 shows examples of AF and
SR determined by PPG recordings.
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We developed a PAC indicator that could automatically detect
the number of PACs in each post-DCC PPG sample to quantify
the PAC burden of the study dataset. We applied a simple
criterion: consider a beat as a PAC when the interval with the
previous beat was less than 85% of the average interval.
Multimedia Appendix 2 illustrates the PAC detection results of
the indicator for a post-DCC PPG sample with 5 PAC episodes
and the corresponding ECG signal. The proposed PAC
indicator’s result was verified based on the cardiologist’s
decision with a matched ECG signal. Both the PPG and the
matched ECG samples were reviewed and the sensitivity and
specificity of the PAC indicator after the review were 92.55%
and 98.18%, respectively. The PAC burden of each post-DCC
PPG sample was calculated by dividing the number of PAC
with the number of beats in the sample (Multimedia Appendix
3). Inspection of the PAC indicator showed that 29.79%
(2132/7157) of post-DCC samples contained PACs in their data.
The deep learning method may require considerable
computational power and time during the training. However,
because our NN structure was relatively lightweight because of
a small number of layers (6 layers in 1D-CNN and 2 layers in
RNN), the training phase in our study took about 10 min under
the computational environment with a single GPU system using
NVIDIA TITAN Xp graphics card.

Comparison of the Performance of Deep Learning
Classifiers
The diagnostic performance of the DL classifiers with previous
well-known AF detecting algorithms is summarized in Table
2. The results were obtained under Scenario A. The 1D-CNN
and RNN showed high accuracy (97.58% [139,527/142,980]
and 97.15% [138,912/142,980], respectively), sensitivity
(99.32% [70,925/71,410] and 98.27% [70,176/71,410],
respectively), and specificity (95.85% [68,602/71,570] and
96.04% [68,736/71,570], respectively). In addition, both
methods showed high positive predictive values (95.98%
[70,925/73,893] and 96.12% [70,176/73,010], respectively) and
negative predictive values (99.30% [68,602/69,087] and 98.24%
[68,736/69,970], respectively). We derived ROCs for all the
algorithms and compared the different AUCs (Figure 3). The
AUCs for 1D-CNN and RNN were 0.998 (95% CI 0.995-1.000)
and 0.996 (95% CI 0.993-0.998), respectively, which were
significantly higher than previous methods. The 1D-CNN and
RNN showed larger AUCs compared with the SVM with
RMSSD+ShE, SVM with an autocorrelation or ensemble
method (all P<.001, compared using the DeLong test). There
were no significant differences in the AUC for the 1D-CNN
and RNN algorithms (P=.12).
In Scenario B, the performances of the DL classifiers improved
in overall aspects but more in specificity and positive predictive
value. Both 1D-CNN and RNN had improved sensitivity
(99.71% [71,206/71,410] and 99.51% [71,059/71,410],
respectively), specificity (99.35% [71,104/71,570] and 99.29%
[71,062/71,570], respectively), positive predictive value (99.35%
[71,206/71,672] and 99.29% [71,059/71,567], respectively),
negative predictive value (99.71% [71,104/71,308] and 99.51%
[71,062/71,413], respectively), and accuracy (99.53%
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[142,310/142,980] and 99.40% [142,121/142,980], respectively).
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Table 1. The clinical characteristics of the study population (N=75).
Variables

Values

Demographics
Age (years), mean (SD)

63 (7.8)

Male, n (%)

68 (91)

Body mass index (kg/m2), mean (SD)

25.2 (2.9)

Body surface area (m2), mean (SD)

1.83 (0.16)

Types of atrial fibrillation (AF), n (%)
Persistenta

57 (76)

Long-standing persistentb

18 (24)

CHA2 DS2-VASc scorec

1 (1,2)

Comorbidity, n (%)
Congestive heart failure

5 (7)

Hypertension

38 (51)

Diabetes mellitus

10 (13)

Stroke or transient ischemic attack

8 (11)

Myocardial infarction

1 (1)

Valvular heart disease

5 (7)

Dyslipidemia

19 (25)

Chronic renal failure

3 (4)

Chronic obstructive pulmonary disease

0

Hyperthyroidism

6 (8)

Previous AF ablation history, n (%)

3 (5)

Antiarrhythmic agents, n (%)
Propafenone

19 (25)

Flecainide

9 (12)

Pilsicainide

4 (5)

Sotalol

1 (1)

Amiodarone

40 (53)

Beta blocker

18 (24)

Calcium channel blockerd

12 (16)

Digoxin

1 (1)

Anticoagulant, n (%)
Aspirin

2 (3)

Warfarin

18 (24)

Nonvitamin K oral anticoagulant

55 (73)

Other medications

a

Angiotensin converting enzyme inhibitor

0

Angiotensin II receptor blocker

16 (21)

Diuretics

7 (9)

Statin

13 (17)

AF history more than 1 month and less than 1 year.

b

AF history more than 1 year.
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The value is expressed as both median and interquartile range.

d

Nondihydropyridine class.

Figure 2. Typical examples of 15-second-long photoplethysmography and corresponding synchronized electrocardiogram samples for (A) stereotypic
normal sinus rhythm and (B) atrial fibrillation with suggested confidence level using the 1-dimensional convolutional neural network algorithm. AF:
atrial fibrillation; CL: confidence level; ECG: electrocardiogram; PPG: photoplethysmography; SR: sinus rhythm.

Table 2. The diagnostic performance of various algorithms for classifying photoplethysmography samples of atrial fibrillation and sinus rhythm after
electrically cardioverted patients.
Algorithms

Accuracy Mean sensitivity (%)

Mean specificity (%)

Mean positive predictive value
(%)

Mean negative predictive value
(%)

AUCa

95% CI

True
False CL
mean confidence
level (%)

1-Dimensional convolutional 97.58
neural network

99.32

95.85

95.98

99.30

0.998

(0.9951.000)

98.56

78.75

Recurrent neural network

97.15

98.27

96.04

96.12

98.24

0.996

(0.9930.998)

98.37

82.57

Support vector machine, root- 86.82
mean square of the successive
differences of RR intervals +

89.13

84.50

85.16

88.63

0.868

(0.8540.881)

—c

—

ShEb
SVM, autocorrelationd

91.43

93.26

89.60

89.94

93.02

0.977

(0.9720.982)

—

—

SVM, ensemblee

90.72

88.57

92.87

92.53

89.07

0.976

(0.9700.981)

—

—

a

AUC: mean area under the receiver operating characteristic curves. The standard errors by binomial exact test were all <0.01 except SVM with ensemble
(0.01).
b

SVM using RMSSD and ShE as a feature.

c

Not applicable.

d

SVM using autocorrelation method.

e

SVM using RMSSD, ShE and autocorrelation.
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Figure 3. The receiver operating characteristic (ROC) curves of 2 deep learning classifiers (1-dimensional convolutional neural network, 1D-CNN and
recurrent neural network, RNN) compared with other previous high-end atrial fibrillation (AF) detectors. (A) A Comparison of several ROC curves by
different AF-detection algorithms. (B) The area under the curve and corresponding 95% CI by different algorithms. Both 1D-CNN and RNN methods
showed significantly better diagnostic performance than previous detectors. 1D-CNN: 1-dimensional convolutional neural network; RMSSD: root-mean
square of the successive differences of RR intervals; RNN: recurrent neural network; ShE: Shannon entropy; SVM: support vector machine.

Performance of the Deep Learning Classifier and
Burden of Premature Atrial Complexes
Figure 4 shows the results with Scenario A and B. The burden
of PACs was calculated for each 30-second PPG sample as the
ratio of the number of PAC beats to the number of normal beats.
The Sample N in Figure 4 shows the PAC burden distributions
of the entire (both training and testing) dataset. In Scenario A,
all the algorithms showed a decreasing tendency in specificity
as the burden of PACs increased. Among the previous
algorithms, the SVM with autocorrelation or ensemble
maintained a higher specificity than with RMSSD+ShE.
However, both 1D-CNN and RNN had a significantly higher
specificity than the SVM with autocorrelation or ensemble

(1D-CNN versus SVM with autocorrelation or ensemble,
P<.001; RNN versus SVM with autocorrelation or ensemble,
P<.001; all P values were calculated using a Student t test).
Interestingly, the 1D-CNN maintained a significantly higher
specificity than RNN in Scenario A (1D-CNN versus RNN,
P=.02). In Scenario B, both DL classifiers improved
significantly in specificity compared with Scenario A. The DL
classifier could maintain 91.1% (1D-CNN) and 91.5% (RNN)
specificity even for samples with a PAC burden ≥20%.
Therefore, if the DL classifiers were trained with a sufficiently
large dataset, they would maintain higher specificity even with
a high PAC burden of and would outperform previous AF
detectors.

Figure 4. Comparison of performances of deep learning classifiers and previous state-of-the-art atrial fibrillation detectors by premature atrial complexes
(PACs) burden. The performance of classifying photoplethysmography samples during post- direct-current cardioversion period as sinus rhythm by
each algorithm was measured by specificity. (A) Scenario A was obtained by the 5-fold cross-validation with random assignment of patients. In this
case, each algorithm faced new patient’s data during testing. (B) Scenario B was obtained by the 5-fold cross-validation with random assignment of
samples. This approach assumed that the training distribution could emulate the test distribution. Regardless of the method, both 1-dimensional
convolutional neural network and recurrent neural network maintained higher specificity over burden of PACs. Both DL classifiers showed higher
specificity in Scenario B than Scenario A. 1D-CNN: 1-dimensional convolutional neural network; PAC: premature atrial complex; PPG:
photoplethysmography; RNN: recurrent neural network root-mean square of successive difference of RR intervals.
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Confidence Level of the Deep Learning Classifier
Table 2 also shows true and false CLs of the 2 DL classifiers.
The mean true and false CLs of the 1D-CNN classifier were
98.56% and 78.75%, respectively. With the RNN classifier, the
true and false CLs were 98.37% and 82.57%, respectively.
Therefore, significantly low CL values could indicate potential
misdiagnoses. A further evaluation of the distribution of CLs
is presented in Figure 5. For the 1D-CNN, the median values
of true or false CL were 99.98% and 81.04%, respectively.
Similarly, the median values for RNN were 99.81% and 87.74%,
respectively. Comparison of the distribution of true or false CLs
showed there were no significant differences in either the
1D-CNN or RNN methods (P<.001, calculated using a Student
t test). If we set the cut-off level of CL to be 95%, the diagnostic
accuracies were 99.58% (130,138/130,688) for 1D-CNN and

Kwon et al
99.21% (129,053/130,082) for RNN. Therefore, a diagnosis
with a CL ≥95% may be regarded as confident.
Even though DL classifiers were able to output a helpful metric,
the classifier would become useless if most of the CL output
were lower than 95%. However, 91.40% (130,688/142,980) of
the tested samples had a CL >95% and the probability of a
misdiagnosis for such sample was only 0.42% (550/130,688)
for 1D-CNN. For RNN, likewise, 90.98% (130,082/142,980)
of the tested samples had a CL >95% and the probability was
0.79% (1029/130,082). Therefore, most of the diagnosis made
by the DL classifiers were confident. The differences in the
probability of false diagnoses according to CL were not
significantly different for both 1D-CNN and RNN (P=.98,
calculated using a Student t test).

Figure 5. The characteristics of confidence level (CL) calculated by deep learning (DL) classifiers. Data were obtained by repeating the 5-fold
cross-validation test over 10 times. (A) Comparison of true and false CLs of 1-dimensional convolutional neural network (1D-CNN) and recurrent
neural network (RNN) methods by Box-and-Whiskers plot. True CLs indicate the cases where the diagnosis of a DL classifier was correct. Conversely,
false CLs indicate cases where a DL classifier was incorrect. In the both 1D-CNN and RNN methods, the distributions of true or false CLs were
significantly different (P<.001) for both 1D-CNN and RNN methods. If cut-off level of CL is to be 95% (dashed line), the diagnostic accuracy was
99.6% in 1D-CNN and 99.2% in RNN. Therefore, a diagnosis with a CL ≥95% can be regarded as certain. (B) The association between the probability
of misdiagnosis and sample proportions and the respective CLs. Because 91% of the tested samples showed CL ≥95%, most diagnoses made by DL
classifiers were valid. The probability of false diagnoses decreases from 50% to 0% as the CL increases from 50% to 100%. Comparing 1D-CNN and
RNN, there was no significant difference in CLs (P=.98). *P<.001, calculated by Student t test. **P=.98, calculated by Student t test. 1D-CNN:
1-dimensional convolutional neural network; RNN: recurrent neural network.

Discussion

Previous Photoplethysmographic Signals–Based Atrial
Fibrillation Detectors

In this study, we developed a DL-based algorithm to diagnose
AF using PPG data with better performance than previous
algorithms. We found that (1) both 1D-CNN and RNN showed
high diagnostic performance (AUC=0.998 and 0.996 for
1D-CNN and RNN, respectively); (2) both DL-based algorithms
showed a better diagnostic performance than previous
well-known AF detection algorithms, even under a high PAC
burden, and had the potential to improve as more samples were
allowed to be trained; and (3) most diagnoses by the DL
classifiers were confident and the respective calculated CLs
provided an easily interpreted reliability of the diagnosis.

Before the development of DL, several well-performing
PPG-based AF detectors with algorithms, such as RMSSD+ShE
with Poincaré plots [16], SVM with autocorrelation or with
RMSSD+ShE [11,15] had been described that could detect the
irregularity of intervals between each PPG pulse by utilizing
explicit rules or features. A recent study showed that, among
the selected non-DL algorithms, SVM performed better than
any others including Poincaré plots [27]. However, most of
these previous algorithms were based on explicit features
regarding peak-to-peak intervals but not the information such
as amplitudes or waveforms. This loss of information during
feature extraction steps was a limitation of these algorithms. In
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this study, DL-based algorithms utilized the entire training data
without any loss of information.

Comparing Deep Learning Classifiers to Previous
Algorithms

In contrast to the P-wave in ECG, the PPG has no markers for
atrial contraction and this hinders the interpretation of cardiac
rhythm from PPG alone. As a result, most previously developed
algorithms for detecting AF from PPG relied heavily on the
irregularity of peak-to-peak intervals. However, in the real-world
setting, PACs are frequently observed in cardioverted AF
patients and can simulate AF recurrence in these patients.
Therefore, the diagnostic accuracy of PPG for detecting AF
could be underpowered if the algorithm is predefined using a
handcrafted approach. Therefore, more sophisticated methods
to detect AF from PPG are needed.

Recently, Poh et al reported that SVM showed the best
performance among several non-DL algorithms and the deep
convolutional NN was superior to SVM [27]. In our study, we
compared 2 DL classifiers (1D-CNN and RNN) to previous
well-known non-DL AF detection algorithms. The result showed
that both DL classifiers had significantly better ROCs than
previous methods including SVM and there were no significant
differences between the ROCs of the 2 DL classifiers (Figure
3).

Novelty of Deep Learning Classifiers for Detection of
Atrial Fibrillation
With regard to the outperformance of DL compared with
traditional machine learning (ML), the following explanations
should be considered. To solve a classification problem, as in
our AF detection method, traditional approaches mainly rely
on algorithms that are rule-based or handcrafted ML-based.
However, discriminating AF from SR using PPG becomes much
more challenging under the presence of high burden of PACs,
as there are no P-waves in the PPG. Furthermore, the complexity
increases as the frequency of the PACs grows, which often holds
in practice. Although previous ML approaches rely on
handcrafted features, which are extracted mainly based on
human intuition, the DL analyzes all the characteristics of the
trained data, which is not limited only to peak-to-peak intervals,
but also contains waveform characteristics such as amplitude,
frequency, and wave morphology, and then automatically and
implicitly quantifies their significance. The DL is composed of
multiple layers of NNs and their smart connections have proven
to be a powerful and efficient tool to handle complicated
problems via automatic feature extraction of data and an in-depth
understanding of their correlations. The 1D-CNN and RNN are
the NN architectures specialized in handling the sequential data.
The 1D-CNN network is a set of learnable kernels to extract
the specific features or patterns in the sequential data. The
kernels are convolved across the time axis of the input sequence
to compute more compressed output sequence. Multiple layers
of 1D-CNN are stacked to get the fully compressed features
from the input sequence. The RNN compresses the input
sequence by performing the same feedforward operation for
every input token with the output being dependent on previous
operations. The information abstracted from the previous
feedforwards is accumulated to the last operation so that the
last output contains the fully compressed features. Unlike the
1D-CNN, we used only a single layer of RNN. This would
explain how DL outperforms previously described algorithms.
In addition to the higher detection accuracy achieved by DL, it
is also able to provide an output of the Softmax probability for
each decision, which is used to quantify the probability of a
correct decision, that is, of the CL. These advantages of DL for
higher detection accuracy and provision of the CL were
significant for detecting AF using PPG as a dataset.
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It should be noted that compared with previous studies, our
results of both DL and non-DL algorithms showed fewer
performances than expected. One may argue that our study
should have had better results because we used a medical-grade
pulse oximeter whereas some of the previous literature used
sensors from smartphones, which would have a poorer
signal-to-noise ratio [10,11,13,15,16]. However, such
paradoxically lower results in our study may be explained by
much higher PAC burdens in our samples (29.8%). Unlike other
studies, we were able to graphically describe how diagnostic
performances of various AF detectors degraded by PAC burdens
(Figure 4). This implies any AF detector would give poorer
results with more difficult samples, that is, the samples with
more PAC burdens.
For DL classifiers, Poh et al reported better performance of
CNN compared with this study (100.0% sensitivity and 99.6%
specificity in the study of Poh et al but 99.3% and 95.9%,
respectively, in our analysis) [27]. However, this can be
explained by the different datasets used for training and testing.
Our dataset was obtained from AF patients who underwent
DCC. This scenario defines post-DCC rhythms with much more
frequent PACs. Subsequently, the proportion of non-AF
arrhythmia in the study sample was 6.4% in the study of Poh
et al and 29.8% in our analysis. In other words, our training and
testing dataset may be considered to be much more challenging
in terms of AF or SR classification than those used in Poh’s
study. Non-DL classifiers in our study also had lower
performances than previous reports, but this may be again
because of a much higher burden of PAC in our study. For
example, with an SVM-based approach, Chan reported 92.9%
sensitivity and 97.7% specificity for diagnosing AF from SR.
However, the proportion of samples with PAC to those with
non-AF was only 2.8% [11]. Therefore, the testing results of
any algorithm heavily depend on the characteristics of the
sample dataset. Nevertheless, as one can observe from Figure
4, the coherent superiority of the DL classifier’s performance
over other algorithms for any PAC burden supports the
advantages of using DL approaches to detect AF using PPG
rather than previous non-DL algorithms.
Finally, there were other attempts to diagnose PAC from a
normal SR or AF [16,28]. By incorporating RMSSD, ShE, and
Poincaré plots, PACs were successfully diagnosed with 100%
sensitivity and 97.8% specificity, yet information on how those
results vary according to PAC burdens is lacking [28]. Similarly,
such diagnoses would be performed by DL classifiers, provided
that an investigator additionally labels the samples with PAC.
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Future research is needed to observe how DL classifiers are
different from other algorithms when diagnosing not only AF
but also PACs.

Probability of Atrial Fibrillation Diagnosis
Besides the superior performance, the CL derived from DL
classifiers was a useful metric to distinguish potentially mistaken
decisions from correct decisions (Figure 5 and Multimedia
Appendix 4). Multimedia Appendix 4 shows 2 exemplary cases
where DL falsely diagnosed an AF but managed to generate
low CLs (ie, 63.6% and 78.2%). However, according to Figure
5, such low CLs can be interpreted as the diagnosis would
possibly be incorrect because the values are outliers to the lower
25th percentile of the distribution of true CLs. Thus, the
possibility that the diagnosis in the examples would be correct
would be approximately 35% to 45%. In such circumstances,
the physician may attempt to confirm the cardiac rhythm using
12-lead ECG to validate the DL’s diagnosis. More simply, one
may only accept the diagnosis by DL classifiers when the CL
is ≥95%. We have described above how a diagnosis having such
a high CL may be regarded as confident with an extremely low
probability of misdiagnosis. An easy interpretation using the
CL may be that X% of CL has an X% chance of true diagnosis
by DL classifiers by observing the linearly decreasing
probability of false diagnosis according to the CL (Figure 5).
In summary, our new DL classifiers showed not only better
diagnostic performance of detecting AF compared with previous
algorithms especially under the high burden of PACs, but were
also helpful to physicians by suggesting the reliability of the
diagnosis through CLs.

Usefulness of Photoplethysmographic Signals for Atrial
Fibrillation Detection
Most AF detectors rely on the ECG rather than on PPG because
the interpretation of arrhythmia is more accurate and easier
given the existence of the P-wave. However, in the clinical
setting, monitoring the PPG rather than the ECG is easier and
simpler. Furthermore, the emergence of wearable devices and
mobile technologies enable clinicians to monitor the PPGs of
a patient over long-term periods. Thus, the combination of AF
detectors using PPG and wearable technology has the synergistic
potential to screen AF recurrence and potentially to help prevent
stroke in patients with AF. Though much effort has been made
to utilize PPG to detect AF from SR, the presence of intermittent
disruptions of regularity by frequent PACs hinder the application
of PPG-monitoring for AF patients in real-life clinical situations.
Future studies are needed to demonstrate that wearable devices
sensing PPG to detect AF have clinical benefits in the prevention
of stroke.

Kwon et al

Limitations
First, we did not diagnose other arrhythmias such as ventricular
premature complex, atrial tachycardia, and sinus arrhythmia,
but focused specifically only on PAC. As a result, DL classifiers
designed in our study may not be applied to patients with other
arrhythmias. However, this can be justified as most electrically
cardioverted AF patients have more frequent PACs than other
arrhythmias. Also, PACs have importance as a high burden is
associated with AF recurrence [29]. Second, the training and
testing datasets of this study consisted of PPG data from 75
patients. The total number of samples generated by data
augmentation was 14,298, which was sufficient to train DL.
Despite this number, 75 patients may be insufficient to capture
AFs presenting different characteristics and PACs’ burden.
Applying these trained DL classifiers to data from new patients
may result in poorer performance. However, our analysis
comparing scenario A and B (Figure 4) suggested that a
sufficient number of samples from additional patients may result
in improved performance. Finally, motion artifacts can arise
during the measurement and cause performance degradation in
a wearable device. To reduce the influence of motion artifact
on the recording, we performed the signal in the supine position
with minimal movement in our study. DL classifiers showed
satisfactory performances without correction or removal of
samples because of motion artifacts. However, we could not
guarantee the performance of the developed deep learning
algorithm in ambulatory patients would be as satisfactory as
our results. Future works are needed to develop an algorithm
that covers deleterious effects from motion artifacts.

Conclusions
In this study, we developed DL classifiers to detect AF from
SR under the presence of PACs using 30-second PPG samples
during pre- and post-DCC periods from patients with AF. The
diagnostic performances of 1D-CNN and RNN models were
significantly superior to other previously well-known AF
detectors. The diagnostic performance of this model was still
better than previous algorithms even under frequent PACs, and
we observed the potential for further improvement in
performance when sufficiently larger samples could be trained.
As a metric representing the reliability of diagnosis, the CLs
can be calculated using DL classifiers and a diagnosis with a
CL ≥95% may be considered as confident. Besides, most
diagnoses determined by DL classifiers were found to be
confident. Taken together, these advantages indicate that
implementing DL classifiers to wearable devices sensing PPG
signals can be useful for AF screening among patients with AF.
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Multimedia Appendix 1
Detailed description of dataset manipulation, deep learning framework, and confidence level.
[PDF File (Adobe PDF File), 61KB - mhealth_v7i6e12770_app1.pdf ]

Multimedia Appendix 2
Exemplary comparison between single-lead electrocardiogram (ECG; upper panel) and simultaneous photoplethysmography
(PPG; lower panel). Premature atrial complexes (PACs) in PPG found by PAC indicator (red dots) were well corresponded to
true PACs observed in ECG. The green dots were normal peaks of PPG pulse calculated by the indicator.
[PPTX File, 1MB - mhealth_v7i6e12770_app2.pptx ]

Multimedia Appendix 3
The distribution of the post- direct-current cardioversion (DCC) photoplethysmography (PPG) samples used in the study subdivided
by premature atrial complex (PAC) burden inspected by the PAC indicator devised in the study. Overall, 2132 out of total 7157
post-DCC PPG samples (29.79%) presented a PACs burden.
[PPTX File, 213KB - mhealth_v7i6e12770_app3.pptx ]

Multimedia Appendix 4
Exceptional examples of both photoplethysmography (PPG) and corresponding to synchronized electrocardiogram samples with
frequent premature atrial complexes (PACs) mimicking atrial fibrillation (AF) and 1-dimensional convolutional neural network
(1D-CNN) misdiagnosed as AF but able to generate low confidence level (CL) values. All samples were obtained during the
post- direct-current cardioversion period. Asterisks denote PACs. (A) The case in which frequent PACs occurred and the CL was
determined as 63.6%. (B) The presence of frequent PACs resulting in a couplet and with a CL of 78.2%.
[PPTX File, 1MB - mhealth_v7i6e12770_app4.pptx ]

References
1.

2.

3.
4.

5.

6.

7.

8.

Williams BA, Honushefsky AM, Berger PB. Temporal trends in the incidence, prevalence, and survival of patients with
atrial fibrillation from 2004 to 2016. Am J Cardiol 2017 Dec 1;120(11):1961-1965. [doi: 10.1016/j.amjcard.2017.08.014]
[Medline: 29033050]
Lee S, Choi E, Han K, Cha M, Oh S. Trends in the incidence and prevalence of atrial fibrillation and estimated
thromboembolic risk using the CHADS-VASc score in the entire Korean population. Int J Cardiol 2017 Jun 1;236:226-231.
[doi: 10.1016/j.ijcard.2017.02.039] [Medline: 28233629]
Camm AJ, Corbucci G, Padeletti L. Usefulness of continuous electrocardiographic monitoring for atrial fibrillation. Am J
Cardiol 2012 Jul 15;110(2):270-276. [doi: 10.1016/j.amjcard.2012.03.021] [Medline: 22503584]
Lubitz SA, Yin X, McManus DD, Weng L, Aparicio HJ, Walkey AJ, et al. Stroke as the initial manifestation of atrial
fibrillation: the Framingham Heart Study. Stroke 2017 Dec;48(2):490-492 [FREE Full text] [doi:
10.1161/STROKEAHA.116.015071] [Medline: 28082669]
Steger C, Pratter A, Martinek-Bregel M, Avanzini M, Valentin A, Slany J, et al. Stroke patients with atrial fibrillation have
a worse prognosis than patients without: data from the Austrian Stroke registry. Eur Heart J 2004 Oct;25(19):1734-1740.
[doi: 10.1016/j.ehj.2004.06.030] [Medline: 15451152]
Carrazco C, Golyan D, Kahen M, Black K, Libman RB, Katz JM. Prevalence and risk factors for paroxysmal atrial fibrillation
and flutter detection after cryptogenic ischemic stroke. J Stroke Cerebrovasc Dis 2018 Jan;27(1):203-209. [doi:
10.1016/j.jstrokecerebrovasdis.2017.08.022] [Medline: 29032886]
Go AS, Hylek EM, Phillips KA, Chang Y, Henault LE, Selby JV, et al. Prevalence of diagnosed atrial fibrillation in adults:
national implications for rhythm management and stroke prevention: the AnTicoagulation and Risk Factors in Atrial
Fibrillation (ATRIA) Study. J Am Med Assoc 2001 May 9;285(18):2370-2375. [Medline: 11343485]
Otite FO, Khandelwal P, Chaturvedi S, Romano JG, Sacco RL, Malik AM. Increasing atrial fibrillation prevalence in acute
ischemic stroke and TIA. Neurology 2016 Nov 8;87(19):2034-2042 [FREE Full text] [doi: 10.1212/WNL.0000000000003321]
[Medline: 27733570]

http://mhealth.jmir.org/2019/6/e12770/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e12770 | p.426
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
9.

10.

11.

12.
13.

14.
15.

16.

17.

18.

19.
20.

21.

22.

23.
24.
25.
26.
27.

28.
29.

Kwon et al

Charitos EI, Ziegler PD, Stierle U, Robinson DR, Graf B, Sievers H, et al. How often should we monitor for reliable
detection of atrial fibrillation recurrence? Efficiency considerations and implications for study design. PLoS One
2014;9(2):e89022 [FREE Full text] [doi: 10.1371/journal.pone.0089022] [Medline: 24563690]
Yan BP, Lai WH, Chan CK, Chan SC, Chan L, Lam K, et al. Contact-free screening of atrial fibrillation by a smartphone
using facial pulsatile photoplethysmographic signals. J Am Heart Assoc 2018 Apr 5;7(8) [FREE Full text] [doi:
10.1161/JAHA.118.008585] [Medline: 29622592]
Chan P, Wong C, Poh YC, Pun L, Leung WW, Wong Y, et al. Diagnostic performance of a smartphone-based
photoplethysmographic application for atrial fibrillation screening in a primary care setting. J Am Heart Assoc 2016 Dec
21;5(7) [FREE Full text] [doi: 10.1161/JAHA.116.003428] [Medline: 27444506]
Conroy T, Guzman JH, Hall B, Tsouri G, Couderc J. Detection of atrial fibrillation using an earlobe photoplethysmographic
sensor. Physiol Meas 2017 Sep 26;38(10):1906-1918. [doi: 10.1088/1361-6579/aa8830] [Medline: 28836507]
McManus DD, Lee J, Maitas O, Esa N, Pidikiti R, Carlucci A, et al. A novel application for the detection of an irregular
pulse using an iPhone 4S in patients with atrial fibrillation. Heart Rhythm 2013 Mar;10(3):315-319 [FREE Full text] [doi:
10.1016/j.hrthm.2012.12.001] [Medline: 23220686]
Berkaya SK, Uysal AK, Gunal ES, Ergin S, Gunal S, Gulmezoglu MB. A survey on ECG analysis. Biomed Signal Process
Contr 2018 May;43:216-235. [doi: 10.1016/j.bspc.2018.03.003]
Lee K, Choi HO, Min SD, Lee J, Gupta BB, Nam Y. A comparative evaluation of atrial fibrillation detection methods in
Koreans based on optical recordings using a smartphone. IEEE Access 2017;5:11437-11443. [doi:
10.1109/ACCESS.2017.2700488]
Mc MD, Chong JW, Soni A, Saczynski JS, Esa N, Napolitano C, et al. PULSE-SMART: pulse-based arrhythmia
discrimination using a novel smartphone application. J Cardiovasc Electrophysiol 2016 Jan;27(1):51-57. [doi:
10.1111/jce.12842] [Medline: 26391728]
Nemati S, Ghassemi MM, Ambai V, Isakadze N, Levantsevych O, Shah A, et al. Monitoring and detecting atrial fibrillation
using wearable technology. Conf Proc IEEE Eng Med Biol Soc 2016 Aug;2016:3394-3397. [doi:
10.1109/EMBC.2016.7591456] [Medline: 28269032]
Shan SM, Tang SC, Huang PW, Lin YM, Huang WH, Lai DM, et al. Reliable PPG-based algorithm in atrial fibrillation
detection. 2017 Jan 26 Presented at: IEEE Biomedical Circuits and Systems Conference (BioCAS); October 19-21, 2016;
Shanghai p. 340-343. [doi: 10.1109/BioCAS.2016.7833801]
Timmermans C, Rodriguez LM, Smeets JL, Wellens HJ. Immediate reinitiation of atrial fibrillation following internal atrial
defibrillation. J Cardiovasc Electrophysiol 1998 Feb;9(2):122-128. [Medline: 9511886]
Wallmann D, Tüller D, Kucher N, Fuhrer J, Arnold M, Delacretaz E. Frequent atrial premature contractions as a surrogate
marker for paroxysmal atrial fibrillation in patients with acute ischaemic stroke. Heart 2003 Oct;89(10):1247-1248 [FREE
Full text] [Medline: 12975433]
Wallmann D, Tüller D, Wustmann K, Meier P, Isenegger J, Arnold M, et al. Frequent atrial premature beats predict
paroxysmal atrial fibrillation in stroke patients: an opportunity for a new diagnostic strategy. Stroke 2007
Aug;38(8):2292-2294. [doi: 10.1161/STROKEAHA.107.485110] [Medline: 17585079]
Bae MH, Lee JH, Yang DH, Park HS, Cho Y, Chae SC, et al. Erroneous computer electrocardiogram interpretation of atrial
fibrillation and its clinical consequences. Clin Cardiol 2012 Jun;35(6):348-353 [FREE Full text] [doi: 10.1002/clc.22000]
[Medline: 22644921]
Poon K, Okin PM, Kligfield P. Diagnostic performance of a computer-based ECG rhythm algorithm. J Electrocardiol 2005
Jul;38(3):235-238. [Medline: 16003708]
Krizhevsky A, Sutskever I, Hinton GE. ImageNet classification with deep convolutional neural networks. Commun ACM
2017 May 24;60(6):84-90. [doi: 10.1145/3065386]
Chung J, Gulcehre C, Cho K, Bengio Y. arXiv. 2014. Empirical evaluation of gated recurrent neural networks on sequence
modeling URL: https://arxiv.org/pdf/1412.3555 [accessed 2019-05-22] [WebCite Cache ID 78YpHJMcS]
DeLong ER, DeLong DM, Clarke-Pearson DL. Comparing the areas under two or more correlated receiver operating
characteristic curves: a nonparametric approach. Biometrics 1988 Sep;44(3):837-845. [Medline: 3203132]
Poh M, Poh YC, Chan P, Wong C, Pun L, Leung WW, et al. Diagnostic assessment of a deep learning system for detecting
atrial fibrillation in pulse waveforms. Heart 2018 May 31:1921-1928. [doi: 10.1136/heartjnl-2018-313147] [Medline:
29853485]
Chong JW, Esa N, McManus DD, Chon KH. Arrhythmia discrimination using a smart phone. IEEE J Biomed Health Inform
2015 May;19(3):815-824. [doi: 10.1109/JBHI.2015.2418195] [Medline: 25838530]
Haïssaguerre M, Jaïs P, Shah DC, Takahashi A, Hocini M, Quiniou G, et al. Spontaneous initiation of atrial fibrillation by
ectopic beats originating in the pulmonary veins. N Engl J Med 1998 Sep 3;339(10):659-666. [doi:
10.1056/NEJM199809033391003] [Medline: 9725923]

Abbreviations
1D-CNN: 1-dimensional convolutional neural network
http://mhealth.jmir.org/2019/6/e12770/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e12770 | p.427
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Kwon et al
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AUC: area under the curve
CL: confidence level
DCC: direct-current cardioversion
DL: deep learning
ECG: electrocardiogram
ML: machine learning
NN: neural network
PAC: premature atrial complex
PPG: photoplethysmography
RMSSD: root-mean square of successive difference of RR intervals
RNN: recurrent neural network
ROC: receiver operating characteristic
ShE: Shannon entropy
SR: sinus rhythm
SVM: support vector machine
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Abstract
Background: Cardiorespiratory fitness (CRF), an important index of physical fitness, is the ability to inhale and provide oxygen
to the exercising muscle. However, despite its importance, the current gold standard for measuring CRF is impractical, requiring
maximal exercise from the participants.
Objective: This study aimed to develop a convenient and practical estimation model for CRF using data collected from daily
life with a wristwatch-type device.
Methods: A total of 191 subjects, aged 20 to 65 years, participated in this study. Maximal oxygen uptake (VO2 max), a standard
measure of CRF, was measured with a maximal exercise test. Heart rate (HR) and physical activity data were collected using a
commercial wristwatch-type fitness tracker (Fitbit; Fitbit Charge; Fitbit) for 3 consecutive days. Maximal activity energy
expenditure (aEEmax) and slope between HR and physical activity were calculated using a linear regression. A VO2 max estimation
model was built using multiple linear regression with data on age, sex, height, percent body fat, aEEmax, and the slope. The result
was validated with 2 different cross-validation methods.
Results: aEEmax showed a moderate correlation with VO2 max (r=0.50). The correlation coefficient for the multiple linear
regression model was 0.81, and the SE of estimate (SEE) was 3.518 mL/kg/min. The regression model was cross-validated through
the predicted residual error sum of square (PRESS). The PRESS correlation coefficient was 0.79, and the PRESS SEE was 3.667
mL/kg/min. The model was further validated by dividing it into different subgroups and calculating the constant error (CE) where
a low CE showed that the model does not significantly overestimate or underestimate VO2 max.
Conclusions: This study proposes a CRF estimation method using data collected by a wristwatch-type fitness tracker without
any specific protocol for a wide range of the population.
(JMIR Mhealth Uhealth 2019;7(6):e13327) doi:10.2196/13327
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Introduction
Cardiorespiratory fitness (CRF) is an important component of
physical fitness, representing the body’s ability to take oxygen
in and deliver this oxygen to muscle cells throughout the body
during physical activity. Previous studies have emphasized the
importance of CRF, providing convincing evidence that CRF
is closely related to all-cause mortality [1,2]. In addition, CRF
is known to be correlated with various physiological factors,
such as body composition and blood pressure, and psychological
factors, such as depression [1-4]. Erikssen et al [5] have reported
that a change in physical fitness is a strong predictor of
mortality. They found that a small improvement in physical
fitness can significantly lower the risk of death.
Maximal oxygen uptake (VO2 max) is regarded as a
representative feature of CRF. The current gold standard for
measuring VO2 max is a metabolic gas analysis during a
maximal graded exercise test (GXT) on a treadmill or other
equipment, such as cycle ergometer. Even though the maximal
exercise test provides an accurate measurement of VO2 max,
there are several limitations. The maximal exercise requires a
high level of motivation from the subject and should be
performed under medical supervision for older or high-risk
subjects who need this test the most [6]. Furthermore, the gas
analysis requires expensive equipment and a trained technician
to operate the process [7]. In addition, because of the high cost
and inconvenience, it is impractical to repeat the maximal
exercise test to regularly monitor VO2 max.
Several estimation models have been developed to estimate
VO2 max. Some of these models have developed a submaximal
exercise protocol in an attempt to overcome the limitation of
the maximal test [8-10]. Submaximal models obtain
exercise-related data through a specified exercise protocol, such
as shuttle run, and build estimation models along with other
anthropometric features. Although submaximal models have
overcome some of the limitations of the GXT, they still require
trained personnel to conduct the submaximal test, and familiarity
with the exercise protocol could affect the results of the test
[11], making it unsuitable for regular VO2 max monitoring.
There are other estimation models that do not involve an
exercise protocol [12,13]. These models estimate VO2 max by
collecting data from physical activity and heart rate (HR) from
daily life and using the relationship between the collected data
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and VO2 max. Although these methods are more suitable for
regular VO2 max measurement, they are time-consuming
(requiring a week of data collection) and use multiple devices,
making it uncomfortable for application in daily life.
In our previous study [14], we developed a nonexercise VO2
max estimation model using a new feature, maximum activity
energy expenditure (aEEmax), which was calculated using
activity energy expenditure and HR. Using aEEmax, we were
able to build an accurate estimation model. However, aEEmax
and our previous model were validated only in homogenous
subjects, young Asian males. Furthermore, the device was worn
on the chest, which might cause discomfort when used in daily
life.
The aim of this study was to overcome the limitations of our
previous study by using a wristwatch-type fitness tracker with
various groups in terms of age and sex. We also sought to
develop a new VO2 max estimation model using aEEmax and
the slope between physical activity and HR as new features,
which could be applied to daily life data collected from a single
convenient device worn on a wrist with a relatively short
estimation time.

Methods
Participants
A total of 240 participants were recruited for this study. All
participants completed the Physical Activity Readiness
Questionnaire and health evaluation, including medical history
related to cardiovascular disease, hypertension, and/or diabetes.
Only participants without such medical history were included
for this study. There were a total of 6 groups, divided according
to age (20 to 35, 36 to 50, and 51 to 65 years) and sex, and there
were 40 subjects for each group. Subjects who failed to achieve
VO2 max were excluded from the study. The achievement of
VO2 max was defined by accomplishing at least 2 of the
following 3 criteria: a respiratory exchange ratio reaching >1.2,
plateau of VO2 despite increasing work load, or self-reported
volitional fatigue [15]. Participants who did not wear the device
for 3 days or participants with data loss were also excluded. A
total of 49 subjects were excluded because of failure to achieve
VO2 max or unappropriated data collection. The characteristics
of the participants are shown in Table 1.
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Table 1. Subject characteristics.
Characteristics

Female, mean (SD)

20-35 years
(n=34)

36-50 years
(n=26)

51-65 years
(n=30)

20-35 years
(n=36)

36-50 years
(n=35)

51-65 years
(n=30)

Height (cm)

174.3 (5.6)

172.6 (6.1)

167.1 (4.9)

161.9 (5.4)

160.0 (5.2)

155.3 (4.8)

Weight (kg)

73.9 (8.0)

74.7 (9.7)

67.0 (6.1)

55.8 (7.3)

60.6 (6.1)

56.2 (6.1)

Percent body fat

20.4 (5.2)

24.8 (4.9)

24.2 (5.1)

29.4 (6.7)

33.9 (4.9)

33.8 (5.4)

aEEmax (kcal/kg/h)

141.0 (14.6)

123.7 (15.1)

111.2 (11.0)

112.5 (15.8)

107.7 (12.1)

102.0 (10.3)

Slope (kcal/kg/h/bpm)

1.10 (0.14)

1.04 (0.13)

1.04 (0.12)

0.92 (0.17)

0.98 (0.14)

0.96 (0.13)

VO2 maxb (mL/kg/min)

42.3 (3.6)

39.9 (3.5)

38.1 (4.6)

35.3 (3.5)

31.4 (4.1)

30.5 (3.9)

a

a

Male, mean (SD)

aEEmax: maximal activity energy expenditure.

b

VO2 max: maximal oxygen uptake.

Anthropometrics

equivalent (kcal/kg/h), which was an expression of energy
expenditure of activities.

Body mass and height were measured using a medical scale
with a stadiometer (BSM330; InBody). Body mass was
measured to the nearest 0.1 kg, and height was measured to the
nearest 0.1 cm. Percent body fat was measured using a
bioimpedance analysis (InBody720; InBody) to the nearest
0.1%.

The participants removed the sensor during sleep or showering.
Data obtained from the sensor were retrieved after the
experiment via the internet. The Fitbit returned HR and
metabolic equivalent data for every 1 min.

Measurement of Maximal Oxygen Uptake
The reference VO2 max value was measured using the modified
Bruce protocol. The equipment used in the modified Bruce
protocol includes a respiration gas analyzer (Vmax Encore
System; CareFusion) and an aerobic exercise test system (CASE
v6.61; GE Healthcare). Standard 12-lead electrocardiogram
(ECG), blood oxygen saturation, and blood pressure were
measured throughout the procedure.
Before performing the modified Bruce protocol, the baseline
physiologic measures for all devices used were measured in a
resting state for 5 min and subsequently in a standing position.
The modified Bruce protocol was performed immediately after
the baseline measurement. The treadmill’s velocity and slope
increased at 3-min intervals until the subject reached VO2 max.

Experimental Methods
Participants wore a Fitbit (Fitbit Charge; Fitbit) on the left wrist
for 3 consecutive days. From our previous study, we have shown
that a minimum of 15 hours of physical activity data are required
to acquire aEEmax [14]. In total, 3 consecutive days, regardless
of weekday or weekend days, were shown to be enough to obtain
the data needed based on the study. The Fitbit simultaneously
measured HR and daily physical activity in terms of metabolic

https://mhealth.jmir.org/2019/6/e13327/

XSL• FO
RenderX

Signal Processing
Moving average filter was applied to both HR and physical
activity data. After filtering the data, only data points at which
both HR and physical activity data increased were selected as
a period of physical activity for further processing. This was
done by differentiating the data and selecting where both
differentiated data were positive.
Figure 1 shows the HR (upper graph) and physical activity
(lower graph) for a representative participant’s filtered data over
time. The shaded area under the physical activity curve
represents the periods of increasing HR and physical activity.
The scatter plot for HR versus physical activity is shown in
Figure 1. A simple linear regression was performed between
HR and physical activity to estimate aEEmax. The part of data
where HR was greater than 120 beats/min was selected to
remove the data in which the relationship between HR and
physical activity was nonlinear [16]. The maximal HR was
calculated as 200–age×0.67 for women and 216–age×0.93 for
men [17]. The physical activity value of the point of intersection
between the maximum HR and the regression line was defined
as the aEEmax. The slope of the regression line was also used
as a feature to estimate VO2 max; hereafter, it will be referred
as the slope. After the calculation of aEEmax and the slope, a
multiple linear regression model was developed with aEEmax
and anthropometric values to estimate VO2 max.
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Figure 1. (A) HR and aEE data from Fitbit. The shaded area indicates the period of data where both HR and aEE are increasing. (B) Scatter plot between
selected periods of aEE versus HR of a representative subject. Data where HR was less than 120 bpm were removed to select the data where HR and
aEE had a linear relationship. aEEmax is defined as the intersection between the interoperation line and HRmax, and the slope is the slope of the
interpolation line. aEE: activity energy expenditure; aEEmax: maximal activity energy expenditure; BPM: beat per minute; HR: heart rate; HRmax:
maximum heart rate.

Statistical Analysis
Pearson correlation coefficient was calculated between the
independent variables (age, percent body fat, height, gender,
aEEmax, and slope) and the measured VO2 max. The regression
model for estimating VO2 max was evaluated with the
coefficients of determination (adjusted R2) and absolute SE of
the estimate (SEE). The predicted residual error sum of squares
(PRESS) statistic method was selected for cross-validation of
the model [18]. The PRESS statistic is a cross-validation method
calculating the error for each case by excluding a case each time
from generating the estimation model and applying the model
to the excluded case. The PRESS adjusted R2 (R2p) and the
PRESS SEE (SEEp) were calculated as 1 – (PRESS/SS) and .
The model was further validated by dividing it into different
subgroups and calculating the constant error (CE) for each
group. The standard for recruiting participants was to retain
diversity. However, we wanted to observe CE based on age,
sex, and VO2max level. The median value for age and VO2max
was chosen to divide the groups. All signal processing,
cross-validation, and statistical analyses were performed using
MATLAB (MATLAB2017a; MathWorks).

Ethics Statement
This study protocol was reviewed and approved by the
Institutional Review Board of the Seoul National University
Hospital (IRB No. 1505-022-669). Written informed consent
was submitted by all subjects when they were enrolled. This
study followed the Helsinki Declaration.

Results
The general characteristics of all subjects are summarized in
Table 1. The average value for age, weight, height, and percent
body fat for excluded male subjects were 42.0, 72.8 kg, 171.0
cm, and 25.0% respectively. For excluded female subjects, the
average values were 41.7, 56.5 kg, 158.4 cm, and 31.6%,
respectively. A student t test was performed to compare the P
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value for age, weight, height, and percent body fat between
included and excluded subjects. For male subjects, the P values
were .646, .937, .883, and .026, respectively. For female
subjects, the P values were .936, .415, .663, and .497
respectively.
The Pearson correlations between VO2 max and selected features
are shown in Table 2. The Pearson correlations between selected
features are also summarized. The correlations between VO2
max and independent variables were all statistically significant
(P<.001 for all). The independent variable that showed the
highest correlation was sex, with a correlation of .675. The
lowest correlation for the model was the slope, with a correlation
of .237.
The multiple linear regression analysis for the model is shown
in Table 3. The scatter plot for measured VO2 max versus
predicted VO2 max is shown in Figure 1. The R2 for the model
was 0.651, and the SEE was 3.518 mL/kg/min. As shown in
Table 3, the decrease in R2 and the increase in SEE were small
for the cross-validation result of the PRESS method. R2
decreased by 0.032 and SEE increased by 0.148 mL/kg/min.
The scatter plot of the multiple linear regression for the model
is shown in Figure 2.
The model was further validated by dividing the groups into
various subgroups and calculating the CE and SD. Each
subgroup was divided into 2 groups according to age, sex, and
measured VO2 max. The results are shown in Table 4. The CEs
were positive for the younger group and negative for the older
groups. The CE for the younger group was 0.024 mL/kg/min.
The CE for the older group was −0.021 mL/kg/min. The CEs
were all positive for the subgroups divided according to sex.
The CE was positive for individuals with high VO2 max and
negative for individuals with low VO2 max. However, as shown
in Table 4, CE values were low for all subgroups, indicating
that our model does not overestimate or underestimate VO2
max.
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Table 2. Correlation matrix between VO2 max and independent variables.

a

Independent variables

VO2 maxa

Age

Height

Sex

Percent fat

aEEmaxb

Age (years)

−0.372c

—

—

—

—

—

Height

0.372c

−0.329

—

—

—

—

Sex

0.675c

−0.015

0.517

—

—

—

Percent fat

−0.652c

0.202

−0.423

−0.620

—

—

aEEmax

0.503c

−0.473

0.397

0.496

−0.340

—

Slope

0.237c

−0.016

0.193

0.369

−0.130

0.830

VO2 max: maximal oxygen uptake.

b

aEEmax: maximal activity energy expenditure.

c

P<.001.

Table 3. A multiple regression nonexercise model for estimating VO2 max (maximal oxygen uptake; mL/kg/min).
Independent variables

a

Fitbit model
Coefficient

Betaa

Constant

63.262

—b

aEEmaxc (kcal/kg/h)

0.027

.082

Slope (kcal/kg/h/bpm)

−1.776

−.045

Percent body fat

−0.242

−.296

Age (years)

−0.150

−.321

Sex

3.264

.548

Height (cm)

−0.09

−.166

Rd

0.807

—

SEEe (mL/kg/min)

3.518

—

RPf

0.787

—

SEEPf (mL/kg/min)

3.667

—

Beta is the normalized coefficient of the model.

b

—: not applicable.

c

aEEmax: maximal activity energy expenditure.

d

R is the Pearson correlation.

e

SEE: SE of estimate.

f

RP and SEEP are the cross-validated results of the model.
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Figure 2. The correlation between estimated and measured VO2max value for all subjects (N=191). The red solid line is the identity line of the measured
and estimated VO2max. VO2max: maximal oxygen uptake.

Table 4. Constant error and SD for each subgroup. Subjects aged older than 40 years are considered the old group, and subjects with a VO2 max higher
than 36 mL/kg/min are considered as the high VO2 max group.
Group

n (%)

CEa

SD

Female

101 (52.9)

−4.397e-15

4.341

Male

90 (47.1)

3.000e-15

4.484

Old

101 (52.9)

−0.021

5.587

90 (47.1)

0.024

5.180

High VO2 max

77 (40.3)

1.535

3.565

Low VO2 max

114 (59.7)

−1.488

3.232

Young
b

a

CE: constant error.

b

VO2 max: maximal oxygen uptake.

Discussion
In this study, we developed VO2 max estimation models with
data collected from the commercially available device, Fitbit,
which could estimate VO2 max conveniently from daily life.
The commercial device used in this study provided data on
physical activity, along with its physiological response (HR).
Even though some previous studies have reported that Fitbit
does not always generate accurate data [19,20], our method for
estimating VO2 max does not depend on the absolute value of
each data point. It rather depends on the trend of a large set of
data points and would balance the inaccuracy of a single data
point. Even though Fitbit data were biased under certain
conditions, a large number of data collected from daily life
would minimize this bias. This characteristic of our 2 novel
features would only need calibration to be applied with other
hardware and processing methods. Previous studies reported
that lower HR was not linearly correlated with physical activity
[16]. It is also known that heterogeneous recovery of HR after
https://mhealth.jmir.org/2019/6/e13327/
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physical exercise does not have a clear correlation with VO2
max [21]. Therefore, in an attempt to select the data during
physical activity, we have selected periods of data where HR
is greater than 120 beats/min and where both HR and physical
activity increased at the same time to calculate aEEmax and the
slope. By calculating 2 features from the linear relationship
between HR and energy expenditure, our model would estimate
VO2max accurately without any protocol or training.
In our previous study [14], aEEmax and our estimation model
were validated with a homogenous group of young healthy
Asian males using aEEmax and BMI (VO2max=0.192 x
aEEmax – 0.708 x BMI). In this study, we have validated
aEEmax and the model with a large pool of subjects, including
both men and women aged from 20 to 65 years. The validation
of the model was performed by cross-validation with the PRESS
method and by calculating the CE of the subgroups. The
cross-validated result shows that the validation sample fitted
well with the model with little error. Furthermore, the CE for
the model shows that our methodology did not significantly
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overestimate nor underestimate VO2 max for all subgroups,
whereas other studies [12,22] have reported significant
overestimation and underestimation with both highly and poorly
fitted individuals.
To the best of our knowledge, this study is the first to provide
a VO2 max estimation model with a commercially available
device on a wrist without any specific protocol. Tönis et al used
a submaximal exercise protocol to estimate VO2 max [23]. Polar
Electro Oy Inc developed a nonexercise protocol, Polar Fitness
Test, and devices to estimate VO2 max. However, Esco et al
[24] reported that the Polar Fitness Test had low accuracy for
estimating VO2 max when it was tested with one of its own
products. Altini et al [25] developed a nonexercise estimation
model for VO2 max with data collected from daily life; however,
they used an ECG necklace with a wet electrode attached to the
chest and stomach, which could cause an inconvenience when
used in daily life. Our method allows individuals to measure
their VO2 max on a wrist without the requirement for any
electrode attachment. In addition, although other smartwatches,
including Fitbit, require a specific protocol, such as running for
at least 10 min on flat terrain, our protocol does not require any
protocol and allows for easy monitoring of physical fitness.
Instead of using the absolute value of HR or physical activity
data, we developed 2 new features to portray physical fitness.
The change in HR for a given physical activity differs depending
on the physical fitness of a subject [8]. Thus, the slope between
HR and physical activity would be smaller and aEEmax would
be larger for a subject with higher VO2 max. As shown in Table
2, aEEmax has a moderate correlation with VO2 max, supporting
our hypothesis. Features based on physical activity can easily
fluctuate depending on change in the short-term lifestyle of the
subject during the period of data collection. Those features
would be vulnerable to a sudden increase or decrease in the
amount of physical activity. On the contrary, aEEmax and the
slope represent the relationship between physical activity and
HR and thus would be less affected by a sudden short-term
change in physical activity. In addition, aEEmax and slope have
been shown to be applicable to a wide range of subject ages and
different genders. Other studies [26-28] have been validated
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with a relatively homogenous group compared with this study.
The percent body fat used in this study was obtained using a
professional bioimpedance analyzer. However, we have used
general percent body fat which did not necessarily require a
professional analyzer. There are products available, such as an
AURA device, and ongoing studies about measuring body fat
percentage from the wrist [29]. These efforts will make the
measurement of percent body fat more accessible to the public.
There are limitations to this study. First, our methodology needs
to be validated with more devices worn on a wrist. There are
many commercially available devices that provide physical
activity and HR data. To provide a more generalized VO2 max
estimation method, it is important to prove device independency
of our method. In addition, this study was conducted with
healthy subjects who were not taking any medication that might
affect the HR. Another limitation of this study was error with
maximal HR calculated from a basic population-derived
formula. A more accurate method for calculating maximal HR
could increase the accuracy of our model. A future study could
include subjects who are on cardiac-related medication.
Additionally, in our previous study, we have shown that 900
min of data were enough to calculate aEEmax; however, it
would be worthwhile to observe change in the correlation
coefficient of aEEmax for a longer period of time.
In summary, we have developed a new estimation model for
VO2 max using novel features, aEEmax and the slope between
physical activity and HR, along with other anthropometric
variables. The new features represent the relationship between
physical activity and its physiological response. The high
correlation between VO2 max and aEEmax is in agreement with
our previous study and supports our hypothesis. Our model
requires data from only 3 days of daily life, without any specific
exercise protocol. This hypothesis was validated with a diverse
and large number of participants based on age and sex.
Furthermore, all material required for our study is available in
the conventional market as fully built products. The result of
this study allows individuals to measure their VO2 max
conveniently in their daily life without any burden of an exercise
protocol and allows them to easily monitor physical fitness.
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Abstract
Background: Few studies have investigated the validity of mainstream wrist-based activity trackers in healthy older adults in
real life, as opposed to laboratory settings.
Objective: This study explored the performance of two wrist-worn trackers (Fitbit Charge 2 and Garmin vivosmart HR+) in
estimating steps, energy expenditure, moderate-to-vigorous physical activity (MVPA) levels, and sleep parameters (total sleep
time [TST] and wake after sleep onset [WASO]) against gold-standard technologies in a cohort of healthy older adults in a
free-living environment.
Methods: Overall, 20 participants (>65 years) took part in the study. The devices were worn by the participants for 24 hours,
and the results were compared against validated technology (ActiGraph and New-Lifestyles NL-2000i). Mean error, mean
percentage error (MPE), mean absolute percentage error (MAPE), intraclass correlation (ICC), and Bland-Altman plots were
computed for all the parameters considered.
Results: For step counting, all trackers were highly correlated with one another (ICCs>0.89). Although the Fitbit tended to
overcount steps (MPE=12.36%), the Garmin and ActiGraph undercounted (MPE 9.36% and 11.53%, respectively). The Garmin
had poor ICC values when energy expenditure was compared against the criterion. The Fitbit had moderate-to-good ICCs in
comparison to the other activity trackers, and showed the best results (MAPE=12.25%), although it underestimated calories
burned. For MVPA levels estimation, the wristband trackers were highly correlated (ICC=0.96); however, they were moderately
correlated against the criterion and they overestimated MVPA activity minutes. For the sleep parameters, the ICCs were poor for
all cases, except when comparing the Fitbit with the criterion, which showed moderate agreement. The TST was slightly
overestimated with the Fitbit, although it provided good results with an average MAPE equal to 10.13%. Conversely, WASO
estimation was poorer and was overestimated by the Fitbit but underestimated by the Garmin. Again, the Fitbit was the most
accurate, with an average MAPE of 49.7%.
Conclusions: The tested well-known devices could be adopted to estimate steps, energy expenditure, and sleep duration with
an acceptable level of accuracy in the population of interest, although clinicians should be cautious in considering other parameters
for clinical and research purposes.
(JMIR Mhealth Uhealth 2019;7(6):e13084) doi:10.2196/13084
KEYWORDS
aging; fitness trackers; wristbands; older adults; wearable activity trackers; Fitbit; Garmin; energy expenditure; physical activity;
sleep
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Introduction
Fitness trackers are popular devices used by athletes and the
general public to monitor their physical activity levels, sport
performance, and even their general health status in real time,
with the latter having the potential to also predict the person’s
future health status [1]. Compared to other body positions, the
wrist has been identified as the most suitable location for
enhancing user acceptability and the user-friendliness of the
device [2]. Common consumer-level, wrist-worn devices
typically provide data on step count, distance traveled, number
of floors climbed, and minutes of physical activity, as well as
sport-related activity recognition, physiological measurements,
energy expenditure, and sleep patterns. This information can
promote a healthier lifestyle or an optimal training program
through user-friendly visual feedback of current status or
performance compared to set targets.
Fitness trackers based on motion sensors are also being used
for monitoring biomechanical quantities of clinical interest,
such as gait analysis applications [3,4], indirect estimation of
ground reaction forces, and posture in general [5,6].
Although the number of studies investigating the validity and
reliability of different fitness trackers is growing, the majority
of the evidence is limited to young and middle-aged adult
populations, mostly in good health [7-9]. Considering the
multiple applications of wrist-based technology and its potential
adoption in health care, and with an aging population, it is
important to investigate the use of these devices in different
populations, such as older people [10]. Although older adults
perceive commercial trackers as useful and acceptable [11,12],
older person-specific activity trackers are still limited [13].
Few studies have investigated the validity of mainstream
wrist-based activity trackers in healthy older adults [14,15].
However, such investigations mainly involved a protocol
structured around a number of daily activities simulated or
recreated in a laboratory environment. Studies that investigated
fitness trackers’ performance when used by older people in their
home environment, where older adults can perform their real
daily routine, are scarce and mainly limited to step-counting
features [16]. This study reviewed the validity and reliability
of
consumer-grade
activity
trackers
in
older
community-dwelling adults through seven observational studies,
of which only five studied free-living settings for a monitoring
period of between 3 and 7 days.
For example, Paul et al [17] reported that the average steps per
day measured over 7 days in a community-dwelling older adult
population with a Fitbit and an ActiGraph showed excellent
agreement, with the ActiGraph undercounting steps compared
against participants’ physical activity logs.
In another study, a Fitbit Flex and an ActiGraph were worn by
a cohort of cardiac patients and their family members to measure
steps and moderate-to-vigorous physical activity (MVPA) levels
for 4 days [18]. It showed a significant correlation for step
counts but lower values for MVPA, with the Fitbit Flex slightly
overestimating both parameters.
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Boeselt et al [19] compared a Polar A300 with a BodyMedia
SenseWear in a cohort of patients with chronic obstructive
pulmonary disease (mean age 66.4 years). Participants used the
devices for three consecutive days, measuring steps, calories
burned, daily activity time, and metabolic equivalents. The study
showed a high correlation for step count and calories burned.
Farina and Lowry [20] compared the accuracy of step counts
from two consumer-level activity monitors (Misfit Shine on
both wrist and waist, and Fitbit Charge HR on the wrist) against
two waist-worn reference devices (ActiGraph GT3X+ and New
Lifestyle NL2000i) in healthy, community-dwelling older adults
in free-living conditions over seven consecutive days. All
consumer-level activity monitors positively correlated with
reference devices. Compared to the ActiGraph GT3X+, the
waist-worn Misfit Shine displayed the highest agreement,
whereas the wrist-worn devices showed poorer performances.
Finally, Burton et al [21] reported good reliability and validity
for the Fitbit Flex and Fitbit Charge HR compared against a
GENEactiv accelerometer in a free-living environment over 14
days. Step count, distance traveled, MVPA minutes, and sleep
were measured. Good strength of agreement was found for total
distance and steps (obtained with the fitness tracker) and the
MVPA estimated by the GENEactiv.
It is evident that a comparative analysis of mainstream trackers
worn by healthy older people in a more ecologically valid
environment is needed. This study aims to investigate the
reliability and accuracy of the wrist-based Fitbit Charge 2 and
the Garmin vivosmart HR+ activity trackers in the estimation
of daily step count, total calorie expenditure, MVPA, and sleep
parameters within a home environment in a cohort of older
adults.

Methods
Participants
This study was based on a sample of 20 healthy older people
(9 males, 11 females). Volunteers were recruited via a general
invitation email, posters, and word of mouth to exstaff at
University College Cork (Cork, Ireland) and their relatives, and
also through local social and voluntary groups that had older
adults as members. They were informed of the study by the
Centre for Gerontology and Rehabilitation in University College
Cork.
For the cohort, the inclusion criteria were age 65 years and
older, with no history of neurological or other disorders or
disability that could affect the participant’s movements, and in
good general health. Before participation, volunteers received
an oral and written explanation of the study protocol, and written
consent was obtained. Sociodemographic information was
collected on gender, age, weight, height, and dominant arm.
The study received approval by the Clinical Research Ethics
Committee at the University College Cork. Demographic
information on the participants who completed the study
protocol is presented in Table 1.
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Table 1. Participant characteristics (N=20).
Characteristic

Males (n=9)

Females (n=11)

Age (years), mean (SD)

70.2 (2.9)

71.1 (3.1)

Height (cm), mean (SD)

176.8 (4.7)

161.1 (6.9)

Weight (kg), mean (SD)

81.6 (12.5)

65.9 (9.3)

People with right dominant arm, n

9

10

People with left dominant arm, n

0

1

Equipment
The following consumer-level and research-grade devices were
selected for comparison:
1.

2.

3.

4.

Fitbit Charge 2 (Fitbit Inc, San Francisco, CA, USA): a
wrist-based device with a large organic light-emitting diode
screen featuring heartrate monitoring and tracking of steps,
distance, calories burned, floors climbed, active minutes,
and sleep duration.
Garmin vivosmart HR+ (Garmin, Olathe, KS, USA): a
wrist-based device that monitors heart rate, calories burned,
intensity of fitness activities, distance, time, and pace for
indoor or outdoor activities.
ActiGraph GT9X-BT (ActiGraph LLC, Pensacola, FL,
USA): a research-grade activity monitor based on motion
sensors that provide raw data and numerous activity and
sleep measures (eg, activity counts, energy expenditure,
steps
taken,
activity/sedentary
bouts,
sleep
latency/efficiency) via publicly available validated
algorithms. The device can be worn on the waist, hip, wrist,
ankle, or thigh.
New-Lifestyles NL-2000i Activity Monitor (New-Lifestyles
Inc, Lee’s Summit, MO, USA): a research-grade
measurement tool for data collection based on a
three-dimensional piezoelectric accelerometer. The device
can provide details on steps, MVPA, total/active calories,
and distance, and can store data for 7 to 14 days. Examples
of studies that have validated the pedometer are available
[20,22-24].

Experimental Protocol
Two consumer-based wrist-mounted brands were tested (Fitbit
and Garmin), worn on the nondominant arm. The trackers’
position on the wrist was randomized. The dominant side of the
waist (midaxillary line) and the dominant wrist are reported to
be optimal for monitoring energy expenditure, MVPA, and
sleep in older adults [25-28]; therefore, two ActiGraph monitors
were located in these positions as a reference for those
parameters. Energy expenditure, MVPA levels, and steps were
measured with the ActiGraph on the waist; sleep parameters
were extrapolated from the ActiGraph on the wrist. The
New-Lifestyles NL-2000i tracker was also worn on the dominant
waist (midaxillary line) and was considered as a reference for
step counting. Figure 1 illustrates the body positions of the
different devices on a participant.
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The algorithm adopted by the ActiGraph for estimating energy
expenditure was based on the method designed by Crouter et
al [29] and also considered in Patterson et al [26]. This method
provides estimations expressed in metabolic equivalent (MET),
which are later converted into total calories per day. Likewise,
the algorithms of Troiano et al [30] and Cole-Kripke et al [31]
were considered for estimating MVPA levels and sleep
parameters, respectively, through the ActiGraph accelerometer
[28,32]. By definition, MVPA level is the amount of time spent
performing any activities requiring more than 3 METs, which
according to Troiano et al [30] is defined by the ActiGraph by
at least 2020 counts per minute. Finally, to guarantee a fair
comparison for the different trackers, only the sleep parameters
measured by both the Fitbit and Garmin were analyzed. Those
parameters were the total sleep time (TST), and the wake after
sleep onset (WASO). Participants were asked to complete a
sleep diary as well, and the in-bed and out-bed information
required by the Cole-Kripke method were input manually
according to the values reported in the sleep diary.
The devices were attached on to the person in the morning for
data collection and were returned to the researchers the
following morning. All trackers were removed by the
participants during bathing, whereas only the trackers on the
waist were removed during sleep.
Nonwear periods were defined as 90 minutes or more with no
activity counts [33]. A valid day was defined as 10 wearing
hours or more in a 24-hour period [30].

Statistical Analysis
Descriptive statistics were run on the computed parameters. The
following indicators were computed for each parameter and
device: mean estimated value with related standard deviation
(SD), mean bias with standard deviation, mean percentage error
(MPE) with standard deviation, and mean absolute percentage
error (MAPE). Intraclass correlation (ICC[2,1]) was performed
for each tracker compared against all other devices and the
criterion as well. The related 95% confidence intervals (CIs)
were also computed. ICC values less than 0.5, between 0.5 and
0.75, between 0.75 and 0.9, and greater than 0.90 are indicative
of poor, moderate, good, and excellent reliability, respectively
[34]. Bland-Altman plots were also obtained for every parameter
comparing all the possible permutations of trackers and the
criterion. All statistical analyses were performed using
MATLAB (MathWorks, Natick, MA, USA).
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Figure 1. Placement of devices on a participant.

Results
Overall, 20 participants took part in the data collection. All
participants were white of Irish and British ancestry. Data
collection was carried out at the Tyndall National Institute
between April 2018 and August 2018.
Table 2 shows the mean values measured, mean error, mean
percentage error, and MAPE with related standard deviations
for the activity monitors and each parameter. Likewise, Table
3 shows the related ICCs with the 95% CI for each tracker and
every parameter. Figure 2 displays the MAPE.
The average wear time for each tracker among all participants
was mean 963 (SD 102) minutes per day; thus, every monitored
day for each participant was deemed a valid test day above the
10 wearing hours threshold. All monitored days were on
weekdays.
For step counting, all the trackers were highly correlated with
one another (ICCs>0.89). Although the Fitbit tended to
overcount steps (MPE=12.36%), the Garmin and ActiGraph
undercounted with a MPE of 9.36% and 11.53%, respectively.
For the MAPE, the Garmin and ActiGraph were slightly more
accurate with mean MAPEs of 12.89% and 14.23%,
respectively. Therefore, all the considered activity trackers can
accurately capture steps when worn on the nondominant wrist.
However, the Garmin had poor ICC values when comparing
energy expenditure against the New-Lifestyles NL-2000i and
the criterion. Likewise, similar results were shown when
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comparing the New-Lifestyles NL-2000i and the criterion.
Conversely, the Fitbit had moderate-to-good ICCs compared
against the other activity trackers. All the tested activity
monitors underestimated the amount of calories burned, with
the Fitbit showing the best results with a MAPE of 12.25%.
For MVPA level estimation, the Fitbit and Garmin were highly
correlated (ICC=0.96), whereas the New-Lifestyles NL-2000i
showed poor correlation with these two devices. However, all
monitors were moderately correlated against the criterion. The
Fitbit and Garmin overestimated the minutes of MVPA activity
(mean 12.63, SD 28.31 and mean 13.8, SD 35.7 minutes per
day), whereas New-Lifestyles-2000i underestimated, although
it showed the best MAPE results, at 45.45%, suggesting that
consumer-grade activity trackers may not be reliable in
estimating MVPA in older adults.
When analyzing the sleep parameters, the ICCs were poor for
all cases, except when comparing the Fitbit to the criterion,
which showed a moderate agreement. The TST was slightly
overestimated with the Fitbit (mean 5.72, SD 49.11 minutes),
although it provided good results with a mean MAPE equal to
10.13%. Conversely, the WASO estimation was poorer; it was
overestimated by the Fitbit but underestimated by the Garmin.
Again, the Fitbit was the most accurate, with a mean MAPE of
49.7%.
The Bland-Altman plots are shown in Figures 3-6 for steps,
energy expenditure, MVPA, and sleep parameters, respectively,
and summarized in Table 4.
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Table 2. Mean values measured, mean error, mean percentagage error, and mean absolute percentage error with related standard deviation for each
parameter and tracker (N=20).
Mean (SD)

Mean error (SD)

MPEa (SD)

MAPEb (SD)

Fitbit

10088.45 (5067.32)

698.60 (1491.27)

12.36 (18.26)

17.05 (13.71)

Garmin

8834.85 (5067.07)

–555.00 (928.11)

–9.36 (18.55)

12.90 (16.16)

ActiGraph

8375.70 (4716.39)

–1014.15 (846.81)

–11.53 (11.55)

14.23 (7.76)

Fitbit

2324.25 (547.02)

–175.70 (293.18)

–6.98 (12.67)

12.26 (7.33)

Garmin

2434.65 (804.12)

–65.30 (682.94)

–2.09 (27.27)

20.05 (18.04)

NL2000i

2102.30 (256.93)

–397.65 (306.13)

–14.61 (10.41)

16.70 (6.3)

Fitbit

44.32 (45.83)

12.63 (28.31)

31.78 (103.51)

75.74 (75.32)

Garmin

39.10 (57.18)

13.80 (35.70)

6.42 (109.75)

91.98 (47.13)

NL2000i

20.30 (19.03)

–11.70 (18.45)

–41.43 (35.37)

45.45 (29.67)

Fitbit

389.83 (59.33)

5.72 (49.11)

2.27 (13.66)

10.14 (9.12)

Garmin

442.83 (48.64)

55.39 (48.07)

15.85 (14.56)

16.86 (13.3)

Fitbit

49.21 (16.5)

0.21 (22.15)

25.02 (84.72)

49.73 (72.03)

Garmin

13.14 (8.93)

–35.86 (22.13)

–66.89 (28.61)

66.89 (28.61)

Parameter
Steps

Energy expenditure (cal)

c

MVPA (min)

TSTd (min)

WASOe (min)

a

MPE: mean percentage error.

b

MAPE: mean absolute percentage error.

c

MVPA: moderate-to-vigorous physical activity.

d

TST: total sleep time.

e

WASO: wake after sleep onset.
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Table 3. Intraclass correlation (ICC) and 95% CI for each parameter and tracker (N=20).
Parameter

ICC (95% CI)
Fitbit

Garmin

ActiGraph (waist)

NL2000i

Criterion

Fitbit

—a

0.93 (0.65, 0.98)

0.89 (0.39, 0.97)

—

0.95 (0.87, 0.98)

Garmin

—

—

0.98 (0.94, 0.99)

—

0.98 (0.93, 0.99)

ActiGraph (waist)

—

—

—

—

0.97 (0.59, 0.99)

Fitbit

—

0.64 (0.29, 0.84)

—

0.66 (0.21, 0.86)

0.80 (0.48, 0.92)

Garmin

—

—

—

0.32 (–0.07, 0.65)

0.48 (0.05, 0.76)

NL2000i

—

—

—

—

0.45 (–0.10, 0.78)

Fitbit

—

0.96 (0.86, 0.99)

—

0.41 (–0.01, 0.72)

0.69 (0.35, 0.87)

Garmin

—

—

0.46 (–0.11, 0.82)

0.68 (0.18, 0.91)

NL2000i

—

—

—

—

0.60 (0.18, 0.83)

Fitbit

—

0.43 (–0.10, 0.77)

—

—

0.67 (0.30, 0.86)

Garmin

—

—

—

—

0.42 (–0.10, 0.76)

Fitbit

—

<0.01 (–0.08, 0.18)

—

—

0.32 (–0.28, 0.72)

Garmin

—

—

—

—

0.01 (–0.10, 0.25)

Step

Energy expenditure

MVPAb

TSTc

WASOd

a

Not applicable.

b

MVPA: moderate-to-vigorous physical activity.

c

TST: total sleep time.

d

WASO: wake after sleep onset.
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Figure 2. Mean absolute percentage error (MAPE) with standard deviation for each parameter and tracker. EE: energy expenditure; MVPA:
moderate-to-vigorous physical activity; TST: total sleep time; WASO: wake after sleep onset.

Figure 3. Bland-Altman plots for steps.
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Figure 4. Bland-Altman plots for energy expenditure.

Figure 5. Bland-Altman plots for moderate-to-vigorous physical activity.
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Figure 6. Bland-Altman plots for sleep parameters. Top row: total sleep time; bottom row: wake after sleep onset.
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Table 4. Bland-Altman plots summary for each parameter and tracker (N=20).
Parameter

Fitbit

Garmin

ActiGraph (waist)

NL2000i

Criterion

Mean error (SD)

—a

1253.60 (1437.60)

1712.75 (1726.43)

—

698.60 (1491.27)

95% LoAb

—

–1564.09, 4071.29

–1671.05, 5096.55

—

–2224.29, 3621.49

Mean error (SD)

—

—

459.15 (969.78)

—

–555 (928.11)

95% LoA

—

—

–1441.62, 2359.92

—

–2374.10, 1264.10

Mean error (SD)

—

—

—

—

–1014.15 (846.81)

95% LoA

—

—

—

—

–2673.89, 645.59

Mean error (SD)

—

–110.40 (586.13)

—

221.95 (309.00)

–175.7 (293.18)

95% LoA

—

–1259.21, 1038.41

—

–383.69, 827.59

–750.34, 398.94

Mean error (SD)

—

—

—

332.35 (671.37)

–65.3 (682.94)

95% LoA

—

—

—

–983.53, 1648.23

–1403.87, 1273.27

Mean error (SD)

—

—

—

—

–397.65 (306.13)

95% LoA

—

—

—

—

–997.67, 202.37

Mean error (SD)

—

6.20 (16.12)

—

23.95 (35.55)

12.63 (28.31)

95% LoA

—

–25.39, 37.79

—

–45.73, 93.63

–42.86, 68.13

Mean error (SD)

—

—

—

22.60 (43.29)

13.80 (35.70)

95% LoA

—

—

–62.25, 107.45

–56.18, 83.78

Mean error (SD)

—

—

—

—

–11.70 (18.45)

95% LoA

—

—

—

—

–47.85, 24.45

Mean error (SD)

—

–56.76 (45.99)

—

—

5.72 (49.11)

95% LoA

—

–146.92, 33.39

—

—

–90.53, 101.97

Mean error (SD)

—

—

—

—

55.39 (48.07)

95% LoA

—

—

—

—

–38.82, 149.60

Mean error (SD)

—

36.07 (18.91)

—

—

0.21 (22.15)

95% LoA

—

–0.99, 73.14

—

—

–43.21, 43.64

Step
Fitbit

Garmin

ActiGraph (waist)

Energy expenditure (cal)
Fitbit

Garmin

NL2000i

MVPAc (min)
Fitbit

Garmin

NL2000i

d

TST (min)
Fitbit

Garmin

e

WASO (min)
Fitbit
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Fitbit

Garmin

ActiGraph (waist)

NL2000i

Criterion

Mean error (SD)

—

—

—

—

–35.86 (22.13)

95% LoA

—

—

—

—

–79.24, 7.52

Garmin

a

Not applicable.

b

LoA: limits of agreement.

c

MVPA: moderate-to-vigorous physical activity.

d

TST: total sleep time.

e

WASO: wake after sleep onset.

Discussion
This investigation is one of the first studies to investigate the
reliability and accuracy of two consumer-level, wrist-based
activity trackers in the estimation of daily step count, total
calories expenditure, MVPA, and sleep parameters in a home
environment for a cohort of healthy older adults.
Results show that the mainstream monitors may be adopted to
estimate steps, energy expenditure, and some sleep parameters
(eg, TST) with a certain level of accuracy in a healthy older
adult population in free-living settings, whereas other variables
(MVPA and WASO) may show excessively large errors.
The measured mean values are largely consistent with data
reported studying the same population of interest in other studies
adopting non-consumer-level technologies for energy
expenditure [26], steps and MVPA [35], and sleep analysis [36].
Regarding step-counting performance, all the trackers presented
a good strength of agreement among one another and against
the reference device. Also, this study confirms previous findings
[17,18] indicating a slight overcounting by the Fitbit device and
an undercounting by the ActiGraph. In absolute terms, as shown
by the MAPE, there is no significant difference between the
Fitbit and the Garmin monitors when monitoring steps.
Similar considerations could be drawn for energy expenditure;
however, only the Fitbit shows moderate-to-good agreement
with the other trackers. The Fitbit underestimated energy
expenditure in our study, confirming findings illustrated in the
review by Feehan et al [37], which cited a number of studies in
which Fitbits worn on the wrist in free-living settings slightly
underestimated METs by 7% (when compared against doubly
labeled water), and showed a −10% measurement error (against
the SenseWear), and provided MAPE values varying from 16%
to 30% when compared with measurements from an ActiGraph
or Actiheart accelerometer. However, most of the studies
reviewed considered healthy adults and not older adults; thus,
the lower MAPE values reported in our study (mean 12.25%,
SD 7.33%) may be due to the generally limited amount of
moderate-to-vigorous activity performed by older adults. Fitbit
showed the narrowest limit of agreement among the trackers,
which indicated the device could underestimate the amount of
calories per day up to 750.34 kcal and overestimate up to 398.94
kcal.
Due to its many health benefits reported, MVPA may represent
an important aspect in people’s life and, with aging, this may
https://mhealth.jmir.org/2019/6/e13084/
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become even more useful to guarantee independent living and
prevention of noncommunicable diseases [35]. The current
national MVPA recommendations consider a threshold of 30
minutes per day or 150 minutes per week. Therefore, a correct
and reliable estimation of MVPA bouts helps support behavior
change techniques applied to sedentary older adults. All the
trackers considered (Fitbit, Garmin on the wrist, and
New-Lifestyles NL-2000i on the waist) were moderately
correlated with the reference. However, the Fitbit and Garmin
showed an excellent strength of agreement between each other.
The Fitbit and Garmin tended to overestimate MVPA with an
average error of 12.63 minutes per day and 13.8 minutes per
day, consistent with previously reported results [18], whereas
the New-Lifestyles NL-2000i underestimated by 11.7 minutes
per day. However, due to the limited moderate-to-vigorous
activities performed, MAPE values are large, especially for the
wrist-worn devices. The MAPE was mean 75.73% (SD 75.31%)
and mean 91.98% (SD 47.13%) for the Fitbit and Garmin,
respectively, confirming the large overestimation errors observed
in Fitbit devices estimating MVPA in free-living settings
compared with an ActiGraph accelerometer in healthy young
adults and older adults living with a variety of chronic diseases
(MAPEs >30%) [37]. The waist-worn device showed slightly
better results both in terms of MAPE and limits of agreement
(–47.85 to 24.45).
Finally, aging also impacts sleep, and changes occur in sleep
patterns with aging (for example, decrease in the amount of
slow wave sleep, increases in non-rapid eye movement sleep,
increase in the number of spontaneous arousals, changes in the
normal circadian sleep cycle) [38]. Moreover, older adults are
more prone to develop sleep-related respiratory disorders, which
are associated with cardiovascular disease, metabolic disorders,
and impaired neurocognition [38]. Thus, low-cost, unobtrusive,
and effective sleep monitoring devices such as consumer-level
activity trackers are ideal for providing insightful details on the
normal changes in sleeping patterns with advancing age.
Between the Fitbit and the Garmin, the Fitbit was moderately
correlated with the ActiGraph worn on the wrist, and only for
the estimation of the sleeping time. TST was overestimated by
a mean 5.72 minutes per day with a MAPE equal to 10.13%
(SD 9.12%), which are largely consistent with findings reported
in other studies adopting Fitbit devices to investigate sleep
measurement accuracy in healthy young adults in free-living
settings (MAPE approximately 10%) [37]. The Garmin showed
larger errors with a MAPE of 16.8% (SD 13.3%). In contrast,
WASO measurements were poorly correlated against the
ActiGraph for both devices. Although the lowest mean error
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was 0.21 minutes per day for the Fitbit, MAPE was large (mean
49.7%, SD 72%) due to the generally limited amount of time
spent awake overnight. Conversely, the Garmin significantly
underestimated the measurements. Limits of agreement were
similar for both trackers for both parameters. These
performances may not be suitable for clinical-grade
investigations because they require accurate measurements for
supporting the decision-making process. For example, WASO
is typically adopted as a criterion for discriminating insomnia
and normal-sleeper groups (the general threshold is WASO ≥31
minutes per day occurring at least three times per week for at
least 6 months) [39]; thus, the WASO estimation inaccuracy
may hinder the adoption of mainstream wristband devices for
clinical assessments in populations expected to have abnormal
sleep patterns [40].
It is worth clarifying that there is no universally accepted
definition of an acceptable degree of error for physical activity
wearable devices. Some studies recommend that an acceptable
measurement error under controlled conditions or for research
purposes is within ±3% [41,42] and under free-living conditions
is within ±10% [41,42]. Other studies recommend that mean
errors of less than 20% have acceptable validity for clinical
purposes [43]. This investigation considers the validity criteria
between the tested and criterion physical activity measures for
clinical purposes when the mean error is less than 20%. Results
suggest that the tested devices could be adopted to estimate
steps, energy expenditure, and sleep duration with an acceptable
level of accuracy in the population of interest, whereas clinicians
should be cautious in considering other parameters (eg, MVPA,
awakenings) for clinical and research purposes. Although
performance estimation is modest in some variables, it may still
be adequate for guidance purposes. For instance, the
ever-growing acceptance of wearable technologies by older
people may push the adoption of wrist-worn trackers in behavior
change investigations [11,44].
This study was limited to healthy older adults. As a
consequence, it is difficult to indicate if these findings are
generalizable to less active older adults or impaired or
hospitalized older adults. Indeed, as shown in the literature,
step-counting accuracy in people using a walking aid in a

Tedesco et al
laboratory-structured protocol represents a challenge for all
consumer-level trackers as evidenced by large MAPE values.
Moreover, the small number of studied participants and the
reduced intervention duration may also limit the generalizability
of these findings. Thus, further studies would be needed to
investigate activity trackers’ performance in a large cohort and
also in nonhealthy populations.
Although the most common commercial trackers were
considered in this study, it is difficult to indicate if results may
translate to other consumer monitors on the market, due to the
different algorithms they may employ.
This analysis was limited to some health parameters, whereas
other variables, which may be of interest in older adults, could
not be taken into account due to the lack of a gold-standard for
nonlaboratory settings. Some examples are sedentary bouts,
light activity bouts, the amount of time spent in different
postures, distance traveled, speed, additional sleep measures
(eg, sleep efficiency, sleep latency), and physiological measures,
such as continuous heart rate measurements, blood oxygen
saturation levels, galvanic skin response, blood pressure, or
photoplethysmography, and these should be further investigated
in future studies.
This study explored the performance of two wrist-worn trackers
(Fitbit Charge2 and Garmin vivosmart HR+) estimating steps,
energy expenditure, MVPA levels, and sleep parameters against
gold-standard technologies in a free-living environment in a
cohort of healthy participants aged 65 years and older.
This study confirmed that the wrist-worn devices are effective
in estimating steps, energy expenditure, and some sleep
parameters with a certain level of accuracy in healthy older
adults (lower MAPE values: 12.89% for step counting with the
Garmin, 12.25% for energy expenditure with the Fitbit, and
10.13% for TST estimation with the Fitbit). The results were
coherent with previous studies, and the observed accuracy was
acceptable for monitoring everyday activities. However,
clinicians should be cautious in considering other parameters
(eg, MVPA levels and WASO) for clinical and research
purposes.
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Abstract
Background: Consumer wearables can provide a practical and accessible method of data collection in actigraphy research.
However, as this area continues to grow, it is becoming increasingly important for researchers to be aware of the many challenges
facing the capture of quality data using consumer wearables.
Objective: This study aimed to (1) present the challenges encountered by a research team in actigraphy data collection using a
consumer wearable and (2) present considerations for researchers to apply in the pursuit of robust data using this approach.
Methods: The Nokia Go was deployed to 33 elite Gaelic footballers from a single team for a planned period of 14 weeks. A
bring-your-own-device model was employed for this study where the Health Mate app was downloaded on participants’ personal
mobile phones and connected to the Nokia Go via Bluetooth. Retrospective evaluation of the researcher and participant experience
was conducted through transactional data such as study logs and email correspondence. The participant experience of the data
collection process was further explored through the design of a 34-question survey utilizing aspects of the Technology Acceptance
Model.
Results: Researcher challenges included device disconnection, logistics and monitoring, and rectifying of technical issues.
Participant challenges included device syncing, loss of the device, and wear issues, particularly during contact sport. Following
disconnection issues, the data collection period was defined as 87 days for which there were 18 remaining participants. Average
wear time was 79 out of 87 days (90%) and 20.8 hours per day. The participant survey found mainly positive results regarding
device comfort, perceived ease of use, and perceived usefulness.
Conclusions: Although this study did not encounter some of the common published barriers to wearable data collection, our
experience was impacted by technical issues such as disconnection and syncing challenges, practical considerations such as loss
of the device, issues with personal mobile phones in the bring-your-own-device model, and the logistics and resources required
to ensure a smooth data collection with an active cohort. Recommendations for achieving high-quality data are made for readers
to consider in the deployment of consumer wearables in research.
(JMIR Mhealth Uhealth 2019;7(6):e12190) doi:10.2196/12190
KEYWORDS
wearable electronic device; digital divide; activity trackers; technology; wearable challenges

Introduction
The advancement of wearable technology has brought with it
the promise of expanding the capabilities of health care.
Wearable sensors have the potential to augment and transform
http://mhealth.jmir.org/2019/6/e12190/
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the diagnosis and ongoing management of both physical and
physiological conditions. Due to this potential, wearables have
been used increasingly for research in many areas of health and
performance science. Recently, we note the progression of this
work to incorporate activity tracking and its association with
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behavioral support and biological markers, respectively [1-3].
Although fitness trackers have been shown to increase physical
activity levels, current evidence does not support their use in
improving health outcomes beyond clinical interventions [4,5].
There has been a rapid growth of registered studies using
consumer wearables, thus the body of published work in this
area is expected to continue to mature [6].

out to conduct a larger observational study where actigraphy
was one of the measures included in our data collection. The
content presented here has emerged from the experience of
conducting this study, where we outline our observations and
evaluation of the data capture process.

Consumer wearables are a familiar, accessible, and cost-effective
solution for remote actigraphy measurement, making them an
attractive option for research studies [7,8]. However, ensuring
the capture of high-quality data with consumer wearables
presents a growing challenge. Frequently cited challenges
include usability problems, unreliable technology, activity
detection, limited device battery power, and user adherence
[9,10]. Adherence is a crucial barrier to data capture and can
be influenced by factors such as device convenience and
comfort, and its charging, complexity, and interaction
requirements [10]. User interest and motivation can be central
to adherence and can be further determined by aspects such as
the perceived usefulness of the device [11].

Part 1: Original Study

Knowledge regarding the challenges of data capture using
wearables represents a pressing need, especially as research and
industry deployments continue to grow in rapidly advancing
areas such as digital health and connected health. If fresh
understandings are created regarding how to implement, deploy,
organize, and execute a wearable-led study, there is an
opportunity to enhance deployments and avoid the creation of
an unsatisfactory experience and unsuccessful outcomes for
researcher and participant.
The aim of this study was to present and discuss the challenges
experienced in a longitudinal data collection using a consumer
wearable device with a healthy, active cohort where initial
recruitment had been established. Second, the study will aim
to identify how we might mitigate these issues, with the desired
outcome being recommendations to promote high-quality data
collection using consumer wearables.
This study was not originally designed to investigate the
challenges of deploying a consumer wearable, rather, we set

Methods
Study Design
The original study conducted was a longitudinal observation of
activity and wellness measures in elite Gaelic footballers over
a single season. Objective activity and sleep measures were
obtained via a consumer wearable device, and self-reported
wellness measures were recorded via a commercial mobile
application daily. A total of 34 male elite Gaelic footballers
(age: mean 23.4, SD 2.8 years) from a single team were recruited
as a purposeful sample for this study and were eligible to take
part if they were older than 18 years, part of the senior football
team, and had the ability to provide informed consent. There
were no exclusion criteria. Ethical approval for this study was
granted by University College Dublin Human Research Ethics
Committee. Participants were required to provide informed
written consent before participation and were advised of their
right to withdraw from the study at any time.

Device
Participants were an active group of sportspeople; a diverse
cohort including students and working professionals in both
sedentary and active jobs. Due to the duration of the data
collection and the nature of the cohort, the device requirements
were intended to be passive and involve as little disruption as
possible for the participants. The user requirements for the
device were defined as (1) comfortable and unobtrusive; (2)
durable and water resistant, with a secure clasp; (3) long battery
life (noncharging); and (4) clock function. The authors searched
for suitably neat wrist-worn wearables and researched the
features as required (Table 1).

Table 1. Device comparison.
Device name

Replaceable battery

Water resistant

Clock function

Fitbit Flex

No

No

Yes

Fitbit Flex 2

No

Yes

No

Polar Loop

No

Yes

Yes

Jawbone UP

No

No

No

Jawbone UP 2

No

No

No

Misfit Ray

Yes

Yes

No

Misfit Shine

Yes

Yes

Yes

Archon Touch

No

No

Yes

Striiv

No

No

Yes

Garmin Vivofit 2

Yes

Yes

Yes

Nokia Go

Yes

Yes

Yes

http://mhealth.jmir.org/2019/6/e12190/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e12190 | p.454
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Duignan et al

Figure 1. The Nokia Go wearable activity and sleep tracker.

The study device was not limited to any consumer or medical
grade device; however, it was necessary to access raw intraday
data from the device, requiring an open application programming
interface (API). Access to the Garmin API carries a substantial
fee; therefore, the Garmin Vivofit 2 was not considered for
selection. The authors trialed the 2 devices that fit the defined
criteria (Misfit Shine and Nokia Go) before choosing to provide
participants with the Nokia Go because of its perceived
durability and comfort during exercise. The Nokia Go (Nokia
Technologies, Finland) is a wrist-worn activity and sleep tracker.
Form factor design is a watch shape, with an E Ink display of
your activity progression, which can also display an analog
clock when pressed. The body of the device sits tightly into the
strap, and the clasp is a thread-through with a button press. The
watch is water resistant up to 50 m with automatic activity and
sleep recognition and a replaceable battery lasting up to 8
months (Figure 1).

Data Collection
The study design required participants to wear the device for
24 hours a day over 2 specified periods: Preseason, which was
6 weeks spread across November and December and in-season,
which was 8 weeks in February and March. The Health Mate
app (Nokia Technologies, Finland) was downloaded and
installed on each participant’s personal mobile phone. A
confidential research account email address and password was
set up for each participant, and their device was connected to
the Health Mate app on their personal mobile phone via
Bluetooth. Outcomes of interest in this study were step count
and sleep duration; therefore, no additional app settings were
applied (such as body mass index). Deployment was conducted
during the preseason phase of competition by the lead
researcher. Access to the account data was set up via Nokia’s
API.
Daily individual step count was recorded through the API to
monitor device wearing and syncing by participants. The Nokia
Go device purported to sync with the Health Mate app
automatically, provided Bluetooth was enabled on the mobile
device. Participants were advised to sync the watch daily if they
did not have Bluetooth always enabled on their mobile phone.
http://mhealth.jmir.org/2019/6/e12190/
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If a participant had no data recorded on the Health Mate app
for that day, the lead researcher would contact them with
reminders to wear and sync the device. The device was to be
worn at all times with the exception of during competitive Gaelic
games, where jewelry wear is not permitted because of health
and safety reasons. Participants were required to have data
collected on at least 75% (65) of the study days to be included
in the original study analysis.

Part 2: Retrospective Study Evaluation
During the data collection for the original study, considerable
challenges were encountered by the study team. We
subsequently decided to review and interrogate these issues
through retrospective researcher and participant analysis, which
were not part of the original study design. The results have,
therefore, been structured into 4 sections: sections 1 and 2 detail
the researcher and participant challenges, which were collated
from transactional data such as research team correspondence,
study logs, and messages from participants, whereas the third
section outlines the actual data collected as part of the original
study design, and the fourth was derived from the participant
survey, which was designed as follows: A 34-question survey
was designed to further understand the user experience of study
participation and gain insight into data collection challenges
from the participant’s perspective. Survey design leveraged the
Technology Acceptance Model [12], that is, perceived
usefulness, perceived ease of use, attitude toward use, behavioral
intention to use, and actual use, in addition to some practical
questions. In 12 questions, a positive statement was made, and
participants were asked to rate their agreement on a 5-point
Likert scale. A total of 9 questions were multiple choice, 3
questions were open ended, and a further 10 questions were
follow-up questions. The anonymous survey was deployed to
participants online via Google Forms in the month following
conclusion of the study (see Multimedia Appendix 1).
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Results
Researcher Challenges
Disconnection and Product Support
The devices connected to each of the participants’ phones
without issue, with the exception of 1 Huawei PRA-LX1, which
was listed on the Nokia website as incompatible. Therefore, 33
participants were included in the device deployment in
November 2017. In a 9-day period, 20 participants experienced
a disconnection. Disconnection happened between 3 to 12 days
after deployment and had no pattern to phone type. This was
generally reported by participants as “my watch won’t sync”
or “sleep data isn’t working.” On investigation, it appeared that
the devices had disassociated from the user account. On the
devices’ page of the Health Mate app, where the connected
device normally appeared, there was no device connected. The
Nokia Go appeared to be recording data as shown on the watch
display, but this data could not be collected as we were unable
to sync it to a phone without performing a factory reset.
Where participants reported that their “sleep data isn’t working,”
it transpired that the Nokia Go had disconnected from the Health
Mate app, but the app had switched to collecting step data from
the phone. This meant that many participants did not recognize
there was an issue and subsequently, did not report the problem
immediately. It was also difficult for the researchers to identify
these anomalies; as to us, the participant may just have not been
wearing the device at night.
At one point during data capture, the Nokia API requirements
for accessing summary activity data changed. There had been
no prior announcement from Nokia regarding this change, and
the cause of the problem was discovered by the authors through
developer chat rooms. In addition, it took multiple requests from
the research team to Nokia product support to gain authorization
for accessing intraday activity through the API.

Logistics
The research plan was to deploy the devices for 6 weeks in
preseason (November-December 2017) as a trial period whereby
we would assess feasibility and iron out potential issues and
thus, redeploying the devices for an 8-week data collection
during in-season (February-March 2018). After the initial
disconnection issue, we reset and resynced the devices with the
hope that this would be a once off issue. This took up to 3 weeks
by the time the issue was identified and rectified in each case.
One disassociated device would not reconnect; again, this was
a Huawei phone but not a model listed as incompatible on the
Nokia website.
When issues arose in the first 9 days of the study, we were very
aware of the burden on participants in reporting and rectifying
these issues. Potentially, the initial novelty of participation was
dissipated during that time, and the logistics of collecting and
redeploying the devices seemed like a process that would have
been burdening on participants and challenging to maintain
compliance. At this point we made the decision to continue the
data collection uninterrupted from initial deployment (November
2017) to the end of the study (March 2018).
http://mhealth.jmir.org/2019/6/e12190/
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When researchers contacted participants to remind them to wear
the device, it became apparent that although participants were
wearing the device, they had not manually synced it or did not
have Bluetooth enabled on their phone for automatic syncing.
Participants were already receiving a daily reminder for another
action as part of the wider study participation, and we became
cognizant of the burden and potential annoyance of this contact,
particularly as the data collection period had been extended.
We made the decision to reduce syncing reminders to once a
week, but often, this meant we could lose data if in fact the
participant was not wearing the device.
The lead researcher (CD) worked clinically with the participant
group 3 times per week on average, and when problems or
technical issues arose, she planned to address these during her
clinical visits. This was often impeded, however, by simple
barriers such as the participant forgetting their phone, their
phone battery being depleted, their phone not having internet
access because of data restrictions, and frequently, they would
forget to bring the watch, having taken it off when it appeared
to or did stop working. Many participants also lost or had issues
with their mobile phone over the course of the study, which
resulted in lost data. Some participants changed their mobile
phone, which required the action of another setup process, and
again, may have resulted in lost data if they did not inform the
lead researcher before changing.

Participant Challenges
Syncing
As many of the participants did not normally leave Bluetooth
enabled on their mobile phone, they were required to manually
sync the device daily. This method was suboptimal in that it
required an action from the participant, which they would often
forget to do. Participants reported that syncing could be very
slow, and if the phone screen timed out, it would lead them to
believe the sync had not worked; a belief which was reinforced
for many by the initial disassociation. In addition, for those who
did have their Bluetooth enabled, Nokia support informed us
that “If you occasionally turn off Bluetooth on your device, it
is possible that the Nokia Go will stop syncing even after
Bluetooth is turned back on. If you encounter this issue, you
will need to Force Stop the Health Mate app, turn on Bluetooth,
and then launch the Health Mate app again,” meaning that
automatic syncing did not occur for the entire study. When the
device stopped syncing automatically for those participants,
their study participation routine changed from a passive process
to one that required daily action.

Wearing
Anecdotally, the device appeared to be acceptable for most
participants. There was 1 dropout from the study. This
participant was a teacher and cited his decision in the comment
section of the survey as occupational impracticality: “As a
practical teacher one of the key things in each lesson is having
the room tidied before the bell. The watch was not functional
in this sense. In particular, the clock would twist in the socket
and I would be reading the time wrong by a few minutes.”
Loss of the device was a common issue with 7 permanent losses
reported over the study duration, 3 of which were during the
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Christmas period. Feedback from the participants on how this
happened is presented in the survey results section below. A
total of 3 participants opted not to wear the device during sport,
citing glove wear and tackling as a reason. Early in the study,
it appeared that the devices were being mislaid during sport
because of the watch falling off during a tackle or similar
contact. Some of them were retrieved and handed to a staff
member, and others were not found. At this point it was decided
that participants should no longer wear the device during sport.
Although this was going to disrupt data collection, it appeared
to be more desirable than losing further devices. As expected,
many participants would either forget to remove the device for
sport or forget to put it back on afterwards. The disruption this
caused to data collection also meant that overall step counts
were no longer reliable, as some could reflect training activity,
and some may not. Furthermore, regulating wear during training
was not feasible under the study conditions.

who reported forgetting their watch somewhere, 6 (67%)
reported that they would often leave it in their sport bag after
training.

There was 1 reported instance of 2 participants confusing each
other’s device for their own. Although devices were marked
with a study code by both waterproof stickers and permanent
marker, neither method stood the test of time with this cohort.

Behavioral Intention to Use (Open-Ended 3)

Actual Data Collected
After rectifying the initial dissociation issues, the data collection
period was defined as a total of 87 days from January to March
2018. A total of 9 participants were lost from the study because
of cuts to the team panel, injury, and personal reasons, which
were beyond our control. As previously mentioned, 1 device
would not reconnect to a participants’ mobile phone after the
initial dissociation, and another had technical difficulties with
syncing the device. A total of 4 participants lost their device
during this data collection period, which totals to 6 participants
who were removed from the cohort as they did not reach the
75% threshold of data collection.
Therefore, 18 of the remaining 24 participants were included
in the analysis of the full data collection period. Nonwear time
was calculated by considering 90 min of inactivity as the cut-off
for nonwear [13]. The average overall wear was 79 out of 87
days (90%). On those days when the device was worn, the
average wear time was 20.8 hours/day. Average wear time was
calculated using a weighted average (by wear days) of the
individual players.

Participant Feedback (Survey)
The 34-question feedback survey was deployed online via
Google forms to participants in the month following completion
of the study with a response rate of 91% (30/33). Results from
the multiple-choice questions are presented in Multimedia
Appendix 2.

Practical Considerations: Follow-Up Questions
Of those who did not leave their Bluetooth on, all 70% (21/30)
indicated phone battery concerns as their reasoning.
A total of 47% (14/30) reported losing the watch, a higher
number than what we had recorded, but most of those outliers
explained that the watch had fallen off during sport and been
found afterwards. A total of 3 of those participants mentioned
that they felt that the strap opened too easily. Of the 9 responders
http://mhealth.jmir.org/2019/6/e12190/
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Attitude Toward Use (Open-Ended 1 and 2)
In describing the best thing or things about the watch, 50%
(n=15) mentioned sleep tracking, and 57% (n=17) mentioned
step and activity tracking. A total of 2 responders reported that
the best aspect was achieving their daily step goals, whereas 2
enjoyed having the clock function, and other participants
reported the app itself and the style of the device.
Whereas, when describing the worst thing(s) about the watch,
40% (n=12) reported that there was none, 17% (n=5) reported
syncing the device, 17% (n=5) reported poor strap security,
10% (n=3) reported discomfort at night, with a further 6
mentioning aspects such as aesthetics, difficulty reading the
time, inaccuracy, and forgetting to wear the watch.

In stating what might motivate participants to wear the watch,
37% (n=11) reported tracking their steps and sleep, 13% (n=4)
said that nothing would motivate them to wear it, 10% (n=3)
reported that an activity goal or competition would be
motivating, 2 responders wanted it to be more comfortable, 2
wanted information on calories and energy expenditure, and
further responses concerned the need for a better strap for
training, a digital clock, a heart rate monitor, more information
related to performance, and the watch being of better quality.

Actual Use: Follow-Up Questions
Of the 43% (n=13) who reported that they have continued to
wear the watch, 9 reported that they find it useful for tracking
steps and sleep, 2 reported that they use it primarily for telling
the time, and 1 reported that they have become used to using
it.
Whereas of the 57% (n=17) who have not continued wearing
the watch, 6 reported that they lost the watch, 3 reported that
they normally do not wear watches, 3 reported that they wear
another watch, 2 reported that it was uncomfortable, 2 reported
that they have no use for it, and 1 responder commented that
they had forgotten about it.

Discussion
Disconnection and Field Test
In this study, the disassociation event had a sizeable impact on
how the remainder of the data collection was conducted. Initial
deployment of the wearable was designed to act as a field test,
whereby we could identify and tackle issues as they arose. This
field test consequently developed into the entire data collection
phase, molded by the gravity of the initial disassociation and
our understanding of how this might impact the participants.
Considering the survey results reported only 23% (n=7) having
an issue with their watch, we feel that we may have
overestimated the potential burden of the disassociation event.
It is not clear whether a field test with a sample of the
participants would have prevented the disassociation (which
appeared to be a once-off event). However, it is possible that it
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may have provided insights to modify the study design or
preempt other challenges. Certainly, we feel that the issue with
device comfort and strap security experienced during sport could
have been identified through a field test, which may have
enabled us to implement a stronger contingency plan to mitigate
wear disruption. However, this prior knowledge may not have
affected our ability to regulate device wear during and after
training because of the personnel and time it would have
required. Under the study conditions, the lead researcher was
the sole point of contact for participants while also acting as
the team physiotherapist during her regular interaction with
participants.
Participant contact from the lead researcher when no data were
recorded changed from daily to weekly, corresponding to
strategies previously employed [14]. The burden of this
monitoring and subsequent contact was evidently
time-consuming but also a necessary component when dealing
with wearable technology. Weekly checks were less burdensome
than daily ones but also allowed for the increased possibility of
data loss. In hindsight, as our survey results suggest, the daily
reminders were not as burdensome for the participant (19/30
disagree or strongly disagree) as we may have perceived,
suggesting this is a more favorable option when feasible.
Regarding our technical challenges with disconnection, API
access, and product support, of significance is that Nokia were
in the process of evaluating their digital health business at the
time, announcing a strategic review and ultimately selling their
digital health sector back to Withings from whom they had
purchased it in 2016. The availability of product support and
customer confidence in the maintenance of data access is of
utmost importance when investing financial, time, and human
resources in a research project but will not always be predictable
for researchers.

Logistics and Syncing
As the lead researcher worked clinically with this cohort an
average of 3 times per week, it was envisaged at the beginning
of the study that identifying and rectifying technical or other
issues would be relatively easy with this level of access.
However, when issues arose, such as a disconnection, a syncing
problem, or the loss of a device, participants were generally
quite slow to report them or were less likely to make outside
contact immediately when an issue was identified. In some
cases, participants were not aware of the issue because the
Health Mate app had now connected to display their phone’s
step count. In other cases, such as a loss, participants were
familiar to the lead researcher and may have felt guilty that they
had lost the device. In these scenarios, the fact that participants
did not sync the watch daily meant that issues were not always
readily identifiable on our part.
The survey identified the variety of syncing strategies employed
by the participants, with only 23% having a daily syncing routine
and no participants reporting that the device synced
automatically, as originally purported by Nokia. This resulted
in greater burden for the participants while pairing the device,
a practice that has been previously shown to negatively influence
the sustained use of wearable devices [15]. To avoid scenarios
where user maintenance negatively effects data quality, device
http://mhealth.jmir.org/2019/6/e12190/
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syncing should be seamless and passive for the participant. A
defined and robust syncing strategy is central to success.
When such issues were eventually recognized, simple barriers
could make them slow to fix. For example, the assumptions we
made that the participants would always carry their phones and
that they would be charged and have on-going access to the
internet proved to be untrue. In reality, the cohort were busy,
used many social media apps, and had to travel long distances
for training both of which meant drained batteries were common,
whereas internet access was sometimes a problem because of
phone data packages. These results challenge our understanding
of the preconceived ease of using technologies with young
adults, who in fact appear to display their own obstacles in the
digital divide [16]. The practical learnings from these issues
include the researcher being armed with multiple phone chargers
and having a portable Wi-Fi or hotspot setup. In addition,
sending extra reminders to participants to bring their device,
and if feasible fully charged, is advised when their attendance
at a venue is not for the sole purpose of troubleshooting device
issues, for instance, they may be attending training (as in this
case) or a medical appointment.
Moreover, a number of participants changed their mobile phone
over the course of the study—a basic issue that we did not
foresee and were generally not preinformed about. If the
participant had changed their phone and not synced the device
for several days or weeks, those data were lost. This particularly
happened around the Christmas period, and these are important
challenges to be aware of when using the bring-your-own-device
strategy in longitudinal data collection. The alternative being
obviously higher cost and also the disruption of employing a
device that the participant doesn’t already use daily for other
purposes [17].

Wearing
The results of this study demonstrate that device wear during
contact sport was simply not suitable. Although the authors
believed the strap of the device to be sturdy and secure, this
belief was not shared by participants with regards to contact
sport. Results of general comfort were quite favorable but
dropped considerably when asked about comfort during sport.
These findings are consistent with previously published reasons
for taking off smart watches: discomfort during sport and
concerns about breakage of the device [18]. Perhaps no
watch-like activity tracker is suitable for wear during a physical
contact sport. and this is probably reflected in the illegality of
same during competitive games. However, contact sports are a
common part of life, and when dealing with an active cohort,
this is an eventuality that may need to be planned for. In
addition, for an active cohort such as this, permanent marking
of devices would be necessary, for example, engraving a
participant code into the strap.
As mentioned, the disruption of nonwear during training meant
that many participants would either forget to take off or put
back on the device, and unfortunately, we did not have the
resources to regulate this under the study conditions. If this
eventuality could have been planned for, we might have taken
the initiative of 1 participant who was observed putting the
device in his shoe rather than in his sports bag, as a reminder
JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 6 | e12190 | p.458
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to put it back on his wrist afterwards. A basic gesture but an
effective one nonetheless.

Perceptions and Attitudes
Although there were many challenges involved in this data
collection, if we were to evaluate adherence to the device based
on the wear characteristics of the remaining 18 participants, we
could conclude that this study was successful. However, the
issues experienced meant that our cohort size was depleted, in
addition to the original 14-week split observation being reduced
to 1 12-week observation. When asked if they needed more
information about the watch or the app, only 1 responder
reported that they did, which appears to reflect that the cohort
felt well-informed and confident in their use of the device and
negates many of the current adoption challenges on the other
side of the digital divide [19]. The open-ended responses
regarding the best thing about the watch and what might
motivate them to continue wearing the watch had a common
theme relating to the participants desire for more information
related to their health and performance. These answers appear
to reflect the interests of a group of sportspeople who want to
better their sporting performance and understand how their
activity and sleep can influence this, which follows previous
research underpinning motivation and feedback as leading facets
of engagement [20,21]. However, the participant characteristics
should be considered in these interpretations: as an already
active group of males, they may be more likely to use a wearable
activity tracker than other cohorts [22]. There was poor
agreement as to whether the team had a competitive attitude to
step counting or not, which probably reflects that only some
individuals treated it as a competition. This is important to note
with regards to its effect, or lack thereof, on user motivation
and compliance.

Limitations
A limitation of the presented study has been mentioned
throughout; the fact that we did not set out to investigate and
report on a specific research question; it is rather, an
unstructured, retrospective evaluation of another study.
Therefore, this report does not follow the standard layout and
presentation of results that one might expect.
Although this study presents common issues that can be
experienced in a wearable deployment, it is important to
consider that this case study represents a single regional cohort
using a specific activity tracker and mobile app. The cohort
were a small, purposeful sample chosen for the requirements
of the original study and cannot be assumed to represent a
general population.
The authors acknowledge the limitations of the survey, although
anonymous, the participants’ familiarity with the lead researcher
may have affected their honesty in reporting on their experience.

Conclusions
Our findings contrast many of the published barriers to wearable
use such as discomfort [23] and technology familiarity [24] and
support many referenced facilitators such as user acceptance
and perceived usefulness [23]. Nevertheless, our data collection
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was highly impacted by challenges, namely logistics, technical
issues, and loss of the device. These factors are not always
predictable and will need to be strongly considered to ensure
satisfactory data quality is achieved. It is reasonable to suggest
that some of the issues we encountered might have been
mitigated with careful planning and pilot studies. Nonetheless,
the frequency and range of issues encountered did not reflect
the level of preparatory work that was done. Previously
published potential solutions to the user adherence challenge
lists many of the strategies employed in this study, such as
providing clear instructions, reminders, and checking in with
participants regularly to identify issues [25]. On the basis of
our experience, we suggest readers to consider their research
context in the selection of a consumer wearable [26], including
the availability of an extensive support team to undertake these
requirements. Issues will arise despite extensive preparation
and exacting due diligence, and they will need to be identified
and rectified promptly to maintain data quality. Although we
do not expect exact replication of these challenges in other
contexts, our experience can be a useful example for learnings
in a wider readership for wearables research.

Learning Outcomes and Recommendations
The Field Test
Although our field testing did not work out as planned, we
would recommend field testing your device with a subset of the
cohort to identify practical and technical issues that may arise.
This will enable the refinement of implementation and adoption
strategies that align with the needs of your cohort.

The Syncing Strategy
Passive (automatic) and seamless device syncing is optimal for
user compliance and maintained use as it facilitates immediate
identification of issues such as nonwear or disconnection. If
automated syncing and upload is not possible, the strategy
should include clear instructions for users to perform manual
sync on a daily basis.

Bring-Your-Own-Device
When using a participant-owned mobile phone, the deployment
team should take time to adjust the phone settings to ensure that
no partner apps can share and extract data, such as access to the
phone’s step counter. This unsolicited data sharing could conceal
technical issues and may be indiscernible from activity tracker
data when the raw dataset is downloaded. It is essential to plan
for and be informed about personal mobile phone changes from
participants.

Support Team and Logistics
With such a sizeable time-burden involved in monitoring daily
syncing, it is imperative to invest in the appropriate resources
to monitor this wear and resolve issues. When dealing with a
working population, it may be difficult to contact participants
during the day, and home visits may also be unavailable to you.
Although we had regular access to the participants, resolving
issues did not work as smoothly as planned, partly because the
access was not for the sole purpose of partaking in the study.
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