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Abstract

Person-generated data (PGD) are a valuable source of information on a person’s health state in daily life and in between clinic
visits. To fully extract value from PGD, health care organizations must be able to smoothly integrate data from PGD devices into
routine clinical workflows. Ideally, to enhance efficiency and flexibility, such integrations should follow reusable processes that
can easily be replicated for multiple devices and data types. Instead, current PGD integrations tend to be one-off efforts entailing
high costs to build and maintain custom connections with each device and their proprietary data formats. This viewpoint paper
formulates the integration of PGD into clinical systems and workflow as a PGD integration pipeline and reviews the functional
components of such a pipeline. A PGD integration pipeline includes PGD acquisition, aggregation, and consumption. Acquisition
is the person-facing component that includes both technical (eg, sensors, smartphone apps) and policy components (eg, informed
consent). Aggregation pools, standardizes, and structures data into formats that can be used in health care settings such as within
electronic health record–based workflows. PGD consumption is wide-ranging, by different solutions in different care settings
(inpatient, outpatient, consumer health) for different types of users (clinicians, patients). The adoption of data and metadata
standards, such as those from IEEE and Open mHealth, would facilitate aggregation and enable broader consumption. We illustrate
the benefits of a standards-based integration pipeline for the illustrative use case of home blood pressure monitoring. A
standards-based PGD integration pipeline can flexibly streamline the clinical use of PGD while accommodating the complexity,
scale, and rapid evolution of today’s health care systems.

(JMIR Mhealth Uhealth 2022;10(2):e31048)   doi:10.2196/31048

KEYWORDS

mobile health; data sharing; health care; patient-generated health data; telemedicine

Introduction

Person-generated data (PGD) are a valuable source of
information on a person’s health state in daily life and in
between clinic visits [1]. PGD can be acquired via apps, sensors,
wearables, or simple online forms, which we will collectively
call PGD devices.

To fully extract value from PGD, health care organizations must
be able to smoothly integrate data from PGD devices into routine
clinical workflows. For example, in an ideal remote blood
pressure (BP) monitoring program, clinicians will “prescribe”
a BP monitoring plan (eg, measure BP every morning for the
next 2 weeks). The patient will collect and share BP data from
their Bluetooth-connected wireless cuff, data that will be
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seamlessly integrated into the clinical workflow for clinicians
to see during patient management, for example, titration of
home medications based on notifications of outlier home BP
values. This same workflow should be able to accommodate
prescriptions of other PGD such as blood glucose, body weight,
or oxygen saturation acquired by any clinically approved PGD
device.

Current telemonitoring programs, however, often have a limited
scope, address only 1 disease (eg, hypertension, diabetes, or
heart failure), acquire only 1 type of remote data [2,3] (eg, BP
or blood glucose), and support only a limited number of PGD
devices (in terms of brand/model). This restrictiveness is at odds
with the current technical capabilities of internet services in
which data can be exchanged with a device-agnostic approach
[4,5]. Email is a familiar example. Underlying standards permit
email to be sent and read regardless of service provider, app,
browser, or device used [6]. The current state of PGD-to-clinic
integration lacks the seamlessness of email. Instead, health care
organizations build and maintain custom connections with each
device and their proprietary data formats. Such connections
account for a large share of the cost of using PGD devices in
clinical care [7], which constitutes a barrier to PGD usage [8].

This viewpoint formulates the integration of PGD into clinical
systems and workflow as a PGD integration pipeline and
reviews the functional components of such pipeline. We contrast
the current state of integration to a standards-based pipeline
using an example of integrating wireless BP data into primary
care. We emphasize throughout the central importance of data
standards in facilitating device-agnostic approaches needed to
accommodate the complexity, scale, and rapid evolution of
today’s health care systems.

Standardized PGD Integration Pipeline

Overview
Building custom connections between individual devices and
health care organizations is costly and introduces data
management inefficiencies. For organizations interested in
remotely monitoring multiple types of health data via different
PGD devices, one approach is to select 1 or a few device vendors
for each data type and develop custom connections for each
device to the electronic health record (EHR) [9]. Not only is
this approach redundant, costly, and maintenance heavy, the
dependence on vendor- or device-specific custom connections
reduces flexibility to add or substitute new devices in the future.

We can identify opportunities for streamlining the pipeline if
we segment the 3 major functional components of PGD
integration:

1. PGD acquisition: this encompasses PGD devices that
manage person-facing functions such as consent and data
collection;

2. PGD aggregation: this service manages consent,
authentication, and authorization; maps data to standardized
format(s); provides storage; and a query endpoint for third
parties;

3. PGD consumption: third parties including EHRs, decision
support systems, and analytic services provide applications
that consume PGD to serve users such as clinicians and
patients (Figure 1).

Currently, each PGD device manages its own acquisition,
storage, and data usage, while each health care organization
acts as a third party to multiple query endpoints, with each
requiring their own integration into clinical workflow. Data
standards would enable PGD from multiple devices to flow
through a single pipeline instead of multiple pipelines, with
each serving 1 device.

Figure 1. The person-generated data (PGD) integration pipeline comprises 3 components: PGD acquisition, aggregation, and consumption.

PGD Acquisition and Data Sharing Consent
PGD are acquired from patients via a diverse and growing
ecosystem of health tracking apps, wearables, and sensors [10].
Typically, a device will require a patient to download a
smartphone app to establish an account and pull data from the

device to the smartphone through Bluetooth to store on the
device company’s cloud. Many devices provide an app or online
dashboard where a patient or their physician can view tracked
data [11-13].
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Once data are acquired by the device, patients provide consent
for data sharing either directly or via a separate PGD aggregator
app that will serve the data to third-party solutions and their
users (Figure 1). Existing aggregator apps include Apple Health,
Google Fit, CommonHealth, Human API, and Validic. Apple
Health and Google Fit allow patients to further share their data
with any participating third party in the iOS and Android
ecosystem, respectively, but with somewhat opaque rules by
which third parties can request data and without any evaluation
of clinical validity or security. CommonHealth, a nonprofit
entrant to the personal health record/aggregator app space,
differs by establishing a Common Trust Framework [14] in
which patients can consent to share downloaded EHR or device
data with trusted apps and services running on their phone. This
framework is a neutral, independent set of rules that is developed
through open-community governance.

Data-sharing consent can be granted at different levels of
granularity. Patients may authorize their clinician to access only
their BP data, while authorizing a clinical trial they are enrolled
in access to BP, step count, weight, and calorie tracking data.
Consent may also be revoked entirely or temporarily withheld
for privacy or other reasons (eg, withholding weight data while
on vacation).

PGD Aggregation
Once patients consent to data sharing, an aggregator app’s
service processes their consent to mediate data transfer. PGD
aggregation service components include authenticating
third-party data requests, resolving whose data are being
requested, managing authorization and consent, securely storing
data (if needed), mapping data to standardized format(s), and
exporting data in the desired standardized format to the third
party.

Authentication, Authorization, Identity Resolution,
and Consent Management Handling

General Practice
Standard industry procedures such as OAuth2 [15] are used for
delegated authorization between PGD aggregator and third
parties. Delegated authorization allows patients to authorize
different services to access their data without services needing
to expose personal credential information to each other.
However, identity resolution between multiple services is
challenging as it is common for patients to have several health
care accounts (eg, their clinic, laboratory, and pharmacy).

Identity resolution within health care accounts, such as EHR
services, is mediated via patient Fast Healthcare Interoperability
Resources (FHIR) IDs. However, a patient will have different
FHIR IDs for every health organization they access, and an

organization may have multiple FHIR IDs for each patient
depending on the back end implementation of FHIR servers.
Without a national unique patient identifier, PGD aggregators
will have to approximate patient identity. Linking many FHIR
IDs and devices with apps requires tedious combinations of
authorization flows subsequently further complicating consent
management, as the PGD aggregator must match a patient’s
data-sharing consent against any third party requests for the
patient’s data. The complexity of consent management
architectures argues strongly for standardized reusable
multipurpose PGD integration pipelines.

Data Storage
The PGD aggregator can either pass-through or
store-and-forward data depending on the business need. With
pass-through, the aggregator ingests data from the phone or
device cloud and sends them directly to a third party at each
request. With store-and-forward, the aggregator persists the
data. Benefits of the pass-through approach include lower costs
and security risks because the aggregator does not store data.
Downsides include increased latency in data access, inability
to perform computations (eg, average of requested values), and
the need to repeat any mapping to standardized data formats.
In a store-and-forward model, data can be persisted in native
or in any standardized format.

PGD aggregators often have an on-phone and a cloud
component. Some are PGD only (eg, Google Fit) while others
(eg, Apple Health, CommonHealth) also aggregate EHR data.
Apple Health and CommonHealth keep all synced data on the
patient’s smartphone; Google Fit uploads the data to Google
Cloud.

Standardized Data and Metadata Export
Most existing aggregators export PGD to third parties using
their own nonstandardized formats [16-18]. CommonHealth,
by contrast, exports data in standardized formats: EHR data are
exported in Health Level 7 (HL7) FHIR format and PGD in
Open mHealth/IEEE 1752.1 format. This difference is crucial.
Clinically relevant contextual information is necessary for
making clinical decisions. As shown in Figure 2, a blood glucose
data of “138” is clinically meaningless unless the units, any
relationship to meals or sleep, and effective time (ie, when the
observation applied in the real world, not when the value was
reported) are made clear. Standardized selection, definition, and
value sets, as in Figure 3, for these contextual variables (eg,
Unified Code for Units of Measure [UCUM] for units) would
allow third-party systems to reliably and unambiguously
understand the meaning of the PGD value, a minimal
requirement for using PGD in health care or research.
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Figure 2. This figure shows a JSON instance of a blood glucose value of 138. No other data or metadata are available.

Figure 3. This figure shows an Open mHealth–compliant JSON instance of blood glucose with metadata showing that the value of 138 mg/dL is the
average fasting value on awakening between February 5 and May 5, 2021.

In addition to clinically relevant contextual information, use of
PGD in health care or research also requires metadata
[19,20]—data about the data. Examples include the name,
model, and unique ID of the source device, and the unique ID
of the app [21] installed on the patient’s smartphone that
acquired the data. Table 1 lists examples of metadata of interest
for a sleep digital biomarker.

While there is no end to the types of metadata that would be of
interest to someone for some purpose, it is infeasible to collect
all possible metadata on all PGD. Nevertheless, a minimal set
of critical metadata must be available on all PGD values to
enable ecosystem-wide quality assurance, auditing, and
regulatory oversight. The PGD ecosystem must therefore
coalesce around a core set of data and metadata standards to
enable long-term integrity and usability of PGD. Data can be
standardized at the point of export by PGD devices or PGD
aggregators can harmonize and provide endpoints for

standardized PGD. Table 2 lists the standards that are most
relevant to PGD. At the device level, standards such as IEEE
11073 [22] and FHIR’s device resource [23] address
manufacturing, security, privacy, and data export issues. For
PGD integration, the Open mHealth/IEEE 1752.1.1 standard is
the most directly relevant, covering the most widely used PGD
variables for sleep, physical activity, cardiovascular, and other
domains with over 80 JSON schemas [24,25]. Value sets are
standardized using terms from Systematized Nomenclature of
Medicine (SNOMED) or Logical Observation Identifiers Names
and Codes (LOINC). A minimal metadata schema is used for
the JSON schema header with standardized pointers to externally
held metadata information (eg, an UDI registry). Open mHealth
schemas are open source, free to all, and are the output of a
global community of stakeholders consisting of developers,
data scientists, informaticians, researchers, and clinicians. The
sleep, physical activity, metadata, and utility schemas (on units,
time, etc.) comprise the global standard IEEE 1752.1.1 [25].
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Table 1. Metadata of a sleep digital biomarker.

Example questionsMetadata category

Sleep duration? Sleep quality? Sleep refreshment?What is the biomarker about?

Time in bed? Time asleep? With or without micro awakenings?Definition (eg, for total sleep duration)

How does the biomarker compare with a gold standard?Validity

How much does it vary from the gold-standard value?Error

What is the natural variability within and among individuals, for comparison to the error range?Natural variability

What is the probability that the person was asleep during this time?Uncertainty/Confidence

Are there systematic errors in different populations?Bias

Was the measurement collected for the right person?Identity

Was there relevant contextual information? For example, at home versus on a trip across time zones.Context

Table 2. Selected standards relevant to mobile health.

DescriptionStandard

HL7 refers to a set of international standards for transferring clinical and administrative data between health care providers.

Within HL7, FHIR describes the data schema and application program interface for exchanging EHRc data.
HL7a FHIRb

A family of standards for medical device communication, including point-of-care clinical devices and personal health devices.IEEE 11073

A family of standards for representation of person-generated health data, based on work by Open mHealth.IEEE 1752

A set of standards specifying how products work and the ways consumers interact with them. A subset of the standards pertain
to consumer technologies in the health and fitness space [26].

CTAd

aHL7: Health Level 7.
bFHIR: Fast Healthcare Interoperability Resources.
cEHR: electronic health record.
dCTA: Consumer Technology Association.

PGD Consumption
Third-party users occupying the distal end of the PGD
integration pipeline include health care organizations,
researchers, and patients themselves (eg, consumers of an app
that provides predictive analytics for blood glucose control).
Many third parties want to be device agnostic. For example, a
company providing decision support for BP management would
want to accept BP data from any FDA-cleared brand and model
of wireless BP cuff. Many third parties may also need to
integrate heterogeneous data sources, such as reconciling sleep
data from a smartwatch and a dedicated sleep sensor. Third
parties would enjoy great efficiencies if PGD were available in
a common data and metadata standard by not needing to divine
the contextual meaning or metadata of PGD acquired from
different sources. A standardized endpoint from a PGD
aggregator would support the ideal of collecting PGD once and
reusing them for multiple purposes.

Illustrative Case

Home Blood Pressure Integration
Home BP monitoring (HBPM) programs, in which dedicated
staff monitor the home BPs of a panel of patients with
hypertension for treatment support and adjustment, have shown
efficacy in improving BP control [27]. Health care organizations
are thus increasingly interested in establishing HBPM programs
[8], which are reimbursable under several Centers for Medicare

& Medicaid Services (CMS) billing codes but only if home BP
measurements are acquired via wireless-connected cuffs and
written directly into the health care organization’s EHR [28].
We illustrate the PGD Integration Pipeline using the example
of integrating wireless BP data into an EHR.

Current Status: Home Blood Pressure Integration
Currently, home BPs from connected devices can be brought
into an HBPM program through several pathways. One pathway
is for patients to manually enter home BPs into an EHR patient
portal. Despite its simplicity, this approach has many downsides.
Using patient portals is challenging for patients with language
barriers and low technology skills [29]. Manual reporting may
result in fewer datapoints, is difficult to sustain over time [30],
and evaluation and management of manually reported BP data
are not reimbursable by CMS under the remote physiologic
monitoring codes [28].

Another approach involves a partnership between a health care
organization and a single wireless BP cuff company which will
offer that company’s online dashboard for clinicians to view.
The need for clinicians to login to the company’s website outside
of their EHR severely disrupts workflow and is usually
vehemently opposed by clinicians. Moreover, to qualify for
CMS reimbursement, a custom interface has to be built and
maintained to write data from that company into the EHR. Not
only is this time-consuming and expensive, but it also severely
limits flexibility. Adding another brand of cuff would require
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an entirely new integration effort and online dashboard. Inertia
to stay only with the initial company would be high. Such
“vendor-lock” is inadvisable in a fast-changing digital health
world.

An emerging approach takes advantage of Apple Health and
Google Fit as PGD aggregators. At University of California,
San Francisco (UCSF), which is on the Epic system, a pilot
project is allowing clinicians to prescribe HBPM and have that
prescription displayed on their patients’MyChart portal. Patients
use one of several brands of cuffs, download both the device’s
app and the MyChart app onto their smartphone, and use Apple
Health or Google Fit to consent and direct their BP data from
the device’s app into Epic. The ingested data can then be viewed
within Epic and evaluation and management can be billed under
CMS codes. This approach has the benefits of being
device-agnostic, billable, and integrated into the EHR-based
workflow. However, it is reliant on, and constrained by, Epic,
MyChart, Apple Health, and Google Fit functionality and
usability. Indeed, as of this writing, Google Fit has “temporarily
stopped” accepting connected BP values and other “sensitive”
health data types including body temperature and oxygen
saturation [31]. Moreover, using PGD aggregators without data
standards–driven infrastructure impairs robust PGD validation
and use. For example, device manufacturer data are unavailable
for query from either Apple Health or Google Fit endpoints.

The Goal: Standardized Home Blood Pressure
Integration
The optimal approach of using data standards throughout the
BP integration pipeline offers many benefits. First, if device
vendors adhered to data and metadata standards (eg, Open
mHealth/IEEE 1752.1.1), the meaning and context of BP and
other PGD would be captured for posterity at the source, which
is ideal for downstream use, auditing, and regulatory oversight.
If BP data are not standardized at the source, a standards-based
PGD aggregator such as CommonHealth can ingest and map
BP data from multiple vendors into Open mHealth or FHIR for
standardized export. Health care organizations using a
standards-based PGD aggregator are ensured that BP data will
come in a consistent format with the same clinical contextual
information and metadata, regardless of the cuff’s brand or
model. This device-agnostic predictability within a single
integration pipeline yields great flexibility: multiple types of
PGD from different device vendors can be integrated.

For health care organizations, standardization can facilitate data
integration into workflow and writing into the EHR for billing.
EHRs in the United States must now by law support HL7 FHIR
data and protocol standards [32]. This allows EHRs to receive
and display PGD using SMART-on-FHIR [33] protocols to
launch dashboards directly in the EHR without requiring
separate login. The mPROVE project at UCSF is taking this
approach [34], displaying patient-reported outcomes and BP
data in the BRIDGE SMART-on-FHIR dashboard [35]. Using
SMART-on-FHIR frees data display and decision support
presentation from the constraints of the EHR. While still in
early adoption, SMART-on-FHIR technology has tremendous
promise to augment the distal end of the PGD integration
pipeline.

Another valuable benefit of data standardization for health care
organizations is increased efficiency of data integration [36].
Instead of having to build and maintain custom connections to
multiple device vendors, an organization receiving PGD in a
common predictable format such as Open mHealth/IEEE
1752.1.1 can reuse the same interface for bringing PGD into
their EHR or clinical workflow. Going forward, this singular
interface can accommodate any new PGD data type that is
supported by the data standard. The organization can flexibly
switch to any other PGD aggregator that supports the same data
standard because the PGD remains consistent for interfacing
into the EHR.

Finally, the promise of PGD will be realized only if patients
trust how their PGD will be handled, and if collecting,
consenting, understanding, and sharing PGD are sufficiently
easy to do [37]. To the extent that standardization of the PGD
integration pipeline reduces data silos, multiple identities and
accounts, and a profusion of opaque data-sharing mechanisms,
trust will be enhanced for all parties and PGD integrity and
value will be increased.

Discussion

Highlights
Today’s mHealth data ecosystem—where multiple apps,
devices, and proprietary aggregators each export data in their
own data formats with little context or metadata—is suboptimal
for unleashing the full capabilities of mHealth technologies to
improve clinical care. Standards are key to successful data
interchangeability and should be adopted broadly to enable
device-agnostic solutions and modularity and to simplify the
PGD ecosystem while simultaneously supporting data validation
and data integrity.

Relationship to Digital Biomarker Validation and App
Frameworks
Deployment of PGD solutions in clinical care needs to extend
beyond interoperability and integration. Various frameworks
and best practices exist for choosing and deploying mHealth
apps and sensors. HL7’s Consumer Mobile Health Applications
Functional Framework (cMHAFF) provides industry guidance
and common methods to assess the “foundational
characteristics,” including but not limited to security, privacy,
data access, data export, and transparency/disclosure of
conditions, of mHealth apps [38]. HL7’s App Data Exchange
(ADE) project documents the functional requirements and
provides a framework supporting data exchange between
mHealth devices, apps, and other parts of the health IT
Infrastructure [39]. The ADE project references mHealth data
standards such as Open mHealth/IEEE 1752.1.1 and IEEE
11073.

By themselves, neither cMHAFF nor ADE address the clinical
validity or value of an mHealth solution. The DiMe Playbook
is a “comprehensive ‘how-to’ guide” on developing, selecting,
and deploying digital biomarkers. It addresses digital biomarker
verification, analytical validation, and clinical validation (V3)
as well as the role of standards such as Open mHealth/IEEE
1752.1.1 in data integration [40].
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Toward Interoperability by Design
Like privacy, data provenance and interoperability should be
intentionally designed into a system up-front rather than
shoehorned into it later on [41]. For the mHealth ecosystem, a
mix of frameworks, official data standards and protocols, and
best practices as reviewed above is beginning to paint a path
out of today’s fragmented silos. For the PGD integration pipeline
in particular, the path includes PGD devices and mHealth apps
exporting and consuming digital biomarkers in the Open
mHealth/IEEE 1752.1 format where appropriate; expanding the
data types standardized by Open mHealth/IEEE 1752.1; data
aggregators exporting PGD in both their current format (to
ensure backward compatibility) and Open mHealth/IEEE 1752.1
format (to transition toward standardized interoperability); and
finally, wide adoption of the Open mHealth-to-FHIR
implementation guide as the common FHIR observation resource
profile for PGD [42]. These steps offer a glidepath for the
ecosystem to transition to data and metadata standards that
themselves evolve to accommodate new digital biomarkers and
new metadata frameworks. Further research is needed on
scalable metadata acquisition and management, biomarker
validation platforms, and interoperability with the broader
internet of things.

Conclusion
The clinical value of PGD from mHealth apps and sensors is
currently limited by difficult and inefficient integration into
routine clinical care. Major components of the PGD integration
pipeline include PGD acquisition, PGD aggregation, and
third-party solutions that consume PGD to deliver end value
for clinical care and clinical research, all while retaining
people’s control on their data and trust in the process.
Standardization of data and metadata along the entire PGD
integration pipeline is crucial for ensuring device-agnostic,
modular, flexible, multipurpose, and thus lower-cost integration
into clinical workflow. The value of efficient integration of
PGD data will increase revenue streams, reduce overhead,
improve data integrity, and facilitate patient trust. PGD
aggregation services that offer standards-based PGD integration
play a vital role in transitioning from today’s siloed
friction-heavy data ecosystem to a low-friction interoperating
system that our patients deserve. Health leaders responsible for
remote monitoring and other PGD programs should seek out
and adopt pipeline-based approaches to standardize the
integration of PGD into clinical care.
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UCUM: Unified Code for Units of Measure
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Abstract

The rapid dissemination and adoption of smart speakers has enabled substantial opportunities to improve human health. Just as
the introduction of the mobile phone led to considerable health innovation, smart speaker computing systems carry several unique
advantages that have the potential to catalyze new fields of health research, particularly in out-of-hospital environments. The
recent rise and ubiquity of these smart computing systems holds significant potential for enhancing chronic disease management,
enabling passive identification of unwitnessed medical emergencies, detecting subtle changes in human behavior and cognition,
limiting isolation, and potentially allowing widespread, passive, remote monitoring of respiratory diseases that impact public
health. There are 3 broad mechanisms for how a smart speaker can interact with a person to improve health. These include (1)
as an intelligent conversational agent, (2) as a passive identifier of medically relevant diagnostic sounds, and (3) by active sensing
using the device's internal hardware to measure physiologic parameters, such as with active sonar, radar, or computer vision.
Each of these different modalities has specific clinical use cases, all of which need to be balanced against potential privacy
concerns, equity concerns related to system access, and regulatory frameworks which have not yet been developed for this unique
type of passive data collection.

(JMIR Mhealth Uhealth 2022;10(2):e28686)   doi:10.2196/28686
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Background

The rapid dissemination and adoption of smart speakers has
enabled substantial opportunities to improve human health. Just
as the introduction of the mobile phone led to considerable
health innovation, and ultrasound enabled new opportunities
for point-of-care diagnosis and procedural optimization, smart
speaker computing systems carry several unique advantages
that can catalyze new fields of research, particularly in
out-of-hospital environments. The recent rise and ubiquity of
these smart computing systems, which are often cheaper than
smartphones and substantially less expensive than medical grade
equipment, holds significant potential for enhancing chronic
disease management, enabling passive identification of
unwitnessed medical emergencies, detecting subtle changes in
human behavior and cognition, limiting isolation, and potentially

allowing widespread, passive, remote monitoring of
respiratory-based infectious diseases which impact public health,
all while still providing general utility for users. Advances in
machine-based classification of disease states, capable of being
run on-device and securely in the cloud, can enable rapid
diagnostic and predictive functions at a low cost while
preserving privacy. This confluence of factors has created a
significant opportunity involving these devices, which currently
reside in 1 of 4 US households, when applied thoughtfully to
carefully chosen health conditions [1].

What Are Smart Speakers and How Are
They Different From Smartphones?

At its most basic form, a smart speaker is a system comprising
a speaker, a microphone array, an embedded computer, a
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software- and machine learning–based intelligent assistant, and
wireless connectivity that enables data integration with the
cloud, nearby smart devices, and other information technology
(IT) infrastructures outside of the home. The increasing
computational horsepower of embedded platforms coupled with
advances in machine learning have enabled on-device
capabilities that remove the need to transmit audio to the cloud.
As such, the system has the capability to continuously monitor
the home environment and instruct a patient on or converse with
them about a medically relevant topic, identify health-related
audible biomarkers, sense the environment for contextually
relevant health-related motion, and much more. And because
these computing systems have wireless capability, they can
transmit data to the cloud for secure storage and analysis, if
desired. Such connectivity also, in theory, enables integration
with medical IT infrastructures, so a trained provider can
interpret, triage, and act upon relevant information from a smart
speaker, or in an emergent context, connect with an emergency
response system (eg, 911) to summon help. Key differentiators
of these devices compared to mobile phones include that they

are plugged in, thus avoiding power constraints that are
associated with charging a device; they are predominantly
stationary, enabling long-term, passive, and continuous
monitoring; and their range of measurements is greater than a
phone, which generally must be interacted with when it is
directly in a user’s hands. The inherent constraints of their
placement, moreover, provide a substantive benefit by reducing
the number of “edge cases” that invariably arise when building
intelligent sensing systems. Yet, perhaps smart speakers’biggest
advantage over mobile phones and other wearable devices is
their ability to foster compliance [2,3] by not requiring patients
to wear or do anything after initial setup (ie, they can be truly
“set and forget”). 

Against this background, there are 3 broad mechanisms for how
a smart speaker can interact with a patient to improve health.
These include (1) as an intelligent conversational agent, (2) as
a passive identifier of medically relevant diagnostic sounds,
and (3) by active sensing using the device’s internal hardware
to measure physiologic parameters, such as with active sonar,
radar, or computer vision (Figure 1).

Figure 1. Overview of how smart speakers can enhance health and well-being.

Smart Speakers as Health Conversation
Agents

The first deployed and most straightforward use for smart
speakers is as intelligent conversational agents and facilitators.

These applications generally rely on voice user interfaces
(VUIs), which enable the user to interact with the system using
their voice and allow them to receive medically relevant auditory
feedback [4]. In the home environment, conversational use cases
include the system providing reminders to take medications,
retrieving recent lab results (eg, blood sugar), managing medical
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appointments, and tracking wellness goals [5]. These systems
are also capable of reducing isolation, particularly in older
adults, by providing a low-barrier way to facilitate
communication (eg, with family members, caretakers, social
workers), and detecting signals in the environment where a
check-in may be warranted (eg, a change or reduction in
activities of daily living). Outside of the home, these devices
also have a role in the clinic and the inpatient environment.
Within the clinic, these devices may soon be used to help
liberate physicians from their computers, as provider-patient
conversations are passively captured, parsed, and analyzed to
efficiently document medical encounters [6]. Devices have also
been deployed in hospitals, particularly in patient rooms,
primarily as a way to improve the patient experience [7], and
in the era of COVID-19, to provide a crucial means of
communication with the care team and family members unable
to visit the patient [8].

Classification of Medically Relevant
Diagnostic Sounds

The next level of interaction with these devices is as a classifier
of medically relevant, contextually appropriate biosignals that
represent signs and symptoms of disease. There have been major
advances in sound classification research in the computing
community [9-11] that have implications for medically
informative audio [12]. Researchers are examining publicly
available data sets from the computing community, such as
AudioSet [13], to relabel and train new models for medically
relevant sounds [14]. In this use case, which would predominate
in home environments, the computing system classifies certain
audible biomarkers for the purposes of diagnosis or to better
inform disease management. Similar to invoking certain trigger
words (eg, “Hey Siri,” “Alexa,” “Hey Bixby,” “OK, Google”),
these systems are capable of passively identifying specific audio
signatures that are contextually relevant and of medical utility.
Building on classification guidance from the National Institutes
of Health (NIH) and the US Food and Drug Administration
(FDA), Coravos et al [15] have proposed a useful framework
of digital biomarkers, which classifies signals as they relate to
susceptibility or risk, diagnosis, monitoring, prognostication,
and prediction. These audio biomarkers can be used to detect
and classify coughs [16,17], discern voice changes arising from
neurodegenerative diseases such as Parkinson disease [18] or
dementia [19], characterize voice changes related to depression
[20,21] or other mental illnesses [22], classify breathing patterns
associated with obstructive sleep apnea (OSA) [23], identify
deteriorating asthma [24], and even identify unwitnessed cardiac
arrest by detecting the presence of agonal breathing [11].

Active Sensing Using Smart Devices

The final way that these computing systems can be used is
perhaps the most innovative and involves turning these devices
into contactless active sensing systems using computer vision,
sonar, or radar for the purposes of physiologic monitoring. If
the smart speaker has a camera, this enables important diagnostic
capabilities aided by computer vision, which enables a machine
to make inferences based on dynamic images and subtle changes

in pixelation. Notable potential use cases for computer vision
include the detection of falls [25], respiratory and heart rate
monitoring [26,27], identifying significant changes in activity
in older populations [28], self-monitoring of physical therapy,
monitoring of acute and chronic wounds [29], and postoperative-
and posthospitalization-based rehabilitation within the home.
In addition, because these devices have speakers and
microphones, they are capable of active sonar and echolocation
utilizing high (>18 kHz), inaudible frequencies to detect
medically relevant motion. Some smart speakers are already
enabling these features for activity sensing and gesture detection.
A benefit of this method is that, because it utilizes inaudible
frequencies, it can collect relevant data while filtering out all
audible speech and thus preserves privacy. Similarly, in
radar-based systems, electromagnetic waves are transmitted
into the environment and phase changes in the reflected signals
can be used to classify medically relevant motion. The potential
use cases of these sonar- and radar-based active sensing
modalities include monitoring of chest motion or breathing [30]
and its perturbations (pertinent for asthma [31], chronic
obstructive pulmonary disease [COPD] [32], OSA [33], and
opioid overdose [34]), sleep disturbance (eg, insomnia),
identification of incipient respiratory infection, measurement
of cardiac activity (eg, heart rate and atrial fibrillation) [35],
monitoring of activity levels based on movement, epilepsy
monitoring, and more.

Privacy

As with any ubiquitous computing system, a critical
consideration relates to privacy, which can mean different things
to different people. For a health monitoring context, this refers
to monitoring that, similar to the default functionality of these
devices, enables continuous “listening,” but only processes and
stores (if the user desires) relevant health data. In practice, using
asthma or COPD as an example, the system would not store or
analyze conversations, though it would recognize, document,
and analyze increases in nocturnal cough or relevant changes
in respiration, such as dyspnea or audible wheezing. It is
important that any health-related data approved to be stored are
stored securely within an environment designed to be compliant
with the Health Insurance Portability and Accountability
Act (HIPAA) and the General Data Protection Regulation
(GPDR), and that the data belong to and are made easily
accessible to individuals. Just as there are potential privacy
concerns associated with smartphones and personal computers,
there is a point where their utility outweighs their real and
perceived privacy concerns. The adoption arc for smart speakers
is undoubtedly affected by these concerns, presenting a
challenge but also an opportunity to develop innovative
privacy-preserving functionality that would make the collection
of health data more comfortable and trustworthy. These efforts
would be greatly enhanced by manufacturers taking
straightforward, transparent actions that foster trust and
maximize control of information for the monitored user.
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Barriers to Implementation and Future
Directions

Although there is tremendous potential for this new computing
platform to potentially improve human health, there remain
several barriers. The first major barrier is the lack of an open
ecosystem, compared to the development environment and
regulatory frameworks for applications that can run on
smartphones, tablets, or PCs. Crucially, there is no app store or
developer environment that provides the level of access to
firmware that would enable flexible development of innovative,
high-quality, medically relevant applications which take
advantage of a device’s internal hardware. For example, unlike
on Android or iOS, a developer cannot leverage the smart
speaker’s camera, individual speaker(s), or microphones for the
purposes of app development. Although the major smart speaker
manufactures allow for the development of “skills” or plug-ins
within a highly constrained design framework, including at least
one enabling secure transmission of health information [36],
they do not offer the openness and flexibility that exists for the
development of health-related applications intended for
smartphones. Such an ecosystem would represent a substantial
opportunity for health-related software development and would
leverage these devices’ full computational capabilities.

Control of data flow for regulatory and HIPAA standards is
also critical in health care use cases. Regulatory organizations,
health system stakeholders, and computing communities need
to come together to develop an agreement on the responsible
use of data for these emerging technologies. In particular, it is
unclear what protections are needed for data generated in the
home that could be used for health purposes compared to data
that is generated in a clinic or hospital encounter, where
protections are clearly enumerated for patient data. Current
regulatory guidance does not take into account these new sources
of data generated in the home, which will have to be addressed
as these computing systems become more common for health
purposes. Relatedly, thoughtful care must be taken when using
voice or medically relevant audio as a passively measured
biomarker. Such measurements are primarily relevant to the
intended monitored user, who would have consented to these
biosignals being collected, processed, and stored. Yet, such a
design has implications when others are in close proximity to
these systems because their biosignals could be captured without
having provided explicit consent. Although there are several
examples of people being monitored in everyday life without
their explicit consent (eg, security-based audiovisual observation
or being in the presence of others’ smart devices), passive health
sensing must be undertaken with particular care given the nature
of the data being collected.

Another critical consideration with passive systems deployed
on ubiquitous devices is the need to minimize false positives.
Generally, it is not wise to use these systems for asymptomatic
screening of healthy populations given the dangers of excessive
false positives. Using these systems to monitor specific patient
populations at risk for certain physiologic perturbations that are
clinically meaningful is more likely to be useful to the patient
and care teams generally. Toward this end, following
identification of a given biomarker or aberrant trend, effective
uses of these systems will likely require a level of interactivity
(via screen or voice) to collect further information, such as
pertinent positives and negatives, before consequential actions
or referrals are executed. Additionally, as these computing
systems mature as tools for research, they will require a research
platform that can enable vetted, high-quality studies at scale,
similar to Apple’s ResearchKit, Sage Bionetwork’s Bridge
Platform, and CareEvolution’s MyDataHelps. Such research is
essential to demonstrate the health utility of these platforms,
which will require actual clinical evidence to gain trust from
patients, care teams and health systems. Finally, when used for
health purposes, it is essential these devices do not exacerbate
health disparities, for example, by being differentially accessible
to certain populations. Concrete ways to reduce inequities
include programs that make smart speakers, when indicated,
accessible to those who desire them but may not be able to
afford the cost. Similarly, if used for health purposes and
prescribed by a care team, these systems should be readily
covered by payers. Lastly, it is imperative that application VUIs
and non-VUIs encompass as many languages as possible and,
particularly for VUIs, that performance differences across
language, age, sex, and gender are actively minimized and
eventually eliminated.

Conclusion

In summary, smart speakers represent a new, ubiquitous
computing platform within our home environments, which hold
considerable untapped potential to improve human health at
low cost, and if done thoughtfully, in ways that foster high
compliance and preserve privacy. The primary health benefits
are likely to be observed with enhanced chronic disease
management, early detection of unwitnessed emergencies and
indolent neurodegenerative processes, and enhancements of the
patient and provider experience in clinic and inpatient
environments. Achieving this unrealized potential will require
smart speaker manufacturers to open their platforms to
developers as they have with smartphones, develop an ecosystem
specifically for medically oriented applications and research,
and enable and relentlessly prioritize privacy-preserving
functionality. 
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Abstract

Background: It is well known that regular physical exercise has associated benefits; yet, participation remains suboptimal.
Mobile health (mHealth) has become an indispensable medium to deliver behavior change interventions, and there is a growing
interest in the gamification apps in mHealth to promote physical activity (PA) participation. Gamification could use game design
elements (such as points, leaderboards, and progress bars), and it has the potential to increase motivation for PA and engagement.
However, mHealth-based gamification interventions are still emerging, and little is known about the application status and efficacy
of such interventions.

Objective: This systematic review aims to investigate gamification apps in mHealth for improving PA levels and simultaneously
summarize the impact of gamification interventions on PA participation.

Methods: We searched PubMed, Scopus, Web of Science, Embase, CINAHL (EBSCO host), and IEEE Xplore from inception
to December 20, 2020. Original empirical research exploring the effects of gamification interventions on PA participation was
included. The papers described at least one outcome regarding exercise or PA participation, which could be subjective self-report
or objective indicator measurement. Of note, we excluded studies about serious games or full-fledged games.

Results: Of 2944 studies identified from the database search, 50 (1.69%) were included, and the information was synthesized.
The review revealed that gamification of PA had been applied to various population groups and broadly distributed among young
people but less distributed among older adults and patients with a disease. Most of the studies (30/50, 60%) combined gamification
with wearable devices to improve PA behavior change, and 50% (25/50) of the studies used theories or principles for designing
gamified PA interventions. The most frequently used game elements were goal-setting, followed by progress bars, rewards, points,
and feedback. This review demonstrated that gamification interventions could increase PA participation; however, the results
were mixed, and modest changes were attained, which could be attributed to the heterogeneity across studies.

Conclusions: Overall, this study provides an overview of the existing empirical research in PA gamification interventions and
provides evidence for the efficacy of gamification in enhancing PA participation. High-quality empirical studies are needed in
the future to assess the efficacy of a combination of gamification and wearable activity devices to promote PA, and further
exploration is needed to investigate the optimal implementation of these features of game elements and theories to enhance PA
participation.

(JMIR Mhealth Uhealth 2022;10(2):e27794)   doi:10.2196/27794
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Introduction

Background
Regular physical activity (PA) correlates with varied physical
and mental health benefits [1-4]. Guidelines reviewed by the
Physical Activity Guidelines Advisory Committee recommended
that even small increases in light-intensity PA participation can
lead to health benefits [5-7]. However, despite proven benefits
of PA participation, approximately one-third of the global adult
population is insufficiently active and fails to fulfill the
minimum PA guideline recommendations [8]. Moreover, an
average adult spends approximately 8 hours of the day in
sedentary mode [9], resulting in poor health outcomes, including
an increased risk of cardiovascular disease and type 2 diabetes
[10,11]. Therefore, innovative behavior change interventions
are required to improve PA levels.

Mobile health (mHealth), as defined by the American Heart
Association’s scientific statement, is “the use of mobile
computing and communication technologies (eg, mobile phones,
wearable devices) for health services and information” [12]. It
has become an essential medium to bring about behavior change
interventions and has demonstrated a promising role in
improving PA levels [13]; for example, wearable activity
trackers enable users to objectively monitor their PA levels
when used in conjunction with a mobile app. The real-time
feedback relating to daily steps from the app may provide
ongoing support and motivation for maintaining healthy PA
behavior [14].

Gamification is the use of game design elements (such as points,
leaderboards, progress bars, and badges) in nongame contexts
(such as management, education, marketing, and health care)
to increase motivation and engagement [15]. There is a growing
interest in the application of gamification in mHealth to promote
healthy behavior change [16-19], especially in promoting PA
levels [20]. For example, Patel et al [21] used gamification
combined with social incentives to reward behaviors and finally
increased PA among adults who were overweight and obese.
As the concept of gamification is relatively new [15], empirical
evidence is still emerging on the efficacy of gamification PA
behavior change interventions.

To the best of our knowledge, no systematic review of
quantitative studies has assessed the efficacy of gamification
on PA behavior change. A systematic review in 2016 examined
the amount and quality of empirical evidence for the efficacy
of gamification on health and well-being [19]; however, the
wide variability in gamification studies was limited in terms of
the conclusions that could be drawn. Besides, the use of
gamification in behavior change interventions is a young but
rapidly growing research field; therefore, it would be timely to
conduct a systematic review that combines all the empirical
evidence related to the efficacy of gamification on PA
participation.

Aims
This systematic review aims to explore gamification apps in
mHealth for improving PA levels and simultaneously summarize
the effects of gamification interventions on PA participation.

Specifically, this study aims to (1) determine the most
commonly used type of mHealth (eg, wearable devices and
mobile apps) to deliver PA gamification interventions, (2)
describe the most commonly used game elements applied to
mHealth for improving PA levels, (3) determine the behavior
change theories used in PA gamification interventions, and (4)
summarize the impact of gamification interventions on PA
outcomes (including daily step counts and time spent in PA)
and sedentary behavior.

Methods

Operationalizing Gamification
Gamification was defined and operationalized as the use of
digital game elements in nongame contexts, which needs to be
differentiated from creating immersive, full-fledged games as
in serious games [15,22]. Serious games, sometimes referred
to as games with a purpose, provide pure gaming experiences
by creating a complete and immersive game (eg, augmented
reality exergames such as Pokémon Go), whereas gamification
attempts to affect users’ behavior and motivation through an
experience reminiscent of games using game elements such as
badges and points (eg, a wearable device combined with a
mobile app used points and leaderboards to promote PA levels).
However, the actual difference between the 2 concepts could
be vague and highly subjective [22]. In cases where the concepts
were indistinguishable, 3 investigators (LX, XY, and FL)
discussed the issue and arrived at the final decision.

Search Strategy
This systematic review was conducted according to the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines and Cochrane guidelines for
systematic reviews [23,24]. Candidate papers were searched in
PubMed, Scopus, Web of Science, Embase, CINAHL (EBSCO
host), and IEEE Xplore from inception to December 20, 2020.
In addition, relevant papers from other systematic reviews were
included. The search strategy used controlled vocabulary
(Medical Subject Headings), natural language terms, and
synonyms. The search keywords were gamification, game
element, and physical activity. Multimedia Appendix 1 provides
further details on the search strategy.

Selection Criteria
The search results were imported into EndNote X9 (Clarivate)
citation management software after removing the duplicates.
All titles and abstracts of the candidate papers were screened
by 2 investigators (LX and XZ). After the initial screening, 2
other investigators (MS and YP) independently reviewed the
full text of the identified papers. Papers that fulfilled the
following criteria were included in the systematic review:

1. Original empirical research, including qualitative and
quantitative research (must be experimental research).
Reviews (eg, systematic reviews, meta-analyses, narrative
reviews, and scoping reviews), design documents,
nonexperimental research, and protocols were excluded.

2. Peer-reviewed papers such as published papers, doctoral
theses, and conference papers.

3. Full text is available in English.
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4. Clearly specify gamification or the use of at least one game
element. Research where gamification was only mentioned
but not analyzed was excluded.

5. Gamification is delivered through digital devices (eg, PCs,
tablets, smartphones, and wearable devices).

6. The purpose of gamification is to promote PA.
7. Serious games and full-fledged games (eg, video games as

well as immersive virtual reality games and augmented
reality exergames) were excluded.

8. The papers describe at least one outcome regarding exercise
or PA participation, which could be subjective self-report
or objective indicator measurement.

9. If there was a dispute over a reference, help from a third
investigator was sought to resolve the issue and arrive at a
final agreement.

Study Quality
The quality of both the randomized controlled trials (RCTs)
and quasi-experimental studies was evaluated by 2 authors (LX
and MS). For all studies included in the systematic review, we
performed a quality assessment using the Cochrane Effective
Practice and Organization of Care Group controlled
before-and-after studies risk-of-bias assessment recommendation
[25]; this risk-of-bias assessment tool was equally applicable
to the quality assessment of RCTs and quasi-experimental
studies. A total of 9 risk-of-bias criteria, including selection,
performance, and reporting, were used to assess the included
studies for potential bias; besides, each criterion was rated as
low risk, high risk, or unclear risk. We summarized the quality
evaluation results using a diagram. Any disputes were resolved
through discussion with a third investigator (Tianzhuo Y) to
reach a final agreement.

Data Extraction and Analysis
Working independently, 2 investigators (Tianyue Y and XL)
extracted information from the selected studies into a prepared
Microsoft Access form that was developed specifically for this
systematic review. In cases of disagreement, the final decisions
were taken after a discussion between the 2 investigators
(Tianyue Y and XL). The recorded data in the systematic review
included the name of the first author, publication year, country,
study design, participant characteristics (population type, mean

age, and percentage of the participants who were women),
intervention characteristics (sample size, study setting, modality,
and duration), gamification characteristics (game name, game
elements, and theory used), and PA outcomes (PA measure,
domains, and results). For the systematic review, the PA results
comprised daily step counts, time spent in light PA (LPA),
moderate PA (MPA), vigorous PA (VPA), moderate to vigorous
PA (MVPA), percentage of goal reached, and PA motivation.
Because of multiple definitions proposed for the term
gamification, the subsequent classification methods of game
elements were also divided. In this study, we used a combination
of the taxonomy of game elements provided by Cugelman [26],
Johnson et al [19], Lister et al [17], Sardi et al [16], and Vermeir
et al [27]. The studies included in the systematic review had
variations in study designs and insufficient data, which did not
allow us to perform a meta-analysis. Therefore, we present the
analysis of the PA outcomes and sedentary behavior in the form
of a narrative review, with the results summarized in a table.
Furthermore, we compared the inconsistencies of the
intervention and gamification features between positive and
negative studies to identify potential explanations.

Results

Search Results
A total of 4569 papers were identified through database
searching, and an additional 6 papers were identified through
other sources. Of these 4575 papers, after removal of duplicates,
2944 (64.35%) were screened by title or abstract. Of these 2944
papers, 2854 (96.94%) were excluded because they did not meet
the inclusion and exclusion criteria, leaving 90 (3.06%) for
full-text review. After careful evaluation, 44% (40/90) of the
papers were excluded for the following reasons: 18% (7/40)
were reviews, protocols, or design documents; 13% (5/40) were
not experimental studies; 3% (1/40) did not refer to gamification;
the gamification of 8% (3/40) was not delivered by means of a
digital device; the full texts of 40% (16/40) were not available
in English; and 20% (8/40) had duplicate data from the same
patients. Finally, of the 90 studies, 50 (56%) were included and
evaluated in our systematic review. Figure 1 shows the profile
of the study selection.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram of search results.

Study Characteristics
Multimedia Appendix 2 [21,28-76] presents the characteristics
of all 50 papers included in our systematic review. The studies
were published between 2013 and 2020, and 84% (42/50) were
published after 2015, which indicated that research on using
gamification to enhance PA was an emerging field and had a
rapidly rising trend. The studies were distributed globally: 36%
(18/50) in European countries, 24% (12/50) in the United States,
16% (8/50) in Asian countries, 10% (5/50) in Canada, 8% (4/50)
in Australia, 4% (2/50) in Brazil, and 2% (1/50) in Singapore.
The studies that were selected were primarily from two different
types: RCTs (24/50, 48%) and quasi-experimental studies
(26/50, 52%). Of the 26 quasi-experimental studies, 7 (27%)
used a non-RCT design and 19 (73%) used a single-group
pretest–posttest design. Both the RCTs and non-RCTs used a
between-group design with 2, 3, 4, and 5 groups.

Participant Characteristics
The systematic review included a total of 9977 participants, and
evaluation was performed. Sample sizes varied from 7 to 3637
participants, with 84% (42/50) of the sample sizes consisting

of <200 participants. When reported (45/50, 90%), participant
types in 58% (26/45) of the studies were classified as low risk,
including healthy adults (10/45, 22%), healthy adolescents (5/45,
11%), children (5/45, 11%), undergraduate students (3/45, 7%),
and family (3/45, 7%), whereas participant types in 42% (19/45)
of the studies were classified as high risk, including older adults
(5/45, 11%); adults who were overweight or obese (4/45, 9%);
insufficiently active people (3/45, 7%); and patients with
rheumatoid arthritis (1/45, 2%), chronic obstructive pulmonary
disease (1/45, 2%), childhood cancer (1/45, 2%), chronic back
pain (1/45, 2%), coronary heart disease (1/45, 2%), ovarian
cancer (1/45, 2%), and type 2 diabetes (1/45, 2%), indicating
that the gamification of PA had been applied to a variety of
population groups. The age of the participants ranged from 8
to 71 years, with the gamification interventions broadly
distributed among young people but less distributed among
older adults and patients with a disease. The proportion of
women varied from 0% to 88%; of the 50 studies, 1 (2%)
included only male participants and 7 (14%) did not report the
gender ratio.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e27794 | p.24https://mhealth.jmir.org/2022/2/e27794
(page number not for citation purposes)

Xu et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Intervention Characteristics
Most of the study interventions (35/50, 70%) were conducted
on the web, 12% (6/50) at homes, 8% (4/50) at schools, 4%
(2/50) at workplaces, 4% (2/50) in communities, and 2% (1/50)
in laboratories. The gamification of PA was delivered by means
of several digital methods: mobile apps only (14/50, 28%),
website only (6/50, 12%), activity monitors (eg, wristband and
bracelet) only (7/50, 14%), website combined with activity
monitors (9/50, 18%), and mobile apps combined with activity
monitors (14/50, 28%), showing that most of the studies (30/50,
60%) combined gamification with wearable devices to improve
PA behavior change. To be more specific, most of the wearable
devices used in gamification were wrist worn (eg, Fitbit). The
duration of the intervention ranged from 72 hours to 2 years;
most (38/50, 76%) had no follow-up duration, indicating that
further evaluations of PA gamified interventions are required
to determine longer-term sustainability in the future.

Gamification Characteristics
Table 1 and Figure 2 show the gamification characteristics of
the studies included in our systematic review. The number of
game elements used in PA gamified interventions ranged from
1 to 10, with most including 5 game elements. The most
frequently used game elements were goal-setting, followed by
progress bars, rewards, points, and feedback.

Of the 50 studies, 25 (50%) used theories or principles for
designing gamified PA interventions. As depicted in Table 2,
self-determination theory (SDT) was used in 32% (8/25) of the
studies, behavioral economics (BE) in 20% (5/25), social
cognitive theory in 12% (3/25), theory of planned behavior in
12% (3/25), behavior change technology in 12% (3/25), the
transtheoretical model in 12% (3/25), the Whole Person
Wellness Model in 4% (1/25), theories of perceived value in
4% (1/25), fun theory in 4% (1/25), sociocognitive learning
theory in 4% (1/25), and the health action process approach in
4% (1/25). Furthermore, most of the studies (22/25, 88%) used
a single theory and 12% (3/25) used a combination of 2 theories.

Table 1. Type of game elements used in the selected studies (N=50).

Values, n (%)Game elements

Achievement and progression oriented

6 (12)Challenges

30 (60)Goal-setting

21 (42)Feedback

26 (52)Progress bars

22 (44)Points

7 (14)Levels

12 (24)Leaderboards

6 (12)Badges

25 (50)Rewards

Social interaction oriented

16 (32)Competition

16 (32)Collaboration

2 (4)Social support

Immersion oriented

9 (18)Story or theme

2 (4)Avatars
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Figure 2. Number of game elements used in the selected studies.

Table 2. Number of theories and principles used in the selected studies (N=25).

Values, n (%)Theory

8 (32)SDTa

5 (20)BEb

3 (12)SCTc

3 (12)TPBd

3 (12)BCTe

3 (12)TTMf

1 (4)WPWMg

1 (4)Theories of perceived value

1 (4)Fun theory

1 (4)Sociocognitive learning theory

1 (4)HAPAh

aSDT: self-determination theory.
bBE: behavioral economics.
cSCT: social cognitive theory.
dTPB: theory of planned behavior.
eBCT: behavior change technology.
fTTM: transtheoretical model.
gWPWM: Whole Person Wellness Model.
hHAPA: health action process approach.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e27794 | p.26https://mhealth.jmir.org/2022/2/e27794
(page number not for citation purposes)

Xu et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Assessment of Study Quality
As mentioned in Figure 3, the quality of the 50 studies included
in the systematic review was summarized using the Cochrane
Effective Practice and Organization of Care Group risk-of-bias
criteria. Generally, 58% (29/50) of the studies performed well,

with at least 6 of the 9 evaluation criteria reported as low risk.
As the RCTs and single-group pretest–posttest studies involved
random sequence generation and allocation concealment, they
were high risk. Furthermore, because 38% (19/50) of the studies
had no control group, the applicable criteria relating to
between-group comparisons were not fulfilled.

Figure 3. Risk-of-bias summary [21,28-76].
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Effects of Gamification on Outcome of PA
The PA behavior domains comprised daily step counts, time
spent in LPA, MPA, VPA, and MVPA measured by objective
activity monitors (34/50, 68%) or self-reported questionnaires
(16/50, 32%). Multimedia Appendix 3 [21,28-76] provides a
detailed summary of outcome measures, domains, and results
for all included studies. Table 3 includes a summary of selected

outcomes by study design. The controlled studies compared the
differences between the intervention group and the control
group, and the single-group studies simply compared the
pre–post data in 1 group. Moreover, we compared the
differences in intervention and gamification characteristics
between positive and negative studies to identify potential
reasons in Multimedia Appendix 4 [21,28-56,58-62,
64,66-72,74,76].
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Table 3. Summary of selected outcomes by study design in the included studies (N=50).

Quasi-experimental studies (study and effect)Outcome and studies that assessed them

(randomized controlled trials [study and effect])

Single-group (pre–post) studiesNonrandomized controlled studies

Step counts (n=23)

Ahn et al [29]bCoombes et al [33]aCorepal et al [34]a

Altmeyer et al [30]bMuangsrinoon et al [52]cDireito et al [36]a

Chung et al [32]dSantos et al [60]cGonze et al [39]a

Shameli et al [61]bTong et al [67]cHöchsmann et al [45]d

Tabak et al [64]dWalsh et al [70]aKurtzman et al [47]a

Takahashi et al [65]d—eLier et al [48]c

Wright et al [73]d—Nishiwaki et al [53]c

——Patel et al [54]c

——Patel et al [21]c

——Pope et al [55]a

——Tu et al [68]c

Time spent in overall PAf (n=15)

Altmeyer et al [30]bMo et al [51]cAllam et al [28]b

Burkow et al [31]d—Gotsis et al [40]a

Harris [44]b—Haque et al [43]c

Lowensteyn et al [49]b—Maher et al [50]a

Razikin et al [59]b—Nishiwaki et al [53]c

Steinert et al [62]b—Riva et al [58]a

Villasana et al [69]a—Thorsteinsen et al [66]a

Wong et al [72]b——

Time spent in LPAg (n=7)

—Mo et al [51]cCorepal et al [34]a

—Yacef et al [74]aDadaczynski et al [35]c

——Direito et al [36]a

——Maher et al [50]c

——Zuckerman et al [76]c

Time spent in MPAh (n=6)

—Mo et al [51]cCorepal et al [34]a

—Yacef et al [74]cDadaczynski et al [35]a

——Direito et al [36]a

——Maher et al [50]a

Time spent in VPAi (n=6)

—Mo et al [51]cCorepal et al [34]a
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Quasi-experimental studies (study and effect)Outcome and studies that assessed them

(randomized controlled trials [study and effect])

Single-group (pre–post) studiesNonrandomized controlled studies

—Yacef et al [74]cDadaczynski et al [35]a

——Direito et al [36]a

——Maher et al [50]a

Time spent in MVPAj (n=9)

Fuemmeler et al [38]bCoombes et al [33]cCorepal et al [34]a

Kouwenhoven-Pasmooij et al

[46]b
—Direito et al [36]a

Wilson et al [71]a—Edney et al [37]a

——Guthrie et al [41]c

——Ha et al [42]c

Sedentary behavior (n=4)

Fuemmeler et al [38]bYacef et al [74]aDireito et al [36]c

——Pyky et al [56]a

Percentage of goal reached (n=3)

——Patel et al [54]c

——Patel et al [21]c

——Zuckerman et al [76]c

PA motivation (n=3)

Reynolds et al [57]d—Zhao et al [75]c

Strand et al [63]b——

aThe between-group difference or the pre–post difference is not significant.
bThe pre–post difference between groups is statistically significant.
cThe difference between the intervention and control groups is statistically significant.
dThere is a trend toward improvement, but the improvement is not significant.
eNot available.
fPA: physical activity.
gLPA: light physical activity.
hMPA: moderate physical activity.
iVPA: vigorous physical activity.
jMVPA: moderate to vigorous physical activity.

Step Counts
Of the 50 included studies, 23 (46%) assessed the impact of PA
gamification interventions on step counts. Of these 23 studies,
11 (48%) were RCTs, 5 (22%) were non-RCTs, and 7 (30%)
were single-group studies. As depicted in Table 3, the results
were quite consistent between the controlled studies and the
single-group studies. The controlled studies (16/23, 65%)
reported mixed results; 50% (8/16) [21,48,52-54,60,67,68]
reported that the gamification interventions exerted a positive
impact on step counts, 44% (7/16) [33,34,36,39,47,55,70]
reported that no difference existed between the intervention and
control groups for step counts, and 6% (1/16) [45] suggested a

trend toward an increase in step counts after the gamification
interventions, although the difference was not significant. The
single-group studies (7/23, 30%) also reported mixed results;
43% (3/7) [29,30,61] reported that the pre–post difference within
groups was statistically significant for step counts, whereas 57%
(4/7) [32,64,65,73] reported that the pre–post difference was
not significant.

Time Spent in PA

Overview
Of the 50 included studies, 8 (16%) controlled studies and 8
(16%) single-group studies assessed the time spent in PA, as
shown in Table 3, and the results were quite different between
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the controlled studies and the single-group studies. In the
controlled studies, only 3 (3/8, 38%) [43,51,53] reported that
the difference between the intervention and control groups was
statistically significant. However, for the single-group studies,
most of the studies (6/8, 75%) [30,44,49,59,62,72] demonstrated
that the time spent in PA significantly increased after the
gamification intervention. Only the study by Villasana et al [69]
reported no trend toward improvement; the pre–post difference
was not significant after the gamification intervention, and the
study used just 1 game element (challenge) and did not use any
theory (Multimedia Appendix 4).

We further examined the impact of gamification interventions
on LPA, MPA, VPA, and MVPA.

Impact on LPA
Among the 50 included studies, time spent in LPA was assessed
in 5 (10%) RCTs [34-36,50,76] and 2 (4%) non-RCTs [51,74]
with mixed results. Of the 5 RCTs, 3 (60%) [35,50,76] showed
that compared with the control groups, the intervention groups
spent more time in LPA; however, the other 2 (40%) RCTs
[34,36] reported that the differences between the intervention
and control groups were not significant. In the non-RCTs, the
study by Mo et al [51] reported that the gamification intervention
exerted a positive impact on LPA, whereas the study by Yacef
et al [74] reported no significant difference between the
intervention and control groups. After comparing these 2 studies,
we found that applying multiple and integrated gamification
elements (>2 game elements) could be associated with positive
effects on LPA.

Impact on MPA
Of the 50 included studies, 4 (8%) RCTs [34-36,50] and 2 (4%)
non-RCTs [51,74] measured the time spent in MPA; the 4
(100%) RCTs [34-36,50] reported that the differences between
the intervention and control groups were not significant, whereas
the 2 (100%) non-RCTs [51,74] showed significant effects. The
difference in the results between the RCTs and the non-RCTs
could be attributed to the selection bias in the non-RCTs.

Impact on VPA
Among the 50 included studies, the outcomes of VPA were
reported in 4 (8%) RCTs [34-36,50] and 2 (4%) non-RCTs
[51,74]; of note, the results were different between these 2 types
of studies. The RCTs [34-36,50] reported that no difference
existed between the intervention and control groups for VPA;
however, the non-RCTs [51,74] reported that the VPA was
significantly increased in the intervention group compared with
the control group.

Impact on MVPA
Of the 50 included studies, 9 (18%) studies reported the time
spent in MVPA. Of these 9 studies, 6 (67%) were controlled
studies [33,34,36,37,41,42] and 3 (33%) were single-group
studies [38,46,71]; the results in both were mixed. In the 6
controlled studies, 3 (50%) [33,41,42] reported that the
gamification intervention had positive effects on MVPA,
whereas 3 (50%) [34,36,37] reported no significant difference
between the intervention and control groups. In the 3
single-group studies, the pre–post difference between the groups

for time spent in MVPA was significant in 2 (67%) studies
[38,46] but not in the study by Wilson et al [71].

Effects of Gamification on Sedentary Behavior
Sedentary behavior was reported as daily sitting time. Of the
50 included studies, 2 (4%) RCTs [36,56], 1 (2%) non-RCT
[74], and 1 (2%) single-group study [38] reported this outcome;
the results of the controlled studies were mixed, but the
single-group study reported that the gamification intervention
exerted a positive impact on sedentary behavior. In the 3
controlled studies, 1 (33%) RCT [36] reported that the
intervention group spent less time in sitting compared with the
control group, whereas the 2 (67%) other studies [56,74]
reported no statistically significant differences between the
intervention and control groups for daily sitting time. However,
the single-group (pre–post) study [38] reported a significant
decrease after the gamification intervention.

Discussion

Principal Findings
This study aims to offer a review of the gamification of PA. A
total of 50 studies were included in the systematic review,
suggesting that gamification in PA was still developing and
lacked high-quality empirical research that could validate the
efficacy of such interventions. The review revealed that
gamification of PA had been applied to a variety of population
groups and broadly distributed among young people but less
distributed among older adults and patients with a disease. Most
of the studies (30/50, 60%) combined gamification with
wearable devices to improve PA behavior change. The most
frequently used game elements were goal-setting, followed by
progress bars, rewards, points, and feedback; besides, the most
used theory in PA gamification was SDT. This systematic
review revealed mixed findings for the efficacy of gamification
interventions for improving PA participation and sedentary
behavior. Both controlled studies and single-group studies
reported mixed results on step counts, MVPA, and sedentary
behavior. In addition, the controlled studies reported mixed
results on time spent in LPA, MPA, and VPA. However, most
of the single-group studies (6/8, 75%) revealed that gamified
interventions might positively affect time spent in overall PA.
Of note, these findings were limited because of the small number
of studies.

Gamification and mHealth
In the systematic review, the types of mHealth technologies
used for delivering PA gamification interventions varied, with
most of the studies using activity monitors (30/50, 60%),
followed by mobile apps (28/50, 56%). To be more specific,
most of the wearable devices used were wrist worn (eg, Fitbit).
There is a growing interest in the use of wearable activity
trackers to facilitate behavior management, when combined
with the use of mobile apps; they might enhance users’
motivation for PA and help to better manage their health [77,78].
Wearable activity trackers could provide real-time feedback
related to daily steps and energy expenditure by means of
specifically designed algorithms or through health professionals
[79,80], and when combined with gamification, they may
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markedly help in improving PA motivation and participation.
However, there are few high-quality empirical studies. Thus,
more empirical research is required in the future to explore the
efficacy of a combination of gamification and wearable activity
devices in promoting PA.

Game Elements Used in PA Gamification
In the systematic review, the most frequently used game
elements were achievement and progress oriented, such as
goal-setting, progress bars, rewards, points, and feedback, which
is consistent with previous reviews [26,27], suggesting that
these were also the most frequently used elements in PA
gamification interventions. Goal-setting (30/50, 60%) is a key
technique for behavior change [26], and when it is combined
with progress and feedback, it could markedly facilitate intrinsic
motivation [81]. However, few scholars believe that rewards
promote extrinsic motivation compared with intrinsic
motivation; therefore, there may be a poor maintenance effect
of the interventions [82].

The second most frequently used game elements in PA
gamification interventions were social interaction oriented, such
as competition and collaboration; these 2 elements increase
users’ experience of fun and promote motivation for PA
participation through social incentives. However, studies have
demonstrated that different types and applications of social
incentives might affect the efficacy of gamification interventions
[21]. For example, gamification with collaboration among
families led to significant increases in PA; however, the
intervention was ineffective when conducted with participants
who were previously unknown to each other [21,54]. Among
such participants, competition became a more effective incentive
method to promote PA. Therefore, future research needs to
investigate the efficacy of gamification combined with different
types of social incentives to promote PA participation.

Gamification and Behavior Change Theories
In the systematic review, half of the studies used theories or
principles for designing gamified PA interventions, and SDT
(8/25, 32%) was the most commonly used theory, followed by
BE (5/25, 20%). These findings were consistent with a previous
systematic review [19]. SDT is a well-established motivation
theory that has become a key framework for health behavior
interventions because the motivation of individuals was
recognized as the main factor driving behavior change [83].
However, intrinsic motivation or extrinsic motivation has
different effects on behavior change, and existing research
reveals that intrinsic motivation can promote not only behavior
change in a more stable manner but also psychological and
social well-being [19]. Hence, future research could consider
applying gamification to promote intrinsic motivation to aid in
improving PA participation.

The second most commonly used theory in PA gamification
interventions was BE. In recent years, there has been a trend to
use BE principles to guide interventions for improving PA [84].
From the perspective of BE principles, the decision to participate
in PA is considered an investment in future health. An individual
who is willing to pay the immediate costs of PA (eg, time and
energy expenditure) to obtain health benefits in the future is

regarded as having patient time preferences. We identified some
predictable decision biases and chose interventions that persuade
patients to choose a healthier decision (eg, participating in PA).
Common BE principles embedded within PA gamification
interventions included loss aversion, regret aversion,
precommitment, and social norms [21,54].

Effects of Gamification on PA and Sedentary Behavior
Overall, the evidence regarding the use of gamification to
facilitate PA participation was inconclusive. Therefore, it is
essential to consider potential explanations for the
inconsistencies between the positive and negative studies.
Regarding the time spent in overall PA, the positive impact of
gamified interventions on PA was observed in 75% (6/8) of the
single-group studies; these findings were consistent with a
previous published systematic review [19], which reported that
the positive impact of gamified interventions on PA was
observed in 80% (8/10) of the studies. We further compared the
differences in intervention and gamification characteristics
between positive and negative studies. Of the 8 single-group
studies, only 1 (13%) showed no trend toward improvement,
and the pre–post difference was not significant in terms of the
time spent in overall PA after the gamification intervention; the
study used just 1 game element (challenge) and did not use any
theory. These findings revealed that a combination of multiple
game elements could be more effective for PA participation
than a single game element, and gamification intervention using
theory guidance could be more effective than a gamification
intervention without any theory guidance. Furthermore, we tried
to identify the appealing game features that could be associated
with a positive effect; however, it is difficult to draw a definite
conclusion because many studies have applied ≥2 gamification
elements, and we cannot separate them to make a judgment. In
addition, some of the studies [9,39] reported that participants
liked the self-monitoring of progress and leader board aspects,
which might be associated with the positive effect on PA
outcomes. However, this should be interpreted with caution
because of the heterogeneity of the selected studies.

Regarding the time spent in MPA and VPA, of the 50 included
studies, 6 (12%) controlled studies measured the time spent in
MPA and VPA and reported mixed results; the results differed
between RCTs and non-RCTs. The bias in the non-RCTs could
have potentially led to positive results. Our study reported mixed
effects of gamification on daily sitting time. As far as we know,
this is the first systematic review to report the impact of
gamification on sedentary behavior; however, the results were
limited because there were only a few high-quality empirical
studies.

Limitations
Our study includes several limitations. First, because of the
variability and heterogeneity of the research interventions and
results, the evidence might not be sufficiently strong to
determine whether gamification effectively improves PA
participation. Second, the studies included in the systematic
review had variations in study design and insufficient data,
which did not allow a meta-analysis. Third, although the
population was diverse, the original articles had insufficient
data, which prevented us from conducting a subgroup analysis
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based on the population. Fourth, related outcomes were
measured immediately after the end of the intervention period,
and the long-term effects of gamification in most studies were
not observed; therefore, we did not summarize and synthesize
the maintenance effect of the gamification interventions. Fifth,
the differences in game elements, mHealth technology types,
populations, and sample sizes among the included studies might
be a major cause of the heterogeneity. Finally, most selected
studies in our review were conducted using medical registry
databases, which might suffer from an intrinsic risk of coding
imprecision and incompleteness.

Conclusions and Practical Implications
This study demonstrates that gamification interventions can
increase PA participation; however, the results were mixed, and
modest changes were obtained. This could be attributed to the
heterogeneity across studies. Gamification combined with
wearable activity trackers could help individuals to self-monitor
progress and provide fun and motivation to promote
health-related behavior change, especially in improving PA.
Therefore, high-quality empirical studies are required in the

future to examine the efficacy of a combination of gamification
and wearable activity devices to promote PA. Gamification
interventions generally have short-term effects, and ongoing
contact by means of specifically designed algorithms and
through health professionals could increase long-term adherence
to PA participation. Hence, gamification combined with
wearable activity devices has the potential to assist health
professionals to provide ongoing support and motivation to
patients who are physically inactive in terms of adherence to
PA participation. Moreover, this study reveals that a
combination of multiple game elements could be more effective
for PA participation than a single game element, and a
gamification intervention using theory guidance could be more
effective than a gamification intervention without any theory
guidance. The combination of different theories and different
multiple game elements might produce different effects; hence,
further exploration is required to explore the optimal
implementation of these features of game elements and theories
to improve PA participation. Furthermore, future empirical
research on gamification should focus not only on the outcome
of PA but also on the impact on sedentary behavior.
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Abstract

Background: Mobile apps offer an opportunity to improve the lifestyle of patients with chronic conditions or multimorbidity.
However, for apps to be recommended in clinical practice, their quality and potential for promoting behavior change must be
considered.

Objective: We aimed to investigate the quality of health apps for patients with a chronic condition or multimorbidity (defined
as 2 or more chronic conditions) and their potential for promoting behavior change.

Methods: We followed the Cochrane Handbook guidelines to conduct and report this study. A systematic search of apps available
in English or Danish on App Store (Apple Inc) and Google Play (Google LLC) for patients with 1 or more of the following
common and disabling conditions was conducted: osteoarthritis, heart conditions (heart failure and ischemic heart disease),
hypertension, type 2 diabetes mellitus, depression, and chronic obstructive pulmonary disease. For the search strategy, keywords
related to these conditions were combined. One author screened the titles and content of the identified apps. Subsequently, 3
authors independently downloaded the apps onto a smartphone and assessed the quality of the apps and their potential for promoting
behavior change by using the Mobile App Rating Scale (MARS; number of items: 23; score: range 0-5 [higher is better]) and the
App Behavior Change Scale (ABACUS; number of items: 21; score: range 0-21 [higher is better]), respectively. We included
the five highest-rated apps and the five most downloaded apps but only assessed free content for their quality and potential for
promoting behavior change.

Results: We screened 453 apps and ultimately included 60. Of the 60 apps, 35 (58%) were available in both App Store and
Google Play. The overall average quality score of the apps was 3.48 (SD 0.28) on the MARS, and their overall average score for
their potential to promote behavior change was 8.07 (SD 2.30) on the ABACUS. Apps for depression and apps for patients with
multimorbidity tended to have higher overall MARS and ABACUS scores, respectively. The most common app features for
supporting behavior change were the self-monitoring of physiological parameters (eg, blood pressure monitoring; apps: 38/60,
63%), weight and diet (apps: 25/60, 42%), or physical activity (apps: 22/60, 37%) and stress management (apps: 22/60, 37%).
Only 8 out of the 60 apps (13%) were completely free.

Conclusions: Apps for patients with a chronic condition or multimorbidity appear to be of acceptable quality but have low to
moderate potential for promoting behavior change. Our results provide a useful overview for patients and clinicians who would
like to use apps for managing chronic conditions and indicate the need to improve health apps in terms of their quality and potential
for promoting behavior change.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e33168 | p.39https://mhealth.jmir.org/2022/2/e33168
(page number not for citation purposes)

Bricca et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mailto:abricca@health.sdu.dk
http://www.w3.org/Style/XSL
http://www.renderx.com/


(JMIR Mhealth Uhealth 2022;10(2):e33168)   doi:10.2196/33168

KEYWORDS

app; self-management; behavior change; multimorbidity; chronic conditions; health apps; mHealth; mobile health; mobile phone

Introduction

Osteoarthritis, hypertension, type 2 diabetes, depression, heart
conditions, and chronic obstructive pulmonary disease are
among the leading causes of global disability [1]. These
conditions affect millions of people worldwide and are
commonly co-occurring (ie, multimorbidity) [2]. Patients with
chronic conditions have poorer physical and psychosocial health
than those of people without such conditions, and the higher
the number of co-occurring conditions, the greater the impact
on the individual and society [3,4]. Importantly, these conditions
can be prevented and managed by a healthy lifestyle,
highlighting the importance of investigating this population [5].

A healthy lifestyle, which includes physical activity and a
healthy diet, is associated with up to a 6.3-year longer lifespan
for men and a 7.6-year longer lifespan for women with 1 or
more chronic conditions [6]. Different care models and
interventions have been designed and implemented for people
with multiple chronic conditions [7]. Although there is a paucity
of information about the effects of these interventions, physical
activity appears safe and beneficial for people with 1 or more
chronic conditions [8,9]. The use of mobile apps to improve
lifestyle has increasingly gained attention, particularly among
patients with chronic conditions at any stage of their lives
[10-14]. Apps may offer an opportunity to improve the lifestyles
of patients with chronic conditions through, for example,
self-monitoring and behavior change by providing access to
personalized support and motivation anytime [15,16]. However,
although apps are widely used (in 2019, more than 204 billion
apps were downloaded) [17], their quality (eg, engagement and
functionality), content, and potential for promoting behavior
change are unclear [18]. Therefore, this study aimed to provide
an overview of available health apps and their quality, content,
and potential to promote behavior change in patients living with
a chronic condition or multimorbidity.

Methods

This systematic search of health apps was guided by the
recommendations for performing systematic reviews in the
Cochrane Handbook [19], and the protocol was made available
prior to the app screening phase on Open Science Framework
[20].

Eligibility Criteria
We included apps that targeted lifestyle behaviors, such as
physical activity and diet, and were directed at patients with 1
or more of the following conditions (multimorbidity):
osteoarthritis of the knee or hip, heart conditions (heart failure
and ischemic heart disease), hypertension, type 2 diabetes
mellitus, chronic obstructive pulmonary disease, and depression.
The rationale for focusing on these conditions was that they
share a common risk factor (physical inactivity) and
pathogenesis (systemic low-grade inflammation) and the fact

that they are highly prevalent and can co-occur with each other.
Therefore, the anti-inflammatory effects of lifestyle behaviors
may improve the health of this population [21].

Search Strategy and App Selection
We searched the Apple App Store (Apple Inc; iOS) and Google
Play Store (Google LLC; Android) for Danish and English apps.
Two authors (AB and AP) designed the search strategy (Table
S1 in Multimedia Appendix 1), which was adapted from a prior
systematic review [8,22]. One author (AP) performed the search
in October 2020 and screened the titles and descriptions of the
apps. Three authors (AP, GZ, and JA) independently
downloaded the apps onto a smartphone. In pairs, they assessed
the quality of the apps and their potential for promoting behavior
change by using the Mobile App Rating Scale (MARS; number
of items: 23) and the App Behavior Change Scale (ABACUS;
number of items: 21), respectively. The five highest-rated apps
and the five most downloaded apps were included. Quality and
potential for promoting behavior change were only assessed for
the free apps, given that the cost to purchase apps is a barrier
to using mobile health apps [23]. Furthermore, apps were
excluded if they did not target patients (eg, apps that targeted
clinicians or organizations).

Data Extraction and Outcomes
A complete overview of the data extraction process is available
in the study protocol [20]. The following outcomes were
assessed: app quality and the potential to promote behavior
change.

App quality was assessed by using the MARS [24]. This
validated and objective tool allows for the classification and
assessment of the quality of apps. It is a 23-item scale that
includes the following five categories: engagement,
functionality, aesthetics, information quality, and subjective
quality. Each item is assessed on a 5-point scale (1=inadequate;
2=poor; 3=acceptable; 4=good; 5=excellent).

The potential for behavior change was assessed by using the
ABACUS [25]. This validated and objective tool includes 21
items that are grouped into the following four categories:
knowledge and information, goals and planning, feedback and
monitoring, and actions. The score for each item is dichotomous
(yes or no), and an overall score (range 0-21) can be calculated.
The higher the score, the higher the potential for promoting
behavior change.

In addition, we extracted the characteristics of the apps, such
as the number and type of self-monitoring tools (eg, a step count
and BMI calculator), by using the 42matters website [26] for
data that were not available in the iOS and Android stores. Mean
scores for the MARS and ABACUS were calculated by
averaging the ratings across all of the domains of the scales.
The SDs were estimated accordingly.
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Synthesis of Results
We performed a narrative synthesis of the results and presented
the results in a tabular and graphical format.

Results

App Selection and Characteristics
A total of 453 apps were identified, of which 150 were
downloaded and screened for potential eligibility, and 60 were
ultimately included (Figure S1 in Multimedia Appendix 1).
Most of the included apps (35/60, 58%) were available for both
iOS and Android. The apps were all available in English, and
25 out of the 60 apps (42%) were also available in other
languages, including Danish, Arabic, and Chinese. The app size
varied from 2.4 MB to 278 MB. Table S2 in Multimedia
Appendix 1 presents a complete description of the apps.

Quality of the Apps
The overall quality of the apps was acceptable (MARS score:
mean 3.48, SD 0.28; range 0-5). However, apps for depression
tended to have a higher overall MARS score (mean 3.89, SD
0.13), and apps for osteoarthritis tended to have a lower overall
score (mean 3.0, SD 0.48) and lower scores for individual items
of the MARS (Tables S3 and S4 in Multimedia Appendix 1).

Apps’ Potential to Promote Behavior Change
The overall potential for behavior change was low to moderate
(ABACUS score: mean 8.07, SD 2.30; range 0-21). Apps for
patients with multimorbidity tended to have a higher overall
ABACUS score (mean 12.0, SD 3.03), while apps for
osteoarthritis tended to have the lowest overall scores (mean
4.22, SD 2.39) and the lowest scores for the individual categories
of the ABACUS (Figure 1, Table S5 in Multimedia Appendix
1).

Figure 1. Summary of the findings for the quality of apps for osteoarthritis, hypertension, type 2 diabetes, depression, heart conditions, COPD, and
multimorbidity and their potential for promoting behavior change. ABACUS: App Behavior Change Scale; COPD: chronic obstructive pulmonary
disease; MARS: Mobile App Rating Scale.

Features of the Apps That Supported Behavior Change
The most common features presented in the apps that supported
behavior change were the self-monitoring of physiological
parameters (eg, blood pressure monitoring; apps: 38/60, 63%),
weight and diet (apps: 25/60, 42%), or physical activity (apps:
22/60, 37%) and stress management (apps: 22/60, 37%). Only
8 out of the 60 apps (13%) were completely free.

Discussion

Principal Findings
To the best of our knowledge, this is the first study to assess
the quality of health apps for patients with 1 or more chronic
conditions and their potential for promoting behavior change.

The assessed apps' quality is acceptable, but their potential for
promoting behavior change in patients with osteoarthritis,
hypertension, type 2 diabetes, depression, heart conditions,
chronic obstructive pulmonary disease, or multimorbidity is
low to moderate. This highlights the need for future studies to
develop and evaluate apps with both high quality and high
potential for promoting behavior change in patients with chronic
conditions and multimorbidity.

The results of this study are comparable to the results of
systematic reviews that investigated apps’ quality and potential
for promoting behavior change in patients with a single chronic
condition [27-29]. In these reviews, both low to moderate quality
and low to moderate potential for promoting behavior change
were found. Apps for multimorbidity tended to have higher
quality and higher potential for promoting behavior change than
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those of apps for a single chronic condition despite the fact that
research on multimorbidity is still in its infancy [30]. Future
app studies should focus on improving quality and the potential
for behavior change, especially among apps for conditions such
as osteoarthritis, which had the lowest-quality apps [28,31].
Future studies should also test the effectiveness of apps via
high-quality randomized controlled trials.

The features of the apps were similar across the chronic
conditions, including multimorbidity, and focused mainly on
the self-monitoring and tracking of physiological and behavioral
parameters, such as medication intake, step count, and diet. In
contrast, only a minority of apps (22/60, 37%) focused on
psychosocial support, although mental and social health plays
a major role in managing chronic conditions and multimorbidity
[32-34]. This should be kept in mind when designing new apps.

Most of the top-rated and most downloaded apps for patients
with a chronic condition or multimorbidity were not completely
free (52/60, 87%). Notably, there were no free apps for
depression. Nevertheless, the quality of apps for depression and
their potential for behavior change were higher than those of
apps for osteoarthritis, and 78% (7/9) of osteoarthritis apps were
completely free. Although the development of apps has a cost,
1 in 2 smartphone users have never paid for an app [35], and

the cost of apps is a barrier to using them [23]. This should be
considered when designing new app-based interventions.

Limitations
A possible limitation of this study is that we only assessed the
free content of the apps. However, the potential for promoting
behavior change appeared to be similar among free apps and
apps with in-app purchases [27]. Furthermore, we only focused
on English or Danish apps, meaning that our findings may not
be generalizable to apps in other languages. We were also unable
to identify apps targeting patients with ischemic heart disease
and extract data on the characteristics of people who downloaded
the apps (eg, age). This limited the generalizability of the
findings related to apps for heart conditions to apps for patients
with heart failure. This also limited our ability to conduct
stratified subgroup assessments. Finally, the limited number of
apps available for each condition prevented the meaningful
comparison of the MARS and ABACUS subscales within and
between conditions.

Conclusions
Our results provide patients and clinicians with an overview of
apps for managing 1 or more chronic conditions and indicate
the need to improve the quality of apps and their potential for
promoting behavior change, particularly among apps for patients
with osteoarthritis.
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Abstract

Background: There is a need to further investigate how persuasive design principles can change rural health professionals’
behaviors to look after their own health workforce capability. Several theories are used when developing apps to persuade people
to change behavior, including the Persuasive System Design Model, consisting of primary task, dialogue, system credibility, and
social support categories, and Cialdini’s principles of persuasion. These have not been analyzed yet in the field of health workforce
capability.

Objective: This study aims to determine the persuasive design techniques used in capability building–related apps and to provide
recommendations for designing a health workforce app to increase their persuasiveness.

Methods: A Python script was used to extract a total of 3060 apps from Google Play. Keywords centered around health workforce
capability elements. App inclusion criteria were as follows: been updated since 2019, rated by users on average 4 and above, and
more than 100,000 downloads. Next, 2 experts reviewed whether 32 persuasive strategies were used in the selected apps, and
these were further analyzed by capability categories: competencies and skills, health and personal qualities, values and attitudes,
and work organization.

Results: In all, 53 mobile apps were systematically reviewed to identify the persuasive design techniques. The most common
were surface credibility (n=48, 90.6%) and liking (n=48), followed by trustworthiness (n=43, 81.1%), reminders (n=38, 71.7%),
and suggestion (n=30, 56.6%). The techniques in the social support domain were the least used across the different apps analyzed
for health workforce capability, whereas those in the primary task support domain were used most frequently. The recommendations
reflect learnings from our analysis. These findings provided insight into mobile app design principles relevant to apps used in
improving health workforce capability.

Conclusions: Our review showed that there are many persuasive design techniques that can assist in building health workforce
capability. Additionally, several apps are available in the market that can assist in improving health workforce capability. There
is, however, a specific lack of digital, real-time support to improve health workforce capability. Social support strategies through
using social support persuasive design techniques will need to be integrated more prominently into a health workforce capability
app. An app to measure and monitor health workforce capability scores can be used in conjunction with direct real-world person
and real-time support to discuss and identify solutions to improve health workforce capability for rural and remote health
professionals who are at high risk of burnout or leaving the rural health workforce.

(JMIR Mhealth Uhealth 2022;10(2):e33413)   doi:10.2196/33413
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Introduction

Sustainability of the rural health workforce is paramount to
meeting the health needs of rural Australia. Significant resources
have been dedicated to identifying solutions to problems around
recruitment or retention of the rural health workforce [1].
However, although extensive research has been conducted into
the drivers behind retention and attrition of the rural health
workforce, the literature does not adequately address how
technology can be used to support rural health professionals in
real time to improve their workforce capability. Health
workforce capability can be defined as “the intersection between
individual capacity and ability to respond to work, considering
the whole of rural life, including work, family, schools, partner,
education, and social options.” In other words, health workforce
capability “describes a health professional’s overall level of
capability in fulfilling their health care role.”

A 2021 scoping review found that digital solutions can enhance
the capability and retention of rural health professionals [2].
The authors concluded that online platforms or digital solutions
can address many of the challenges experienced by rural health
professionals, by improving knowledge and skills, access,
translation of knowledge into practice, empowerment,
confidence, engagement, and provision of support. To this effect,
for any digital app to be effective in improving rural health
workforce capability, the desired behavior change that is needed
must be considered during the development of the technical
solutions. Many theories exist around user acceptance of IT
solutions, such as the Mobile Application Rating Scale [3], the
Technology Acceptance Model [4], and the Health Information
Technology Acceptance Model [5]. However, they do not
provide a clear systematic analysis and design criteria for
developing persuasive software solutions to increase the
likelihood of achieving the desired behavioral change [6].

One theory that can be used when developing apps to persuade
people to change behavior include the Persuasive System Design
Model (PSD-Model) [6]. This model can be used to identify
the software functionality that may be useful in a product.
Specifically, 28 design principles are provided and categorized
into 4 main domains of persuasive techniques. These are the
primary task, dialogue, system credibility, and social support
domains. These 4 domains form part of the “design of system
qualities” and have been applied to several health-related topics,
such as arthritis [7] and mental health [8]. In their work on
deconstructing persuasive principles and their implementation
in health apps, Oyebode et al [9] expanded the scope of the
PSD-Model by augmenting its 28 design principles with select
techniques described in Cialdini’s principles of persuasion
[10,11]. The authors selected only 4 persuasive techniques from
Cialdini’s principles of persuasion because 2 were already
present reflected in the PSD-Model, being authority and liking.
This resulted in Oyebode et al [9] analyzing 32 persuasive
design techniques in total. These 32 design techniques are
classified into 5 domains, including the 4 from the PSD-Model

listed above and Cialdini’s principles of persuasion. Specifically,
Thach and Phan [8] reviewed the users’ perception of
persuasiveness of mental health apps by qualitatively evaluating
user reviews and concluded that when the principles of the
PSD-Model are integrated into the design, users are happy with
the design.

The question remains whether these design principles can be
used when developing a technical solution to assist rural health
professionals in maintaining or improving their health workforce
capability. There are no clear data on this yet. A 2017 study
that has provided some insight was a meta-analysis conducted
by Carolan et al [12] of 21 randomized controlled trials (RCTs)
involving web-based psychological interventions delivered in
the workplace to improve employee psychological well-being
and increase work effectiveness. In addition to exploring
intervention effectiveness, the study identified features,
including persuasive strategies, associated with greater
engagement and adherence. The authors found that online
interventions improve both psychological wellbeing and work
effectiveness, but no differences were found between cognitive
behavioral therapy versus other approaches, guidance versus
no guidance, and targeted workplace populations versus the
general workplace population. Work effectiveness was measured
as work engagement, productivity, job-specific effectiveness,
work-related self-efficacy, and work-related remuneration.
Further analyses identified the following effective features that
may likely increase engagement:

• Guidance delivered during a shorter period (6-7 weeks)
• Using secondary modalities to deliver the intervention (eg,

emails, text messages, short messaging service)
• Elements of persuasive technology (eg, self-monitoring and

tailoring)

Tailoring (57%), self-monitoring (43%), and tunneling (14%)
were found to be used as persuasion strategies in studies
included in the review and associated with the highest rates of
engagement and adherence. Although the meta-analysis provided
some useful insights, it did not focus on improving health
workforce capability as such. There is a gap in the literature
around how persuasive design techniques in digital solutions
can change rural health professionals’ behaviors to look after
their own health workforce capability.

Therefore, this study aimed to determine:

• The persuasive design techniques used to improve use of
capability building–related apps; and

• Recommendations for incorporating persuasive design
techniques in the design of health workforce capability
apps.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e33413 | p.47https://mhealth.jmir.org/2022/2/e33413
(page number not for citation purposes)

Pit et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Methods

Inclusion and Exclusion Criteria and Search Criteria
We based our methodology primarily on the study conducted
by Oyebode et al [9]. A Python script was developed to extract
apps from Google Play. Several rounds were conducted to refine
the keywords (see Multimedia Appendix 1). Keywords centered

around health workforce capability elements. The script limited
searches to only English language, Australia only, and both free
and paid apps. Apps with an average star rating of 4 and above
were included to ensure only higher-quality apps from the user
perspective were examined. Authors SP and RR reviewed 1091
apps to determine inclusion.

Figure 1 describes the main steps in the app selection process,
and Multimedia Appendix 1 provides additional information.

Figure 1. App selection and exclusion process.

Data Extraction, Coding, and Data Analyses of Selected
Apps
Two theories were used in the apps to persuade people to change
behavior: the PSD-Model [6] and Cialdini’s principles of
persuasion [11]. Both theories have been extensively used when
analyzing persuasive technologies [9]. Oyebode et al [9]
determined that 32 techniques can be measured based on both
theories, as the techniques authority and liking were common

to both. Next, 2 authors (WF and OH) with a data sciences and
psychology background reviewed whether the 32 persuasive
design techniques were applied in the apps.

The reviewers downloaded the apps on an Android smartphone
or emulator and used the apps to determine whether the
persuasive design techniques were present in the apps. The
reviewers coded independently and then came together to
compare scores to ensure interrater reliability. If there was a
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discrepancy, a discussion was held to reach consensus. The
coders double-coded all apps and achieved a κ of .81, indicating
very good agreement between the 2 coders.

Data Analyses
After scoring the 53 apps, the apps were divided in 4 broad
workforce capability app categories to determine whether there
were differences between the different persuasive design
techniques used within each category, including competencies
and skills, health and personal qualities, values and attitudes,
and work organization. This classification was chosen as it
aligned with findings from a qualitative data analysis that had
been simultaneously conducted to explore user perspectives on
building a health workforce capability app (Ramsden et al,
unpublished data, 2021). The classification also mirrors elements
of the work ability to explain sustainable employability among
general practitioners [13]. Competencies and skills include
elements such as clinical competence, drug and clinical
references, and medical journals. Health and personal quality
apps are related to the health professionals’ own lives and not
patient-related or medical knowledge–type apps. Work
organization includes elements such as patient-centered care
and entrepreneurial skills. Value and attitude apps include
elements such as resilience and self-motivation.

Following this classification, data were analyzed as follows:

• Total number of persuasive design techniques used per
domain: primary task support, dialogue support, system
credibility support, social support, and Cialdini’s principles
of persuasion

• Total number and percentage of each persuasive design
technique used in each health workforce capability category:
competence and skill, health and personal qualities, values
and attitudes, and work organization

• Total number of persuasive design techniques used by the
persuasive design technique domain across the 4 workforce
capability categories developed for this systematic review:
competencies and skills, health and personal qualities,
values and attitudes, and work organization

Following the quantitative analyses of apps, implementation
examples of the PSD-Model, consisting of primary task,
dialogue, system credibility, and social support categories, and
Cialdini’s principles of persuasion are provided.

Ethics
Ethical approval to conduct the feasibility study was received
from the Northern NSW Local Health District Human Research
Ethics Committee (2020/ETH03020).

Results

Overall Results
Figure 2 shows that the most common persuasive design
techniques were surface credibility (48/53, 90.6%) and liking
(48/53, 90.6%), followed by trustworthiness (43/53, 81.1%),
reminders (38/53, 71.7%), and suggestion (30/53, 56.6%). Social
support persuasive design techniques were the least used across
the different apps analyzed for health workforce capability,
whereas primary task support design techniques were used most
frequently overall, with the exception of simulation.

Table 1 shows the most used persuasive techniques per
workforce capability category. Those that were used in 50% or
more of the total 53 apps are formatted in italic. It is evident
that health apps included the most persuasive techniques, as did
the apps related to values and attitudes. Apps related to work
organization included the least number of design techniques.
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Figure 2. Total number of persuasive design techniques used by category.
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Table 1. Persuasive design techniques used by the health workforce capability group.

Count, n (%)Persuasive design technique

Competence and skill (n=16)

16 (100)Surface credibility a

15 (94)Liking

14 (88)Trustworthiness

10 (63)Reminders

9 (56)Tailoring

9 (56)Personalization

8 (50)Tunneling

8 (50)Expertise

7 (44)Reduction

7 (44)Rehearsal

7 (44)Suggestion

6 (38)Self-monitoring

6 (38)Real-world feel

6 (38)Verifiability

4 (25)Simulation

4 (25)Praise

4(25)Scarcity

3 (19)Rewards

3 (19)Authority

3 (19)Commitment/consistency

2 (13)Similarity

2 (13)Social role

2 (13)Social proof

1 (6)Social facilitation

0 (0)Third-party endorsements

0 (0)Social learning

0 (0)Social comparison

0 (0)Normative influence

0 (0)Cooperation

0 (0)Competition

0 (0)Recognition

0 (0)Reciprocity

Health and personal qualities (n=17)

17 (100)Liking

17 (100)Surface credibility

15 (88)Reminders

15 (88)Trustworthiness

13 (76)Suggestion

12 (71)Reduction

11 (65)Self-monitoring

10 (59)Personalization
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Count, n (%)Persuasive design technique

10 (59)Real-world feel

9 (53)Rehearsal

9 (53)Commitment/consistency

8 (47)Tunneling

8 (47)Tailoring

7 (41)Praise

5 (29)Expertise

5 (29)Social facilitation

4 (24)Social proof

3 (18)Social role

3 (18)Verifiability

3 (18)Social learning

3 (18)Scarcity

2 (12)Rewards

2 (12)Social comparison

1 (6)Similarity

1 (6)Authority

1 (6)Reciprocity

0 (0)Simulation

0 (0)Third-party endorsements

0 (0)Normative influence

0 (0)Cooperation

0 (0)Competition

0 (0)Recognition

Values and attitudes (n=10)

10 (100)Liking

8 (80)Surface credibility

7 (70)Self-monitoring

7 (70)Reminders

7 (70)Trustworthiness

6 (60)Reduction

6 (60)Tailoring

6 (60)Rehearsal

5 (50)Praise

5 (50)Suggestion

5 (50)Commitment/consistency

4 (40)Tunneling

4 (40)Personalization

4 (40)Real-world feel

3 (30)Rewards

3 (30)Social role

3 (30)Expertise

3 (30)Verifiability
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Count, n (%)Persuasive design technique

2 (20)Similarity

2 (20)Social facilitation

1 (10)Simulation

1 (10)Third-party endorsement

1 (10)Social comparison

1 (10)Social proof

0 (0)Authority

0 (0)Social learning

0 (0)Normative influence

0 (0)Cooperation

0 (0)Competition

0 (0)Recognition

0 (0)Reciprocity

0 (0)Scarcity

Work organization (n=10)

7 (70)Trustworthiness

7 (70)Surface credibility

6 (70)Reminders

6 (60)Liking

5 (50)Suggestion

4 (40)Reduction

4 (40)Personalization

4 (40)Expertise

4 (40)Social facilitation

3 (30)Rehearsal

3 (30)Self-monitoring

3 (30)Praise

3 (30)Real-world feel

2 (20)Tunneling

2 (20)Tailoring

2 (20)Simulation

2 (20)Similarity

2 (20)Social role

2 (20)Verifiability

2 (20)Social proof

2 (20)Commitment/consistency

1 (10)Rewards

1 (10)Authority

1 (10)Third-party endorsement

1 (10)Social learning

1 (10)Social comparison

1 (10)Normative influence

1 (10)Competition
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Count, n (%)Persuasive design technique

1 (10)Recognition

1 (10)Scarcity

0 (0)Cooperation

0 (0)Reciprocity

aDesign techniques used in 50% or more of the total 53 apps are formatted in italic.

Persuasive Design Techniques’Domains by Workforce
Capability Category
Figures 3-7 show the various persuasive design techniques’
domains across the 4 workforce capability categories developed
for this systematic review: competencies and skills, health and
personal qualities, values and attitudes, and work organization.

The following observations were made:

• Primary task support techniques demonstrated use among
all workforce capability categories, with reduction and
self-monitoring being less evident in competence-related
apps when compared to the health apps.

• For dialogue support, the most frequently used technique
was liking, which was high among all categories followed
by reminders (Figure 5).

• Among system credibility support techniques, surface
credibility featured most strongly among health (n=16) and
competence (n=16) apps, which was similar for
trustworthiness (n=15 for health and n=14 for competences),
while real-world feel was most frequently observed in
health apps (Figure 6).

• Social support techniques did not feature strongly across
all domains, with the exception of social facilitation (n=5
for health and n=4 for work organization) (Figure 7).

• Among Cialdini’s principles of persuasion, commitment
and consistency played a large role in health and personal
quality–related apps (n=9), followed by value- and
attitude-related apps (n=5), while reciprocity barely played
a role in any workforce capability category (Figure 7).

Figure 3. Total number of persuasive design techniques used by the primary task support category.

Figure 4. Total number of persuasive design techniques used by the dialogue support category.
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Figure 5. Total number of persuasive design techniques used by the system credibility support category.

Figure 6. Total number of persuasive design techniques used by the of social support category.

Figure 7. Total number of persuasive design techniques used by Cialdini’s principles of persuasion.

Persuasive Design Techniques and Implementation
Suggestions Based on Existing Apps
Tables 2-6 show the various persuasive design techniques used
in the apps analyzed in this study and how these can be

extrapolated to create suggestions for developing a health
workforce capability app.
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Table 2. Persuasive design techniques: definitions and implementation examples for developing a health workforce capability app in the primary task
support domain.

Implementation examplesPersuasive design technique definitionaPersuasive design
technique

A system that reduces complex behavior into simple tasks helps
users perform the target behavior, and it may increase the ben-
efit/cost ratio of a behavior.

Reduction • Health workforce capability goals are broken down into
smaller steps.

Using the system to guide users through a process or experience
provides opportunities to persuade along the way.

Tunneling • A user should be able to choose a pathway that would
respond to their specific health workforce capability need.

Information provided by the system will be more persuasive if
it is tailored to the potential feeds, interests, personality, usage
context, or other factors relevant to a user group.

Tailoring • A user should be able to choose what capability area they
are particularly interested in.

A system that offers personalized content or services has a
greater capability for persuasion.

Personalization • The system adjusts to the health care profession and the
user’s age and offers localized services to improve health
workforce capability.

A system that keeps track of one’s own performance or status
supports the user in achieving goals.

Self-monitoring • The system asks health professional to rate their health
workforce capability.

Systems that provide simulations can persuade by enabling
users to observe immediately the link between cause and effect.

Simulation • The system allows for health professionals to observe
other health professionals working interprofessionally
and see improved patient outcomes.

A system providing means with which to rehearse a behavior
that can enable people to change their attitudes or behavior in
the real world.

Rehearsal • A telehealth simulation course is offered to rehearse real-
world practice and improve use of telehealth.

aSource: Oinas-Kukkonen and Harjumaa [6].

Table 3. Persuasive design techniques: definitions and implementation examples for developing a health workforce capability app in the dialogue
support domain.

Implementation examplesPersuasive design technique definitionaPersuasive design
technique

By offering praise, a system can make users more open to per-
suasion.

Praise • Texts and symbols are used to offer praise after measuring
their own capability score.

Systems that reward target behaviors may have great persuasive
powers.

Rewards • The game rewards users by altering media items, such as
sounds and background colors.

If a system reminds users of their target behavior, the users will
more likely achieve their goals.

Reminders • The user is given a reminder of a selected task to improve
capability.

Systems offering fitting suggestions will have greater persuasive
powers.

Suggestion • Suggestions are given to be mindful at work or build capa-
bility.

People are more readily persuaded through systems that remind
them of themselves in some meaningful way.

Similarity • Videos/pictures of health professionals are shown.

A system that is visually attractive for its users is likely to be
more persuasive.

Liking • The application has an integrated system that links well
with easy-to-read graphs and trends in health workforce
capability.

If a system adopts a social role, users will more likely use it for
persuasive purposes.

Social role • A dementia expert supports online education for trainees
with dementia.

aSource: Oinas-Kukkonen and Harjumaa [6].
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Table 4. Persuasive design techniques: definitions and implementation examples for developing a health workforce capability app in the system
credibility support domain.

Implementation examplesPersuasive design technique definitionaPersuasive design
technique

A system that is viewed as trustworthy will have increased
powers of persuasion.

Trustworthiness • The system includes a privacy statement.
• The app demonstrates that the organization has access

to funding to support health professionals in their health
workforce capability and demonstrates successful ex-
amples.

A system that is viewed as incorporating expertise will have
increased powers of persuasion.

Expertise • The app demonstrates that the organization has a long-
standing reputation in providing health workforce capa-
bility support.

People make initial assessments of the system credibility based
on a firsthand inspection.

Surface credibility • There are no commercial ads.

A system that highlights people or the organization behind its
content or services will have more credibility.

Real-world feel • Users are able to contact the organization to request
health workforce capability support.

A system that leverages roles of authority will have enhanced
powers of persuasion.

Authority • A health professional national college provides a state-
ment on the importance of health workforce capability.

Third-party endorsements, especially from well-known and re-
spected sources, boost perceptions on system credibility.

Third-party endorse-
ments

• A well-respected, known, experienced rural health
professional endorses the app.

Credibility perceptions will be enhanced if a system makes it
easy to verify the accuracy of site content via outside sources.

Verifiability • The app offers links and support by well-established
services.

aSource: Oinas-Kukkonen and Harjumaa [6].

Table 5. Persuasive design techniques: definitions and implementation examples for developing a health workforce capability app in the social support
domain.

Implementation examplesPersuasive design technique definitionaPersuasive design
technique

A person will be more motivated to perform a target behavior
if they can use a system to observe others performing the be-
havior.

Social learning • The app includes stories of other rural health professionals
who have improved their workforce capability.

System users will have a greater motivation to perform the
target behavior if they can compare their performance with
the performance of others.

Social comparison • Users can share information real time on how to do some-
thing more efficient.

A system can leverage normative influence or peer pressure
to increase the likelihood that a person will adopt a target be-
havior.

Normative influ-
ence

• The app shows that self-care is key to long-term employa-
bility by using examples of other professionals.

System users are more likely to perform a target behavior if
they discern via the system that others are performing the be-
havior along with them.

Social facilitation • Health professionals know that many other people are also
participating in the app and can choose to discuss with other
users.

A system can motivate users to adopt a target attitude or be-
havior by leveraging human beings’natural drive to cooperate.

Cooperation • The app demonstrates that working in a team leads to better
patient health outcomes.

A system can motivate users to adopt a target attitude or be-
havior by leveraging human beings’ natural drive to compete.

Competition • Health workforce capability scores can be used to determine
the personal best in a specific area they wish to work on.

By offering public recognition for an individual or group, a
system can increase the likelihood that a person/group will
adopt a target behavior.

Recognition • The app demonstrates the “Rural health professional of the
month” and how they benefited from improving their health
workforce capability.

aSource: Oinas-Kukkonen and Harjumaa [6].
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Table 6. Persuasive design techniques: definitions and implementation examples for developing a health workforce capability app in the domain of
Cialdini’s principles of persuasion.

Implementation examplesPersuasive design technique definitionaPersuasive design technique

These are a pair of interrelated attributes in the sense
that people often adhere (consistently) to their signifi-
cant choices (commitments).

Commitment/consistency • The app has the ability to record health workforce capa-
bility goals (commitment) and timings (consistency) so
that health professionals can commit to goals.

—bThis causes people to almost panic out of the fear that
something will disappear or become unavailable, so
they make an intent effort to acquire or preserve it.

Scarcity

This explains the human tendency to look around at
others in society for reinforcement and direction in
taking action.

Social proof • The app shows the number of health professionals that
have joined the health workforce capability app.

This describes the human desire to make others feel
appreciated by responding in ways that return good
gestures.

Reciprocity • The app allows users to post their own health workforce
capability issues and also to respond to other users’
posts.

aSource: Oyebode et al [9].
bNot available.

A wide variety of implementation examples were drawn from
analyzing the apps. In summary, the primary task support
domain focuses on techniques that help the health professional
focus on an element of health workforce capability that is
important to them. The dialogue support techniques are about
the dialogue that occurs between the health professional and
the digital system to improve the health professional’s ability
to work on their health workforce capability. System credibility
support techniques include using only high-quality products
and services and stakeholders that are associated with the app,
for example, respected health professionals, health organizations,
and Australian clinical guidelines endorsed by colleges
representing clinical groups. Social support techniques play a
role in showcasing how and how many other health professionals
manage their health workforce capability and facilitating
collaboration and information sharing between health
professionals.

Discussion

Principal Findings
A systematic review of 53 apps that are related to health
workforce capability was performed through deconstruction of
persuasive design techniques and their implementation. The
findings demonstrated that health professional needs and digital
solutions broadly align with the 4 health workforce capability
categories used in this study: competencies and skills, health
and personal qualities, values and attitudes, and work
organization. These categories were matched with 32 persuasive
design techniques and provided suggestions on how to further
improve the persuasiveness of apps used to improve health
workforce capability.

Persuasive Design Techniques
Of the 53 apps, the most common persuasive design techniques
were surface credibility (n=48, 90.6%) and liking (n=48),
followed by trustworthiness (n=43, 81.1%), reminders (n=38,
71.7%), and suggestion (n=30, 56.6%). Social support
persuasive design techniques were the least used across the

different apps analyzed for health workforce capability, whereas
primary task support techniques were the most common, with
the exception of simulation. The apparent lower inclusion of
persuasive design techniques around social support is a contrast,
given that previous qualitative analyses have shown that rural
health professionals perceive social and professional isolation
to play a major role in building and maintaining their health
workforce capability (Ramsden et al, unpublished data, 2021),
and also provide multiple suggestions on how this could be
achieved in this study. Examples given were related to online
communities of practices, interprofessional learning (social
comparison and learning), and telehealth improving trust
between different disciplines, but also around having an online
career coach (normative influence) and demonstrating online
effectiveness of team performance and peer recognition, for
example, by showcasing good news stories in health workforce
capability. This study was based on the analyses by Oyebode
et al [9], who reviewed 80 popular mHealth apps using the 32
techniques as described above. Briefly, the most common
persuasive categories identified in Oyebode et al’s [9] study
were personalization (n=77, 96.3%), surface credibility (n=69,
86.3%), trustworthiness (n=66, 82.5%), self-monitoring (n=64,
80%), real-world feel (n=59, 73.8%), reminders (n=57, 71.3%),
suggestion (n=56, 70%), liking (n=52, 65%), expertise (n= 52),
commitment/consistency (n=47, 58.8%), reduction (n=45,
56.3%), and tunneling (n=40, 50%). The authors provided
persuasive strategy suggestions that can be used by app
developers to increase the likelihood of behavior change. Similar
to our study, Oyebode et al [9] pointed out that social interaction
can motivate people to reach their behavioral targets, yet social
support is rarely used in mHealth apps (17 of 80 apps, 21%).
They thus recommend for future apps to include social support
strategies.

Across health workforce capability domains, we found that
health apps include the most persuasive techniques, as do the
apps related to values and attitudes. Interestingly, the apps
related to work organization have the least persuasive
techniques, even though work organization plays a large role
in maintaining or building health workforce capability [13]. For
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example, the ability to link to local allied health professionals
through an online booking system would enhance a general
practitioner’s (GP) workforce capability (Ramsden et al,
unpublished data, 2021) by improving interdisciplinary, holistic
care. The online system would also facilitate sending and sharing
reports between the GP and an allied health professional. The
online booking system would also reduce the likelihood of the
patient not following up with an allied health professional as
they get an appointment on the spot (social facilitation
persuasive design technique between the GP, allied health
professional, and patient). When designing digital tools that
focus on work organization to increase capability, designers
could focus on including persuasive design techniques, such as
real-world feel, tunneling, and tailoring, which are currently
underrepresented in the work organization category.

It appears that health apps include a wide array of persuasive
techniques, and thus, building a health workforce capability app
could learn from the design of capability-related health aps. It
should be kept in mind, however, that Oyebode et al [9] did not
find a direct relationship between the number of persuasive
strategies used and app effectiveness (measured by user app
ratings). The authors, therefore, argued that adopting fewer
persuasive design techniques could potentially be as effective,
as it potentially reduces the complexity of the app and thus
prevents user cognitive overload. The number of techniques
used is still under debate, and more research is needed in this
area.

Health Workforce Capability Digital Support Tool
Khakurel et al [14] conducted a systematic review of 34
wearable device studies and concluded that wearable technology
can potentially increase work efficiency for staff, improve
workers’physical well-being, and reduce work-related injuries.
However, they also reported that technological, social, policy,
data, and economic issues related to wearable technology
remain. The authors developed a categorization of wearable
devices, including monitoring, assisting, augmenting, tracking,
and delivering content. Alhasani et al [15] applied a similar
systematic review to 60 stress apps. The authors found that most
apps use manual tracking, and pointed out that this can become
boring and users might forget to log data. A combination of
manual entry and automated tracking sensors (hybrid data
capture) is recommended to improve the likelihood of reaching
a set behavioral target change. For example, accelerometer data
in a mobile phone can be used to predict the stress level at work
[16] through the use of a data collection app stored on the phone
that measures the continuous process of recording active apps,
starting and ending time stamps, and duration of app use. By
linking these data with the participant’s self-reported stress
levels, researchers could accurately predict future stress levels.
Ferdous et al [16] demonstrated an average accuracy of 75%
and a precision of 85.7% as indicators of overall stress levels
in work environments. This information can be used to inform
stress reduction, organizational policies, and the interrelation
between stress and productivity of workers. Reactions from
health professionals varied according to their willingness to
trial wearables, but at the same time, qualitative analyses
identified that health professionals are receptive to certain
elements of persuasive design techniques that relate to

wearables, such as monitoring, feedback, reminders, reduction,
and tunneling.

Content filtering and personalized interventions that match
users’ needs have been demonstrated to improve persuasion
power [15], such as the persuasive design techniques analyzed
in our study: tailoring, tunneling, and reduction. The authors
also recommend that users can customize the user interface and
app features, such as color background, or their user profile as
this gives them increased self-agency, a sense of control, and
identity. Persuasive design techniques such as these could be
implemented within a capability-building digital solution.

We propose to use a strengths-based approach to improving
rural health professionals’ capability and include persuasive
design techniques in digital solutions. For example, future
applications can measure the health professional’s vitality or
health workforce capability scores at different times throughout
the day by asking them to rate their capability at random times
or a set time throughout the week. Alternatively, some health
professionals may be willing to use a hybrid model by
augmenting self-ratings with wearable technology, such as vital
signs or step counts. In either case, the health professional can
view graphs or trends and analyses showing self-rated health
workforce capability levels over time and time of day and
display simple statistics, such as minimum, maximum, and
average scores. This would reflect the persuasive design
technique monitoring. Moving forward, the data can potentially
also be used to predict future health workforce capability and
recommend specific behavioral change interventions for the
health professional to allow for tunneling and reduction.
Furthermore, if the health workforce capability score falls, a
reminder could pop up for the health professional to take
appropriate action. This could include contacting a trusted
organization or coach (system credibility persuasive techniques,
such as trustworthiness and real-world feel, as linkage occurs
with real people) to discuss the health workforce capabilities
that they feel are hindering their current capability and identify
solutions to increase their capability. It could also involve the
health professional doing some exercise or other activity that
helps them with their well-being and feelings of capability.
Other simple persuasive design techniques, such as limited ads,
will increase system credibility support through increased
surface credibility. Given that health workforce capability is
determined by the interplay of a complex array of factors [2]
(Ramsden et al, unpublished data, 2021), this may well be the
first step toward building a futuristic, completely digitalized
tool to improve the health workforce capability support tool.

Ethical Considerations
There are many ethical aspects that needs to be considered in
developing a digital solution supported by real-time support by
real people [17].

First, further research is needed on the ethical aspects of this
type of data capture, as this will have major security
implications. Indeed, Alhasani et al [15] note that every
interaction with the app creates behavioral data, via audit trails
or sensors, that can be analyzed in real time to predict users’
needs. This means that sensitive information about a user is
being generated and stored.
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Second, there is likely to be a perceived conflict of interest if
an organization would own a health workforce capability digital
tool and also provide the support to help health professionals
with their capability.

Third, the active participation of a health profession can be
strongly affected by factors such as the health professionals’
perception of how the data are owned, stored, and used. There
is thus a need to balance the individual privacy of the data
generated with the benefits that an amalgamated data set could
provide to the workforce as a whole. As discussed, the ethics
of using such granular data need to be further evaluated, and an
acceptability study regarding the scope of use for the collected
data would be timely. Nonetheless, as alluded to before, it is
key to ensure that the data are kept secure and only used for
their intended purpose, whatever that is determined to be. Users
must also be reassured of this and their confidence maintained.

Lastly, relying on self-rated measures may reinforce unconscious
incompetence [18] or result in social desirable answers where
a health professional knowingly scores themselves optimistically
due to the perception of negative effects on their professional
registration or professional standing. This can be mitigated by
building a culture of trust and support between the organization
and the health professional and a shared understanding that
these analyses are being done for the benefit of the health
professional.

Limitations
Although some may see that using only apps from Google Play
Store may lead to potential bias in the analyses by excluding
Apple App Store products, Meacham et al [19] report that many
popular apps can be found on both platforms. They report that
developers perceive that it is easier to register their product with
Google Play Store than with the Apple App Store. This in turn
may lead to some viewing the Apple App Store as of better
quality and more unlikely to be free [19]. To ensure the analyses
only included higher-quality apps as perceived by the end user,
our review excluded apps with user star ratings below 4.

The apps were selected based on search strategy, number of
downloads, and reviewer ratings and could be viewed as a proxy
for quality. We did not perform a quality assessment of the apps,

as this was outside the scope of this review, nor do we endorse
any of the apps analyzed. The intent of this review was to
analyze the persuasive strategies used in apps that contribute
to health workforce capability. Although this can be seen as a
study limitation, health workforce capability is a broad and
complex concept and this app review should be viewed as
exploratory. Furthermore, although the script to select apps
from Google Play for the review focused on selecting apps that
are available in Australia, the results are transferable to other
countries from a persuasive design technique viewpoint.
Countries will have their own (clinical) guidelines that may be
important for health workforce capability.

It should be considered that the numbers of apps analyzed was
relatively small and is therefore only an exploratory
investigation of the persuasive design principles by the health
workforce capability domain. Nonetheless, the strength lies in
the combination of looking at the persuasive design techniques
used and in relation to their health workforce capability needs.

A further limitation of the study is that it was beyond the scope
to draw conclusions about the impact the number of persuasive
techniques included has on app effectiveness. Further research
is needed to explore this in relation to health workforce
capability apps.

Conclusion
There are many persuasive design techniques that can assist in
building capability. Commonly used techniques are surface
credibility, liking, trustworthiness, reminders, and suggestion,
while less common are social support persuasive design
techniques. Additionally, several apps are available in the market
that can assist in improving health workforce capability. There
is, however, a specific lack of digital, real-time support to
improve health workforce capability. Social support strategies
through using social support persuasive design techniques will
need to be integrated more prominently into a health workforce
capability app. An application to measure and monitor health
workforce capability scores can be used in conjunction with
direct real-world person and real-time support to discuss and
identify solutions to improve health workforce capability for
rural and remote health professionals who are at high risk of
burnout or leaving the rural health workforce.
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Abstract

Background: Vision impairments (VIs) and blindness are major global public health issues. A visual acuity (VA) test is one
of the most crucial standard psychophysical tests of visual function and has been widely used in a broad range of health care
domains, especially in many clinical settings. In recent years, there has been increasing research on mobile app–based VA
assessment designed to allow people to test their VA at any time and any location.

Objective: The goal of the review was to assess the accuracy and reliability of using mobile VA measurement apps.

Methods: We searched PubMed, Embase, Cochrane Library, and Google Scholar for relevant articles on mobile apps for VA
assessment published between January 1, 2008, and July 1, 2020. Two researchers independently inspected and selected relevant
studies. Eventually, we included 22 studies that assessed tablet or smartphone apps for VA measurement. We then analyzed
sensitivity, specificity, and accuracy in the 6 papers we found through a meta-analysis.

Results: Most of the 22 selected studies can be considered of high quality based on the Quality Assessment of Diagnostic
Accuracy Studies–2. In a meta-analysis of 6 studies involving 24,284 participants, we categorized the studies based on the age
groups of the study participants (ie, aged 3-5 years, aged 6-22 years, and aged 55 years and older), examiner (ie, professional and
nonprofessional examiners), and the type of mobile devices (ie, smartphone, iPad). In the group aged 3 to 5 years, the pooled
sensitivity for VA app tests versus clinical VA tests was 0.87 (95% CI 0.79-0.93; P=.39), and the pooled specificity was 0.78
(95% CI 0.70-0.85; P=.37). In the group aged 6 to 22 years, the pooled sensitivity for VA app tests versus clinical VA tests was
0.86 (95% CI 0.84-0.87; P<.001), and the pooled specificity for VA app tests versus clinical VA tests was 0.91 (95% CI 0.90-0.91;
P=.27). In the group aged 55 years and older, the pooled sensitivity for VA app tests versus clinical VA tests was 0.85 (95% CI
0.55-0.98), and the pooled specificity for VA app tests versus clinical VA tests was 0.98 (95% CI 0.95-0.99). We found that the
nonprofessional examiner group (AUC 0.93) had higher accuracy than the professional examiner group (AUC 0.87). In the
iPad-based group, the pooled sensitivity for VA app tests versus clinical VA tests was 0.86, and the pooled specificity was 0.79.
In the smartphone-based group, the pooled sensitivity for VA app tests versus clinical VA tests was 0.86 (P<.001), and the pooled
specificity for VA app tests versus clinical VA tests was 0.91 (P<.001).

Conclusions: In this study, we conducted a comprehensive review of the research on existing mobile apps for VA tests to
investigate their diagnostic value and limitations. Evidence gained from this study suggests that mobile app–based VA tests can
be useful for on-demand VI detection.

(JMIR Mhealth Uhealth 2022;10(2):e26275)   doi:10.2196/26275
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Introduction

Vision impairments (VIs) and blindness are a major global
public health issue [1]. In 2020, the estimated number of people
with distance VI in the world was 596 million, including 43
million with blindness [2]. A large proportion of those affected
(90%) live in low- and middle-income countries. VI can be
preventable or treatable for approximately 90% of people with
VI by using highly cost-effective interventions. In low-income
countries, diagnosis, monitoring, and treatment of vision
problems are challenging, largely attributable to insufficient
eye care professionals [3]. In high-income countries, there are
also barriers to eye screening and patient compliance. In
particular, there is often time pressure in primary consultations
for diagnosing ophthalmic problems [4]. Thus, there is a need
for ubiquitous, self-manageable, and automated tools for visual
acuity (VA) tests to increase early detection and timely
assistance for people with VIs [5].

To address the lack of eye care professionals and reduce the
cost for eye screening, an increasing amount of research effort
has been dedicated for building efficient eye screening tools
and methods by leveraging mobile devices (eg, smartphones)
and technologies [6]. In both high- and low-income countries,
the continuous growth of mobile device ownership has propelled
mobile health (mHealth) interventions [7]. Mobile technologies
provide point-of-care tools for real-time patient monitoring,
patient data collection, health information delivery, and
telemedicine throughout the world [8]. Free and paid mHealth
apps have demonstrated notable success in detecting ophthalmic
diseases [9], and the number of mobile apps intended to address
eye care issues has been increasing. The VA test, a vision test
often performed by an optometrist or ophthalmologist to
measure a person’s ability to see an object from 20 feet away,
is one of the most crucial standard psychophysical tests for
assessing visual function [10]. It is also a measurement of eye
treatment effectiveness and changes in central vision over time
in clinical settings [11].

Traditional clinical ophthalmic equipment is cumbersome and
difficult to transport, lacks mobility, and requires trained
ophthalmic professionals. Therefore, an automated, accurate,
and user-friendly approach is needed for vision screening or
self-monitoring. Some studies have proposed novel mobile
device–based techniques for a VA test [12]. Bastawrous et al
[13] conducted the Early Treatment Diabetic Retinopathy Study
(ETDRS) that proposed the Peek Acuity mobile app, which was
validated against Snellen charts. ETDRS charts were used as
part of a survey about epidemiologic eyes among adults in
central Kenya. Peek Acuity is a Logarithm of the Minimum
Angle of Resolution (logMAR)-style smartphone-based vision
test. Using a fast-testing algorithm, it is capable of measuring
VA at a clinically acceptable time, with greater reliability and
precision than those using Snellen charts [14]. It also allows
individuals to choose from multiple types of visual charts for
VA assessment, such as the Snellen [15], ETDRS [16], and

Tumbling E [17] charts. Thus, the Peek Acuity app provides an
advantage over traditional logMAR acuity measurement.

Although current modern mobile devices with high-resolution
screens offer novel, ubiquitous, and portable vehicles for VA
tests, it remains unclear whether existing VA test apps are
effective for ophthalmic disease diagnosis and management. In
this study, we conducted a comprehensive review of the research
to investigate the diagnostic accuracy and limitations of existing
mobile VA assessment apps for detecting VI. Based on age,
test examiner, and type of mobile devices, we categorized
existing studies into different categories and performed subgroup
analysis. Furthermore, 4 variables (ie, publication year, sample
size, mobile device, and examiner) were selected in the
multivariate meta-regression.

Methods

Data Sources and Search Strategy
We searched PubMed, Embase, Cochrane Library, and Google
Scholar for relevant articles on mobile apps for VA testing
published between January 1, 2008, and July 1, 2020. The
literature search used the following terms, as well as their
different combinations, as the search keywords: smartphone,
iPhone, iPad, phone, tablet, mobile devices, visual acuity, VA,
eye screening, app, application, Snellen chart, Tumbling E chart,
Early Treatment Diabetic Retinopathy Study chart, and ETDRS
chart (Multimedia Appendix 1).

Inclusion and Exclusion Criteria
We applied several inclusion criteria when identifying relevant
studies for this research. A study would be considered relevant
if it (1) was to evaluate VA via a smartphone or tablet app, (2)
used an acceptable VA reference standard, (3) was written in
English, and (4) was published after 2008. Exclusion criteria
included (1) studies where the number of participants with VI
was fewer than 10 and (2) literature review or commentary
articles, short communications, or case reports.

Data Collection
Two authors and a research assistant extracted information from
the identified studies, including the study design, sample size,
participant characteristics, nature of eye screening, mobile
techniques (eg, functions and features of smartphones and tablet
app), and main research results (eg, true positives, false
positives, true negatives, and false negatives). The extracted
information was reviewed and verified by other coauthors.

Risk of Bias and Quality Assessment
Two researchers specializing in eye care independently reviewed
each selected article and assessed its quality by using the Quality
Assessment of Diagnostic Accuracy Studies–2 scores
(QUADAS-2) tool. They discussed and resolved disagreements
in their scores with other coauthors through a face-to-face
meeting. Among included studies, the risk of bias was evaluated
in 4 aspects by the QUADAS-2 tool: patient selection, index
test, reference standard, and flow and timing. For applicability
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concerns, we assessed patient selection, index test, and reference
standard as low, high, or unclear.

Statistical Analysis

We used chi-square and I2 values of sensitivity, specificity,
likelihood ratio tests, and diagnostic odds ratio (DOR) to
evaluate heterogeneity. Heterogeneity was evaluated by

Cochrane Q-test (I2 value); heterogeneity was considered to

exist when P>.10. When I2 results were ≤50%, a fixed effects
model was used; otherwise, a random effects model was used.
The values of DOR ranges from 0 to infinity, with 0 indicating
no test discrimination. Higher scores indicate better
discrimination. The sensitivity, specificity, likelihood ratio
positive (LR+), likelihood ratio negative (LR–), and DOR of
each age, examiner, and mobile device type subgroup were
calculated using a random effects model given the high expected
heterogeneity. We performed meta-regression to explore whether
the sources of heterogeneity could be explained by some
methodological factors (eg, year of publication, sample size,
mobile device, examiner) and characteristics of study samples.

We also constructed a summary receiver operating characteristic
(SROC) curve using the Moses constant of linear mode model.
We used Meta-DiSc software (version 1.4, Ramón y Cajal
Hospital, Madrid, Spain) for meta-analysis and Review Manager
(version 5.3, Cochrane Collaboration) for paper quality
assessment. Extracted data were synthesized by creating forest
plots of sensitivity and specificity.

Results

Search Results
Our literature search yielded a total of 981 papers. After our
review of the titles and abstracts, 959 studies were excluded
either because of duplication or lack of adherence to our topic,
resulting in 22 full-text articles for quality assessment (Figure
1). We also checked their reference lists for further relevant
studies and retrieved additional studies. Finally, 6 full-text
studies met inclusion criteria for quantitative analysis
(meta-analysis). Figure 1 presents the flowchart of our
systematic literature search. The selected studies were conducted
in more than 11 countries.

Figure 1. Flowchart of systematic literature search.
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Characteristics of the Studies
Among the 22 identified studies, 4 studies were
population-based, 10 were observational, 3 were cross-sectional,
4 were prospective, and 1 was a validation study (Table S1 in
Multimedia Appendix 2 and Multimedia Appendix 3). Nine
studies assessed the performance of tablet-based (ie, iPad) VA
measurement apps, and 13 studies assessed the performance of
smartphone-based apps. A total of 25 mobile apps were
evaluated in those 22 enrolled studies.

Characteristics of Study Samples
Among the 22 identified studies, the average number of
participants per study was 1648, ranging from 43 [18] to 10,579
participants [17]. The age of the participants in those studies
varied significantly from 3 to 89 years. Five studies included
children aged younger than 18 years [17,19-22], 10 studies
included middle-aged (19-55 years) adults [5,9,12,18,23-28],
and the remaining 7 studies included older adults (aged 55 years
and older) [7,13,14,29-31]. The main demographic
characteristics of the participants in each study are summarized
in Table S1 in Multimedia Appendix 2 and Multimedia
Appendix 3.

Eye Screening with VA apps
Among the 22 selected papers, 9 studies used iPads for VA tests
[5,18,21,23,28-30,32,33], and 13 used smartphones
[7,9,12-14,17,19,20,22,24,25,27,31]. Six studies used the Peek
Acuity app (Tumbling E chart) [7,13,17,19,20,22], 2 used the
Sightbook app (Snellen chart) [31,32], 2 used the Eye Chart
Pro app (Snellen chart) [5,28], and 1 [12] evaluated 11 different
VA apps (eg, Eye Test app, OptOK app). The rest of the studies
investigated other VA apps.

A total of 10 studies used the Tumbling E chart in mobile apps.
A Tumbling E chart, also known as an E chart, is useful for
patients who are unable to read the Latin alphabet (eg, very
young children). The chart contains multiple rows of the letter
E in various rotations and with decreasing sizes. Patients were
asked to state where the limbs of the E were pointing (up, down,
left, or right). Depending on how far a patient can see, his or
her VA can be quantified. The Tumbling E chart shares the
same principle as the Snellen distant vision chart
[7,9,13,17-20,22,28,30].

Three studies used the ETDRS chart for VA measurement in
mobile apps. A logMAR chart, also called a Bailey-Lovie chart
or an ETDRS chart, is a chart consisting of rows of letters used
by ophthalmologists, orthoptists, optometrists, and vision
scientists to estimate VA. The chart was developed by the
National Vision Research Institute of Australia in 1976 to enable
a more accurate estimate of VA than other charts (eg, the Snellen
chart). For this reason, the logMAR chart has been
recommended, particularly in a research setting [14,23,29].

Five studies used the Snellen chart in VA measurement apps.
A Snellen chart is another eye chart used to measure VA.
Snellen charts are named after the Dutch ophthalmologist
Herman Snellen, who developed the chart in 1862. The normal
Snellen chart is printed with eleven lines of block letters, also
known as optotypes. The first line consists of a single very large
letter. Subsequent rows have increasing numbers of letters that
decrease in size. A person taking the test covers one eye from
6 meters or 20 feet away and reads the letters of each row from
the top to the bottom. The rest of the studies used other types
of charts for VA measurement, such as Landolt C or Numbers
[5,12,18,27,32].

The 22 selected papers measured VA at a range from 36
centimeters to 6 meters: 8 studies measured VA at a 2-meter
testing distance [13,14,19,20,29]; 3 studies measured VA at a
3-meter testing distance [9,21,26]; and the remaining 11 studies
measured VA at 36 cm, 40 cm, 1 m, 1.2 m, 2 m, 14 inches, 20
feet, 4 m, and 6 m.

Meta-analysis
Table 1 shows the characteristics and findings of 6
meta-analyses on mobile apps for VA testing. Table 2 shows
the summary of 6 meta-analyses that examined mobile apps for
VA testing. We categorized studies based on the age of their
participants, examiner, and the type of mobile devices. As
summarized in Multimedia Appendix 4, 4 variables (ie,
publication year, sample size, mobile device, examiner) were
selected in the multivariate meta-regression (sensitivity);
however, none of those variables was significantly associated
with the detected heterogeneity, as shown in Multimedia
Appendix 5.
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Table 1. Main characteristics and findings of 6 meta-analyses.

Main resultsTDb
App

descriptionApp name
Mobile de-
vice typeSample size (P/Ea)

Age,
yearStudy designSource

Sensitivity: 82.1% (right
vision), 82.1% (left vi-
sion); Specificity: 81.3%
(right vision), 76.9% (left
vision)

3 mLea symbols
chart

AAPOSc Vi-
sion Screening

iPad mini195/2905-6Cross-sectional
study

Nik Azis et al
[21], Malaysia

Sensitivity: 76.9%
(64.8%-86.5%), Specifici-
ty: 90.8% (89.3%-92.1%)

2 mTumbling E
chart

Peek AcuitySamsung
Galaxy S3

Sd:10,284/S:20,568,

Pe:10,579/P:21,158

11.5,
11.7

Population-
based study

Rono et al [17],
Kenyan

Sensitivity: 83%-86% for
decreased vision, Sensi-
tivity: 69%-83% for
referable ocular disease

2 mTumbling E
chart

Peek AcuitySamsung
Galaxy S3
SGH-i747

106/2123-17Prospective
study

Zhao et al [22],
US

Sensitivity: 48%, Speci-
ficity: 83%

2 mTumbling E
chart

Peek AcuitySamsung
Galaxy A3

393/1906-17Observational
study

de Venecia et al
[20], US

Sensitivity: 84.6% (95%
CI 54.5%-97.6%); Speci-
ficity: 97.7% (95% CI
94.8%-99.3%)

2 mTumbling E
chart

Peek AcuityGalaxy S3
GT-I9300

233/46655-97Population-
based study

Bastawrous et
al [13], UK

Sensitivity: 91.6%;
Specificity: 90.7%

2 mTumbling E
chart

Peek VisionAndroid
phones

12,877/–6-22Population-
based study

Andersen et al
[19], Botswana

aP/E: participant/eye.
bTD: test distance.
cAAPOS: American Association for Pediatric Ophthalmology and Strabismus.
dS: standard group.
eP: peek group.

Table 2. A summary of mobile apps for evaluating visual acuity.

AUCcDiagnostic ORbNegative LRPositive LRaSpecificitySensitivityTypes

Examiners

0.87 (0.83-0.91)12.25 (4.33-34.71)0.30 (0.10-0.90)3.81 (2.87-5.06)0.80 (0.71-0.85)0.72 (0.66-0.79)Professional

0.93 (0.86-1.00)54.60 (21.98-135.59)0.17 (0.08-0.34)8.66 (8.62-10.98)0.91 (0.90-0.91)0.87 (0.85-0.89)Nonprofessional

Patient age (years)

—d24.01 (11.95-48.22)0.17 (0.10-0.28)3.93 (2.82-5.46)0.78 (0.70-0.85)0.87 (0.79-0.93)3-5

0.96 (0.92-0.99)25.47 (9.02-71.94)0.25 (0.10-0.66)8.04 (6.49-9.98)0.91 (0.90-0.91)0.86 (0.84-0.87)6-22

—236.50 (41.17-1358.49)0.16 (0.04-0.56)37.23 (15.18-91.30)0.98 (0.95-0.99)0.85 (0.55-0.98)≥55

Mobile devices

—22.96 (10.69-49.30)0.18 (0.11-0.31)4.14 (2.85-6.01)0.79 (0.71-0.860.86 (0.76-0.92)iPads

0.92 (0.81-1.00)33.86 (13.02-88.06)0.23 (0.09-0.54)8.01 (6.21-10.32)0.91 (0.90-0.91)0.86 (0.84-0.87)Smartphones

aLR: likelihood ratio.
bOR: odds ratio.
cAUC: area under the curve.
dNot applicable.

Meta-analysis of Mobile Apps for VA Testing With
Different Age Groups
The 6 meta-analyses involved 24,089 participants. For the group
aged 3 to 5 years (230 participants), we used a fixed effects
model. The pooled sensitivity was 0.87 (95% CI 0.79-0.93;
P=.39), and the pooled specificity was 0.78 (95% CI 0.70-0.85;

P=.37; Figure 2A). LR+ was 3.93 (95% CI 2.82-5.46), LR– was
0.17 (95% CI 0.10-0.28), and DOR was 24.01 (95% CI
11.95-48.22).

For the group aged 6 to 22 years (23,626 participants), a random
effects model was chosen within these studies because of the

significant heterogeneity (P<.10, I2>50%). The pooled
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sensitivity was 0.86 (95% CI 0.84-0.87; P<.001), and the pooled
specificity was 0.91 (95% CI 0.90-0.91; P=.27; Figure 2B).
LR+ was 8.04 (95% CI 6.49-9.98), LR– was 0.25 (95% CI
0.10-0.66), DOR was 25.47 (95% CI 9.02-71.94), and AUC
(area under the curve) was 0.96 (95% CI 0.92-0.99; Figure 3D).

In the group aged 55 years and older (233 participants), we used
a random effects model. The pooled sensitivity was 0.85 (95%
CI 0.55-0.98), and the pooled specificity was 0.98 (95% CI
0.95-0.99). LR+ was 37.23 (95% CI 15.18-91.30), LR– was
0.16 (95% CI 0.04-0.56), and DOR was 236.50 (95% CI
41.17-1358.49).

Figure 2. Summary of sensitivity and specificity of meta-analysis studies with different age groups: (A) age 3-5 years (230 participants) and (B) age
6-22 years (23,626 participants).

Figure 3. Summary receiver operating characteristic curves for study groups included in the meta-analysis: (A) nonprofessional examiners, (B)
professional examiners, (C) smartphone-based, and (D) age 6-22 years.
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Meta-analysis of Mobile Apps for VA Testing With
Different Examiners
Data from 24,284 participants were analyzed in the 6
meta-analyses. For the professional examiner group (400
participants), we deployed a fixed effects model. The pooled
sensitivity was 0.72 (95% CI 0.66-0.79; P<.001), and the pooled
specificity was 0.80 (95% CI 0.71-0.85; P=.95; Figure 4A).
LR+ was 3.81 (95% CI 2.87-5.06), LR– was 0.30 (95% CI

0.10-0.90), DOR was 12.25 (95% CI 4.33-34.71), and AUC
was 0.87 (95% CI 0.83-0.91; Figure 3B).

In the nonprofessional examiner group (23,884 participants),
we deployed a random effects model. The pooled sensitivity
was 0.87 (95% CI 0.85-0.89; P<.001), and the pooled specificity
was 0.91 (95% CI 0.90-0.91; P<.001; Figure 4B). LR+ was
8.66 (95% CI 8.62-10.98), LR– was 0.17 (95% CI 0.08-0.34),
DOR was 54.60 (95% CI 21.98-135.59), and AUC was 0.93
(95% CI 0.86-1.00; Figure 3A).

Figure 4. Summary of sensitivity and specificity of the meta-analysis studies with different examiner groups: (A) professional examiners and (B)
nonprofessional examiners.

Meta-analysis of Mobile Apps for VA Testing With
Different Mobile Devices
Data from 24,284 participants were analyzed in the 6 studies,
which used mobile apps either on iPads or smartphones. We
used a random effects model for both iPad and smartphone
groups. In the iPad-based group (195 participants), the pooled
sensitivity of eyes was 0.86 (95% CI 0.76-0.92), and the pooled
specificity was 0.79 (95% CI 0.71-0.86). LR+ was 4.14 (95%

CI 2.85-6.01), LR– was 0.18 (95% CI 0.11-0.31), and DOR
was 22.96 (95% CI 10.69-49.30).

In the smartphone-based group (24,089 participants), the pooled
sensitivity was 0.86 (95% CI 0.84-0.87; P<.001), and the pooled
specificity was 0.91 (95% CI 0.90-0.91; P<.001; Figure 5). LR+
was 8.01 (95% CI 6.21-10.32), LR– was 0.23 (95% CI
0.09-0.54), DOR was 33.86 (95% CI 13.02-88.06), and AUC
was 0.92 (95% CI 0.81-1.00; Figure 3C).

Figure 5. Summary of sensitivity and specificity of the smartphone-based group included in the meta-analysis.

Study Quality Assessment
We assessed the quality of the 22 included studies by using the
QUADAS-2 tool (Figures 6 and 7). Most studies were of high
quality with low risk of bias and applicability concerns. Because

of the nature of mobile apps, participant blinding was not always
feasible in trials. We considered studies at high risk of bias
when they involved participants without clear diagnosis of VI
or when there was no strict standardization in the VA
examination process and examination conditions.
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Figure 6. Risk of bias and applicability concerns of studies included in the literature review.

Figure 7. Quality of the included studies assessed via the Quality Assessment of Diagnostic Accuracy Studies–2 tool.

Discussion

Principal Findings
With increasing smartphone and tablet penetration, mobile VA
apps provide a good quality, repeatable, objective, and
cost-effective approach to vision test for eye screening. For
low-income countries, with most of the world’s blind people,
the effective tools and techniques to improve early detection
and appropriate referral are critical to reducing VI [19]. A VA
test is fundamental to evaluating visual function. Accurate
assessment of VA depends heavily on factors such as viewing
distance, chart illumination, type of eye chart used, and scoring
technique used [23].

Mobile devices, which are portable and equipped with a
high-resolution screen, provide a novel platform for VA testing.
An increasing number of mobile apps for VA testing have been
developed that can be downloaded to different mobile platforms.
Most of them, however, have not been evaluated for accuracy
and reliability for following a reference standard. In our study,
we aimed to systematically review and evaluate the accuracy
of mobile apps for VA testing. In general, our analysis reveals

that those apps investigated in the selected studies performed
well in VA testing. They had different levels of accuracy for
different participant age groups, between professional and
nonprofessional examiners, and between apps for iPad and apps
for smartphones. We observed increasing sensitivity, specificity,
and DOR of those mobile apps as participant age increased
(Table 2).

For the eye chart selection, based on our literature review, Peek
Acuity (Tumbling E chart) [33,34], Sightbook app (Snellen
chart), and Eye Chart Pro app (Snellen chart) are the most
commonly used methods for testing VA. Notably, the apps with
a fast-testing algorithm completed VA tests with greater
reliability and precision. Examiners should select
age-appropriate standardized charts, randomize letters or
optotypes, vary screen illumination, adjust the size of letters or
optotypes, and store or transmit the VA data collected.
Compared with smartphones, tablets have larger screens with
higher resolutions able to display an assortment of letters and
optotype (test symbol) charts at both high and low contrasts.
However, we found that VA testing via smartphones have better
performance than those via iPads. Nik Azis et al [21] used iPads
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to test VA of children aged 5 to 6 years with a 3-meter distance
using the Lea symbols chart. The other 5 studies using
smartphones [13,17,19,20,22] tested the participants with
2-meter distance using the Tumbling E chart. It is uncertain if
the differences in test performance between apps for iPad and
apps for smartphones are caused by the test distance. Therefore,
using different VA charts with different testing distances may
influence the performance of iPad-based apps. Further studies
are needed to identify the cause of variable VA testing
performance.

Early identification and management of children with VI is
important [35] as nearly 19 million children in the world live
with this condition. The World Health Organization suggests
that refractive errors are one of the most common causes of
these impairments, especially for children in low-income
countries [4]. Mobile apps that provide VA tests can address
this issue and make VA testing easier. In our 6 reviewed
meta-analyses, 5 concentrated on children’s vision screening
[17,19-22]. Among those studies, 4 [17,19,20,22] tested VA
using Android smartphones with the Peek Acuity app (Tumbling
E chart). We found a good correlation between VA via Peek
Acuity and clinical standard examination. However, our analysis
results showed lower specificity for children aged 3 to 5 years
than the other 2 age groups. Previous literature has reported that
the test of resolution acuity (eg, Tumbling E) may overestimate
VA and thus be less sensitive for ocular diseases than tests of
recognition acuity (eg, Lea, HOTV, Snellen) [26]. The American
Association for Pediatric Ophthalmology and Strabismus Vision
Screening app (ie, Lea symbols chart) was evaluated by Nik
Azis et al [21] via an iPad mini in Malaysia among children
aged 5 to 6 years.

Accurate tests of VA can be performed by nonprofessional
examiners using a mobile VA app. Professional training in
vision screening may be one of the factors affecting the accuracy
and reliability of VA testing. However, our meta-analysis reveals
that the nonprofessional examiner group had higher accuracy
(AUC 0.93) than the professional examiner group (AUC 0.87),
especially for children. Given children’s limited psychological
and cognitive aptitude, parents or school teachers may better
understand their children’s responses, behavior, and mood than
eye care professionals. Thus, parents or school teachers can
potentially be eye screeners to test children’s VA via mobile
apps. For older adults, VA may be tested at patients’ homes by
an eye care worker with basic training or a field worker without

formal training. For example, in Bastawrous et al [13], Peek
Acuity was used at patients’ homes by a community health care
worker and achieved 84.6% sensitivity and 97.7% specificity
in detecting eyes with severe VI.

Limitations and Future Research
We recognize that this study has several limitations that provide
opportunities for future research. First, the findings of this study
should be interpreted with caution considering only a small
number of studies were included in the meta-analysis. To
increase the generalizability of our findings, more studies with
longer follow-up periods are needed. Second, among the selected
meta-analyses, there were no studies involving participants aged
22 to 54 years. Only one study involved participants aged 55
years and older [13], limiting the generalizability of the findings
about that age group. Third, only one meta-analysis focused on
VA tests using an iPad [21], which may not be representative.
Thus, in subgroup analysis, we could not plot the summaries
of sensitivity and specificity in Figure 5 and SROC curves in
Figure 3. Fourth, some selected studies did not apply any strict
standardized VA examination process and conditions. For
instance, the brightness of a mobile device’s screen could not
be adjusted to be precisely the same as the light-box chart [9].
Some studies evaluated the sensitivity and specificity of VA of
left and right eyes separately. For example, Nik Azis et al [21]
demonstrated that right vision screening had a higher sensitivity
and specificity than left vision screening.

Future research should explore how to determine abnormal
changes in eye anatomy and functions. Multifunctional vision
evaluation apps that integrate digital eye image recognition
techniques may make smartphones and tablets more attractive
for ophthalmic assessment. The modern artificial intelligence
and mHealth techniques have great potential in improving timely
VI detection and treatment.

Conclusions
The findings of this study suggest that mobile VA test apps can
play an important role in identifying VI by professional
examiners as well as nonprofessionals, who can perform
self-testing at a time and place convenient to them. Public
awareness of the safety and benefits of VA tests should be
promoted, and further research with a larger sample and longer
follow-up are needed to evaluate the potential role of a mobile
phone VA test app.
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Abbreviations
AUC: area under the curve
DOR: diagnostic odds ratio
ETDRS: Early Treatment Diabetic Retinopathy Study
logMAR: Logarithm of the Minimum Angle of Resolution
LR+: likelihood ratio positive
LR–: likelihood ratio negative
mHealth: mobile health
QUADAS-2: Quality Assessment of Diagnostic Accuracy Studies–2
SROC: summary receiver operating characteristic
VA: visual acuity
VI: vision impairment
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Abstract

Background: Poor diet, alcohol use, and tobacco smoking have been identified as strong determinants of chronic diseases, such
as cardiovascular disease, diabetes, and cancer. Smartphones have the potential to provide a real-time, pervasive, unobtrusive,
and cost-effective way to measure these health behaviors and deliver instant feedback to users. Despite this, the validity of using
smartphones to measure these behaviors is largely unknown.

Objective: The aim of our review is to identify existing smartphone-based approaches to measure these health behaviors and
critically appraise the quality of their measurement properties.

Methods: We conducted a systematic search of the Ovid MEDLINE, Embase (Elsevier), Cochrane Library (Wiley), PsycINFO
(EBSCOhost), CINAHL (EBSCOHost), Web of Science (Clarivate), SPORTDiscus (EBSCOhost), and IEEE Xplore Digital
Library databases in March 2020. Articles that were written in English; reported measuring diet, alcohol use, or tobacco use via
a smartphone; and reported on at least one measurement property (eg, validity, reliability, and responsiveness) were eligible. The
methodological quality of the included studies was assessed using the Consensus-Based Standards for the Selection of Health
Measurement Instruments Risk of Bias checklist. Outcomes were summarized in a narrative synthesis. This systematic review
was registered with PROSPERO, identifier CRD42019122242.

Results: Of 12,261 records, 72 studies describing the measurement properties of smartphone-based approaches to measure diet
(48/72, 67%), alcohol use (16/72, 22%), and tobacco use (8/72, 11%) were identified and included in this review. Across the
health behaviors, 18 different measurement techniques were used in smartphones. The measurement properties most commonly
examined were construct validity, measurement error, and criterion validity. The results varied by behavior and measurement
approach, and the methodological quality of the studies varied widely. Most studies investigating the measurement of diet and
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alcohol received very good or adequate methodological quality ratings, that is, 73% (35/48) and 69% (11/16), respectively,
whereas only 13% (1/8) investigating the measurement of tobacco use received a very good or adequate rating.

Conclusions: This review is the first to provide evidence regarding the different types of smartphone-based approaches currently
used to measure key behavioral risk factors for chronic diseases (diet, alcohol use, and tobacco use) and the quality of their
measurement properties. A total of 19 measurement techniques were identified, most of which assessed dietary behaviors (48/72,
67%). Some evidence exists to support the reliability and validity of using smartphones to assess these behaviors; however, the
results varied by behavior and measurement approach. The methodological quality of the included studies also varied. Overall,
more high-quality studies validating smartphone-based approaches against criterion measures are needed. Further research
investigating the use of smartphones to assess alcohol and tobacco use and objective measurement approaches is also needed.

International Registered Report Identifier (IRRID): RR2-https://doi.org/10.1186/s13643-020-01375-w

(JMIR Mhealth Uhealth 2022;10(2):e27337)   doi:10.2196/27337

KEYWORDS

smartphone; app; alcohol; smoking; diet; measurement; mobile phone

Introduction

Background
Traditional measurement techniques to assess health behaviors
can be difficult and burdensome for individuals, clinicians, and
researchers alike and are often subject to problems such as recall
bias and forgotten information [1]. Novel measurement
techniques are needed to increase compliance and accuracy with
recording data, reduce respondent burden, and increase the
quality and detail of health behavior information. Smartphones
may present an opportunity to do just this.

Smartphones have become an integral part of the lives of many
people [2], and users often use their smartphones and
smartphone apps to record and measure a range of health
behaviors [3]. In addition, the standard features of smartphones
(ie, sensors, such as accelerometers, gyroscopes, and light
sensors) allow these devices to continuously monitor contexts
of users (eg, activity, location, and environment). Data from
these sensors can be collected passively, without the active
involvement of the user, and generate information about some
behaviors with little burden [4]. Unfortunately, the ability to
accurately measure key health behaviors using smartphones is
currently hampered by a lack of understanding of the validity
and reliability of the approaches used.

Consumption behaviors, such as dietary intake, alcohol use,
and tobacco smoking, are typically measured using approaches
prone to bias. For instance, diet is often assessed using food
diaries that require participants to record everything they eat
and drink for a period. This approach requires participants to
be literate and highly motivated, and research has shown that
the quality of food records declines considerably over time [5].
Retrospective recall methods are also commonly used for these
behaviors. These methods often require multiple administrations
to accurately capture variations in behavior over time [5,6], rely
heavily on the memory of participants and interviewer training,
and may be affected by social desirability bias, particularly for
smoking and alcohol use. In addition, the accuracy of these
self-report approaches is dependent on the ability of participants
to accurately estimate portion sizes (or standard drinks) and, as
such, often suffer from underreporting of behaviors [5,7,8].

Furthermore, traditional methods to objectively measure
consumption behaviors are often burdensome and costly to
administer. Weighed food records, for example, where food to
be consumed and any waste left over are weighed and recorded,
have been shown to be a valid method of recording dietary
intake. However, outside of a laboratory setting, this approach
is extremely burdensome and impractical [5]. In addition,
although the gold standard doubly labeled water method (where
isotopes in water provided to participants are used for tracing
purposes) can accurately estimate the energy intake of
participants, the approach requires multiple urine, saliva, or
blood samples to be taken; is costly; requires sophisticated
equipment; and is valid only among weight-stable participants.
Therefore, it is only feasible within specialized research
laboratories and not for use in clinical settings or by consumers
themselves [5]. Although devices to objectively measure alcohol
and tobacco use via expired breath ethanol and expired carbon
monoxide (CO) are readily available for purchase, they must
be regularly and properly calibrated to produce accurate results.
Furthermore, as these behaviors often occur outside of the home
and in social situations, their use may not be practical or
acceptable in free-living conditions.

Given the ubiquitous and portable nature of smartphones, their
powerful computing abilities, built-in cameras and sensors, and
the social acceptance of their use in almost all situations,
accurate smartphone measurement could offer solutions to many
of the issues associated with traditional approaches to measure
diet, alcohol, and tobacco use. Although several reviews of both
published literature and mobile apps available in the marketplace
have examined the efficacy of apps to help improve diet, alcohol
use, and tobacco use, only 1 review to date has specifically
focused on the measurement properties of smartphone-based
approaches to measure any of these behaviors [9]. As such,
there is a limited understanding of how these 3 behaviors might
be validly and reliably measured using smartphones [10-13].

Objectives
This study aims to systematically review the existing literature
on the measurement properties of smartphone-based approaches
to assess diet, alcohol use, and tobacco use. The specific
objectives of this review are as follows:
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1. To identify and describe the ways in which diet, alcohol
use, and tobacco use have been measured using smartphones

2. To describe and critically evaluate the available evidence
on the measurement properties of these approaches

3. To provide recommendations on the most suitable and
effective ways of measuring diet, alcohol use, and tobacco
use with smartphones

Methods

Overview
This review was conducted in accordance with the published
review protocol [14] and the PRISMA (Preferred Reporting
Items for Systematic Review and Meta-Analyses) guidelines
[15]. It is part of a larger systematic review that examines the
measurement properties of smartphone approaches to assess 6
key health behaviors (physical activity, sedentary behavior,
sleep, diet, alcohol use, and tobacco use). Owing to the large
number of eligible studies identified in this larger review, only
those studies that examined consumption behaviors (ie, diet,
alcohol use, and tobacco use) were included in the current
review to allow for adequate description and discussion of the
approaches identified and their associated measurement
properties.

Search Strategy and Selection Criteria
A research librarian (ABW) searched Ovid MEDLINE, Embase
(Elsevier), Cochrane Library (Wiley), PsycINFO (EBSCOhost),
CINAHL (EBSCOHost), Web of Science (Clarivate),
SPORTDiscus (EBSCOhost), and IEEE Xplore Digital Library
for research describing the measurement properties of
smartphone-based approaches to assess at least one of the 6 key
health behaviors. All databases were searched on March 1, 2020.
A date limit was applied from 2007 to present, as 2007 is the
year in which the first smartphones (ie, mobile phones with
large capacitive touchscreens using direct finger input, as
opposed to a stylus or keypad) were released. An example search
strategy developed for MEDLINE is shown in Multimedia
Appendix 1. Published studies with any type of study design,
involving participants of all ages, were eligible for inclusion.
Included articles were required to be in English language,
peer-reviewed studies of human participants, describe a
smartphone-based approach to assess diet, alcohol use, and
tobacco use and to report on at least one measurement property
of this approach identified in the Consensus-Based Standards
for the Selection of Health Measurement Instruments (COSMIN)
Taxonomy of Measurement Properties (Table 1).

Table 1. Consensus-Based Standards for the Selection of Health Measurement Instruments taxonomy of measurement propertiesa.

Measurement propertiesDomain descriptionDomain

Degree to which the measurement is free from measurement
error

Reliability • Internal consistency
• Reliability
• Measurement error

Degree to which an outcome measure measures the construct
it purports to measure

Validity • Content validity (including face validity)
• Construct validity (including structural validity, hypotheses

testing, and cross-cultural validity)
• Criterion validity

Ability of an outcome measure to detect change over timeResponsiveness • Responsiveness

aSee Consensus-Based Standards for the Selection of Health Measurement Instruments definitions of domains, measurement properties, and aspects of
measurement properties [16] for full descriptions and definitions of measurement properties.

Studies were excluded if they described the feasibility of the
measurement approach only, described the measurement
properties of using text messaging only to measure behaviors,
or described the measurement properties of a wearable device
(eg, Fitbit [Fitbit Inc]) alone.

Data Extraction and Screening
All identified studies were exported into Endnote (version 8)
to remove duplicates. Records were then uploaded to the
Covidence Systematic Review software (Veritas Health
Innovation) for screening. Authors participating in the screening,
full-text review, and data extraction process participated in
training sessions where multiple reviewers independently
reviewed and discussed a selection of papers to ensure
consistency across reviewers. Titles and abstracts were first
screened by 1 reviewer (RV, JW, CS, LT, BO, LB, LG, OG,
BP, or JT). Records were excluded if it was clear from the title
and abstract that they did not examine the measurement
properties of a smartphone-based approach to measure diet,

tobacco, or alcohol. A total of 8 members of the research team
(OG, CS, JW, LT, BO, ZB, KC, and RV) then participated in
full-text screening of results, with the full text of potentially
relevant studies independently assessed for eligibility by 2
members of this group, and any disagreements were resolved
with the assistance of a third researcher. LT, BO, CS, or OG
extracted data using a standardized form. Further details of the
data extraction are included in the published protocol [14].

Data Analysis
The primary outcomes of interest were the measurement
properties of smartphone-based approaches to assess diet,
alcohol use, and tobacco use. Specifically, we investigated, as
reported, the internal consistency, reliability, measurement error,
content validity, construct validity (including convergent
validity), criterion validity, and responsiveness of the approaches
identified. As there is currently no agreed-upon gold standard
method for self-reported measurement of diet, alcohol use, or
tobacco use, only studies in which the smartphone-based
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approach was compared with an objective measure of the
behavior (eg, weighed food records and observed number of
drinks or cigarettes consumed) were classified as investigating
criterion validity. The smartphone-based approach was
compared with a self-report measure, even if it was described
as a gold standard method by the authors, the paper was
classified as an investigating construct, specifically convergent
validity.

A narrative synthesis of the included studies was undertaken
for diet, alcohol use, and tobacco use separately, grouped
according to the type of measurement approach used, which
included self-report approaches, where participants were asked
to actively enter self-report information about their behaviors;
active objective approaches, where participants were asked to
actively provide an objective measure of their behavior (eg,
taking a photo of their food); and passive objective approaches,
where data generated by smartphone sensors were collected
without the active involvement of the participant and used to
generate information about behaviors. The methodological
quality of the included studies was assessed using the COSMIN
Risk of Bias checklist [17]. The COSMIN Risk of Bias checklist
was designed to assess the methodological quality of studies
investigating the measurement properties of patient-reported
outcome measures. It specifies several standards for design
requirements and preferred statistical methods when assessing
different measurement properties. The methodological quality

of each study was evaluated by rating all standards for each
measurement property investigated on a 4-point Likert scale.
A standard can be rated as very good (there is evidence that the
standard is met or when a preferred method was optimally used),
adequate (it can be assumed that the standard is met or when
the preferred method was used, but it was not optimally applied)
doubtful (it is unclear whether the standard is met or unclear if
a preferred method was used), or inadequate (there is evidence
that the standard is not met or when the preferred method was
not used). The overall quality of a study is determined by taking
the lowest rating of any standard [17].

Results

Overview
Of 12,967 identified records, 1305 (10.06%) were independently
fully reviewed by 2 reviewers. Agreement between reviewers
was 83.22% (1086/1305). A total of 72 studies were ultimately
included in the current review. These 72 studies involved 4732
participants and were most commonly conducted in the United
States (27/72, 38%), European countries (9/72, 13%), the United
Kingdom (6/72, 8%), and Australia (13/72, 18%). As shown in
Figure 1, up to 67% (48/72) papers examined the measurement
of diet, 22% (16/72) examined alcohol use measurement, and
11% (8/72) examined measurement of tobacco use. The details
of the identified smartphone-based measurement approaches
are discussed below.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart.

Diet

Overview
Overall, 67% (48/72) of the papers examined the measurement
properties of a smartphone-based approach to assess diet (n
range 0-203; 63.77% of participants in included studies were
female; age range of participants 3-75 years). The key

characteristics of these studies are detailed in Table 2 (for full
study details, see Multimedia Appendix 2 [3,18-85]). Of the
studies, 58% (28/48) described self-report approaches, whereas
42% (20/48) investigated active objective approaches. No
studies have identified that used passive objective approaches
to measure diet. The most commonly assessed measurement
properties were construct validity, measurement error, and
criterion validity.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e27337 | p.79https://mhealth.jmir.org/2022/2/e27337
(page number not for citation purposes)

Thornton et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 2. Key characteristics of studies examining the measurement of diet via a smartphone.

Measurement properties assessedMeasure-
ment ap-
proach

Publicly
available

App nameCountryStudy

Risk of
bias

Responsive-
ness

Criterion
validity

Construct
validity

Measure-
ment error

Reliability

Very good—✓—✓—aSelf-reportYesMyFitnessPalCanadaAhmed et
al [40]

Doubtful——✓✓—Self-reportNRNRbUnited
Kingdom

Ali et al
[27]

Very good——✓✓—Self-reportYesEasy diet diaryAustraliaAmbrosi-
ni et al
[26]

Very good——✓✓—Active ob-
jective

NRDietBytesAustraliaAshman
et al [57]

Very good——✓——Self-reportNRe-EPIDEMIOLO-
GY

SpainBéjar
[25]

Very good——✓——Self-reportNRe-12HRcSpainBéjar
[25]

Very good——✓——Self-reportNRe-12HRSpainBéjar et
al [39]

Very good——✓——Self-reportNRe-12HRSpainBéjar et
al [36]

Adequate—✓—✓—Active ob-
jective

N/AN/AdUnited
States

Boushey
et al [55]

Inadequate——✓——Self-reportNRdevilSPARCeUnited
States

Bruening
et al [42]

Very good—✓✓✓—Self-reportNRe-CAfSwitzer-
land

Bucher et
al [23]

Inadequate——✓✓—Self-reportNRMy Meal MateUnited
Kingdom

Carter et
al [24]

Adequate——✓✓—Self-reportYesMyFitnessPalAustraliaChen et
al [34]

Adequate——✓✓—Self-reportNRNRPolandChmurzyn-
ska et al
[37]

Adequate—✓✓✓—Active ob-
jective

N/AN/AUnited
Kingdom

Costello
et al [56]

Adequate—✓✓✓—Active ob-
jective

N/AN/ASwedenDelisle
Nyström
et al [54]

Adequate—✓—✓—Self-reportYesSamsung Health;
MyFitnessPal; Fat-

United
Kingdom

Fallaize
et al [32]

Secret; Noom
Coach; Lose it!

Very good——✓——Self-reportYesMyFitnessPal; Fit-
bit; Lose it!; My-
Plate; Lifesum

United
States

Griffiths
et al [22]

Very good—✓✓——Self-reportYesEZNutriPalUnited
States

Hezar-
jaribi et
al [33]

Inadequate——✓——Self-reportNoSpeech2HealthUnited
States

Hezar-
jaribi et
al [38]

Very good—✓———Active ob-
jective

NRNRAustraliaHuang et
al [53]
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Measurement properties assessedMeasure-
ment ap-
proach

Publicly
available

App nameCountryStudy

Risk of
bias

Responsive-
ness

Criterion
validity

Construct
validity

Measure-
ment error

Reliability

Doubtful——✓✓—Self-reportYesN/AAustraliaHutches-
son et al
[45]

Very good—✓—✓—Active ob-
jective

NRDialBeticsJapanKato et al
[62]

Doubtful—✓—✓—Active ob-
jective

N/AN/AChinaKong et
al [52]

Inadequate———✓—Self-reportYesResearch Food Di-
ary

AustraliaLancaster
et al [28]

Adequate——✓✓—Self-reportNoBridge2UUnited
States

Lemacks
et al [31]

Very good——✓——Active ob-
jective

NoNRTaiwanLiu et al
[49]

Adequate—✓—✓—Self-reportNRNRTaiwanLiu et al
[30]

Very good—✓——✓Active ob-
jective

NoNRUnited
States

Martin et
al [50]

Inadequate—✓—✓✓Active ob-
jective

NoNRUnited
States

Martin et
al [51]

Very good—✓———Self-reportYesSmartIntakeUnited
States

Most et al
[63]

Adequate—✓—✓—Active ob-
jective

N/ANRUnited
States

Nicklas et
al [48]

Adequate——✓✓—Self-reportNRFoodNowAustraliaPender-
gast et al
[21]

Very good—✓—✓—Active ob-
jective

N/AN/AGermanyPrinz et
al [60]

Adequate——✓✓—Self-reportNRe-DIAgAustraliaRangan et
al [20]

Adequate——✓✓—Self-reportNRe-DIAAustraliaRangan et
al [19]

Doubtful———✓—Active ob-
jective

NRGoCARBSwitzer-
land

Rhyner et
al [47]

Very good——✓——Self-reportYesMyNetDiaryUnited
States

Rodder et
al [35]

Very good——✓✓—Self-reportNRNutricam dietary
assessment method

AustraliaRollo et
al [59]

Very good—✓✓——Active ob-
jective

NRNutricam dietary
assessment method

AustraliaRollo et
al [61]

Inadequate——✓——Active ob-
jective

YesDiaTraceGermanySchiel et
al [64]

Inadequate——✓——Active ob-
jective

YesDiaTraceGermanySchiel et
al [65]

Adequate——✓✓—Self-reportNRSA-24RhChinaSmith et
al [44]

Very good—✓✓——Self-reportNoOhmageUnited
States

Swende-
man et al
[43]
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Measurement properties assessedMeasure-
ment ap-
proach

Publicly
available

App nameCountryStudy

Risk of
bias

Responsive-
ness

Criterion
validity

Construct
validity

Measure-
ment error

Reliability

Doubtful———✓—Self-reportNRMyFitnessPalBrazilTeixeira
et al [18]

Very good——✓✓—Self-reportNREat and Track appAustraliaWellard-
Cole et al
[29]

Very good—✓———Active ob-
jective

NoSnap-n-EatUnited
States

Zhang et
al [46]

Very good✓————Self-reportNRNRUnited
States

Zhu et al
[58]

aMeasurement property was either not assessed or not reported.
bNR: not reported.
ce-12HR: electronic 12-hour dietary recall.
dN/A: not applicable.
edevilSPARC: Social impact of Physical Activity and Nutrition in College.
fe-CA: electronic carnet alimentaire (“food record” in French).
ge-DIA: Electronic Dietary Intake Assessment.
hSA-24R: Smartphone Assisted 24 Hour Recall.

Self-report

Overview

Of the 28 studies that examined self-report methods for
recording diet, 24 (86%) investigated food diary apps, 2 (7%)
used ecological momentary assessment (EMA), 1 (4%)
examined a smartphone-assisted 24-hour dietary recall tool, and
1 (4%) investigated the use of a web-based food database via a
smartphone.

Food Diary Apps

A total of 24 studies investigated food diary apps [18-40,86]
designed to facilitate daily or real-time recording of dietary
intake. Usually, these are linked to a large database containing
preprogrammed information about the energy and nutrient
content of popular foods. These apps allow users to select food
and beverages they have consumed, and their energy and
nutrient intake for the day is automatically calculated. A wide
range of food diary apps were examined within the included
studies, 12 of which (described across 9 studies)
[18,21,22,26,32,34,35,40,87] were publicly available on the
leading app stores (Google Play or iOS).

A total of 3 studies [18,34,40] exclusively examined the
measurement properties of MyFitnessPal, a widely used
commercially available app, and 2 studies examined
MyFitnessPal along with another app [22,32]. Furthermore,
80% (4/5) of these studies found evidence to support the validity
of MyFitnessPal. Teixeira et al [18] compared the energy intake
generated by MyFitnessPal with estimates generated by a
paper-based food record. Griffiths et al [22] compared the app
with estimates generated by a dietary analysis program [87],
and Ahmed et al [40] and Fallaize et al [32] compared the app
with weighed food records. They found correlations between
the energy intake estimated by MyFitnessPal and their

comparison measure of 0.70-0.99. Falliaze et al [32], Griffiths
et al [22], and Ahmed et al [40] found no significant differences
among the estimation of energy and most nutrients; however,
where differences did exist, MyFitnessPal was found to yield
lower intakes. Chen et al [34], by contrast, found poor agreement
between MyFitnessPal and energy intake estimated via a 24-hour
recall measure, finding weak to moderate correlations
(0.21-0.42) and significantly lower values for total energy and
all macronutrients recorded via MyFitnessPal. They found no
proportional bias for energy or any of the nutrients assessed;
however, wide limits of agreement were observed.

Furthermore, 2 studies investigated top nutrition tracking apps,
including Fitbit, Lose it!, MyPlate, Lifesum, Samsung Health,
Fatsecret, Noom Coach, and MyFitnessPal [22,32]. Both studies
found strong correlations among energy and nutrient estimations
via the apps and their comparison measures (0.73-0.96 and
0.79-0.91, respectively). However, numerous significant
differences among nutrient estimations generated by the apps
and comparison measures were identified, particularly within
the Lose it! app. Other publicly available nutrition apps were
investigated in 2 studies, with moderate mean correlations
between apps and their comparison measures found (mean 0.61,
SD 0.11 [26] and mean 0.67, SD 0.14 [35]).

A total of 3 studies [21,33,38] investigated the use of
unstructured data entry methods to self-report food intake,
compared with structured forms of recording food intake
information. The unstructured data entry methods examined
information about food intake recorded via free-form speech
and text descriptions. Food intake information was then
extracted using manual coding or natural language processing
(NLP) software. Pendergast et al [21] investigated the FoodNow
app, which allowed diet information to be recorded via text
descriptions, voice messages, and optional images. This
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unstructured data were coded by trained nutritionists to match
each food or beverage item described in the app to an
appropriate item in a food and nutrient database [88]. They
compared this approach to energy expenditure measured via
the SenseWear Armband. Bland–Altman plots showed wide
limits of agreement, indicating error at the individual level but
no evidence of systematic bias among methods. The correlation
among methods was strong (0.75), and an acceptable level of
reliability among methods was found (intraclass correlation
coefficient 0.75, 95% CI 0.61-0.84). Hezarjaribi et al [33,38]
examined EZNutriPal and Speech2Health, 2 interactive diet
monitoring systems that facilitate the collection of speech
recordings and free-text data regarding dietary intake, real-time
prompting, and personalized nutrition monitoring. In contrast
to Pendergast et al [21] and the FoodNow app, the EZNutriPal
and Speech2Health apps feature an NLP unit that allows
automatic identification of food items described in the
unstructured data provided. In the Speech2Health system,
Hezarjaribi et al [38] used standard NLP techniques in
combination with a bespoke pattern mapping technique to
extract food names and portion sizes from spoken text. These
data were then used to estimate the nutrient information. In
EZNutriPal, Hezarjaribi et al [33] used an NLP framework based
on named-entity recognition, where unrecognized entities were
added to a training set to continuously update the ability of the
NLP framework to correctly identify food items from an
individual’s speech. Individual recognized entities relating to
food items, units, and quantities were then further processed to
obtain an estimate of nutrient information. This methodology
was tested using 13 participants across a 13-day period using
EZNutriPal. The authors found that compared with labeling of
the unstructured data by patients, EZNutriPal achieved an
accuracy of 89.7% in calorie intake estimation [33], whereas
Speech2Health achieved an accuracy of 92.2%. In their 2019
study, Hezarjabi et al [33,38] also compared the performance
of these 2 apps and found that the Speech2Health app identified
3.4 times more than the actual number of food items contained
in test sentences, whereas EZNutriPal identified 0.8 times less
than the actual number of food items contained in test sentences.
An interesting aspect of the 2019 study of Hezarjabi et al [33]
was that it explicitly incorporated personalization of the food
recognition system (from voice) by allowing users to provide
labels for unrecognized voice inputs. These inputs were then
used to further train the algorithm and thus improve the future
performance of the app.

EMA Apps

EMA aims to maximize the ecological validity of data collected
by repeatedly collecting information about the current behaviors
of participants in real-time in their natural environment [41].
Overall, 2 studies investigated apps using EMA where
participants were prompted multiple times throughout the day
to record their food intake [42,43]. Bruening et al [42] compared
smartphone-based EMAs with 24-hour dietary recalls, whereas
Swendeman et al [43] examined the agreement among EMAs
of self-reported diet quality and brief dietary recall measures,
anthropometric measurements, and bloodspot biomarkers.
Bruening et al [42] found good agreement between their
methods, with 87% of food reported in both systems. Similarly,

Swendeman et al [43] found that self-reported diet quality
assessed via EMAs was moderately correlated with dietary
recall measures for foods with high sugar content and fast food
but weakly correlated with fruits and vegetables, anthropometric,
and biomarker measures.

24-Hour Dietary Recall

One study investigated the performance of a smartphone-assisted
24-hour dietary recall tool in measuring beverage intake among
young Chinese adults [44], comparing it with a paper-based
tool and 24-hour urine samples. Participants reported
significantly reduced beverage intake via the
smartphone-assisted 24-hour recall compared with that via the
paper-based recall and fluid intake as assessed by the
smartphone, and urine volume was moderately correlated (0.58).
In addition, they found evidence of systematic measurement
errors whereby the bias for smartphone and paper-based recall
methods were not consistent across levels of intake, with the
bias increasing with higher intake of beverages.

Web-Based Food Database

One study [45] evaluated the accuracy of 7-day food record
methods accessed on the web via a smartphone, via a computer,
and using pen and paper. They found no significant differences
among total energy expenditure and energy intake reported for
the 3 different methods; however, their examination of the
measurement error of these approaches suggested that there
may be greater underreporting of energy intake using
paper-based diaries compared with computer- and
smartphone-based methods.

Active Objective

Overview

A total of 20 studies [46-65] examined apps that actively and
objectively measured dietary intake. All studies used images of
food to be consumed (and often also food waste) captured by
the camera of a smartphone. Overall, 75% (15/20) of studies
[48,50-52,54-57,59-65] investigated manually analyzed food
photography methods where participants took photos of their
food, which were then sent to researchers for analysis.
Furthermore, 25% (5/20) of studies [46,47,49,53,58] used
automatically analyzed food photography methods where images
of food were captured by participants using specialized apps,
which then analyzed images and calculated the energy and
nutrient content of foods pictured automatically.

Manually Analyzed Food Photography

A total of 15 studies [48,50-52,54-57,59-65] used this method,
of which 87% (13/15) demonstrated some evidence of its
reliability and validity. Rollo et al [59,61], for example,
conducted 2 studies to examine the performance of their
Nutricam Dietary Assessment Method (NuDAM). NuDAM is
an app that allows users to capture a photograph of food items
before consumption and store a voice recording to explain the
image contents before it is sent to a website for analysis by a
dietitian. In their 2011 study [59], energy intake measured by
the app was compared with a written food diary. Individual
differences in energy intake between the 2 records varied from
6.7% to 29.7%, and on average, energy intake was
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underrecorded using the app. In their 2015 study [61], energy
intake assessed via NuDAM was compared with weighed food
records and energy expenditure using the doubly labeled water
method. Moderate to strong correlations between NuDAM and
weighed food records were found for energy and nutrient intakes
(0.57-0.85), and mean nutrient intakes were not significantly
different. The overall mean energy intake calculated by the app
and weighed food records were both significantly lower than
the total energy expenditure calculated using the doubly labeled
water method. Participants who were found to underreport using
the app were also underreported via weighed food records.

Another 6 studies [50-52,56,60,62] compared manually analyzed
food photography to weighed food records and found strong
correlations among methods for energy (0.92-0.99) [56,60],
carbohydrates (0.93-0.99), fat (0.84-0.99), and protein
(0.94-0.99) estimates [52,60]. A total of 2 studies by Martin et
al [50,51] also examined the reliability of food photography
methods over time and found that the energy intake estimated
using this method was reliable over 3 [50] and 6 days of testing
[51]. Although there was good agreement among the methods
for daily energy and macronutrient intakes in Kong et al [52]
and Kato et al [62], in the study by Kong et al [52], as intake
increased, underestimation by the app was identified, whereas
Kato et al [62] found that images captured via the app generated
higher values than the weighed food record for some
macronutrients. Costello et al [56] also found evidence of a
small standardized bias.

In addition, 2 studies [57,63] conducted among pregnant women
generated limited evidence for the validity of food photography
among this population. For example, Ashman et al [57] found
moderate to strong correlations among food photography and
24-hour recall for energy and macronutrients (0.58-0.84) among
this population. Three studies among children and adolescents
found no significant differences among energy intake estimated
via food images and self-reported energy intake [64,65] or
energy intake estimated via the doubly labeled water method
[54]. However, in their study of 3- to 5-year-old children, Niklas
et al [48] found the remote food photography method to
significantly underestimate the mean daily energy intake when
using the doubly labeled water method.

Similarly, Boushey et al [55] found only moderate correlations
(0.58) among dietary intake estimates using the doubly labeled
water method and manually analyzed food photography. There
was no evidence of a systematic bias. Energy intake calculated
via their app was found to be significantly less than the estimates
calculated via the doubly labeled water method, with differences
more pronounced in men than in women.

Automatically Analyzed Food Photography

A total of 5 studies [46,47,49,53,58] used this method, all of
which provided some evidence of its reliability or validity. In
the study by Zhu et al [58], for example, images of meals
captured using a smartphone camera were segmented and
identified, and their volume was estimated. Before and after
images were used to estimate food intake and determine energy

and nutrients consumed. The app accurately identified between
84% and 96% of 19 different food items. The study also
explored the estimation of volume using 7 food items and the
estimation of weight using 2 food items. The mean percentage
error of the volume estimates was 5.65%. To estimate the mass,
the system had a percentage error between 3% and 56%.

Liu et al [49] examined two new methods to assist with the
automatic analysis of food photography—an interactive photo
interface (IPI) and a sketching-based interface (SBI). The IPI
presented users with images of predetermined portion sizes of
a specific food and allowed users to scan and select the most
representative image matching the food that they were
measuring. The SBI required users to relate the food shape to
a readily available comparator (eg, credit card) and scribble to
shade in the appropriate area. These were compared with
traditional life-sized photos commonly used by dietitians to
help people identify portion sizes. The overall accuracies of the
IPI, SBI, and traditional life size photo method were 66.98%,
46.05%, and 72.06%, respectively, showing that the SBI method
was significantly less accurate than the IPI and traditional life
size photo methods. In another study [47] investigating the
GoCARB app, participants were required to place a reference
card next to their plate and take 2 images using a smartphone.
A series of computer vision modules detected the plate and
automatically segmented and recognized different food items
into 9 broad food classes (pasta, potatoes, meat, breaded items,
rice, green salad or vegetables, mashed potatoes, carrots, and
beans) while their 3D shape was reconstructed. The carbohydrate
content of foods was then calculated by combining the volume
of each food item with the nutritional information provided by
a nutrition database. GoCARB estimates were compared with
participant estimates of carbohydrate content and the ground
truth (measured by weighing the meals and calculating
carbohydrates using the same nutrition database). The mean
relative error in carbohydrate estimation was 54.8% (SD 72.3%)
for the estimations of participants and 26.2% (SD 18.7%) for
the GoCARB app.

Alcohol

Overview
A total of 16 papers examined the measurement properties of
a smartphone-based approach to assess alcohol use (Multimedia
Appendix 2; Table 3 for full study details). A total of 1453
participants were included in these 16 studies (range 0-671; age
range 16-74 years; 510/1453, 35.09% female). Moreover, 62%
(10/16) of these studies described self-report approaches, 2%
(2/16) described active objective approaches, and 25% (4/16)
described passive objective approaches to measuring alcohol
use. The most commonly assessed measurement properties were
criterion and construct validity. Although numerous apps
measuring alcohol use are described here, only 1 app
(Intellidrink [66]) is currently accessible via the leading app
stores for consumers to monitor their own alcohol use (3 other
apps [67,68,89], although publicly available, are only available
for use by researchers for data collection).
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Table 3. Key characteristics of studies examining the measurement of alcohol via a smartphone.

Measurement properties assessedMeasure-
ment ap-
proach

Publicly
available

App nameCountryStudy

Risk of
bias

Respon-
siveness

Criterion
validity

Construct
validity

Content
validity

Measure-
ment error

Reliabili-
ty

Very good✓✓————bPassive ob-
jective

NRaAlcoGaitUnited
States

Arnold et
al [3]

Very good✓—✓———Passive ob-
jective

YesAWAREUnited
States

Bae et al
[67]

Doubtful——✓———Self-reportNoSIDEALSpainBarrio et
al [74]

Very good——✓———Self-reportNRHANDUnited
States

Bernhardt
et al [90]

Adequate——✓—✓—Self-reportNRLBMI-AcUnited
States

Dulin et
al [72]

Inadequate————✓✓Active ob-
jective

NRSPAQdUnited
States

Kim et al
[76]

Very good——✓———Self-reportNoPHITe for
duty

United
States

Kizake-
vich et al
[73]

Very good——✓———Self-reportYesIntellidrinkUnited
States

Luczak et
al [66]

Very good✓————✓Active ob-
jective

NRSpiralJapanMatsumu-
raet al
[77]

Doubtful✓—✓———Passive ob-
jective

N/AfAlcoGait
and Al-
coWear
Smart-
watch app

United
States

McAfee
et al [78]

Very good——✓———Self-reportNRNRUnited
Kingdom

Monk et
al [71]

Very good——✓✓——Self-reportN/ANRUnited
States

Paolillo
et al [70]

Adequate——✓———Self-reportYesCNLab-AAustraliaPoulton
et al [89]

Doubtful✓—✓———Passive ob-
jective

NoSensor log-
ger and
Drink log-
ger

Switzer-
land

Santani et
al [79]

Doubtful——✓—✓—Self-reportYesOhmageUnited
States

Swende-
man et al
[68]

Adequate——✓———Self-reportNoMetricwireUnited
States

Wray et
al [69]

aNR: not reported.
bNo reporting of measurement property assessed.
cLBMIA: Location-Based Monitoring and Intervention for Alcohol Use Disorders.
dSPAQ: Smartphone Addiction Questionnaire.
ePHIT: Personal Health Intervention Toolkit.
fN/A: not applicable.
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Self-report

Overview

Overall, 62.5% studies [66,68-74,89,90] examined the
measurement properties of apps that asked users to self-report
alcohol use. Most studies (7/10, 70%) asked participants to
report alcoholic beverage consumption daily [68,72,90] or in
real-time (ie, using EMA) [70,71,74,89] using an app.
Furthermore, 2 studies [69,73] examined the validity and
reliability of completing standardized measures of alcohol use
disorder via a smartphone, and 1 study [66] examined the ability
of self-reported alcohol consumption via a commercially
available app to accurately estimate breath alcohol
concentrations (BrACs).

Daily Self-report

Recording alcohol consumption once a day via a smartphone
app was investigated in 3 studies [68,72,90]. These studies
demonstrated that this approach possesses good convergent
validity when compared with traditional recall methods such
as the Timeline Follow Back (TLFB) [91], which is a
calendar-prompted, retrospective measure of alcohol
consumption. Swendeman et al [68] found a moderate
correlation (0.65) between daily self-reports and web-based
14-day recall surveys of alcohol use. However, this study also
found significant differences in the mean percentage of days of
alcohol use, with higher reports via daily app-based self-reports
compared with 14-day recall. Similarly, Dulin et al [72] found
moderate to strong correlations between data recorded through
an app they tested and the TLFB for percentage of days abstinent
(0.76-0.92), percentage of heavy drinking days (0.49-0.74), and
the number of drinks consumed per drinking day (0.49-0.74).
However, these correlations were found to diminish as more
time elapsed between consumption and recall.

EMA Apps

A total of 4 studies [70,71,74,89] examined the measurement
properties of self-reported alcohol use recorded via a smartphone
using EMA, that is, as it occurred in real time or close to real
time. Each of these studies employed smartphone apps that
asked participants if they had consumed alcohol since the last
prompt or last submission of data and the quantity consumed.
Participants were often instructed to record their alcohol use as
it occurred; however, Paolillo et al [70], Poulton et al [89], and
Monk et al [71] also proactively prompted participants to report
their alcohol use multiple times each day. These studies each
demonstrated real-time, self-reports of alcohol use via a
smartphone to have some convergence with retrospective reports
of alcohol use, particularly the TLFB (correlations of 0.42-0.95).
However, Monk et al [71] also found that participants reported
consuming more drinks when reporting in real time compared
with retrospective reporting. In addition, Monk et al [71] found
that more drinks consumed were related to higher discrepancies
between real-time and retrospective reports. Poulton et al [89]
also found that participants reported a significantly faster rate
of consumption when recording in real time via an app,
compared with retrospective accounts.

Standardized Measures of Alcohol Use Disorders

A total of 2 studies [69,73] examined the measurement
properties of administering the Alcohol Use Disorders
Identification Test (AUDIT), a standard measure of alcohol use
with established reliability and validity, via a smartphone [75].
In their study, Kizakevich et al [73] compared the AUDIT
completed via their app with pen and paper administration of
the measure. Wray et al [69] asked participants to complete the
AUDIT once a day for 30 days and compared this with the
TLFB. Both studies provided some evidence for the validity of
completing the AUDIT via a smartphone app. Kizakevich et al
[73] demonstrated that there was very good convergence
between the AUDIT completed on paper and via the app (0.97),
whereas Wray et al [69] found that the AUDIT and web-based
TLFB were moderately correlated (0.55-0.88). Wray et al [69]
found evidence of underreporting alcohol use on the TLFB.

BrAC Apps

Luczak et al [66] investigated the ability of a transdermal alcohol
concentration (TAC) device in combination with a commercially
available app Intellidrink to estimate BrAC. TAC devices
measure the amount of alcohol diffusing through the skin at a
particular time. As the raw TAC data are not directly related to
blood alcohol concentration (BAC) or BrAC, further information
on consumed alcoholic drinks is required to calibrate the models
that convert TAC data to BrAC. The Intellidrink app was used
to allow participants to self-report basic demographic data and
data for each drinking episode. These data were combined with
the TAC data in the authors’ BrAC estimator software to
accurately estimate BrAC. The authors found that the BrAC
algorithm combined with the Intellidrink app had good
convergent validity when compared with results generated by
the previously validated breath alcohol estimator software
developed by the authors. The combination of TAC device and
Intellidrink app calculated peak BrAC estimates (eBrAC) to
within 0.0003% of that calculated by the BrAC estimator
software when using raw breadth analyzer data. The Intellidrink
calculated time of peak eBrAC was within 18 minutes of the
reference data, and the area under the eBrAC curve was within
0.025% for alcohol hours.

Active Objective
Two studies [76,77] investigated approaches to actively and
objectively measure alcohol use via smartphones. One [77]
examined the potential of a mobile-based test of psychomotor
performance to measure alcohol-induced impairment, whereas
the other [76] described the validation of an optical attachment
for smartphones to identify the results of saliva alcohol
concentration test strips.

In their study, Matsumura et al [77] tested the performance of
participants on a mobile-based test of psychomotor performance
(Spiral for iPhone) and 3 computer-based tests assessing
psychomotor and cognitive performance at predrink baseline
(BAC of 0%) and after alcohol consumption. When participants
had a BAC close to 0.1%, their performance on all tests,
including the Spiral for iPhone, was found to be significantly
worse than baseline and 0% BACs. Although significant
decreases in performance accuracy for the 3 computer-based
tests were also found when participants had BACs close to
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0.06%, performance on the smartphone-based test (Spiral for
iPhone) was not significantly worse than baseline.

Kim et al [76] examined a custom-built smartphone attachment
and smartphone app to capture an image of saliva alcohol
concentration test strips and identify their correct saliva alcohol
concentration. Using their system, they inserted test strips into
the custom-built smartphone attachment, and images were
captured using the camera of the smartphone. Their smartphone
app used machine learning techniques to calculate the estimated
saliva alcohol concentration. The authors used test strips
prepared with various concentrations of ethyl alcohol to generate
the training data. A total of 14 images were recorded for each
concentration, but the study by Kim et al [76] did not report
how many of these were used for training, and how many were
used for unbiased testing of the trained machine learning
algorithms. The authors reported that this approach to analyzing
saliva alcohol concentrations is valid and reliable across
different types of smartphones, providing average classification
rates of 100% accuracy for standard concentrations (0%, 0.02%,
0.04%, 0.08%, and 0.3%) and 80% accuracy for intermediate
concentrations that required finer discrimination.

Passive Objective

Overview

A total of 4 studies examined the measurement properties of
passive objective approaches to measure alcohol use. Arnold
et al [3] and McAfee et al [78] used smartphone sensors [3] and
a combination of smartphone and smartwatch sensors [78] to
measure gait as a proxy for alcohol-induced impairment,
whereas Santani et al [79] and Bae et al [67] used phone sensor
data to infer alcohol use (see Multimedia Appendix 2 for full
study details).

AlcoGait App

A total of 2 studies [3,78] investigated whether a smartphone
user’s level of alcohol intoxication could be accurately inferred
from their gait. Both studies used the AlcoGait app, which runs
continuously in the background of smartphones of users. In the
study by Arnold et al [3], accelerometer data were collected by
the app, and information about users’ gait generated. This
information was then labeled the following day using an in-app
survey that asked users to identify when they began drinking
and finished drinking and how many drinks they had. Machine
learning algorithms were trained with these data to infer BAC
as membership of one of the three classes: 0 to 2 drinks, 3 to 6
drinks, or >6 drinks. In their study, McAfee et al [78] extended
the AlcoGait app with the AlcoWatch to create the AlcoWear
system, which also uses gyroscopes to capture information on
the rotational velocity of the smartphone in response to the
user’s movement.

Both studies generated evidence for the validity of this approach.
Arnold et al [3] found that after training the system on 209 data
points, the AlcoGait app could classify the alcohol consumption
of a user into 1 of the 3 classes with an accuracy of 56% (F
score of 0.629 and area under the receiver operating
characteristic curve [AROC] of 0.685) on training data. They
reported a higher performance of 70% (F score of 0.786 and
AROC of 0.825) on yet unseen data. McAfee et al [78] used 33

participants wearing sensor-impairment goggles to simulate the
effects of alcohol consumption on the body. Training data were
gathered by extracting features such as step count, cadence, and
sway from 90-second walks with sensor-impairment goggles
simulating BAC in 4 ranges (0.04-0.06, 0.08-0.15, 0.15-0.25,
and 0.25-0.35). These training data were then used to train and
validate several machine learning algorithms. They found that
the AlcoGait app was able to infer the correct BAC range with
an accuracy of 89.45% with 99% of the data used for training
and 1% used for validation. The authors reported a maximum
accuracy of 79.8% when using the smart watch to infer BAC
as being higher or lower than 0.08.

Smartphone Sensors

Overall, 2 studies [67,79] examined the use of data from
multiple smartphone sensors and machine learning to
automatically recognize drinking behavior. They both used apps
that run in the background on user’s phones to collect sensor
data from participants’ phones. Bae et al [67] used the app
AWARE to collect data continuously over 28 days from 38
young adults with hazardous drinking. They collected
information relating to time (eg, day of week or time of day),
movement (eg, accelerometer or gyroscope), communication
(phone calls or texts), and psychomotor impairment (keystroke
speed; available for Android phones only) and used these data
to train random forests to predict periods of no drinking, low-risk
drinking, and high-risk drinking from historic data (1- and 3-day
history). Alcohol use information was collected via SMS text
messages sent at 10 AM each day asking about the previous
day. The performance of their algorithms was tested using 20%
of the data not previously used for training.

Santani et al [79] used the Android app SensorLogger to collect
information related to location (GPS or Wi-Fi), movement
(accelerometer), social context (density of nearby Bluetooth
devices), and phone use (battery, screen, and app use) on 10
weekend nights from 8 PM to 4 AM from 241 participants. The
DrinkLogger app was then used to allow participants to report
their alcohol consumption when it occurred. After preprocessing,
1011 user nights from 160 individuals were used to train a
random forest algorithm with 500 trees to predict whether a
user had consumed alcohol on a given night.

Bae et al [67] provided some evidence of the validity of using
mobile phone sensors and machine learning algorithms to
identify alcohol use among young people. They found that
drinking categories were significantly correlated with time of
day (0.11) and day of week (0.06), claiming that with time of
day and day of week alone, they were able to detect low- and
high-risk drinking with 90% accuracy. Their best-performing
model to predict drinking used random forests and 3 days of
historical data from multiple sensors. The model had a Cohen
κ of 0.80 and an AROC of 0.96 and correctly classified
30-minute windows of time as nondrinking 98.5% of the time,
low-risk drinking 70.2% of the time, and high-risk drinking
84.4% of the time. The AROC is a measure of the ability of an
algorithm to achieve high sensitivity as well as high specificity
and has a maximum value of 1, indicating a perfect classifier.
Random predictions (of drinking in this case) would result in
an AROC score of 0.5. In contrast, Santani et al [79] found that
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even data from their most informative features (accelerometer
data) could only identify drinking nights with 75.8% accuracy.
This was followed by location, Wi-Fi, and Bluetooth logs with
68.5%, 65.2%, and 64.2% accuracy, respectively (note that a
random guess would have resulted in an accuracy of 67%, as
67% of the data used reported alcohol consumption for that
night).

Tobacco

Overview
A total of 8 studies [68,80-85,92] described the measurement
properties of approaches assessing tobacco use. The number of
participants involved in these studies ranged from 3 to 146

(N=363). The studies involved, on average, 34.7% female
participants ranging in age from 18 to 64 years. The key
characteristics of the 8 studies are shown in Table 4 (see
Multimedia Appendix 2 for full study details). Furthermore,
50% (4/8) of the studies described active objective approaches
to measure smoking, 12% (1/8) used a self-report method, and
37% (3/8) described passive objective approaches. All 8 studies
assessed the construct validity (specifically convergent validity)
of their approaches. Although several different apps are
described in the included studies, only 4 apps are accessible via
the leading app stores (Instant Heart Rate, Cardio [83],
Smokerlyzer [82], and SmokeBeat [84]), and designed to help
consumers monitor their own tobacco use.

Table 4. Key characteristics of studies examining the measurement of tobacco via a smartphone.

Measurement properties assessedMeasure-
ment ap-
proach

Publicly
available

App nameCountryStudy

Risk of
bias

Respon-
siveness

Criterion
validity

Construct
validity

Measurement
error

Reliability

Doubtful——✓——aPassive
objective

YesSmokeBeatIsraelDar [84]

Doubtful✓—✓——Active
objective

YesInstant Heart Rate
or Cardio

United
Kingdom

Herbec et
al [83]

Doubtful——✓——Active
objective

NoMy Mobile MonitorUnited
States

McClure
et al [80]

Doubtful✓✓✓—✓Passive
objective

NRNRbUnited
States

Meredith
et al [81]

Doubtful——✓——Passive
objective

NRNRCanadaQin et al
[92]

Very good——✓——Passive
objective

NoNRNether-
lands

Shoaib et
al [85]

Doubtful——✓✓—Self-re-
port

YesOhmageUnited
States

Swende-
man et al
[68]

Doubtful—✓✓—✓Active
objective

YesSmokerlyzer and
iCOSmokerlyzer

MalaysiaWong et
al [82]

aNo reporting of measurement property assessed.
bNR: not reported.

Self-report
One study [68] examined the measurement properties of a
self-report method to assess tobacco use. In this study,
HIV-positive adults were asked to complete daily mobile
surveys when prompted by the app, and whenever they smoked,
for 6 weeks. Participants were asked to indicate if they had
smoked since the last time they self-reported via the app. This
study demonstrated that there was very good convergent validity
among daily mobile self-reports and web-based 14-day recall
surveys of tobacco use, with a strong correlation between
methods (0.92).

Active Objective

Overview

Of the 4 studies that examined active objective measures of
tobacco use, 3 (75%) [80-82] investigated the measurement of

expired CO using a smartphone app in conjunction with expired
CO monitors, and 1 (25%) [83] investigated whether heart rate
measured by a smartphone could accurately identify smoking
episodes.

Expired CO

A total of 3 studies used this methodology [80-82], and all found
evidence to support its validity and reliability. Overall, 67%
(2/3) of these studies [81,82] used expired CO monitors designed
to attach directly to smartphone users. Meredith et al [81]
described the use of a prototype CO monitor for smartphones,
developed by the authors, and Wong et al [82] examined the
first commercially available CO monitor for use with a
smartphone and accompanying smartphone app (iCO
Smokerlyzer and the Smokerlyzer app). Both studies found that
the first and second CO measures collected via their smartphone
CO monitors were strongly and significantly correlated with
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each other (0.98 and 0.94, respectively). Both studies also found
that measurements of expired CO collected via
smartphone-attached CO monitors were strongly correlated with
measurements collected via stand-alone CO monitors. A third
study [80] described a protocol whereby young smokers (aged
15-25 years) used a smartphone app (MyMobile Monitor) and
the camera of their smartphone to take time-stamped
photographs of themselves exhaling into a stand-alone expired
CO monitor (PiCo Smokerlyzer), and a photograph of the CO
readings displayed by the monitor to be verified by the research
staff. This study found a moderate agreement among the
methods (0.49).

Heart Rate Apps

One study [83] used 2 publicly available heart rate apps (Instant
Heart Rate and Cardio) to investigate whether resting heart rate
measured using a smartphone could be used to verify smoking
abstinence. The study by Herbec et al [83] of 18 adult daily
smokers found some evidence to support this approach.
Specifically, they found that lower heart rates were observed
among all participants on days they did not smoke and did not
use nicotine replacement products, compared with days on
which they smoked as usual. Similarly, lower heart rates were
also observed among 83% (15/18) of participants on days they
were abstinent but used a nicotine replacement product
compared with those on days when they smoked as usual.

Passive Objective

Overview

A total of 3 studies [84,85,92] investigated passive objective
approaches to measure tobacco use via smartphones. Overall,
67% (2/3) of these studies [84,85] used wrist-worn sensor
devices (eg, smartwatches) in conjunction with smartphone
apps to detect episodes of smoking. A third [92] used in-phone
sensors only to recognize the occurrence of smoking might be
taking place.

Wrist-Worn Sensors

Shoaib et al [85] used accelerometer and gyroscope data
collected from smartwatches and smartphones to test a 2-layer
hierarchical smoking detection algorithm. In their study,
participants wore a smartwatch on their right wrist and a
smartphone in their right pocket. A total of 11 participants
performed 17 hours (230 cigarettes) of smoking while sitting,
standing, walking, and in group conversation and 28 hours of
other similar activities (eg, eating and drinking). Data were
collected at 50 samples per second from these sensors. Dar [84]
provided participants with smartwatches and instructed them
to wear them on the hand that they used for smoking. Dar [84]
then used the SmokeBeat app to process raw data from these
devices, identify smoking episodes, and provide feedback to
participants in real time. These 2 studies demonstrated very
good convergent validity with self-reported smoking episodes.
Shoaib et al [85] achieved a very high precision and recall for
smoking in 83% to 97% F-measure, whereas Dar [84] detected
82.29% of smoking episodes, with a negligible frequency of
erroneously detected episodes (2.85%).

In-Phone Sensors

One study [92] used data collected from the GPS, Wi-Fi, and
accelerometer within the smartphones of participants and
self-reported smoking behaviors, collected over 1 month to train
and evaluate algorithms to accurately classify smoking and
nonsmoking periods based on in-phone sensor data alone. First,
each of the individual features extracted from the sensor data
collected was used to train univariate hidden Markov models
(HMMs), which were then evaluated. Next, multivariate HMMs
using 3 features and 5 features were trained and evaluated. Qin
et al [92] were able to detect smoking activity with an accuracy
over 0.9, and an AROC of >0.8. HMMs with a single feature
were found less accurate than multivariate HMMs.

Risk of Bias
Most studies (35/48, 73%) investigating the measurement of
diet received very good (23/48, 48%) or adequate (12/48, 25%)
methodological quality ratings on the COSMIN Risk of Bias
tool (Table 2). As Table 3 shows, most studies (11/16, 69%)
investigating the measurement of alcohol use were of at least
adequate methodological quality (very good, 8/16, 50%; and
adequate, 3/16, 19%), whereas only 13% (1/8) of the studies
investigating the measurement of tobacco use received a very
good rating (Table 4).

Across the 3 behaviors, 73% (29/40) of studies investigating
self-report measurement approaches received very good or
adequate quality ratings. This is compared with 60% (15/25)
of studies investigating active objective approaches and 38%
(3/8) of studies investigating passive objective approaches.
Ratings of adequate or very good were achieved by 72% (21/40)
of diet self-report studies, 74% (14/19) diet active objective
studies, and 63% (5/8) alcohol self-report studies. By contrast,
adequate or very good ratings were achieved by only 50% (1/2)
of alcohol active objective and 50% (2/4) alcohol passive
objective studies, by 25% (1/4) of tobacco passive objective
studies, and by none of the tobacco self-report and active
objective studies.

The 3 most commonly investigated measurement properties
were also found to be the most rigorously examined. Overall,
71% (22/31) of studies examining measurement error, 96%
(26/27) of studies examining criterion validity, and 76% (35/46)
of studies examining construct validity received very good or
adequate ratings for their examination of these measurement
properties. In contrast, reliability and responsiveness were only
examined with very good or adequate methodological quality
in 29% (2/7) and 40% (2/5) of the studies, respectively.

Discussion

Principal Findings

Overview
This systematic review is the first to bring together the existing
evidence of the measurement properties of smartphone-based
approaches to measure three key lifestyle behaviors—diet,
alcohol use, and tobacco use. Overall, there was some evidence
to support the reliability and validity of using smartphones to
assess these behaviors. However, results varied by behavior and
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measurement approach, and the methodological quality of
studies ranged from inadequate to very good. To an extent this
large range can be attributed to the significant number of new
technologies and methodologies being designed and tested for
automated measurements of the behaviors of interest. These
methods are not yet mature enough but may provide exciting
opportunities as they develop further.

Studies most commonly focused on approaches to assess dietary
behaviors (48/72, 67%), with only 22% (16/72) and 11% (8/72)
measuring alcohol and tobacco use, respectively. Across the
health behaviors, 19 different smartphone-based measurement
techniques were used, the most commonly examined approach
being food diary apps. Most studies investigated the construct
validity, criterion validity, or measurement error associated with
their measurement technique, whereas few examined their
reliability or responsiveness. Although a wide range of
smartphone apps were described in the included studies, most
of these apps are not currently publicly available or are designed
as research data collection tools, rather than tools that can be
easily used by clinicians or consumers to monitor diet, alcohol
use, or tobacco use behaviors.

The highest quality evidence was found for diet, with most
studies examining diet being rated as very good or adequate
(35/48, 73%). This was compared with those assessing alcohol
use (11/16, 69%) and tobacco use (1/8, 13%). In light of the
fewer number of studies and poorer quality of evidence
available, conclusions and recommendations drawn from the
existing literature regarding smartphone-based measurement of
alcohol and tobacco use should be interpreted with caution.

Diet
Diet was most commonly examined using self-report methods.
These studies indicated that food diary apps, in particular
MyFitnessPal, can be a reliable and valid method of measuring
energy intake. Individual studies investigating other
smartphone-based self-report methods, including 24-hour recall,
web-based food databases, EMA, and food diary apps using
unstructured data entry methods, have demonstrated promising
results. However, there is currently insufficient evidence
supporting the reliability or validity of these approaches, and
further research is required. A growing body of literature
suggests that manually analyzed food photography may be valid
and reliable in a general adult population. However, because of
the need for highly trained individuals to analyze every captured
image, this approach is unlikely to be scalable or sustainable
outside of a research context.

This review identified a small body of literature investigating
the novel approach of using smartphones to capture images and
voice, extract food intake information from these data, and
access external databases to retrieve nutrient information. These
studies relied on spoken reports by users or on the use of
machine learning to automatically recognize food items (and
their size) in photographs. Although the results are encouraging,
most of these studies confined their investigations to a small
number of food items, with tests performed on a small number
of participants. Hence, the generalizability of these results
cannot be assessed. Given the large variation in the appearance
of food in a global society, such approaches will likely require

vast amounts of varied training data to be of general
applicability. Promisingly, the lower burden this automatic
analysis approach places on users and administrators and its
potential to provide real-time feedback to users mean that this
approach is potentially scalable and could be a powerful addition
to eating behavior interventions. Both manually and
automatically analyzed food photography methods address some
of the key issues associated with traditional methods for
measuring diet behavior. As long as users remember to take a
photograph of their food, these methods provide an objective
record of their food intake reduction issues associated with recall
bias, and the use of fiducial markers (as was common in
included studies) reduces the reliance on users to be able to
accurately estimate portion sizes.

An important limitation of most of the studies that investigated
the measurement of diet behaviors was small sample sizes, with
77% (37/48) of the studies involving under 100 participants,
including 50% (24/48) of the studies with <50 participants.

Alcohol
As with diet, most studies assessing alcohol use used self-report
methods. A strength of this literature is the frequent (though
not universal) use of a common comparison measure, the TLFB
[91]. The included studies provided good evidence for the
validity of daily and real-time self-reporting of alcohol use via
smartphones, with moderate to strong correlations with
retrospective reports of alcohol use found across studies.
However, several of these studies [68,71,72,89] also found that
participants reported greater alcohol use via smartphone-based
reporting compared with retrospective reports of alcohol use,
such as the TLFB. These discrepancies were interpreted by a
number of authors [71,72,89] as evidence that underreporting
of alcohol use occurs when using recall methods and that
app-based self-reports of alcohol use may be able to provide a
better understanding of alcohol intake [89]. This interpretation
is problematic, as the TLFB is widely acknowledged as the gold
standard measure for self-reported alcohol use. Unfortunately,
none of the included studies also used an objective measure of
alcohol use, which may have elucidated this finding and would
have allowed a comparison of the accuracy between app-based
self-report and the TLFB.

Insufficient evidence for the smartphone administration of
AUDIT [93], a standardized measure of alcohol use disorder,
has been generated to date. Similarly, although the results of a
study examining if BrACs could be accurately estimated via a
smartphone app were positive, there is insufficient evidence at
this stage supporting this approach. Two studies assessed novel
active objective methods for measuring alcohol use. For
example, the study by Matsumura et al [77] suggests that
smartphone-based measures of psychomotor performance may
be able to validate alcohol-induced impairment. However, more
studies involving larger sample sizes are required before it can
be determined if initial promising results are representative of
the true measurement properties of these approaches.

Although only 4 studies focused on passive objective
measurement of alcohol use, these findings suggest that using
in-built phone sensors to infer and even predict alcohol use may
be a promising assessment method. However, some
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methodological issues are worth noting. For example, McAfee
[78] likely severely overfit their data by training their algorithm
on 99% of their data, meaning that their approach is unlikely
to be able to generalize to a new data set. Further research is
needed before the validity and reliability of these types of
methods can be established and will likely include the gathering
of large amounts of data. To be of most use to clinicians,
consumers, and researchers who are interested in passively
measuring alcohol use, easy-to-use interfaces that automatically
process sensor data (preferably in real time) and feedback results
are needed.

A limitation of most studies that investigated measurement of
alcohol use was the small sample size, with 81% (13/16) of the
studies involving samples of <100 participants (11/16, 69%,
with <50 participants). In addition, many included studies were
conducted within specific populations, such as college students,
people with HIV, and military personnel, which may limit the
generalizability of results to the broader population.

Tobacco
Measuring tobacco use with smartphones has been examined
by the fewest number of studies. Unlike other behaviors, most
tobacco use studies have focused on objective measurement
techniques rather than self-reports. A total of 3 studies supported
the methodological soundness of measuring expired CO using
smartphones (and expired CO monitors). Using apps that
measure users’ heart rate was also found to be a promising way
to quickly and easily verify smoking abstinence. Passive
measurement approaches using wrist-worn and in-phone sensors
also show promise.

Although the results from these individual studies are promising,
further research is needed to establish the validity and reliability
of these types of objective approaches. In addition, most studies
involved very small samples (7/8, 88%, involved <100
participants; and 6/8, 75%, involved <50 participants).

Strengths and Weaknesses of Measurement
Approaches
This study identified three key approaches used to measure diet,
alcohol use, and tobacco use via smartphones: self-report, active
objective, and passive objective approaches. Across behaviors,
several key strengths and weaknesses associated with these
approaches have emerged. To date, most evidence has been
generated for self-report and smartphone-based measurement
approaches. These approaches are most similar to traditionally
used measurement approaches and often involve simply asking
users to complete existing validated measures of behaviors by
interacting with the touchscreen of their smartphone, rather than
completing them using a pen and paper survey or an interview.
Moving self-report measures onto a smartphone, a device that
many people carry with them and that can automatically
calculate summary information, improves upon traditional
measurement approaches by facilitating real-time recording of
health behaviors and providing feedback to users—a potentially
powerful intervention tool [94]. Although many self-report
methods have been shown to be reliable and valid, particularly
for diet, these approaches remain burdensome and require
considerable input from the user. It is also likely that

smartphone-based self-report measures continue to suffer from
biases similar to traditional self-report systems, for example,
as response bias and declining accuracy over time.

This review identified several novel approaches to objectively
measure diet, alcohol use, and tobacco use, both with and
without the active involvement of participants. Fewer studies
that used objective approaches (active and passive) received a
quality rating of very good, compared with self-report
approaches. This perhaps is not so much a criticism of these
approaches as an acknowledgment that many of these studies
used innovative machine learning methods with limited data
sets and require further investigation before they can be
considered mature. The obvious strength of these approaches
is that they have the potential to provide objective measurements
of consumption behaviors, which have traditionally been
primarily assessed using self-report measures. These approaches
can address issues with reporting accuracy, recall bias, and
memory. However, for alcohol and tobacco use, the objective,
smartphone-based measurement approaches developed to date
do not directly assess these behaviors (as is the case for diet
with food photography methods). Rather, these approaches use
proxy measures related to the physiological response to the
behaviors (eg, measuring CO content or BAC, or measuring
gait to infer alcohol intoxication) or infer the physical
movements associated with the behaviors (eg, hand movements
to infer cigarette smoking). For all 3 behaviors, the results of
active objective measurements suggested that, although these
methods have good potential to significantly reduce the user
burden and recall bias, they can still be quite burdensome for
users and may not be particularly scalable, as for manually
analyzed food photography methods.

Although passive objective approaches may address the issue
of participant burden by collecting information from
smartphones without the involvement of users, this continuous
collection and storage of sensor data from phones is associated
with privacy and data security issues, which may mean that
these powerful approaches are not acceptable to many people.
However, previous research indicates that when employed for
health purposes (eg, sharing sleep, mood, or physical activity
information with a physician), most people are comfortable
sharing passively sensed information, and characteristics such
as age may not influence the comfort of individuals by sharing
this sort of information [95]. With only 7 studies that described
the measurement properties of passive objective approaches,
more research is needed to establish the validity and reliability
of these approaches. Although sufficient evidence may not yet
exist to recommend the use of passive objective measurement
approaches, these types of approaches have huge potential to
augment health behavior change interventions. Information
gathered in this way can potentially be used to provide tailored
support in the moment to users, allowing relevant support to be
delivered during a time and context when it is most salient [67].

Recommendations and Future Directions
Although 72 studies were identified that aimed to describe novel
smartphone-based approaches to measuring diet, alcohol use,
and tobacco use, a major issue identified within this literature
is the extreme heterogeneity in approaches and evaluation
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methods investigated. Nineteen broad measurement techniques
were described in studies included in the current review, and
within these groups, almost every individual study described a
different specific technique. For example, each food diary app
described used a different way to record diet information, used
different food databases to provide nutritional information of
recorded food items and different methods for entering data.
Similarly, the algorithms used to automatically analyze food
images or indicate that alcohol and tobacco use from sensor
data differed. The relatively short time smartphones have been
available (approximately 13 years) and the relatively early stage
of research in this area may explain the lack of homogeneity in
the types of specific techniques and methods investigated.

Noting the above limitations of current knowledge in this area,
clinicians and consumers looking for valid, reliable, and publicly
available ways to assess diet and alcohol use behaviors might
consider using food diary apps such as MyFitnessPal
[18,22,32,34,40] and apps that assess alcohol use via daily or
real-time self-reports (eg, Intellidrink) [66].
Smartphone-compatible CO monitors such as the
iCoSmokerlyzer and Smkerlyzer apps are also promising ways
to assess tobacco use [82]; however, further research in this area
in particular is needed.

Although it is important to continue moving the field forward
and investigate if new and better ways to measure consumption
behaviors using smartphones can be developed, it is strongly
recommended that researchers first look to the existing literature
described here (and in other fields) to determine if, in the search
for a way to measure diet, alcohol use, or tobacco use, using a
smartphone, an existing technique, or an app may be appropriate
for their purposes before considering development of yet another
app. Agreed-upon standards for capturing the data and extracting
higher-level information (such as nutrient information) would
be a constructive way of ensuring that the data collected can be
pooled with similar data from other initiatives, thus providing
a larger and more robust data set for algorithm development.

Only 4 studies [42,43,64,65] described apps that assessed >1
behavior (specifically diet and physical activity behaviors).
Building or identifying systems that allow easy and accurate
measurement of multiple health behaviors would be a useful
addition to the field as we know that health risk behaviors such
as poor diet, substance use, physical inactivity, and poor sleep
[96].

The heterogeneity of methods used to evaluate the measurement
properties of techniques is another weakness of the current
literature. Again, it is recommended that researchers examine
the existing literature closely when designing their own studies.
For example, it is suggested that the TLFB be considered as a
comparison measure for smartphone-based approaches to
measure alcohol use, as it has been most frequently used in the
current literature. However, no such common comparison
measure of diet and tobacco use has emerged from the literature
to date. In addition, the accuracy of self-reported measures of
these consumption behaviors has been questioned [68,71,72,89],
and it has been suggested that newer measurement approaches,
such as the smartphone-based approaches discussed here, may
in fact provide data closer to the actual behaviors under

investigation and may eventually be themselves considered the
gold standard in the measurement of these behaviors. In the
meantime, it is recommended that researchers consider
investigating the validity of smartphone-based approaches in
comparison with objective measurements of these behaviors.
Indeed, this review identifies a lack of objective comparisons
as a key weakness, with few studies (particularly for alcohol
and tobacco use) investigating the criterion validity of these
approaches. Similarly, other measurement properties, such as
reliability and responsiveness, have rarely been investigated.
To take full advantage of smartphones in research, in clinical
settings, and within consumers’ everyday lives, the full variety
of measurement properties of these different approaches needs
to be better understood.

To have the biggest impact on chronic disease, we need to make
valid and reliable tools easily available to clinicians and
consumers to allow for the collection of quality and detailed
health behavior information. There is also a need for easy-to-use
interfaces to facilitate the use of these passive sensing systems
by clinicians and consumers. Quality and detailed information
regarding diet, alcohol use, and tobacco use can be leveraged
to help individual consumers acquire better insights into their
own behaviors and inform tailored support. In other words, it
is important that the apps used to measure diet, alcohol use, and
tobacco use are publicly and freely available.

Limitations
An important limitation of this review is that it included only
studies published up to March 2020. In this rapidly growing
area, there are likely to be recent and ongoing studies that have
also investigated the measurement properties of
smartphone-based approaches to measuring health behaviors.
In addition, this review only captures approaches whose
measurement properties have been examined and discussed in
the published literature. It is likely that other novel and
potentially effective approaches to measure diet, alcohol use,
and tobacco use have been developed and are currently in use
but that they have been developed outside of academia, their
measurement properties have not been not specifically assessed,
or they simply have not been published.

Conclusions
Accurate measurement of diet, alcohol use, and tobacco use is
central to successful chronic disease risk reduction interventions
[8-11]. Therefore, identifying new and valid ways to measure
these behaviors could have major public health implications.
This review highlights measurement approaches that clinicians
and researchers may want to consider implementing to help
clients better measure and manage their health behaviors and
improve the measurement of these behaviors in research settings.
The results suggest that food diary apps, particularly the
commercially available app MyFitnessPal, may be appropriate
tools to measure diet. The review also highlights approaches
with growing bodies of promising evidence but where more
research is needed before their use might be recommended (eg,
food photography methods and CO monitor smartphone
attachments). Finally, the review highlights several measurement
approaches with great potential but where only mixed evidence
or evidence from 1 or 2 studies is available (eg,
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smartphone-based measurement of psychomotor performance
to infer alcohol intoxication; the use of smartphone and
wrist-worn sensors to infer alcohol intoxication and detect or
predict alcohol and tobacco use; and the use of heart rate monitor
apps to infer smoking abstinence). These conclusions should

not be interpreted as a criticism of these approaches but rather
as an acknowledgment that many of these approaches use
cutting-edge technologies, which require further research (and
data) before they can be expected to yield accurate and
generalizable results.
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Abstract

Background: Emerging health care strategies addressing medication adherence include the use of direct-to-patient incentives
or elements adapted from computer games. However, there is currently no published evidence synthesis on the use of gamification
or financial incentives in mobile apps to improve medication adherence.

Objective: The aim of this scoping review is to synthesize and appraise the literature pertaining to the use of mobile apps
containing gamification or financial incentives for medication adherence. There were two objectives: to explore the reported
effectiveness of these features and to describe and appraise the design and development process, including patient involvement.

Methods: The following databases were searched for relevant articles published in English from database inception to September
24, 2020: Embase, MEDLINE, PsycINFO, CINAHL, and Web of Science. The framework by Arksey and O’Malley and the
PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews) checklist
guided this scoping review. Using a systematic screening process, studies were included if incentives or game features were used
within mobile apps to specifically address medication adherence. An appraisal using risk of bias tools was also applied to their
respective study design.

Results: A total of 11 studies from the initial 691 retrieved articles were included in this review. Across the studies, gamification
alone (9/11, 82%) was used more than financial incentives (1/11, 9%) alone or a combination of the two (1/11, 9%). The studies
generally reported improved or sustained optimal medication adherence outcomes; however, there was significant heterogeneity
in the patient population, methodology such as outcome measures, and reporting of these studies. There was considerable variability
in the development process and evaluation of the apps, with authors opting for either the waterfall or agile methodology. App
development was often guided by a theory, but across the reviewed studies, there were no common theories used. Patient
involvement was not commonly evident in predevelopment phases but were generally reserved for evaluations of feasibility,
acceptance, and effectiveness. Patient perspectives on gamified app features indicated a potential to motivate positive health
behaviors such as medication adherence along with critical themes of repetitiveness and irrelevance of certain features. The
appraisal indicated a low risk of bias in most studies, although concerns were identified in potential confounding.

Conclusions: To effectively address medication adherence via gamified and incentivized mobile apps, an evidence-based
co-design approach and agile methodology should be used. This review indicates some adoption of an agile approach in app
development; however, patient involvement is lacking in earlier stages. Further research in a generalized cohort of patients living
with chronic conditions would facilitate the identification of barriers, potential opportunities, and the justification for the use of
gamification and financial incentives in mobile apps for medication adherence.

(JMIR Mhealth Uhealth 2022;10(2):e30671)   doi:10.2196/30671
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Introduction

Background
Medication nonadherence, defined simply as failure to take
medications as prescribed, is prevalent throughout all parts of
the world [1]. It is estimated that the prevalence of nonadherence
in high-income countries, such as Australia, is approximately
50% in patients living with chronic conditions [2]. This results
in substantial economic and social costs to the patient and the
country [3]. There are many interventions aimed at addressing
nonadherence with some notable examples being reminders and
increased health care professional contact points for dosing
supervision and dosing administration aids, for example,
Webster-pak (Webstercare) [4].

More recently, with the increasing penetration rate of
smartphones and digital literacy globally, there has been rapid
progress by the public and private health sectors to take
advantage of mobile apps to address public health concerns [5].
The use of mobile health (mHealth) apps has predominately
focused on physical activity and health tracking as companies
such as Fitbit and Niantic can profit from commercializing
wearables that integrate with the app or in-app currency [6,7].
In addition to generating substantial profits for the company,
evaluations of these products demonstrate that their use leads
to significant improvements in physical activity [8,9]. A key
characteristic of mHealth apps such as Pokémon Go (Niantic,
Inc) is the use of gamification [10].

Gamification is defined as the use of game elements in activities
that are not commonly associated with games [11]. These game
elements include but are not limited to colorful aesthetics, point
systems, social competitions (ie, leaderboard), avatars, in-game
rewards, and storyline quests [11]. Although rewards and
incentives are a subset and element of gamification generally,
they are limited to within the intervention and have no tangible
or real-world economic value [12]. For this review, financial
incentives are defined as a separate feature having a financial
or tangible value that can be provided to users and used outside
the system of the app, for example, accruing points in an app
that can be redeemed for a shopping voucher at a physical store.

Approximately 8% of Australians delay or decide not obtaining
a prescription because of cost [4]. Hence, cost not only presents
a barrier to medication adherence but is also an opportunity for
interventions in this area [4]. The concept of financial incentives
tries to mitigate the cost associated with medications and
reinforces positive behavior [13,14]. Multiple studies and trials
from as early as 2008 suggest that financial reinforcement to
medication adherence results in lower rates of treatment failure
and higher rates of medication adherence across various patient
populations [15-17]. However, this effect is dwarfed by concerns
regarding the sustainability of funding for such interventions
[18]. An intervention with a positive cost-benefit ratio may help
justify funding from public health systems such as Australia’s
universal health insurance scheme Medicare or private health

funders where spending upfront through financial rewards results
in more savings through prevented medical expenses [19].

Understanding patients’ perspectives may also provide some
insight into the minimal standard of reward or frequency of
prize required to balance intervention uptake and
cost-effectiveness [20]. In addition, considering the users before
development and implementation ensures that gamified
interventions are designed to be compatible with the target
audience, which ultimately determines the intervention’s
effectiveness [11].

A recent systematic review [21] on the general use of mobile
apps for medication adherence reported that although empirical
results indicate that mobile apps may improve medication
adherence, it is ultimately unclear whether they are effective or
what makes them effective because of the high degree of
heterogeneity in study design and features included in the
various apps identified in included studies. An analysis of the
specific features such as gamification and incentives was not
included in that review. Another review [22] noted that game
elements and app features such as rewards can be used as tools
to support basic psychological needs that align with the
self-determination theory of Desi and Ryan [23] for behavior
change in various health areas such as medication adherence.
Although these features can be applied to a behavior change
theory, the efficacy or application of these features has not been
evaluated in medication adherence.

Results from gamified apps [6-8,10], such as the
above-mentioned Pokémon Go, and financial incentive programs
[15-17] in health areas justify exploring mobile app interventions
that use gamification techniques: to encourage use and uptake,
facilitate medical education on the benefits of medication
treatment [24], and promote long-term positive behavior, that
is, medication adherence, through financial rewards.

Objectives
As there is no synthesized literature on the efficacy or use of
gamification and incentives in mobile apps for medication
adherence, the aim of this review is to explore the current use
of gamification or financial incentives in mobile apps to address
medication adherence and help identify best practices for future
applications. Specifically, the objectives of this scoping review
are as follows:

1. To explore the reported effectiveness of gamification or
financial incentives in improving medication adherence

2. To identify, describe, and appraise the design and
development processes (including patient involvement)
used when developing mobile apps, which include
gamification or financial incentives for the purpose of
improving medication adherence
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Methods

Overview
A scoping review maintains the ability to review this digital
health care topic at a high level, identify gaps in the literature,
and synthesize possible avenues for future research [25,26].
The framework proposed by Arksey and O’Malley [27] and the
PRISMA-ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses extension for Scoping Reviews)
checklist [25] guided this scoping review.

Search Strategy
A search strategy was formulated by selecting only critical
keywords in the objectives to retrieve a broad search (ie,
medication adherence, mobile apps, and [gamification or
incentives]). Each keyword was expanded with relevant
synonyms and Medical Subject Headings (MeSH) terms relevant
to each database. The full search term strategy for the Embase
database is available in Multimedia Appendix 1.

The following databases were searched for relevant articles
published in English from database inception to September 24,
2020 (search date): Embase, MEDLINE, PsycINFO, CINAHL,
and Web of Science. The selection of the databases was decided
by the coauthors and an academic librarian.

Inclusion and Exclusion Criteria
To ensure that all potentially relevant articles were identified,
the inclusion criteria include primary studies irrespective of
study design. An article was included in the review if the study
reported on the effectiveness of a mobile app for medication
adherence containing financial incentives or game features
(objective 1) or if the study discussed the use or development
of a mobile app for medication adherence containing financial
incentives or game features (objective 2).

Studies were excluded if health care professionals were the
recipients or target audience of the financial incentives or
gamified app instead of patients. Studies were also excluded if
a full article was not accessible or could not be retrieved.
Conference abstracts, nonprimary data sources, books, and book
chapters were also excluded.

Study Selection and Data Extraction
Articles identified through database searching were filtered for
duplications using reference management software (EndNote).

After duplicates were removed, the abstracts of articles were
checked simultaneously with their titles for appropriateness to
the research topic before full-text screening using the inclusion
and exclusion criteria. Both title and abstract screening and
full-text screening were conducted independently by 2 reviewers
(ST and SC). A third independent reviewer (LS) was consulted
to resolve disagreements regarding the eligibility of articles,
when needed.

The included articles were reviewed by 3 researchers (ST, SC,
and LS) during regular alignment meetings. The alignment
meetings were used as a platform for data extraction to mitigate
any discrepancy or bias in extraction and documentation. During
the review process, the following attributes were recorded: the
location of study, objective or aim of the study, short description
of the study, patient population, sample size, and main results
pertaining to the review objectives. Prespecified parameters
were also recorded for analysis. These parameters included
whether the study used gamification, financial incentives, or
both; the underpinning theory or rationale to use gamification
or financial incentives; and whether patient involvement or
feedback was used in the development or testing of the app. In
addition to the above-mentioned parameters, the studies were
subject to an appraisal using 3 risk of bias tools depending on
the study design, namely, the Cochrane Risk of Bias 2.0 Tool
[28] for randomized trials, Risk of Bias in Nonrandomized
Studies of Interventions [29] for nonrandomized studies of
interventions, and the Joanna Briggs Institute checklist for
qualitative research [30], where thematic analysis was reported.

Results

Total Reviewed Articles
A total of 691 articles were retrieved from the 5 databases. After
duplicates were manually removed, 83.1% (574/691) of the
articles underwent title and abstract screening. The title and
abstract screening resulted in the exclusion of 91.8% (527/574)
of the articles that were not relevant to the search. The remaining
8.2% (47/574) full-text articles were reviewed against the
inclusion and exclusion criteria, of which 23% (11/47) articles
were eligible for inclusion in the review. The PRISMA-ScR
[25] flow diagram (Figure 1) provides further details on the
screening process and the reasons for exclusion.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e30671 | p.101https://mhealth.jmir.org/2022/2/e30671
(page number not for citation purposes)

Tran et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. Preferred Reporting Items for Systematic Reviews and Meta-Analyses for Scoping Review (PRISMA-ScR) flow diagram of the search and
study selection process.

Objective 1 Results

Article Characteristics
Of the 11 studies, 5 (45%) fulfilled objective 1. Of the total 5
studies, 4 (80%) [31-34] were published after 2017 and 1 (20%)
[35] was published in 2010. The studies were conducted in the
following countries: Spain [35], South Korea [31], the United
Kingdom and Scotland [32], Australia [34], and the United
States [33].

Of the 5 studies, 3 (60%) were randomized studies [31-33], 1
(20%) was a cross-over study [35], and 1 (20%) was a
retrospective observational study [34]. Moreover, of the 5
studies, 4 (80%) aimed to examine or evaluate the use of an app
on medication adherence (among other outcomes) against the
standard of care [31], against a negative control [33,35], or over
time [34]. Finally, of the 5 studies, 1 (20%) [32] aimed to assess
an app designed to promote disease and treatment management
and reported medication adherence as a primary outcome.

Multimedia Appendix 2 [31-35] presents a summary of each of
the 5 studies pertaining to objective 1.

Intervention Type, Period, and Theory
Of the 5 studies, 2 (40%) [31,34] included an app that had more
than 1 gamified or incentivized element. The most prevalent
game elements used in the apps were point-based systems (ie,
leaderboard [34,35], leveling up [31,33,34], quests [31,33], or
in-game rewards [31]), which were used in 80% (4/5) of the
studies. This was followed by gamified aesthetics or interface
in 40% (2/5) of the studies [31,34] and the inclusion of mini
games in 20% (1/5) of the studies [32]. Excluding payments for
participating in the studies, financial incentive elements were
only used in 1 app [34] in the form of a lottery or chance system
to receive gift cards.

The target populations for the medication adherence apps were
patients with Parkinson disease [32], youth with HIV [33],
patients with cancer [31], the older adults [35], and a general
group of patients living with chronic conditions [34]. Sample
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sizes ranged from 18 [35] to 243 [34] participants, and the data
set periods ranged from 3 weeks [31] to 6 months [34]. The
largest sample size was from the retrospective chronic conditions
study [34] (n=243 with 3 months of app use data available).
The longest data set period was from the same study [34];
however, in another cohort (n=130 with 6 months of app use
data available).

Across the 5 studies, only 3 (60%) mentioned an underpinning
theory or framework for their intervention. The theories used
to guide the development and evaluation of the interventions
were the goal-setting theory and transtheoretical model [35],
self-determination theory [34], social learning theory, and
information-motivation-behavioral skills model of behavior
change [33].

Effectiveness of Intervention
Of the 5 studies, 2 (40%) [33,35] measured medication
adherence with an independent pill box, whereas another 2
(40%) used self-reporting rating scales, namely, the
Korean–Medication Adherence Rating Scale [31] and the
Morsiky Medication Adherence Scale-8 [32]. The retrospective
study [34] measured medication adherence through mobile
direct observation of therapy in the app (in the form of taking
a photo of the prescribed medication on the participant’s hand
or table). The retrospective study [34] aimed to analyze the
impact of the app on medication adherence over time and
excluded participants if the app was used for less than 30% of
the analysis period.

Of the 5 studies, 3 (60%) [31,32,35] each showed statistically
significant improvement in medication adherence in their
respective intervention groups using the apps compared with
that in the control or comparator groups. The study by Whiteley
et al [33] reported no significant improvement in their BattleViro
app compared with the control, but a significant improvement
in adherence was observed in a patient subgroup analysis
consisting of patients who had the newly initiated (within the
past 3 months) antiretroviral therapy.

Overall, the studies represent varying degrees of evidence in
support of the use of gamified interventions and a rationale for
exploring further the potential of financially incentivized apps
in improving medication adherence.

Patient Involvement
Of the 5 studies, 4 (80%) [31-33,35] mentioned that their app
was designed for their target population. Moreover, of the 5
studies, only 1 (20%) [33] specified the involvement of the
target patient population in the development of the intervention.
Finally, of the 5 studies, 1 (20%) [35] indicated that clinicians
were involved in the design phase, and another (1/5, 20%) study
[32] stated that the evaluation study also collected feedback on
the app design from the users for future use.

Appraisal of Studies Pertaining to Objective 1
A summary of the risk of bias appraisal for the studies pertaining
to objective 1 is shown in Multimedia Appendix 3 [31-35]. Of
the 5 studies in objective 1, 3 (60%) studies [31,32,35] were
assessed as having a low risk of bias with no notable comments.

The study by Whiteley et al [33] was assessed to have concerns
relating to bias due to the selection of the reported results,
specifically in the abstract. The study reported significant
effectiveness of the intervention in a subgroup population
despite finding nonsignificant changes in the total cohort of
patients living with HIV and in the same subgroup using another
outcome measure for medication adherence (ie, self-reported).
It is important to consider that the aim of the study was to
examine the preliminary effects of an app on several outcomes.
The above-mentioned findings were discussed further by the
authors as opportunities for furthering their research, and they
noted that the study was limited by the small sample size and
use of self-reporting to measure medication adherence, which
is generally overreported.

Another study by Wiecek et al [34] was assessed to have serious
risk in relation to possible confounding, selection of participants
into the study, and possible bias due to missing data. These
factors were identified by the authors as limitations in their
study. In this retrospective observational study, baseline
adherence and demographic data were not provided for all
patients, and thus, the ability to control for confounding between
the cohorts was not possible. In addition, the classification of
the participants in the study was dependent on the duration of
the study follow-up, which may have a direct link to the outcome
measure. In addition, it was unclear if all recruited patients were
included in the study; however, the exclusion criteria indicated
that there were patients who were removed from the analysis
to reach the study objective of assessing the impact of the
intervention on medication adherence over time and not
assessing adherence to the intervention over time. This is a
serious concern, as the medication adherence outcome was
measured via the intervention.

Objective 2 Results

Article Characteristics
Of the 11 studies, 6 (55%) studies did not address objective 1
but were included in the review as they pertained to objective
2 of this scoping review. All studies used either descriptive or
qualitative methods; however, of the 6 studies, 4 (67%) [36-39]
resembled a preliminary or pilot study. The earliest study [40]
was published in 2013, whereas the other 83% (5/6) of the
studies [36-39,41] were published after 2016. Of these 6 studies,
3 (50%) studies [38-40] were conducted in the United States,
followed by 1 (17%) study in each of Spain [36], China [37],
and Switzerland [41].

All studies included patients living with either cardiovascular
disease [36-38,41] or HIV [36,39,40]. Of the 6 studies, 1 (17%)
[40] also included young mothers in addition to patients with
HIV. The study method varied, with 33% (2/6) of the studies
using focus groups [40,41], 33% (2/6) using surveys [36,38],
17% (1/6) using individual interviews [39], and another (1/6,
17%) using a combination of focus groups and questionnaires
[37]. The studies used a range of analysis techniques, including
content analysis [36,41], clustering analysis [37], and thematic
analysis [38-40]. Multimedia Appendix 4 [36-41] presents a
summary of each of the 6 studies pertaining to objective 2.
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Design and Development
All 6 included studies underwent a design phase for their
medication adherence or management app. Of the 6 studies, 5
(83%) studies [36-39,41] proceeded to develop their designed
app, and 4 (67%) studies [36-39] further implemented their app
among their target population for usability and feedback. In
addition, of the 6 studies, 1 (17%) study [38] evaluated patients’
perceived usefulness of the app for health-related measures such
as medication management.

All authors [36-41] adopted a user-centered design for their app
and focused on gathering information from their target audience
or from a source relevant to their target audience. Across the
included 6 studies, the authors explored the available literature
or referred to external companies and existing apps to identify
app features before validating them with a sample that
represented their desired target audience through various
methods. This indicates that the authors placed a high level of
importance on the design of their app as opposed to other stages
of app development. Among the 5 studies [36-39,41] that
progressed from designing to developing an app, 3 (60%) studies
[36,38,41] released only 1 build of the app after a linear
development process (waterfall method), whereas 2 (40%)
studies [37,39] decided to stagger the features in multiple
separate builds (known as version or minimum viable product)
and assess user uptake after each release.

Intervention Type and Theory
Gamified elements and features were used in 83% (5/6) of the
studies [36-39,41], whereas financial incentives were only
mentioned but not used in 33% (2/6) of the studies [38,40]. Of
the 6 studies, 1 (17%) [41] used the health access process
approach model and required patients to match game elements,
such as quests and a storyboard, to the model. Similarly, another
study [37] used goal-directed design to identify game elements
such as social leaderboards and in-game rewards. However, the
feedback provided by participants following implementation
of the leaderboard feature was that although it was easy to
understand and use, it was too simple and users lost interest
after a while. An existing game app was used in 17% (1/6) of
the studies [39] as the basis for the mHealth game app by
inserting health information and tailoring certain features as per
feedback from patient interviews. Although 90% (10/11) of the
participants were satisfied with the activities in the gamified
app, 45% (5/11) of the participants did not find the game topics
to be relevant to their lives, indicating a gap between what is
fun or satisfying and what is useful or educational. Casino-style
slot game features were used for an app in older patients
following advice from nurses; however, older users testing the
app expressed a desire to earn real money [38]. Similarly, in
another study [34], patients expressed that they were more
receptive to tasks or surveys in apps and the sensitivity of data
privacy if there were financial incentives. However, there was
no mention of what form of financial incentives would be
preferred or what amount would be enough to entice user
participation.

Owing to the variability of game features and lack of financial
incentives used in the interventions, there is a lack of consensus
as to the specific features that are suitable or desirable for a
medication adherence health app.

Patient Perspectives and Voices
Patient feedback and perspectives were either used for the
requirements analysis or during feasibility and acceptance
testing. Gamification or incentives were not the primary focus
of the patient discussions in more than half of the included
studies. Of the 6 studies, 2 (33%) [38,39] conducted a thematic
analysis focusing on gamified apps, and 1 (17%) [40] mentioned
financial incentives as an emerging theme. The latter [40] did
not proceed into app development, and thus, the findings and
patient preferences were not applied.

Of the 6 studies, 2 (33%) [39,41] gathered game features that
were generally desired by their respective patient population
and implemented them in their intervention. In contrast, in 33%
(2/6) of the studies [36,37], the developers chose to implement
a game feature without taking into account patient feedback or
preferences.

Owing to time constraints, the study by Radhakrishnan et al
[38] used nurses instead of older patients, the target patient
population, to capture patient preference, including preferred
game elements. Although the authors of this study [38] did not
use the target patient population during development, they did
ask older patients whether they thought the gamified app was
or would be useful for medication adherence after testing.
Approximately 80% (16/19) of the participants felt that the
game motivated the user to adopt healthy behavior, such as salt
restriction and medication management. Similarly, 80% (21/26)
of the participants found gameplay and the content or
information satisfying as it was easy to play and informative.
Additional critical themes identified through the patients’
responses were that the app was repetitive, lacked content, or
did not interest users.

Appraisal of Studies Pertaining to Objective 2
Table 1 provides the assessment of 3 studies where thematic
analysis was reported using the Joanna Briggs Institute checklist
for qualitative research. Ramanathan et al [40] represented a
high-quality qualitative study focusing specifically on the
thematic analysis of patient preferences for mHealth apps.
Similarly, Whiteley et al [39] adequately represented the
patients’ voices; however, it is not mentioned where the
researchers stand culturally or theoretically and if the researchers
had any influence on the results. Radhakrishnan et al [38] also
did not address the researchers’ influence on the result or have
congruity between the research methodology and research
objective. The authors did not mention their intent to
thematically analyze the comments from the patients but
reported on a range of positive and critical themes. Ultimately,
the authors identified that the results and themes were
exploratory and require further investigation.
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Table 1. JBIa checklist for qualitative research.

Whiteley et al [39]Ramanathan et al [40]Radhakrishnan et al [38]JBI checklist for qualitative research

YesYesUnclear1. Is there congruity between the stated philosophical perspective and the
research methodology?

YesYesNo2. Is there congruity between the research methodology and the research
question or objectives?

YesYesYes3. Is there congruity between the research methodology and the methods used
to collect data?

YesYesYes4. Is there congruity between the research methodology and the representation
and analysis of data?

YesYesYes5. Is there congruity between the research methodology and the interpretation
of results?

UnclearYesYes6. Is there a statement locating the researcher culturally or theoretically?

UnclearYesNo7. Is the influence of the researcher on the research, and vice versa, addressed?

YesYesYes8. Are participants, and their voices, adequately represented?

YesYesUnclear9. Is the research ethical according to current criteria or, for recent studies,
and is there evidence of ethical approval by an appropriate body?

YesYesYes10. Do the conclusions drawn in the research report flow from the analysis,
or interpretation, of the data?

IncludeIncludeIncludeOverall and comments

aJBI: Joanna Briggs Institute.

Discussion

Principal Findings
This review explored the use of gamification or financial
incentives in mobile apps to improve medication adherence.
The findings indicate that gamification has been more widely
studied than financial incentives in mobile apps for medication
adherence. This review identified 1 study [34] that reported the
use of gamification and financial incentives concomitantly to
improve medication adherence. Although the study reported
sustained optimal medication adherence for 6 months, it is
unclear if the results were attributed to a single feature or the
synergistic effects of the multiple components. There was an
expectation that this review would identify more than 1 article
that used both types of features based on the available articles
relating to incentive programs or gamified interventions for
other health outcomes such as physical activity. There was a
wide variety of gamified features used as these were often
specific and tailored to the studied patient population. The most
prevalent type of gamified features observed across the reviewed
studies were points-based features such as leaderboards and
character leveling; however, it is unclear if such features are
desirable to the general patient population as there was no
analysis in a generalized population. It may be worth exploring
preferred gamified and incentivized features for medication
adherence in a generalized population taking medications for
chronic conditions as this would increase the scope and reach
of the app. A recent systematic review [42] supports this with
their finding of a strong correlation between habit strength and
medication adherence irrespective of patients’medical condition
indicating that a habit-based intervention such as a financial
incentive program [43] has the potential to increase medication
adherence covering a wide audience. Generalized content can

also be supplemented with condition-specific or
population-specific content for those at higher risk of medication
nonadherence such as people living with mental illness or HIV
and AIDS [44].

In one of the included studies [33] for a gamified app, the
authors did not observe a significant medication adherence
improvement in the intervention group compared with control.
This may be because patients who have lived with the condition
(HIV) may not find gamified or educational apps as helpful or
insightful compared with newly initiated or diagnosed patients
owing to different challenges to medication adherence and the
perception of an intentionally nonstigmatizing game as
superficial [33]. This gap may be bridged with the use of
financial incentives, as patients with HIV expressed that they
were more inclined to record and partake in adherent behaviors
with financial incentives provided to them, further supporting
the concomitant use of gamification and financial incentives
[40].

Owing to the limited published data, the effectiveness of
financial incentives alone in mobile apps to improve medication
adherence is unclear. Gamification alone may be effective for
medication adherence; however, concerns arise from the
heterogeneity in the intervention features, patient population,
duration of the intervention, and outcome measures. In addition,
it is unclear if any monetary or financial payments made to the
patients for their participation in the study had any impact on
the study outcomes. The use of a gamified intervention with
financial incentives may eliminate the need for a study
participation payment and would also represent the true effect
of the intervention.

The retrospective study [34] that incorporated both games and
financial incentives indicated sustained optimal medication
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adherence over 3 and 6 months. However, the clinical question
remains as to whether this effect is sustained beyond the
6-month follow-up period and whether this result is inflated
because of the exclusion of participants who ceased using the
app given that the medication adherence outcome was measured
via the app.

Studies that use independent measures for medication adherence
instead of self-reporting on the app represent the gold standard
for measuring the true effect of the intervention by taking into
account the patients’ acceptance and use of the app [45]. In
addition, more invasive methods of measuring such as direct
observed therapy, pill counts, and electronic monitoring are
more accurate compared with patient interviews and
questionnaires [46]. Of the 5 studies pertaining to objective 1,
2 (40%) [31,34] reported on medication adherence measures
opted for the more accurate but invasive independent pill count
boxes.

There were various development methodologies undertaken by
the included studies; however, they all followed three general
stages: user-centered design (requirement analysis), intervention
development, and testing. Where the differences can be seen
are the theories and frameworks used, release phases, and the
degree of patient involvement. Although each study used a
different theory or framework, they were all able to achieve a
functional app with satisfactory feedback from the participants.
This supports the findings of a prior review [42] that indicates
that the theoretical model or guiding framework may be of less
importance when it comes to habit-based mHealth interventions.
In addition, a recent review [47] found significant discrepancies
within the conceptualization of gamification in several health
behavior change theories, including the transtheoretical model
and information-motivation-behavioral skills model, which
were identified in 2 studies in this review. This indicates a poor
understanding of the circumstances that allow gamification to
support health behavior change [47]. Despite this unknown, the
use of a behavior change theory, regardless of which one is
used, helps inform design by considering the most relevant
game or reward feature to the chosen theory [22].

This scoping review also revealed that the majority (3/5, 60%)
of the identified apps had only 1 iteration or build before
feasibility and acceptance testing. Of the 5 studies, only 2 (40%)
[37,39] followed a more rigorous app development process that
involved multiple iterations by upgrading the app based on
feedback, as well as evaluation after each new version release.
This approach of releasing and testing an intervention at multiple
stages of the app development stage represents one of the more
efficient and effective methods allowing for superior resource
management, stakeholder or patient engagement, and product
quality compared with the conventional waterfall method and
is commonly referred to as the agile methodology [48].

Patient involvement was present in the user-centered design
analysis and testing phases but was rarely seen in the app
development stage. In the studies that did not include patients
in the app development stage, agile methodology [48] was also
not used. The benefit of having patients involved, particularly
throughout the app development stage, ensures that the desired
features are implemented as intended and that additional features

that were initially missed in the design analysis can be
incorporated more rapidly. In the included studies, there was
little to no consideration for patients’ perspectives and
preferences regarding the use of gamification or incentives
before app development, as often these features were selected
by the developers or researchers or feature requirements were
obtained from sources other than the intended target audience.
By not consulting the desired audience directly, the potential
for misinterpretation or bias in the selection of the gamified or
incentive features is introduced [49]. Thus, there is a need to
conduct high-quality qualitative studies such as that conducted
by Ramanathan et al [40] but exploring gamification and
incentives in mobile apps for medication adherence in patients
with chronic conditions. This would provide the foundations
for development by identifying perspectives of and receptiveness
to gamification and incentives, the desirable features,
cost-effective incentive prizes, barriers, and limitations and
facilitate co-design.

Limitations
This scoping review was guided by the PRISMA-ScR [25]
methodology; however, limitations were identified during the
systematic process. The high volume of articles obtained from
the broad search meant that an abstract review was appropriate
before a full-paper screening. However, this introduces the risk
of accidentally excluding studies that are relevant. To minimize
this, 2 independent reviewers (ST and SC) identified relevant
studies, and a third reviewer (LS) adjudicated any discrepancies.
In addition, because of the ever-changing digital landscape,
these findings are bound by the search period and should be
interpreted with caution as newer articles become available.
These findings should serve as a summary snapshot of the
historical data in this field.

Another limitation is that gray material or unpublished studies
were not included in this review. The implementation of our
broad search strategy in the gray literature would retrieve search
results in the 100,000 range and thus was not included in the
scope of this review because of pragmatic reasons. Many health
apps are privately operated, and information pertaining to their
development and evaluation is often not published in
peer-reviewed journals or the public domain. This may lead to
a substantial knowledge gap that cannot be mitigated because
of the potential classification of the information as proprietary
data. However, there is a trend for private companies to
voluntarily publish these data to promote their intervention for
transparency, marketing, or funding reasons [50].

Conclusions
This scoping review highlights that gamification is more
prevalent than financial incentives in mobile apps for medication
adherence. The concurrent use of gamification and financial
incentives is rare. Gamification alone may be effective for
medication adherence; however, there are many knowledge
gaps and inconsistencies in evidence, data generation, and
development. In addition, the variability of features across
identified apps indicates the lack of consensus as to which
features are most desirable or effective. Features that are
preferred by a generalized cohort of patients with chronic
conditions should be explored in future research before further
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personalization can be applied for specific patient populations.
In addition, the development stages would benefit greatly from

more patient involvement and contribution. This can be
facilitated by applying a co-design and agile methodology.
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Abstract

Background: The use of sensors in smartphones, smartwatches, and wearable devices has facilitated the personalization of
interventions to increase users’ physical activity (PA). Recent research has focused on evaluating the effects of personalized
interventions in improving PA among users. However, it is critical to deliver the intervention at an appropriate time to each user
to increase the likelihood of adoption of the intervention. Earlier review studies have not focused on the personalization of
intervention timing for increasing PA.

Objective: This review aims to examine studies of information technology–based PA interventions with personalized intervention
timing (PIT); identify inputs (eg, user location) used by the system for generating the PIT, the techniques and methods used for
generating the PIT, the content of the PA intervention, and delivery mode of the intervention; and identify gaps in existing literature
and suggest future research directions.

Methods: A scoping review was undertaken using PsycINFO, PubMed, Scopus, and Web of Science databases based on a
structured search query. The main inclusion criteria were as follows: the study aimed to promote PA, included some form of PIT,
and used some form of information technology for delivery of the intervention to the user. If deemed relevant, articles were
included in this review after removing duplicates and examining the title, abstract, and full text of the shortlisted articles.

Results: The literature search resulted in 18 eligible studies. In this review, 72% (13/18) of the studies focused on increasing
PA as the primary objective, whereas it was the secondary focus in the remaining studies. The inputs used to generate the PIT
were categorized as user preference, activity level, schedule, location, and predicted patterns. On the basis of the intervention
technique, studies were classified as manual, semiautomated, or automated. Of these, the automated interventions were either
knowledge based (based on rules or guidelines) or data driven. Of the 18 studies, only 6 (33%) evaluated the effectiveness of the
intervention and reported positive outcomes.

Conclusions: This work reviewed studies on PIT for PA interventions and identified several aspects of the interventions, that
is, inputs, techniques, contents, and delivery mode. The reviewed studies evaluated PIT in conjunction with other personalization
approaches such as activity recommendation, with no study evaluating the effectiveness of PIT alone. On the basis of the findings,
several important directions for future research are also highlighted in this review.

(JMIR Mhealth Uhealth 2022;10(2):e31327)   doi:10.2196/31327
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Introduction

Background
The increase in people’s sedentary lifestyle is strongly correlated
to the rise in chronic diseases [1]. The American Heart
Association recommends at least 150-300 minutes of
moderate-intensity aerobic physical activity (PA) a week to
reduce the risk of heart disease and stroke [2]. However, in the
United States, for example, an estimated 36.5% of the adults
aged 18-44 years did not meet the recommended PA levels [3],
leading to a call for approaches to increase PA levels.

In this regard, information technology (IT) advances have
allowed for development of, and widespread access to, fitness
apps and trackers. Here, IT refers to technologies used for the
collection, communication, retrieval, storage, presentation, and
processing of information in all its forms [4]. The availability
of sensors in smartphones, smartwatches, and wearable devices
allows PA monitoring of individuals in an increasingly accurate
[5] and cost-effective manner [6]. In addition, fitness trackers
such as Fitbit provide real-time personalized insights [7]
regarding PA to users through fitness apps. However, despite
the availability of PA insights and PA guideline levels, the lack
of clear and actionable feedback or a recommendation tailored
to the user often results in failure to achieve the recommended
PA levels [8,9]. For example, an intervention with a goal
recommendation for achieving weekly 150 minutes of moderate
to vigorous PA (MVPA) does not provide users with actionable
recommendations on achieving the goals.

The availability of fitness trackers coupled with the increase in
the number of fitness apps has provided novel research
opportunities to design, investigate, and assess
interventions—defined as the messages or elements through
which the apps aim to improve health behaviors [10]. Thus,
IT-based interventions refer to interventions using IT (defined
earlier) for their delivery. Initial intervention studies aimed at
increasing PA levels typically delivered the interventions
through web portals and relied on self-reported data by the user
[11,12]. A key barrier in such intervention studies is the
irregularity in the user’s reporting and bias regarding
self-reported data. The use of fitness trackers to monitor PA
levels of users has allowed for in-depth analysis of PA at a more
personal level [13] and can improve the effectiveness of the PA
interventions [14].

However, increasing PA often requires a change in the lifestyle
or behavior of the user. Users are motivated by varied reasons
such as health benefits, hedonic motivations, and social rewards
[15,16] to increase their PA. In addition, temporal and
environmental factors such as time of day, day of the week, and
weather often influence the user’s decision to exercise or not
[17]. Therefore, the one size fits all approach does not serve the
diversity of users, thus creating a need for personalized PA
interventions to promote adherence to the app and PA [18].

Several studies evaluating the effectiveness of personalized
interventions have reported an increase in the PA levels of users
[19-21]. However, the effectiveness of the interventions is
adversely affected by users’ poor adherence to the app and the

PA guidelines [22], leading to short-lived lifestyle changes. A
relevant recommendation delivered at an irrelevant time is one
of the reasons reported as a cause for this behavior [23]. The
timing of the intervention can be irrelevant to the user because
of differences in schedules, preferences, or other factors
influencing individuals’ choices [24]. For instance, an
intervention message, although personalized, is likely to be
ignored if it is delivered when the user is otherwise busy in
other activities. In addition, the appropriate time to deliver an
intervention might depend on the type of intervention. For
instance, some interventions, such as those for PA goal planning,
might need the user to self-reflect instead of performing the PA
itself. Thus, it becomes essential for interventions to be delivered
at the time when the user can engage in the target activity of
the intervention.

In this review, we adapt the definition of personalized
intervention timing (PIT) for PA from the study by Ghanvatkar
et al [25] to define it as a personalization that takes the user and
context into account and determines the appropriate time to
deliver the intervention (eg, message) regarding PA or
recommends the time to the user. Users in various studies
mentioned that an intervention delivered considering the
individual’s schedule, circadian rhythm, and lifestyle could
increase the likelihood of the individual adopting the
intervention’s recommendations [26], thereby increasing the
adherence rate [27]. Although studies have reiterated the
importance of PIT to increase the effectiveness of a PA
intervention, the specifics of how to achieve PIT are still unclear,
which requires further investigation.

In this regard, we found 2 previous reviews on personalized
interventions for increasing PA, which focused on their
classification or evaluated the effectiveness of the interventions.
First, a recent study by Ghanvatkar et al [25] broadly classified
personalized PA interventions into six categories, that is, goal
recommendation, activity recommendation, fitness partner
recommendation, educational content, motivational content,
and intervention timing. Second, the study by Aldenaini et al
[28] further assessed various implementation methods and
evaluated the effectiveness of the personalized intervention
categories defined by Ghanvatkar et al [25]. In addition, a review
study by Tong et al [29] aimed more broadly at evaluating the
effectiveness of a personalized mobile intervention in promoting
lifestyle behavior change (ie, in PA, diet, smoking, and alcohol
consumption). Finally, a review by op den Akker et al [30]
focused more narrowly on studies with personalization for PA
coaching systems before 2013. Few of the studies in their review
examined personalization of intervention timing, and these were
mainly about personalizing music or vibrations based on the
user’s gait or personalizing the mobile app display based on
user preferences [30].

However, we did not find any review focused on PIT for PA or
other health behaviors. Therefore, despite the importance of
PIT in the effectiveness of interventions, it is unclear what the
existing knowledge is regarding the design and effectiveness
of PIT. Motivated by the literature gap and the role of PIT in
the effectiveness of interventions, this review primarily focuses
on providing an overview of PIT research for PA improvement
and suggesting directions for future research that remain
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unexplored. The results from this review expand our current
knowledge and help obtain insights that can lead to more
effective personalized PA interventions with PIT.

Thus, this review examines the studies that provided PIT to
increase PA and identifies and categorizes types of inputs,
intervention techniques, intervention content, and mode of
delivery for the interventions. An intervention with PIT, like
other systems, can be viewed through an input-process-output
model [31]. The components of the system according to this
model are (1) inputs, defined as the requirements from the
environment; (2) process, defined as the computation based on
the inputs; and (3) outputs, which refers to the results or
outcomes provided by the system. We adopt this model to define
the system components that produce IT-based PA interventions
for PIT. The inputs to the system include user and contextual
characteristics to design the intervention. The personalization
process uses a method or technique to create the intervention.
The output of the system is the intervention with PIT received
by the user, based on the processing. In this review, we identify
the content of the output or intervention as well as its mode of
delivery to the user (eg, email, SMS text message, and mobile
app notification). Furthermore, theories used to design the
intervention and the results of the intervention studies are
explored. Finally, we identify the research gaps in existing
literature and outline directions for future research.

Objectives
This review aims to (1) examine recent studies of IT-based PA
interventions with PIT; (2) identify inputs used by the system
for creating the personalized intervention, techniques used to
process the inputs and create the intervention, content of the
intervention, delivery mode of the intervention, theories used
in the intervention design, and effectiveness of providing PIT;
and (3) identify gaps in existing literature and suggest future
research directions.

Methods

The Scoping Review
This scoping review aims to identify and summarize prior
studies that examined IT-based interventions with PIT to
increase PA levels, as per the aims of scoping reviews [32]. To
ensure the quality of the included studies, we only selected
peer-reviewed articles, including research-in-progress articles,
for which the full text was available. This review follows the
scoping review methodology [33] of identifying the research
objective (previous section); identifying relevant studies (search
strategy); study selection; charting or extracting the data; and
collating, summarizing, and reporting the results.

Search Strategy
This review included relevant articles from the PsycINFO,
PubMed, Scopus, and Web of Science databases published from
January 1, 2013, to March 30, 2021. These databases were
chosen because they cover the relevant studies in the medical
and health informatics domains. Fitness trackers and mobile
apps have been widely adopted for PA promotion only in recent
years; hence, older studies might not be relevant for our review.
Furthermore, the studies for personalization of PA coaching

systems before 2013 have been reviewed by op den Akker et
al [30], including the few studies that personalized the timing
of the intervention. In addition, prior review studies [25] of user
models for personalizing PA interventions have also considered
articles published since 2013. Thus, only articles published after
2013 were considered in this review.

The constructed search query for shortlisting studies from the
databases was as follows: ((fitness OR exercise OR physical
activity OR activity level OR active living) AND (intervention
OR recommend* OR prescribe OR prescription OR feedback
OR message) AND (tailor* OR personaliz* OR personalis*)
AND (mobile OR internet OR computer OR device OR fitness
trackers OR website OR online) AND (time* OR timing* OR
temporal)). This should ensure that all the studies that satisfied
a semantic similarity to the following are shortlisted: {physical
activity} {interventions} having {personalization} provided
through some form of {information technology} and containing
{temporal} analysis in some aspect. In addition, the publication
must be available in English. Furthermore, this review included
cross-referenced articles that were relevant and met the selection
criteria.

Selection Criteria
Studies were considered eligible if all the following inclusion
criteria were met: (1) either the primary or secondary objective
of the study was to increase PA among its users; (2) the study
included some form of PIT; (3) the study used some form of IT
for delivery of the intervention to the user; (4) the study article
was available in English and published between January 1, 2013,
and March 30, 2021; and (5) it was not a review article or
dissertation and was published through a peer-reviewed process.
The following exclusion criteria were used for our review: (1)
personalization not aimed at increasing PA; (2) intervention
delivered to the user without any timing personalization, that
is, intervention delivered to all users at the same time; and (3)
intervention delivered without using any IT and delivered in
face-to-face sessions.

The inclusion criteria for this review did not impose any
restrictions on the group or category of participants, technology
platform, study design, or study setting. Consequently, the
studies included in this review have varied groups of
participants, use any type of IT to deliver the intervention, adopt
varied study designs, and even include hybrid human–digital
intervention studies. Furthermore, because our focus was on
PIT interventions increasing PA as either the primary or
secondary objective of the study, we did not include studies that
provided PIT to reduce sedentary behavior (SB), unless the
intervention was also designed to increase PA.

Screening and Study Selection
The screening and study selection were undertaken by 1
researcher (SC) and subsequently verified independently by
another researcher (SG) for adherence to the selection criteria.
The second researcher (SG) was not blinded and had access to
the first researcher’s (SC) findings. Disagreements between the
2 researchers were resolved through discussion and consensus
with the third researcher (AK).
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The article selection process comprised 2 search and filtering
phases. The first phase involved assessing the title, abstract,
and keywords of the articles obtained from the databases to see
whether they should be included based on the inclusion criteria.
Mendeley Reference Manager was used to organize and merge
duplicate articles from the various databases. The second phase
involved a full-text review of the articles that satisfied the
inclusion criteria and did not meet the exclusion criteria. In this
scoping review, only articles deemed relevant after the second
phase were included.

Initially, in conjunction with the date range and language filters,
the search query yielded 1955 studies. In addition, 10 relevant
studies were identified by hand searching and cross-references.
Next, these 1965 studies were scanned for duplicates, which
resulted in a total of 1154 (58.73%) unique studies. The abstracts
of the 1154 unique studies were assessed for the inclusion and

exclusion criteria, resulting in a shortlist of 281 (24.35%)
articles. The further assessment of these 281 shortlisted articles
for full text resulted in 28 (9.9%) articles included in this review.

However, of the 28 articles included in the review, 6 (21%)
presented different aspects of the same intervention or
improvements of the same intervention system in multiple
publications. All such related publications were grouped, and
only a single publication with the most comprehensive
intervention details was eventually selected to represent the
studies using the same intervention system. This information
about the articles referring to the same intervention and their
representative publication selected for our review is presented
in Table 1. After this grouping of related studies, out of 28
articles, 18 (64%) unique articles or intervention systems were
included in this review. Figure 1 illustrates the flowchart
representing the entire study selection procedure.

Table 1. Related studies regarding an intervention and the representative study chosen.

Representative studyRelated studiesIntervention

Thomas et al [35]Bond et al [34] and Thomas et al [35]B-MOBILE JITAIa

Graham et al [37]Fernandez et al [36], Graham et al [37], and Olson et al [38]e-Moms Roc

Klasnja et al [41]Greenewald et al [39], Klasnja et al [40], Klasnja et al [41], and Liao et al [42]HeartSteps

Downing et al [44]Downing et al [43] and Downing et al [44]MINI Movers

Maddison et al [46]Dale et al [45], Maddison et al [46], and Pfaeffli Dale et al [47]Text4Heart

Willcox et al [49]Willcox et al [48] and Willcox et al [49]txt4two

aJITAI: just-in-time adaptive intervention.
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Figure 1. Flowchart of the study selection process.

Data Extraction
The data extraction or data charting from each article was
performed following the approach in the study by Arksey et al
[33]. We captured the following variables, which together form
the basis of our analysis:

• Objective and research question
• Theory used (if any)
• Study method, which included the information regarding

the study method, such as study design, duration, and setting
of the study (daily living or laboratory based)

• Participant sample, which included but was not restricted
to the participants’ demographics (such as age and gender)

• Intervention, which included all the characteristics of the
intervention system, such as mode of delivery, the content

of the intervention, the technique used for providing PIT,
user-specific inputs used by the system to provide PIT, and
the method and devices (if used) used to extract
user-specific inputs

• Results, which included the intervention evaluation results,
if provided

Results

Overview of Studies
We placed no restrictions on the intervention’s research
objective or methodology to be included in this review other
than following our selection criteria. As a result, the studies
differ concerning their research objectives, data collection
methods, target users, and intervention. We summarize each of
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these aspects of the interventions before reviewing the PIT
provided by the studies included in this review.

Increasing PA was the primary research objective in 72%
(13/18) of the studies [35,41,44,50-59]. Of these 13 studies, 6
(46%) increased PA while reducing the SB of the participants
[35,41,50,54,56,57]. Of the 18 studies, 3 (17%) had the primary
goal of maintaining a healthy lifestyle, including diet
management [49,60] and medication adherence [46], whereas
weight loss and weight control were the research goals for 2
(11%) studies [37,61]. Increasing the PA levels of the
participants was the secondary objective of these 5 studies.

The intervention systems collected user information in various
ways; for example, using fitness trackers [41,44,50-52,59,61]
(7/18, 39%), mobile phone sensors [50,54,56-59] (6/18, 33%),
self-reported questionnaire [37,46,51,55,57] (5/18, 28%),
smartwatches [35,53,54,57,59] (5/18, 28%), or through SMS
text messages [44,49,60] (3/18, 17%). Of the 18 studies, 6 (33%)

[44,50,51,54,57,59] had used more than one means to collect
user information.

The target populations of the studies involved in this review
were varied. They included older adults [53,55,57], children
and parents [44,60], healthy adults who were sedentary [41],
men and women with overweight [35], women with overweight
who were sedentary [50], Hispanic individuals with overweight
[61], African American individuals who were physically inactive
[52], local residents [56,60], pregnant women [37,49], patients
with cancer [51,54], and patients with chronic disease [46,58].

As discussed earlier, PIT can be divided into the following four
components: (1) inputs to the intervention, (2) intervention
techniques to process the inputs, (3) content of the intervention,
and (4) mode of delivery for the intervention. Variations in each
component were observed across the studies, as discussed in
the following sections. These are synthesized in the taxonomy
presented in Figure 2.

Figure 2. Taxonomy for various components of the personalized intervention timing (PIT) system.

Inputs to PIT

Overview
PIT was provided considering user-specific information such
as user preference, activity level, location, and schedule. On the
basis of the attributes used for providing PIT, we classified PIT

inputs into five categories: (1) user preference (10/18, 56%),
(2) activity level (6/18, 33%), (3) schedule (2/18, 11%), (4)
location (1/18, 6%), and (5) predicted patterns (3/18, 17%).
These categories are not mutually exclusive because 17% (3/18)
of the studies used multiple input types. Table 2 shows the
different input types used by the 18 studies in our review.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e31327 | p.116https://mhealth.jmir.org/2022/2/e31327
(page number not for citation purposes)

Chaudhari et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 2. Inputs to the personalized intervention timing used by the studies (N=18).

Predicted patternLocationUser scheduleActivity levelUser preferenceArticle reference

✓Downing et al [44]

✓Finkelstein et al [50]

✓Godino et al [61]

✓Gomersall et al [51]

✓Graham et al [37]

✓Kariuki et al [52]

✓✓Klasnja et al [41]

✓Li et al [53]

✓Low et al [54]

✓Maddison et al [46]

✓Mehra et al [55]

✓Militello et al [60]

✓✓Sporrel et al [56]

✓Taraldsen et al [57]

✓Thomas et al [35]

✓Vasankari et al [58]

✓Willcox et al [49]

✓✓✓Zhao et al [59]

User Preference
This category achieves PIT by delivering the intervention at the
user’s preferred time. However, this is not a completely
automated process. Human mediation from either the health
care provider or the participant is needed to log the preferred
timings manually.

Of the 18 studies included in this review, 10 (56%) used user
p r e f e r e n c e  a s  i n p u t  t o  p r o v i d e  P I T
[37,41,44,46,49,51,52,55,60,61]. Users could configure their
preferred time of day to receive the intervention messages.
Intervention systems in this category allowed the users to
personalize the time of intervention delivery considering their
schedules, leisure times, and so on. For example, the studies by
Graham et al [37] and Mehra et al [55] allowed the user to
configure the intervention timing as per their preferences
through a website and smartphone app, respectively. It should
be noted that such intervention systems require manual selection
by the user for the preferred time of intervention message
delivery. In contrast, intervention systems using user schedule
(covered in the User Schedule section) as input infer this
information implicitly through the user’s calendar app and
scheduled activities.

Activity Level
Activity level–based PIT refers to the personalization in timing
offered by considering the user’s activity level in the recent past
(typically 30, 60, or 120 minutes). Activity level–based PIT
allows the intervention to be delivered every time the user has
been inactive for a specific time, instructing them to either be

involved in an MVPA or take a break from SB, typically by
performing 2- to 3-minute exercises.

In this review, 33% (6/18) of the studies used user activity levels
to offer PIT [35,41,50,54,57,58]. In the study by Finkelstein et
al [50], if the user’s step count was <15 in the past hour, a
message was sent to encourage the user to engage in PA. In the
study by Klasnja et al [41], the intervention was delivered at
users’ preferred time; however, the intervention was not
delivered if the user was involved in PA at that moment or had
just finished an activity bout in the past 90 seconds. The study
by Low et al [54] alerted the user to engage in PA if 60 and 120
minutes of continuous SB occurred and the user reported no
severe symptoms such as pain, fatigue, and shortness of breath
in the most recent self-reported symptom ratings. In the study
by Taraldsen et al [57], the user was prompted after every 30
and 60 minutes of continuous SB to engage in PA. The study
by Thomas et al [35] prompted the user to take a 3-, 6-, or
12-minute walking break after 30, 60, or 120 minutes of
continuous SB, respectively. Similarly, the study by Vasankari
et al [58] notified the user to engage in PA if they had been
sitting still for >60 minutes at a stretch. As the prespecified
maximum limit of SB varied across studies, the frequency of
the interventions also varied across studies.

User Schedule
The studies in this category aimed to deliver an intervention
according to the user’s day-to-day schedule to ensure that the
intervention was not delivered when they were busy. The
premise is that even a tailored, actionable intervention is more
likely to be ignored by the user if it is delivered when they are
engaged in other activities. In this category, the intervention
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systems attempt to discern the user’s preference by taking their
scheduled activities into account without requiring their direct
input.

Of the 18 studies included in this review, 2 (11%) [56,59] used
user schedules to provide PIT. To ensure that participants were
not disturbed when they were otherwise engaged, both studies
accessed the users’ calendar app to avoid delivering the
intervention when they were busy. In addition, the study by
Sporrel et al [56] accessed users’ calendar app to send them
reminders and encouraging messages at the scheduled timings.

Location
Location-based PIT considers user location data to provide an
intervention tailored to the location and time. For instance, a
recommendation to take a brisk walk can be delivered when the
user is on the way to a frequently visited location.

In this review, of the 18 studies, only 1 (6%) [59] included user
location to provide PIT. Zhao et al [59] considered the
location-specific information captured through mobile phones
and smartwatches to decide a suitable location and time for PA
using a decision tree–based recommendation engine. Capturing
the user’s location information allowed the system to deliver a
PA intervention with PIT. For example, the intervention system
recommended a 15-minute walk to the user when leaving the
workplace.

Predicted Pattern
The studies in this category used the user’s behavior pattern
based on the recorded activity data to deliver an intervention at
an appropriate time. The predicted pattern is not an output of
an intervention technique; rather, it is the user’s behavior pattern
obtained from their PA log that is used as an input to provide
PIT. The timing of the intervention could either be the predicted
onset of SB or the user’s frequent timings of PA. The primary
difference between activity level–based PIT and predicted
pattern–based PIT is when the intervention is provided. Activity
level–based PIT provides the intervention on the occurrence of
a specified period of user inactivity. In contrast, predicted
pattern–based PIT tries to preemptively deliver the intervention
to the user based on the behavior patterns extracted from the
user’s historical data.

In this review, of the 18 studies, 3 (17%) [53,56,59] used user
behavior patterns to offer PIT. The study by Li et al [53]
identified the patterns in the SB of the user. This study used the
data collected by the fitness tracker at the baseline to determine
the participant’s most inactive period. Subsequently, the
intervention for PA was scheduled during the participant’s
inactive period. In contrast, the study by Sporrel et al [56]
determined the time to deliver the intervention based on the
participant’s PA metrics (such as frequency, duration, speed,
and distance in the exercise) on receiving the intervention during
a similar situation in the past. The situation was assessed based
on weather type, calendar availability, time and date for the
intervention delivery, and the PA performed. Finally, Zhao et
al [59] used the information from the daily trained user activity
model to predict the possible time for PA. For example, the user
was recommended a walk to the bus stop on the days they
commuted to work.

Intervention Techniques

Overview
In our reviewed studies, different approaches were used to create
the PA intervention with PIT using the aforementioned inputs.
On the basis of how the intervention system processed
user-specific information, intervention studies could be classified
into three categories: manual, semiautomated, and automated.
The study by Li et al [53] did not specify the technique used
for identifying participants’ most inactive period and hence is
not categorized. The remaining studies (17/18, 94%) are
categorized and discussed in this section.

Manual Intervention
Of the 17 studies, 8 (47%) [37,46,49,51,52,55,60,61] used
manual techniques that relied on human mediation from the
health care provider or the participant to generate the PIT. It
should be noted that these systems relied on human mediation
only to create the PIT, not to deliver it. All studies included in
this review involved some IT element as the mode of delivery
for the intervention.

In this category, the systems recorded user preferences of
intervention timing to provide PIT. Of the 8 studies, 6 (75%)
[46,49,51,52,60,61] recorded user preferences for receiving the
intervention message at registration time or during follow-up
sessions, whereas for the remaining 2 (25%) studies, the user
could configure the intervention timing by means of a
smartphone app [55] or a website portal [37].

Semiautomated Intervention
Semiautomated interventions are systems where a combination
of manual and automated techniques is used to determine the
PIT specific to the user. The reviewed studies in this category
typically used a rule-based approach to provide PIT
automatically, along with the user being allowed further
flexibility to configure the PIT according to their preference.

Of the 17 studies, 2 (12%) [41,44] used a semiautomated
approach in their intervention systems for processing PIT. In
the study by Downing et al [44], a few SMS text messages were
scheduled to be delivered at particular times of the day to
coincide with the activity recommended in the intervention. In
addition, participants were asked to nominate a preferred time
of the day to receive the SMS text messages. The study by
Klasnja et al [41] marked 5 timings in a day, referred to as
decision points in their study. At each of the 5 decision points,
the system would automatically determine whether the
intervention should be delivered to the user based on their
availability. The participants were considered unavailable if
they were involved in PA at the time or had just finished an
activity bout in the past 90 seconds. In addition, the system also
allowed users to configure the timings of the 5 decision points
based on their schedules.

Automated Intervention

Overview

Automated interventions were present in 41% (7/17) of the
studies [35,50,54,56-59] and used either knowledge-based or
data-driven approaches to automate the PIT. All the
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knowledge-based systems were based on decision rules
formulated from PA and clinical guidelines. All the data-driven
systems used machine learning techniques to learn user models
from their historical data.

Knowledge- or Rule-Based Systems

Of the 7 studies in which automated interventions were present,
5 (71%) [35,50,54,57,58] used knowledge-based approaches.
These systems were rule-based and provided feedback and
recommendations based on the rules applied to user activity or
other user-specific information. An intervention was delivered
when the user’s continuous inactivity period reached the
prespecified limits of SB set in the intervention system
[35,50,54,57,58]; for example, users were prompted with an
intervention message encouraging them to engage in PA if they
had been sitting continuously for >60 minutes.

Data-Driven Systems

Data-driven intervention systems used machine learning
approaches to achieve personalization. Of the 7 studies in which
automated interventions were present, 2 (29%) [56,59]

incorporated machine learning methods to determine the timing
of the PA intervention delivery. The study by Sporrel et al [56]
used a reinforcement learning module that optimized the
personalized timing based on the user’s behavior while using
the app over time. To provide personalization in the initial stage
(when user behavior data were lacking), training data from a
separate study [62] involving 440,000 runs performed by
>10,000 users with information about running performance,
timing, and weather were used. The study by Zhao et al [59]
used a decision tree–based recommendation engine that involved
training a daily activity model for each user using
activity-related data such as daily calories burned and steps,
along with location information captured by mobile phone and
smartwatch sensors.

Contents of Intervention
Across the studies in this review, the types of content of the PA
interventions with PIT included activity recommendations, goal
recommendations, motivational messages, and educational
messages. Table 3 shows the types of intervention contents for
each study.

Table 3. Intervention contents in the included studies (N=18).

Educational messageMotivational messageGoal recommendationActivity recommendationArticle reference

✓✓Downing et al [44]

✓Finkelstein et al [50]

✓Godino et al [61]

✓✓✓Gomersall et al [51]

✓Graham et al [37]

✓Kariuki et al [52]

✓Klasnja et al [41]

✓✓✓Li et al [53]

✓Low et al [54]

✓✓Maddison et al [46]

✓Mehra et al [55]

✓Militello et al [60]

✓✓Sporrel et al [56]

✓Taraldsen et al [57]

✓Thomas et al [35]

✓✓Vasankari et al [58]

✓Willcox et al [49]

✓Zhao et al [59]

Specifically, of the 18 studies, 11 (61%)
[35,41,44,46,50,51,53,54,56,59,61] that provided activity
recommendations prescribed one or more activities to the user.
For example, in the study by Klasnja et al [41], participants
were suggested to park their vehicle farther from the office and
encouraged to walk during the morning commute to work. Of
the 18 studies, 8 (44%) [37,46,49,51,53,55,56,58] that offered
goal recommendations delivered personalized goals or a
reminder to users to achieve their goals. For example, in the
study by Sporrel et al [56], users would be reminded of their

daily goal and given feedback on their current activity level
when the intervention was delivered, encouraging them to
achieve their goal. Of the 18 studies, 5 (28%) [52,53,57,58,60]
aimed to encourage users to engage in PA by delivering
motivational messages at an appropriate time. For example, in
the study by Militello et al [60], participants could craft
motivational messages that would be delivered to them at
tailored timings during the following weeks. Finally, of the 18
studies, 2 (11%) [44,51] used educational messages that aimed
to increase users’ knowledge regarding the importance of PA.
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For example, the study by Gomersall et al [51] informed users
about the health benefits for the heart as a consequence of
reducing SB and increasing PA.

Mode of Intervention Delivery
As per our selection criteria, all the studies in our review used
some form of IT to deliver the PA intervention. This is different
from the manual intervention technique defined earlier, which
implies that the PIT could be determined manually, albeit
delivered through an IT-based system.

For the mode of intervention delivery, various forms of IT, such
as SMS text messages, smartphone app notification, smartwatch
notification, and emails, were used as a communication medium.
In our review, 39% (7/18) of the studies [44,46,49-51,60,61]
used only SMS text messages as the mode of intervention
delivery. Furthermore, 28% (5/18) used smartphone notification
alone [35,41,55,56,58]. In comparison, 22% (4/18) used both
smartwatch and smartphone notifications [53,54,57,59], whereas
11% (2/18) used email and SMS text messages [37,52].

Theories Used
Of the 18 studies included in this review, 11 (61%) used a
theoretical framework for providing their intervention. The
theories were used to make design decisions regarding the
intervention delivery, selection of study variables for the
intervention, or personalizing the intervention content. The
theories used were the Beck cognitive theory [63] (1/18, 6%);
behavioral intervention technology (BIT) model [64] (1/18,
6%); capability, opportunity, motivation, and behavior (COM-B)
model [65] (1/18, 6%); integrative model of behavioral
prediction [66] and behavior model for persuasive design [67]
(1/18, 6%); control theory [68] (1/18, 6%); the Fogg behavior
model (FBM) [69] (2/18, 11%); social cognitive theory (SCT)
[70] (5/18, 28%); and self-efficacy theory (SET) [71] (2/18,
11%).

The Beck cognitive theory [63] was used in the study by
Militello et al [60] to tailor the intervention content and identify
study variables such as knowledge, perceived difficulty, beliefs,
and behaviors. In contrast, the BIT model [64] and COM-B
model [65] were used in the study by Sporrel et al [56] to guide
the implementation and design of the persuasive strategies used
in their intervention system. The COM-B model proposes the
interrelationship among users’capability, opportunity for action,
and the motivation required to change user behavior. The
intervention system included goal setting, feedback, and
reminders guided by the COM-B model [65]. The BIT model
guided the implementation design decisions, such as the form
and timing of the intervention, complexity, and esthetics of the
app developed.

In the study by Graham et al [37], the theoretical framework
provided by the integrative model of behavioral prediction [66]
combined with the behavior model for persuasive design [67]
was used in the formative research to determine the main
features of the intervention. The behavior model for persuasive
design [67] explored the role of computing systems as persuasive
social actors and various persuasive strategies used to elicit a
response from the user. The model provides insights on different
persuasive techniques that can be used to increase human

interaction with the systems, including health intervention
systems. The integrative model of behavioral prediction [66]
demonstrates the simultaneous use of two theories, behavioral
prediction and media priming theory, to develop effective health
interventions.

In the study by Mehra et al [55], elements of control theory [68]
such as goal setting and self-monitoring were used in the design
considerations to formulate the app’s functional requirements
designed for the intervention. Furthermore, various FBM [69]
elements were used by 11% (2/18) [56,60] of the studies to
construct the conceptual model of their intervention system.
The FBM [69] states that the user must simultaneously have
sufficient motivation, sufficient ability, and an effective trigger
for the behavior to occur. For example, Militello et al [60] used
SMS text messages as a medium to provide a trigger, which is
among the three principal elements (motivation, ability, and
trigger) defined in the FBM, to the user to promote healthy
behavior. Similarly, in the study by Sporrel et al [56], a timely
trigger was provided to the user through an app notification.

SCT [70], used by 28% (5/18) of the studies in this review
[44,49,52,57,61], postulates the reciprocal relationship between
an individual and the environment and personal factors such as
self-efficacy, self-control, and behavioral capability to theorize
how an individual acquires and maintains a particular behavior.
SCT aims to focus on initiating behavior and explain how to
achieve a behavior change that is maintained over time. The
study by Downing et al [44] used the SCT taxonomy to tailor
the content of the intervention. The study by Godino et al [61]
used strategies for weight management that included evidence
and SCT constructs to tailor the content of the intervention. In
the study by Kariuki et al [52], SCT was used to select the
workout videos recommended to the users to match their
preferences. Elements of SCT were adopted in the study by
Taraldsen et al [57] to make design decisions regarding the
intervention system. In the study by Willcox et al [49], the
design of the intervention system was based on SCT.

SET [71], used by 11% (2/18) of the studies in this review
[46,53], defines self-efficacy as a personal judgment of “how
well one can execute courses of action required to deal with
prospective situations” [71]. The SET states that there are four
approaches to increase a person’s self-efficacy: enactive mastery
experiences, vicarious experiences, verbal persuasion, and
physiological and affective feedback. In the study by Li et al
[53], the intervention aimed to enhance the self-efficacy of the
user by providing mastery experiences and verbal persuasion
by recommending challenging yet attainable goals and providing
interaction-enabled prompts and feedback to the user, whereas
in the study by Maddison et al [46], the content of the
intervention was based on the SET.

Results of Individual Studies
In our review, only 33% (6/18) of the studies [41,43,49-51,53]
presented evaluations of their interventions to increase PA. Of
the remaining 12 studies, 4 (33%) [52,56-58] had not yet
completed the intervention and thus did not present results,
whereas 8 (67%) [35,37,46,54,55,59-61] did not evaluate the
effects of the PA intervention. Of the 6 studies carrying out PA
evaluations, 5 (83%) [41,43,49-51] conducted randomized
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controlled trials, whereas 1 (17%) [53] conducted a pilot test.
Table 4 shows the evaluation variables and results for these
studies (n=6).

Specifically, Downing et al [44] evaluated the sitting time and
MVPA in minutes for the participant children in the control and
intervention groups at baseline and after the intervention.

Parent-reported sitting time and objective sitting time, as
measured by the activPAL device, recorded a decrease in
children’s sitting time. The reduction in objective sitting time
in the intervention group was more than that in the control
group: 25.8 minutes per day in the intervention group compared
with 3.7 minutes per day in the control group.

Table 4. Results of the studies that evaluated their physical activity (PA) intervention (N=6).

ResultsVariables evaluatedParticipants, nMethod of studyArticle reference

Participants in the intervention group reduced
their total screen time by 30.6 minutes per day,
whereas the screen time increased by 7.5 minutes
per day for participants in the control group. Sit-
ting time was reduced in the intervention group
by 25.8 minutes per day and in the control group
by 3.7 minutes per day

Screen time and sitting
time

57RCTaDowning et al [44]

Inactivity was significantly lower (P<.02) during
message on periods compared with message off
periods. Increased mean (+584.34 steps) in the
number of steps was recorded by group A,
whereas group B recorded a reduced mean (–71.94
steps) during message on periods compared with
message off periods

Inactivity and number of
steps

30RCTFinkelstein et al [50]

At the 12-week follow-up, the intervention group
participants reduced their overall sitting and pro-
longed sitting time by 40-50 minutes per 16 hours
awake and reported an increase in standing and
light-intensity stepping. No significant changes
were recorded in the objectively measured activity
level of the control group. No group reported any
significant change in MVPA assessed by the ac-
tivPAL device

MVPAb in minutes and
sitting time

38RCTGomersall et al [51]

Delivering a suggestion vs no suggestion in-
creased the 30-minute step count by 14% (P=.06),
an increase of 35 steps over the 253-step average

Number of steps44RCTKlasnja et al [41]

The participants’ sedentary time decreased, and
they spent less of their waking time on sedentary
activities during the intervention (P=.03) and after
the intervention (P<.01). On average, the partici-
pants’ PA increased significantly after the inter-
vention (P=.02)

Number of steps, sleep in-
dex, PA, and sedentary
time

8PilotLi et al [53]

From the baseline to the conclusion of the inter-
vention period, the women in the intervention
group reported significantly smaller reductions in
total, light-, and moderate-intensity PA (P=.001)
than the women in the control group

Activity time in minutes
and participants’ weight

100RCTWillcox et al [49]

aRCT: randomized controlled trial.
bMVPA: moderate to vigorous physical activity.

In the study by Finkelstein et al [50], a randomized crossover
design was used, with group A participants receiving tailored
intervention messages for the first 4 weeks, followed by 4 weeks
of no interventions. In contrast, group B participants received
no intervention messages in the initial 4 weeks and were
switched to tailored intervention messages in the 4 weeks that
followed. Message on was used to indicate the duration of the
study when interventions were delivered to the participants,
whereas message off indicated the period when no interventions
were delivered to the participants. Interestingly, although the
overall inactivity period was significantly reduced, the mean
number of steps recorded by group B was lower in the period

when the intervention was delivered than when no intervention
was delivered. In contrast, in the study by Gomersall et al [51],
no significant differences in objectively measured MVPA were
recorded between the intervention group and the control group,
but a significant difference in self-reported MVPA between the
groups was observed at the 4-week and 12-week follow-ups.

In the study by Klasnja et al [41], 30 minutes after the
intervention was delivered, an increase in the average step
counts was recorded. The group receiving contextually tailored
activity suggestions also recorded an increase in the number of
steps compared with the group with no interventions. However,
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the group receiving the contextually tailored activity suggestions
experienced a significant attrition rate.

The pilot test by Li et al [53] evaluated variables such as the
number of steps, sleep index, PA, and sedentary time. Reduced
SB and increased PA levels during the intervention and after
the intervention were recorded. Finally, in the study by Willcox
et al [49], participants in the intervention group were reported
to be less likely to reduce PA levels throughout the intervention.

Thus, the studies in our review that carried out evaluations (6/18,
33%) have shown positive results regarding increasing PA and
reducing SB.

Discussion

Principal Findings
In this study, we conducted a review of IT-based PA intervention
studies that provided PIT and synthesized them to offer an
overview of PIT research for PA improvement. We identified
and categorized user-specific inputs, intervention techniques,
intervention content, delivery modes, and theories used by
intervention studies with PIT to increase PA.

Thus, this study contributes to the literature on personalization
for PA interventions and specifically to the research on PIT.
Although earlier reviews on personalized interventions for
increasing PA focused on their classification [25] or evaluated
the effectiveness of the interventions [25], we examined the
intervention timing in depth, which is valuable for increasing
intervention adherence and thereby improving PA [26,27]. Prior
reviews, that is, the study by Tong et al [29], aimed more
broadly at evaluating the effectiveness of a personalized mobile
intervention in promoting lifestyle behavior change or focused
more narrowly on studies of personalization for PA coaching
systems, that is, the review by op den Akker et al [30]. Thus,
our review is able to make a contribution by explicating the
dimension of timing in the personalization of PA interventions.

In the next sections, we further discuss the implications of our
review with respect to the inputs to PIT, intervention techniques,
intervention content, mode of intervention delivery, theories
used, and results.

Inputs to PIT
The reviewed studies used input factors of user preferences,
activity levels, user schedules, locations, and predicted patterns
to provide PIT. Despite the evident influence of temporal and
environmental factors such as day of the week, time of day, and
weather on the choice made by the user regarding PA [17], only
the study by Sporrel et al [56] used such temporal and contextual
factors to provide PIT. Thus, we found that temporal and
contextual factors have rarely been considered for the purpose
of providing PIT aimed at increasing PA. Future studies could
include and assess the effectiveness of such temporal and
environmental factors as input attributes in the intervention
system to provide PIT.

Of the 18 studies included in the review, 3 (17%) used more
than one input attribute to provide PIT [41,56,59]. For instance,
Zhao et al [59] considered user schedule, location, and user
behavior pattern to provide PIT. However, none of the studies

in this review evaluated the effectiveness of combining input
types. The inclusion of multiple types of user-specific inputs in
the evaluation could allow for a more holistic understanding of
contextual information related to the user and therefore offer a
better-informed decision for PIT. In addition, selecting a
combination of types of inputs is also dependent on the
intervention technique used by the system. For example, the
selection of predicted behavior could be infeasible in a study
that uses a manual approach as the intervention technique.
Hence, a combination of input types appropriate to the system’s
intervention technique should be selected. Future research could
consider evaluating the effectiveness of the combinations of
input types applicable to the respective interventions’ technique.

Of the 18 studies in this review, 6 (33%) [35,41,50,54,57,58]
used user activity levels to provide PIT based on the prespecified
maximum limit of SB. However, most of them did not clarify
how they set the maximum SB limit. Although these studies
had a prespecified maximum limit of SB of 30, 60, or 120
minutes, these limits do not adhere to the clinical or health
institute and organization guidelines. Future studies could use
the maximum limit of SB as stipulated in standard PA guidelines
by clinical or health institutes and organizations such as the
Health Promotion Board, Singapore [72], to be more scientific
and rigorous.

Interestingly, the user’s physical geolocation was used only in
the study by Zhao et al [59] to provide location-triggered
interventions. Although the study reported positive results, the
method and design of the intervention study imply that the
effectiveness cannot be attributed to that specific factor. Further
research is needed to assess the effectiveness of physical
geolocation regarding PIT for increasing PA. It should be noted
that the lack of research studies including location information
could be due to the privacy concerns posed by the location
tracking of users.

Intervention Techniques
The intervention studies included in this review used either
manual, semiautomated, or automated methods to determine
PIT. As mentioned earlier, semiautomated intervention systems
used an automated component, typically knowledge- or
rule-based, coupled with flexibility for human mediation. Both
studies [41,44] using semiautomated intervention systems
reported positive results; nevertheless, neither study evaluated
the effectiveness of such intervention systems against the
individual components, that is, manual approach and automated
approach. Hence, it is unclear if the added complexity of
combining automated and manual approaches in the
semiautomated approach results in improved intervention
effectiveness compared with using manual and automated
approaches individually. Therefore, future studies could
undertake a comparative study by evaluating the effectiveness
of each intervention technique.

Similarly, among the studies providing automated interventions
[35,50,54,56-59], none evaluated intervention effectiveness
using a combination of rule-based and data-driven methodology
to achieve PIT compared with individual components, that is,
rule-based and data-driven approaches. An intervention design
combining both methods would allow the integration of rules

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e31327 | p.122https://mhealth.jmir.org/2022/2/e31327
(page number not for citation purposes)

Chaudhari et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


based on guidelines with sophisticated machine learning
algorithms. Multidimensional recommendation systems that
consider context information, including user-specific
information and environmental factors, novel approaches for
temporal profiling, and similar advanced techniques, could be
used to enhance the effectiveness of the intervention. Future
studies could consider exploring and evaluating the effectiveness
of intervention systems combining both approaches.

Contents of Intervention
Across the studies included in this review, the intervention
content types observed were activity recommendation, goal
recommendation, motivational message, and educational
message. Although a few studies offered multiple types of
content for the intervention, none of the studies included in this
review rigorously evaluated the effectiveness of each type of
content or the combination of the types of content. Therefore,
specifics of which type or combination of types of content
should be used for the intervention delivered at personalized
timings to maximize the effectiveness is unclear. For example,
the likelihood of the user performing PA when provided with
an activity recommendation can vary compared with the
likelihood of performing PA if a motivational message was
delivered. Future studies could consider designing the
intervention system to evaluate the effectiveness of each
intervention content type and combinations of types.

Mode of Intervention Delivery
No conclusive evidence justifying the selection of the mode of
communication was provided in the reviewed studies. This
indicates a lack of research regarding the effectiveness of each
mode of intervention delivery regarding PIT aimed at increasing
PA. Furthermore, user preference for a particular mode of
intervention delivery could also vary across user groups. For
example, older adults might prefer SMS text messages over
notifications on smart devices because of their simplicity. Future
research could consider evaluating the effectiveness of each
intervention delivery mode or a combination of intervention
delivery modes and across different user groups.

Theories Used
Theories can help to explain the mechanism and techniques that
change user behavior and provide insights into various aspects,
including system design decisions and personalization strategies.
However, in this review, only the study by Mehra et al [55]
used theory guidelines to personalize the intervention timing,
whereas the remaining studies (10/11, 91%) did it only for the
PA intervention itself. Future studies could consider further
design and evaluation of theory-based interventions to
personalize the intervention timing. In addition, theories on
temporal aspects such as circadian rhythm theory [73] could be
adopted to design intervention systems.

Results of Individual Studies
The reviewed studies evaluated different PA-related metrics,
with the number of steps being assessed by 50% (3/6) of the
studies that evaluated PA-related metrics. Other interventions
evaluated other metrics such as activity time in minutes, MVPA
in minutes, and sitting time. Although the studies (6/18, 33%)
reported positive results regarding the users’ PA levels and SB,

the lack of standard evaluation metrics for PA-related
intervention studies hinders the objective comparison of the
results across studies. Future studies could use standardized
metrics for PA measurement and establish the correlations
among existing metrics to facilitate evaluation and comparison
of studies.

Although this review focused on PIT research for PA
improvement, none of the studies in our review rigorously
evaluated the effect of PIT on PA levels of the user. PIT was
offered along with other forms of personalization, making it
infeasible to evaluate the effectiveness of PIT alone to increase
PA. Future research could rigorously assess PIT impacts; for
example, by using randomized controlled trials to evaluate the
effectiveness of PIT in improving PA levels compared with an
intervention delivered with nonpersonalized timings.

Limitations
This review includes a few limitations. First, it was restricted
to select databases for searching relevant articles and the search
query was limited to a time frame that was considered relevant
for this review. This could have led to a few relevant studies
being left out of this review because of their journal or indexing
bias. Second, the reviewers were not blinded to each other’s
decisions during the study screening procedure, which may
have led to a study selection bias. Third, because this is a
scoping review, we have included studies without quality
analysis and without any evaluation. Although this helps to
identify the breadth of research, because the quality of studies
is not assessed, the gaps identified may not be completely
accurate. Fourth, the lack of strict restriction on the intervention
method led to diverse outcomes across studies; therefore, a
meta-analysis was not possible in this review. Hence, the results
for the studies that evaluated the intervention’s effectiveness
for increasing PA could not be pooled together for statistical
analysis. Finally, we could not assess those studies in which
increasing PA was a secondary objective because they did not
report the results of their study.

Conclusions
This review assessed aspects of the intervention system
providing PIT to increase PA. The studies evaluated PIT in
conjunction with other personalization approaches such as
activity recommendation, with no study evaluating the
effectiveness of PIT alone. On the basis of the findings from
this review, the following research directions for increasing the
effectiveness of personalized interventions are proposed. First,
the effectiveness of PIT in PA interventions is yet to be
rigorously evaluated, although preliminary studies in this
direction are promising. Second, the effectiveness of temporal
and environmental factors as inputs and a combination of input
types should be evaluated. Third, combinations of intervention
content and mode of intervention delivery need to be evaluated.
Fourth, standardized metrics for PA measurement and
correlations among existing metrics should be established. Fifth,
automated intervention systems need to be adapted to integrate
clinical guidelines with sophisticated machine learning
algorithms. Several important directions for future research are
also highlighted in this review.
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Abstract

Background: Smartphone studies provide an opportunity to collect frequent data at a low burden on participants. Therefore,
smartphones may enable data collection from people with progressive neurodegenerative diseases such as amyotrophic lateral
sclerosis at high frequencies for a long duration. However, the progressive decline in patients’ cognitive and functional abilities
could also hamper the feasibility of collecting patient-reported outcomes, audio recordings, and location data in the long term.

Objective: The aim of this study is to investigate the completeness of survey data, audio recordings, and passively collected
location data from 3 smartphone-based studies of people with amyotrophic lateral sclerosis.

Methods: We analyzed data completeness in three studies: 2 observational cohort studies (study 1: N=22; duration=12 weeks
and study 2: N=49; duration=52 weeks) and 1 clinical trial (study 3: N=49; duration=20 weeks). In these studies, participants
were asked to complete weekly surveys; weekly audio recordings; and in the background, the app collected sensor data, including
location data. For each of the three studies and each of the three data streams, we estimated time-to-discontinuation using the
Kaplan–Meier method. We identified predictors of app discontinuation using Cox proportional hazards regression analysis. We
quantified data completeness for both early dropouts and participants who remained engaged for longer.

Results: Time-to-discontinuation was shortest in the year-long observational study and longest in the clinical trial. After 3
months in the study, most participants still completed surveys and audio recordings: 77% (17/22) in study 1, 59% (29/49) in study
2, and 96% (22/23) in study 3. After 3 months, passively collected location data were collected for 95% (21/22), 86% (42/49),
and 100% (23/23) of the participants. The Cox regression did not provide evidence that demographic characteristics or disease
severity at baseline were associated with attrition, although it was somewhat underpowered. The mean data completeness was
the highest for passively collected location data. For most participants, data completeness declined over time; mean data
completeness was typically lower in the month before participants dropped out. Moreover, data completeness was lower for
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people who dropped out in the first study month (very few data points) compared with participants who adhered long term (data
completeness fluctuating around 75%).

Conclusions: These three studies successfully collected smartphone data longitudinally from a neurodegenerative population.
Despite patients’ progressive physical and cognitive decline, time-to-discontinuation was higher than in typical smartphone
studies. Our study provides an important benchmark for participant engagement in a neurodegenerative population. To increase
data completeness, collecting passive data (such as location data) and identifying participants who are likely to adhere during the
initial phase of a study can be useful.

Trial Registration: ClinicalTrials.gov NCT03168711; https://clinicaltrials.gov/ct2/show/NCT03168711

(JMIR Mhealth Uhealth 2022;10(2):e31877)   doi:10.2196/31877
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digital phenotyping; mobile health; trial; smartphones; attrition; mobile phone

Introduction

Background
Participation in clinical research requires an effort. More
research visits create a greater burden and, thus, a larger barrier
to long-term participation. Clinical trialists often design studies
that collect data relatively infrequently to reduce the burden of
clinical research for participants. Although this reduces the
research burden, it also reduces statistical power [1]. Data
collection from participants’ smartphones may allow
high-frequency data at a low burden of participation. As
smartphones are now increasingly common and typically carried
by their users throughout the day, every day, they can be used
for nearly continuous, unobtrusive data collection in everyday
settings [2,3].

This opportunity to collect research data frequently at a low
participant burden is appealing for research on
neurodegenerative diseases. For participants, clinic visits are
especially onerous, owing to the progressive decline in their
cognitive and physical function. Study teams also feel the burden
on staff time, as assessment visits often are 1-3 hours in duration.
Research sponsors see ballooning costs from staffing
requirements [4].

Digital data collection from smartphones could reduce all of
these burdens while providing relevant, quantitative, and
frequent study data directly from participants. Smartphones can
be used to collect a rich variety of data for clinical research.
These data include active data, which requires data entry by the
participant (eg, surveys), and passive data (eg, sensor and log
data) that do not require activity by the participant beyond
installing a research app [5]. These voluminous passive data
can be converted into meaningful and interpretable variables
that describe individual-level traits, habits, and behavior. If a
study makes use of a participant’s own phones (therefore
enabling collection of naturalistic data without requiring
additional instrumentation) and collects raw high-throughput
data from the phones (therefore enabling generation of study
specific metrics over prepackaged metrics with enhanced
reproducibility), the approach is referred to as digital
phenotyping [6].

Smartphone Studies in Neurodegenerative Diseases
In many cases, people with neurodegenerative diseases remain
able to use their smartphones to participate in studies, despite
the progressive nature of their disease. This is certainly true for
people with amyotrophic lateral sclerosis (ALS), a
neurodegenerative disease that causes a progressive decline in
speech, respiratory function, and motor skills [7]. Recent studies
have demonstrated that people with ALS use smartphones and
can complete frequent surveys for research, even in the later
stages of the disease [8]. Thus, smartphone-based digital
phenotyping for neurodegenerative diseases is feasible.

At the same time, digital data collection has potential
shortcomings that must be understood. Despite the low burden
of data collection from participants’ own devices, smartphone
studies may have high attrition, even when focusing on passive
data collection [9-12]. When participants discontinue app use,
they introduce missing active data. In addition, sensor
noncollection due to technological factors or participant behavior
introduces missing passive data [11,12]. Missing data, whether
active or passive, reduces statistical power, threatens the
generalizability of results, and can introduce attrition bias
[9,12,13]. For example, if participants with more severe disease
at baseline dropout more frequently, the study findings may not
generalize to these participants [13].

To assess the risk of attrition bias in smartphone-based medical
research, we must understand the relationship between
participant characteristics, disease severity, and rate of
progression on the one hand, as well as attrition risk on the other
hand [9]. Patterns of attrition may differ between observational
studies and clinical trials [14]. Attrition has been reported for
smartphone studies in some areas, including mental health
[9,15,16], cancer [17], chronic diseases [18], neurodegenerative
diseases [19,20] and healthy controls [19]. However, predictors
of attrition or risk of attrition bias have not been thoroughly
investigated for neurodegenerative diseases. In people with
diseases such as ALS, immobility, challenges with activities of
daily living, and cognitive decline can threaten their ability to
comply with smartphone data collection.

Study Aims
We investigated data completeness in 3 studies using the same
platform for data collection from personal smartphones of people
with ALS. Two of these were observational studies, and one
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was a clinical trial. In all 3 studies, the participants contributed
traditional ALS clinical outcome data during in-clinic visits. In
addition, participants installed the front-end app from the Beiwe
platform on their smartphones and used it for active and passive
data collection [8]. We estimated time-to-discontinuation in
each of the three studies, identified predictors of app
discontinuation, and quantified data completeness for early
dropouts and participants who remained engaged longitudinally.

Methods

Overview
We analyzed data from 3 studies using the Beiwe platform for
smartphone data collection. In each of the three studies, data
were collected in three ways: (1) traditional
clinician-administered survey data during clinic visits or by
telephone; (2) active data, including patient-reported outcomes
from smartphone surveys administered through the Beiwe app,
audio recordings where participants coughed, and audio

recordings where participants recited a text shown on their
smartphone screen; and (3) passive data from sensors and logs,
automatically collected by the Beiwe smartphone app.

All data were collected and stored in compliance with local,
state, and national laws, regulations, and policies. For study 1,
participants were enrolled at the Massachusetts General Hospital
(MGH) in Boston. For study 2, participants were enrolled at
both MGH in Boston, United States, and in Washington
University in St Louis, Missouri, United States. For study 3,
participants were enrolled at MGH, Twin Cities ALS Clinic in
Minneapolis, Minnesota, United States, and Holy Cross ALS
Clinic in Fort Lauderdale, Florida, United States. The studies
differed in duration and expected frequency of clinical data
collection (Table 1). None of the studies included routine contact
with participants to encourage engagement; there was no
reimbursement for engagement; and outside of reminders from
the smartphone app itself (known as notifications), no reminders
were sent to participants.

Table 1. Characteristics of the 3 included studies.

Frequency of data collectionStudy duration (weeks)Number of participants, NStudy

Smartphone sensorsSmartphone surveyClinic visit

GPS on for 1 minute and off for
10 minutes

Weekly3 times1222Study 1

GPS on for 1 minute and off for
10 minutes

Weekly2 times5249Study 2

GPS on for 1 minute and off for
10 minutes

Weekly3 times2023Study 3

Study 1: 12-Week Pilot Study
Study 1 was a pilot observational cohort study 12 weeks in
duration, running from July 2016 to June 2018.
Clinician-administered survey data were collected at baseline
and at weeks 6 and 12. Study design and participant recruitment
for study 1 have been previously published [8].

Study 2: 52-Week Cohort Study
Study 2 was an observational cohort study 52 weeks in duration,
running from November 2018 to March 2021.
Clinician-administered survey data were collected at baseline
and week 52. This study used the same methods for recruitment
and data collection used in study 1 [8].

Study 3: 20-Week Clinical Trial
Study 3 was the safety of rate elevation in ALS (SURE-ALS2)
randomized, placebo-controlled clinical trial of inosine to raise
urate levels (NCT03168711). The trial ran from November 2017
to December 2019. The participants were divided into an
intervention group, receiving inosine and a control group,
receiving matching placebo until week 16. In short, after consent
and successful screening for the trial, the Beiwe smartphone
app was installed on the participants’ personal smartphones at
the baseline visit. The app was uninstalled at the 20-week visit.
Participants were asked to complete in-person visits for clinical
outcomes at baseline, week 12, and week 20. They also received
phone calls every 3 weeks throughout the study. The

clinician-administered revised ALS functional rating scale
(ALSFRS-R) was completed during in-person visits.

Study 3 had more restrictive selection criteria than the
observational studies. Studies 1 and 2 required participants to
have a diagnosis of ALS according to the El Escorial Criteria
[21], at least moderate smartphone use, and no neurological
disorders other than ALS. Study 3 included additional selection
criteria requiring vital capacity >60% of predicted, plasma urate
<5.5 mg/dL, and no medical history of gout, coronary artery
disease, stroke, poorly controlled hypertension, or renal
insufficiency.

Ethics
Each study was approved by the Mass General Brigham
Institutional Review Board (IRB). Study 2 was also approved
by the Washington University IRB. Study 3 used a central IRB
(the Mass General Brigham IRB) for all sites.

Data Collection
We collected smartphone data through Beiwe, an open-source,
end-to-end encrypted high-throughput digital phenotyping
platform [22]. It consists of Android and iOS smartphone apps
for data collection and an Amazon Web Services cloud-based
system back-end for data collection and processing [23]. It has
been used in both observational studies and clinical trials to
collect self-administered surveys and various types of passive
data [8,24].
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The primary clinical outcome measure in the 3 studies was
functional ability, as measured by the ALSFRS-R. The
ALSFRS-R is a 12-item survey for measuring functional ability,
each with 5-answer options, scored from 4 (normal ability) to
0 (lowest functionality) [25]. The questions are divided into four
subdomains: the bulbar domain (questions 1-3), fine motor
domain (questions 4-6), gross motor domain (questions 7-9),
and respiratory domain (questions 10-12). The maximum
domain score is 12 (domain not affected), with a lower score
denoting lower functional ability. The total survey score is the
sum of all questions and has a 48-point scale (from 48 points,
indicating normal function to 0 points [25]).

Baseline Visit
At the baseline visit, clinical characteristics were obtained in
person and stored in an electronic data capture system. The
Beiwe app was downloaded onto the participant’s smartphone
and activated by the study coordinator. Upon activation, the
app delivered a baseline survey to the participant to gather
demographic and clinical information and thereafter collected
active and passive data as planned.

Smartphone Data
The Beiwe app was configured to collect weekly
self-administered ALSFRS-R scores, weekly recordings of
speech, and weekly recordings of cough (not analyzed here).
The app also collected metadata on survey completion, including
clock-times of survey presentation on the smartphone screen,
submission time of each question answer by the participant, and
submission time of the completed survey. In addition, the app
collected data from multiple smartphone sensors and logs (Table
1) [8,26]. GPS data were collected for a 1-minute interval
followed by a 10-minute interval of noncollection, that is, GPS
data were collected for 1 minute every 11 minutes (hence,
approximately 6 times per hour).

Statistical Methods

Data Volume
For clinic-based and smartphone-based surveys, we reported
the number of clinic-based and smartphone-based ALSFRS-R
surveys per participant. For GPS location data, we reported the
number of participant-days for which data were available and
the total data volume. Data were considered available if the app
had recoded any location data on that day.

Kaplan–Meier Estimates of Time-to-Discontinuation
For smartphone survey data, we defined the date of dropout as
the date of the first missed survey, that is, the week after a
participant had completed their last smartphone survey. For
smartphone sensor data, we defined the date of dropout as the
day after the last recording of smartphone sensor data.

We used the Kaplan–Meier method to estimate
time-to-discontinuation for smartphone survey data (model 1)
and for smartphone sensor data (model 2). Both models were
stratified by study type. Time-to-discontinuation was censored
at the end of each study’s follow-up period (after week 12, 52,
or 20; see Table 1) if a participant died and, for trial participants,
if they discontinued the trial because of side effects.

Proportional Hazard of Dropping Out
We used Cox proportional hazard regression to identify the
predictors of smartphone survey data and smartphone sensor
data. We tested whether the likelihood of dropout was higher
for participants with certain demographic characteristics or with
a higher disease severity at baseline.

The covariates we included in the model were as follows:

• Participant characteristics, such as age (in years), sex (male
or female), and smartphone operating system (Android or
iOS)

• Disease severity at baseline, such as baseline functional
ability as measured by the 4 domains of the ALSFRS-R
score. These four domains are the fine motor domain score,
gross motor domain score, bulbar domain score, and
respiratory domain score.

Data Completeness
Data completeness was defined as the percentage of days for
which participants provided GPS data and the percentage of
weeks for which participants submitted surveys and audio
recordings. For GPS data, 100% data completeness meant that
GPS data were available for each day from the participants’
enrollment until their last day in the study. For survey and audio
recording data, 100% data completeness meant that a participant
had submitted 1 survey or audio recording per week for each
week from their enrollment until their last day in the study.

We visualized the data in a boxplot of participants’ data
completeness during the time they contributed to the data. In
addition, we calculated the data completeness for each 28-day
period in which a participant was in the study. We used a 28-day
period rather than a calendar month, because the total duration
of all 3 studies was a multitude of 28 days; the maximum time
in study was 3×28 days for study 1, 12×28 days for study 2,
and 5×28 days for study 3. We plotted data completeness for
each 28-day period (hereafter, month), stratified by participants’
total duration in the study.

Results

The 3 studies are referred to as study 1 (12-week observational
pilot study), study 2 (52-week observational study) and study
3 (20-week clinical trial) in this section.

Participants
Demographic data for the 3 studies are presented in Table 2.
There were 22 participants in study 1, 49 in study 2, and 23 in
study 3. There were more male participants in the 2
observational studies (15/22, 68% and 29/49, 59%; in line with
a higher prevalence of ALS in men), but fewer in the clinical
trial (9/23, 39%). The mean age and baseline ALSFRS-R scores
were similar across studies. Owing to the differences in inclusion
criteria, mean disease duration was 5-7 months shorter for
participants in the clinical trial, and baseline mean vital capacity,
a measurement of lung volume, was higher for those in the
clinical trial. Most participants were iOS users in all studies
(56/94, 60%). In each of the three studies, one person died
before the end of the study.
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In total, we collected 185 ALSFRS-R scores during clinic visits
(43 for study 1, 77 for study 2, and 65 for study 3), 1465
ALSFRS-R scores from smartphones (375 for study 1, 759 for
study 2, and 331 for study 3), 3748 audio recordings from

smartphones (678 for study 1, 1315 for study 2, and 609 for
study 3), and a total of 10.4 GB of GPS location data (3.4 GB
for study 1, 5.5 for study 2, and 1.5 GB for the study 3).

Table 2. Demographic characteristics of participants per study.

Study 3Study 2Study 1Characteristics

234922Number of participants, N

9 (39)30 (59)15 (68)Sex (male), n (%)

23 (100)48 (98)20 (91)Race (White), n (%)

12 (52)36 (73)17 (77)Phone operating system (iOS users), n (%)

23 (100)49 (100)21 (100)Location of symptom onset, n (%)

7 (30)11 (22)5 (23)Bulbar

15 (65)38 (78)16 (73)Limb

1 (4)01 (5)Trunk

58 (10)57 (11)56 (6)Age (years), mean (SD)

26 (14; n=22)a35 (23; n=48)a31 (21)Disease duration at baseline visit (months), mean (SD)

12 (7; n=22)a17 (14)17 (13)Diagnostic delayb (months), mean (SD)

36 (8)35 (9; n=46)a34 (7)Baseline ALSFRS-Rc total score, mean (SD)

9 (3)10 (3)10 (2)Bulbar subscore

8 (3)8 (3)8 (2)Fine motor subscore

8 (3)7 (3)7 (3)Gross motor subscore

11 (2)10 (2)9 (3)Respiratory subscore

aData were missing; mean and SD calculated over smaller sample size (smaller sample size provided as n, wherever applicable).
bDiagnostic delay: time between symptom onset and diagnosis.
cALSFRS-R: revised amyotrophic lateral sclerosis functional rating scale.

Time-to-Discontinuation
Kaplan–Meier estimates of the time-to-discontinuation for active
data are presented in Figure 1 (red line for audio recordings,
yellow line for surveys, and blue line for passive data). After
12 weeks, 77% (17/22) of the participants in study 1, 59%

(29/49) of the participants in study 2, and 96% (22/23) of the
participants in study 3 continued to contribute active data
(surveys and audio recordings). For passive data, 95% (21/22)
of the participants in study 1, 86% (42/49) of the participants
in study 2, and 100% (23/23) of the participants in study 3
continued to contribute sensor data.
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Figure 1. Kaplan–Meier plot estimates of time-to-discontinuation for 3 data types. Each color denotes a different data type: audio data in red, GPS
data in blue, and survey data in yellow. Participants that were censored before the end of the study are denoted by + signs. Each panel shows
time-to-discontinuation in a different study: study 1 (top, a 12-week pilot study), study 3 (middle, a 20-week clinical trial), and study 2 (bottom, a 1-year
observational study).

Predictors of Early Discontinuation
We used the Cox proportional hazards model to estimate
whether study, participant demographics, and disease severity
were associated with the risk of discontinuation, with a separate
model for survey, audio recording, and GPS data. None of the
variables were statistically significantly associated with the risk
of discontinuation. The estimated associations between the
study, participant demographics, and disease severity at baseline
are presented in Multimedia Appendix 1.

Data Completeness
The time-to-discontinuation model described above paints only
part of the picture—how long the participants contributed to
any data. We also explored data completeness, the proportion
of days a participant provided GPS data, surveys, audio
recordings of coughs, and audio recordings when participants
recited a short text that was displayed on their screen. Data were
100% complete for GPS if any data were contributed for a given
day, and data were 100% complete if surveys and audio
recordings were completed each week when the task was
presented.

Figure 2 shows boxplots for each study of the average data
completeness for each data type before discontinuation (after
discontinuation, data completeness is 0% by definition). In all

studies, GPS data completeness was highest over the 3 studies
(range 90%-100% of days that a participant stayed in the study),
followed by survey data in study 1 (median 100%) and study 2
(median 90%) and by audio recordings (cough recordings;
median 92%) in study 3. Of the 3 studies, study 3 (20-week
clinical trial) had the highest data completeness, and study 2
(52-week observational study) had the lowest data completeness.

We then plotted data completeness for each 28-day period
(hereafter, month), stratified by participants’ total duration in
the study (Figure 3). First, this analysis showed that participants
who contributed data for longer (eg, for >2 months) had higher
data completeness than participants who stopped contributing
data in the first or second month. Participants who contributed
data longer had a data completeness fluctuating around 75%
for all the data types for their first months in the study, whereas
early dropouts typically had low data completeness for the
months that they were active. For those dropping out within the
first month, mean data completeness across the studies ranged
from 7.8% (audio recording) to 41% (surveys). For those who
dropped out in the second study month, completeness ranged
from 41% (audio cough recording) to 59% (GPS data). Second,
for most participants, data completeness declined over time;
mean data completeness was typically lower in the last month
of the study (except for study 2, where participants who were
active until the final month completed all surveys and audio
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tasks). Third, data completeness was generally highest for GPS
data (except for those who dropped out in the first month).

Fourth, data completeness did not differ significantly between
the 2 audio tasks.

Figure 2. Boxplot of participants’ data completeness (in %) excluding the period after discontinuation. Data completeness was defined as percentage
of days with any GPS data and percentage of weeks with a completed survey or audio recording.

Figure 3. Bar graph of data completeness per month in study (excluding the period after discontinuation), stratified by time-to-discontinuation of the
participant (gray bar indicates time-to-discontinuation). Number of participants for each panel from left to right are as follows: N=7, 4, and 18 for study
1; N=20, 6, 10, 8, and 33 for study 2; and N=5, 1, 2, and 22 for study 3. Data completeness was defined as percentage of days with any GPS data and
percentage of weeks with a completed survey or audio recording.

Discussion

Principal Findings
In this study, we showed that smartphones can be used to collect
frequent active and passive data from people with
neurodegenerative diseases, specifically ALS, both in
observational studies and in a clinical trial setting. Participant
engagement, as measured by time-to-discontinuation, was higher

than that in published data [9,10]. The two observational studies
described in this paper, in which no adherence reinforcement
or incentives were implemented, provide an important
benchmark for participant engagement with a smartphone app
in research.

Data completeness was lower for active data than for passive
data. In other words, smartphones continued to collect passive
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data even after participants had stopped completing surveys or
recording audio.

Understanding Participant Adherence

Time-to-discontinuation was higher in our studies compared
with smartphone data collection studies in other domains, which
often show an exponential dropout [9,10,27]. The lower dropout
rate in our study may highlight the high commitment to research
of people with ALS and neurodegenerative diseases despite the
challenges of progressive functional and cognitive decline. In
another smartphone study, participants with multiple sclerosis
dropped out significantly later than healthy controls, who only
remained active for 1 day [19]. In addition,
time-to-discontinuation was shorter for clinic-referred
participants than for self-referred participants (7 days vs 25.5
days) and shorter than in our study.

Our analysis did not provide evidence that demographic
characteristics or disease severity at baseline were associated
with attrition, although our analysis was underpowered to detect
predictors of attrition.

Strengths and Limitations
ALS is a rare disease, and our analysis of 3 studies, both in
observational and interventional research contexts, is the first
of its kind. Given that sample sizes were limited by the low
prevalence of ALS, we were underpowered to detect associations
between participant and disease characteristics and adherence
to digital data collection. Furthermore, although
neurodegenerative diseases share many characteristics, our
results may not be generalizable to all neurodegenerative
diseases.

Improving Participant Adherence
Despite better than expected adherence compared with published
studies, boosting adherence remains important, especially for
clinical trials using smartphone-based outcomes. Participants
of digital health studies are more likely to actively engage long
term if they see the value of participation [14,27], which may
have been the case, especially in the trial participants who
received a novel therapeutic. Personal contact with study
personnel helps participants feel valued and is a major driver
of engagement [27]. Both perceived value and personal contact
with study personnel may explain the better participant
adherence in study 3, which had almost full adherence until the
end of treatment with the study drug.

In future studies, we will test whether reminder phone calls,
more frequent clinic visits, or financial incentives can improve
adherence, particularly in longer studies. Another potential
motivator for adherence could be allowing participants to view
their data, including previous survey responses [28]. However,
this may not always be scientifically advisable, as it may

influence participants’ responses through the Hawthorne effect
and related forms of reporting bias [29].

Data completeness was higher and attrition was lower for
passive data than for active data. Passive data incompleteness
is due to both behavioral factors (eg, a participant disabling
GPS) or technological issues (eg, smartphone blocking sensor
data collection) [12,30,31]. Investigators familiar with passive
smartphone data collection recognize that both commonly used
smartphone operating systems (Android and iOS) implement
power saving measures for apps running in the background to
reduce consumption of the central processing unit resources,
memory, and battery [12,31]. This means that no app can run
in the background mode indefinitely, but instead the app needs
to be brought to the foreground at least occasionally for the
background data collection to persist [30]. Therefore,
longitudinal passive data collection without active data
collection is not possible. Factors such as device type, hardware,
and operating system influence data completeness [30]. These
technological factors can be difficult to modify, and they also
change over time.

Identifying High Adherence: Run-in and Withdrawal
Design
Our analyses showed that participants in the clinical trial adhered
best to the study regimen. When treatment ended, >80% were
still answering surveys, and all eligible participants were still
contributing sensor data. Nevertheless, for clinical trials, it could
be useful to identify participants who are more likely to adhere.
For studies requiring participants to use smartphones, especially
trials, a run-in and withdrawal design has been suggested [9].
With this design, participants enter a weed-out period after
enrollment. Only participants who still used the study app after
the weed-out period were randomized. Our study showed that
participants who stopped contributing surveys within 1 or 2
months of enrolling had lower data completeness than their
engaged counterparts. This suggests that monitoring active data
completeness during a screening period for a trial could help
identify participants who are more likely to adhere.

Conclusions
Our study demonstrates that it is possible to collect longitudinal
research data from people with progressive neurodegenerative
diseases using their personal smartphones. Our results are
especially promising for clinical trials (longer
time-to-discontinuation than in observational studies) and for
studies collecting mainly passive data with a light active data
component (higher data completeness and longer
time-to-discontinuation than in studies prioritizing survey data).
We identified putative predictors of dropout, which can be
confirmed in future studies, and will allow researchers to target
efforts to improve participant adherence to smartphone data
collection.
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Abstract

Background: The successful implementation of clinical smartphone apps in hospital settings requires close collaboration with
industry partners. A large-scale, hospital-wide implementation of a clinical mobile app for health care professionals developed
in partnership with Google Health and academic partners was deployed on a bring-your-own-device basis using mobile device
management at our UK academic hospital. As this was the first large-scale implementation of this type of innovation in the UK
health system, important insights and lessons learned from the deployment may be useful to other organizations considering
implementing similar technology in partnership with commercial companies.

Objective: The aims of this study are to define the key enablers and barriers and to propose a road map for the implementation
of a hospital-wide clinical mobile app developed in collaboration with an industry partner as a data processor and an academic
partner for independent evaluation.

Methods: Semistructured interviews were conducted with high-level stakeholders from industry, academia, and health care
providers who had instrumental roles in the implementation of the app at our hospital. The interviews explored the participants’
views on the enablers and barriers to the implementation process. The interviews were analyzed using a broadly deductive approach
to thematic analysis.

Results: In total, 14 participants were interviewed. Key enablers identified were the establishment of a steering committee with
high-level clinical involvement, well-defined roles and responsibilities between partners, effective communication strategies with
end users, safe information governance precautions, and increased patient engagement and transparency. Barriers identified were
the lack of dedicated resources for mobile change at our hospital, risk aversion, unclear strategy and regulation, and the implications
of bring-your-own-device and mobile device management policies. The key lessons learned from the deployment process were
highlighted, and a road map for the implementation of large-scale clinical mobile apps in hospital settings was proposed.

Conclusions: Despite partnering with one of the world’s biggest technology companies, the cultural and technological change
required for mobile working and implementation in health care was found to be a significant challenge. With an increasing
requirement for health care organizations to partner with industry for advanced mobile technologies, the lessons learned from
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our implementation can influence how other health care organizations undertake a similar mobile change and improve the chances
of successful widespread mobile transformation.

(JMIR Mhealth Uhealth 2022;10(2):e31497)   doi:10.2196/31497

KEYWORDS

mHealth; implementation science; mobile technology; mobile apps; clinical applications; smartphone apps; health care industry;
stakeholders; mobile phone

Introduction

Background
The implementation of mobile technologies in hospital
workflows has the potential to significantly improve patient
safety, transform health care delivery, and positively affect
patient outcomes [1]. Although there is widespread agreement
about the importance and potential benefits of mobile
technologies to tackle critical challenges in health care,
successful implementation of this emerging technology in
clinical settings has proven to be challenging [2-4]. In the
National Health Service (NHS), the deployment of hospital-wide
clinical mobile apps in secondary care is still uncommon despite
the ubiquity of smartphone ownership among health care
professionals (HCPs) [5,6]. HCPs continue to use their own
smartphones in hospitals for daily clinical tasks, including
communication among teams, accessing clinical apps such as
decision support aids or medical calculators, and educational
purposes [7-10]. Although medical apps are freely available for
download from App Stores, there has been limited deployment
of hospital-wide clinical mobile apps for HCPs in the NHS.

Streams (Google Health) is a multifunctional smartphone app
displaying a range of patient clinical information that was
implemented on a bring-your-own-device (BYOD) basis at our
hospital (Imperial College Healthcare NHS Trust [ICHNT]).
Streams was iteratively developed by a multidisciplinary team
of researchers, clinicians, and developers in a tripartite
partnership with DeepMind Health and Google Health [11] and
Imperial College London (ICL). This partnership was initiated
as part of ICHNT’s goals to be one of the most digitally mature
organizations in the NHS and one of 16 Global Digital Exemplar
providers in the United Kingdom.

The ambition was to process and display routinely collected
clinical results on the clinicians’ own smartphone devices
through integration with the hospital’s existing information
systems and electronic health records (EHRs; Cerner
Corporation). Streams was developed for use on iOS devices
only as it has been demonstrated that 75.6% of physicians and
58.4% of nurses at our institution use an iOS device [5]. Streams
was registered with the Medicines and Healthcare Products
Regulatory Agency as a Class I, nonmeasuring, nonsterile
medical device under the EU Medical Device Directive (1993).
The implementation of the Streams app at our hospital began
in early 2019 with a small pilot group of clinicians. Further
development of the app and instigation of mobile device
management (MDM) software ensued before widespread
deployment commenced in January 2020 with the app available
to all HCPs across each hospital site within the organization.

Before Streams was implemented at our hospital, a limited
version of the app had been deployed in a focused capacity at
another London-based hospital network to aid HCPs in the
detection and management of acute kidney injury [12]. This
deployment attracted significant public and media interest
because of an investigation by the Information Commissioner’s
Office (ICO) into the nature of data processing between the
Trust and the industry partner [13-15]. In a separate initiative
that learned from these well-publicized issues, a wide-scale
implementation of the Streams app was undertaken at our
hospital. To the best of our knowledge, this was the first
large-scale, hospital-wide deployment of a BYOD clinical
smartphone app using MDM technology in the NHS. As such,
the implementation process provided important insights into
the opportunities and challenges of delivering this type of
innovation to the NHS and health systems more widely.

Objective
In light of previous experiences, the difficulties encountered
and the lessons learned from this deployment may be
generalizable and applicable to other health care organizations
that are considering working with industry partners as data
processors to deploy similar mobile technology and with
academic partners to independently evaluate these interventions.
Therefore, the aim of this study is to characterize the key
enablers and barriers and to propose a road map for the
implementation of a hospital-wide clinical mobile app developed
in collaboration with an industry partner as a data processor and
an academic partner for independent evaluation.

Methods

Design
Semistructured interviews were conducted individually with
the study participants at a single time point. An in-depth
literature review was undertaken to identify implementation
and change management frameworks applicable to digital health
interventions. These findings led to the creation of a structured
topic guide that drew heavily from the Digital Change in Health
and Social Care document published by The King’s Fund in
2018 [16]. This seminal report highlights five key areas to
consider when undertaking digital change implementation in
health care: leadership and management, user engagement,
information governance, partnerships, and resourcing and skills.
These areas formed the domains upon which the enablers and
barriers were characterized.

Participants and Sample Size
The participants were purposively recruited [17] following a
key informant strategy [18] to ensure that a well-informed,
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representative sample of staff members was obtained from all
participating stakeholders who were involved in the
implementation of the Streams app. These were predominantly
members of the Streams Steering Group (SSG), which consists
of academics, clinicians, and technicians from ICHNT, the
Institute of Global Health Innovation at ICL, and Google Health.

The total number of individuals who were involved in the
implementation process was small, which unavoidably restricted
the number of interviewees. The sample size was guided by
repeated assessments of the emerging data and in line with
international consensus guidance and previously published work
[19,20]. Although the sample was necessarily heterogeneous
to ensure sampling of all the various roles in the steering
committee, the wider research team agreed that the data set was
adequate for the stated objectives to be met [21]. In total, 16
members of the steering committee were invited to participate
in the study by email, with 14 (88%) consenting to be
interviewed. All 3 participating organizations were adequately
represented. Each participant was interviewed once. The mean
duration of each interview was 35.53 (SD 12.36) minutes, and
a total of 497 minutes of audio recordings were transcribed for
analysis.

Data Collection and Analysis
All interviews were conducted on the web with the participants
over Microsoft Teams videoconferencing software. Audio
recordings were made of the interviews, which were then
transcribed verbatim. All interviews were conducted by a single
male researcher (RA) who is a practicing physician and
conducted the study as part of a wider research project. The
interviewer took field notes during the interview, which were
used to adapt the interview guide depending on the verbal
responses given.

A broadly deductive approach to data analysis was used [22],
with the topic guide adapted, as noted, from the King’s Fund
Digital Change in Health and Social Care [16] document that
formed the basis of an initial predefined coding framework and,
thus, a consistent focus for interpretation. The analysis was
conducted by 2 independent researchers (RA and SV). After
familiarization with the data, an iterative process of coding and
indexing was adopted to ensure that important aspects of the
data were not missed from the predefined coding framework.
A working analytical framework was developed and applied to
the coding of all the transcripts. The coded data were then
charted to emerging themes, which were then summarized into
the framework matrix. All data were coded, indexed, and charted
using NVivo for Mac v12 (QSR International).

Ethical Considerations
Ethical approval was granted for this study by the Joint Research
Compliance Office at ICL under the Science Engineering
Technology Research Ethics Committee process (reference
20IC5854). Informed consent was obtained from all the
participants. All data were deidentified for the purposes of
analysis, with each individual interview identified by an
alphanumeric code. The participants were acknowledged only
by their organization to avoid the identification of specific
participants.

Results

Overview
The reported enablers and barriers to the implementation of
Streams at ICHNT are described across the 5 key themes in
successful digital change management [16]. The development
of overarching themes and subthemes is summarized in Table
1 and Figure 1.

Table 1. Reported enablers and barriers to the implementation of the Streams app.

BarriersEnablersTheme

Leadership and management •• Shifting prioritizationSteering Group
• •Clinical involvement at leadership level Unclear strategy and road map

•• Risk aversionMotivation and champions for change

User engagement •• Adoption challengeCommunication and engagement with end users
• •Testing and feedback Not device-agnostic

• Functionality and iterative development
• COVID-19

Information governance •• Difficulties in data extractionData processing and information sharing
• •Data protection and security BYODa policy and MDMb

• Patient engagement and transparency • Regulation

Partnerships •• Siloed workingCollaborative working groups
• •Defined roles and responsibilities Partnership model

Resourcing and skills •• PersonnelDedicated project manager
• Investment
• Expertise
• Training and support

aBYOD: bring-your-own-device.
bMDM: mobile device management.
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Figure 1. Thematic map for semistructured interviews demonstrating developed subthemes and overarching core themes. BYOD: bring-your-own-device;
GDPR: General Data Protection Regulations; HL7: Health Level 7; ICO: Information Commissioner’s Office; MDM: mobile device management.

Leadership and Management
The involvement of senior leadership in the implementation
process helped with decision-making, highlighted the importance
of the project within the organization, and helped motivate other
key stakeholders in the process. Among the enablers identified
was the establishment of the SSG, consisting of key stakeholders
and leaders from all 3 organizations, including the Chief Clinical
Information Officer (CCIO), Caldicott Guardian, and Medical
Director from the Trust; UK Lead and Project Managers from
Google Health; and the Chief Scientific Advisor at the university
partner. The SSG met every 6 weeks with an overarching remit
to manage the project with decision-making by consensus.
Clinical leaders were also recruited to the SSG and were able
to act as champions for change among clinical teams:

I think the steering committee overall worked well. It
had sort of senior people from both parties that met
on a regular basis. I think it was important that there
was that senior buy in [...] the senior people from
both parties regularly engaged, despite busy
schedules. [Participant #13, Google Health]

There's a lot of clinical involvement and I think that
ends with a product that is, at its core, clinically safe
and has clinical utility. [Participant #7, Google
Health]

Barriers identified at a leadership level included shifting
prioritization of the project, competing with a myriad of other
information technology (IT) projects ongoing at the hospital,
which affected the amount of dedicated resources allocated:

I think because Streams was not a key clinical system
[...] you would not expect streams to be prioritized
over other key clinical systems, obviously. [Participant
#13, Google Health]

An unclear strategic framework for deployment, risk aversion,
and extensive due diligence caused by the alliance with a
high-profile industry partner were also identified as barriers:

What there wasn't was almost that strategic
framework within which to sit it, and I think we were
both to blame for that, and actually possibly had
either side pushed the other one a bit harder on that,
that would have helped, but I think we were both a
bit amateur on that front. [Participant #1, ICHNT]

User Engagement
Multiple strategies were trialed in an attempt to engage end
users to participate in the implementation process. The enablers
identified were the broad range of communication and
promotional activities used to drive uptake, including attendance
to routine clinical meetings and inductions, regular emails from
various sources, and visual media placed around the hospital.
Involving clinicians in testing and feedback sessions at an early
stage of the change process also helped:

So on the whole that was good, the amount of
feedback that we got back. And it helped iterate the
product. [Participant #14, Google Health]

The barriers identified were the adoption challenge where the
system was opt-in and not integral to any clinical workflows.
This was partially due to the limited functionality of the app
when first deployed and the slow iterative improvements and
updates during the development cycle. Moreover, the app was
solely available on iOS devices; therefore, the potential user
base was restricted:

I think ultimately the user base is driven by the utility
of the product. If the product is super useful and
provides value, then people will use it. Any limitation
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in the number of downloads, in my mind, always
reflects back to the core value offering of the product.
[Participant #7, ICHNT]

I think also, in many cases, I think a lot of clinical
users can be quite tech averse. And maybe that's from
previous experience through your existing systems
they're currently having to use. So there can be that
barrier around, this is just going to have to be another
thing that I'm going to have to use and it's almost
coming at it from a “you need to show me the value
before I actively engage in helping use this, I don't
want it to be another burden on my clinical time.”
[Participant #12, Google Health]

Information Governance
Collaborating with industry partners as data processors raised
information governance issues during the implementation
process. Extra governance and precautions were required
because of the public interest and scrutiny in the partnership,
with proactive engagement with external bodies such as the
ICO, National Data Guardian, and organizational legal teams:

We had to jump through more hoops, and we had to
be a little bit more careful, because normally we'd
have a process where we can sign off on systems and
suppliers in a fairly straightforward manner. We tend
to only engage with the ICO and National Data
Guardian if we think there's a major problem.
[Participant #8, ICHNT]

Respondents commented that data protection and security
aspects were handled well, especially during the migration of
the data center to a cloud platform despite the significant delays
it caused to the implementation process:

I think it's the rigour of the processes that we put in
place around our information governance and I think
we do have a very strong information governance
capability within the organisation. I think it's been
working collectively through that, but inevitably these
things take time, don't they? [Participant #6, ICHNT]

Comprehensive patient engagement was also identified as an
enabler:

We need just to make sure that we were on board with
the right messaging and we were engaging with all
of the right partners, in addition to the public. We
went out to the public in a number of different ways
just to make sure we were transparent and in good
faith, and really clear on the intent. [Participant #9,
ICHNT]

Difficulties in data extraction and assessing data quality from
the EHR and the regulatory burden were noted to be barriers
with the effect of delaying the implementation process. This
involved extensive engagement over many months with a large
number of clinical, technical, and legal stakeholders at the Trust
to review data processing agreements and assess the quality,
accuracy, and safety of the data being processed:

I think there was probably maybe slight frustrations
on both sides [with regards to delays], but I think

there was also recognition that we need to get this
completely right, and it was much better to be delayed
[...] than go fast and have another cycle. [Participant
#2, Google Health]

Furthermore, issues with BYOD policies and a change in plan
midway through the development cycle to require an MDM
solution for extra security were also noted to have delayed the
implementation process:

I think had someone with a lot of experience in MDMs
just been around, they could have just sorted it out
in a week. [...] I think that's a lack of experience on
both sides, probably. [Participant #7, Google Health]

Partnerships
Mutually reinforcing partnerships can help organizations with
digital change. The working practices between the partners were
frequently commented on by respondents. Enablers identified
were the technical, implementation, user engagement, and
clinical collaborative working groups that convened weekly
and were established to oversee specific aspects of the project:

We've had a formal governance arrangement in place,
which has built into it a series of meetings for different
groups. We've got a Streams steering group that has
met every six weeks. We've had a technical working
group that has met fortnightly. We've had a
programme management weekly meeting, and we've
had very well-defined attendees and good regular
attendance from the right people for those meetings.
That has got us into quite a good cycle of good
communication for particular areas. [Participant #5,
ICHNT]

Well-defined roles and responsibilities between partners were
also established. The technical expertise of Google Health team
members was used to develop and implement the app.
Respondents felt that this was not something that the Trust
would be capable of doing unilaterally:

I think most health systems and NHS organisations
are, 'We should go out and partner with start-ups and
established companies,' and I think that's the right
approach. [Participant #2, Google Health]

The established link and connections between the Trust and the
University were used to engage academic experts in the
implementation process. This enabled rigorous continuous
evaluation and benefit realization of the app:

The university, particularly in this setting, were
clinician scientists who have a feel for both the
clinical practice and also the research. [Participant
#11, ICL]

Occasional siloed working practices among partners were
identified as barriers, causing delays in the implementation and
making the partnership model feel like a traditional
supplier–client model rather than the development partnership
that was envisaged:

If you want a development partner, you have to work
in a much more integrated, collaborative manner,
and they don't do that at the moment. They go away
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with an idea. They say they've done a lot of thinking,
and this is what they're planning to do, [...] We need
to be a development partner. [Participant #8, ICHNT]

Resourcing and Skills
The ability of an organization to support mobile transformation
is dependent on the resources and skills involved in the project.
The presence of a dedicated, full-time project manager to
oversee day-to-day running of the deployment was a key enabler
in this process:

I think what really helped was appointing a project
manager at the Trust whose principal responsibility
was to bring all the different competing teams at the
Trust together, and act as a single point of contact
and project manage it. [Participant #3, ICL]

I really feel like the project management at Imperial
is very good and it's often not the organisation or the
project management that's lacking, it's just it takes a
long time because there isn't enough resource to

actually do some of the work that the project manager
is organising. [Participant #7, Google Health]

However, respondents noted that the project manager was the
only dedicated resource at the Trust and, therefore, a major
barrier was the lack of personnel, investment, expertise, training,
and support to help with the implementation process:

I think if we'd have more resource we could have
moved more quickly and we might have realised more
of the original scope. I think it's been
resource-constrained. [Participant #6, ICHNT]

Lessons Learned

Overview
The implementation of mobile technology and working with
commercial partners in NHS organizations were a significant
challenge. The key lessons learned from this process are
described in this section in addition to the proposed road map
for the implementation of clinical mobile technology developed
with commercial partners at scale. These are illustrated with
temporal relationships in Figure 2.

Figure 2. Proposed road map for large-scale, hospital-wide mobile implementation. BYOD: bring-your-own-device; MDM: mobile device management.

Leadership and Management

Clarify the Problem to Solve

Be specific about the clinical problem that needs solving and
assess at an early stage whether this problem can be ameliorated
by mobile technology. This will help create a shared vision
across the organization.

Make the System a Priority

Create a sense of urgency in the organization by making the
deployment a priority among the leadership and end users.

Steering Committee With Senior Key Stakeholders and
Clinical Involvement

Establish a board-level steering committee comprising high-level
key stakeholders to guide the implementation. They should act
as a decision-making body and build consensus on the strategic
vision. This should include clinical leaders such as the CCIO
and deputy CCIOs, which will help engage other clinicians and
aid with dissemination.

Clear Road Map and Strategy

Implementation strategies need to be tailored to organizational
circumstances and should be well-planned, allowing room for
flexibility in timelines.
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Embed Program Into Existing Organizational Structures

Ensure that mobile change is implemented as a key part of the
organization’s digital transformation rather than as an isolated
project and that it is interoperable with other systems already
in place.

User Engagement

Choose a System That Is Fit for Clinical Practice and
Focused on End Users

The system being deployed needs to be usable and effective for
clinicians. It should fit into existing clinical workflows to
improve the quality of care or efficiency. The value of the
system should be demonstrated to clinicians to warrant adoption.

Make the System Universal

Choose a system that can be universally adopted. It should be
device- and operating software–agnostic and offer functionality
that will be useful to multiple clinical user groups.

Involve End Users in the Change Process

Give end users a sense of ownership over the change process
and involve them in the iterative development of the product.
A clinical user group should be established as a forum to discuss
new features and contribute to user acceptance testing, and local
champions should be enlisted. A variety of communication
strategies to engage with end users to promote the system and
ensure adoption should also be used. The strategy should be
linked with wider Trust communications to help with
distribution of promotional material.

Continuous Feedback to Evaluate and Inform Iterative
Development

It is essential to capture user feedback on the system and respond
in a timely manner. An agile, rapid turnaround should be
targeted for iterative development to demonstrate to end users
that their feedback is being regarded.

Information Governance

Proactive Engagement With Governance and Regulatory
Organizations

If required, proactive engagement with the ICO and other
regulatory bodies is recommended to ensure that all data
processing, data security, and regulatory guidance are adhered
to. Data processing, particularly if undertaken by industry
partners, should be transparent and within legal boundaries.

Consider BYOD and MDM Policies at Early Stage

BYOD and MDM policies should be formulated to ensure
security and privacy with widespread mobile implementation.
If MDM is chosen, investment in the software will need to be
considered. Tackling staff perceptions and attitudes toward
MDM on personal devices will also need to be explored further
before MDM is widely accepted.

Identity and Certification

The product should be embedded in the digital ecosystem of
the NHS organization. The system should be made secure by
using existing active directories for account creation and
role-based access permissions.

Patient Engagement

Be open and transparent with patient and public groups about
the nature of the partnership and data processing and security
aspects.

Relationship Between Partners

Collaborative Working Groups With Defined Escalation
Pathways

Clinical and technical work streams with defined roles and
responsibilities should be established. These working groups
should have defined terms of reference and clear escalation
paths.

Frequent Communication Between Partners at All Levels

Frequent and effective communication channels between
partners should be established to instill a one-team culture.

Decide on Partnership or Procurement Model

Appraise the nature of the partnership with the commercial
supplier and decide whether a customizable system or an
off-the-shelf system is required.

Partner With Academic Institutions to Perform Formal
Evaluation

Pre-existing links with academic institutions should be used for
continuous independent evaluation and benefit realization.

Resourcing and Skills

Dedicated Project Manager to Drive Through Vision and
Act as Key Point of Call

Appoint a dedicated project manager who focuses on all
activities related to clinical implementation. They should act as
the key point of call to liaise with all stakeholders to help
overcome any barriers.

Dedicated Clinical Implementation and Technical Teams

Ensure that resources are available for dedicated clinical
implementation and technical teams within the NHS
organization to support the implementation process.

Investment in Personnel and Expertise

Investments should be made in specialist expertise that may be
required, personnel to aid implementation, training of staff, and
ongoing support.

Discussion

Principal Findings
This study sought to (1) identify the enablers and barriers to the
widespread implementation of mobile technology in an NHS
Trust and (2) formulate an implementation road map from the
experiences and perspectives of those leading and heavily
involved with the change management process. In doing so,
key enablers and barriers and the implementation road map
were mapped onto 5 overarching themes that encompassed all
the crucial aspects of the digital change management process:
leadership and management, user engagement, information
governance, partnerships, and resources and skills [16].
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We identified that, despite the implementation occurring in a
Global Digital Exemplar NHS Trust with world-class IT
infrastructure [23] in partnership with one of the world’s biggest
technology companies and with strong support from an array
of key stakeholders, the cultural and technological change
required for mobile working and implementation in health care
was a significant challenge. Widespread deployment of the
mobile app was pursued at our organization; however, multiple
barriers and hurdles were encountered along the process. These
barriers were acknowledged to have either contributed to delays
in the implementation or decreased the adoption of the app
among end users. The key barriers identified were as follows:
(1) delays to implementation (shifting prioritization, risk
aversion, instigation of MDM policies and investment in
software, problems with data quality and data extraction from
the EHR, limited resources at the Trust, and the migration of
data storage to a cloud-based platform) and (2) decreased
adoption (limited functionality of the app that did not integrate
into clinical workflows and was not clinically useful for large
proportions of the workforce, the tardiness of iterative
development and responding to feedback, and the fact that the
app was not device-agnostic).

By considering the experiences and perspectives of key
stakeholders in overcoming the aforementioned barriers, together
with the enablers that were recognized to be present within the
partnership, we proposed a novel implementation road map for
mobile technology deployment at scale. This road map
highlights the key lessons learned, which may act as a blueprint
for multi-stakeholder scoping processes in health care
organizations considering mobile transformation. This may help
avoid some of the commonly encountered pitfalls and improve
the likelihood of successful implementation of mobile
technology.

This study also identified and exposed some of the difficulties
NHS organizations may encounter if working with industry
partners for digital change. With regard to Streams at ICHNT,
added transparency about the partnership was required because
of the media scrutiny and public interest [24]. This high-profile
partnership led to some risk aversion on behalf of the NHS
organization; however, the implementation of the General Data
Protection Regulations and proactive engagement with
regulators provided a secure backdrop for data processing.
Furthermore, the relationship between the Trust and the industry
partner was recognized as a development partnership rather than
a supplier–customer partnership [25]. With this type of
partnership being relatively novel and all partners having
different ways of working, it is perhaps inevitable that
frustrations were noted about the levels of collaborative working
and the alignment of goals between the partners.

Although mobile change shares much similarity with digital
change, it comes with its own unique challenges [26,27]. In this
study, although many of the barriers can also be applied to
digital change, additional mobile-specific barriers were
identified, such as the adoption challenge and privacy and
security concerns related to HCPs using their own smartphones
for clinical purposes. Long-held beliefs about the
appropriateness of mobile phones in hospital settings may be a
further barrier [28,29]. This is particularly relevant with the

prospect of HCPs using their personal smartphones for clinical
purposes on a BYOD basis. This strategy can blur the lines
between professional and personal use of smartphones,
potentially creating conflicts that could arise related to their use
in the wards or when off-site [30]. Furthermore, BYOD raises
governance, information security, and patient confidentiality
issues [27], which must be addressed. MDM software can be a
solution to these concerns because of its ability to enforce
security policies and secure devices [31]; however, implications
such as the loss of control and privacy felt by staff and the
financial investment required by the organization with this
system may not be universally acceptable. Other options,
including hardening the security of the app through features
such as 2-factor authentication and geolocation, could be
considered if MDM is not appropriate [32]. Overcoming these
barriers is important to ensure widespread acceptability of
mobile devices in clinical settings and requires increased
awareness among both HCPs and patients as to the benefits of
these technologies.

Although the cultural barriers may take more time and resources
to overcome, there does now appear to be extensive and
widespread progress in overcoming the technical and
information governance barriers to mobile change identified in
our study. The introduction of the General Data Protection
Regulations in Europe has defined the legal framework for data
processing, and guidance from NHSX [30] and the Medicines
and Healthcare Products Regulatory Agency [33] has defined
the current regulatory framework. The new EU Medical Device
Regulation, implemented in 2021, will redefine the regulatory
framework with more stringent and specific protocols for various
types of medical device software and mobile apps [34]. A mobile
technology investment toolkit was also recently published by
NHS Digital that provided practical tools and resources for IT
leads to deploy mobile technology [35]. Furthermore, the
difficulties encountered in our study with data extraction,
sharing, and interoperability will be alleviated with increased
use of Fast Healthcare Interoperability Resources (a new
international standard for health care data formats and elements)
[36].

With increasing digital technology being introduced into the
health care space and the potential introduction of advanced
data-driven technologies, it is inevitable that NHS organizations
will need to continue to work with commercial and industry
partners to develop and implement interventions. This is now
accepted, and the NHS relies on numerous strategic partnerships
to improve outcomes and deliver its ambitions in all fields [37].
These partnerships need to be transparent and comply with legal,
regulatory, and ethical boundaries [38] to ensure that the
partnership is acceptable to patients and that they can trust it.
However, the approach of technology companies in the health
sector can be challenging as successful methods that have been
used in other industries may not be appropriate in the regulated
and necessarily risk-averse health care space. Maximizing new
partnerships with technology companies requires the
development of innovative interventions, the agile deployment
of solutions in clinical environments, and ongoing evaluation
and iterative development to improve the product [39]. Although
more traditional medical device companies are limited in their
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speed of introducing products to market because of the time
needed for design, safety testing, manufacturing, and efficacy
trials, technology companies may lack these restraints and lean
toward rapid iteration and updates to evolve and improve
products. This can create opposing views on the balance between
careful evaluation and thorough evidence-based principles, and
rapid technology development and fast product cycles that need
to be addressed [40]. Tension with other partners such as
academic institutions may also ensue as comprehensive
evaluations of a novel intervention inevitably require time and
added cost, which must be accounted for in the product road
maps of commercial companies.

Limitations
The study was limited to a single NHS hospital and the
implementation of a single clinical mobile app. Although this
inevitably influenced the perspectives of the interviewees and
many of the findings were related to local contextual factors,
we believe that the broad sample of key stakeholders interviewed
and robust qualitative analysis identified issues that are
generalizable to the implementation of other mobile technologies
in hospital settings. The sample size and heterogeneity of the
participants was unavoidable because of the limited number of
key stakeholders and members of the SSG suitable for inclusion

in the study. However, purposeful sampling was used to ensure
that a representative cross-section of the SSG was included in
the study. Furthermore, we accept that there will be a bias with
members of the SSG reviewing their own role in the
implementation process. Viewpoints of end users of the app
were not explored to compare and provide a top-to-bottom view
of the mobile change management process. Finally, differences
across various health care settings, hospitals, and departments
were also not explored in this study.

Conclusions
The implementation of mobile technology in health care and
working with commercial partners has been a significant and
complex challenge for NHS Trusts. With the requirement of
more industry partnerships for advanced digital technologies
in the future, the findings of this study should influence how
other organizations undertake similar mobile transformations
and improve the probability of successful implementation and
widespread adoption. By overcoming the cultural and
technological barriers identified and observing the proposed
road map, future deployments of mobile technology in health
care settings could be facilitated and have a greater chance of
success.
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Abstract

Background: The field of mobile health (mHealth) is constantly expanding. Integrating mHealth apps and devices in clinical
practice is a major and complex challenge. General practitioners (GPs) are an essential link in a patient’s care pathway. As they
are patients’ preferred health care intermediaries, GPs play an important role in supporting patients’ transition to mHealth.

Objective: This study aims to identify the factors associated with the willingness of French GPs to prescribe mHealth apps and
devices to their patients.

Methods: This study was part of the ApiAppS project whose overall objective was to help remove barriers GPs face when
prescribing mHealth apps and devices by developing a custom-built platform to aid them. The study included GPs recruited from
the general practice department of several medical faculties in France (Lyon, Nice, and Rouen) and mailing lists of academic
GPs, health care professional associations, and social and professional networks. Participants were asked to complete a web-based
questionnaire that collected data on various sociodemographic variables, indicators of their involvement in continued education
programs and the amount of time they dedicated to promoting healthy behaviors during patient consultations, and indicators
characterizing their patient population. Data on their perceptions of mHealth apps and devices were also collected. Finally, the
questionnaire included items to measure GPs’ acceptability of prescribing mHealth apps and devices for several health-related
dimensions.

Results: Of the 174 GPs, 129 (74.1%) declared their willingness to prescribe mHealth apps and devices to their patients. In
multivariate analysis, involvement in continued education programs (odds ratio [OR] 6.17, 95% CI 1.52-28.72), a better patient
base command of the French language (OR 1.45, 95% CI 1.13-1.88), GP-perceived benefits of mHealth apps and devices for
both patients and their medical practice and GP-perceived drivers for mHealth apps and device implementation in their medical
practice (OR 1.04, 95% CI 1.01-1.07), and validation of mHealth apps and devices through randomized clinical trials (OR 1.02,
95% CI 1.00-1.04) were all associated with GPs’ willingness to prescribe mHealth apps and devices. In contrast, older GPs (OR
0.95, 95% CI 0.91-0.98), female GPs (OR 0.26, 95% CI 0.09-0.69), and those who perceived risks for the patient or their medical
practice (OR 0.96, 95% CI 0.94-0.99) were less inclined to prescribe mHealth apps and devices.

Conclusions: mHealth apps and devices were generally seen by GPs as useful in general medicine and were, for the most part,
favorable to prescribing them. Their full integration in general medicine will be conditioned by the need for conclusive certification,
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transparency (reliable and precise data concerning mHealth app and device methods of construction and clinical validation),
software aids to assist GPs prescribe them, and dedicated training programs.

(JMIR Mhealth Uhealth 2022;10(2):e28372)   doi:10.2196/28372

KEYWORDS

mHealth; health applications; connected health and wellness devices; general practitioners; patients; prescription; quantitative
study; mobile phone

Introduction

mHealth Apps and Devices Worldwide
The World Health Organization defines mobile health (mHealth)
as a “medical and public health practice supported by mobile
devices, such as mobile phones, patient monitoring devices,
personal digital assistants (PDAs), and other wireless devices”
[1]. The area of mHealth continues to grow globally: in June
2021, there were over 350,000 health-related mobile apps
worldwide, with more than 250 new apps being added to
web-based stores every day [2]. In 2016, over 73 million
connected health and wellness devices were sold worldwide.
The report forecast a huge increase to 160 million devices sold
in 2020 (the report on 2016-2020 data is not yet published) [3].

The Prescribing of mHealth Apps and Devices
Although the feasibility of prescribing mHealth apps and devices
in general practice, in Australia [4] and Spain [5] notably, has
been demonstrated, their integration in clinical practice
worldwide presents a complex challenge. In France, the various
physician organizations agree on the role of the general
practitioner (GP) in health care, especially to provide primary
care based on a comprehensive approach that includes providing
advice and support focusing on education, risk prevention, and
health promotion. GPs also play a role in monitoring and
coordinating patient care (guaranteeing communication between
themselves and other professionals involved in their patients’
care) [6]. GPs are essential links in the patient’s care pathway
[7,8]. According to a 2018 French general population study,
83% of French people consulted a GP at least once a year [9]
and 90% of health problems are managed in primary care
(especially in general practice) [10]. As GPs are patients’
preferred health care intermediaries, they play a key role in
patient support and patients’ relationship with mHealth,
especially by providing guidance and advice. To promote the
full implementation and acceptance of mHealth in general
medicine, it is necessary to consider upstream both human
(attitudes, expectations toward mHealth, and the characteristics
of GPs and their patient base) and technical implications
(mHealth apps and device functionalities, ease of use, ease of
data transfer, operability, compatibility with electronic medical
records and computer software used by GPs, etc) [11]. In France,
to facilitate the integration of mHealth, the ApiAppS project
aims to propose a type of software (considering the perceptions
GPs have toward mHealth) in primary care to help GPs prescribe
mHealth apps and devices adapted to the patient’s condition
and provide reliable information regarding mHealth apps and
devices [11].

The Prescribing of mHealth Apps and Devices in the
French Context
The national organization of French physicians published a
report in 2015 that defined recommendations for good practices
in mHealth app and device use [12]. The report indicated that
mHealth apps and devices must support care to strengthen
prevention behaviors, improve care monitoring and coordination,
strengthen the patient–physician relationship, enable better
access to care, and promote the empowerment of patients [12].
These same elements were highlighted in a French study
investigating the drivers for the use of mHealth apps and devices
in general medicine [13]. In this study, beyond the simple
(informal) recommendation, it seemed interesting to investigate
the potential prescription of mHealth apps and devices. In
France, physicians are responsible for writing the prescription
and making sure to give all the necessary information to the
patient or their entourage to ensure proper compliance and the
correct use of the prescribed elements [14]. The prescription is
thus much more binding for physicians than a simple
recommendation, constituting a material symbol of the
patient–physician relationship [15] and the document required
for reimbursement by the French social security health care
insurance. In France, some connected health devices are
reimbursed by social security health care insurance, especially
devices for the management of diabetes, coagulation disorders,
sleep apnea, and asthma. However, to our knowledge, only 2
mHealth apps—one for monitoring diabetes and the other for
lung cancer—can currently be prescribed by physicians and
then reimbursed by French social security health care insurance.

Risks and Obstacles Linked to the Use of mHealth
Apps and Devices
Although there are many potential advantages of mHealth apps
and devices, their methods of construction, validation, and uses
must be regulated. The international literature highlights the
various primary types of risks and obstacles linked to the use
of mHealth apps and devices in the following areas: data
processing (data security and the use of personal data), reliability
(lack of clinical validation, evaluation, precision of
measurements, and reliable sources listing mHealth apps and
devices) [12,13,16-19], the impact on patient care, and quality
of the patient–physician relationship [13,20-22]. Physicians
have also reported potential obstacles directly linked to their
practice, in terms of the additional time spent during
consultations processing digital information and providing
patients support in the use of mHealth apps and devices
[13,16,21,22], as well as the risk that the current divide between
digitally literate and illiterate patients will become even greater,
something that could increase inequalities in quality and access
to care [13,16].
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GPs’ Perceptions of mHealth Apps and Devices and
Willingness to Prescribe
To date, few studies have investigated the perceptions of GPs
about mHealth apps and devices and how these beliefs are
associated with their willingness to prescribe mHealth apps and
devices to their patients. This way, a qualitative study was
conducted with French GPs with the aim of investigating their
attitudes toward the prescription of mHealth apps and devices.
They identified 3 groups of attitudes. The first group
corresponds to GPs very willing to prescribe mHealth apps and
devices, with positive perceptions of (1) the benefits for patients
and for clinical practice and (2) ease of use; the second group
represents GPs worried about the protection of patient data and
the reliability of mHealth app and device content; and the third
group corresponds to GPs concerned about the implications of
mHealth apps and devices for their clinical practice (additional
working time, modification of the patient–physician relationship,
and the importance of mHealth app and device certification by
independent entities) [23]. Consistently, an Australian study
showed that the perceived barriers of GPs to prescribing
mHealth apps and devices were generational digital divide, a
lack of knowledge and reliable resources listing prescriptible
mHealth apps and devices, additional working time it may
represent for GPs, and concerns about data security [4]. To our
knowledge, most studies have focused on factors associated
with the intentions of physicians and other health care
professionals to use mHealth apps and devices to support their
own clinical practice (drug database, medical calculators,
making appointments, etc) or studies based on informal
recommendation (mostly oral) of mHealth interventions to their
patients. Fewer studies focused on mHealth apps and devices
intended for prescription or its equivalent in some contexts
(formal and written recommendation), more binding for GPs
and their patients. One study conducted among Turkish
physicians showed that a manifest interest in mHealth apps and
devices, very little fear about using them, perceiving mHealth
apps and devices as useful for medical practice, and ease of
access for physicians were associated with an increased
willingness to use mHealth apps in medical practice [24]. These
results were corroborated by 2 other studies conducted with
Chinese health care professionals [25,26]. Unfortunately, none
of these 3 studies provided much information on the
determinants of prescribing mHealth apps and devices to patients
in medical practice, as they focused on mHealth app and device
acceptance by health care professionals (especially mHealth
apps and devices for their own practice) and not on mHealth
app and device prescription purposes. However, we found a
study that investigated factors associated with the willingness
of Malaysian GPs to recommend mHealth apps to their patients.
They showed that in multivariate analysis, performance
expectancy of the mHealth apps (improving patient health,
improving chronic disease management, and encouraging
patients to gain health knowledge) was associated with the
willingness of GPs to recommend mHealth apps [27]. However,
this study focused only on the mHealth app recommendation,
which may have different implications for mHealth app and
device prescription. A recent descriptive study was conducted
to better understand German GPs’perceptions of mHealth apps.
Of the 2138 GPs, although 60% recognized that mHealth apps

could strengthen the involvement of people in the management
of their health, only 36% reported global positive opinions of
the health apps and only 18% frequently recommend mHealth
apps to their patients, and the main criteria reported to
recommend these apps were ease of use, guarantees for data
privacy, and clinical validation [28]. However, this study
focused only on mHealth app recommendation (not
prescription), remained descriptive, thus results have to be
corroborated by analytic studies.

Objectives
On the basis of data from the literature, it seems essential to
quantitatively describe GPs’ perceptions of mHealth apps and
devices and investigate the factors associated with the
willingness of French GPs to prescribe mHealth apps and
devices to their patients, constituting the objective of this study.
This way, we hypothesize in a psychosocial perspective that
characteristics related to GPs themselves, their practice, their
patient base, and their perceptions of mHealth apps and devices
may influence their willingness to prescribe mHealth apps and
devices.

Methods

Study Design and Study Population
This study adheres to and has been reported following the
Checklist for Reporting Results of Internet E-Surveys guidelines
(Multimedia Appendix 1) [29].

This quantitative study was part of a larger project called
ApiAppS (funded by the National Research Agency of France
under grant ANR-17-CE19-0027 [11]), whose overall objective
is to help remove barriers GPs face when prescribing mHealth
apps and devices by developing a custom-built platform to aid
them. This study aimed to confirm the results of a previous
exploratory qualitative study [23], which investigated the
attitudes of French GPs about prescribing patient-based mHealth
apps and devices by analyzing their perceptions and expectations
of mHealth apps and devices through semistructured interviews
and focus groups [23].

For this quantitative study, we constructed a web-based,
self-administered questionnaire on the basis of the results of
the qualitative study concerning attitudes of GPs toward the
prescription of mHealth apps and devices [23] and elements
from the literature concerning mHealth apps and devices in
current clinical practice. The various indicators measured by
the questionnaire are described in detail in subsequent sections.
The questionnaire was pretested with 8 GPs regarding the
understanding of the different items in the questionnaire, and
the researchers tested the technical functionalities of the
questionnaire (any technical problems with posting the
questionnaire on the web-based platform: no glitches in the
layout of the questions and answers, the sequencing of the
questions, and the recording of the questionnaire). These 2 test
phases made it possible to correct, where necessary, the layout
of the questionnaire (spelling, fonts, order of questions, etc) and
the obligatory or nonobligatory nature of each question. From
June 2019 to December 2019, the questionnaire was then
distributed to GPs recruited through several academic
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departments of general practice of several medical faculties in
France (Lyon, Nice, and Rouen) and also from mailing lists of
the academic GPs, health care professional associations, and
social and professional networks. Participation in the study was
voluntary and required a survey link, which headed toward the
questionnaire (on the LimeSurvey platform). Information was
provided about the time needed to fill in the questionnaire (about
15 minutes, 22 items), reminders about the rights of research
participants under French law (anonymity, confidentiality,
processing of data for research purposes, right of access, and
data rectification), and email addresses of the researchers in
charge of the study were provided. Once participants had
validated their answers to the questionnaire, they could no longer
review and change their answers. Only fully completed
questionnaires were analyzed.

Ethical approval was obtained from the French Institute of
Medical and Health Research Ethics Committee (IORG0003254
and FWA00005831) and the institutional review board
(IRB00003888; opinion number 18-499).

Questionnaire
The questionnaire, available in Multimedia Appendix 2, for this
study included sociodemographic variables relating to GPs,
indicators of their participation in continuing education
programs, and the amount of time they dedicated to promoting
healthy behaviors to their patients during consultations. It also
included variables that allowed us to characterize the patient
population. Finally, to meet the objective of this study, the
questionnaire included variables aimed at gathering a greater
understanding of GPs perceptions of mHealth apps and devices.

The objective of this study is to predict the willingness of GPs
to prescribe mHealth apps and devices for twelve health-related
dimensions: physical activity, dental health, nutrition,
vaccination, sexual and reproductive health, well-being and
mental health, addictions, asthma and allergies, dermatology,
diabetes, first aid, and support for caregivers. For the analysis,
to oppose 2 profiles of GPs, willingness to prescribe mHealth
apps and devices was dichotomized into willingness and
unwillingness to prescribe mHealth apps and devices for at least
one health-related dimension.

Potential predictive variables were sociodemographic factors
(age and gender) and factors related to GPs practices (indicators
of GP involvement in continuous medical education, including
subscription to professional journals, participation in peer
groups, training, and presence in physician-based social
networks), and the amount of time they dedicated during
consultations in promoting healthy behaviors. We also
considered psychosocial variables to help characterize the patient
population as follows: the mean age of the practice population
in the previous month; the place of residence; and the
perceptions of GPs of the overall socioeconomic status,
command of the French language, and self-management skills
in terms of health of the patient base. On the basis of the
previous qualitative study regarding attitudes GPs have toward
mHealth app and device prescriptions [23], their perceptions of
mHealth apps and devices were investigated as other potential
predictors in our analysis:

• Facilitators regarding mHealth apps and devices
implementation in general medicine, that is, both the
potential perceived benefits of mHealth apps and devices
and the levers to their implementation. This indicator
included providing better access to care for patients, patient
empowerment, better communication, quality of life, and
work management for caregivers; obtaining additional
information from patients (Patient-Reported Outcome
Measures [30]); and facilitating links between the various
professionals involved in patient care, an alternative to
prescribing drugs, the strengthening of the patient–physician
relationship, the perception of the importance of the role
of the physician in the transition to mHealth, and the
possibility of having a software aid that would automatically
suggest mHealth apps and devices adapted to the needs of
the patient.

• Obstacles to the implementation of mHealth apps and
devices in general practice, that is, the risks and barriers
associated with the use of mHealth apps and devices. This
indicator included the dangers linked to misuse of mHealth
apps and devices by patients, risks associated with
self-medication, dehumanization of the patient–physician
relationship, increase in patient anxiety because of the
wealth of information available, use of personal data of
patients, possibility of monitoring activities of GPs by health
authorities, and devotion of additional time to mHealth apps
and devices during consultations.

• Indicators relating to GPs perception of the importance of
the development, clinical validation, and certification of
mHealth apps and devices by GP-perceived trusted actors
in health (eg, independent experts, patients’ associations,
academic researchers, physicians, health-related
organizations, and stakeholders). Furthermore, GPs’
perceptions of the importance of the involvement of
health-related organizations and stakeholders in promoting
the use of mHealth apps and devices in general medicine.

Scores on these indicators ranging from 0 to 100, with 100
representing the greatest perceived benefit or driver, risk or
barrier, involvement, or utility, as applicable.

Data Analyses
Several principal component analyses were performed to identify
the underlying structure of data and highlight indicators (by
grouping items belonging to the same 1D construct to generate
a score). Specifically, for each component, the eigenvalues were
extracted to capture the percentage of inertia explained by the
component. Those greater than 1 (Kaiser criterion) were retained
[31]. The choice of components was compared with the graph
of the eigenvalues [32]. Finally, the results of these 2 methods
were compared using parallel analysis to retain only those
components that made the most sense at the theoretical level
[33]. Internal consistency was assessed by calculating the
Cronbach α coefficient [34]. All created indicators (patients’
skills in self-management of their health, facilitators and
obstacles to mHealth implementation, importance of
involvement of trusted actors in health in the construction of
mHealth apps and devices, usefulness of mHealth apps and
devices certification, and importance of the involvement of
health-related organizations and stakeholders in promoting the
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use of mHealth in general medicine) were obtained by adding
up the scores for each item in the indicator and converting them
into a score from 0 to 100, with 100 representing the greatest
perceived benefit, risk or barrier, involvement, or utility, as
applicable.

Descriptive analyses of the variables in the sample were then
performed, followed by a multivariate binomial logistic
regression to investigate the willingness of GPs to prescribe
mHealth apps and devices. To select the variables to be included
in the multivariate model, we performed univariate logistic
regressions, which made it possible to obtain the crude odds
ratios (ORs) and their 95% CIs and the P value. Variables
associated with a 20% P value threshold (P<.20) in the
univariate analyses were retained in the final multivariate model
[35]. Once the latter was established, we verified that there was
no problem with multicollinearity, defined as a variance inflation
factor greater than 2.5 [36]. To obtain the most efficient and
parsimonious model reflecting our data, a stepwise selection
combining forward and backward selection procedures was
performed. The model with the lowest Akaike Information
Criterion was retained. We compared this model with the
starting model (variables significant at the 20% P value
threshold in univariate analyses) using analysis of variance. The
multiple logistic regression coefficients were presented as
adjusted ORs with their 95% CIs. We tested interactions
between GPs’gender and facilitators and obstacles in the model
as it was shown in the general population that gender was a
moderator between attitudes toward mHealth apps and the
intention to use them [37]. To estimate the goodness of fit of

the model, the McFadden pseudo-R2 value was calculated. In
addition, to assess the discrimination of the model, the area
under the receiver operator characteristic curve was also
determined. The level of significance for the multivariate model
was set at the 5% P value threshold. Analyses were performed
using RStudio (version 1.2.5033; RStudio Inc) [38].

Results

Sociodemographic Characteristics of the GPs and
Their Patients
Among the 226 GPs who answered the first question of the
survey, 174 (76.9%) fully completed the questionnaire. The
study sample comprised thus 174 GPs. Almost two-thirds
(112/174, 64.4%) were men, and the mean age was 45.1 (SD
13.0) years. Nearly half of the GPs (80/174, 45.9%) reported
spending 40% or more of their consultation time promoting
healthy behaviors. With regard to their patient base, 37.4%
(65/174) of GPs declared having patients mainly aged between
45 and 69 years in the previous month. One-third (58/174,
32.8%) reported that their patient base was made up of people
of different ages. Approximately, as many patients came from
an urban setting as from a rural setting. Participating GPs
estimated that, overall, their patient base had a middle
socioeconomic status and quite a good command of the French
language. However, in terms of self-management of their health,
GPs perceived the skills of patients to be quite modest, with an
average score of 49 (SD 15.3; Table 1).
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Table 1. Sociodemographic characteristics of general practitioners (GPs) and their patients; characterization of GP practice and their perception of the
self-management skills of patients in terms of health (N=174).

ValuesVariables

45.1 (13.0)Age of GP (years), mean (SD)

Gender of GP, n (%)

112 (64.4)Male

62 (35.6)Female

Time spent promoting good health behaviors during consultations (consultation %), n (%)

45 (25.9)0-20

49 (28.2)20-30

49 (28.2)30-50

31 (17.8)50-100

Participation in a continued education program during the previous year, n (%)

14 (8)No

160 (91.9)Yes

Participation in a peer group during the previous year, n (%)

93 (53.4)No

81 (46.6)Yes

Subscription to a professional magazine, n (%)

34 (19.5)No

140 (80.5)Yes

Part of a social network for physicians, n (%)

105 (60.3)No

69 (39.7)Yes

Age of patients in the previous month (years), n (%)

31 (17.8)0-44

65 (37.4)45-69

20 (11.5)70 and older

58 (33.3)Other (not characterizable)

3.3 (2.1)Patient base place of residence (GPs perceived): urban setting (0)-rural setting (6), mean (SD)

3.4 (1.5)Patient base socioeconomic status (GPs perceived): low (0)-high (6), mean (SD)

4.6 (1.6)Patient base command of the French language (GPs perceived): poor (0)-excellent (6), mean (SD)

49 (15.3)Patient skills in self-management of their healtha (GPs perceived; prevention behaviors, autonomous health
management, and assessment of the reliability of information): low (0)-high (100), mean (SD)

aInternal consistency (Cronbach α)=.80.

GPs and mHealth Apps and Devices
Participating GPs were more likely to have mHealth apps
(mainly for mixed personal and professional use) than connected

health and wellness devices (132/174, 75.9%, vs 84/174, 48.3%,
respectively; Table 2).
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Table 2. Participating general practitioners (GPs) and mobile health (mHealth) apps and devices (possession and perceptions; N=174).

Internal consistency

(Cronbach α)

ValuesVariables

—aHad a connected health or wellness device, n (%)

90 (51.7)No

84 (48.3)Yes

—Had an mHealth app, n (%)

42 (24.1)No

132 (75.9)Yes

.9157.2 (16.6)Facilitators: perceptions of GPs of the benefits of mHealth apps and devices for patients,
caregivers, their own clinical practice, and GP-perceived drivers for mHealth apps and

devices implementation in their medical practiceb, mean (SD)

.7154.1 (15.6)Obstacles: perceptions of GPs of risks for the patient and barriers for the GPs practiceb,
mean (SD)

.7675.5 (19.8)Perceptions of GPs of the importance of the involvement of trusted actors in health in

the construction of mHealth apps and devicesb, mean (SD)

.7164.2 (15.3)Perceptions of GPs of the usefulness of mHealth apps and devices certificationb, mean
(SD)

.7864.6 (22.7)Perceptions of GPs of the importance of the involvement of health-related organizations

and stakeholders in promoting the use of mHealth apps and devices in general medicineb,
mean (SD)

—81.1 (21.4)Perceptions of GPs of the utility of validation of mHealth apps and devices using random-

ized studies (evidence-based medicine)b, mean (SD)

aCronbach α could not be estimated because of qualitative variables or a single quantitative item.
bScore ranging from 0 to 100, with 100 representing the greatest perceived benefit or driver, risk or barrier, involvement, or utility, as applicable.

Perceptions of GPs of the Benefits and Drivers of
mHealth Apps and Device Prescriptions and the
Associated Risks and Barriers
GPs perceived as many benefits and potential drivers to mHealth
apps and devices use by their patients (mean 57.2  SD 16.6) as
they did risks and barriers (average score 54.1  SD 15.6, out of
a possible score of 100; Table 2). More specifically, regarding
benefits and potential drivers to mHealth devices
implementation, the higher perception was that their patients
would use mHealth apps and devices more if they recommended
it (mean 5.3  SD 1.3, out of a possible score of 7), followed by
the perception that mHealth apps and devices could strengthen
the involvement of patients in the management of their health
(average score 5.1  SD 1.1) and by an alternative to drug
prescription (average score 4.9  SD 1.4). A wish for access to
a software aid that could help them prescribe mHealth apps and
devices (ie, software that would automatically suggest mHealth
apps and devices adapted to the patient’s needs) was expressed
by GPs as facilitators (average score 4.9  SD 1.8). It is relevant
to note that GPs reported a low level of knowledge regarding
mHealth apps and devices (average score 3.0  SD 1.6; Figure
S1 in Multimedia Appendix 3).

With regard to the perceived risks and barriers, their main
concern (average score 5.5  SD 1.2, out of a possible score of
7) was that GPs must provide support in the use of mHealth
apps and devices, meaning additional working time during and

outside of consultations. This concern was followed by their
fear that patient data would be used for commercial reasons
(average score 5.4, SD 1.7). It should be noted that GPs shared
low levels of concern regarding the risk of dehumanization of
the patient–physician relationship (average score 3.3  SD 1.6;
Figure S2 in Multimedia Appendix 3).

GPs Perceptions of the Construction, Validation, and
Certification of mHealth Apps and Devices
GPs reported a high importance of the implication of trusted
actors in health in the construction of mHealth apps and devices
(average score 75.5, SD 19.8, out of a possible score of 100).
Precisely, GPs who participated in the study considered the
involvement of physicians (average score 5.9, SD 1.3; out of a
possible score of 7) and patients (average score 5.7, SD 1.4; out
of a possible score of 7) in the construction and development
of mHealth apps and devices content to be necessary. The
average score was 5.0 (SD 1.5) when asked about the
involvement of researchers, and the average score was 5.0 (SD
1; Figure S3 in Multimedia Appendix 3). GPs also underlined
their strong belief that mHealth apps and devices should be
clinically validated through randomized studies (average score
81.1, SD 21.4; out of 100) and obtain certification from trusted
health actors (average score 64.2, SD 15.3; out of 100). More
specifically, certification by independent experts, a college of
physicians, or an ethics committee was necessary and even
essential (average score 5.8 out of 7, SD 1.4 for the 3 items).
University certification (average score 5.0, SD 1.5) or patients’
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association certification (average score 4.8, SD 1.7) were also
considered necessary. Conversely, GPs reported relatively
unnecessary certification by private health companies (average
score 1.9  SD 1.2; Figure S4 in Multimedia Appendix 3). The
issues surrounding clinical validation and certification raise the
question of financial implications. Implications of health-related
organizations and stakeholders in promoting the use of mHealth
apps and devices in general medicine were reported as an
important issue (average score 64.6  SD 22.7; out of 100).
Precisely, GPs considered it necessary to cover the costs of
mHealth apps and devices by patient health care insurance or
complementary health insurance firms (mean 5.0  SD 1.7; for
both) and reported that it was necessary for health authorities
to provide a financial incentive to GPs to prescribe mHealth
apps and devices (average score 4.3  SD 2.0). The involvement
of health authorities (French National Authority for Health) was
clearly reported by GPs as a driver for the implementation of
mHealth apps and devices in general practice, with an average
score of 5.1 (SD 1.6) out of 7 (Figure S5 in Multimedia
Appendix 3; Table 2).

Willingness of GPs to Prescribe mHealth Apps and
Devices
Of the 129 GPs, 97 (75.2%) were willing to prescribe mHealth
apps and devices, that is, they were willing to prescribe mHealth
apps and devices for at least one of the 12 health dimensions
included in this study. More specifically, 60.5% (78/129)
declared their willingness to prescribe mHealth apps and devices
for physical activity, asthma and allergies, and vaccination;

79.8% (103/129) for diabetes; and 71.3% (92/129) for addictions
(Multimedia Appendix 4).

Univariate Binomial Logistic Regressions
Table 3 shows that at the 5% P value threshold, the following
factors were associated with the willingness of GPs to prescribe
mHealth apps and devices: having participated in a training
program during the previous year (OR 6.20, 95% CI 2.01-21.28);
having participated in a peer group during the previous year
(OR 2.10, 95% CI 1.04-4.35); and GPs’perception that, overall,
their patient base had a good command of the French language
(OR 1.24 95% CI 1.01-1.51), facilitators of mHealth apps and
devices implementation (perception of benefits and drivers; OR
1.04 95% CI 1.02-1.06). Conversely, GPs’ age (OR 0.97, 95%
CI 0.95-0.99) and their perception of risks for the patient and
obstacles to their own practice (OR 0.97, 95% CI 0.95-0.99)
were associated with unwillingness to prescribe mHealth apps
and devices.

At the 20% P value threshold, subscribing to a professional
journal (OR 1.77, 95% CI 0.77-3.91), owning a connected health
or wellness device (OR 1.78, 95% CI 0.90-3.62), perceiving
that the involvement of field-based actors in developing mHealth
apps and devices is important (OR 1.02, 95% CI 1.00-1.03),
and perceiving that validation of mHealth apps and devices by
randomized studies is necessary (OR 1.01, 95% CI 1.00-1.03)
were associated with greater willingness to prescribe mHealth
apps and devices. In contrast, being a female GP (OR 0.60, 95%
CI 0.30-1.21) was associated with the unwillingness to prescribe
mHealth apps and devices (Table 3).
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Table 3. Characteristics of general practitioners (GPs) and their patients, attitudes GPs have toward mobile health (mHealth) apps and devices, and
their association with the willingness of GPs to prescribe mHealth apps and devices in univariate analyses (N=174).

P valueCrude ORa (95% CI)Willing to prescribe
mHealth apps and de-
vices (n=129)

Unwilling to prescribe
mHealth apps and de-
vices (n=45)

Variables

.030.97 (0.95-0.99)43.8 (12.6)48.7 (13.8)Age of GPs (years), mean (SD)

.15Gender of GPs, n (%)

Refb87 (67.4)25 (55.6)Male

0.60 (0.30-1.21)42 (32.6)20 (44.4)Female

.24Time spent promoting healthy behaviors during consultations (% of consultation), n (%)

Ref36 (27.9)9 (20)0-20

0.52 (0.19-1.30)33 (25.6)16 (35.6)20-30

0.57 (0.21-1.45)34 (26.4)15 (33.3)30-50

1.30 (0.40-4.65)26 (20.1)5 (11.1)50-100

.002Participation in a continued education program during the previous year, n (%)

Ref5 (3.9)9 (20)No

6.20 (2.01-21.28)124 (96.1)36 (80)Yes

.04Participation in peer group during the previous year, n (%)

Ref63 (48.8)30 (66.7)No

2.10 (1.04-4.35)66 (51.2)15 (33.3)Yes

.17Subscription to a professional magazine. n (%)

Ref22 (17.1)12 (26.7)No

1.77 (0.77-3.91)107 (82.9)33 (73.3)Yes

.77Part of a social network for physicians, n (%)

Ref77 (59.7)28 (62.2)No

1.11 (0.56-2.27)52 (40.3)17 (37.8)Yes

.71Age of patient base in the previous month (years), n (%)

1.12 (0.42-3.24)24 (18.6)7 (15.6)0-45

Ref49 (38)16 (35.5)45-70

1.31 (0.41-5.06)16 (12.4)4 (8.9)≥70

0.73 (0.33-1.60)40 (31)18 (40)Other (not characterizable)

.320.92 (0.78-1.08)3.2  2.1)3.6  2.3)Patient base place of residence (GP perceived): urban setting (0)-
rural setting (6), mean (SD)

.251.14 (0.91-1.44)3.5  1.4)3.2  1.6)Patient base socioeconomic status (GP perceived): low (0)-high
(6), mean (SD)

.041.24 (1.01-1.51)4.8 (1.5)4.2 (1.8)Patient base command of the French language (GP perceived):
poor (0)-excellent (6), mean (SD)

.931.00 (0.98-1.02)49 (15.6)48.8 (14.7)Patient skills in self-management of their health (GPs perceived):
low (0)-high (100), mean (SD)

.10Had a connected health or wellness device, n (%)

Ref62 (48.1)28 (62.2)No

1.78 (0.90-3.62)67 (51.9)17 (37.8)Yes

.39Had an mHealth app, n (%)

Ref29 (22.5)13 (28.9)No

1.40 (0.64-2.98)100 (77.5)32 (71.1)Yes
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P valueCrude ORa (95% CI)Willing to prescribe
mHealth apps and de-
vices (n=129)

Unwilling to prescribe
mHealth apps and de-
vices (n=45)

Variables

<.0011.04 (1.02-1.06)59.9  15.2)49.6  18.1)Facilitators: perceptions of GPs of the benefits of mHealth apps
and devices for patients, caregivers, their own clinical practice,
and GP-perceived drivers for mHealth apps and devices implemen-

tation in their medical practicec, mean (SD)

.020.97 (0.95-0.99)52.4 (15.3)59 (15.8)Obstacles: perceptions of GPs of risks for the patient and barriers

for the GPs practicec, mean (SD)

.541.01 (0.98-1.03)64.6 (15.3)63 (15.4)Perceptions of GPs of the usefulness of mHealth apps and devices

certificationc, mean (SD)

.291.01 (0.99-1.02)65.7 (23.2)61.5 (21.3)Perceptions of GPs of the importance of the involvement of health-
related organizations and stakeholders in promoting the use of

mHealth apps and devices in general medicinec, mean (SD)

.061.02 (1.00-1.03)77.2 (19.6)70.7 (19.8)Perceptions of GPs of the importance of the involvement of field-

based actors in the construction of mHealth apps and devicesc,
mean (SD)

.081.01 (1.00-1.03)82.8 (19.9)76.3 (24.7)Perceptions of GPs of the utility of validating mHealth apps and

devices using randomized studies (evidence-based medicine)c,
mean (SD)

aOR: odds ratio.
bRef: reference.
cScores ranging from 0 to 100, with 100 representing the greatest perceived benefit or driver, risk or barrier, involvement, or utility, as applicable.

Multivariate Binomial Logistic Regression
Table 4 shows the results of the multivariate binomial logistic
regression after stepwise selection. Factors associated with the
willingness of GPs to prescribe mHealth apps and devices were
as follows: having attended a continued education program
during the previous year (OR 6.17, 95% CI 1.52-28.72); their
perception that overall their patient base has a good command
of the French language (OR 1.45, 95% CI 1.13-1.88); their
perception that mHealth apps and devices could bring benefits
to the patient and their own medical practice; and their
perception of drivers for mHealth apps and devices
implementation in their medical practice (OR 1.04, 95% CI
1.01-1.07); and a strong perception of the importance of

validating mHealth apps and devices through randomized studies
(evidence-based medicine; OR 1.02, 95% CI 1.00-1.04). In
contrast, older age (OR 0.95, 95% CI 0.91-0.98), being a female
GP (OR 0.26, 95% CI 0.09-0.69), and the perception of greater
risks for the patient and barriers to their own medical practice
(OR 0.96, 95% CI 0.94-0.99) were associated with the
unwillingness of GPs to prescribe mHealth apps and devices
(Table 4). This model had a very good fit and prediction
properties, with an area under the receiver operator characteristic
curve of 0.825 (excellent classification performance) and a

McFadden pseudo-R2 value of 0.28 (very good fit). Interactions
between gender and facilitators and obstacles were not
significant.
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Table 4. Results of multivariate logistic regression (after the stepwise procedure) to explain the willingness of general practitioners (GPs) to prescribe
mobile health (mHealth) apps and devices to their patients (N=174).

P valueaORa (95% CI)Variables

.0030.95 (0.91-0.98)Age of GPs (years)

Gender of GPs

N/AcRefbMale

.0080.26 (0.09-0.69)Female

Participation in a continued training program during the previous year

N/ARefNo

.016.17 (1.52-28.72)Yes

Participation in a peer group during the previous year

N/ARefNo

.072.32 (0.94-6.01)Yes

Subscription to a professional magazine

N/ARefNo

.102.41 (0.85-6.89)Yes

.0041.45 (1.13-1.88)Patient base command of the French language (GP perceived)

.0031.04 (1.01-1.07)Facilitators: perceptions of GPs of benefits of mHealth apps and devices for patients, caregivers,
their own clinical practice, and GP-perceived drivers for mHealth apps and devices implemen-
tation in their medical practice

.010.96 (0.94-0.99)Obstacles: perceptions of GPs of risks for the patient and barriers for the GP practice

.0471.02 (1.00-1.04)Perceptions of GPs of the importance of validating mHealth apps and devices using randomized
studies (evidence-based medicine)

aaOR: adjusted odds ratio.
bRef: reference.
cN/A: not applicable.

Discussion

Principal Findings
The objective of this study is to understand the factors
influencing the willingness of French GPs to prescribe mHealth
apps and devices. Our results highlighted that the several factors
involved were as follows: sociodemographic characteristics of
GPs, especially age and gender; factors linked to continued
education, patient base–related characteristics, especially
perceptions of GPs of their patient base’s command of the
French language; and factors linked to perceptions of GPs
regarding mHealth apps and devices (benefits, drivers, risks,
and barriers) and the perceived importance of clinical validation.

The health-related dimensions for which GPs were very willing
to prescribe mHealth apps and devices were diabetes, asthma
(ie, chronic diseases) and addictions, physical activity, and
vaccination (ie, primary prevention) reflecting findings in the
literature [16,18]. GPs were more likely to be willing to
prescribe mHealth apps and devices in medical fields where
they are already numerous and mHealth apps and devices that
have already been clinically validated [13]. This result
underlines the feasibility of the potential prescription of mHealth
apps and devices. On the contrary, this finding may not be very

revealing in terms of therapeutic areas where patients might
need the most support.

This study reflects the previous findings about the importance
of GP-perceived sociodemographic profiles of patients as a
parameter in determining the integration of mHealth apps and
devices into current clinical practice [22,39]. An Australian
study showed that GPs who had been working longer were less
willing to prescribe mHealth apps and devices [16], and a
German study corroborated this fact as they showed that younger
GPs saw mHealth apps more favorable [28], which reflects our
findings here. One possible explanation for this finding is that
younger GPs are more technologically savvy. In that sense, a
French Barometer survey showed that physicians tended to
prefer prescribing mHealth apps and devices to adolescent
patients, professionally active patients, and to technologically
savvy patients [39]. Furthermore, the fact that female GPs in
this study were less willing to prescribe mHealth apps and
devices than their male counterparts reflects the importance of
the issue of gender in the appropriation of new technologies.
Indeed, several studies on general populations have already
shown that men are more inclined to use mHealth apps and
devices than women [40,41], even if this association remains
unclear, as other studies have shown that women are more
inclined to use mHealth apps and devices [42-44]. However,
we found no information that specifically concerned physicians
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regarding this issue. Concerning the ease of communication
GPs have with their patients, in this study, we found that GPs
who perceived their patient base to have a good command of
French were more willing to prescribe them mHealth apps and
devices. Several studies have highlighted the importance of a
patient’s digital health literacy level and the difficulties faced
in implementing mHealth apps and devices for both patients
with low levels of eHealth literacy [16,17] and patients showing
reluctance [13,17]. These findings highlight the possibility of
a second-order digital divide, which is not a divide in terms of
access to the internet and smartphones, rather a divide in the
use of mHealth apps and devices, which in turn can widen the
gap in health inequalities [45,46]. In contrast, patients’ good
command of the French language could be a predictor of their
ability to use mHealth apps and devices and therefore may
influence the decision of GPs to prescribe these types of
interventions.

Our study highlights the important role that individual
perceptions of mHealth apps and devices play in the willingness
of GPs to use them in clinical practice. More specifically, our
multivariate model highlighted that perceptions of the benefits,
drivers, risks, and barriers of mHealth apps and devices were
linked to the willingness of GPs to prescribe them, confirming
the results of the qualitative study, which served as the basis
for the construction of the questionnaire [23]. Consistent with
our study, a Malaysian study found that GP-perceived benefits
of mHealth apps (performance expectancy) were associated
with the willingness of GPs to recommend them to their patients
[27]. The aforementioned Australian study indicated different
ways to encourage GPs to adopt mHealth apps and devices [16].
In particular, the need for training in mHealth apps and devices,
the possibility of obtaining a list of safe and effective mHealth
apps and devices that have been validated by a health authority,
and access to detailed descriptions of mHealth apps and devices.
Thus, only 22% of German GPs felt able to advise mHealth
apps to their patients [28]. These results reflect the findings of
this study, as GPs reported having a low level of knowledge
regarding mHealth devices and a high perception level regarding
the usefulness of a specific software aid that could help them
when prescribing mHealth apps and devices [16].

The Need for an mHealth App and Device Prescription
Software Aid
Public and private initiatives have led to the creation of
comprehensive lists of a number of mHealth apps and devices
currently available. In the United Kingdom, 2 initiatives have
been implemented to create a library of health apps to help
patients navigate the various options available to them. First,
PatientView was developed in 2013 by user groups and
incorporated a visible app user rating system [47]. Second, the
National Health Service Apps Library is a nationwide initiative
developed by the National Health Service [48]. In the United
States, an independent, private platform was created in 2009
for health care professionals based on the experience and
opinions of their peers [49]. This platform led to the
development of a specific app, called iPrescribeApps, which
aids physicians in prescribing suitable mHealth apps and devices
for their patient-specific medical conditions [50]. In Catalonia,
we can also notice the platform AppSalut that references

mHealth apps that have obtained accreditation in terms of
technology, usability, security, and reliability (regarding medical
content) [5].

An Australian before-and-after intervention pilot study aimed
to investigate the feasibility of prescribing mHealth apps in
general practice. The 36 GPs included were given a prescription
guide for 6 apps (description of the app, download instructions,
and cost). Video presentations for the 6 apps can also be found
using the download instructions. After 2 months, the video
presentation of one of the apps, randomly selected, was sent to
each physician in the study just to remind the GP. The median
number of apps prescribed before and after the intervention was
almost quadrupled. However, the video presentations were not
associated with this increase, highlighting the importance of
having a prescription guide to prescribe mHealth apps and
devices [51].

Given our study’s findings and the initiatives and the literature
on mHealth apps and devices described earlier, it would appear
that there is great demand by GPs for an mHealth apps and
devices prescription software aid. Such an aid would represent
a real driver for the implementation of mHealth apps and devices
in medical practice in France and would merit being developed,
provided that clinical evaluation criteria of health-related
organizations and stakeholders and the protection of personal
data were considered.

The Need for Training in mHealth
In this study, GPs reported not being sufficiently familiar with
mHealth apps and devices. Training in mHealth would provide
GPs with sufficient knowledge and confidence to prescribe
mHealth apps and devices [52]. This issue was raised in a Dutch
study [17], which included 621 GPs. Almost half of the
participants declared their desire for remote learning (webinars,
podcasts, etc) compared with only 12% who preferred
face-to-face training [17]. It would be interesting to interview
French GPs about this issue and ask their opinions about which
training content would be most suitable to help them integrate
mHealth into their medical practice. Governments, health
systems, and authorities should provide digital health education
to GPs [52] via continuing education programs and medical
curricula. Training could be provided jointly by health authority
mHealth referents, mHealth referent GPs, mHealth researchers,
and developers of mHealth app and device national libraries.

Issues Surrounding Certification, Data Privacy, and
Development of mHealth Apps and Devices
As shown here and highlighted in several other studies, GPs
are concerned about the protection of personal data and the
reliability of mHealth apps and devices [13,17,21,22,28]. Indeed,
the willingness and unwillingness of GPs to prescribe mHealth
apps and devices reported the importance of certifying mHealth
apps and devices by independent public bodies and the
irrelevance, in their opinion, of certification by private health
companies. This finding is corroborated by a study of different
French physician organizations that found that three-quarters
of those questioned reported that they trusted certification by a
learned society or a health authority as opposed to only 2% who
trusted certification by a private company [39]. In this study,
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GPs strongly expressed the need for field-based actors (patients,
physicians, and academic researchers) to be involved in the
development of mHealth apps and devices. However, this factor
was not significantly associated with the willingness of GPs to
prescribe mHealth apps and devices in the multivariate analysis.

The Need for Clinical Validation of mHealth Apps and
Devices
For reimbursement by health insurance to become a possibility,
it is essential that clinical validation—ideally by randomized
studies (evidence-based medicine)—be performed. In this study,
clinical validation appeared to be an essential element in the
willingness of GPs to prescribe mHealth apps and devices. A
2018 overview of systematic reviews of randomized clinical
trials focusing on mHealth apps showed that only 22 apps, most
focusing on diabetes, obesity, and mental health, had been
clinically validated. However, most of these 22 apps were
clinically validated in pilot studies with small sample sizes,
thereby limiting the validity of the results [18]. Clinical
validation of mHealth apps and devices is a real challenge and
deserves to be integrated in a more systematic fashion in health
research projects.

Issues Surrounding Care, Compensation, and Financial
Incentives in Terms of mHealth Apps and Devices
The notion of covering the cost of mHealth apps and devices
through health insurance of patients was an important point for
the GPs in this study, as was the possibility of health authorities
providing financial incentives for GPs to prescribe mHealth
apps and devices. However, neither element was directly
associated with the willingness of GPs to prescribe mHealth
apps and devices in the multivariate analysis. In a descriptive
way, our results showed that having to provide support to
patients in the use of mHealth apps and devices—thereby
leading to a longer working time—appeared to be the major
perceived obstacle perceived by GPs. This reflects the literature
that mentions the desire of GPs for financial compensation for
the time spent (during and outside consultation) both processing
information coming from mHealth apps and devices and training
themselves and their patients in the use of mHealth apps and
devices [13,16,17,22]. Studies have also reported the problem
of the costs of mHealth apps and devices [13,16] and the lack
of reimbursement [13] for these costs as obstacles to the
prescription of mHealth apps and devices.

Limitations
We decided to oppose, from the perspective of behavior change,
in this study 2 profiles of GPs—those willing to mHealth apps
and devices prescription and those not as in France prescription
of mHealth apps and devices, especially in general medicine,
which is not integrated in current practice. Then the variable
willingness to prescribe was dichotomized; thus, we lost the
information regarding the amount of mHealth apps and devices
that GPs were willing to prescribe.

At the epistemological level, this study adopts a comprehensive
approach that focuses on understanding the psychosocial
processes involved in the initiation or noninitiation of a behavior
and the meaning that individuals give to it. This approach is
important for understanding behavior toward a phenomenon

(in our case, the willingness or unwillingness to prescribe
mHealth apps and devices). We did not base our study on
registers or sampling techniques that ensure the
representativeness of the French population of GPs. However,
with the comprehensive approach, this study provides interesting
elements to better understand the obstacles and facilitators of
GPs’willingness to prescribe mHealth apps and devices to their
patients. The study was not intended to be representative but
sought to confirm the role of various factors associated with the
willingness of GPs to prescribe mHealth apps and devices.
Although the ratio of male to female GPs in this study reflects
national numbers, GPs in this study were a little younger (mean
age 45.1 (SD 13) vs 50.4 years at the national level) [53] and
the patient base seemed to also be little younger compared with
French national figures [54]. This may have resulted in a slight
overestimation of GPs’ willingness to prescribe mHealth apps
and devices. In addition, our sample size was relatively small,
and we were unable to obtain the response rate given our
methodology for administering the questionnaires, which may
question the representativeness of the responding GPs. In this
study, we grouped willingness (or unwillingness) to prescribe
mHealth apps or connected health and wellness devices in the
same indicator, which could be interesting in further studies to
investigate if there are differences in factors associated with
mHealth apps prescription and connected health and wellness
devices prescription. The willingness (or unwillingness) to
prescribe mHealth apps and devices grouped several health
categories, and further studies should be conducted to investigate
whether the identified factors differ between these different
health conditions.

Given our sample size and principal component analysis, we
created indicators that aggregated several perceptions GPs have
toward mHealth apps and devices, but we cannot identify the
individual factors that have a significant impact. In France, the
prescription of mHealth apps and devices is not integrated in
clinical routine; we then investigated obstacles and facilitators
perceived rather than experienced. Further studies need to be
conducted after the implementation of mHealth apps and devices
in general medicine to investigate obstacles and facilitators
experienced. In this study, we focused on the perceptions of
GPs, as they are the essential link in the patient’s care pathway.
Compared with GPs, it could also be interesting to investigate
the perceptions of specialist physicians, as it can be assumed
that they may have a different practice and a different
relationship with their patients.

Conclusions
To conclude, mHealth apps and devices represent an important
dimension in general practice consultations that can complement
other GP treatment methods. GPs in this study seemed inclined
to fully integrate mHealth apps and devices into their practice,
especially if they have access to tools to help them navigate
their way in the field of digital health, similar to those that
already exist for the prescription of drugs. Such tools should
provide information on the benefits of mHealth apps and devices
both for the GP practice and for the patient; the pros and cons
of mHealth apps and devices; and data on how mHealth apps
and devices are developed, validated, and certified.
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Public authority–based initiatives for the certification of mHealth
apps and devices are very important for mHealth apps and
devices to become accepted in general medicine and must be
extensively implemented. Clinical validation of mHealth apps
and devices through scientific studies needs to be performed
on a larger scale, not only with pilot studies. Indeed, validation

should be integrated more systematically into health research
projects. Training courses specifically designed to provide
support GPs in fully integrating mHealth apps and devices into
their practice are also indispensable. Such training, in turn,
would ensure that GPs could provide the best support possible
in terms of mHealth apps and devices use to their patients.
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Abstract

Background: Chronic obstructive pulmonary disease (COPD) is a common, costly, and incurable respiratory disease affecting
1.2 million people in the United Kingdom alone. Acute COPD exacerbations requiring hospitalization place significant demands
on health services, and the incidence of COPD in poor, remote, and rural populations is up to twice that of cities.

Objective: myCOPD is a commercial, digital health, self-management technology designed to improve COPD outcomes and
mitigate demands on health services. In this pragmatic real-world feasibility study, we aimed to evaluate myCOPD use and its
clinical effectiveness at reducing hospitalizations, inpatient bed days, and other National Health Service (NHS) resource use.

Methods: myCOPD engagement and NHS resource use was monitored for up to 1 year after myCOPD activation and was
compared against health service use in the year prior to activation. A total of 113 participants from predominantly remote and
rural communities were recruited via community-based care settings, including scheduled home visits, outpatient appointments,
pulmonary rehabilitation, and phone or group appointments. There were no predetermined age, disease severity, geographical,
or socioeconomic inclusion or exclusion criteria.

Results: Out of 113 participants, 89 activated myCOPD (78.8%), with 56% (50/89) of those participants doing so on the day
of enrollment and 90% (80/89) doing so within 1 month. There was no correlation between participant enrollment, activation, or
myCOPD engagement and either age, socioeconomics, rurality, or COPD severity. Most active participants used at least one
myCOPD module and entered their symptom scores at least once (79/89, 89%). A subgroup (15/89, 17%) recorded their symptom
scores very frequently (>1 time every 5 days), 14 of whom (93%) also used four or five myCOPD modules. Overall, there were
no differences in hospital admissions, inpatient bed days, or other health service use before or after myCOPD activation, apart
from a modest increase in home visits. Subgroup analysis did, however, identify a trend toward reduced inpatient bed days and
hospital admissions for those participants with very high myCOPD usage.

Conclusions: Our results suggest that neither age, wealth, nor geographical location represent significant barriers to using
myCOPD. This finding may help mitigate perceived risks of increased health inequalities associated with the use of digital health
technologies as part of routine care provision. Despite high levels of activation, myCOPD did not reduce overall demands on
health services, such as hospital admissions or inpatient bed days. Subgroup analysis did, however, suggest that very high myCOPD
usage was associated with a moderate reduction in NHS resource use. Thus, although our study does not support implementation
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of myCOPD to reduce health service demands on a population-wide basis, our results do indicate that highly engaged patients
may derive benefits.

(JMIR Mhealth Uhealth 2022;10(2):e30782)   doi:10.2196/30782

KEYWORDS

digital self-management; COPD; remote and rural; mobile health; application; chronic pulmonary obstructive disease; rural
communities

Introduction

Chronic obstructive pulmonary disease (COPD) is a common,
costly, and incurable respiratory disease affecting 1.2 million
people in the United Kingdom alone. Annually, it costs the
National Health Service (NHS) £1.9 billion (US $2.43 billion),
it requires over 1 million inpatient bed days due to acute
exacerbations requiring hospitalization, and it places significant
demands on health services [1-3]. The prevalence of COPD in
poor, remote, and rural populations is twice that of cities [4].

Effective COPD self-management can reduce both
exacerbation-induced hospital admissions and health service
use when compared to standard care [5,6]. myCOPD is a digital
health self-management technology designed to improve COPD
outcomes and mitigate demands on services [7]. myCOPD
modules include symptom scoring, inhaler technique, and a
virtual pulmonary rehabilitation course. Previous studies indicate
that myCOPD is associated with reduced inhaler technique
errors, lower COPD Assessment Test (CAT) scores, and fewer
hospital readmissions within 3 months of an exacerbation [8-11].

NHS Highland covers the largest geographical area of Scotland,
contains regions of significant socioeconomic deprivation, and
has a majority remote and rural population. Access to hospital
services and delivering equity of care remains challenging, and
digital health technologies represent one potential solution. In
this pragmatic test-of-change study, we evaluated myCOPD
and its effectiveness at reducing hospitalizations, inpatient bed
days, and other health service use.

Methods

Study Design
This was a 1-year, longitudinal, test-of-change evaluation of
the digital self-management technology myCOPD for patients
with COPD. The study received Caldicott Guardian approval
for anonymized health record data analysis; it received internal
ethical approval by NHS Highland Research, Development &
Innovation; and all participants provided written informed
consent.

Participants
Participants were recruited over a 6-month period, from May
to October 2019, as part of routine community-based care,
including scheduled home visits, outpatient appointments,
pulmonary rehabilitation, and phone or group appointments.
As this was a pragmatic real-world assessment of myCOPD,
there were no predetermined age, disease severity, geographical,
or socioeconomic inclusion or exclusion criteria. Participants
lacking appropriate digital devices, technological skills, or

connectivity were not enrolled. A total of 140 people throughout
the Scottish Highlands with COPD were offered myCOPD, of
whom 120 enrolled during routine health care encounters,
including scheduled home visits (n=54, 45.0%), outpatient
appointments (n=43, 35.8%), pulmonary rehabilitation (n=13,
10.8%), and phone or group appointments (n=10, 8.3%).

Intervention
Once enrolled, participants activated the technology by
registering and creating an account on the myCOPD platform,
which was accessed via an email link sent to each participant.
Up to four reminders were sent on a weekly basis to encourage
myCOPD activation. Participants used the technology as they
wished and did not receive further encouragement during the
evaluation. Participants were provided with licenses at no cost
to themselves.

Data Analysis
All participant data were collected for the 12-month period prior
to myCOPD enrollment and up to 12 months following
technology activation. myCOPD engagement data were collected
via the myCOPD clinician portal. Health service use data were
obtained via NHS electronic care records, including the NHS
Highland Clinical Portal system and out-of-hours contacts using
Adastra. Participant rurality and Scottish Index of Multiple
Deprivation (SIMD) data were calculated using participant
postcodes and relevant lookup tables [12,13].

Health service data were evaluated on a longitudinal basis for
all enrolled participants, comparing the incidence of daily
hospital admissions, inpatient bed days, and other service use
for the period before and after myCOPD activation to March
1, 2020. Enrollment was defined as a participant who consented
to participate, received an invitation to enroll, and was allocated
a myCOPD license. Activation was defined as a participant who
accessed the myCOPD platform and completed account
registration. Symptom scoring frequency was defined as follows:
low (<1 time every 100 days), moderate (1-5 times every 100
days), high (6-20 times every 100 days), and very high (>20
times every 100 days). Health care usage data from participants
who enrolled but did not activate myCOPD contributed to
“before” activation results. All data were compliant with the
General Data Protection Regulation.

Statistical Analysis
Power calculations determined that a study size of 100
participants was sufficient to evaluate a primary endpoint of
reduced inpatient bed days. Calculations were based on projected
modest (10%) reductions in inpatient bed days and significant
(25%) seasonal variability in COPD exacerbations, with
significance (α) at .05 and 80% power (1-β). Paired participant
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health care usage data before and after myCOPD activation
were analyzed using the Wilcoxon signed-rank test. Statistical
analysis was not performed on user subgroups representing
variable myCOPD symptom scoring frequency or module usage,
as subgroups were not sufficiently powered.

Results

Of the 140 people invited to enroll in myCOPD, 20 (14.3%)
declined to participate, mostly for technology-related reasons.

Of the remaining 120, 7 (5.8%) were excluded, as they died
during the study period, leaving a total of 113 participants
(Figure 1). The average participant age was 69.3 (SD 8.2) years,
and 51.3% (58/113) were female. A total of 70.8% (80/113) of
participants were from remote and rural areas, and 75.2%
(85/113) represented the three most deprived SIMD quintiles.
Most participants (69/113, 61.1%) had moderate or severe
COPD, and 20.4% (23/113) had very severe disease according
to their Global Initiative for Chronic Obstructive Lung Disease
score (Table 1) [14].

Figure 1. CONSORT (Consolidated Standards of Reporting Trials) flowchart of study participants who were offered myCOPD, showing the number
of patients who declined and reasons why, the number enrolled, and the number included in final study. COPD: chronic obstructive pulmonary disease.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e30782 | p.170https://mhealth.jmir.org/2022/2/e30782
(page number not for citation purposes)

Cooper et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 1. myCOPDa participant characteristics.

Participants (N=113), n (%)Participant characteristics

Age in years

0 (0)31-40

2 (1.8)41-50

21 (18.6)51-60

37 (32.7)61-70

35 (31.0)71-80

5 (4.4)≥81

13 (11.5)Not recorded

Sex

58 (51.3)Female

55 (48.7)Male

Socioeconomics (SIMDb quintile)

11 (9.7)1 (most deprived)

27 (23.9)2

47 (41.6)3

25 (22.1)4

3 (2.7)5 (least deprived)

Urban-rural classification

0 (0)Large urban areas

31 (27.4)Other urban areas

2 (1.8)Accessible small towns

26 (23.0)Remote small towns

7 (6.2)Accessible rural areas

47 (41.6)Remote rural areas

COPD severity

11 (9.7)Mild

33 (29.2)Moderate

36 (31.9)Severe

23 (20.4)Very severe

10 (8.8)Not recorded

aCOPD: chronic obstructive pulmonary disease.
bSIMD: Scottish Index of Multiple Deprivation.

A total of 89 out of 113 (78.8%) participants activated
myCOPD, with 56% (50/89) of them doing so on the day of
enrollment and 90% (80/89) doing so within 1 month (Figure
2, A). Most active participants used at least one module and
entered their symptom scores at least once (Figure 2, B and C;
n=79, 89%). A total of 10 (11%) participants activated myCOPD
but used no modules. Overall, 57% (n=51) of active participants
recorded their CAT score one or more times, 39% (n=35)
initiated pulmonary rehabilitation training, 24% (n=21) viewed

educational course material, and 10% (n=9) watched at least
one inhaler technique video. Out of 89 participants, 15 (17%)
were very high users based on symptom scoring frequency
(Figure 2, C), and 14 of these (93%) also used four or five
myCOPD modules (Figure 2, B), suggesting a discrete subgroup
of highly engaged users. There was no overall correlation
between myCOPD engagement and participant age, SIMD
status, or rurality (Multimedia Appendices 1 and 2).
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Figure 2. myCOPD engagement. Bar charts showing (A) time taken to activate myCOPD account following enrollment, (B) participant module usage,
and (C) frequency of entering symptom scores. COPD: chronic obstructive pulmonary disease.

To evaluate myCOPD effectiveness, we quantified the daily
incidence of inpatient bed days, hospital admissions, home
visits, clinic appointments, and out-of-hours care provision for
an average of 375 (SD 32) days before and 239 (SD 46) days
after myCOPD activation, for a total of 69,211 participant days
(47,972 days before and 21,239 days after). There were no
significant differences in hospital admissions, inpatient bed

days, or other health service use before or
after myCOPD activation, apart from a modest increase in home
visits consistent with previous telemonitoring studies [15]
(Figure 3, A). Even after excluding participants who did not
activate their license, there remained no significant difference
for any of the categories.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e30782 | p.172https://mhealth.jmir.org/2022/2/e30782
(page number not for citation purposes)

Cooper et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 3. Daily incidence of health service usage before and after myCOPD activation. (A) Average daily incidence of health service use among all
participants before and after myCOPD activation. Subgroup analysis of average daily inpatient bed day use before and after myCOPD activation
according to (B) module usage and (C) frequency of symptom scoring. COPD: chronic obstructive pulmonary disease; OOH: out-of-hours; RN: registered
nurse.

Subgroup analysis results can be seen in Multimedia Appendix
3, A-H. Although underpowered, subgroup analysis based on
either module usage (Figure 3, B; Multimedia Appendix 3, E)
or symptom scoring frequency (Figure 3, C; Multimedia
Appendix 3, F) did identify trends toward reduced inpatient bed
days and hospital admissions for highly engaged users. There
were also increased home visits in all subgroups after myCOPD
activation regardless of module usage or symptom scoring
frequency (Multimedia Appendix 3, A and B). No other trends
in health service use were observed based on subgroup analysis
regarding clinic appointments (Multimedia Appendix 3, C and
D) and out-of-hours contacts (Multimedia Appendix 3, G and
H).

Discussion

This study is the longest and largest evaluation of the digital
health self-management technology myCOPD to date, the only
one involving a predominantly remote and rural population,
and the first to recruit patients from within community care
settings using a pragmatic approach. Enrollment and engagement
with myCOPD was popular, with 78.8% (89/113) of participants
activating the technology and 89% (79/89) of these participants
using at least one module or entering their symptom scores at
least once. Only 14.3% (20/140) of people approached declined
to participate in the study, and there was no correlation between
participant enrollment, activation, or engagement and either

age, socioeconomics, rurality, or disease severity, suggesting
that these are not significant barriers to using myCOPD. This
finding may help mitigate perceived risks of increased health
inequalities associated with the use of digital health technologies
as part of routine care provision.

Despite high levels of activation, myCOPD did not reduce
overall demands on health services. These findings are consistent
with the limited evidence supporting the use of COPD
self-management technologies, but they contrast with previous
studies involving myCOPD [8-11]. There are several possible
explanations for this difference. First, our study involved
community-based recruitment of stable patients with COPD
irrespective of exacerbation frequency, whereas other trials
recruited hospital-based patients immediately following an acute
exacerbation where motivation to engage in self-management
may be greater. Second, previous studies collected data for only
90 days and, therefore, evaluated acute rather than long-term
myCOPD benefits [9]. Finally, it remains possible that cultural
or socioeconomic differences between rural and urban
participants might influence myCOPD engagement and impact.
Our results highlight the need for further evaluation of myCOPD
and other digital health technologies ahead of their widespread
procurement and adoption as part of routine health services. It
may be that myCOPD can function as an effective tool in
reducing COPD exacerbations when offered to participants in
hospital and at a time of crisis, whereas it may not function in
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this manner when offered to patients in the community who are
not actively in crisis or experiencing an exacerbation.

Despite no overall reduction in health service use, we did
observe trends toward reduced hospital admissions and inpatient
bed days in a subgroup of highly engaged users. This suggests
the technology may be clinically beneficial if it is highly used
and suggests that a greater emphasis is needed for understanding
the motivation to use digital self-management tools and how to
promote increased, meaningful user engagement. Paradoxically,
previous studies indicate that those patients who may benefit
most from engaging with digital self-management technologies
are the least likely to do so [16]. Our observation that highly
engaged myCOPD users were indistinguishable in terms of age,
socioeconomics, rurality, or disease severity suggests that the
factors driving meaningful user engagement are complex and
require further attention. This will necessitate increased
collaboration among a wide group of stakeholders, including
patients, throughout all stages of digital health technology
design, development, and testing.

One potential limitation of this study involves differences in
the amount of data we collected before versus after myCOPD
activation (47,972 participant days before and 21,239 after).
Our original design involved collecting an equivalent quantity

of data before and after myCOPD activation, but a decision was
made to terminate the study on March 1, 2020, due to the
emergent COVID-19 pandemic. We mitigated the impact of
this change by evaluating data according to daily rather than
annual individual health service usage. Interestingly, and despite
cessation of formal data collection, we observed increased
myCOPD engagement among many participants after March
2020, which may reflect changes in health behavior when access
to face-to-face services was limited. A further impact of the
COVID-19 pandemic was our limited ability to evaluate the
effect of seasonality on exacerbation frequency, and it is possible
that the inclusion of data beyond March 2020 may have resulted
in different outcomes.

In conclusion, although our study does not support
implementation of myCOPD to reduce health service demands
on NHS Highland on a population-wide basis, our results do
indicate that some highly engaged patients may derive benefits.
Thus, individuals can be encouraged to individually adopt
myCOPD as part of their self-management care should they
find it useful. Further research is needed to understand what
motivates some individuals to engage with digital health
technologies, in order to facilitate the design and development
of clinically and economically effective self-management tools.
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Multimedia Appendix 1
Comparison of myCOPD engagement and patient demographics. Average daily symptom scoring frequency according to participant

age (top), SIMD quintile (middle), and rurality score (bottom). Trendline and R2 values are representative of all participant data.
COPD: chronic obstructive pulmonary disease; SIMD: Scottish Index of Multiple Deprivation.
[PNG File , 85 KB - mhealth_v10i2e30782_app1.png ]

Multimedia Appendix 2
Comparison of myCOPD engagement and patient demographics. myCOPD module usage according to participant age (top),

SIMD quintile (middle), and rurality score (bottom). Trendline and R2 values are representative of all participant data. COPD:
chronic obstructive pulmonary disease; SIMD: Scottish Index of Multiple Deprivation.
[PNG File , 64 KB - mhealth_v10i2e30782_app2.png ]

Multimedia Appendix 3
Subgroup analysis of health service usage relative to myCOPD engagement. Average daily home visits (A, B), registered nurse
(RN) clinics (C, D), hospital admissions (E, F), and out-of-hours (OOH) care (G, H) according to myCOPD module usage (A,
C, E, G) or symptom scoring frequency (B, D, F, H) for all participant subgroups. COPD: chronic obstructive pulmonary disease.
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Abstract

Background: Research on whether wearable devices and app-based interventions can effectively prevent metabolic syndrome
(MetS) by increasing physical activity (PA) among middle-aged people living in the rural areas of South Korea remains insufficient.

Objective: The aim of this study was to determine whether mobile and wearable device interventions can improve health
indicators, including PA, in MetS risk groups in rural South Korea.

Methods: In this clinical trial, performed from December 2019 to June 2020, participants were asked to use a wearable device
(GalaxyWatch Active1) alone (standard intervention) or the wearable device and mobile app (Yonsei Health Korea) (enhanced
intervention). Clinical measures and International Physical Activity Questionnaire (IPAQ) scores were evaluated initially and
after 6 months. The number of steps was monitored through the website. The primary outcome was the difference in PA and
clinical measures between the enhanced intervention and standard intervention groups. The secondary outcome was the decrease
in MetS factors related to the change in PA.

Results: A total of 267 participants were randomly selected, 221 of whom completed the 6-month study. Among the 221
participants, 113 were allocated to the enhanced intervention group and 108 were allocated to the standard intervention group.
After 6 months, the body weight and BMI for the enhanced intervention group decreased by 0.6 (SD 1.87) and 0.21 (SD 0.76),
respectively (P<.001). In both groups, systolic blood pressure, diastolic blood pressure, waist circumference, and glycated
hemoglobin A1c (HbA1c) decreased (P<.001). The total PA was approximately 2.8 times lower in the standard intervention group
(mean 44.47, SD 224.85) than in the enhanced intervention group (mean 124.36, SD 570.0). Moreover, the enhanced intervention
group achieved the recommended level of moderate to vigorous physical activity (MVPA), whereas the standard intervention
group did not (188 minutes/week vs 118 minutes/week). Additionally, the number of participants in the enhanced intervention
group (n=113) that reached 10,000 daily steps or more after the intervention increased from 9 (8.0%) to 26 (23.1%) (P=.002),
whereas this number did not increase significantly in the standard intervention group (n=108), from 8 (7.4%) to 16 (14.8%)
(P=.72). The number of participants without any MetS factors increased by 12 (11%) and 8 (7%) in the enhanced and standard
intervention group, respectively.

Conclusions: PA monitoring and an intervention using wearable devices were effective in preventing MetS in a rural population
in Korea. Blood pressure, waist circumference, and HbA1c were improved in both intervention groups, which were effective in
reducing MetS factors. However, only the participants in the enhanced intervention group continuously increased their MVPA
and step counts above the recommended level to prevent MetS. Body weight and BMI were further improved, and a higher number
of participants with zero MetS factors was attained from the enhanced intervention.

Trial Registration: Clinical Research Information Service KCT0005783; https://cris.nih.go.kr/cris/search/detailSearch.do/16123

(JMIR Mhealth Uhealth 2022;10(2):e34059)   doi:10.2196/34059
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Introduction

Background
Metabolic syndrome (MetS) is a disease characterized by three
or more of the following five factors: abdominal obesity, high
blood pressure, high blood sugar, high triglycerides, and high
high-density lipoprotein cholesterol [1]. Approximately
one-quarter of the world’s adult population has MetS [2], which
is a major cause of disability as well as a leading cause of death
in 60% of the global population [3]. MetS is also a serious risk
factor for heart disease, stroke, and type 2 diabetes [4]. Research
shows that rural residents are less accessible and active than
urban residents, who reported exercising in constructed
environments such as neighborhood streets, parks, and shopping
malls. There is also a difference in income level between urban
and rural populations [5]. Moreover, studies have shown that
rural residents lack education regarding proper eating habits
compared to urban residents and are more likely to be obese;
in addition, their socioeconomic status and access to medical
services are lower than those of urban residents [6,7]. Rural
residents appear to have a higher risk for MetS and a higher
disease burden than urban residents due to these differences in
infrastructure [8].

Global smartwatch sales continue to increase, which are
expected to reach 109.2 million units in 2023 [9], and the
wearable device market is expected to continue to expand [10].
Mobile health (mHealth) technologies using apps and wearable
devices are becoming increasingly popular, as they allow
patients to monitor their own health conditions [11,12].
Moreover, mobile apps suggest a variety of methods to prevent
disease and maintain and improve patient health [13]. Wearable
devices can improve the lifestyle of patients with chronic
diseases [14]. Previous reviews on promoting physical activity
(PA) in adults have shown evidence for the effectiveness of
mHealth on increasing PA [15,16]. Most health-related
behaviors such as eating well and exercising regularly can lead
to significant improvements if sustained through motivation
[4,17]. However, it is difficult to promote the self-management
of chronic diseases among the elderly, which is also a valid
concern among the elderly population in Korea [14]. According
to a study by the Korea Institute for Health and Social Affairs,
which measured the PA of Korean adults (N=697), the
proportion of men aged 65 years or above who were engaged
in vigorous PA decreased by approximately half from 9.3% in
2010 to 4.9% in 2018, and the proportion of those engaged in
moderate PA decreased from 14.6% to 10%. During the same
period, the proportion of women of the same age engaging in
vigorous PA decreased from 3.3% to 2% and the proportion
engaging in moderate PA decreased from 6.6% to 4% [18].
These results suggest that lack of PA might be a health risk
factor for adults in Korea [19].

Previous studies have shown that PA offers a variety of health
benefits, including reducing anxiety and depression; improving
sleep and quality of life; and lowering the risk of developing

diabetes, heart disease, and many cancers [20]. It has been
reported that lack of PA increases health risks, including
coronary heart disease, type 2 diabetes, and cancer, and shortens
life expectancy from major noncommunicable diseases [19,20].
Regular PA can help to prevent aging-related declines in
physical function, and reduces morbidity and mortality [21].
Since self-management of chronic diseases requires treatment
or behavioral modification, support tools are needed to maintain
practice in daily life [22]. Interventions through wearables and/or
smartphone apps are effective in promoting PA in the adult
population [23].

Objectives
We hypothesized that intervention components, especially
wearable devices and mobile apps, for the prevention of MetS
will have a positive effect on PA in the middle-aged population
in Korea. The purpose of the study was two-fold: (1) to compare
the changes in clinical values and PA between an enhanced
intervention group and standard intervention group that had not
received the intervention for 6 months, and (2) to objectively
reduce risk factors of MetS. We further explored whether the
change in MetS risk factors is related to the measured PA
change.

Methods

Ethical Considerations
The study was performed at Yonsei University Wonju Severance
Christian Hospital (Wonju, Korea) between December 2019
and June 2020, and was approved after deliberation by the
Research Ethics Review Committee (approval number
CR319089; trial registration number KCT0005783). Participants
of the clinical trial were informed of the purpose and procedure
of the study through the consent form for participation in the
study and were asked to fill out the consent form in writing.
Instructions were provided in the questionnaire, including
statements that no personal information will be exposed for
purposes other than research, and that participation is voluntary
and can be withdrawn at any time.

Inclusion and Exclusion Criteria
The inclusion criteria were as follows: (1) adults aged 40 to 80
years, (2) people with one or more MetS factors (Textbox 1),
(3) participating in the Wonju-Pyeongchang cohort study via
the Korea Centers for Disease Control and Prevention, (4) agree
to participating in the clinical trial, and (5) able to participate
after understanding the training and instructions. A diagnosis
of MetS was based on the diagnostic criteria for MetS in Korea,
modified from the National Cholesterol Education Program
Adult Treatment Panel-III criteria. A total of 221 people (113
in the enhanced intervention group and 108 in the standard
intervention group) were enrolled according to the standards
for randomized controlled trials (Figure 1).

Besides having a MetS diagnosis or risk factor, participants also
had to have a smartphone using the Android operating system.
Participants had to be able to receive and read text messages,
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without have any difficulty in using wearable devices and mobile
apps that will send alerts. Some patients were excluded 1 month
before participation due to the use of warfarin (eg, Coumadin);
additionally, those with physical disabilities who could not use

a wearable device, those with skin diseases and dysfunction,
and those who had an aversion to the wearable device were
excluded.

Textbox 1. Metabolic syndrome factors considered for study inclusion.

• Waist circumference ≥90 cm in men and ≥80 cm in women

• Systolic blood pressure ≥130 mmHg or diastolic blood pressure ≥85 mmHg

• Triglyceride level ≥150 mg/dL

• High-density lipoprotein cholesterol level <40 mg/dL in men and <50 mg/dL in women

• Fasting plasma glucose level ≥100 mg/dL

Figure 1. Flowchart of study participants. PA: physical activity; IPAQ: International Physical Activity Questionnaire; MetS: metabolic syndrome.

Measures
Participants were selected among the existing
Wonju-Pyeongchang rural cohort list, and only those who were
connected and willing to participate in the clinical study were
recommended to visit the Smart Healthcare Support Center of
Wonju Severance Christian Hospital. On the first visit, an
approximate 1-hour session was performed including clinical
measurements, MetS education, and device education. Clinical
measurements comprised an 8-hour fasting blood test. Weight
and height were measured using an automated digital scale
(Tanita T6360) with shoes and jackets removed. Participants

were measured in a fasting state without outerwear. BMI was
calculated as the ratio of weight to height squared. Waist
circumference was measured using a digital tape measure (PIE,
Bagle Labs Co, Korea). An automated blood pressure meter
(HEM-9000T, Omron Co, Japan) was used to measure
diastolic/systolic blood pressure. All participants underwent
clinical examination before and after the start of the study.

Intervention
The structure and contents of the mobile app and text messages
were developed by the researchers and clinical research
coordinators. The National Health Insurance Service, the
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guidelines for endocrinology, educational materials, and
literature for existing MetS programs were referenced. The
overall flow chart of the study is shown in Figure 2. A wearable
device (Galaxy Watch Active1) was provided to both the
enhanced and standard intervention groups. The participants in
the enhanced intervention group were further provided with a
mobile app (Yonsei Health) that allows users to check text
messages, phone contacts, videos, and reference educational
materials customized for the prevention and treatment of MetS.
Participants were recommended to use the provided mobile app
and wearable device at least 3 times a week (more than 8
hours/day). The data from the wearable device were transmitted
to the web server through the website where the measurements
were checked by a research nurse. On the website, changes in

PA could be observed as the accumulated number of patients’
steps, and an SMS text message could be sent to the patient
directly. The standard intervention group received no
intervention other than self-monitoring, whereas the enhanced
intervention group was provided with feedback on their PA.
The feedback comprised reward messages for increased activity
or sufficient PA, and encouraging messages were provided every
other week if the level of activity decreased or remained
unchanged compared with that of the previous week. The
feedback was centered on encouraging and maintaining PA.
Health information provided through the mobile app contained
guidance on PA and lifestyle to prevent or reduce risk factors
for MetS, mainly comprising medical, lifestyle, nutrition,
exercise, and cognitive categories.

Figure 2. Flow of intervention.

Evaluation

Data Collection
The evaluation was performed at baseline and 6 months later.
Demographic data such as age, gender, education level, and
average monthly income were collected face to face using
questionnaires. Clinical measures were collected using the same
parameters to ensure comparability before and after the study.

PA Assessment
The short format of the International Physical Activity
Questionnaire (IPAQ) is a form for population surveillance and
the long format is designed to be used in research that requires
information on various PA areas [24]. The long-form IPAQ
includes a total of 31 items, providing a more detailed
assessment of the level of PA than the short format [25]. The
questions include home and garden work activities, occupational
activities, transportation use, and leisure time in the last 7 days,
which are designed to record the time of walking, vigorous and
moderate PA, and time spent sitting or lying down. The
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questionnaire was prepared by interviewing the research
coordinator and constructing a self-written form. Metabolic
equivalents of task (MET) was used to calculate official scores,
which is an intensity unit of PA determined as the ratio between
the metabolic rate during a given activity over the resting
metabolic rate [26]. PA was represented using the number of
days and duration (time) of activity, and was calculated based
on the following formulas [27]:

Walking (MET hours/week) = 3.3 × walking hours
× days (1)

Moderate PA (MET hours/week) = 4.0 × moderate
PA hours × days (2)

Vigorous PA (MET hours/week) = 8.0 × vigorous PA
hours×days (3)

Total MET minutes/week = sum of Walking +
Moderate + Vigorous MET minutes/week scores (4)

Step Counts
The number of steps was measured using a wearable device.
After each measurement, data were automatically uploaded to
the website through a Bluetooth-connected smartphone app.
The wearable device used in this study was a smartwatch that
enabled Bluetooth connection with the Android operating
system. This device was adopted because the user interface and
method of use were similar to those of smartphones; therefore,
there was no difficulty for participants to use it.

Statistical Analysis
The general characteristics of the subjects are summarized using
descriptive statistics. A paired t test was used to compare clinical

measures before and after the intervention, and a t test and a χ2

test were performed to compare differences between groups.
SPSS 26.0 was used for statistical analysis; P<.05 was
considered significant.

Results

Participant Characteristics
Participants were recruited after obtaining Institutional Review
Board approval in December 2019, and registration began
thereafter. Data collection lasted for up to 6 months from the
date of registration. Finally, of the 221 subjects included in the
study, 113 were allocated to the enhanced intervention group
and 108 were allocated to the standard intervention group. In
both groups, more than half of the participants had secondary
or higher education (80.9% and 81.4%, respectively), and the
mean age was 64.8 (SD 6.3) and 66.3 (SD 6.2) years in the
enhanced and standard intervention group, respectively (Table
1). Women accounted for more than 50% of the cohort. The
two groups did not differ with respect to educational attainment,
marital status, and monthly income. Clinical measures such as
BMI, glycated hemoglobin (HbA1c), triglycerides, and blood
pressure were not different between groups; however,
high-density lipoprotein cholesterol levels differed between the
two groups (P=.03). Additionally, the proportion of patients
with MetS at baseline was higher in the standard intervention
group (P=.03).
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Table 1. Characteristics of the study participants at baseline.

P valueStandard intervention group (n=108), n (%)Enhanced intervention group (n=113), n (%)Variables

.07Age group (years)

1 (0.9)0 (0)35-50

78 (72.9)86 (76.1)51-70

29 (26.2)27 (23.9)>70

.21Gender

52 (48.1)45 (39.8)Male

56 (51.9)68 (60.2)Female

.34Level of education

1 (0.9)0 (0)No response

1 (0.9)2 (1.8)No formal schooling

18 (16.7)19 (16.8)Elementary school

20 (18.5)23 (20.4)Middle school

36 (33.3)44 (38.9)High school

24 (22.2)20 (17.7)University

8 (7.4)5 (4.4)Postgraduate

.59Marital status

0 (0)1 (0.9)Never married

102 (94.4)106 (93.8)Married

0 (0)1 (0.9)Divorced

6 (5.6)5 (4.4)Widowed

.19Average monthly income (Wona)

12 (11.1)15 (13.3)<1 million

55 (50.9)54 (47.8)1-2.99 million

23 (21.3)34 (30.1)3-4.99 million

18 (16.7)10 (8.8)≥5 million

.61BMI (kg/m2)

16 (14.8)22 (19.5)<23

34 (31.5)37 (32.7)23-24.9

58 (53.7)54 (47.8)≥25

.11HbA1c
b(%)

34 (31.5)50 (44.3)≤5.6

67 (62.0)53 (46.9)5.7-6.4

7 (6.5)10 (8.8)≥6.5

.15TGc (mg/dL)

81 (75.0)94 (83.2)<200

14 (13.0)8 (7.1)200-239

13 (12.0)11 (9.7)≥240

.03HDL-Cd (mg/dL)

94 (87.0)90 (79.6)<60

14 (13.0)23 (20.4)≥60

.32SBPe (mmHg)
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P valueStandard intervention group (n=108), n (%)Enhanced intervention group (n=113), n (%)Variables

6 (5.6)9 (8.0)<120

38 (35.2)51 (45.1)120-139

50 (46.3)39 (34.5)140-159

14 (13.0)14 (12.4)≥160

.60DBPf (mmHg)

13 (12.0)12 (10.6)<80

41 (38.0)44 (38.9)80-89

40 (37.0)45 (39.8)90-99

14 (13.0)12 (10.6)≥100

.03MetSg factors

10 (9.3)16 (14.2)1

25 (23.1)35 (31.0)2

33 (30.6)32 (28.3)3

33 (30.6)26 (23.0)4

7 (6.5)4 (3.5)5

a10 Won=US $0.01.
bHbA1c: glycated hemoglobin.
cTG: triglyceride.
dHDL-C: high-density lipoprotein cholesterol.
eSBP: systolic blood pressure.
fDBP: diastolic blood pressure.
gMetS: metabolic syndrome.

Change in Participant Measures From Baseline to
Follow-Up
Table 2 shows the PA and clinical values measured before and
after the intervention. In the enhanced intervention group, body
weight, BMI, systolic and diastolic blood pressure, waist
circumference, and HbA1c decreased (P<.001), whereas in the
standard intervention group, only systolic and diastolic blood
pressure, waist circumference, and HbA1c decreased (P<.001).

In both groups, vigorous PA increased and sitting time decreased
(P<.001), and total PA (P=.02 and P=.04 in the enhanced and
standard intervention group, respectively) and time of walking
(P<.001) also increased. However, in the enhanced intervention
group, vigorous PA, total PA, and walking time increased more
than those in the standard intervention group, and the sitting
time decreased. The increase of moderate PA was also larger
in the enhanced intervention group (Table 2).
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Table 2. Change in clinical and physical activity outcomes in the study groups following the intervention.

Standard intervention group (n=108)Enhanced intervention group (n=113)Variables

P valueChangeFollow-upBaselineP valueChangeFollow-upBaseline

.550.1 (3.09)65.8 (9.0)65.7 (9.0)<.001–0.6 (1.8)64.9 (10.5)65.5 (10.7)Weight (kg), mean (SD)

.810.0 (0.9)25.7 (2.9)25.7 (2.9)<.001–0.2 (0.7)25.3 (2.9)25.5 (3.0)BMI (kg/m2), mean (SD)

<.001–15.6 (24.4)126.1 (21.4)141.8
(18.1)

<.001–13.0 (14.6)126.5 (13.9)139.5 (15.8)SBPa (mm Hg), mean (SD)

<.001–9.2 (8.1)79.8 (9.1)89.1 (8.8)<.001–9.7 (8.4)80.0 (9.0)89.7 (8.6)DBPb (mm Hg), mean (SD)

<.001–2.9 (5.0)89.5 (7.7)92.4 (6.7)<.001–4.1 (4.4)87.0 (8.0)91.2 (7.6)WCc (cm), mean (SD)

.170.9 (7.0)48.5 (10.4)47.5
(10.7)

.25–0.8 (7.9)49.6 (10.6)50.5 (10.1)HDL-Cd (mg/dL), mean (SD)

0.11–20.3
(134.5)

150.1 (87.0)170.4
(150.8)

.158.5 (63.3)155.2 (99.5)146.6 (88.1)TGe (mg/dL), mean (SD)

<.001–0.1 (0.2)5.7 (0.5)5.8 (0.6)<.001–0.1 (0.2)5.6 (0.4)5.7 (0.4)HbA1c
f (%), mean (SD)

PAg, mean (SD)

<.0010.7 (2.5)1.5 (2.2)0.8 (1.6)<.0011.5 (5.3)2.3 (4.8)0.8 (2.3)Vigorous PA (hours/week)

.27–0.1 (1.4)0.4 (0.8)0.5 (1.1).470.2 (2.6)0.7 (2.3)0.5 (1.3)Moderate PA (hours/week)

.10–0.2 (1.5)0.7 (1.4)0.5 (0.6).05–0.4 (2.2)1.0 (2.0)0.6 (1.1)Walking (hours/week)

<.001–2.1 (5.7)9.7 (6.9)11.8 (8.3)<.001–2.4 (7.5)8.3 (4.9)10.7 (7.8)Sedentary behavior
(hours/week)

.0444.4 (224.8)161.7
(204.3)

117.2
(123.9)

.02127.1
(574.6)

250.5
(535.3)

123.4 (209.0)Total PA (minutes/week)

<.0012673.4
(3124.6)

8945.5
(3843.3)

6272.1
(2024.5)

<.0012990.1
(2892.5)

9214.3
(3205.5)

6224.2 (2048.5)Steps (n/day)

MetSh factors

<.001–0.8 (1.1)2.1(1.1)3.0(1.0)<.001–0.7 (1.1)2.0 (1.1)2.7 (1.0)Number, mean (SD)

N/AN/A8(7.5)0(0.0)N/AN/Ai12 (10.6)0 (0.0)0, n (%)

N/AN/A24(22.2)10(9.2)N/AN/A25 (22.1)16 (14.2)1, n (%)

N/AN/A36(33.3)25(23.1)N/AN/A34 (30.1)35 (31.0)2, n (%)

N/AN/A25(23.1)33(30.6)N/AN/A33 (29.2)32 (28.3)3, n (%)

N/AN/A14(13.0)33(30.6)N/AN/A9 (8.0)26 (23.0)4, n (%)

N/AN/A1(0.9)7(6.5)N/AN/A0 (0.0)4 (3.5)5, n (%)

aSBP: systolic blood pressure.
bDBP: diastolic blood pressure.
cWC: waist circumference.
dHDL-C: high-density lipoprotein cholesterol.
eTG: triglyceride.
fHBA1c: glycated hemoglobin.
gPA: physical activity.
hMetS: metabolic syndrome.
iN/A: not applicable.

Changes in the Number of Steps to Meet Guidelines
Table 3 shows the changes in the number of steps before and
after the intervention. For the prevention of chronic diseases,
according to the guidelines for PA in Korea and the United
States, taking at least 10,000 steps per day is recommended
[28]. In the enhanced intervention group, there was a significant

increase in the number of participants that met the recommended
step count after the intervention. Although this number also
increased in the standard intervention group, the change was
not statistically significant. Table 3 shows the monthly average
number of steps from baseline, demonstrating no significant
differences in the initial step counts between the two intervention
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groups, with the counts increasing in both groups until the fourth
month. In the enhanced intervention group, the number of steps
continued to increase from the beginning to the end of the trial,

whereas in the standard intervention group, the number of steps
gradually decreased from the fifth month until the last month.

Table 3. Proportion of participants meeting the step guidelines before and after the intervention.

P valueFollow-upBaselineSteps per day

.002Enhanced intervention group (n=113), n (%)

87 (76.9)104 (92.0)<10,000

26 (23.1)9 (8.0)≥10,000

.72Standard intervention group (n=108), n (%)

92 (85.2)100 (92.6)<10,000

16 (14.8)8 (7.4)≥10,000

Discussion

Principal Findings and Comparison With Prior Studies
The results of this study showed that the app of the wearable
device itself was effective in reducing blood pressure, waist
circumference, and HbA1c. The addition of a mobile app along
with the wearable device to the intervention also led to reduced
weight and BMI. This result is consistent with a previous study
that used a mobile app and a wearable device in an overweight
cohort, and found that increasing PA reduced the risk of type
2 diabetes and lowered blood pressure through clinically
significant weight loss [29]. In addition, the results of a study
measuring the number of steps and activity levels in the elderly
were similar to those obtained in the enhanced intervention
group of this study regarding significant reductions in their
weight and BMI [30]. Rowley et al [31] also found that an
intervention in which participants were provided feedback via
websites, along with education and self-management had more
activity than that of the group that received only an activity
meter. These results are attributed to the additional education
on MetS disease, normal reference values, correct eating habits,
and the importance of increased activity. However, this result
is in contrast to the findings of another study showing that
monitoring and smartphone apps did not significantly improve
PA in patients with chronic obstructive pulmonary disease [32].

Increased PA has been shown to prevent or delay the onset of
diabetes, heart disease, and chronic diseases [33]; thus,
increasing the PA among groups with at least one major risk
factor should be considered a priority for disease prevention.

In this study, the IPAQ was used to evaluate the aspects of PA
that cannot be measured using wearable devices alone, while a
wearable device was used to quantify movement data to assess
PA. Accordingly, the number of steps was measured using
wearable devices, and the amount of personal PA, including
vigorous exercise and sitting time, was investigated by the
IPAQ. Text messages and mobile apps are currently being used
as interventions to increase PA owing to their affordability and
convenience, and have been established as important strategies
that can change the lifestyle of the wearer. However, few studies
have investigated how wearable devices and apps can be used
to prevent MetS through changes in PA in the middle-aged
population living in rural areas of Korea. Wang et al [34]

reported that using a wearable device and providing a text
message for 6 weeks resulted in participants with obesity
significantly increasing their activity by 1266 steps in 1 week;
however, this was reduced to a mere increase of 24 steps in the
consecutive weeks. Additionally, the total PA time decreased
by 15 minutes. In this study, the number of steps increased by
2990 by the end of the clinical trial, and the total PA time
increased by 127 minutes. In previous studies, a minimum of
150 minutes of moderate to vigorous physical activity (MVPA)
per week was recommended to prevent cardiovascular disease
and chronic diseases, which is also the recommended PA level
in the Korean and US guidelines [7,35,36]. In this study, only
the enhanced intervention group reached the recommended
MVPA (188 minutes per week vs 118 minutes per week in the
standard intervention group). Owolabi et al [37] reported that
adherence to the recommended PA was low even after a text
message intervention; however, in this study, intervention
through the app and text messages had an effect on participants
reaching the recommended goal. In addition, the enhanced
intervention group showed higher persistence, whereas in the
standard intervention group, the number of steps initially
increased and then decreased from the middle to late part of the
study period.

Recommendations and Limitations
To our knowledge, this is one of the few studies that analyzed
the impact of wearable devices on the promotion of PA in
middle-aged people living in rural areas of Korea. Recently, the
accumulation of clinical data through connected devices with
mobile apps has soared. However, evaluation of the clinical
measures obtained by using the intervention service has not yet
reached the pace of development. In both the enhanced
intervention group using wearable devices and mobile apps and
the standard intervention group using only wearable devices,
the PA of the participants improved. This result suggests that
the improvement of PA in the standard intervention group may
have been a psychological effect of participating in the study.
However, the knowledge and information provided in text
messages and the app served as a major factor in preventing
MetS. The distribution of participants without any MetS factors
was confirmed to increase by 12 (10.6%) among the 113
participants in the enhanced intervention group and by only 8
(7.5%) among the 108 participants in the standard intervention
group. This finding is in contrast to the study by Jakicic et al
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[38], who found that the protocol for monitoring PA and
providing feedback did not have significant effects. According
to Patel et al [39], wearable devices can promote health behavior
change, but their successful use and potential health benefits
depend more on the design of engagement strategies than on
the characteristics of the technology. This highlights the need
for personal encouragement, competitive spirit and
collaboration, and effective feedback that are linked to human
behavior.

A limitation of this study is that the participants were only
recruited from rural areas in Korea; hence, the cohort was fairly
homogeneous with a similar lifestyle and infrastructure. In the
future, it will be necessary to provide information on cultural
factors and rural geographical characteristics suitable for
Koreans, and that proper diet and lifestyle modifications are
needed to prevent chronic diseases. In addition, comparative

studies between urban and rural residents in Korea are needed,
along with examining the trends of lifestyle and clinical
indicators, including various diseases and patient groups,
through various wearable devices and advanced mobile apps.

Conclusions
PA monitoring and intervention using a wearable device for 6
months effectively prevented MetS in rural participants in Korea.
Moreover, blood pressure, waist circumference, and HbA1c

levels improved in both intervention groups, which were
effective in reducing MetS factors. However, there was a
difference in the persistence of PA between the two groups. The
enhanced intervention group continuously increased the amount
of PA above the recommended level to prevent MetS, and as a
result, body weight and BMI were further improved. Since the
clinical values that can confirm the improvement of MetS may
not improve in a short time, a longer-term study is needed.
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Abstract

Background: Patients hospitalized with acute coronary syndrome (ACS) or heart failure (HF) are frequently readmitted. This
is the first randomized controlled trial of a mobile health intervention that combines telemonitoring and education for inpatients
with ACS or HF to prevent readmission.

Objective: This study aims to investigate the feasibility, efficacy, and cost-effectiveness of a smartphone app–based model of
care (TeleClinical Care [TCC]) in patients discharged after ACS or HF admission.

Methods: In this pilot, 2-center randomized controlled trial, TCC was applied at discharge along with usual care to intervention
arm participants. Control arm participants received usual care alone. Inclusion criteria were current admission with ACS or HF,
ownership of a compatible smartphone, age ≥18 years, and provision of informed consent. The primary end point was the incidence
of unplanned 30-day readmissions. Secondary end points included all-cause readmissions, cardiac readmissions, cardiac
rehabilitation completion, medication adherence, cost-effectiveness, and user satisfaction. Intervention arm participants received
the app and Bluetooth-enabled devices for measuring weight, blood pressure, and physical activity daily plus usual care. The
devices automatically transmitted recordings to the patients’ smartphones and a central server. Thresholds for blood pressure,
heart rate, and weight were determined by the treating cardiologists. Readings outside these thresholds were flagged to a monitoring
team, who discussed salient abnormalities with the patients’ usual care providers (cardiologists, general practitioners, or HF
outreach nurses), who were responsible for further management. The app also provided educational push notifications. Participants
were followed up after 6 months.
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Results: Overall, 164 inpatients were randomized (TCC: 81/164, 49.4%; control: 83/164, 50.6%; mean age 61.5, SD 12.3 years;
130/164, 79.3% men; 128/164, 78% admitted with ACS). There were 11 unplanned 30-day readmissions in both groups (P=.97).
Over a mean follow-up of 193 days, the intervention was associated with a significant reduction in unplanned hospital readmissions
(21 in TCC vs 41 in the control arm; P=.02), including cardiac readmissions (11 in TCC vs 25 in the control arm; P=.03), and
higher rates of cardiac rehabilitation completion (20/51, 39% vs 9/49, 18%; P=.03) and medication adherence (57/76, 75% vs
37/74, 50%; P=.002). The average usability rating for the app was 4.5/5. The intervention cost Aus $6028 (US $4342.26) per
cardiac readmission saved. When modeled in a mainstream clinical setting, enrollment of 237 patients was projected to have the
same expenditure compared with usual care, and enrollment of 500 patients was projected to save approximately Aus $100,000
(approximately US $70,000) annually.

Conclusions: TCC was feasible and safe for inpatients with either ACS or HF. The incidence of 30-day readmissions was
similar; however, long-term benefits were demonstrated, including fewer readmissions over 6 months, improved medication
adherence, and improved cardiac rehabilitation completion.

Trial Registration: Australian New Zealand Clinical Trials Registry ACTRN12618001547235;
https://www.anzctr.org.au/Trial/Registration/TrialReview.aspx?id=375945

(JMIR Mhealth Uhealth 2022;10(2):e32554)   doi:10.2196/32554
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Introduction

Cardiovascular Disease
Cardiovascular disease remains the most prevalent cause of
morbidity and mortality in high-income countries despite
significant advances in treatment over the last 5 decades.
Myocardial infarction is responsible for 15% of worldwide
mortality [1], and heart failure (HF) affects >26 million people
worldwide [2]. Recent epidemiological data show that
cardiovascular mortality is no longer declining and is indeed
rising in some communities [3], and hospitalization rates are
universally increasing [4,5]. The principal drivers include an
aging population and rising prevalence of adult and childhood
obesity [6,7]. Coupled with increasing health care costs, these
trends raise concerns regarding the sustainability of the already
overburdened traditional model of health care.

Cardiac readmissions are a potential target for system
improvement. Readmission rates for both acute coronary
syndrome (ACS) and HF approach 20% for patients in the first
month after discharge [8-10]. Readmissions are associated with
increased mortality and costs for the health care system [11].
In Australia, the estimated annual cost of readmissions for HF
exceeds Aus $600 million (US $463.7 million) [12]. A recent
audit of 3 hospitals in the state of New South Wales reported
that 27% of angina pectoris admissions and 63% of HF
admissions were preventable [13].

Up to 45% of mortality from recurrent myocardial infarction is
preventable [14]. Secondary prevention for both conditions
(ACS and HF) is critical and involves maximizing medication
compliance, self-care, and optimization of modifiable risk
factors, including weight and blood pressure (BP). However,
secondary prevention programs have suboptimal uptake. For
ACS, the cornerstone of secondary prevention is cardiac
rehabilitation (CR), which is only attended by 20% to 30% of
eligible participants because of competing demands such as
employment and family responsibilities as well as travel time

and costs [15]. For HF, management using community HF teams
is resource-intensive and not uniformly available.

Telehealth
Telehealth, the provision of health care by means of
telecommunication technology, is a valuable adjunct in the
management of chronic diseases. Within the scope of telehealth
is mobile health (mHealth), which uses ubiquitous mobile phone
technology for service delivery. Broadly, mHealth interventions
encompass SMS text messaging strategies and telemonitoring
systems in the form of smartphone apps. Telemonitoring is the
practice of remote transmission and receipt of physical
parameters such as pulse rate, BP, and weight. A recent
meta-analysis found that the use of mHealth interventions in
cardiovascular disease was associated with an improvement in
BP and HF hospitalization rates [16]. The most successful
interventions included several key factors: a method of flagging
abnormal results, involvement of the patients’ usual health care
providers, and automatic data transmission as opposed to manual
data entry by the patients. Thus, from a collaboration between
a team of hospital-based clinicians and biomedical engineers,
the TeleClinical Care (TCC) smartphone app was developed to
include all these factors. Crucially, the app contains an
educational component in addition to telemonitoring, making
it a rare multifunctional mHealth intervention to undergo a
randomized controlled trial (RCT). The app was designed to be
used by patients diagnosed with either ACS or HF to maximize
uptake. It is the first mHealth telemonitoring intervention to be
trialed in Australian patients with HF.

Objectives
The primary objective is to examine the efficacy of the TCC
model compared with usual care alone on the incidence of
30-day hospital readmission rates in patients recently discharged
with ACS or HF. Secondary objectives include: (1) to describe
the compliance rate with the intervention as well as the
frequency of alerts and actions subsequently undertaken, (2) to
examine the impact of the intervention on clinical outcomes,
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(3) to examine the cost-effectiveness of the intervention, and
(4) to measure patient satisfaction with the intervention.

Methods

Participants
Patients were recruited between February 2019 and March 2020
from 2 hospitals in Sydney, New South Wales, Australia (Prince
of Wales Hospital and The Sutherland Hospital). Patients were
eligible if they were being discharged after an admission for
either HF or ACS, were aged ≥18 years, and owned a compatible
smartphone (defined as operating either Apple iOS 9.0 or above,
or Android 7.0 Nougat or above). The exclusion criteria were
inability or unwillingness to provide informed consent, inability
to operate the app because of physical or cognitive limitations,
inability to attend in-person follow-up (such as participants who
normally resided outside of Sydney) or travel overseas for any
duration within the first 30 days after discharge or for a period
of >1 month, or expected discharge to another hospital or a
nursing home. Advanced age, comorbidities, and familiarity
with smartphone apps were not used as inclusion or exclusion
criteria. All patients who met the inclusion criteria were
approached for participation. The participants did not receive
any financial compensation during the trial.

Ethics
This study received ethical approval from the South Eastern
Sydney Local Health District Human Research Ethics
Committee (approval number 2019/ETH11442). The study was
registered with the Australian New Zealand Clinical Trials
Registry (ACTRN12618001547235).

Enrollment
Patients were enrolled during the index admission after
providing written informed consent. All baseline data were
collected before discharge and before randomization. BP and
weight were measured using an automatic digital
sphygmomanometer (A&D Medical UA-651BLE) and a digital
weighing scale (A&D Medical UC-352BLE). These same
devices were provided to the participants assigned to the
intervention arm. BP was measured in the seated position. A
total of 2 measurements were taken 1 to 5 minutes apart and
averaged. If the 2 systolic readings differed by >15 mm Hg, a
third measurement was taken, and the 2 closest readings were
averaged. Height was measured using a wall-mounted
stadiometer. Waist circumference was measured halfway
between the costal margin and iliac crest as per World Health
Organization guidelines [17]. A 6-minute walk distance test
was performed using a graduated 25-meter track with
standardized encouragement according to the protocol described
by the Lung Foundation of Australia [18]. The test was not
performed on those unsafe to complete it because of frailty,
unsteadiness, or physical limitations. Serum low-density
lipoprotein cholesterol levels were measured in blood samples
previously obtained during hospitalization. A written

questionnaire was provided to the participants containing the
Morisky–Green–Levine 4-item medication compliance (MGL)
score [19], the 5-level EuroQol 5-dimension quality of life
assessment [20], and the Patient Activation Measure [21]. All
baseline data were collected by study investigators: PI and JMc
at Prince of Wales Hospital, and AM and JM at Sutherland
Hospital.

Randomization
Before discharge, the participants were randomized 1:1 into
either TCC plus usual care or usual care alone. Block
randomization was performed using a randomization schedule
created by an independent statistician, which was subsequently
deployed within a web-based system (Research Electronic Data
Capture) [22]. Randomization strata included hospital and
primary diagnosis (ACS or HF). Randomization was performed
by the investigator who collected the baseline data (PI and JMc
at Prince of Wales Hospital, and AM and JM at Sutherland
Hospital).

Intervention
The participants assigned to the intervention arm received the
TCC app (Figure 1) on their smartphone and connected
Bluetooth peripheral devices at the time of discharge: a digital
sphygmomanometer, a digital weighing scale, and a fitness band
(Xiaomi MiBand 2; Figure 2). The participants were instructed
to measure BP and pulse rate via the sphygmomanometer, as
well as weight, daily. Before discharge, the participants were
shown how to use the devices and performed 1 measurement
with each device under the supervision of the research team
member to ensure the correct technique. The participants were
also provided with a pamphlet that described the correct
technique for using the devices and some basic troubleshooting
advice. Activity data were obtained either via the smartphone
or the fitness band as minutes of activity per day. Readings
could be performed at any time relative to medication dosing.
Readings were automatically transmitted from the peripheral
devices to the smartphone app via Bluetooth and subsequently
to a web-based server (KIOLA; Figure 3) developed at the
Austrian Institute of Technology and adapted for the Australian
context by the technical members of our team. Readings could
be displayed within the app in graphical form for viewing by
the patient. These graphs could be presented to the patient’s
general practitioner (GP) or cardiologist at follow-up visits, but
this was not mandated. The app provided 3 weekly educational
push notifications to promote healthy behavior choices,
including dietary advice, physical exercise, and smoking
cessation. The text for these notifications was based on the
National Heart Foundation of Australia’s Managing My Heart
Health consumer resource [23].

If readings had not been received by the server for >48 hours,
the participant was contacted by a biomedical engineer to
ascertain if there had been a technical issue. If the patient
admitted noncompliance with the program on 3 separate
occasions, they were not contacted again for absent readings.
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Figure 1. Screenshots of the TeleClinical Care (TCC) app. From left to right: the TCC app home screen, the appearance of an educational notification,
weekly record of blood pressure readings, and weekly record of weight readings.

Figure 2. Bluetooth-enabled peripheral devices. From left to right: sphygmomanometer (A&D Medical UA-651BLE), weighing scale (A&D Medical
UC-352BLE), and activity monitor (Xiaomi MiBand 2).
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Figure 3. Screenshot of the KIOLA back-end, which is visible to monitoring clinicians. Blood pressure and pulse rate are recorded when the data are
sent from the Bluetooth-enabled sphygmomanometer. Readings outside the shaded zone automatically trigger an email alert to the monitoring clinicians.
Bpm: beats per minute.

For each patient, customizable limits for BP, pulse rate, and
weight gain were defined at the time of discharge in consultation
with the treating cardiologist. This was a 2-tier system of yellow
(low priority) and red (high priority) alerts. For example, for a
particular patient, a systolic BP >180 mm Hg could be defined
as a red alert, and a systolic BP of 160-179 mm Hg could be
defined as a yellow alert. The limits could be modified during
the trial at the discretion of the monitoring team. If a reading
returned outside of the defined limits, an alert was delivered by
email to the monitoring team, which consisted of a cardiologist
and a cardiac nurse practitioner who alternated monitoring
duties. Emails were monitored from 8 AM to 5 PM on
weekdays. Alerts delivered after hours, on weekends, or on
public holidays were assessed the following weekday. Upon
reviewing an alert, the monitoring clinician would decide
whether to contact the patient and, upon doing so, assess whether
the alert required escalation to the patient’s GP or cardiologist.
Patients were mandatorily contacted following receipt of any
red alert. For yellow alerts, the monitoring team contacted the
patients based on their own discretion. For example, alerts that
were clearly erroneous (eg, a weight reading of 150 kg in a
patient who normally weighed 75 kg) or those that rapidly
normalized or were only marginally above the threshold and
not considered clinically significant did not mandatorily require
patient contact. Decisions to alter management or order
investigations were made by the patient’s GP or cardiologist

and not by the monitoring team. All alerts, response details, and
outcomes were recorded. Usual care, provided in both arms,
included a recommendation to follow up with the GP within 1
week of discharge and with the treating cardiologist, who
determined the timing of this visit. Patients with ACS were
referred to CR, and patients with HF were referred to the local
HF outreach service.

Outcome Parameters
The participants were followed up at 6 months. This occurred
in person until March 2020 and then by telephone after
COVID-19 was defined as a global pandemic. The primary
outcome was the number of readmissions at 30 days, which was
chosen because early readmissions are designated as a key
hospital performance indicator by the state government. The
occurrence of readmissions as well as the length of stay were
confirmed by patient interviews, review of the local electronic
medical records, and the Australian national health database
(MyHealthRecord). A readmission was defined as an unplanned
return to hospital, either via the emergency department (ED) or
direct admission, resulting in the acceptance of care of the
patient by any inpatient medical team. Planned admissions, ED
presentations that resulted in discharge without inpatient
admission, and admissions to the ED short stay unit were not
considered readmissions for the purpose of this study. The cause
of the readmission was determined by the summary diagnosis
given in the discharge summary and was classified as noncardiac

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e32554 | p.193https://mhealth.jmir.org/2022/2/e32554
(page number not for citation purposes)

Indraratna et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


or cardiac. CR attendance was defined as presence during at
least one session. CR completion was defined as attendance to
≥10 sessions or formal discharge by the CR staff. CR attendance
was routinely recorded in the patient’s electronic medical record
by the CR staff at both hospitals. Only patients with ACS were
included in this analysis as patients with HF are not routinely
referred to CR at either institution. The analysis was limited to
those enrolled ≥2 months before the closure of CR for
COVID-19. For in-person visits, physical parameters were
measured by blinded investigators. During the COVID-19
pandemic, the final BP (average of the last 2 readings) and
weight were obtained from the readings submitted via the app
for those in the intervention arm; however, the corresponding
values were not obtained from the participants in the control
arm. Follow-up blood tests were not mandated during the
pandemic. The participants completed the same questionnaires
at baseline by either written or telephone means depending on
whether the follow-up date was before or during the pandemic.
The participants in the intervention arm completed an evaluation
of the TCC program (user experience questionnaire) in either
written, telephone, or web-based form (Multimedia Appendix
1). This questionnaire was designed specifically for this study.
Alerts were defined as clinically significant alerts if they led to
a change in investigation or management or led directly to a
consultation with a health care professional. Major adverse
cardiovascular events were defined as a composite of all-cause
death, nonfatal myocardial infarction, and nonfatal stroke.

Statistical Analysis
As this was a pilot study, the sample size was not determined
by a formal power calculation. Readmission analysis was
performed using the Andersen–Gill Cox regression model.
Single continuous variables were analyzed using the 2-tailed t
test. Repeated measures were analyzed using linear mixed
models. Nonparametric variables were analyzed using the
Mann–Whitney U test. Single categorical variables were
analyzed using the Pearson chi-square test. Repeated categorical
variables were analyzed using generalized linear mixed models.
Linear and generalized linear mixed models generated both a
time interaction (change in parameters from baseline to

follow-up) and a group-by-time interaction (change in
parameters over time and between groups). Statistical analysis
was performed using Stata Statistical Software: Release 16
(StataCorp LLC) and IBM SPSS Statistics for Windows, version
26.0. All analyses applied the intention-to-treat principle.

Cost-Effectiveness
Running costs were recorded over the duration of the trial.
Components of the running costs included the cost of equipment,
staffing costs, server maintenance costs, and the cost of health
care consultations generated by the system. A figure of cost per
cardiac readmission saved was calculated by dividing the total
cost incurred by the difference in cardiac readmission rates
between the 2 groups. As costs in the research setting were
unlikely to reflect mainstream clinical practice, a 12-month real
world cost-effectiveness model was undertaken (Multimedia
Appendix 2).

Results

Screening, Enrollment, and Follow-up
Between February 2019 and March 2020, 565 potential
participants were screened for eligibility, of which 240 (42.5%)
did not own a compatible smartphone, which was the most
common reason for exclusion. Approximately 28.5% (161/565)
of patients met ≥1 of the remaining exclusion criteria, the most
common reasons being unwillingness to participate and living
outside Sydney (and being unable to return for in-person
follow-up; 58/161, 36% of patients in each case). A total of 128
patients with ACS and 36 patients with HF were enrolled for a
total of 164 participants (Figure 4). Enrollment was terminated
early at the onset of the COVID-19 pandemic. The app did not
operate on the smartphones of 2 patients in the intervention arm
(2/164, 1.2%). Another patient chose not to use the app after
randomization because of a new diagnosis of lung cancer,
although he did not withdraw from the study. These 3 patients
(3/164, 1.8%) and all others randomized into the intervention
regardless of compliance were included as part of the
intention-to-treat analysis. The mean follow-up time was 193
days. Of the 164 patients, 8 (4.9%) were lost to follow-up.
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Figure 4. Enrollment flowchart.

Baseline Characteristics
The mean age was 61.5 years, and 79.3% (130/164) of patients
were men (Table 1). Approximately 25.6% (42/164) of patients

had moderate or severe left ventricular dysfunction. Most
patients received guideline-directed medical therapy at baseline
(Multimedia Appendix 3).
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Table 1. Baseline characteristics of the enrolled cohort (N=164).

Control (n=83)TCCa (n=81)Characteristic

61.7 (12.6)61.3 (12.3)Age (years), mean (SD)

Gender, n (%)

65 (78)65 (80)Male

18 (22)16 (20)Female

Clinical characteristics

65 (78)63 (78)ACS,b n (%)

18 (22)18 (22)HF,c n (%)

21 (25)21 (26)Moderate or severe LVd dysfunction, n (%)

21 (25)18 (22)Current smoker, n (%)

20 (24)16 (20)Atrial fibrillation, n (%)

46 (55)39 (48)Hypertension, n (%)

22 (27)21 (26)Diabetes, n (%)

12 (14)11 (14)Chronic kidney disease, n (%)

121 (18)119 (18)Systolic BPe (mm Hg), mean (SD)

87.9 (22.3)85.0 (16.8)Weight (kg), mean (SD)

30.1 (6)28.5 (4.5)BMI (kg/m2), mean (SD)

104 (16)100 (13)Waist circumference (cm), mean (SD)

353 (124)385 (119)6-minute walk test distance (m), mean (SD)

2.26 (1.05)2.33 (0.9)LDL-Cf (mmol/L), mean (SD)

0.80 (0.17)0.84 (0.17)5-level EuroQol 5-dimension calculated score (−0.10 to 1.00), mean (SD)

63.1 (21)66.7 (18)Self-reported quality of life score (0-100), mean (SD)

3.293.11MGLg score (0-4)

63 (16)64.5 (15)Patient Activation Measure (0-100), mean (SD)

aTCC: TeleClinical Care.
bACS: acute coronary syndrome.
cHF: heart failure.
dLV: left ventricular.
eBP: blood pressure.
fLDL-C: low-density lipoprotein cholesterol.
gMGL: Morisky–Green–Levine 4-item medication compliance.

Readmissions at 30 Days
All-cause, unplanned readmissions at 30 days were similar in
the 2 groups (11 in the intervention arm and 11 in the control
arm; P=.97).

Total Readmissions
At 6 months, the intervention was associated with a reduction
in all-cause, unplanned readmissions, with a total of 21
readmissions in the intervention arm and 41 readmissions in
the control arm (hazard ratio [HR] 0.51, 95% CI 0.31-0.88;

P=.02; Figure 5). Cardiac readmissions were also less common
in the intervention arm (11 in the intervention arm vs 25 in the
control arm; HR 0.44, 95% CI 0.22-0.90; P=.03). There was a
numeric reduction in noncardiac readmissions during the study
period, which did not reach statistical significance (10 in the
intervention arm vs 16 in the control arm; HR 0.64, 95% CI
0.29-1.40; P=.26). Among patients with HF, there were 5 cardiac
readmissions in the intervention arm and 18 readmissions in
the control arm; however, this difference did not reach statistical
significance, likely because of the smaller patient population.
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Figure 5. Cumulative readmissions over the course of the trial. TCC: TeleClinical Care.

Compliance With the Intervention
The 2 patients for whom the app did not function on their
smartphones were excluded from the compliance analysis. The
average percentage of days that the participants transmitted data
was 64.2% (SD 27.5%). BP and weight transmissions occurred
at equal frequencies (64.2% of days each). Of the 79 patients,
60 (76%) transmitted data on >50% of days. Approximately
52% (42/81) of patients transmitted data on an average of ≥5
days per week (ie, more than 71% of all days). Approximately
20% (16/79) of patients transmitted data for less than an average
of 3 days per week.

Alerts
A total of 585 (2.5%) alerts were generated out of 23,401
transmissions, of which 419 (71.6%) were for the 63 patients
with ACS (mean 6.7 alerts per patient), and 166 (28.4%) were
for the 18 patients with HF (mean 9.2 alerts per patient;
Multimedia Appendix 4). Of the 79 patients, 11 (14%) did not
generate any alerts. On the basis of their interpretation of the
alerts, the monitoring clinicians chose to contact patients after
30.9% (181/585) of alerts, with a mean and median response

time of 12.5 hours and 5.0 hours, respectively. Approximately
12.5% (73/585) of alerts required discussion with one of the
patient’s health care professionals. The remaining alerts were
either erroneous, rapidly normalized, or not of clinical concern
(Multimedia Appendix 4). A total of 54 health care consultations
were generated from the alerts. The timing of 83% (45/54) of
these consultations was known, and the mean time to
consultation was 56 hours (median 26 hours). Approximately
16.1% (94/585) of alerts were clinically significant. Of the 79
patients, 42 (53%) did not generate any clinically significant
alerts. The causes of the alerts can be found in Multimedia
Appendix 4.

Clinical Outcomes
A total of 4 deaths occurred in the control arm (4/83, 5%) and
1 in the intervention arm (1/81, 1%). All deaths were of
cardiovascular causes. There was 1 nonfatal myocardial
infarction in the intervention arm (1/81, 1%) and none in the
control arm. No strokes occurred in either group. There was no
statistically significant difference in mortality or major adverse
cardiovascular events (Table 2).

Table 2. Major adverse cardiovascular events (MACEs; N=164).

P valueRelative risk (95% CI)Control (n=83)TCCa (n=81)Clinical outcome

.220.25 (0.03-2.24)41Mortality

.493.07 (0.13-74.3)01Nonfatal MIb

——c00Nonfatal stroke

.430.51 (0.10-2.72)42MACEs

aTCC: TeleClinical Care.
bMI: myocardial infarction.
cNot possible to calculate as there were no events.
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CR Attendance and Completion
There was no significant difference in CR attendance rates.
However, there were statistically significant differences in CR

completion rates, both as a proportion of participants who
attended and as a proportion of the total group population (Table
3).

Table 3. Cardiac rehabilitation completion rates (N=100).

Statistical analysisControl (n=49), n (%)TCCa (n=51), n (%)Parameter

P valueORb (95% CI)

.231.62 (0.74-3.58)21 (43)28 (55)Attendance rate

.043.30 (1.01-11)9 (43)d20 (71)cCompletion rate (attendees only)

.022.90 (1.15-7.17)9 (18)20 (39)Completion rate

aTCC: TeleClinical Care.
bOR: odds ratio.
cn=28.
dn=21.

Physical Parameters
Because of the cancellation of in-person visits, these outcomes
could not be assessed for many participants. The results are
summarized in Multimedia Appendix 5.

Questionnaire Results
At baseline, 10 patients in the intervention arm (10/81, 12%)
and 14 in the control arm (14/83, 17%) did not use regular
medications. These patients did not complete the MGL
questionnaire at baseline but were instructed to complete it at
follow-up. The proportion of patients who reported good
adherence (defined by an MGL score of 4/4) improved
significantly in the intervention arm (34/71, 48% to 57/76, 75%;
P<.001). In the control arm, this proportion fell from 61%
(42/69) to 50% (37/74; P=.19). Overall, there was a significant
interaction favoring the intervention arm (P=.002).

The self-reported quality of life score from the 5-level EuroQol
5-dimension questionnaire improved significantly in both
groups, but there was no difference between groups. The Patient
Activation Measure score improved significantly in both groups,
but there was no difference between groups (Multimedia
Appendix 6).

User Experience
Of the 81 participants, 66 (81%) completed the questionnaire.
Reasons for noncompletion included limited use of the app,
inadequate understanding of English, or declining to participate.
The average rating out of 5 given for the app was 4.56.
Approximately 96% (64/67) of users rated it as easy or very
easy to use.

Cost-Effectiveness

Trial Costs
The trial ran for 20 months. Staffing costs were Aus $53,435
(US $38,491.80), which comprised total remuneration for staff
responsible for enrolling and monitoring of participants.
Technical support was provided as in-kind support. Equipment
for the 81 participants in the intervention arm had a total cost
of Aus $18,630 (US $13,420.10), and server maintenance costs

totaled Aus $9000 (US $6483.14). The trial generated 18
additional GP visits with a total cost of Aus $698 (US $502.80)
and 17 cardiologist visits with a total cost of Aus $1343 (US
$967.43). HF outreach services do not have a defined per-visit
cost; thus, no additional costs were included. Thus, we
calculated the total cost of the intervention as Aus $82,408 (US
$59,362.50). There were 14 fewer cardiac readmissions in the
control arm, which was adjusted to 13.67 given the slightly
higher number of patients in the control arm. Thus, the cost per
cardiac readmission saved was Aus $6028 (US $4342.26).

In the control arm, the total cost of cardiac readmissions for all
patients combined was Aus $85,213 (US $61,383). In the
intervention arm, the equivalent cost was Aus $38,640 (US
$27,834.30). The reduction in costs from readmission avoidance
was Aus $550 (US $396.19) per patient for a 6-month
participation, which was doubled to Aus $1100 (US $792.38)
for the projected 12-month real-world model.

Model for 12 Months
In this model, it was calculated that each patient would require
approximately 5.8 hours of attention from the monitoring team
if enrolled for 12 months (Multimedia Appendix 7). The
standard per-hour nursing cost was Aus $49.85 (US $35.91),
thus generating a per-patient nursing cost of Aus $289 (US
$208.18). For a single nurse working 40 hours per week, it was
estimated that they could simultaneously monitor up to 358
patients. Equipment costs were revised to Aus $200 (US
$144.07) per patient as the MiBand 2 activity monitor was not
intended for future use. Costs generated because of medical
consultations were doubled to reflect a 12-month participation,
as were costs saved by avoiding readmissions. Outside of the
research setting, technical costs were projected to be higher
because of the requirement of a commercial license for the
KIOLA platform and technical support. A baseline cost of Aus
$92,388 (US $66,551.50) was applied, as well as an annual cost
of Aus $184 (US $132.54) per patient. A graph of the
cost-effectiveness model is shown in Figure 6. According to
this model, when the number of enrolled patients is ≥237, the
costs saved from the prevention of readmissions will surpass
all incurred costs.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e32554 | p.198https://mhealth.jmir.org/2022/2/e32554
(page number not for citation purposes)

Indraratna et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 6. Cost-Effectiveness of the TeleClinical Care model as described by total costs incurred by the system and total costs saved by projected cardiac
readmission prevention. The x-axis represents the number of patients enrolled, and the y-axis represents the cost in millions of Aus $.

Discussion

Principal Findings
The TCC program, which combined telemonitoring and
educational messaging within a smartphone app, was not
associated with a reduction in readmissions at 30 days in patients
discharged after an admission with ACS or HF, although event
rates were low, particularly for cardiac readmissions. However,
the intervention showed benefit with respect to reducing the
incidence of cardiac and all-cause readmissions over the
6-month study period, as well as an improvement in CR
completion rate and medication compliance.

There is a paucity of data for mHealth interventions targeting
patients with ACS or a general inpatient population such as the
one examined in this study. Telemedical interventions for HF
have yielded varying results, which can be explained by the
heterogeneous nature of the interventions. A variety of protocols
and patient populations have been previously described and,
therefore, drawing parallels between trials is often troublesome.

A large early trial, Tele-HF (2010), used a voice-interactive
system and included body weight as the sole physical parameter
without measurement of pulse or BP [24]. Compliance was
poor, with approximately only 50% of participants taking part
≥3 times per week. This trial was negative for its primary end
point (all-cause death or readmission within 180 days of
enrollment) but demonstrated possible improvements for future
telemedicine systems.

An example of how varying intervention design and delivery
may influence results is seen by comparison of the Telemedical
Interventional Monitoring in Heart Failure (TIM-HF) [25] and
TIM-HF2 [26] trials, both conducted by the same German group.
In the TIM-HF, 710 stable outpatients were enrolled, and
electrocardiogram, BP, and body weight results were transmitted
via a PDA and mobile phone service where they were reviewed
by an independent clinician who communicated with the
patients’ usual practitioner every 3 months. No difference in
mortality or readmission was observed. In the TIM-HF2, a study
of 1571 patients, a similar system was applied but with the
addition of regular interaction with the patient’s GP and
cardiologist. Here, a reduction in percentage days lost because
of cardiovascular readmissions and all-cause death was observed
(4.88% vs 6.64%; P=.046). The authors identified the ability
to guide the patient’s management through their usual provider
as a contributor to the success of the trial.

In comparison with these interventions, TCC had several
advantages. The participants were required to measure BP,
weight, and activity daily and, unlike several other mHealth
studies in patients with cardiac disease [27-29], the results were
automatically transmitted, thus removing the need for
participants to manually enter data, which is burdensome and
potentially error-prone. By aiming for daily transmission, there
was a significant volume of data to detect trends in readings
and to contextualize abnormalities. Weekly data entry, as has
previously been described [29], is unlikely to be sensitive
enough to detect clinical deterioration and thus prevent
readmissions.
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The alerts were automated, which allowed the monitoring team
to efficiently identify the patients that required attention. The
monitoring team, which consisted of a cardiologist and cardiac
nurse practitioner, had significant clinical experience and was
comfortable in deciding which alerts were clinically significant
and which were not. As a result, <10% of all alerts received
(54/585, 9.2%) led directly to a health care consultation. The
involvement of the patients’ usual health care providers was
also important as it is assumed that knowledge of the patient
and their medical background is key to the interpretation and
management of alerts. To date, only 1 individual mHealth RCT
has demonstrated a reduction in readmissions in patients with
HF. This study by Dendale et al [30] randomized 160 patients
with HF and similarly used automated data transmission
combined with interaction with the patients’ usual health care
providers. On average, the patients generated 27 alerts over the
6-month period, which was higher than what was observed in
this study.

Compliance with TCC was reasonable, with participants
transmitting data on approximately 64% of study days. This is
lower than in other mHealth studies, which have reported
compliance rates of 80% to 95% [25,28-31]. Although 1 study
reported using automated phone calls to improve compliance
[31], others did not report on the level of encouragement
participants were given to transmit data daily. Our study used
a three strikes policy and, beyond that, noncompliant patients
were not reminded to perform measurements. An automated
system may have improved compliance and, thus, the overall
results.

Patients with ACS in the intervention arm were more likely to
complete CR, which is consistent with previous studies [32].
Although the intervention did not directly encourage patients
to attend, it is hypothesized that the daily routine of taking
measurements and the educational notifications of TCC helped
engage patients and promote self-care. Thus, the benefits of
TCC may have been amplified by the benefits of attending a
full course of CR.

A similar principle may explain the improvement in medication
adherence observed in TCC; that is, that patient education and
increased engagement reinforced the importance of medication
adherence in the management of their cardiac condition. It is
also hypothesized that the daily requirement to measure BP was
a memory trigger for taking medications.

Thus, the reduction in cardiac readmissions observed at 6
months is likely a consequence of a multifactorial mechanism.
Deteriorations in the patients’physical condition were identified
and managed in the outpatient sector, and improved self-care
leading to higher engagement with CR and medication
adherence is likely to have made such deteriorations less likely
to occur in the first place. There was no significant reduction
in the incidence of 30-day readmissions, suggestive of a
medium- to long-term benefit of the intervention rather than an
immediate one.

The participants generally found TCC easy to use, which likely
improved app compliance. Although the app did not function
for 2 participants (2/164, 1.2%), all other technical issues were
remedied during the trial, and no discontinuations because of

technical issues occurred. The app design was optimized for
older adult patients with features such as large buttons and
graphical displays. The use of Bluetooth synchronization
eliminated the need for manual data entry, thereby easing the
work burden on the patients. In the cardiovascular mHealth
space, usability data have generally been underreported; thus,
there is minimal scope for comparison with other apps.

During the trial itself, the costs incurred outweighed the costs
of cardiac readmissions saved. The primary contributor to this
were the constant staffing costs incurred regardless of patient
load. For example, at the commencement of the trial, when a
small number of enrollments had occurred, and at the end of
the trial, after recruitment had ceased because of COVID-19,
staffing costs were incurred at the same rate as during the peak
of the trial.

The 12-month cost-effectiveness model demonstrated that costs
saved will exceed costs incurred when >237 patients are
recruited. There are several assumptions in this model; however,
they generally underestimate the cost-effectiveness of TCC. For
example, it was assumed that the rate of alerts, medical
consultations, and readmissions would continue unchanged
from months 6-12 of a participant’s enrollment. This might not
be the case if the participant’s condition stabilized, and the
readmission rates compared with the control group could
potentially fall further. It was also assumed that the time taken
to perform certain duties by staff would remain constant when,
realistically, this should reduce as the staff members become
more experienced. The cost-effectiveness models also did not
consider the impact of noncardiac readmissions, which were
not shown to be significantly different between the intervention
and control arms in this study. Ultimately, the results of a larger
RCT of this program will further inform cost-effectiveness
models. For cardiovascular mHealth models, only 1
cost-effectiveness analysis has been published; however, it was
in the context of an SMS text messaging intervention [33] rather
than a telemonitoring system.

This study is limited by its relatively small sample size and the
loss of data for several physical parameters, both of which were
influenced by the COVID-19 pandemic. Thus, few conclusions
can be drawn on several end points, including anthropometric
measurements, 6-minute walk distance, and low-density
lipoprotein cholesterol. However, because of the randomized
nature of the trial, participants in both arms were equally
affected by the pandemic, and the end points of 30-day and
6-month readmissions, as well as medication adherence, were
not affected disproportionately in either arm. The
generalizability of the results should be considered with caution.
The intervention was only offered to participants who were
smartphone owners. If a family member offered to share the
use of their own phone for the study, this was not permitted. In
the HF cohort, where the mean age was 79 years, smartphone
ownership rates were low (41/224, 18.3%), thus limiting
enrollment. It is not known whether similar results would have
been achieved if patients lacking smartphones were provided
with them. However, it is anticipated that smartphone ownership
rates will continue to increase in all age groups; thus, future
studies may enroll a higher proportion of older adult patients.
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Whether the positive outcomes identified in the TCC study have
continued ongoing long-term benefits after the completion of
the trial remains unknown. There are limited data regarding
residual benefits of mHealth interventions, although 1 study
has reported improved BMI in patients 4 years after concluding
the intervention, suggesting that learned behaviors may continue
in the long term [34]. As most participants in this study
consented to long-term data linkage analysis, it is possible that
this question can be addressed in the future. Furthermore, a
large, multicenter RCT of a modified TCC program powered
for clinical end points is scheduled to commence in 2021. The
primary end point will be unplanned hospital readmissions at
6 months, the participants will be followed for 12 months, and
an additional SMS text messaging arm will be used for patients

who own a mobile phone that is not capable of operating the
new app.

Conclusions
The TCC program is a novel and innovative model of care based
on a smartphone app that facilitates telemonitoring and patient
education. The system was demonstrated to be safe, feasible,
patient-friendly, and cost-effective when applied to patients
with ACS and HF at the time of discharge. Clinical benefits
were observed regarding the rate of cardiac and all-cause
readmissions, medication compliance, and CR completion.
These results are promising, but confirmation with a larger trial
is necessary before implementing widespread adoption of the
model.
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Abstract

Background: Workplace-based mindfulness programs have good evidence for improving employee stress and mental health
outcomes, but less is known about their effects on productivity and citizenship behaviors. Most of the available evidence is derived
from studies of mindfulness programs that use class-based approaches. Mindfulness apps can increase access to training, but
whether self-directed app use is sufficient to realize benefits equivalent to class-based mindfulness programs is unknown.

Objective: We assessed the effectiveness of a mindfulness app, both with and without supporting classes, for reducing employees’
perceived stress. Changes in mindfulness, mental health, quality of life, perceptions of job demand, control and support, productivity
indicators, organizational citizenship, and mindful behaviors at work were also investigated.

Methods: Tasmanian State Service employees were invited by the Tasmanian Training Consortium to a 3-arm randomized
controlled trial investigating the effects of a mindfulness app on stress. The app used in the Smiling Mind Workplace Program
formed the basis of the intervention. The app includes lessons, activities, and guided meditations, and is supported by 4 instructional
emails delivered over 8 weeks. Engagement with the app for 10-20 minutes, 5 days a week, was recommended. Reported data
were collected at baseline (time point 0), 3 months from baseline (time point 1 [T1]), and at 6-month follow-up (time point 2).
At time point 0, participants could nominate a work-based observer to answer surveys about participants’ behaviors. Eligible
participants (n=211) were randomly assigned to self-guided app use plus four 1-hour classes (app+classes: 70/211, 33.2%),
self-guided app use (app-only: 71/211, 33.6%), or waitlist control (WLC; 70/211, 33.2%). Linear mixed effects models were
used to assess changes in the active groups compared with the WLC at T1 and for a head-to-head comparison of the app+classes
and app-only groups at follow-up.

Results: App use time was considerably lower than recommended (app+classes: 120/343 minutes; app-only: 45/343 minutes).
Compared with the WLC at T1, no significant change in perceived stress was observed in either active group. However, the
app+classes group reported lower psychological distress (β=−1.77, SE 0.75; P=.02; Cohen d=–0.21) and higher mindfulness
(β=.31, SE 0.12; P=.01; Cohen d=0.19). These effects were retained in the app+classes group at 6 months. No significant changes
were observed for the app-only group or for other outcomes. There were no significant changes in observer measures at T1, but
by time point 2, the app+classes participants were more noticeably mindful and altruistic at work than app-only participants.

Conclusions: Including classes in the training protocol appears to have motivated engagement and led to benefits, whereas
self-guided app use did not realize any significant results. Effect sizes were smaller and less consistent than meta-estimates for
class-based mindfulness training.

Trial Registration: Australian New Zealand Clinical Trials Register ACTRN12617001386325;
https://www.anzctr.org.au/Trial/Registration/TrialReview.aspx?id=372942&isReview
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Introduction

Workplace Mindfulness Training
There is growing evidence in support of workplace-based
mindfulness programs for increasing employee mindfulness,
reducing stress, and improving mental health and well-being
[1,2]. In the workplace literature, mindfulness correlates
positively with psychological capital, organizational citizenship,
and perceived job control and inversely with perceived job
demands [3-5]. Accordingly, it is theorized that increasing
employee mindfulness through training may help protect against
stress, poor mental health, and work-based psychosocial risks.
However, few randomized controlled trials (RCTs) have
examined the intervention effects of workplace-based
mindfulness programs on psychosocial risk factors or
organizational outcomes such as employee productivity or
performance [1].

Unmanaged stress is known to lead to psychological distress,
depression, and anxiety [6,7], which are well-evidenced
contributors to lost productivity via higher levels of employee
absenteeism and presenteeism [8]. In Australia, the combined
annual cost of absenteeism and presenteeism attributable to
poor mental health is >US $11 billion, representing a significant
economic burden [9]. Furthermore, the consequences of chronic
stress include inattentiveness and antisocial or aggressive
behavior that can be detrimental to work-based relationships
and performance [10].

The occupational health psychology and workplace management
literature points to the importance of considering factors that
affect employee stress at both the organizational and individual
levels [11]. A combined focus on minimizing work-related risk
factors for mental health problems, promoting positive aspects
of work and fostering employee strengths, and providing tertiary
support to address presenting problems is considered best
practice [12]. Although redressing adverse working conditions
and improving management practices are vital components of
workplace well-being strategies, supporting staff to access and
develop personal coping strategies is also an important aspect
of a healthy work environment [13]. Mindfulness training can
provide personal support for employees as it actively cultivates
adaptive coping skills that can buffer the effects of stress on
employee health and well-being [14,15]. It may also help redress
the organizational burden of health-related lost productive time
(LPT) by improving mental health [16].

Mindfulness meditation involves the sustained practice of
intentionally applying nonjudgmental attention to the current
experience. There is some evidence that this practice improves
attentional capacities [17], prosocial acting [18], and qualities
that influence interpersonal relationships, such as gratitude and
forgiveness [19]. Aggression has also been shown to reduce by
following mindfulness training [20]. Amassing evidence
suggests that increasing mindfulness through training can

improve workplace performance, relationships, and well-being
[21,22].

Mindfulness Apps
Smartphone apps are an increasingly popular and accessible
mode of delivery for mindfulness training and practice [23].
App functionality enables high-quality multimedia delivery of
learning content that can be entirely preprogrammed to
maximize intervention integrity and support self-guided learning
[24]. For behavioral research, apps also have the ability to record
engagement and use data. These data offer a more accurate
measure of program engagement than participant recall, which
is often used in mindfulness studies [25].

According to a review of 23 mindfulness apps against the
Mobile App Rating Scale [26], the top 4 were Headspace,
Smiling Mind, iMindfulness, and Mindfulness Daily [23]. The
review by Mani [23] noted an absence of RCT evidence for the
efficacy of mindfulness apps. Several trials of mindfulness apps
have since been published, reporting results for stress, anxiety,
depression, and well-being [27-32]. Only one of these RCTs
was conducted in a workforce sample [27] in which self-guided
use of the Headspace app gave rise to significant small- to
moderate-sized effects for well-being, anxiety, depression, and
psychosocial risk factors (job control and social support). Thus,
this study supports the potential of an app-based
workplace-based mindfulness program to positively influence
job-related and affect-related variables associated with employee
stress [33,34]. However, the effects of app-based
workplace-based mindfulness programs have not yet been
assessed for changing employee stress appraisals; chronic stress
symptomology; or organizational performance outcomes such
as productivity, citizenship behaviors, and social interactions
[21,22].

Study Aims
This study examines the efficacy of an app-based, low-dose
workplace-based mindfulness program in a large, geographically
and occupationally diverse Australian public service workforce.
The trial followed an earlier pilot RCT of a 5-week Mindfulness
at Work Program within the same workforce [35]. The
Mindfulness at Work Program involved five 90-minute in-person
classes and prescribed 20 minutes of daily meditation practice.
Results of the pilot showed strong effects on stress reduction,
mental health, and well-being but no significant improvements
in health-related productivity. In-person class attendance at
work time was found to be unfeasible for a high proportion of
employees due to scheduling and geographical barriers. This
study was conceived to examine whether low-dose mindfulness
training using a mindfulness app could overcome accessibility
challenges and realize beneficial outcomes for employee stress
observed in face-to-face programs. The app that underpins the
Smiling Mind Workplace Program [36] was selected, as it is
already established in the Australian market and ranks highly
against the Mobile App Rating Scale criteria [23].
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The primary aim of this study is to assess the efficacy of the
Smiling Mind Workplace Program app, offered both with and
without supporting classes, in reducing employee stress (aim
1). We hypothesize that employees using the Smiling Mind
Workplace Program app in conjunction with a series of four
1-hour classes (app+classes group) or using the Smiling Mind
Workplace Program app self-guided without supporting classes
(app-only group) would each report a consistent moderate-sized
reduction in perceived stress when compared with a waitlist
control (WLC) group.

The secondary aims are to explore the effects of this low-dose
mindfulness intervention on psychological distress, mindfulness,
health-related quality of life, perceived job demands, control,
and resources (aim 2); explore changes in health-related LPT
(aim 3); and explore observer-reported changes in participants’
organizational citizenship and mindful behaviors (aim 4). The
effect retention was also investigated (aim 5).

Methods

Overview
A 3-arm, open-label, parallel-group RCT was conducted
between February 2018 and April 2019. The study was approved
by the University of Tasmania health and medical human
research ethics committee (H0016587) and registered with the
Australian and New Zealand Clinical Trials Register in February
2018 (12617001386325). Baseline data were collected using
web-based surveys administered in February 2018 (time point
0 [T0]). Postintervention surveys were conducted 3 months
from baseline in May 2018 (time point 1 [T1]), with a 6-month
follow-up in July 2018 (time point 2 [T2]). App use data were
obtained at T1 and T2. The active intervention groups completed
their training between T0 and T1. The control group was invited
to access the intervention between T1 and T2. A further data
collection wave was conducted 14 months from baseline (time
point 3); however, analyses were not conducted because of high
(85%) attrition (data not reported).

Participants

Overview
The study sample was drawn from the Tasmanian State Service
(TSS). The TSS employs approximately 18,000 people from
18 service agencies and centers across the island state of
Tasmania, Australia. TSS employees work in a wide variety of
roles (eg, frontline service and professional, administration,
information, and asset management and maintenance). An
invitation was widely disseminated via email and staff
newsletters to express interest in joining a study of app-based
mindfulness training for employee stress protection (Multimedia
Appendix 1 [37]). The Tasmanian Training Consortium (TTC),
which provides TSS staff development and training services,
coordinated the invitation dissemination and collated the
responses.

Participants needed to have access to a smartphone of any brand
for personal use, permission from their supervisor to attend four
1-hour seminars in person or via videoconferencing, and make
a commitment to complete the surveys. Eligibility was assessed

after baseline based on no concurrent mindfulness or
stress-management program of any type, including the use of
other mindfulness apps, and not having unmanaged depression
or other mental health conditions that might be exacerbated
with unsupervised meditation. Mental health eligibility was
assessed using baseline survey data from the Patient Health
Questionnaire-9 (PHQ-9; [38]) and 2 questions about current
and past mental health diagnoses. If respondents indicated a
current or previously diagnosed mental health condition or their
PHQ-9 score exceeded 15, indicating moderate-to-severe
depression symptoms, their study eligibility was subject to
review by a registered psychologist.

In the baseline surveys (T0), respondents were asked if they
wished to nominate a work-based observer to join the study to
answer some questions about the participants’ behaviors at
work. If yes was selected, the first name and email address of
the nominee were entered, and the observer was invited to
complete brief surveys about their observations of their paired
participant’s behaviors at each of the study time points.

Randomization, Blinding, and Consent
An independent statistician (PO) randomized eligible
participants into the 3 groups, stratified by whether they had an
observer. Group allocations were sent to the TTC, who notified
the participants of their training schedule and coordinated the
seminars. It was not feasible to blind the TTC staff, study
participants, or teacher to treatment [39]. All data were collected
via the web using surveys administered using REDCap
(Research Electronic Data Capture; Vanderbilt University) [40].
The CHERRIES (Checklist for Reporting Results of Internet
e-Surveys) [37] study is included in Multimedia Appendix 1.
Research personnel only interacted with randomized participants
by email to administer the web-based surveys, and all analyses
were conducted on deidentified data. Consent to participate in
the research was given at the commencement of each survey,
and no incentives were provided. The CONSORT (Consolidated
Standards of Reporting Trials) checklist is included in
Multimedia Appendix 1.

Interventions
Released to the market in 2014, the Smiling Mind Workplace
Program aims to enable working adults to develop mindfulness
skills and embed mindfulness practices into daily life. The
established low-dose mindfulness program involves a series of
5 learning modules delivered in 4 interactive 1-hour face-to-face
workshops. These are led by a Smiling Mind facilitator over 8
weeks and supported by the use of the Smiling Mind Workplace
Program app. This app comprises 41 elements, including videos
and audio lessons, guided meditations, and practical activities
such as moving with awareness between meetings, breathing
techniques, and listening exercises to help cultivate workplace
mindfulness. Use of the app-based activities and meditations is
supported by fortnightly emails relating to the content covered
in the workshops and app-based lessons. The recommended
minimum engagement with the Smiling Mind Workplace
Program app is 10 to 20 minutes’ mindfulness practice each
weekday. Smiling Mind Workplace Program history and content
are provided in Multimedia Appendix 1.
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To maximize accessibility, Smiling Mind Workplace Program
workshops were delivered in a seminar format in university
venues located in the north, northwest, and south of the state.
Classes ran twice, in the morning and afternoon, on the
advertised dates. Participants were able to attend in person or
via videoconferencing, and catch-up recordings were made
available. All classes were led by the same mindfulness teacher
with certification from the University of Massachusetts Center
for Mindfulness and >10 years of teaching experience. No
supplementary messaging, incentives, or other forms of contact
from the study team were used to encourage intervention
engagement.

The app+classes group participants were invited to download
and use the Smiling Mind Workplace Program app and attend
four 1-hour classes scheduled fortnightly during work time.
These participants were sent fortnightly generic emails from
the Smiling Mind team to support the use of the app-based
materials.

The app-only group participants were invited to download and
use the Smiling Mind Workplace Program app and received
fortnightly emails but were not invited to attend the classes.

The WLC group participants received no information during
T0 to T1. After data collection for T1 was complete, the WLC
group was invited to a single 2-hour seminar and to download
and use the Smiling Mind Workplace Program app self-guided,
in conjunction with the fortnightly emails.

All groups retained access to the Smiling Mind Workplace
Program app for 12 months.

Measures
Demographic variables (age, sex, marital status, educational
attainment, work role, and schedule) were collected from
participants at T0, as were past or planned exposure to other
mindfulness or stress management training and self-ratings of
readiness for change (percent).

The 10-item Perceived Stress Scale (PSS; [41]) was used to
assess the primary outcome at all time points. Response options
were summed (range 0-40), with higher scores indicating higher
perceived stress. The baseline PSS data showed good internal
consistency (Cronbach α=.92).

The PHQ-9 [38] was used for eligibility screening. Established
clinical cutoff points were followed for mild (5), moderate (10),
moderately severe (15), and severe (20) depression. The baseline
data indicated good internal consistency (Cronbach α=.86).

The Kessler 10-item measure [42] was used to assess
psychological distress at all time points. Cutoff points from
Australian norms signify a severe risk of a clinical mental health
condition for people who score >30, high risk for people who
score between 22 and 29, moderate risk for people who score
between 16 and 21, and low risk for people who score <15 [43].
The baseline data indicated good internal consistency (Cronbach
α=.91).

The 15-item Mindful Attention and Awareness Scale [44] was
used to measure the mindfulness of respondents at all time
points. Mean responses across the 15 items were computed,

with higher mean scores (range 1-6) indicating higher trait
mindfulness. Internal consistency was good at baseline
(Cronbach α=.91).

The 35-item, 8-dimension Assessment of Quality of Life
(AQoL) measure [45], which assesses quality of life related to
physical health (independent living, pain, and senses) and
psychosocial health (mental health, happiness, coping,
relationships, and self-worth), was used at all time points. Scores
were computed using the 8-dimension AQoL algorithm (range
0.09-1.00). A score of 0.00 equates to death, and 1.00 equates
to full health.

Perceptions of job demand, control, and support were used to
assess work-related psychosocial risk at all time points. Demand
and control were assessed using 7 items drawn from the
Household, Income, and Labour Dynamics in Australia survey
[46]. Scores were summed for 4 demand items (range 0-24) and
3 control items (range 0-18). A higher risk of job-related stress
is indicated when demand scores are higher, and control scores
are lower. Job support was assessed using summed responses
to 6 items drawn from the Swedish Demand, Control, and
Support Survey [47]. Higher scores (range 4-24) indicated a
lower psychosocial risk of job stress. Internal inconsistency was
weaker for the demand scale (Cronbach α=.65) than for the
control (Cronbach α=.80) and support (Cronbach α=.80)
measures.

Effects on productivity were based on estimates of health-related
LPT [48]. Participants were asked to think about their work
attendance in the previous 4 weeks and report the number of
days they stayed away from work because of ill health (absentee
days) and the number of days they went to work but were unwell
(presenteeism days). Absentee days were considered 100% lost
(eg, 2 absentee days=2 lost days). If presenteeism days were
reported, an estimate of productivity (percentage) on those days
was recorded. The number of lost productive days was assessed
as the product of the number of presenteeism days and lost
productivity on those days. For example, 3 presenteeism days
at 60% productivity were calculated as follows:

(3 × [100−60]) = 1.2 lost days (1)

The total number of days lost through absenteeism and
presenteeism is thus reported as health-related LPT.

The degree to which changes in participants’mindful behaviors
(eg, attentiveness, awareness, and acceptance) were noticeable
to work colleagues was assessed at all time points using a 9-item
observed mindfulness measure (OMM; [49]). This instrument
includes items such as “The person has difficulty staying focused
on what is happening to/around them as it occurs
(Attentiveness),” “When asked how he or she is feeling, the
person can identify their emotions easily (Awareness),” and
“The person seems to recover well from unpleasant or stressful
experiences (Acceptance).” Response options indicated the
frequency of observed behaviors (1=not at all and 5=all the
time). Scores for 3 items (items 1, 4, and 7) were reversed before
summing to obtain subscale scores for observed mindful
acceptance, awareness, and attentiveness and the total score.
The internal consistency of OMM data at baseline was good
(Cronbach α=.88).
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A 16-item Organizational Citizenship Behaviors observer report
instrument [50] was used at all time points to assess noticeable
participant behaviors at work. Response options indicated the
frequency of observed behaviors, and higher summed scores
indicated higher degrees of altruism (range 5-30) and compliant
behaviors (range 4-20). Cronbach test showed some internal
inconsistency at baseline (altruism Cronbach α=.72 and
compliance Cronbach α=.62).

Intervention adherence was assessed using self-reported seminar
attendance and app use data from the Smiling Mind Workplace
Program server. Whether the participants downloaded and
engaged with the app (yes or no) was recorded. Engagement
was calculated as the proportion of time spent in the Smiling
Mind Workplace Program app activities out of a potential
maximum of 343 minutes for the entire program. Participants’
perceptions of the acceptability of the intervention were assessed
using qualitative data from 2 open questions in the T1 survey.
Observers provided free-text responses at the end of each survey
about their experience in the study and to share any additional
information about their paired participants.

Statistical Analysis
The required sample size was calculated using a pooled PSS
estimate from a meta-analysis of 13 RCTs of workplace-based
mindfulness programs (Cohen d=−0.54; mean difference −4.21,
SE 0.14) [1]. A minimum of 198 participants was required to
achieve a power of 0.8 and α=.025 (maintaining a family-wise
error rate of 0.05) [51]. The recruitment target (n=261) allowed
for 25% attrition.

Intention-to-treat analyses were conducted using an original
assigned group approach [52]. Significance tests (α=.05) were
adjusted using the Tukey method for multiple comparisons
when >2 groups were included in the model. Analyses were
conducted in the R (version 3.4.3; R Foundation for Statistical
Computing) [53] using the psych [54], lme4 [55], and lmerTest
packages [56]. Repeated measures linear mixed models were
used to assess changes in the app+classes and app-only groups

compared with the WLC group from T0 to T1, with age, sex,
prior mindfulness training, and main occupation included to
inform missing data computations. Two-group comparisons
were used to test the difference in effect retention between the
app+classes and app-only groups beyond T1. Cohen d
standardized mean difference effect estimates were computed
using the Lakens [57] guidelines (0.2=weak, 0.5=moderate, and
0.8=strong). Agreement between participants and their observers
was assessed using intraclass correlation coefficient (ICC)
estimates in 2-way random effects models following the Koo
and Li [58] guidelines (0.5=poor, 0.5-0.75=moderate,
0.75-0.9=good, and >0.9=excellent agreement). Spearman
correlations were used to test the relationship between program
adherence and study outcomes. Chi-square and Fisher exact
tests were used to explore the differences in intervention
engagement and health-related LPT. Qualitative data were read
twice by 2 authors (AJM and LB), with frequent themes
identified, coded, and assessed using a content analysis approach
[59].

Results

Participant Enrollment and Attrition
The flow of participants and observers is illustrated in Figure
1. Of an approved pool of 285 TSS employees, baseline
measures were completed by 229 (80.4%) employees. Of the
229 respondents, 90 (39.3%) were invited to a screening
interview by the study psychologist, of whom 14 (16%) were
deemed clinically ineligible, an additional 4 (4%) withdrew,
and 2 (2%) were excluded because of nonresponse. The starting
sample of 211 individuals included 136 (64.5%) participants
with paired observers. Group assignments were app+classes
(participants 70/211, 33.2%; observers 45/136, 33.1%), app-only
(participants 71/211, 33.6%; observers 46/136, 33.8%), and
WLC (participants 70/211, 33.2%; observers 45/136, 33.1%).
Statistical power for the hypothesized moderate-sized PSS effect
was achieved in the starting sample.
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Figure 1. Participant flow diagram. Ineligible: did not meet inclusion criteria; Withdrawn: requested no further surveys, available data not withdrawn
from analyses; ITT: intention to treat; T0: time point 0; T1: time point 1; T2: time point 2; WLC: waitlist control.

Of the 211 participants and 136 observers, 15 (7.1%) participants
and 6 (4.4%) observers advised withdrawal during the study
period. The participants’ reasons for withdrawal were time
pressures (4/15, 27%), changing job (4/15, 27%), difficulty
accessing the app-based materials (1/15, 7%), extended leave
(3/15, 20%), and no reason (3/15, 20%). Observers’ reasons
included no longer being in contact with their paired participant
(3/6, 50%) or their participant had withdrawn (3/6, 50%). Of

the 211 participants, complete survey data were provided by
167 (79.1%) participants at T1 and 129 (61.1%) participants at
T2.

Participant Characteristics
Participant characteristics were similar across the intervention
groups (Table 1), except for full-time workers. Just under half
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of the sample reported some prior exposure to mindfulness, and readiness to commence training was >80% across groups.

Table 1. Participant characteristics (n=211).

Difference (P value)bApp+classes (n=70)App (n=71)WLCa (n=70)Characteristics variables

Age category (years), n (%)

.609 (13)9 (13)7 (10)18 to 34

.6023 (33)20 (28)18 (26)35 to 44

.6024 (34)22 (31)20 (29)45 to 55

.6014 (20)17 (24)23 (33)55 to 64

.600 (0)3 (4)2 (3)>65

.7650 (71)50 (70)53 (76)Gender (female), n (%)

Educational attainment, n (%)

.376 (9)6 (9)2 (3)High school

.3719 (27)16 (23)24 (34)College

.3745 (64)49 (69)44 (63)University

.7752 (74)56 (79)55 (79)Living as married, n (%)

.8131 (44)35 (49)34 (49)Prior mindfulness training, n (%)

Main occupation, n (%)

.211 (1)1 (1)1 (1)Blue collar

.2112 (17)5 (7)15 (21)Clerical or admin

.2110 (14)9 (13)4 (6)Technical or services

.2135 (50)48 (68)38 (54)Professional

.2112 (17)8 (11)12 (17)Senior manager

.0756 (80)61 (86)49 (70)Works full time, n (%)

Work schedule, n (%)

.8562 (89)61 (86)64 (91)Regular daytime

.852 (3)2 (3)2 (3)Regular evening or night

.856 (9)8 (11)4 (6)Irregular or rotating

.4582 (21)85 (18)86 (16)Percentage readiness for training, mean (SD)

aWLC: waitlist control.
bDifference between-group P values computed using analysis of variance for continuous variables and chi-square tests of group equivalence for categorical
variables.

Aim 1: Intervention Effects for Perceived Stress
Postintervention RCT effect estimates are presented in Table
2. Although there was a downward trend in perceived stress,

when compared with the WLC, there was no significant change
for either the app+classes or app-only group. Prior exposure to
mindfulness, readiness to commence training, or depression
severity at baseline were not significant moderators.
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Table 2. Postintervention randomized controlled trial effect estimates.

Effect estimatesTime point 1, mean (SE)Time point 0, mean (SE)aOutcome variables

Cohen dc (95% CI)P valuea,bβa (SE)

Perceived stressd

———g15.32 (0.77)16.37 (0.75)WLCe,f

−0.06 (−0.39 to 0.27).16−1.44 (1.01)14.91 (0.84)17.40 (0.74)App-onlyh

0.01 (−0.32 to 0.34).46−0.73 (0.98)15.38 (0.81)17.15 (0.75)App+classesi

Mindfulnessj

———3.65 (0.10)3.83 (0.09)WLC

0.17 (−0.16 to 0.50).23.15 (0.12)3.79 (0.10)3.83 (0.09)App-only

0.19 (−0.14 to 0.52).01.31 (0.12)3.81 (0.10)3.69 (0.09)App+classes

Psychological distressk

———19.46 (0.68)18.68 (0.67)WLC

−0.14 (−0.47 to 0.19).12−1.21 (0.78)18.65 (0.73)19.08 (0.66)App-only

−0.21 (−0.55 to 0.12).02−1.77 (0.75)18.22 (0.71)19.21 (0.66)App+classes

Job demands

———15.64 (0.45)16.41 (0.43)WLC

0.07 (−0.26 to 0.40).83−.13 (0.59)15.90 (0.49)16.79 (0.43)App-only

0.01 (−0.32 to 0.34).41−.47 (0.57)15.69 (0.47)16.93 (0.43)App+classes

Job control

———10.45 (0.48)10.11 (0.47)WLC

0.19 (−0.14 to 0.52).65.25 (0.55)11.25 (0.52)10.67 (0.47)App-only

0.14 (−0.19 to 0.47).86.10 (0.53)11.03 (0.50)10.60 (0.47)App+classes

Job support

———18.40 (0.40)18.43 (0.39)WLC

0.09 (−0.24 to 0.42).08.88 (0.50)18.70 (0.44)17.85 (0.39)App-only

−0.09 (−0.42 to 0.24).87.08 (0.48)18.08 (0.42)18.03 (0.39)App+classes

QoLl,m: physical health

———0.75 (0.02)0.75 (0.02)WLC

0.12 (−0.21 to 0.45).83.00 (0.02)0.77 (0.02)0.76 (0.02)App-only

0.06 (−0.27 to 0.39).74.01 (0.02)0.76 (0.02)0.75 (0.02)App+classes

QoL: mental health

———0.39 (0.02)0.37 (0.02)WLC

0.24 (−0.09 to 0.57).13.03 (0.02)0.43 (0.02)0.37 (0.02)App-only

0.06 (−0.27 to 0.39).26.02 (0.02)0.40 (0.02)0.35 (0.02)App+classes

QoL: utility score

———0.73 (0.02)0.71 (−0.02)WLC

0.18 (−0.15 to 0.51).28.02 (0.02)0.76 (0.02)0.72 (−0.02)App-only

0.00 (−0.33 to 0.33).33.02 (0.02)0.73 (0.02)0.69 (−0.02)App+classes

aEstimated marginal means and effect estimates from maximum likelihood linear mixed models with age, sex, education, and prior mindfulness exposure
as auxiliary variables; all analyses were based on intention-to-treat principles with all cases analyzed in their original assigned group.
bSignificant with α=.05.
cStandardized mean difference effect estimate computed using time point 1 estimated marginal means and SE.
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dPerceived Stress Scale (10 items).
eWLC: waitlist control group.
fn=70.
gWLC ceased to be comparator after time point 1; hence, data are not shown.
hSelf-guided app group (n=71).
iSelf-guided app use plus supporting classes (n=70).
jMindful Awareness and Attention Scale.
kKessler-10 scale.
lQoL: quality of life.
mAssessment of Quality of Life (8 dimension).

Among the 70 participants in the app+classes group, class
attendance diminished over time, with 45 (64%) attendees in
the first class, 36 (51%) in the second, 33 (53%) in the third,
and 32 (46%) in the fourth class. Table 3 shows that the Smiling
Mind Workplace Program app was downloaded by 70% (49/70)
of the participants in the app+classes group and 49% (35/71)
of participants in the app-only group. The app+classes group
also had higher median engagement with the learning and
practice elements within the app (45/343 total activity minutes)

and with the meditation practices over the 8-week period (73
meditation minutes) than those in the app-only group (45/343
total activity minutes, with 27 meditation minutes). Perceived
stress change was significantly correlated with intervention
engagement in the app+classes group (r=−0.33) but not in the
app-only group. Investigation of T0:T1 change in PSS scores
by meditation time and program engagement suggests an inverse
linear dose–response pattern in the app+classes group. This
pattern was not evident in the app-only group (Figure 2).

Table 3. Smiling Mind Workplace Program app engagement indices for the app+classes and app-only groups between time point 0 and time point 1a.

Test of difference (P value)App+classesc (n=70)App-onlyb (n=71)Engagement variables

—d49 (70)35 (49)App downloads, n (%)

App use, median (IQR)

.014 (0-16)2 (0-14)Number lessons completed

.091 (0-7)0 (0-4)Number activities completed

.0373 (0-476)27 (0-296)Total meditation minutes

.0311 (0-55)4 (0-44)Number meditations completed

.0535% (1%-160%)13% (0%-126%)Percentage of possible total engagemente

aTests of difference used 2-tailed t test using complete case data for normally distributed variables and Kruskal-Wallis rank sum test for nonnormally
distributed variables.
bSelf-guided app use.
cSelf-guided app use plus classes.
dNot conducted.
eTotal time if all app-based activities were completed was 343 minutes.

Figure 2. Perceived stress change from baseline to after the intervention by meditation time and app engagement.
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Aim 2: Psychological Distress, Mindfulness,
Work-Related Psychosocial Risks, and Quality of Life
The results (Table 2) show that compared with the WLC, the
app+classes group reported small improvements in
psychological distress (Cohen d=−0.21) and mindfulness (Cohen
d=0.19). At T1, the Kessler-10 data showed that 15% (8/54) of
respondents in the app+classes group transitioned into a lower
category for risk of clinical mental health problems, whereas
2% (1/54) of participants shifted to a higher-risk category. No
significant effects were found for either psychological distress
or mindfulness in the app-only group, and an equal number
reported beneficial (4/48, 8%) and detrimental changes in risk
status (4/48, 8%). Of the 70 participants in the WLC, 14% (9/64)
shifted to higher risk and 9% (6/64) to lower-risk categories
during the initial intervention period.

No discernible trends in the quality of life data were evident for
either the app+classes group or the app-only group when
compared with the WLC group. Similarly, psychosocial risk
factors did not change significantly in either active group at T1.

Aim 3: Productivity and Workplace Incidents
The raw productivity and workplace incident results are
presented in Table S1 of Multimedia Appendix 1. Health-related
LPT was categorized into four levels: no health-related LPT,
up to 1 day, 1 to 3 days, and >3 days. The app+classes and
app-only groups trended lower in health-related LPT than in
the WLC group following training, but the difference was not
significant. The number of app+classes participants who
reported work success increased from 26% (18/70) at T0 to 39%
(17/43) at T2. This change was stronger than that observed in
the app-only (28/71, 39% to 17/39, 43%) and WLC (18/70, 26%

to 13/45, 29%) groups. Work failures reduced from T0 to T2
for the active groups (app+classes: 6/70, 9% to 3/43, 7%;
app-only: 10/71, 14% to 4/39, 10%), whereas failures increased
in the same period for the WLC (4/70, 6% to 4/45, 9%).
Workplace accidents were infrequent in all groups, with 1%
(1/70) of participants in the app+classes group, 7% (5/71) in
the app-only group, and 6% (4/70) in the WLC group endorsing
this item at T0.

Aim 4: Observer-Reported Mindfulness and
Organizational Citizenship
Observer-reported outcomes are illustrated in Figure 3. The
results are detailed in Table S2 of Multimedia Appendix 1.
Changes in observer-reported mindful behaviors and
self-reported mindfulness showed consistent agreement at each
time point (T0: ICC=0.35, P=.01; T1: ICC=0.32, P=.03; T2:
ICC=0.39, P=.03). At T1, observers reported a small but
nonsignificant trend toward higher observed mindful behaviors
in both active groups compared with the WLC. At the 6-month
follow-up (T2), head-to-head comparison between the active
groups showed that the app+classes participants displayed more
noticeably mindful behaviors than the app-only participants
(Cohen d=0.34, 95% CI −0.08 to 0.75).

The distribution of data in the organizational citizenship
compliance subscale showed that responses were bounded at
the top from baseline; thus, these data were excluded from the
analyses. Although the results for altruism were not significant,
plots (Figure 3) illustrate that the app+classes group trended
higher on this measure at T1 and T2, whereas the app-only
group initially trended toward lower altruism at T1, which was
ameliorated at T2.

Figure 3. Change trends from baseline to 6 months: interactions between app-only and app+classes groups for observer-reported mindful and altruistic
behaviours. Observed mindfulness measure (OMM) range 9 to 45; OMM awareness and acceptance range 3 to 15; and Organizational Citizenship
Behavior Altruism subscale (OCB) range 5 to 30. EMM: estimated marginal mean; T0: time point 0; T1: time point 1; T2: time point 2.
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Aim 5: Effect Retention
Results comparing the app+classes and app-only groups at the
6-month follow-up (T2) are reported in Table 4. The effects
observed for mindfulness and psychological distress developed
further in both groups beyond intervention completion (T1)

such that there was no significant difference between groups at
T2. The app+classes group continued to trend lower than the
app-only group in perceived job demands and higher in job
control from T1 to T2; however, the social support results
observed at T1 showed no further development at T2.

Table 4. Effect estimates for the app+classes group compared with the app-only group at 6-months follow-up for mindfulness, psychological distress,
job demands, and job control.

Effect estimate T0:T2T2d, mean (SE)T0a, meanb (SE)cOutcome variable and group

P valuecβc (SE)

Mindfulness

ReferenceReference3.91 (0.11)3.82 (0.10)App-only

.82.04 (0.16)3.94 (0.11)3.68 (0.10)App+classes

Psychological distress

ReferenceReference18.21 (0.79)19.08 (0.70)App-only

.64−.52 (1.11)17.69 (0.78)19.16 (0.70)App+classes

Job demands

ReferenceReference16.46 (0.52)16.72 (0.44)App-only

.06−1.38 (0.73)15.08 (0.51)16.90 (0.44)App+classes

Job control

ReferenceReference10.65 (0.53)10.70 (0.45)App-only

.33.73 (0.74)11.39 (0.52)10.64 (0.46)App+classes

aT0: time point 1 (baseline).
bEstimated marginal means.
cβ, SE, and P values from the 2-group comparison of effects in linear mixed models, with app-only group set as reference.
dT2: time point 2 (6-months from baseline).

Intervention Acceptability
The frequency of themes derived from the qualitative data is
reported in Table 5. Reports from the 2 active groups showed
overall satisfaction with the mindfulness training. Responses
to the free-text questions from the participants (57/141, 40.4%)
indicated that they found the training useful, practical, helpful,
or beneficial, more frequently among the app+classes (35/70,
50%) participants than app-only participants (22/71, 31%).
Approximately 19% (13/70) of members of the app+classes
group reported finding the program immediately beneficial,
whereas this was volunteered by only 6% (4/71) of the app-only
participants. The app was considered easy to use by 14.9%
(21/141) of all participants. However, although 8.5% (12/141)
of participants reported that they were incorporating the practice
into daily life, 12.7% (18/141) of respondents found establishing
a routine difficult, and 8.5% (12/141) of participants reported
that it was not feasible to engage with the program while at

work. Comments from 24% (17/70) of the app+classes group
participants indicated that they found the seminars motivating.
However, more app+classes group participants reported
difficulties associated with time demands (5/70, 7%) and
establishing a practice routine (12/70, 17%) than the app-only
group participants (3/71, 4% and 6/71, 8%, respectively). A
small number of participants reported technical problems with
the app and seminars. One of the individuals in each group
reported that they felt the research surveys were independently
helpful in sensitizing them to their mental well-being. The in-app
elements considered most useful by participants in both active
groups were meditations, ranked highest by 57% (55/97) of
respondents. Micropractices, which are brief mindful activities
that can be used throughout the day, were rated very useful by
41% (40/97) of participants, in-app lessons by 32% (31/96) of
participants, and body scan practices by 31% (30/97; data not
shown).
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Table 5. Frequency of themes derived from postintervention free-text responses regarding the usefulness of the program (N=141).

App-only group (n=71), n (%)App+classes group (n=70), n (%)All respondents, n (%)Themes derived from qualitative data

Participant view of outcomes

3 (4)4 (6)7 (5)Improved well-being

2 (3)2 (3)4 (3)Improved sleep

1 (1)2 (3)3 (2)Improved productivity

1 (1)1 (1)2 (1)Improved recovery

1 (1)0 (0)1 (1)Improved relationships

Acceptability

22 (31)35 (50)57 (40)Useful, practical, helpful, and beneficial

4 (6)13 (19)17 (12)Immediate benefit and real-time application

4 (6)7 (10)11 (8)Variety, choices, and range of app elements

4 (6)2 (3)6 (4)Found app irritating and disruptive

1 (1)3 (4)4 (3)Would recommend

Feasibility

12 (17)9 (13)21 (15)Easy to use, accessible, and flexible

6 (8)12 (17)18 (13)Establishing routine is difficult

0 (0)17 (24)17 (12)Seminars were motivating and beneficial

5 (7)6 (9)12 (9)Incorporating practices into daily life

7 (10)5 (7)12 (9)Not feasible at work

3 (4)5 (7)8 (6)Technical problems with app

3 (4)5 (7)8 (6)Time challenges or demands of training

6 (8)1 (1)7 (5)Self-guided program difficult

0 (0)3 (4)3 (2)Technical problems with seminars

0 (0)3 (4)3 (2)No benefit from seminar attendance

Contextual circumstances

2 (3)5 (7)10 (7)Major life stresses during the study

2 (3)8 (11)10 (7)Life got in the way (did not do training)

8 (11)0 (0)8 (6)Did not use the app

1 (1)1 (1)2 (1)Surveys made difference on their own

Data Availability Statement
The data that support the findings of this study are available on
request from the corresponding author (LB).

Discussion

Principal Findings
This RCT assessed the effects of participating in a low-dose,
app-based workplace-based mindfulness program delivered
both with and without supporting classes in a sample of public
sector employees. The study hypothesis that using the Smiling
Mind Workplace Program app, either self-guided or with
supporting classes, would result in moderate-sized reductions
in perceived stress was not supported. Although the app+classes
group engaged more with the training, neither group achieved
the recommended dose. Despite the low engagement, when
compared with the inactive control group, the app+classes group

reported significant increases in mindfulness and decreases in
psychological distress. These benefits were retained at 6-month
follow-up, at which point the app+classes group also reported
significantly lower perceived job demands than the app-only
group. No significant effects were observed for either
intervention group for health-related quality of life or
productivity. Although the Smiling Mind Workplace Program
app was well-received by most participants in the active groups,
those whose training protocol was entirely self-guided engaged
less with training and reported no statistically significant
changes in any of the study outcomes.

The null result for perceived stress was unexpected, given
consistent positive findings from other workplace-based
mindfulness programs [1] and the apparent efficacy of the
current intervention for significant and lasting benefits for
psychological distress. Although the 2 constructs are usually
correlated, they are not the same. Perceived stress refers to the
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perceived capacity to meet the demands of presenting stressors,
whereas psychological distress refers to health risks associated
with sustained or unrelieved stress [60]. It is plausible that
participants in the app+classes group developed skills through
their mindfulness training protocol to regulate their emotions,
thereby attenuating distress, whereas their perception of the
demands and frequency of stressors may have remained
unchanged. The PSS results for all 3 groups, including the
control, trended lower over the main intervention period (T0 to
T1), which might suggest a sample-wide reduction in stressor
exposure; however, this was not detected or reported in other
data collected for this study.

The significant changes in mindfulness and distress were
encouraging but lower than meta-analytic estimates from
workplace-based mindfulness programs delivered via
face-to-face classes or web-based learning platforms [61-63].
These findings support the likelihood of a dose–response
relationship, where the degree of exposure to mindfulness
training and practice is associated with the size of the effects
[64]. Despite the lower effect sizes, the psychological distress
scores at T1 suggest that the app+classes training protocol was
sufficient to realize meaningful mental health risk reduction for
15% (8/54) of participants.

Higher engagement with the Smiling Mind Workplace Program
app by app+classes participants appears to have been motivated
by seminar attendance, a sentiment volunteered in free-text data
by 24% (17/70) of app+classes participants. For example, one
of the participants stated:

I was fortunate to be selected to attend sessions which
I believe was VERY important. This helped
tremendously with getting the motivation to work
through the app sessions. Other colleagues from my
work who were not selected to attend sessions have
very low motivation and barely did any of the app
sessions.

The self-guided app-only group not only missed the class-based
educational and discursive opportunities but also engaged less
than the app+classes participants with the in-app educational
videos, lessons, and practice resources. This poorer engagement
may explain the pattern in PSS changes depicted in Figure 2,
where the app+classes group reported a clearer and more
consistent dose–response than the app-only group. It is feasible
that in the absence of feedback and guidance by a teacher, or
the opportunity to discuss experiences with other learners, the
app-only participants were less able to apply mindful awareness
and acceptance, as their experiences arise and pass away during
meditation practices, and thus derived less benefit [65].

The absence of significant improvement in mindfulness or
distress in the app-only group indicates that self-guided use of
the Smiling Mind Workplace Program app was insufficient to
realize consistent changes within the main intervention period
(T0 to T1). This finding is in keeping with previous work that
has shown that face-to-face classes in the training protocol are
associated with stronger improvements in mindfulness [64].
The continued development of mindfulness and reduction in
psychological distress in the app-only group beyond T1 suggests
that although classes boost training engagement and augment

the benefits of app use, self-guided mindfulness training may
still be beneficial with ongoing engagement; however, benefits
may take longer to manifest.

Compared with the WLC group, no change was observed
immediately after the intervention for either intervention group
for participants’ perceptions of psychosocial risk factors, job
demand, control, and support. However, at 6 months, the
app+classes group reported a reduction in job demands that
approached significance and a trend toward higher job control
compared with the app-only group. Job demands and control
are key factors associated with work-related stress in the
theoretical job-demands-resources model, where it is the
perception that demands outweigh available resources that leads
to job strain. Job strain is understood to be responsible for a
range of workplace health and performance problems [33].
Mindfulness training aims to cultivate adaptive coping skills
and should thus be considered a secondary level strategy for
workplace health and well-being [12]. However, in this study,
it appears that higher mindfulness may also support changes in
the way psychosocial stressors are perceived. Our findings for
job demands (and the trends for job control) indicate that the
Smiling Mind Workplace Program app, when supported with
classes, might be protective against job strain by reducing
perceptions of imbalance between work-related demands and
improving personal resources and perceived control over work
experiences [3]. The fact that these effects were evident only
at the 6- month follow-up might mean that changed perceptions
of work-related psychosocial risks emerge sequentially
following the development of higher mindfulness.

An explanation for the sequential development of benefits
following mindfulness training is provided in the Garland [66]
Mindfulness to Meaning model. According to this model, the
initial stages of learning mindfulness meditation can help reduce
stress reactivity by developing attentional control; however, it
is the sustained application of mindful awareness in meditation
practice that cultivates acceptance and reappraisal skills. These
skills, in turn, support regulatory and coping resources and are
known to underpin positive affect and general well-being
[5,15,67].

The null result for quality of life was unexpected, given that
significant improvements were recorded on the briefer
4-dimension AQoL following the pilot face-to-face
workplace-based mindfulness program in the same population
[35]. Moreover, prior work has shown increased general
well-being following workplace-based mindfulness programs
[2], even when delivered via an app [27]. Findings from an RCT
of the Wildflowers mindfulness app in a nonwork setting [32]
reported that changes in mindful acceptance appear to take
longer and require a greater amount of meditation practice than
changes in stress and mood. It is feasible that the degree of
engagement with the app+classes intervention in this study was
sufficient for the acquisition of elementary mindfulness skills
(attentional control and awareness) that support stress appraisals
and that these changes underpinned the beneficial findings for
distress and psychosocial risk factors (job demand and job
control). However, the training dose appears to have been
inadequate for developing skills associated with positive affect
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and general well-being, which are key factors associated with
quality of life [66].

Trends in productivity data indicate that all 3 groups had
decreased the number of health-related presenteeism and
absenteeism days at the 6-month follow-up. Changes in
productivity may also be sequential to changes in stress and
mindfulness; however, our results did not show a causal link
between mindfulness training and increased productivity. We
propose that health-related LPT is an informative measure for
assessing productivity effects in future workplace-based
mindfulness program research, as higher mindfulness has been
shown to alleviate psychological distress, depression, and
anxiety, and these conditions are strongly associated with
absenteeism and presenteeism [1,68].

The use of observer data to supplement self-reported changes
in mindfulness and related behaviors addresses a limitation
noted in approximately half of the published mindfulness studies
[25]. Although the magnitude of interrater agreement was low,
the consistent correspondence between self-reported mindfulness
(Mindful Attention and Awareness Scale) and observer-reported
mindful behaviors (OMM) strengthens the results reported in
this study [69,70]. The work-based observers reported noticing
increased mindful behaviors and a trend toward higher altruism
among participants in the app+classes group but not in the
app-only group at 6 months. These results lend weight to the
potential for workplace-based mindfulness programs to have
prosocial benefits in the workplace [18,71].

Limitations, Strengths, and Future Research
There were timing and contextual considerations within our
study. Baseline data collection coincided with the end of the
summer break, a period during which many public sector
employees are returning from annual leave. In contrast, the
postintervention surveys coincided with political elections and
major flooding in and around the state’s capital city, where
many public sector employees are located. Thus, employee
stress levels may have been lower than usual in the
preintervention surveys and elevated after the intervention
through these contextual factors.

The necessary lack of blinding and use of a waitlist rather than
an active control means that nonspecific factors such as social
desirability, expectancy, or experimenter effects cannot be ruled
out as potential effect moderators. For example, our qualitative
data appear to suggest that participants in the app-only group

may have felt their lower dose training protocol to have a lower
status than the app+classes protocol. Careful design of the WLC
conditions in future research is recommended to help address
this bias risk. Although an additional survey was conducted 14
months from baseline (time point 3), there was a very high
degree of attrition, with only 15.2% (32/211) of the starting
sample providing data. Follow-up analyses were therefore
limited to the 6-month data. Raw data for productivity and
workplace incidents are provided in Multimedia Appendix 1 to
support future pooled analyses.

Strengths of this study include participant characteristics
reflecting those of the broader TSS workforce, meaning the
reported findings can be generalized to similar public sector
workplaces with some confidence. Collecting objective app use
data enabled us to overcome a reliance on self-report adherence
to the training protocol; however, we did not record engagement
with the Smiling Mind generic emails and were therefore not
able to include exposure to this guiding material in our
dose-exposed calculations. The use of observer reports was
another strength of this study, although the ceiling effects in
the organizational citizenship and observed mindfulness data
prevented complete analyses. The use of multisource data
increases confidence in self-reported study findings, and this
study has shown that the collection and use of observer-reported
data are both feasible and informative. We suggest that more
studies collect observer reports to help build an evidence base
around the effects of mindfulness training on workplace social
and performance outcomes. More work is needed to understand
the effects of mindfulness training on workplace productivity
and health-related LPT.

Conclusions
Despite the absence of effects for the primary study outcome,
that is, perceived stress, the results for mindfulness, distress,
and job demands support the Smiling Mind Workplace Program
app as a workplace stress reduction intervention when supported
by classes. Importantly, no evidence of adverse effects was
observed from this low-dose mindfulness intervention. However,
previous workplace mindfulness training research [1,2] indicates
that workplace-based mindfulness programs with stronger
engagement and higher training doses are likely to realize greater
benefits, both for employees’ stress-related health and
well-being and for organizational outcomes such as productivity
and performance.
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Abstract

Background: The adherence to secondary prevention treatment in patients with coronary heart disease (CHD) is low. Digital
therapeutics (DTx) refers to an emerging branch of medicine that delivers medical interventions directly to patients using
evidence-based, clinically evaluated, technology-based software algorithms or apps to facilitate disease management, which may
be an efficient tool to optimize adherence.

Objective: This paper aims to investigate the effect of mobile app–based self-management DTx on long-term use of secondary
prevention medications in patients with CHD in China.

Methods: This pilot study was a parallel-designed, open-labeled, single-center, randomized controlled trial. Hospitalized patients
with CHD admitted to Peking University First Hospital between April 2016 and June 2017 were randomized before discharge
on a 1:1 ratio. The intervention group received regular follow-up combined with DTx, which is a self-management mobile app
already installed on an Android 5 (Mi Pad 1, Xiaomi Corporation) tablet. Structured data from the hospital informatics system
were integrated automatically, and medication, lifestyle intervention plan, follow-up protocol, and patient education materials
were also provided according to the diagnosis. Participants could use DTx for self-management at home. The control group was
under conventional hospital–based follow-up care. Patients were followed up for 1 year, and the primary end point was the
percentage of all guideline-recommended medications at 12 months. The secondary end points included the percentage adhered
to standard secondary prevention medications at 6 months, the control rate of lipid profile, and blood pressure at 6 months and
1 year.

Results: Among 300 randomized patients with CHD, 290 (96.7%) were included in the final analysis, including 49.3% (143/290)
and 50.7% (147/290) of patients from the intervention and control groups, respectively. Baseline characteristics were similar
between the 2 groups. There was a statistically significant improvement in the percentage of all guideline-recommended medications
at 12 months in the intervention group compared with the control group (relative risk [RR] 1.34, 95% CI 1.12-1.61; P=.001), and
there was no interaction with baseline characteristics. The intervention group had a significantly higher proportion of patients
achieving blood pressure under control (systolic blood pressure <140 mm Hg and diastolic blood pressure <90 mm Hg) and
low-density lipoprotein cholesterol <1.8 mmol/L (RR 1.45, 95% CI 1.22-1.72; P<.001 and RR 1.40, 95% CI 1.11-1.75; P=.004,
respectively) at 12 months. Furthermore, on logistic regression, the intervention group had a lower risk of withdrawing from
guideline-recommended medications (odds ratio 0.46, 95% CI 0.27-0.78; P=.004).
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Conclusions: Among patients with CHD, using a mobile app–based self-management DTx in addition to traditional care resulted
in a significant improvement in guideline-recommended medication adherence at 12 months. The results of the trial will be
applicable to primary care centers, especially in rural areas with less medical resources.

Trial Registration: ClinicalTrials.gov NCT03565978; https://clinicaltrials.gov/ct2/show/NCT03565978

(JMIR Mhealth Uhealth 2022;10(2):e32251)   doi:10.2196/32251
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Introduction

Coronary heart disease (CHD) is one of the leading causes of
death globally, especially in China; the trend of mortality due
to CHD is still increasing and the recurrence rate of major
cardiovascular events remains high [1]. The long-term use of
secondary prevention medications is widely recommended by
the national and international guidelines, and proven to improve
the prognosis [2-4].

However, the adherence rate to long-term secondary prevention
therapies only varies from 30% to 50%, and it is even worse in
limited-income countries [5-8], which shows the big gap
between the real-world practice and the recommended guidelines
and, thus, being a key challenge limiting the overall benefits of
these therapies. Poor adherence has been demonstrated to be
associated with a 50% to 80% relative increase in mortality and
increased health care cost [9,10].

The causes of nonadherence are complex and not due to a single
reason only; however, a good medical system with primary care
support and a long-term follow-up plan, including cardiac
rehabilitation programs, for patients with CHD, especially those
discharged from a hospital, is crucial. For overpopulated
countries, such as China, the lack of specialized cardiac
rehabilitation staff is one of the main reasons for poor adherence
[5,11]. A novel and effective management model other than
conventional, hospital-based follow-up interventions is needed
to optimize the long-term treatment of CHD. Recent advances
in digital therapeutics (DTx), which delivers medical
interventions directly to patients using evidence-based, clinically
evaluated, technology-based software algorithms or apps to
facilitate disease management, such as smartphones and
technology, have made DTx a promising solution for secondary
prevention management of chronic diseases [12-14]. SMS text
messaging is one of the mobile health (mHealth) approaches
that have been demonstrated to significantly reduce the
low-density lipoprotein cholesterol (LDL-C) level, systolic
blood pressure (SBP), and BMI of patients with CHD [15,16].
Recently published systematic review articles have shown that
mHealth significantly improved patients’ cardiovascular risk
factors rather than mortality for secondary prevention; however,
among the trials included in the meta-analysis, only a very few
studies were conducted in limited-income countries [17,18].

Furthermore, patient self-management is one of the key issues
in the long-term management of secondary prevention among
patients with CHD [7]. This study aims to explore, in a
randomized controlled trial, the effect of a mobile app designed
for self-management DTx at home on the long-term use of

secondary prevention medications in patients with CHD in
China.

Methods

Study Design
This BAMA (name of a famous longevity village in the
northwest of Guangxi province, China) pilot study was a
parallel-designed, open-labeled, single-center, randomized
controlled trial conducted in Peking University First Hospital,
China. Patients with CHD were randomized to receive
conventional hospital-based care and management (control
group) or in addition to use a mobile app for self-management
DTx (intervention group). Patients were followed up for 1 year.
The objective measures of cardiovascular risk factors, including
LDL-C level, blood pressure, and the percentage of patients
who were taking guideline-recommended medications at 6
months and 1 year postrandomization were compared between
the 2 groups.

Patients provided written informed consent, and the study
protocol, in compliance with the principles outlined in the
Declaration of Helsinki, was approved by the Institutional Ethics
Committee of Peking University First Hospital and registered
at ClinicalTrials.gov (NCT03565978).

Study Population
The patients were enrolled into the study only if they met all of
the following criteria: (1) were male or female aged ≥18 years;
(2) were diagnosed with CHD (defined as documented prior
myocardial infarction, coronary artery bypass graft surgery,
percutaneous coronary intervention, or ≥50% stenosis in at least
one major epicardial vessel on coronary angiography); (3) were
willing to undergo a self-management intervention and comply
with the follow-up plan; (4) had basic reading skills in Chinese;
and (5) voluntarily participated in the study and signed the
informed consent form. Patients were excluded if they met one
of the following criteria: (1) already enrolled in another
interventional clinical trial, (2) refused to sign the informed
consent or withdrew from the study for any specific reasons,
(3) had cognitive disorder and were unable to communicate
normally, and (4) had limited basic mobile technology skills to
operate a mobile app after training.

Recruitment was performed between April 2016 and June 2017,
and the follow-up continued until June 2018. The participant
flowchart is shown in Figure 1. All participants were recruited
before discharge from the hospital, after being hospitalized
because of CHD. A comparison between recruited participants
and hospitalized patients with CHD during the same period who
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did not participate in this trial can be found in Table S1 in
Multimedia Appendix 1. Enrollment of participants was

continued until the planned sample size was reached.

Figure 1. Flowchart of the study participants. CHD: coronary heart disease; FAS: full analysis set.

Group Allocation and Intervention
Randomization was conducted using a computerized web-based
randomization program. The random allocation sequence was
in a uniform 1:1 allocation ratio. Patients were randomized to
the intervention group, which comprised participants who
underwent regular follow-up combined with a mobile app–based
self-management DTx, or the control group, which comprised
participants who only received regular follow-up care and
patient education. The control group was treated and followed
up as usual. Printed patient education materials were given to
patients at the beginning of the study and during each visit, and
the same content was sent to the intervention group through the
self-management mobile app.

The DTx for the intervention group is a self-management mobile
app already installed on an Android tablet (provided by the
study), and the app could also be installed on iOS or
smartphones. The DTx system includes a physician portal, a
health manager portal, and a patient portal and contains 3
modules. The first one is the discharge module, which was used
before discharge. Structured data from the hospital informatics
system were integrated automatically in the DTx system, and
trial staff confirmed the medication and lifestyle intervention
plan and arranged follow-up protocol in the DTx system and
educated participants on how to use the patient portal. Patient
education materials and instructions on medication were also
provided in the app according to the diagnosis at discharge.

The second module is the home management module. An
electronic blood pressure meter was given to all participants at
the beginning of the study to encourage self-management. The
intervention group had their blood pressure and heart rate data
transferred through Bluetooth connection to the app, or they
could also input the data on the app by themselves. In addition,
an automatic alarm was set up in the patient portal to help
manage their daily medical regiment. Participants in the
intervention group could also record symptoms and notes in the

DTx app, whereas the control group was asked to record their
data manually on the patients’education book. All data recorded
by the home management module are shared with trial staff
physicians and nurses in the physician portal.

The third module is the follow-up module, which was used
during the follow-up; the DTx had a dynamic design and
dashboard overview displaying the latest discharge summaries,
vital signs, symptoms, and medications. Physicians could update
medication and lifestyle plans during each follow-up in the DTx,
whereas participants in the control group used traditional
electronic health records. An illustrated description slide is
provided in Multimedia Appendix 2.

Trial Procedures
In all participants, baseline demographic characteristics,
experience in smartphone use, access to Wi-Fi at home, prior
medical history, and tobacco use were assessed by nurses during
their hospitalization. Blood pressure, heart rate, and BMI were
measured according to standardized procedures. Blood pressure
and heart rate were measured 3 times using an automatic Omron
device (Omron Healthcare, Inc), and mean readings were used
for the analyses. Plasma creatinine, LDL-C, and hemoglobin
A1c levels were analyzed at local laboratories. The estimated
glomerular filtration rate was calculated based on the
Modification of Diet in Renal Disease equation [19]. The left
ventricular ejection fraction was measured by certified
cardiologists. The Teich method was used, unless the
measurement based on the Simpson method was used if the
patient had prior myocardial infarction or significant ventricle
dilation.

An invasive diagnostic coronary angiography was performed
during the hospitalization, and the secondary prevention
treatment regimen was according to the discretion of the
physician based on the patients’ specific clinical condition. All
patients were asked to visit the outpatient clinic every 3 months,
which was also the routine follow-up plan for patients with
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coronary diseases in this hospital. Blood pressure and heart rate
were measured during each follow-up visit according to the
aforementioned standard procedure. LDL-C levels were
measured at the 3-, 6-, and 12-month follow-up visits at the
local laboratories.

The primary end point of the study was the percentage of
patients who used the standard guideline-recommended
secondary prevention medications at 1 year after enrollment.
This medication regimen included (1) aspirin, P2Y12 receptor
inhibitor, or both in patients who had acute coronary syndrome
or percutaneous coronary intervention during hospitalization;
(2) statins; and (3) angiotensin-converting enzyme inhibitors
or angiotensin-receptor blockers and β-receptor blockers for
patients with a history of myocardial infarction or heart failure;
this regimen was provided to the patients if there was not any
contraindication. During the follow-up visit at 6 and 12 months,
the physicians obtained information on whether the patients
were using each of the medications.

The secondary efficacy end points of the study included the
percentage of patients who took standard secondary prevention
medications at 6 months and the control rate of lipid profile
(LDL-C <1.8 mmol/L) and blood pressure (SBP <140 mm Hg
and diastolic blood pressure [DBP] <90 mm Hg) at 6 months
and 1 year after enrollment.

Statistical Analysis
According to previous data, the percentage of patients who used
the standard guideline-recommended secondary prevention
medications was approximately 60% when there was no
intervention. The proportion in the intervention group was
expected to increase to 75%; thus, 152 participants were needed
for each group to have a power of 80% (2-tailed and at a 5%
significance level) to detect the difference. All intervention
evaluations were performed on the principle of per-protocol
analysis. Participants were analyzed by the original assigned
groups.

Description of continuous variables are summarized as means
and SDs unless skewed and then presented as medians and IQRs.
Categorical variables are presented as frequencies and
percentages.

For the primary and categorical secondary end points, the
proportion of patients with a positive primary end point was
compared between the 2 randomized groups (intervention and
control) using a log-binomial regression, and the result was
presented as relative risk (RR) and 95% CI. Similarly, the mean
differences in blood pressure, heart rate, and LDL-C levels were
compared between the 2 randomized groups (intervention and
control) using a log-binomial regression, and the result was
presented as the mean difference and 95% CI. A logistic
regression analysis was made to compare the rate of withdrawal

from the guideline-recommended medications within the
12-month follow-up period between the 2 groups, and the result
was presented as odds ratio and 95% CI. The analyses were
otherwise unadjusted. Subgroup analyses were conducted by
sex, age, BMI, current tobacco use, prior history of hypertension,
dyslipidemia, left ventricular ejection fraction, and discharge
diagnoses of stable CHD versus acute coronary syndrome using
logistic regression.

Data were collected during each follow-up visit. Two individuals
with experience in data entry independently entered all data into
separate EpiData (version 3.1, EpiData Software) databases.
The 2 databases were compared, and discrepancies were
resolved by checking the original data. Data quality monitoring
was conducted by an independent monitoring staff. If necessary,
data queries were also made.

Analyses were conducted using R (version 3.6.2; R Foundation
for Statistical Computing) [20] and RStudio (version 1.2.5033;
RStudio, Inc) [21]. All statistical tests were 2-tailed, and a 5%
significance threshold was maintained.

Results

Overview
Between April 8, 2016, and June 28, 2017, 300 patients who
met the inclusion and exclusion criteria were enrolled in the
study. Figure 1 illustrates the flow diagram of the participant
recruitment, randomization, and waning throughout the trial.
As mentioned above, given that the recruitment was based on
the willingness of patients and their ability to handle
smartphones, it was difficult to determine the number of
potential patients who met the inclusion and exclusion criteria.
A comparison between recruited patients and hospitalized
patients with CHD during the same period who did not
participate in this trial is shown in Table S1 in Multimedia
Appendix 1, and the results showed no significant differences
in the baseline characteristics between the 2 groups.
Randomization yielded 49.3% (148/300) and 50.7% (152/300)
patients in the intervention and control groups, respectively.
However, 2% (6/300) of the patients withdrew consent after
randomization, and 1.3% (4/300) of the patients were lost to
follow-up during the study. Of the 300 patients, 290 (96.7%)
patients were followed up for 12 months after randomization.

As shown in Table 1, the mean age 61.38 (SD 8.88) years versus
62.27 (SD 9.87) years (P=.42) and sex proportion (29/143,
20.3% vs 36/147, 24.5%, female sex; P=.47) between the 2
groups were similar. Other baseline characteristics, including
prior medical history, cardiac risk factors, laboratory tests, CHD
presentation, and angiographic features, were all similar between
the 2 groups.
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Table 1. Patients’ baseline characteristics.

P valueControl (n=147)Intervention (n=143)All (n=290)

Demographics

.4736 (24.5)29 (20.3)65 (22.4)Female sex, n (%)

.4262.27 (9.87)61.38 (8.88)61.83 (9.39)Age (years), mean (SD)

.11134 (91.8)137 (96.5)271 (94.1)Han, n (%)

.1518 (12.4)7 (5)25 (8.8)Never used a smartphone, n (%)

.71133 (91.7)131 (93.6)264 (92.6)Wi-Fi available at home, n (%)

Prior medical history, n (%)

.4927 (18.4)21 (14.7)48 (16.6)Myocardial infarction

.354 (2.7)8 (5.6)12 (4.1)Heart failure

.9940 (27.2)40 (28)80 (27.6)Prior PCIa

.601 (0.7)3 (2.1)4 (1.4)Prior CABGb

.6497 (66)99 (69.2)196 (67.6)Hypertension

.4963 (42.9)68 (47.6)131 (45.2)Diabetes

.9590 (61.2)86 (60.1)176 (60.7)Dyslipidemia

.5915 (10.2)11 (7.7)26 (9)Renal insufficiency

.601 (0.7)3 (2.1)4 (1.4)Current dialysis

.1822 (15)13 (9.1)35 (12.1)Cerebral disease

.384 (2.7)1 (0.7)5 (1.7)Peripheral artery disease

.6190 (61.2)89 (62.2)179 (61.7)Current tobacco use (<1 year)

.2517 (11.6)19 (13.3)36 (12.4)Premature CHDc family history

Physical examination

.3726.28 (3.46)25.93 (3.07)26.11 (3.27)BMI (kg/m2), mean (SD)

.55109 (74.2)109 (77.9)218 (76)BMI>24 (kg/m2), n (%)

.29136.93 (21.42)134.43 (18.48)135.70 (20.03)SBPd (mm Hg), mean (SD)

.4478.86 (13.42)77.74 (11.35)78.31 (12.43)DBPe (mm Hg), mean (SD)

.2171.58 (10.67)70.09 (9.39)70.84 (10.07)HRf (bpmg), mean (SD)

Laboratory results

.7077.19 (20.40)76.33 (18.09)76.77 (19.27)eGFRh (mL/min × 1.73 m²), mean (SD)

.82123 (83.7)122 (85.3)245 (84.5)eGFR≥60 (mL/min × 1.73 m²), n (%)

.252.53 (0.85)2.41 (0.88)2.47 (0.86)LDLi (mmol/L), mean (SD)

.486.82 (1.52)6.96 (1.58)6.89 (1.55)HbA1c
j (%), mean (SD)

.8767.12 (9.97)66.91 (11.01)67.01 (10.48)LVEFk (%), mean (SD)

.80Discharge diagnoses, n (%)

29 (19.7)25 (17.5)54 (18.6)Stable angina

89 (60.5)92 (64.3)181 (62.4)Unstable angina

29 (19.7)26 (18.2)55 (19)Acute myocardial infarction

.20Coronary artery lesions, n (%)

45 (30.6)55 (38.5)100 (34.5)Single-vessel lesions

47 (32)43 (30.1)90 (31)Double-vessel lesions

55 (37.4)43 (30.1)98 (33.8)Triple-vessel lesions
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P valueControl (n=147)Intervention (n=143)All (n=290)

0 (0)2 (1.4)2 (0.7)Left main lesion

.502 (1, 2.5)2 (1, 2)2 (1, 2)Number of stents, median (quartile 1, quartile 3)

.8496 (65.3)96 (67.1)192 (66.2)Full revascularization, n (%)

aPCI: percutaneous coronary intervention.
bCABG: coronary artery bypass grafting.
cCHD: coronary heart disease.
dSBP: systolic blood pressure.
eDBP: diastolic blood pressure.
fHR: heart rate.
gbpm: beat per minute.
heGFR: estimated glomerular filtration rate.
iLDL: low-density lipoprotein.
jHbA1c: hemoglobin A1c.
kLVEF: left ventricular ejection fraction.

Primary Outcome
As shown in Table 2, there was a statistically significant
improvement in the percentage of patients using all
guideline-recommended medications at 12 months in the
intervention group compared with the control group (RR 1.34,
95% CI 1.12-1.61; P=.001). As shown in Table S2 in
Multimedia Appendix 1, similar results were found for aspirin
and P2Y12 receptor inhibitors. Regarding statin use, there was
a marginal improvement observed in the intervention group
compared with the control group; however, there were no
differences in angiotensin-converting enzyme inhibitor or
angiotensin-receptor blocker or β-receptor blocker use between

the 2 groups. However, there was no interaction between
baseline characteristics and intervention for the primary outcome
in all subgroups (Multimedia Appendix 1, Figure S1).

The intervention group had a significantly higher proportion of
patients with controlled blood pressure (SBP <140 mm Hg and
DBP <90 mm Hg) and LDL-C level <1.8 mmol/L (RR 1.45,
95% CI 1.22-1.72; P<.001 and RR 1.40, 95% CI 1.11-1.75;
P=.004, respectively) at 12 months compared with the control
group. At 6 months, significant differences in blood pressure
levels (RR 1.38, 95% CI 1.16-1.64; P<.001) were found between
the 2 groups; however, no significant difference in LDL-C levels
was found (RR 1.18, 95% CI 0.96-1.46; P=.12; Table 2).

Table 2. Secondary prevention medication and risk factor control between the 2 groups (N=290).

P valueRelative risk (95% CI)Control (n=147)Intervention (n=143)

Primary end point

.0011.34 (1.12-1.61)79 (53.7)103 (72)All medications at 12 months, n (%)

.810.71 (0.77-1.25)0.69 (1.18)0.72 (1.18)Adherence score at 12 months, mean (SD)

Secondary end point, n (%)

<.0011.25 (1.10-1.42)101 (69.2)121 (86.4)All medications at 6 months

.691.05 (0.58-1.36)1.01 (1.26)1.08 (1.45)Adherence score at 6 months

Risk factors at 12 months, n (%)

.0041.40 (1.11-1.75)64 (43.5)87 (60.8)LDLa<1.8 mmol/L

<.0011.45 (1.22-1.72)75 (56.8)99 (82.5)SBPb<140 mm Hg and DBPc<90 mm Hg

Risk factors at 6 months, n (%)

.121.18 (0.96-1.46)74 (50.3)85 (59.4)LDL<1.8 mmol/L

<.0011.38 (1.16-1.64)77 (52.4)96 (67.1)SBP<140 mm Hg and DBP<90 mm Hg

aLDL: low-density lipoprotein.
bSBP: systolic blood pressure.
cDBP: diastolic blood pressure.
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Change in Primary End Point From Baseline to the
End of 12 Months
Figure 2 shows the changing trends of primary outcome
measures at baseline and at 6 and 12 months between the 2
groups. Participants in both the intervention and control groups
had poor adherence to key secondary prevention medications
during the 1-year follow-up duration; however, the proportion
of patients on standard medications was higher in the
intervention group than in the control group. On logistic
regression, participants in the intervention group had a lower
risk of withdrawal from the guideline-recommended medications
(odds ratio 0.46, 95% CI 0.27-0.78; P=.004).

As shown in Figure 3, the trends of changes in blood pressure,
LDL-C levels, and heart rate were analyzed. During the study,
SBP and DBP decreased during the first 3 months in both
groups, but the decrease was slightly higher in the intervention

group. However, with the decrease in medication adherence,
the blood pressure in the control group began to increase,
especially for SBP, which almost returned to the baseline values
at 12 months. Meanwhile, both SBP and DBP in the intervention
group remained well controlled. The same pattern was found
in the patients’ lipid profiles. The trend in the changes in heart
rate between the 2 groups was similar.

Accordingly, in the linear regression analysis (Table 3), the
changes in the values from baseline to the 12-month follow-up
for SBP, DBP, and LDL-C levels were all significantly higher
in the intervention group than in the control group (change in
SBP −11 mm Hg, 95% CI −15 to −7; P<.001; change in DBP
−3 mm Hg, 95% CI −6 to −4; P=.02; change in LDL-C level
−0.22 mmol/L, 95% CI, −0.34 to −0.09; P=.001). However, the
change in heart rate was not significantly different between the
2 groups (change in heart rate −1 bpm, 95% CI −4 to −1; P=.30).

Figure 2. Proportion of patients taking the standard secondary prevention medications. OR: odds ratio.
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Figure 3. Blood pressure and low-density lipoprotein cholesterol (LDL-C) level changes between the 2 groups. bpm: beats per minute.

Table 3. The mean differences in blood pressure, heart rate, and low-density lipoprotein cholesterol (LDL-C) level between the 12-month follow-up
and baseline values (N=290).

P valueMean difference (95% CI)Value, mean (95% CI)Parameter

Control (n=147)Intervention (n=143)

<.001−11 (−15 to −7)136 (133 to 139)125 (122 to 127)SBPa (mm Hg)

.02−3 (−6 to −4)73 (71 to 75)70 (68 to 71)DBPb (mm Hg)

.30−1 (−4 to −1)75 (74 to 77)74 (72 to 76)HRc (bpmd)

.001−0.22 (−0.34 to −0.09)1.87 (1.77 to 1.98)1.66 (1.58 to 1.74)LDL-C (mmol/L)

aSBP: systolic blood pressure.
bDBP: diastolic blood pressure.
cHR: heart rate.
dbpm: beat per minute.

Discussion

Principal Findings
This study demonstrated that the utility of a mobile app–based
self-management DTx intervention for patients with CHD led
to a significant increase in adherence to guideline-recommended
medications as well as an increase in the proportion of patients
with controlled LDL-C and blood pressure during the 12-month
follow-up duration. The RR of adherence to all
guideline-recommended medications at 12 months between the
2 groups was 34%, which might be mainly attributed to the dual
antiplatelet and statin therapy, which is the fundamental
secondary prevention treatment for CHD. Furthermore, the
effect did not show an interaction with other variables based on
the subgroup analysis.

During the trial, the adherence to all guideline-recommended
medications showed a decreasing trend with time, regardless
of whether an intervention was provided or not. The adherence
was lower at the 12-month follow-up than at the 6-month
follow-up in both the intervention and control groups; however,
the intervention group showed a slower decreasing trend of
adherence to guideline-recommended medications at 12 months.
The same trend can also be seen in the changes in the values of
the risk factors, such as blood pressure and LDL-C, which
showed a decreasing trend during the first 3 months in both
groups. However, the blood pressure in the control group began
to increase thereafter, and SBP almost returned to the baseline
values at 12 months, whereas that of the intervention group
remained well controlled.
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Recently, DTx interventions have arisen as a potential means
of modifying health behaviors. A topical study reports the
findings of a pivotal trial investigating the efficacy and safety
of a self-management DTx (a 12-week intervention followed
by a 12-week follow-up) in Japanese patients with untreated
essential hypertension (baseline office and ambulatory 24 hours
BP ≥140/90 mm Hg and ≥130/80 mm Hg, respectively) [14].
Recent studies have evaluated the effectiveness of SMS text
messaging services on the improvement in LDL-C level, blood
pressure, BMI, and smoking status among patients with CHD
[15]. However, a recent systemic review demonstrated
insufficient evidence to draw conclusions on their effectiveness
[22], and sufficiently powered, high-quality randomized trials
are needed, particularly in developing countries. Although SMS
text messaging is simple and less costly, the function is
somehow limited, especially for important features, such as
patient education, vital signs’ monitoring, and medication or
adverse event alert, which are commonly applied to
smartphones. Studies on mobile app–based management on
secondary prevention for cardiovascular diseases have been
reported [18,23], but most of the studies had a short follow-up
duration, and only 1 RCT included in a recent meta-analysis
had an intervention or follow-up period of 12 months [18].
Given the chronic nature of CHD, the long-term effectiveness
and clinical outcomes of these mobile app–based interventions
remain to be determined because of the lack of long-term
follow-up.

The findings of this pilot study are consistent with those of
previous studies. However, our study greatly differed from the
previous studies based on the following reasons: our study
targeted multiple risk factors rather than individual risk factors;
the sample size was larger, and the follow-up duration was
longer. Another important difference is that we focused on the
trend of the improvements in patients, which resulted from the
app of the intervention during the 12-month period. Furthermore,
a feasibility study was conducted before the formal trial to
ensure that the perceptions and acceptance of mHealth are
sufficient in patients with CHD [24]. Given that China is the
largest developing country, which is the main battlefield of the

future management of noncommunicable diseases including
CHD, the positive result of this pilot trial will have more
influence on the future health care system and delivery of
management for chronic diseases.

The current trial had several limitations. First, this trial was
conducted at a single large tertiary hospital in Beijing; thus, it
is unclear whether the observed benefits are generalizable.
However, a routine traditional follow-up program was already
established for discharged patients with CHD at this center,
indicating that this mobile app will bring greater benefits in
rural areas and more remote communities, where traditional
secondary prevention programs are more difficult to access.
Second, this study was open labeled because of the difficulty
of blind design, and the contact of the nursing staff during
recruitment and randomization could influence the adherence
and introduce bias. However, the control group was also under
a routine traditional face-to-face follow-up program including
physicians and nurses, and the frequency of contact between
the 2 groups was the same, which could minimize the bias.
Third, given that this work is a pilot study, medication
adherence, rather than solid outcome, was used as the primary
end point, which will be confirmed in future studies with a
long-term follow-up duration. Third, further work is needed to
evaluate the extent to which this mobile app–based
self-management intervention may be useful for patients with
CHD to improve their prognosis.

Conclusions
Among patients with CHD, the use of a mobile app–based
self-management intervention in addition to the traditional
follow-up care resulted in a significant improvement in the
guideline-recommended medication adherence at 12 months,
compared with the regular care. The results of the trial will be
applicable to primary care centers in China, especially in rural
areas with less medical resources. The trial will provide new
evidence of the efficacy of an internet-based service model in
the secondary prevention management of CHD and may help
improve risk factor control.
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Abstract

Background: Women who are pregnant and have obesity and excessive gestational weight gain (GWG) present a higher risk
of maternal and perinatal complications. The use of mobile apps and a wristband during pregnancy may contribute to promoting
healthy lifestyles and, thus, improving maternal and neonatal health.

Objective: This study aims to evaluate the effectiveness of a complex digital health intervention, using a smartband and app
with midwife counseling, on GWG and physical activity (PA) in women who are pregnant and have obesity and analyze its impact
on maternal and perinatal outcomes. In addition, we aim to study the frequency of use, usability, and satisfaction with the mobile
apps used by the women in the intervention group.

Methods: A parallel, 2-arm, randomized controlled trial was conducted. A total of 150 women who were pregnant and had
obesity were included. The intervention group received a complex combined digital intervention. The intervention was delivered
with a smartband (Mi Band 2) linked to the app Mi Fit to measure PA and the Hangouts app with the midwife to provide personal
health information. The control group received usual care. The validated Spanish versions of the International Physical Activity
Questionnaire–Short Form and the System Usability Scale were used. Satisfaction was measured on a 1- to 5-point Likert scale.

Results: We analyzed 120 women, of whom 30 (25%) were withdrawn because of the COVID-19 pandemic. The median GWG
in the intervention group was 7.0 (IQR 4-11) kg versus 9.3 (IQR 5.9-13.3) kg in the control group (P=.04). The adjusted mean
GWG per week was 0.5 (95% CI 0.4-0.6) kg per week in the control group and 0.3 (95% CI 0.3-0.4) kg per week in the intervention
group (df=0.1, 95% CI −0.2 to 0.03; P=.008). During the 35 and 37 gestational weeks, women in the intervention group had
higher mean PA than women in the control group (1980 metabolic equivalents of tasks–minutes per week vs 1386 metabolic
equivalents of tasks–minutes per week, respectively; P=.01). No differences were observed between the study groups in the
incidence of maternal and perinatal outcomes. In the intervention group, 61% (36/59) of the women who were pregnant used the
smartband daily, and 75% (44/59) evaluated the usability of the Mi Fit app as excellent. All women in the intervention group
used the Hangouts app at least once a week. The mean of the satisfaction scale with the health counseling app and midwife support
was 4.8/5 (SD 0.6) points.
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Conclusions: The use of a complex mobile health intervention was associated with adequate GWG, which was lower in the
intervention group than in the control group. In addition, we observed that the intervention group had increases in PA. No
differences were observed in maternal perinatal complications.

Trial Registration: ClinicalTrials.gov NCT03706872; https://www.clinicaltrials.gov/ct2/show/NCT03706872

(JMIR Mhealth Uhealth 2022;10(2):e28886)   doi:10.2196/28886

KEYWORDS

obesity; maternal; pregnancy; mHealth; mobile apps; telemedicine; telenursing; physical activity; gestational weight gain; lifestyle;
mobile phone

Introduction

Background
Obesity during pregnancy is an increasingly prevalent public
health problem in society. Prepregnancy obesity in Europe was
estimated to be 7.8% to 25.6% [1]. It involves a greater risk of
maternal and neonatal complications such as gestational
diabetes, preeclampsia a pregnancy-induced hypertension
disorders, a high rate of cesarean sections, fetal prematurity,
macrosomy, and newborns large for gestational age (LGA)
[2,3]. Women with excessive gestational weight gain (GWG)
have a higher probability of presenting complications [4], which
increases according to the class of obesity [5]. The Institute of
Medicine (IOM) recommends a weight gain during pregnancy
between 5 kg and 9 kg in women with obesity to minimize
complications [6].

Prior Work
Interventions promoting physical activity and healthy food
habits in women who are pregnant have been effective in
limiting GWG and have been associated with a reduction in
diabetes, cesarean sections, and macrosomy [7,8]. However,
these interventions have not demonstrated a reduction in
maternal and neonatal complications in women who are pregnant
and overweight and have prepregnancy obesity [9]. Furthermore,
several studies in women who are pregnant and have obesity
have described low adherence to the intervention [10]; thus,
promoting healthy lifestyles using new information and
communication technologies (ICTs) may be useful for health
care professionals and are accessible to a larger population [11].

ICTs enhance self-control, self-evaluation, self-reinforcement,
and personalized feedback through monitoring devices. Thus,
ICT interventions based on social cognitive theory could be
useful in promoting healthy habits in women who are pregnant
[12].

Mobile health allows access to and receipt of health information,
which may contribute to the promotion of healthy lifestyles and
improvement of maternal and neonatal health [13].

In Spain, 97.7% of Spanish women aged between 16 and 54
years seek information on the internet on topics related to health,
and 99.9% use their mobile telephone to do so [14]. According
to a meta-analysis by Lau et al [15], 70% of women who are
pregnant and overweight or have obesity consulted a webpage
or used a mobile app to obtain information on adequate GWG.
Furthermore, this meta-analysis reported a limiting GWG and
self-reported increase in moderate physical activity during the

postpartum period in the electronic-based lifestyle intervention
group in women who are overweight or have obesity.

In addition, in the past years, wearable devices such as
wristbands have emerged. In 2019, a total of 62.9 million
wristband units were sold, with a trend toward a rise in sales
being foreseen [16]. Wristbands help monitor different aspects
of health habits, including monitoring of physical activity. One
of the most commonly used wristbands is the smartband. These
devices incorporate gamification functions; for example,
challenges and prizes that increase commitment to digital health
interventions [13].

There is emerging evidence that pedometer interventions may
be successful in increasing activity levels in women who are
pregnant and have obesity.

A recent intervention study on the feasibility of using a
pedometer in women who are pregnant and have prepregnancy
obesity reported promising results in GWG and increased
physical activity [17]. Despite the growing number of women
who are pregnant consulting the internet or using smartbands
during pregnancy, few studies have analyzed the impact of their
use in women who are pregnant and have prepregnancy obesity
[15].

Objective
The aim of the study is to evaluate the effectiveness of a
complex digital health intervention, using a smartband and app
with midwife counseling, on GWG and physical activity in
women who are pregnant and have obesity. The secondary
objectives are to assess the impact of these interventions on
maternal and perinatal outcomes and identify the frequency of
use, usability, and satisfaction with the mobile apps used by the
women in the intervention group.

Methods

Study Design
This randomized parallel controlled trial (Pas and Pes; from
Catalan language, weight and step) with 2 arms in a 1:1
(intervention and control group) ratio was conducted at the
maternal–fetal department of the Hospital Clinic of Barcelona
from June 2018 to October 2020. The trial was registered on
the Clinical Trial Register of the National Library of Medicine
of the United States (NCT03706872).
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Recruitment
Eligible participants were women who were pregnant and had

prepregnancy obesity (BMI ≥30 kg/m2 based on World Health
Organization classification [18]) who attended hospital obstetric
clinics during prenatal care.

Women who were pregnant and had prepregnancy BMI ≥30

kg/m2 at 12 to 18 weeks of pregnancy, singleton pregnancy,
aged ≥18 years, users of an Android smartphone or iPhone (iOS)
with an internet connection, and who agreed to participate were
included in the study.

The exclusion criteria were women who were pregnant who
had already used an app for monitoring physical activity and
weight. Women with a previous diagnosis of psychiatric
disorders, endocrine–metabolic disorders, or chronic
hypertension; pregnant women with a contraindication for
performing exercise or mobility problems that do not allow
moderate walking; and women with language difficulties in
understanding Spanish were also excluded.

All women were recruited by midwives.

Women who were pregnant and attending hospital obstetric
clinics who fulfilled the inclusion criteria were consecutively
included in the study.

All participants provided written informed consent before being
fully enrolled in the study.

Sample Size
The sample size calculation was based on the variable of weight
gain to detect a difference ≥3.4 (SD 7.1) kg [19]. An α risk of
.05 and a β risk of .2 were accepted in the bilateral contrast. It
was calculated that 81 women were needed in the intervention
group, and 81 women were needed in the control group. A loss
to follow-up of 20% was estimated.

Randomization
Randomization was computer based. Two random number lists
were created by the University of Barcelona, and opaque
numbered envelopes were prepared to mask the group
assignment.

After the study participant had been informed about the study,
and they accepted and signed the informed consent, the midwife
opened the opaque and sealed envelope, and the woman who
was pregnant was assigned to either the intervention or control
group.

Intervention

Usual Prenatal Care in the Control and Intervention
Groups
All the study participants received the standard prenatal care
by midwives and obstetricians according to the Pregnancy
Monitoring Protocol in Catalonia [20], which also includes
health education in relation to physical activity GWG and food
habits (Figure 1).

Figure 1. Flowchart of the Pas and Pes study. GWG: gestational weight gain; IPAQ-SF: International Physical Activity Questionnaire–Short Form;
T0: time 0; T1: time 1.
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Characteristics of the Intervention in the Intervention
Group
A complex digital intervention, based on social cognitive theory
[12], was performed as a behavior-changing strategy of
self-control, self-efficacy, and improvement of outcome
expectations and to address barriers to the use of a smartband
and an app for receiving information and support from a
midwife.

Smartband (Mi Band 2) and Mi Fit App
After participants were assigned to the intervention group, the
midwife gave the participants a smartband (Mi Band 2) and
explained that it should be worn during the day. Women who
were pregnant were recommended to take 10,000 steps a day,
equivalent to 30 minutes per day of moderate physical activity
[21], over the week (≥5 days) according to the recommendations
of the American College of Obstetricians and Gynecologists
[22]. The smartband was linked to the Mi Fit app, which was
free and available for Android and iOS systems. The midwife
instructed the intervention group’s participants on how to set
up the step and weight goals through notifications of goals and
activated alerts in the Mi Fit app. The smartband would vibrate
during prolonged periods of inactivity or send prizes when goals
were achieved. Women verified objective fulfillment by alerts
and notifications from the Mi Fit app and the smartband (Mi
Band 2).

Hangouts App
The app for receiving health counseling and support from a
midwife was Hangouts (Google LLC).

If necessary, the midwife instructed the women on how to
download the app, which was free and available for Android
and iOS systems (Hangouts), so that pregnant women could
receive personalized information through SMS text messages
or videos sent by the research team twice a week. One message
corresponded to information regarding the physiological changes
in the mother and fetus, and another was related to healthy eating
habits, weight gain, physical activity, and information related
to pregnancy, labor, and postpartum. The messages were
personalized according to the gestational week and could contain
videos (Multimedia Appendix 1). The source of information of
the sent messages was extracted from a specialized webpage
and the Inatal app. This specialized webpage is a social web
designed by gynecologists and midwives from the Hospital
Clinic, Barcelona. Permission was obtained for using its content.
Video links for promoting physical activity and healthy eating
habits were used from the webpage of the Health Department
of Catalonia. Finally, we used videos and informative material
from the Catalan Midwives Association available on their
website. The women were to use the Hangouts app at least once
a week.

In addition, the midwife asked the women who were pregnant
about their current weight and motivated or reinforced their
progress monthly (one by one woman) through the Hangouts
app. Furthermore, women who were pregnant could ask
questions to the midwife that were solved with an immediate
response (<1 hour). No information regarding the data or results

in the clinical history of the woman was delivered through
Hangouts app (Figure 1).

Characteristic of the Intervention in Control and
Intervention Group
Women who were pregnant in the control group received oral
information and written support material. With respect to
physical activity, it was recommended to perform 30 min/day
of moderate physical activity over the week (≥5 days) according
to the recommendations of the American College of
Obstetricians and Gynecologists [22]. Midwives gave
instructions to gradually achieve the goal in those who were
inactive or sedentary. Furthermore, midwives recommended a
GWG between 5 kg and 9 kg to women who were pregnant,
according to the IOM [6], and a balanced (Mediterranean) diet
of 1800 kcal.

Outcomes and Data Collection

Main Outcome Variables
The main outcome variables were GWG and total physical
activity. GWG was obtained by the difference between the
weight of the woman who was pregnant between weeks 35 and
37 of pregnancy or time 1 (T1) and self-reported prepregnancy
weight at the time of recruitment or time 0 (T0) and the mean
GWG adjusted by the week of pregnancy in the study. The
midwife weighed the dressed and shoeless woman who was
pregnant in the midwife consultation using a Seca 704 scale.
GWG was categorized according to the IOM recommendations
as below (<5 kg), within (5-9 kg), and above the guidelines (>9
kg) [6].

Total physical activity was calculated using the global score of
the International Physical Activity Questionnaire–Short Form
[23,24], which participants self-reported at T0 and T1. The
volume of physical activity was determined using metabolic
equivalent of task (MET) units [25] and was calculated as
METs-minutes per week. In addition, information on the types
of physical activity was obtained: vigorous, moderate, and
walking. Total physical activity was obtained by category
(category 1 or low [≤600 METs-minutes per week], category 2
or moderate [600-3000 METs-minutes per week], and category
3 or high [>3000 METs-minutes per week]) and sitting time
(minutes per week).

Secondary Outcome Variables
Secondary outcomes variables were as follows:

• The incidence of maternal complications was a miscarriage
at 22 weeks, gestational diabetes according to the diagnostic
criteria of the International Association of Diabetes and
Pregnancy Study Groups [26], preeclampsia or
pregnancy-induced hypertensive disorder [27], and
prematurity. The variable pregnancy composite morbidity
(yes or no) was created, where it was coded as yes if the
woman who was pregnant presented at least one of the four
adverse results found during pregnancy.

• Incidence of birth induction, type of delivery, and unplanned
cesarean section.

• Incidence of perinatal complications was macrosomy
(weight >4000 g), low birth weight (weight <2500 g), small
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for gestational age (percentile <10) and LGA (percentile
>90) adjusted for newborn sex, postterm newborn, and
neonatal death. The variable perinatal composite morbidity
(yes or no) was created, which included the 7 adverse
perinatal results mentioned above together with the variable
of prematurity. Admissions to the neonatal intensive care
unit were monitored.

Although the same woman or newborn might have had ≥1
adverse outcome during the process, the pregnancy composite
morbidity and perinatal composite morbidity variables only
counted as one event. Data on pregnancy complications were
obtained by the midwives at T1. Data on delivery and newborns
were retrospectively obtained by the research team through
electronic clinical history.

Secondary specific outcome measures for the intervention group
were frequency of smartband use and grade of usability of the
Mi Fit app according to the total score and by categories
(excellent, good, poor, and awful) of the System Usability Scale
[28]. The satisfaction of women who received health counseling
and midwife support through the app was evaluated with 6
questions answered using a 1- to 5-point Likert scale in which
1=not at all satisfied and 5=very satisfied. Self-reported
questionnaires were answered anonymously by the women who
were pregnant.

Statistical Analysis
The analyses were performed on an intention-to-treat basis
according to the treatment group allocated at randomization.

Descriptive data were presented as numbers and percentages,
means and SDs, and medians and IQR. Bivariate analysis was
performed between sociodemographic variables and
prepregnancy BMI. For comparison of categorical variables,
the nonparametric test of chi-square or Fisher exact (in case of
small sample size of compared groups and expected frequency
<5) and McNemar test were used. To compare quantitative
variables, parametric Student t test (2-tailed) and nonparametric
Mann–Whitney U or Wilcoxon tests were performed, depending
on the normality distribution of compared groups.

Multinomial logistic regression was used to analyze the
association between total physical activity (low, moderate, and
high) at the end of the study, age and BMI at recruitment,
previous births (yes or no), and test group (control and
intervention). Adjusted odds ratios and 95% CIs were calculated
for each model.

To evaluate the effect of the intervention on GWG per week
(kg per week) of the participants at the end of the study, a linear
regression model was used, which was adjusted for age and
BMI at recruitment, previous births (yes or no), and total
physical activity (low, moderate, and high) at the end of the
study. The adjusted GWG per week was derived from this
model.

All statistical tests were 2-sided and evaluated at an α level of
.05. Analyses were performed using SPSS (version 25) and SAS
(version 9.4).

Ethical Aspects
The study was approved by the ethics and clinical research
committee of the Hospital Clinic of Barcelona (code
HCB2017-0756). The anonymity and confidentiality of the data
were always preserved in accordance with the Spanish Organic
Law 3/2018, of December 5, on the Protection of Personal Data
and guarantee of digital rights. Informed consent was obtained
from all the participants.

Results

Participants
Figure 2 shows the flow diagram of the recruitment of study
participants according to the recommendations of the
CONSORT (Consolidated Standards of Reporting Trials)
statement. Of the 300 women evaluated for recruitment, 150
(50%) fulfilling the inclusion criteria were randomized: 52%
(78/150) in the intervention group and 48% (72/150) in the
control group.
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Figure 2. CONSORT (Consolidated Standards of Reporting Trials) flowchart of participants in the Pas and Pes study. PA: physical activity; T0: time
0; T1: time 1.

The COVID-19 pandemic in Spain led to strict home
confinement, which interfered with the physical activity of
women. As prenatal care was delivered only by telematic means
on April 1, 2020, up to 20% (30/150) of women who had not
reached 35 weeks of pregnancy were withdrawn from the study.
At T1, of the 150 women, 120 (80%) were analyzed, and
variables related to delivery and the neonates of 115 (76.7%)
women were analyzed (Figure 2).

The baseline characteristics of the study participants are shown
in Table 1. There were no statistically significant differences
in age, country of origin, number of previous births, or
prepregnancy BMI between the 2 groups. The mean follow-up
was 21.5 (SD 3.2) weeks in the intervention group and 21.1
(SD 2.4) weeks in the control group (P=.48).
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Table 1. Baseline demographics and clinical characteristics by treatment group (N=150).

P valueControl group (n=72)Intervention group (n=78)Variables

.36a33.4 (4.7)32.4 (5.4)Age (years), mean (SD)

.48bCountry of origin, n (%)

41 (57)40 (51)Spanish

31 (43)38 (49)Foreign

.83bEducational level, n (%)

7 (10)8 (10)Primary

31 (43)37 (47)Secondary

34 (47)33 (42)Higher

.82bEmployed, n (%)

59 (82)65 (83)Yes

13 (18)13 (17)No

.09bCohabiting partner, n (%)

53 (74)66 (85)Yes

19 (26)12 (15)No

.34aPrepregnancy weight (kg)

84.3 (9.9)86.1 (10.4)Values, mean (SD)

84 (77-90)84 (79.7-92.3)Values, median (IQR)

.06aPrepregnancy BMI (kg/m2)

32.7 (3.3)33.1 (2.9)Values, mean (SD)

31.3 (30.4-33.6)32.6 (31.1-34.2)Values, median (IQR)

.55bObesity class, n (%)

61 (85)63 (81)Class I (30-34.9 kg/m2)

8 (11)13 (17)Class II (35-39.9 kg/m2)

3 (4)2 (2)Class III (≥40 kg/m2)

.06bPrevious births, n (%)

44 (61)36 (46)Yes

28 (39)42 (54)No

.29bSmoking, n (%)

4 (6)8 (10)Yes

68 (94)70 (90)No

aMann–Whitney U test.
bChi-square test.

Main Outcomes

GWG Outcome
The intervention group median of GWG 7.0 (IQR 4-11) kg was
statistically significantly lower than the control group median
of 9.3 (IQR 5.9-13.3 kg; P=.04). At T1, the median GWG per
week was 0.3 in the intervention group versus 0.4 in the control
group (P=.01).

An inverse association was observed between the GWG (kg per
week) at the end of the study in the intervention group compared
with the control group (β=−.1, 95% CI −0.2 to −0.03) at the
same levels of age, BMI at recruitment, physical activity, and
previous births (Multimedia Appendix 2). Derived from the
model, we obtained an adjusted mean weight gain per week that
was 0.5 (95% CI 0.4-0.6) kg per week for the control group and
0.3 (95% CI 0.3-0.4) kg per week for the intervention group;
(df=0.1, 95% CI −0.2 to 0.03; P=.008; Table 2).
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Table 2. Gestational weight gain by study group (N=113)a.

P valueβMean difference (95% CI)Control group (n=53)Intervention group (n=60)Gestational weight gain

Continuous (kg)

.02cN/Ab2.5 (0.2 to 4.7)10.1 (6.4)7.6 (5.5)Values, mean (SD)

.04dN/AN/A9.3 (5.9 to 13.3)7.0 (4.0 to 11.0)Values, median (IQR)

Weekly weight gain (kg)

.01eN/A0.1 (0.03 to 0.2)0.4 (0.3)0.3 (0.3)Values, mean (SD)

.01dN/AN/A0.4 (0.3 to 0.6)0.3 (0.2 to 0.5)Values, median (IQR)

.008e−.10.1 (−0.2 to −0.03)0.50.3Adjusted mean

.08gN/AN/ACategorical based on IOMf guidelines, n (%)

9 (17)18 (30)Below guidelines

15 (28)21 (35)Within guidelines

29 (55)21 (35)Above guidelines

aN=113; missing data of 2 miscarriages and 5 premature deliveries at ≤35 weeks.
bN/A: not applicable.
cStudent t test (2-tailed).
dMann–Whitney U test.
eP value adjusted for age (years), BMI at time 0, and previous births (yes or no).
fIOM: Institute of Medicine.
gChi-square test.

The proportion of women with adequate GWG according to
IOM recommendations was 35% (21/60) in the intervention
group versus 28% (15/53) in the control group; GWG below
guidelines was 30% (18/60) in the intervention group versus
17% (9/53) in the control group; and GWG above guidelines
was 35% (21/60) in the intervention group versus 55% (29/53)
in the control group (P=.08; Table 2).

Physical Activity
Regarding total physical activity, in intragroup comparison,
women in the intervention group performed greater total

physical activity at T1 than at T0 (1980 vs 990 METs-minutes
per week; P=.001), whereas women in the control group did
not modify their METs-minutes per week at T1 compared with
T0 (P=.69). When we compared the 2 groups at T1 (intervention
group vs control group), women in the intervention group had
higher mean total physical activity than women in the control
group (1980 METs-minutes per week vs 1386 METs-minutes
per week; P=.01; Figure 3 and Table 3). Regarding sitting time,
women in the intervention group obtained a lower mean of 1260
minutes per week than 2100 minutes per week in the control
group (P=.02; Table 3).
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Figure 3. Physical activity by study group at time 0 and time 1 (time 0=12-18 weeks; time 1=35-37 weeks). CG: control group; IG: intervention group;
MET: metabolic equivalent of task; PA: physical activity.
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Table 3. Intragroup physical activity outcomes by period time 0 (T0) and time 1 (T1) and physical activity outcomes in T1 by study group (N=110)a.

P valueControl group (n=51)Intervention group (n=59)Physical activity

T1 (35-37 weeks)T0 (12-18 weeks)T1 (35-37 weeks)T0 (12-18 weeks)

Total

.01c1386 (693-2346)1386 (495-2685)1980 (1386-
4060)

990 (396-2376)Values (METsb-minutes per week), median (IQR)

.01c50-83730-83160-13,4000-13,400Values (METs-minutes per week), minimum-maximum

N/A.69N/A<.001N/AeP valued (intragroup)

Vigorous

.67c0 (0-0)0 (0-0)0 (0-0)0 (0-0)Values (METs-minutes per week), median (IQR)

.67c0-76800-33600-36000-13,440Values (METs-minutes per week), minimum-maximum

N/A47 (92)42 (82)49 (83)47 (80)0 METS-minute per week, n (%)

N/A.23N/A.83N/AP valued (intragroup)

Moderate

.16c0 (0-0)0 (0-0)0 (0-0)0 (0-0)Values (METs-minutes per week), median (IQR)

.16c0-40000-16800-24000-3360Values (METs-minutes per week), minimum-maximum

N/A48 (81)39 (76)40 (78)48 (81)0 METS-minutes per week, n (%)

N/A.97N/A.93N/AP valued (intragroup)

Walking

.003c990 (495-1980)693 (346.5-1980)1485 (990-2772)693 (330-1782)Values (METs-minutes per week), median (IQR)

.003c50-41580-83160-83600-4158Values (METs-minutes per week), minimum-maximum

N/A0 (0)1 (2)1 (2)4 (7)0 METS-minutes per week, n (%)

N/A.55N/A<.001N/AP valued (intragroup)

Physical activity by category

.10f12 (3)15 (29)6 (10)22 (37)Category I: low, n (%)

.10f30 (59)29 (57)36 (61)30 (51)Category II: moderate, n (%)

.10f9 (18)7 (14)17 (29)7 (12)Category III: high, n (%)

N/A.83N/A<.001N/AP valueg (intragroup)

Sitting time (minutes per week)h

.02c2100 (1260-
2520)

1680 (840-2940)1260 (420-2100)1680 (840-2940)Values (METs-minutes per week), median (IQR)

.02c55-756020-504055-54600-5880Values (METs-minutes per week), minimum-maximum

N/A.81N/A.16N/AP valueg (intragroup)

aN=110; missing data of 2 miscarriages, 5 premature deliveries at ≤35 weeks, and 3 non–International Physical Activity Questionnaire–Short Form
data.
bMET: metabolic equivalent of task.
cWilcoxon test.
dMann–Whitney U test of the period time 1 data intervention group versus time 1 control group.
eN/A: not applicable.
fChi-square test.
gMcNemar test of the period time 1 data intervention group versus time 1 control group.
hIn the intervention group, n=52 at time 0 and n=54 at time 1 and in the control group, n=47 at time 0 and n=45 at time 0.
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Multimedia Appendix 3 shows results of the multinomial logistic
regression for categorical physical activity. The probability of
high versus low physical activity, with the other variables in
the model remaining constant, was 3.9-fold higher in the
intervention group (95% CI 1.1-14.3) than in the control group.

Secondary Outcomes

Maternal and Perinatal Complications During
Pregnancy and Delivery
Pregnancy, labor, and perinatal complications by study group
are detailed in Table 4.
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Table 4. Pregnancy, labor, and perinatal complications by study group (N=120).

P valueControl group (n=55)Intervention group (n=65)Complications

Gestational complications, n (%)

.77a20 (36)22 (34)Composite pregnancy morbidity

.49b0 (0)2 (3)Miscarriage ≤22 weeks

.36a12 (22)10 (15)Gestational diabetesc

.23a9 (16)6 (9)Preeclampsia or gestational hypertensionc

.17a5 (9)7 (11)Preterm labor ≤37 weeksd

Labor complications, n (%)e,f

.15aType of labor onset

22 (44)23 (38)Spontaneous

25 (50)26 (43)Induction

3 (6)11 (18)Planned cesarean

Type of labor

.06a39 (78)37 (62)Vaginal

.06a11 (22)23 (38)Cesarean

.29b3 (27)11 (48)Planned

.29b8 (73)12 (52)Unplanned

Perinatal complications, n (%)d,g

.38a24 (46)24 (38)Composite perinatal morbidity

.34b6 (12)4 (6)Birthweight ≥4000 g

.45b2 (4)5 (8)Birthweight ≤2500 g

.87bLarge for gestational age centiles

3 (6)6 (10)≤5th

1 (2)2 (3)5-10th

37 (71)43 (68)10-90th

11 (21)12 (19)≥90th

.49a8 (15)7 (11)Postterm

.58b2 (4)1 (2)Perinatal death

1 (50)1 (100)Early neonatal death

1 (50)0 (0)Antepartum stillbirth

.72b5 (10)4 (6)Admission to NICUh,i

aChi-square test.
bFisher exact test.
cN=118; missing data for 2 miscarriages.
dN=115; missing data for 2 miscarriages and 3 COVID-19 lockdowns in delivery.
eN=110, missing data of 2 miscarriages, 5 premature deliveries at ≤35 weeks, and 3 COVID-19 lockdowns in delivery.
fn=60 for the intervention group and n=50 for the control group.
gn=63 for the intervention group and n=52 for the control group.
hNICU: neonatal intensive care unit.
iN=114; missing data for 2 miscarriages, 3 COVID-19 lockdowns in delivery, and 1 antepartum stillbirth.
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Frequency of Using Mi Band 2 and Hangouts App,
Grade of Usability Mi Fit App, and Grade of Satisfaction
in Women in the Intervention Group (Hangouts) App
Information was obtained from 91% (59/65) of the women in
the intervention group at T1. None of the women showed
adverse effects with the use of the smartband (Mi Band 2). The
smartband was used daily by 61% (36/59) of the women. The
mean System Usability Scale score of the app linked to the

smartband (Mi Fit) was 89.7 (SD 14.9) points, and 75% (44/59)
evaluated its use as excellent. All 59 women reported having
consulted the information provided in the app (Hangouts). All
these women used the Hangouts app at least once a week, and
they received midwives’ feedback once a month and every time
they formulated questions. The mean grade of overall
satisfaction with receiving messages related to pregnancy and
health counseling and midwife support through the app was
4.8/5 (SD 0.6) points (Table 5).

Table 5. Usability score of the Mi Fit app, frequency of Mi Band 2 and Hangouts app use, and grade of satisfaction with Hangouts app in the intervention

group (N=59)a.

ValuesMeasures

89.7 (14.9)Mi Fit app: usability score (SUSb), mean (SD)

Mi Fit app: usability score (SUS)—categorical, n (%)

44 (75)Excellent (≥80.3)

8 (14)Good (68 to 80.3)

6 (10)Poor (51-67)

1 (2)Awful (≤51)

Frequency of smartband use (Mi Band 2), n (%)

36 (61)Daily

11 (19)3-4 times per week

6 (10)2 times per week

5 (10)1 time per week

0 (0)Never

Satisfaction with app information (Hangouts), mean (SD)

4.6 (0.6)Utility of pregnancy advice

4.6 (0.6)Utility of healthy lifestyles advice

Satisfaction with midwife support by (Hangouts) app, mean (SD)

4.7 (0.7)Midwife accessibility

4.7 (0.8)Ease of use of the chat

4.7 (0.6)Be able to take advice without having to scroll

4.8 (0.6)Global satisfaction, mean (SD)

aThe grade of satisfaction was analyzed with a Likert scale in which the minimum grade of satisfaction was 1 point and maximum 5 points; N=59;
missing data of 2 miscarriages at 22 weeks, 3 premature deliveries at 35 weeks, and 1 no data of System Usability Scale and of the satisfaction questionnaire
scale.
bSUS: System Usability Scale.

Discussion

Principal Findings
Our findings show that the use of a complex digital intervention
was associated with lower GWG and an increase in physical
activity during pregnancy in women who were pregnant and
had obesity. No differences in the incidence of maternal and
perinatal complications between the 2 study groups were found.
All women in the intervention group used the smartband and
health counseling app at least once a week. In addition, the
usability of the app linked to the smartband was evaluated as
excellent, and the grade of overall satisfaction with the health
counseling app and support by the midwife was very high.

Relation to Prior Literature
Recent research has suggested that interventions promoting
healthy lifestyles and self-control using social networks of
mobile apps in women who are pregnant have a moderate or
low effect on maternal weight control [11,13]. Moreover,
interventions accompanied by the use of self-monitoring devices
[11] or those combined with professional reinforcement [13]
are more effective for weight management.

In relation to GWG, our findings showed a mean difference in
weight gain of 2.5 kg between the 2 groups, being lower in the
intervention group. This GWG was lower than that reported in
previous randomized controlled trials (RCTs) performed in
women who were pregnant and had prepregnancy obesity. The
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intervention in those studies was using new technologies
independently or combined with professional reinforcement
through the sending of SMS text messages [29], social networks
[30], telephone reinforcement [31], or with pedometers and
telephone calls [32-34].

Pollak et al [35], based on n=34 (22 women in the chat group
and 12 women in the SMS text messaging group) women who
were pregnant and had obesity, provided health counseling for
the management of GWG through SMS text messaging and a
chat with professionals and observed a difference of 2.7 kg,
which was similar to the GWG observed in our study. However,
a recent RCT that included n=30 (10 per group for control, app,
and app-coach) women who were pregnant and had obesity
achieved a difference of 5.3 kg between the women who were
pregnant and used a smartwatch linked to an app and the women
who were pregnant and underwent an in-person coaching
intervention or the group that used a smartwatch [17].

Similar to other studies, we observed that the proportion of
excessive GWG of the women who were pregnant in the
intervention group was lower than that of the control group
[30,33]. In addition, we found a higher proportion of women
with GWG <5 kg according to IOM [31,33].

Regarding physical activity, we showed that women who were
pregnant and used the smartband and the app were more active,
similar to the studies of Renault et al [33] and Poston et al [32].
Furthermore, our study and the study by Simmons et al [31]
observed that women in the intervention group also spent less
time sitting than women in the control group. In addition, we
found that women in the intervention group increased their
physical activity at T1 compared with T0, which was derived
from the increase in physical activity by walking, as described
by Darvall et al [17]. We observed 4 women with vigorous or
high moderate physical activity, 3 (75%) of whom were derived
from occupational physical activity and low walking physical
activity at T0. At T1, those women decreased their occupational
physical activity (probably because of increased onset of the
usual symptoms of pregnancy between 35 and 37 weeks) and
increased their walking physical activity.

Our results are in line with those based on a systematic review
by Hussain et al [36], where an intervention combining several
technological resources, such as the smartband with a
reinforcement app with information and support from a midwife,
was associated with better results in weight gain and physical
activity during pregnancy.

With respect to maternal and perinatal complications, no
differences were observed between the 2 groups, as in the
previously mentioned RCT, although there was a trend toward
presenting a lower incidence of gestational complications. As
in other studies, there was a lower incidence of gestational
diabetes [33,37], preeclampsia [33,37], macrosomy [33] and
LGA [29,32], postterm newborns, and lower admission to the
neonatal intensive care unit [30] in the intervention group than
in the control group. However, there was a higher incidence of
prematurity [29,30], small for gestational age or restricted
intrauterine growth [29,32], and low newborn birth weight, in
contrast to what was described by Poston et al [32].

Contrary to other studies [30,32,33], we observed a greater
proportion of cesarean sections in the intervention group, similar
to the findings of Okesene-Gafa et al [29]. However, there was
a lower incidence of unplanned cesarean sections in the
intervention group than in the control group, probably because
of the higher incidence of planned cesarean sections in the
intervention group.

In our study, the frequency of the use of the smartband and the
linked app was very high, as all women who were pregnant in
the intervention group used them at least once a week, similar
to the study by Baruth et al [38]. This finding contrasts with the
low adherence reported in the UK Pregnancies Better Eating
and Activity Trial [32,39] or the RCT of Ainscough et al [40]
and Szmeja et al [41] in women who were pregnant and
overweight and had obesity.

The usability of the Mi Fit app linked to the smartband in our
study was evaluated as excellent, as in the RCT Fit4two [42].
We observed that satisfaction with the messages and midwife
support through the app was very high, and the acceptability of
the intervention agreed with other RCTs in women who were
pregnant and overweight and had obesity, such as
SMARTMOMS [43], txt4two [44], or studies with women who
were pregnant and had any BMI, such as RCT Interact [45] and
the RCTs of Choi et al [46] and Coughlin et al [47].

Taking all of this into account, the use of a smartband and
providing information and the support by a midwife through an
app could be recommended to promote physical activity and
adequate weight gain in the prenatal control of women who are
pregnant and have obesity. It would also be useful to provide
evidence-based information and solve doubts from a distance
as health professionals have described difficulties in the
management of GWG in women who are pregnant and have
obesity and a lack of time in the consultation [48]. In addition,
telematics access provides the opportunity for professionals to
gain access to a greater population, even to women who are
pregnant and who less frequently attend health care centers.
Finally, providing information through apps increases quality
and safety in the care of women during pregnancy and
contributes to reducing the heterogeneity of information
regarding health and pregnancy that women who are pregnant
see on the internet [49].

Strengths and Limitations
The strengths of this study include the ability to evaluate the
effectiveness of a complex digital intervention by the use of a
wearable device and apps in a clinical study, taking into account
the increasing use of these devices worldwide in women with
prepregnancy obesity. Randomized assignment to the
intervention reduced the probability of selection bias and
ensured that the study groups were homogeneous. Furthermore,
this study provides information related to the usability of the
app linked to the smartband using a validated questionnaire
widely used by the scientific community. Similarly, we describe
information on the frequency of use and satisfaction with the
app with which the women who were pregnant received
information and could consult midwives regarding doubts.
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The main limitation of this study is that the estimated sample
size could not be achieved because of the COVID-19 pandemic.
Approximately 20% (30/150) of women who were pregnant
included in our study were confined at home during the first
wave of the pandemic (from March 14, 2020) and had to be
withdrawn from the analysis of the study as we considered that
this could influence the results, as the power of the analysis
reduced to 63%. Nonetheless, these women continued in the
study, and the results obtained are pending publication. The
reduced sample size may have contributed to the lack of
statistically significant differences in the trend of presenting
less gestational diabetes, preeclampsia, and macrosomy observed
in the intervention group, and, in turn, the remaining observed
findings could not demonstrate a size effect because of limited
statistical power. However, multinominal models were
performed to adjust the effect of the intervention on the weight
gain variables and physical activity by categories, showing that
GWG was lower in the intervention group than in the control
group and that there was a 4-fold higher probability of the
intervention group performing physical activity than the control
group.

The data collected by the app linked to the smartband in relation
to the number of steps or physical activity performed by the
women who were pregnant in the intervention group was not
monitored as the objective of the study was to compare the
physical activity between the 2 groups at T0 and T1. We used
the validated self-reported International Physical Activity
Questionnaire–Short Form questionnaire, which may have
induced a memory bias with underestimated or overestimated
reporting by the women [50,51]. Nonetheless, this questionnaire
has been used in multiple studies evaluating physical activity
in the population [24] and in the pregnant population who are
overweight and have obesity [32,52].

Regarding to the Hangouts app questions that pregnant women
asked the midwife through the app, we have not performed
qualitative analyses.

Finally, we did not measure body composition in pregnancy
with fat percentage and total body water using bioelectrical
impedance analysis. The clinical utility of body composition
measurements in pregnancy is an ongoing future area of
research.

Conclusions
Our results suggest that the use of a complex mobile health
intervention was associated with adequate GWG, which was
lower in the intervention group than in the control group. In
addition, we observed that the intervention group increased their
physical walking activity, although it did not reduce maternal
and perinatal complications compared with the control group.
Furthermore, our findings provide some support for the
effectiveness and safety of the use of a smartband and an app
for providing health counseling and support from a midwife
during pregnancy in women who are pregnant and have obesity,
which could be applied to promote healthy lifestyles in prenatal
control. The frequency of use; satisfaction with the smartband,
health counseling app, and midwife support; and usability of
the app linked to the smartband were satisfactorily evaluated.

The findings were obtained with a reduced sample size, and
thus, the size effect should be interpreted with caution.
Furthermore, clinical studies in larger samples of women who
are pregnant and have prepregnancy obesity are necessary to
evaluate the effectiveness and feasibility, if any, of the use of
new technologies during pregnancy and their influence on
maternal and perinatal health.
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Abstract

Background: There are 1.1 billion smokers worldwide, and each year, more than 8 million die prematurely because of cigarette
smoking. More than half of current smokers make a serious quit every year. Nonetheless, 90% of unaided quitters relapse within
the first 4 weeks of quitting due to the lack of limited access to cost-effective and efficient smoking cessation tools in their daily
lives.

Objective: This study aims to enable quantified monitoring of ambulatory smoking behavior 24/7 in real life by using continuous
and automatic measurement techniques and identifying and characterizing smoking patterns using longitudinal contextual signals.
This work also intends to provide guidance and insights into the design and deployment of technology-enabled smoking cessation
applications in naturalistic environments.

Methods: A 4-week observational study consisting of 46 smokers was conducted in both working and personal life environments.
An electric lighter and a smartphone with an experimental app were used to track smoking events and acquire concurrent contextual
signals. In addition, the app was used to prompt smoking-contingent ecological momentary assessment (EMA) surveys. The
smoking rate was assessed based on the timestamps of smoking and linked statistically to demographics, time, and EMA surveys.
A Poisson mixed-effects model to predict smoking rate in 1-hour windows was developed to assess the contribution of each
predictor.

Results: In total, 8639 cigarettes and 1839 EMA surveys were tracked over 902 participant days. Most smokers were found to
have an inaccurate and often biased estimate of their daily smoking rate compared with the measured smoking rate. Specifically,
74% (34/46) of the smokers made more than one (mean 4.7, SD 4.2 cigarettes per day) wrong estimate, and 70% (32/46) of the
smokers overestimated it. On the basis of the timestamp of the tracked smoking events, smoking rates were visualized at different
hours and were found to gradually increase and peak at 6 PM in the day. In addition, a 1- to 2-hour shift in smoking patterns was
observed between weekdays and weekends. When moderate and heavy smokers were compared with light smokers, their ages
(P<.05), Fagerström Test of Nicotine Dependence (P=.01), craving level (P<.001), enjoyment of cigarettes (P<.001), difficulty
resisting smoking (P<.001), emotional valence (P<.001), and arousal (P<.001) were all found to be significantly different. In the
Poisson mixed-effects model, the number of cigarettes smoked in a 1-hour time window was highly dependent on the smoking
status of an individual (P<.001) and was explained by hour (P=.02) and age (P=.005).

Conclusions: This study reported the high potential and challenges of using an electronic lighter for smoking annotation and
smoking-triggered EMAs in an ambulant environment. These results also validate the techniques for smoking behavior monitoring
and pave the way for the design and deployment of technology-enabled smoking cessation applications.

International Registered Report Identifier (IRRID): RR2-10.1136/bmjopen-2018-028284
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Introduction

Background
After more than 100 years of popularity, cigarette smoking
remains the single largest cause of preventable disease and death
even in the 21st century [1,2]. Globally, there are 1.1 billion
current smokers, and every year more than 8 million die
prematurely because of smoking. In addition, smoking induces
many other health and economic costs on the society [2].
Although more than half of current smokers make a serious
attempt to quit each year in the United States [3], 90% of
unaided quitters relapse within the first 4 weeks due to the lack
of limited access to cost-effective and efficacious smoking
cessation tools [4], and only around 2% can quit for good. If no
better solutions are developed to help increase the success ratio
of smoking abstinence, the prevalence of smoking will decline
very slowly and can be expected to remain at high levels for
decades into the future [5]. Nonetheless, for designing readily
accessible and effective smoking cessation applications, there
are generally 2 obstacles ahead.

The first challenge is the lack of appropriate tools for smoking
prevention and monitoring in daily use. Primary care plays a
central role in smoking cessation, but its high-quality services
are costly and often constrained by physical factors such as
distance or time [6]. In fact, only 8% of the smokers go to
smoking cessation clinics or physicians for counseling when
they try to quit smoking [7]. In addition, smoker-initiated
retrospective reports or diaries are the main methods used in
previous studies on smoking research, but there are challenges
with synchronizing events with digitalized measurements and
recall of annotations by participants. To overcome this barrier,
researchers have been designing and using many smart gadgets
for smoking behavior monitoring and modeling. For example,
radio frequency sensors and inertial sensors to measure
respiration and arm movements have been used for smoking
detection [8,9]. Acoustic sensors and breath carbon monoxide
sensors were used for monitoring smoking, in combination with
electric lighters and wrist-worn sensors [10,11]. Finally, the
most recent use of e-cigarettes makes it easier to track and model
this behavior [12].

The second challenge is how to transform theoretical models
on smoking into actionable guidance tools in the dynamic
context of daily use [13]. Many existing smoking cessation apps
only use simplistic tools such as calculators, educational text
[14], photoaging images [15], and self-trackers [16] and fall
short of providing features such as smart tracking, learning, and
tailored feedback, which are mostly demanded by end users.
To enable adaptive smoking interventions, a prerequisite is to
collect multimodal data concurrent with smoking and then use
them to analyze the temporal and contextual windows associated
with smoking behavior. In the literature, a few groups have
reported progress in this direction. For example, Saleheen et al

[9] designed a multi-sensor approach (electrocardiography,
3-axis accelerometer, and respiration sensors) and used it to
collect smoking-related data from 45 smokers. Later, they
conducted a study with 55 participants to test their app
(MyQuitPal) designed for smokers during their initial cessation
process [17,18]. However, it was only used among hospitalized
smokers for 4 days and mainly to test various visualization
techniques of their prototype system with no evaluation of its
efficacy.

Accurate monitoring and modeling of smoking behavior in
real-life settings are crucial for designing and delivering
appropriate smoking cessation interventions. To fulfill this goal,
mobile health technology, combining the measurement of
multimodal sensors with the computation power of ubiquitous
mobile phones, could enable a quantified observation of
ambulatory smoking behavior 24/7 in real life. Because this
technique can capture diverse information relevant to the
behavior of interest, it can not only support accurate analysis
and modeling of smoking behavior but also deliver customized
interventions.

Objectives
The aim of this study is to acquire a better understanding of
smoking behavior by analyzing data from a longitudinal study,
in which smoking events were automatically tracked and
smoking-contingent context and mood states were assessed
using mobile technology.

Methods

Study
This was an observational study of smoking behavior in a
real-life setting, following the protocol reported in [19]. Smoker
volunteers were recruited from the Flanders area of Belgium to
participate in a 4-week experiment. Inclusion criteria were adults
aged between 18 and 65 years, current smokers, office workers,
and with no psychological, cardiac, or respiratory problems.
An intake questionnaire and informed consent form were filled
out when the participants passed the screening phase and were
registered for this study. The intake questions were about
personal background information such as age, gender, BMI,
and the 6-item Fagerström Test of Nicotine Dependence
(FTND). The FTND is a validated standardized smoking
assessment that can be converted to a final score ranging from
0 to 10 and is used to indicate the nicotine dependence of
smokers [20]. The FTND score measures physiological
dependence (ie, tolerance and withdrawal). However, it does
not capture the behavioral and psychosocial dimensions of
nicotine dependence [21].

When the experiment began, the participants downloaded and
installed an experimental app called ASSIST [19] on their
smartphone. Next, they were given 2 wearable sensors, 1
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electrical lighter, and instructions on the use of these sensors
and the app. They were also informed to solely use the assigned
lighter to light cigarettes when they smoke, and they were asked
not to share it with other smokers. The lighter was also
connected to the app on their phone via Bluetooth and was used
to trigger surveys.

Ecological Momentary Assessment Surveys
Ecological momentary assessment (EMA) surveys have been
used in many experiments to study smoking behavior to capture,
for example, environmental factors and affect, which are
common reasons for smoking relapse [22]. EMAs aim to capture
more reliable experience sampling because of their more
relevant timing around the event of smoking, as reported by
Serre et al [23].

In the current design of this study, participants were prompted
to make annotations about their emotional state such as affect
and arousal, dependence symptoms such as craving, enjoyment
of cigarettes, and difficulty resisting smoking and other contexts
related to smoking (social, activity, etc). These prompts were
primarily triggered by the smoking events captured by the
electric lighter. To prevent smokers, especially heavy smokers,
from overburden, EMA surveys could only pop up at least 45
minutes apart. In addition, when the Bluetooth connection was
down, the triggering fell back on a predefined randomization
mechanism. In such cases, users received at most 5 randomized
surveys per day.

Statistical Analysis
The EMA score correlations were assessed using the Spearman
correlation coefficient. Comparison of the smoker groups (light
smokers: ≤10 cigarettes per day vs moderate to heavy smokers:
>10 cigarettes per day) was performed using the Mann-Whitney
U test for continuous variables, including EMA variables
(assuming a sufficient range of discrete values). A generalized
Poisson regression model from the GLMMadaptive package in
R (R Foundation for Statistical Computing) was used to model
smoking rates in 1-hour windows [24]. This model was selected
because hourly smoking rates followed a Poisson distribution

with 1 cigarette being the most common value and a rapid
decline for a higher number of cigarettes smoked.

Results

Data Set and User Statistics
In total, 52 adult smokers volunteered to participate in the study,
but, of these, 6 (12%) decided to quit the study and were
excluded from the data set. Table 1 lists the characteristics of
the data set. Of the 46 participants, 28 (61%) were men and 18
(39%) were women, with a mean age of 36 (SD 9.9) years. In
all, 26% (12/46) of participants did not report their BMI, and

the rest (34/46, 74%) had a mean BMI of 25 (SD 4.8) kg/m2.

Regarding FTND, no smokers were assessed with high nicotine
dependence in the study; all the smokers belonged to the first
3 groups. During the experiment, 8639 cigarettes were tracked
by the lighter over 902 participant days. Specifically, 67%
(31/46) of participants smoked ≤10 cigarettes a day on average
and were labeled as light smokers. A total of 28% (13/46) of
moderate smokers consumed 10-20 cigarettes on average daily.
Only 4% (2/46) of heavy smokers had smoked >20 cigarettes
a day. In contrast, there were 52% (24/46) of light smokers and
44% (20/46) of moderate smokers, according to the self-reported
average daily cigarette consumption.

Figure 1 shows the average and SD of cigarettes smoked daily
by smokers in this study. The participants were ranked by
average daily consumption of cigarettes. We observed that most
smokers had a day-to-day variation >1 cigarette per day (CPD),
except for the first light smoker M1. Specifically, 72% (33/46)
of the smokers had a moderate variation of 2 to 5 CPD, 20%
(9/46) with a variation of 5 to 7 CPD, and 7% (3/46) with a
variation >7 CPD based on the measured smoking records
[11,25,26]. Figure 2 compares the self-reported number of
cigarettes and objectively measured ones with the electric
lighter. It shows that 74% (34/46) of the smokers made
estimations that deviated more than one cigarette (mean 4.7 per
day, SD 4.2 per day), and 70% (32/46) overestimated it
compared with the lighter measurements.
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Table 1. Characteristics of the study population (N=46).

Participants, n (%)Characteristics and categories

Gender

28 (61)Male

18 (39)Female

Age (years)

13 (28)<30

31(68)30-55

2 (4)>55

BMI (kg/m2)

1 (2)Underweight (<18.5)

20 (44)Normal (18.5-24.9)

5 (11)Overweight (25-29.9)

6 (13)Obese (>30)

14 (30)Unknown (not reported)

Fagerström Test of Nicotine Dependence

18 (39)Very low (0-2)

18 (39)Low (3-4)

10 (22)Moderate (5-7)

0 (0)High (8-10)

Measured average daily cigarette consumption

31 (68)Light (≤10 cigarettes per day)

13 (28)Moderate (10-20 cigarettes per day)

2 (4)Heavy (>20 cigarettes per day)

Self-reported average daily cigarette consumption

24 (52)Light (≤10 cigarettes per day)

20 (44)Moderate (10-20 cigarettes per day)

2 (4)Heavy (>20 cigarettes per day)
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Figure 1. The average number of cigarettes smoked daily by each participant during the experiment. The colored bars and black lines represent the
mean and SD, respectively. The participants on the x-axis are sorted by the mean in ascending order. F: female; M: male.

Figure 2. Comparison of the self-reported average number of cigarettes smoked daily with the measured consumption by the electric lighter. The
dashed line is the diagonal of equal values. Gender is specified by colored markers as depicted in legend.

Characterization of Smoking Patterns
Nation-wide surveys have shown differences in cigarette
consumption between nonwork days and workdays [27]. As the
smokers in this study were office workers, we assessed the
differences between the days at work and at home, so the
smoking records from all smokers during the study period of 4
weeks were aggregated and rescaled by the maximums for the
weekdays and weekends. Figure 3 shows the distribution of
cigarette consumption over 24 hours on weekdays and on

weekends. The main finding is a 1- to 2-hour shift in the hourly
cigarette consumption curves; on weekends, people smoke later,
which is in line with a shift in sleeping times. For the weekdays,
another peak is seen at 12 PM, which is usually the lunch time,
and a valley at approximately 3 PM. For the weekends, however,
2 peaks in the afternoon are observed at around 1 PM and 4
PM, respectively. In addition, it can be observed from both
curves that the number of cigarettes smoked generally increases
later in the day, and most cigarettes are smoked around 6 PM.
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Figure 3. Average number of cigarettes smoked per hour of the day, maximum normalized, and split between weekdays and weekends.

EMA Reports of Smoking
To complement the FTND score on the psychosocial dimensions
of nicotine dependence, this study used smoking-contingent
EMA surveys to assess 5 smoking-relevant feelings. According
to the dimensional models, emotion consists of at least two
distinct dimensions; that is, valence and arousal [28]. In the
EMA survey, these 2 emotions were assessed on a 9-point rating
scale (numerically from −4 to 4). Emotional valence describes
the extent to which an emotion is positive or negative, whereas
arousal refers to its intensity; that is, the strength of the
associated emotional state ranging from extremely calm to
extremely excited [29]. There were another 3 questions used to
assess the strength of craving, enjoyment of cigarettes, and
difficulty of resisting smoking, respectively, on a scale from 0
to 4. The lower the score, the less intense the feeling. In total,
1839 EMA annotations were logged into the database.

The answer distributions of the 5 EMA questions are shown in
Figure 4. The distributions of craving, enjoyment, and difficulty
of resisting smoking were very similar and were mostly >2,
which is the middle of the scale. A Spearman correlation test

was used to verify the associations among them. Table 2 lists
the mean and SD, as well as the coefficients of correlation and
significance level. Their craving for cigarettes was 2.4 (SD 0.7),
their average enjoyment was 2.5 (SD 0.7), and the average
difficulty of resisting smoking was 2.4 (SD 0.7). In addition,
craving is strongly correlated with enjoyment with a tested
coefficient of 0.73 and P<.001, and it is also correlated with the
difficulty of resisting smoking. In addition, enjoyment and
difficulty of resisting smoking are correlated with a coefficient
of 0.51 with high confidence. This result shows that increasing
craving levels for cigarettes results in more enjoyment of
smoking and more difficulty in resisting cigarettes.

Regarding the 2 dimensions of emotion, smoking was generally
reported to be associated with more positive feelings for office
workers during their daily lives. The emotional valence was 1.6
(SD 1.8). Most of the time, smokers were in a nonexcited state
with a mean value of −0.6, but similar to emotional valence, a
large variation exists. More detailed distributions of EMA
answer data can be found in Multimedia Appendix 1 Figures
S1-S4. Emotional valence was also negatively correlated with
emotional arousal (P<.001).
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Figure 4. The distribution of self-assessed levels of 5 different ecological momentary assessment (EMA) questions related to smoking. Median is
depicted as horizontal line inside each box, the box itself shows the IQR, and the whiskers end 1.5 times IQR away from the IQR. Outliers are depicted
by black diamonds.

Table 2. Mean value, SD, and Spearman correlation coefficient, P, of 5 smoking-related feelings.

Difficulty of resistingEnjoyment of cigarettesEmotional arousalEmotional valenceStrength of cravingParameters

2.4 (0.7)2.5 (0.7)−0.6 (2)1.6 (1.8)2.4 (0.7)Value, mean (SD)

Correlation coefficients (P value)

0.650.73−0.080.07N/AaStrength of craving

<.001<.001.61.64N/AP value

0.160.35−0.50N/AN/AEmotional valence

.33.02<.001N/AN/AP value

−0.00−0.22N/AN/AN/AEmotional arousal

.99.17N/AN/AN/AP value

0.51N/AN/AN/AN/AEnjoyment of
cigarettes

<.001N/AN/AN/AN/AP value

aN/A: not applicable (duplication).

Characterizing and Comparing the 2 Smoker Groups
Table 3 compares the characteristics of the 2 defined smoker
type groups statistically. The 2 smoker groups were clustered
based on objectively measured smoking rates, where moderate
and heavy smokers were combined into 1 group (Table 1).
Overall, 52% (16/31) of light smokers were men, whereas 80%
(12/15) were men, in the moderate and heavy smoker groups.
Although a lower percentage of male smokers were found in
the light group, the difference was not significant (P=.10) when
examined by the Fisher exact test. Regarding age, moderate and
heavy smokers were 6 years older on average than light smokers

in this study. In addition, the moderate and heavy groups tended
to have longer smoking years, but this difference was not as
significant as age. In addition, BMI and age at smoking initiation
were not significantly different. Smokers, therefore, mostly
initiate smoking in adolescence and are more likely to develop
into moderate and heavy smokers as they smoke longer.
Furthermore, the average FTND scores were significantly
different between these 2 groups, with light smokers having 1.3
points lower mean scores. From the EMA answer comparison,
it can be seen that craving, enjoyment, and difficulty in resisting
smoking are all significantly stronger among moderate and
heavy smokers than among light smokers. More positive and
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calm feelings were reported among moderate and heavy smokers.

Table 3. Statistics of the features across the 2 smoker groups. P values are calculated by the Mann-Whitney U test.

P valueModerate and heavy smokers, mean (SD)Light smokers, mean (SD)Type and feature (range)

Demographics

.0239.6 (10.3)33.7 (9.2)Age (years)

.2318.4 (4.2)17.5 (4.0)Smoking initiation age (years)

.0921.2 (11.4)16.2 (9.6)Smoking years

.014.0 (1.6)2.7 (1.9)Fagerström Test of Nicotine Dependence (0 to 10)

Ecological momentary assessment

<.0012.6 (0.7)2.3 (0.8)Strength of craving (0 to 4)

<.0011.8 (1.8)1.2 (1.8)Emotional valence (−4 to 4)

<.001−1.0 (2.1)−0.2 (1.9)Emotional arousal (−4 to 4)

.0012.6 (0.6)2.3 (0.7)Enjoyment of cigarettes (0 to 4)

.0022.5 (0.7)2.3 (0.7)Difficulty of resisting smoking (0 to 4)

Modeling the Count of Cigarettes in a 1-Hour Window
Cigarette smoking is a typical example of a recurrent event. The
pattern of recurrent smoking events may depend on time-varying
covariates. Meanwhile, demographics and background
information such as age, gender, and nicotine dependence, which
are time invariant over the time span of the experiment, also
affect smoking patterns.

Modeling of the number of cigarettes in a 1-hour time window
was performed with demographics (age, gender, and FTND)
and timing of smoking (day of week and time of the day) as
inputs. In total, there were 6654 such 1-hour windows during
which 8631 cigarettes were smoked. The cigarette count in a
1-hour time window was affiliated timewise to the start of the
time window. To decide on the selection of random effects, 3
Poisson mixed-effects models were compared with a baseline
model, which assumes that the count of smoking events in a
time window is constant (Table 4). When including the
participants as the random intercept factor, the first
mixed-effects model significantly improved with a P value
<.001 in the analysis of variance test, which confirms that

considerable between-participant variability exists in the data.
Comparing the models where time of day (hour) was introduced
as a random slope or fixed effect, resulted in hour being selected
as a fixed factor because of its analysis of variance results and
the smallest value for the Akaike information criterion. This
model allows each participant to have a random intercept and
has an hour of smoking as a fixed effect and was extended by
age, gender, FTND, and day of the week as fixed factors.

Count of cigarettes = approximately hour + age +
gender + Fagerström Test of Nicotine Dependence +
day of week + (1|participant_ID) (1)

In Table 5, the coefficients and corresponding SEs of the fixed
factors from the final modeling results are included together
with their P values. From the results, we can see only hour of
smoking (P=.02) and age (P=.005) turned out to be informative
for the number of cigarettes smoked in a 1-hour time window.
FTND, gender, and day of the week were not informative for
repeated smoking behavior. The model was also extended by
each EMA variable, but these variables did not significantly
improve the model (Multimedia Appendix 1 Table S1).

Table 4. Analysis of variance test results of 3 Poisson mixed-effects models relative to a baseline model for the selection of the random intercept or
slope effects.

P value (analysis of variance)Akaike information criterionModels

N/Aa15853.0Count of cigarettes (approximately 1)

<.00115754.1Count of cigarettes (approximately 1 + [1|participant_ID])

.1715754.5Count of cigarettes (approximately 1 + [hour|participant_ID])

.0215750.7Count of cigarettes (approximately hour + [1|participant_ID])

aN/A: not applicable (reference model).

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e28159 | p.260https://mhealth.jmir.org/2022/2/e28159
(page number not for citation purposes)

Zhai et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 5. Model coefficients, SEs on the coefficients, and P values for the dependent variables in the derived Poisson mixed-effects model.

P valueCoefficient (SE)Variable

.48−0.075 (0.11)Intercept

.020.005 (0.002)Hour

.0050.007 (0.003)Age (years)

.530.033 (0.052)Gender (male)

.43−0.012 (0.015)Fagerström Test of Nicotine Dependence

.670.002 (0.006)Day of week

Discussion

Principal Findings
The strength of this study is that it reports on smoking behavior
by using an electric lighter that provides objective annotations
of smoking and EMAs triggered by these events. This
combination aims to provide more accurate annotations on both
the timing and context of smoking when compared with
retrospective self-reporting. This approach, when validated
sufficiently, can potentially help smokers quit smoking by
recommending interventions such as nicotine replacement
therapy at the right time and context. The challenge, however,
is to measure sufficient internal drivers and environmental
factors related to smoking behavior to accurately model the
known inter- and intravariability of smoking behavior. Ideally,
models tailored to individuals must be developed, but these
require extensive longitudinal data sets, which are not easy to
obtain. This paper provides insights on smoking behavior with
respect to timing, demographics, and relevantly timed EMAs
and highlights potential variables and technologies for future
studies.

In our data, we reported overestimation of self-reported smoking
rates compared with measured smoking rates with the lighter.
Reduced retrospective recall and lack of awareness of smoking
behavior may have caused this [11,26]. However, our approach
also relied on the compliance of participants to use the lighter
for every smoking event. Therefore, the overestimation may be
a result of suboptimal compliance. A recent study with this type
of lighter showed that 92.2% of the smoking events were tracked
by the lighter during 14 days of study among 22 participants
[30]. They also found lower measured smoking rates and
increased smoking rate variability compared with that in
retrospective reporting. Therefore, we argue that using an
electronic lighter provides a basis for annotation accuracy
improvement.

The high variability of measured smoking rates within
participants indicates the complexity of smoking behavior; for
example, that habit is not the only driver of behavior. Similar
variations in daily cigarette consumption were also reported by
Hughes et al [25] using self-reported data. Time factors that we
found to be important for modeling behavior are a delayed
smoking pattern on the weekend and increasing smoking rates
as the day progresses; that is, a sinusoidal pattern that has a
maximum around dinner time. Of these 2, only hour of day was
significant in the Poisson mixed-effects model, indicating that
the found increasing smoking rates along the day are also

characterized by increased repeated smoking in short time
windows.

We compared the characteristics of light smokers and moderate
to heavy smokers and found that nicotine dependence (FTND)
and age were higher for heavier smokers but not for smoking
initiation age and number of smoking years. Age was found to
be a robust factor to describe smoking behavior, which was
confirmed by the finding that it is the only significant static
predictor remaining in the Poisson model. Gender on the other
hand, did not show differences in smoking rate or smoking
frequency. This is in line with the literature, although women
were found to perceive more stress and nicotine withdrawal
symptoms in a smoking cessation context, so gender may be
important when modeling the risk of relapse [31,32].

Previous studies have suggested that people smoke cigarettes
to regulate emotions and relieve negative emotions as reviewed
by Kassel et al [33]. In our study, EMA annotations of craving,
emotional valence, arousal, smoking enjoyment, and difficulty
of resisting smoking were significantly different between light
and moderate to heavy smokers but were not significant in the
Poisson model to predict the number of cigarettes smoked in 1
hour. Higher craving has been linked to higher smoking
incidence [34,35], and the difficulty of resisting smoking was
found to be different among smoker types [36]. Emotional
valence and arousal have been studied widely with respect to
smoking behavior, and negative affect (NA) has been recognized
as a nicotine withdrawal symptom and is correlated in some
studies to increased smoking but is considered not a reliable
antecedent of smoking, given that for example, stress influences
NA as well [34]. Furthermore, NA and arousal seem to have a
quadratic relationship with smoking probability, implying that
linear models, such as the Poisson model in this paper, may
perform suboptimally [37]. In addition, the effect of NA is
diminished by other contextual factors such as other substance
use including alcohol, which indicates that extensive experience
sampling remains crucial [38]. The idea in this study was that
every smoking event was annotated by an EMA. However, the
ratio of EMA to smoking events was 21.29% (1839/8639), and
more than half of the EMAs were not answered within a 1-hour
window of smoking. This caused very few EMA-annotated
smoking windows to be used in the Poisson models, resulting
in low statistical power to find significance. A challenge is,
therefore, to increase compliance and engagement in smokers
when using EMAs, for example, with gamification.

To make effective smoking cessation tools, improved and
extended data capture and modeling are needed. Our Poisson
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model predicted whether 1 to 4 cigarettes were smoked in a
1-hour window. For nicotine replacement therapy strategies,
prediction models for risk of a single smoking event in time (no
smoking vs smoking) may be equally relevant, but that requires
EMA data also to be available for time windows without
smoking, which was not the case in this study owing to its
design. These risk of relapse models should be tailored to each
smoker because we also found the participant to be a significant
random effect in the Poisson model. Continuous sensing of
human physiology with wearables has the potential for capturing
nicotine withdrawal stress responses as precursor to smoking.
However, the challenges of high intra- and interparticipant
variability and privacy concerns should be tackled before
wearables can be used as a validated tool [39]. EMA reactivity;
that is, the phenomenon of triggering a smoking event by
answering a smoking-related EMA, has been shown to be an
issue in smoking cessation contexts [40]. In our study, the most
of the EMAs were triggered by smoking and only in rare cases
EMAs were triggered randomly. EMA reactivity was therefore
considered not an issue and was treated as another smoking cue
modulated by the studied factors. However, when the focus
shifts toward cessation tools, finding proxies for states derived
from EMA that can be measured continuously and

nonintrusively may become important. Examples of these are
mobile health measures such as smartphone use and web-based
activity that have the potential as a proxy for mood state. Like
many other studies, this study may suffer from selection bias
toward motivated and tech-savvy participants. Future model
development and validation should be performed in larger trials,
in which smoker population characteristics are matched. The
resulting increased variety of smokers would also facilitate to
learn which subpopulations benefit most from the current
modeling approach.

Conclusions
This study reported on the high potential and challenges of using
an electronic lighter for smoking annotation and
smoking-triggered EMAs in an ambulant environment. It is
expected that to develop effective intervention strategies for
smoking cessation, research needs to shift from population-based
data sets based on self-reporting to richer data sets with objective
environmental, physiological, and behavioral sensing so that
individualized prediction models for relapse can be developed.
We contributed to this by characterizing smoker types and by
modeling smoking frequency using demographic, timing, and
EMA data.
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Abstract

Background: Children increasingly use mobile apps. Strategies to increase child engagement with apps include the use of
gamification and images that incite fun and interaction, such as food. However, the foods and beverages that children are exposed
to while using apps are unknown and may vary by app type.

Objective: The aim of this study is to identify the app content (ie, types of foods and beverages) included in nutrition-themed
apps intended for children, to assess the use of game-like features, and to examine app characteristics such as overall quality and
behavior change techniques (BCTs).

Methods: This analysis used a cross-sectional database of nutrition-themed apps intended for children (≤12 years), collected
between May 2018 and June 2019 from the Apple App Store and Google Play Store (n=259). Apps were classified into four
types: food games or nongames that included didactic nutrition guides, habit trackers, and other. Food and beverages were
identified in apps and classified into 16 food categories, as recommended (8/16, 50%) and as not recommended (8/16, 50%) by
dietary guidelines, and quantified by app type. Binomial logistic regression assessed whether game apps were associated with
foods and beverages not recommended by guidelines. App quality, overall and by subscales, was determined using the Mobile
App Rating Scale. The BCT Taxonomy was used to classify the different behavioral techniques that were identified in a subsample
of apps (124/259, 47.9%).

Results: A total of 259 apps displayed a median of 6 (IQR 3) foods and beverages. Moreover, 62.5% (162/259) of apps were
classified as food games, 27.4% (71/259) as didactic nutrition guides, 6.6% (17/259) as habit trackers, and 3.5% (9/259) as other.
Most apps (198/259, 76.4%) displayed at least one food or beverage that was not recommended by the dietary guidelines. Food
game apps were almost 3 times more likely to display food and beverages not recommended by the guidelines compared with
nongame apps (β=2.8; P<.001). The overall app quality was moderate, with a median Mobile App Rating Scale score of 3.6 (IQR
0.7). Functionality was the subscale with the highest score (median 4, IQR 0.3). Nutrition guides were more likely to be educational
and contain informative content on healthy eating (score 3.7), compared with the other app types, although they also scored
significantly lower in engagement (score 2.3). Most apps (105/124, 84.7%) displayed at least one BCT, with the most common
BCT being information about health consequences.

Conclusions: Findings suggest nutrition-themed apps intended for children displayed food and beverage content not recommended
by dietary guidelines, with gaming apps more likely to display not recommended foods than their nongame counterparts. Many
apps have a moderate app quality, and the use of consequences (instead of rewards) was the most common BCT.

(JMIR Mhealth Uhealth 2022;10(2):e31537)   doi:10.2196/31537
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Introduction

Background
Establishing healthy eating patterns in early childhood promotes
growth and development and reduces the risk of obesity and
noncommunicable diseases [1-3]. This is also a time when
habitual dietary patterns are established [4]. However, many
children worldwide have poor quality diets [5-7]. In Canada,
the average child has insufficient intakes of vegetables, fruit,
and whole grain foods and consumes excess fat, sodium, and
sugar [8,9], which is a dietary intake pattern strongly associated
with childhood overweight, obesity, and chronic disease risk
[10]. There are a multitude of factors that influence children’s
dietary attitudes, behaviors, and food choices, including intrinsic
(eg, predisposed biological tendencies and gender) and extrinsic
factors to children, such as the family (eg, mealtime and
parenting style) and the community (eg, schools and media)
[11]. Several strategies have been developed to improve child
healthy eating habits including family and school-based
interventions [12], nutrition policies [13,14], and the promotion
of nutrition education, food skills, and food literacy [15]. These
interventions can have profound health system and economic
advantages [1,16].

Technology has evolved into a central part of everyday life
[17,18]. In Canada and before the COVID-19 pandemic, over
25% of children spent more than 2.5 hours each day in front of
a screen [19], with 99% of them having internet access outside
of school. Almost a quarter of the children in grades 4 and 5
and half of the children in grade 7 owned a smartphone [20].
Studies have also demonstrated that children as young as 3 and
4 years old use their parents’ smartphones between 25 and 50
minutes a day to watch television and videos, listen to music,
and play games [20-23]. Children respond positively to fun and
engaging challenges [24] that are captivating and motivating
[25]. It is therefore understandable why games, advergames,
and other digital activities are highly popular among children
[26] and are substantively added to the digital marketplace [27].

Mobile health (mHealth), defined by the World Health
Organization “as medical and public health practice supported
by mobile devices, such as mobile phones, patient monitoring
devices, personal digital assistants (PDAs), and other wireless
devices” [28], is a convenient approach to support health
promotion [29] and nutrition education among adults and
children [17]. In particular, mHealth interventions have the
potential to better engage youth about health-related topics,
compared with traditional health interventions [17]. Among
youth, mHealth apps have been found to increase fruit and
vegetable intake [30-33], improve nutrition knowledge [32-34],
promote food choice awareness and healthy eating behaviors
[35,36], reduce sugar intake [37], and improve physical activity
[38]. Furthermore, mHealth apps, as part of multicomponent
interventions, can be effective tools to improve and support
health-related behaviors [38]. Previous research has
demonstrated that app quality, such as the ability to customize

an app and ease of use, influence the overall effectiveness of
mHealth apps on health and behavioral outcomes [39-41].
Additional evidence indicates that the integration of appropriate
behavior change techniques (BCTs) [42] into mHealth apps
further enhances their effectiveness [39,42,43]. Although there
is strong evidence to support the efficacy of mHealth apps
designed and evaluated by health researchers, minimal research
exists on the content, quality, and use of evidence-based BCTs
of publicly available mobile apps with health-related content.

Given its relevance, there has been increasing interest in
studying the use and content of mobile apps and mHealth
interventions that are available to the public [22,39,44-46]. For
example, one study showed that diet and nutrition apps have a
higher proportion of advertisements in comparison with other
general health and wellness apps [22]. Reviews of pediatric
weight management, healthy eating, and physical activity mobile
apps found that most lacked any integration of expert
recommendations [44], and less than 1% underwent scientific
evaluation [47]. Another study found that children and
adolescents are frequently exposed to the advertisement of
unhealthy foods when using social media apps [45]. However,
the specific foods and beverages displayed in mobile apps
intended for children that are not from advertisements have not
yet been examined [38]. Even less is known about foods and
beverages displayed in nutrition-themed apps that contain the
highly engaging game-like features that attract children and
youth. This concept is highly relevant as not all nutrition-themed
apps are considered mHealth apps. In addition, with new apps
becoming available almost every day, it has become difficult
for users, as well as for health professionals and researchers, to
identify, evaluate, and use high-quality mobile apps to support
healthy habits.

Objectives
The aims of this study are 3-fold. First, we identified the app
content (foods and beverages) included in different types of
nutrition-themed apps intended for children and determined
whether nutrition-themed apps with gaming features displayed
more foods and beverages not recommended by dietary
guidelines compared with nutrition-themed nongame apps.
Second, we evaluated the overall quality of these apps using
the Mobile App Rating Scale (MARS) [48], which is a
“validated multidimensional measure of quality indicators”
[48,49]. We also determined if app quality differed across the
different types of nutrition-themed apps. Finally, we identified
the different BCTs used in these apps, guided by a
well-established taxonomy of such techniques [50].

Methods

Study Design
This research was a cross-sectional study that used a systematic
search strategy and standardized evaluation process, modeled
after comparable studies [51,52]. The Strengthening the
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Reporting of Observational Studies in Epidemiology checklist
is presented in Multimedia Appendix 1.

App Selection

Eligibility Criteria
Apps were eligible for inclusion in the analysis if they contained
nutrition content relevant to children (ie, not targeted to parents),
were rated by the app developer as being appropriate for an
audience aged ≤12 years, were in the English language, were
accessible to any user (ie, did not require an access code to use),
were not affiliated with a brand or product, and were updated
in the past 2 years. Excluded apps were simple food tracking
apps (eg, calorie counting), chronic disease management apps
(eg, diabetes), and apps that contained nutrition and food content
irrelevant to dietary behaviors or education (eg,
restaurant-themed time management games and word searches).

App Search Strategy
Between May 2018 and June 2019, apps were identified from
the Canadian Apple App Store and Google Play Store, which
are app retailers containing the greatest number of publicly
available apps in Canada [27]. The search methodology used
in this study was adapted from comparable studies that used
multiple keywords and terms to conduct their searches [51,52].
A search of app categories was conducted using 16 unique
search terms as follows: nutrition game, eating game, diet game,
food education, food game, nutrition education, child nutrition,
kids nutrition, kids food, kids healthy eating, health food, child
health, kids health, health game, health education, and child
education. The data extracted from the identified apps were
title, developer, number of downloads (when available), and
cost. All app information was entered into a database that was
used throughout the screening, selection, and evaluation
processes.

App Screening, Selection, and Classification
Identified apps first underwent screening for inclusion by 2
independent reviewers based on the title and developer.
Duplicate apps, defined as apps appearing in both the Apple
App Store and the Google Play Store, were identified and
removed. Apps identified as relevant after the screening phase
underwent a second independent review based on the detailed
app description available in the respective app store. Those
detailed descriptions determined if apps were eligible for
inclusion in the analysis. Apps with a cost were purchased if
they met the inclusion and exclusion criteria after reviewing
the detailed descriptions. Apps were excluded from the study
if they were removed from the marketplace before evaluation
or if technical errors prevented a full evaluation (eg, app
crashing). Disagreements at any stage of the app screening and
evaluation process were resolved by a third independent
reviewer.

The 4 app classifications (app types) were created using an
inductive approach, which considered common app themes and
characteristics observed during the review of apps, and 4 distinct
classifications of apps were defined (Table 1). On the basis of
their primary purpose, format, and core features, selected apps
were classified into those four app types by two independent
reviewers: food game, didactic nutrition guide, habit tracker,
or other. Food games were defined as those that have
implemented gamification techniques, such as rewards and
competition, to engage the user in play involving food icons
[53]. Nongame apps included didactic nutrition guides that
provided information on food and nutrition to the user in written
and picture format; habit trackers enabled users to log their food
or drink intake [54] and apps classified as other did not contain
any of the features nor had the primary purpose of the
aforementioned app types.

Table 1. App types, definitions, and examples.

ExamplesDefinitionApp type

Dr Panda Restaurant 2 by Dr Panda Ltd; Strawberry
Shortcake Bake Shop by Budge Studios

An app that implemented gamification techniques, such as
rewards and competition, to engage the user in play involving
food icons

Food game

Nongame

Nutrition Lookup by SparkPeople; SuperFoodsRx—Es-
sential Guide by SuperFoods Partners, LLC

An app that provided information on food and nutrition to the
user in written and picture format

Didactic nutrition
guide

Fooducate—Nutrition Tracker by Fooducate, Ltd; Water
Drink Reminder by Leap Fitness

An app that enabled users to log their food or drink intakeHabit tracker

Food & Cooking Genius by Brainscape; LaLa Lunchbox
by LaLa Lunchbox

An app that did not contain the features or served the purpose
of a food game, didactic nutrition guide, or habit tracker

Other

App Evaluation
Each app was downloaded and used for approximately 5 to 10
minutes for the reviewer to fully evaluate all aspects of the app
content. In-app purchases were not evaluated in apps as these
additional costs were determined to be largely inaccessible to
the target audience of children. Apps were reviewed by 2
independent reviewers, and disagreements were resolved in
consultation with a third independent reviewer.

App Content Assessment

Foods and Beverages Displayed
Foods and beverages displayed in apps were identified and
classified into 16 food and beverage categories based on
Canadian dietary guidelines, specifically the Canada’s Food
Guide (CFG) [55] and Canada’s Dietary Guidelines [56]. Using
the CFG, food and beverage categories were further classified
as recommended (ie, foods that should be consumed more often)
and not recommended (ie, foods that should be limited):
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• Recommended food and beverages: fruit, vegetables, whole
grain foods, unprocessed meat, fish, meat alternatives, milk
products, and milk alternatives

• Not recommended food and beverages: refined grain foods,
sugar drinks, desserts, chocolate and candies, salty snacks,
pizza, fast foods, and processed meat

Apps were also assessed to determine if foods and beverages
differed between food game apps and those without gaming
features (ie, didactic nutrition guide, habit tracker, and others).
In addition, textual healthy eating messages, such as “eat as
many different colors as you can at each meal,” “eat breakfast
every day, breakfast gives you energy and helps you think and
learn” and “make at least half of your grain products whole
grain each day,” were also identified in the apps.

Other Content Information
The number of app downloads and app cost were also extracted
from the Apple App Store or Google Play Store. The number
of downloads was only extracted from apps available in the
Google Play Store, as information on the number of downloads
was not available from the Apple App Store.

App Quality Assessment
App quality was determined for the apps using the MARS [48].
The MARS contains 23 items divided into 5 subscales that also
contain specific domains. Subscales of engagement
(entertainment, interest, customization, interactivity, and target
group), functionality (performance, ease of use, navigation, and
gestural design), aesthetics (layout, graphics, and visual appeal),
and information (accuracy of app description, goals, quality of
information, quantity of information, visual information,
credibility, and evidence base) were used to assess the objective
quality of included apps [48]. The fifth subgroup, subjective
quality (Would you recommend this app? How many times do
you think you would use this app? Would you pay for this app?
What is your overall rating of the app?), was not included
because the apps were evaluated by researchers, not by the target
audience of children; therefore, the subjective scores would not
reflect the views of the intended audience. Each domain was
rated by researchers on a 5-point Likert scale: 1=inadequate,
2=poor, 3=acceptable, 4=good, and 5=excellent. If a domain
was not present in the app, that domain was rated as N/A and
was not included in the domain subscale score. The average of
all scores from each evaluated domain was considered as the
overall app quality (MARS).

BCT Assessment
The use of different BCTs in apps was evaluated in a subsample
of nongame nutrition apps, most likely to contain mHealth

features, using the BCT Taxonomy (v1), developed by Michie
et al [50]. This taxonomy identifies 93 hierarchically clustered
techniques grouped within 16 behavioral clusters. Each app was
evaluated for the presence or absence of each BCT listed in the
taxonomy.

Statistical Analyses
Data were tested for normality, and descriptive statistics were
used to calculate the number and proportion of foods and
beverages and other information displayed in the apps, both
overall and by app type. To assess differences in foods and
beverages between food game apps and nongame apps, data
from didactic nutrition guides, habit trackers, and other apps
were combined. A binomial logistic regression assessed whether
food game apps displayed more foods not recommended by
dietary guidelines compared with nongame apps. The proportion
of foods and beverages in food game apps and nongame apps
was calculated by food category and chi-square-tested for
differences between both groups.

The median and IQR were calculated for the MARS score,
subscales, and domains. The Kruskal-Wallis test was used to
evaluate differences in the MARS scores and subscales between
the 4 different app types. The frequency and proportion of use
of the different BCTs were calculated by cluster label and by
specific behavioral component for the subsample of apps using
descriptive statistics. Statistical significance was set at P<.05,
except for the between-group comparisons of the MARS score
(and subscales) and the 4 different app types, where α was set
at P<.01, to account for multiple comparisons. Statistical
analyses were conducted using RStudio software (RStudio)
[57].

Results

App Screening, Selection, and Classification
After removing duplicates, a total of 2575 unique apps were
identified during the app search phase (Figure 1). From the 1204
apps that underwent title and developer screening review, 259
apps were eligible for inclusion in the analysis (interrater percent
raw agreement=94.3% and Cohen κ=0.88). Multimedia
Appendix 2 summarizes all included apps. Owing to the
dynamic nature of the app marketplace, 60 apps were evaluated
only by 1 reviewer, as these apps were removed from the
marketplace during the app evaluation phase. For apps that were
evaluated by 2 reviewers (199/259, 76.8%), app type
classification yielded an interrater percent raw agreement of
91.7% and Cohen κ of 0.87. From the 259 apps, 162 (62.5%)
were classified as food games, 71 (27.4%) as didactic nutrition
guides, 17 (6.6%) as habit trackers, and 9 (3.5%) as other.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram for used to identify nutrition-themed apps
intended for children.

App Content
Among all 259 apps included in this analysis, apps included a
median of 6 (IQR 3) food and beverage items. The most
prevalent food and beverage items in the apps were fruit
(200/259, 77.2%), milk products (185/259, 71.4%), vegetables
(179/259, 69.1%), and unprocessed meats (175/259, 67.6%).

The least prevalent food items were salty snacks (61/259,
23.6%), fast foods (57/259, 22%), pizza (51/259, 19.7%), and
milk alternatives (38/259, 14.7%; Table 2). Despite the high
prevalence of foods recommended by dietary guidelines, only
28.9% (75/259) of the apps included explicitly healthy eating
messages.
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Table 2. Types of food and beverages displayed in nutrition-themed apps for children.

Value, n (%)Food and beverages

Other (n=9)Habit tracker (n=17)Didactic nutrition guide (n=71)Food game (n=162)All (n=259)

Presence of foods and beverages by category

Recommended by dietary guidelinesa

8 (88.9)14 (82.4)68 (95.8)110 (67.9)200 (77.2)Fruit

7 (77.7)14 (82.4)69 (97.2)89 (54.9)179 (69.1)Vegetables

1 (11.1)14 (82.4)53 (74.6)13 (8)81 (31.2)Whole grain foods

5 (55.6)13 (76.5)62 (87.3)95 (58.6)175 (67.6)Unprocessed meats

1 (11.1)14 (82.4)56 (78.9)33 (20.4)104 (40.2)Fish

4 (44.4)14 (82.4)63 (88.7)29 (17.9)110 (42.5)Meat alternatives

5 (55.6)14 (82.4)56 (78.9)110 (67.9)185 (71.4)Milk products

0 (0)14 (82.4)18 (25.4)6 (3.7)38 (14.7)Milk alternatives

Not recommended by dietary guidelinesa

4 (44.4)12 (70.6)19 (26.78)116 (71.6)151 (58.3)Refined grain foods

1 (11.1)15 (88.2)15 (21.1)62 (38.3)92 (35.5)Sugary drinks

4 (44.4)14 (82.4)10 (14.1)75 (46.3)103 (39.8)Desserts

2 (22.2)14 (82.4)9 (12.7)108 (66.7)133 (51.4)Chocolate and candies

3 (33.3)14 (82.4)6 (8.4)38 (23.4)61 (23.6)Salty snacks

1 (11.1)14 (82.4)7 (9.8)29 (17.9)51 (19.7)Pizza

2 (22.2)13 (76.5)6 (8.4)36 (22.2)57 (22)Fast foods

3 (33.3)13 (76.5)8 (11.3)57 (35.2)81 (31.3)Processed meats

Displayed at least one food or beverage not recommended by dietary guidelines

4 (1.5)2 (0.8)45 (17.4)10 (3.9)61 (23.6)0 food and beverage

5 (1.9)15 (5.8)26 (10)152 (58.7)198 (76.4)≥1 food and beverage

3 (33.3)8 (47.1)51 (71.8)13 (8)75 (28.9)Healthy messages

4 (44.4)3 (17.6)16 (22.5)12 (7.4)35 (13.5)App with cost

3 (33.3)11 (64.7)34 (47.9)73 (45.1)121 (46.7)Number of downloads

aDetermined using categories and key messages provided by dietary guidelines (ie, Canada’s Food Guide and Canada’s Dietary Guidelines).

Overall, 46.7% (121/259) of apps had data available on the
number of downloads. The median number of downloads was
500,000 (IQR 4,990,000), with a range of 50 to 89,000,000
downloads. Cost was evaluated for all apps, with 86.5%
(224/259) of apps being free. The median cost for apps with a
monetary charge was CAD $2.80 (US $2.24; 35/259, 13.5%),
with a range between CAD $1 (US $0.80) and CAD $8.50 (US
$6.80).

Food game apps, which comprised 62.5% (162/259) of apps
overall, were almost 3 times as likely to display foods not

recommended by dietary guidelines (β=2.8; P<.001), compared
with nongame apps (ie, didactic nutrition guides, habit trackers,
and other). In particular, high-sugar foods, such as chocolates
and candies (P<.001) and desserts (P=.008) were significantly
more likely to be displayed in food game apps, as shown in
Figure 2 (detailed information in Multimedia Appendix 3).
Importantly, food game apps also displayed significantly lower
proportions of recommended foods and beverages in almost all
recommended food categories, except for milk products, which
was not significantly different between groups.
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Figure 2. Proportion of foods and beverages displayed in food game apps and nongame apps by food category.

App Quality
The overall app quality was moderate, with a median MARS
score of 3.6 (IQR 0.7; Table 3). There were significant
differences in overall quality between the 4 types of apps, with
nutrition guides only having a median MARS rating of 3.2
(P<.001). Although nutrition guides were more likely to be
educational and contain informative content on healthy eating
(median score 3.7), compared with the other app types, they

also scored significantly lower in overall engagement (score of
2.3) and in graphics and visual appeal (each with a score of 3).
In addition, habit tracker apps were more likely to be engaging
and aesthetic than were didactic nutrition guide apps. Overall,
each subscale of the MARS was also moderate, with the highest
ranked subscale being functionality (median 4, IQR 0.3),
followed by aesthetics (median 3.7, IQR 0.7), information
(median 3.6, IQR 1), and engagement (median 2.9, IQR 0.8).
Although the information subscale received a moderate median
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MARS score, this average is likely magnified as many apps did
not contain goals (234/259, 90.3%) or visual information
(238/259, 91.9%), nor were they evaluated in available

peer-reviewed literature (258/259, 99.6%). Overall, larger
differences between app types were seen in the engagement and
aesthetics subscales.

Table 3. Quality of nutrition-themed apps for children, overall, and by app typea.

P valuebValue, median (IQR)App type

Other
(n=9)

Habit tracker
(n=17)

Didactic nutrition
guide (n=71)

Food game
(n=162)

All
(n=259)

<.0013.6 (0.7)3.5 (0.3)3.2 (0.4)3.4 (0.5)3.6 (0.7)Mobile App Rating Scale

<.0013.1 (1.4)3.3 (0.5)2.3 (0.7)3.0 (0.8)2.9 (0.8)Engagement

.023.5(1)3 (0.6)3.0(0)2.5 (2)3 (1.5)Entertainment

.243 (1)3 (0.6)3 (0)3 (1.5)3 (1)Interest

<.0013 (3)4 (0.5)1 (2)3 (0.5)3 (1)Customization

<.0013 (2)4 (0.5)1 (2)3 (0.5)3 (1.5)Interactivity

<.0014.5 (1)3 (0)3 (1)4 (0.5)3.5 (1)Target group

.014.1 (0.8)4.0 (0.3)4.0 (0.3)4.0 (0.4)4.0 (0.3)Functionality

.014 (0.5)4 (0.6)4 (0)4 (0.5)4 (0.5)Performance

.0024.5 (1)4 (0)4 (0.5)4 (0.1)4 (0)Ease of use

.034 (1)4 (0)4 (0)4 (0)4 (0)Navigation

.0084 (1)4 (0)4 (0)4 (0.5)4 (0.5)Gestural design

<.0014 (0.3)4 (0.6)3.3 (0.5)3.7 (0.7)3.7 (0.7)Aesthetics

.0074 (0)4 (0.5)4 (0.5)4 (0.5)4 (0.5)Layout

<.0014 (0)4 (0.6)3 (0.5)3.5 (1)3.5 (1)Graphics

<.0014 (1)4 (0.6)3 (0.8)3.5 (1)3.5 (1)Visual appeal

.223.3 (0.9)3.5 (0.4)3.7 (0.3)3.5 (1.3)3.6 (1)Information

.194 (0)4 (0)4 (0)4 (0.5)4 (0.5)Accuracy

.463 (0.5)3 (0.5)3 (0)3 (1)3 (0.5)Goals

<.0014. (0.5)4 (0)4 (0)3 (0.1)4 (0.8)Quality

<.0013 (1)3.5 (0.5)4 (0.5)3 (1)4 (1)Quantity

.334 (0)4 (0)3.5 (1)3.5 (1)4 (1)Visual

<.0011 (1.5)3 (2)3 (1)1 (0)1 (2)Credibility

N/AN/AN/AN/AN/AN/AdEvidence-basedc

aThe 23-item Mobile App Rating Scale was used to assess the quality of the included apps on 4 subscales of engagement (5 domains), functionality (4
domains), aesthetics (3 domains), and information (7 domains). Each domain was rated on a 5-point Likert scale: 1=inadequate, 2=poor, 3=acceptable,
4=good, and 5=excellent. If a domain was not present in the app, that domain was rated as N/A. The average of all scores from each evaluated domain
was considered as the overall app quality.
bSignificant difference was set at P<.01 to account for multiple comparisons and determined by the Kruskal-Wallis test.
cNot evaluated as the number of responses was <5.
dN/A: not applicable.

BCT Assessment
BCTs were identified in 84.7% (105/124 subsample) of apps
that were evaluated. Among those, 72.4% (76/105) had 1 or 2
BCTs, 22.9% (24/105) had between 3 and 10 BCTs, and we
also found 4.8% (5/105) of apps with more than 10 BCTs. The
most common BCT clusters among the 105 apps were natural

consequences (100/105, 95.2%), shaping knowledge (49/105,
46.7%), and goal setting and planning (47/105, 44.8%). The
most common individual BCTs identified in apps were
information about health consequences (92/105, 87.6%),
followed by instructions on how to perform a behavior (49/105,
46.7%; see Table 4 for detailed information).
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Table 4. Frequency of behavior change techniques (BCTs) identified in a sample of apps intended for children (n=105)a.

Frequency, n (%)BCT cluster label and component

47 (44.8)Goal setting and planning

16 (15.2)Goal setting (behavior)

1 (0.9)Problem Solving

12 (11.4)Goal setting (outcome)

7 (6.7)Action planning

6 (5.7)Review behavior goals

5 (4.8)Review outcome goals

36 (34.3)Feedback and monitoring

11 (10.5)Feedback on behavior

12 (11.4)Self-monitoring of behavior

10 (9.5)Self-monitoring of outcome of behavior

3 (2.9)Feedback on outcome of behavior

3 (2.9)Social support

3 (2.9)Social support (unspecified)

49 (46.7)Shaping knowledge

49 (46.7)Instruction on how to perform a behavior

100 (95.2)Natural consequences

92 (87.6)Information about health consequences

2 (1.9)Information about social and environmental-consequences

6 (5.7)Information about emotional consequences

11 (10.5)Comparison of behavior

11 (10.5)Demonstration of the behavior

11 (10.5)Associations

11 (10.5)Prompts cues

4 (3.8)Repetition and substitution

2 (1.9)Behavior substitution

1 (0.9)Habit formation

1 (0.9)Graded tasks

4 (3.8)Comparison of outcomes

4 (3.8)Credible source

2 (1.9)Regulation

1 (0.9)Reduce negative emotions

1 (0.9)Conserving mental resources

2 (1.9)Identity

2 (1.9)Identification of self as role model

aIdentified using the behavior change technique taxonomy developed by Michie et al [50].

Discussion

Principal Findings
This study is among the first to identify and empirically evaluate
foods and beverages displayed in nutrition-themed apps intended
for children in publicly available app stores. Most apps displayed

foods and beverages not recommended by dietary guidelines
(especially among those apps with game-like features), which
had a moderate app quality. Importantly, this study also
identified the use of consequences, rather than rewards, as the
most common BCT in apps most likely to contain mHealth
features.
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Apps displayed a median of 6 food or beverage items to
children, and the majority (198/259, 76.4%) displayed foods
and beverages not recommended by dietary guidelines. This
finding is concerning as it is likely a conservative estimate of
exposure to food products that are not recommended by dietary
guidelines in apps. This study excluded apps from branded
products and did not evaluate in-app advertisements by food
companies, which could have largely increased the number of
displayed foods and beverages that are not recommended by
dietary guidelines [45]. It was not surprising that the types of
foods and beverages differed by app type. For example, nutrition
guides, which are informative and educational in nature,
displayed more fruit, vegetables, meat alternatives, and milk
products, whereas habit tracker apps displayed large amounts
of both foods recommended and not recommended by dietary
guidelines. In addition, the nutrition guide apps were found to
be of lower overall quality, which was largely the result of
having fewer engaging features and lower quality graphics and
visual appeal. Of notable concern was that food game apps were
more likely to display unhealthy foods to children, such as
chocolates, candies, and desserts. They also displayed
significantly fewer recommended foods compared with nongame
apps. This finding concurs with other studies that have found
that the food content in apps may not align with dietary
recommendations and lack evidence-based health information
[40,44,58,59]. Childhood is the formative life stage when food
and nutrition preferences, attitudes, and habits are learned [13],
which are traits known to carry over into adulthood [60]. The
latter highlights the importance of enhancing healthy eating and
nutrition knowledge at an early life stage [17]. As children are
more likely to be exposed and influenced by web-based media
platforms [26,61,62], especially high-quality and engaging apps
[24], it is critical that app developers limit the use of unhealthy
foods in mobile game apps for children [26,63,64]. Although
nongame apps displayed food and beverage items that are
recommended by dietary guidelines, their limited ability to
engage users indicates that they are unlikely to positively
influence healthy eating behaviors.

Although nutrition guides may benefit children from an
educational standpoint, this study found that they may be less
attractive and engaging for children based on their design
features. This finding is relevant because there is significant
potential for mobile apps that can be used to deliver engaging
and high-fidelity interventions to educate and motivate children
about healthy eating practices [65]. Several studies have
emphasized the potential positive role of mHealth apps as
cost-effective [46], low burden interventions to promote healthy
eating, self-monitoring, and behavior change [66,67]. For
instance, serious games (ie, digital games designed for
educational purposes) have been found to support children’s
increased vegetable and fruit intake [30-33], knowledge of
macronutrients [32,33], food choice skills [35], and reduced
sugar intake [37]. Moreover, healthy eating messaging can be
incorporated into apps. Although our study found that only 8%
(13/162) of food game apps contained messages aligned with
dietary guidelines, 72% (51/71) of didactic nutrition guides and
42% (8/17) of habit trackers displayed healthy eating messages.
These findings suggest that it is possible to use apps as a vehicle
to support healthy eating messaging and nutrition education, as

it has been used in other areas such as physical and mental health
[68,69]. However, many apps on the marketplace would require
modifications to align messaging with dietary guidelines and
to include elements to increase their overall quality (visual
appeal, graphics, engaging features, and BCTs). As nutrition
guide and habit tracker apps may not be highly engaging for
children, integrating gaming elements into these educational
and informative apps may be more impactful in promoting the
uptake of healthy eating knowledge and behaviors [41,70]. An
example of a game-based nutrition education app is Foodbot
Factory [71], which was designed to teach children about CFG
and positively influenced children’s knowledge of CFG
guidelines [34].

Importantly, the efficacy of mHealth interventions can be
significantly impacted by overall app quality [48] and the
integration of suitable theory-based BCTs [50]. The MARS,
for instance, has been used to identify high-quality medication
reminder apps [72]. However, a lack of initial and sustained
engagement has also been identified as a key constraint that
limits digital nutrition promotion interventions [73]. In this
study, we found that the overall quality of the apps, as evaluated
by the MARS, was moderate, with apps receiving a median
quality score of 3.6/5. These results underline the need to
integrate engagement and motivation cues, factors known to
strongly influence how long children will interact with an app
[24]. Most apps also used information about health
consequences as a BCT, which seems to be an unsupported
tactic to induce behavior change (and less useful among
children), compared with incentivization of positive health
behaviors (ie, the use of points and rewards) [74]. Furthermore,
limited evidence exists on user testing [73] and the assessment
of app effectiveness in terms of user satisfaction [22]. Thus, the
development of effective and engaging mHealth apps not only
requires evidence-based content and appropriate BCTs but also
necessitates the feedback of end users and evaluation of
effectiveness through appropriately designed studies.

Limitations
There are limitations to this study. It may be argued that a search
of this kind cannot be truly systematic because of the dynamic
nature of the app marketplace and limited search and data
extraction abilities [75,76]. However, the use of multiple search
terms to identify apps allowed this search to reach saturation
and capture the most common nutrition apps targeted to children.
Although paid apps were included in this study when free apps
contained in-app purchases, only the free content was analyzed
because the use of in-app purchases is likely to be less accessible
to our target audience of children and adolescents; this decision
may have resulted in an underestimation of the foods and
beverages included. In addition, for this analysis, information
on data privacy was not assessed. Assessments of data privacy
policies and procedures are critically important, especially when
apps are targeted to children; however, this information was
not publicly available at the time of data collection. Although
the Apple App Store added information on data privacy in June
2020, the Google Play Store has not, as of January 2022. Finally,
because of its cross-sectional design, this study does not allow
us to determine the relationship between exposure to foods and
beverages displayed in apps (particularly those not
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recommended by dietary guidelines) and children’s health, or
their knowledge, attitudes, and behaviors related to such foods.
However, describing the exposure is a first step to investigating
this relevant topic, and this should be a focus of future research.

Comparison With Prior Work
An earlier comparable study by Schumer et al [22] examined
publicly available diet and nutrition apps available in the Google
Play Store (n=86 apps that were relevant for any age group),
identified the focus of apps (eg, education, tracking, and
planning), diet types (eg, Paleo diet), and app features (eg, goal
setting and feedback). In capturing this information, the authors
described initial factors that potential users evaluate when
deciding to use an app [22]. An Australian study used a
comparable approach to evaluate food and nutrition-related
mobile apps to support healthy family food provision [40]. This
study found that apps targeting parents with children had an
app quality score of 3.5, similar to our results; however, many
apps also had poor engagement. This study builds upon the
previous work by conducting an in-depth evaluation of the
different foods and beverages displayed in apps and whether or
not these foods and beverages met dietary guidelines. This
study’s novelty further expands our understanding of apps
intended solely for children and not parents or adults in general.
In addition, our study goes beyond the findings of Schumer et
al [22] in the assessment of apps intended for children by
identifying those that were games, which is critical to examine

as gaming apps are highly influential among youth [17,46]. A
major strength of this study was the use of standardized
evaluation and classification of apps, which was conducted
independently by 2 reviewers, with a third independent reviewer
to resolve disagreements. This process ensured a rigorous
evaluation of the app content and classification. Another major
strength was the use of the 2 major app stores, in contrast to the
study by Schumer et al [22], which only involved 1 app store.

Conclusions
This research demonstrated that nutrition-themed apps intended
for children displayed many foods and beverages not
recommended by dietary guidelines, and food game apps were
more likely to display unhealthy foods and beverages compared
with nongame apps. We also found that many of these apps in
the subsample have a moderate app quality, and most of them
use information about health consequences as a BCT.
Nevertheless, given their popularity, nutrition-themed game
apps have the potential to be used by health professionals,
researchers, educators, and app developers to create
evidence-based apps for children that align with dietary
guidelines, which can be used to encourage healthy eating habits.
Future research is required to broaden our understanding of how
youth use and interact with apps containing nutrition content,
their influence, and possible use for promoting nutrition
education and healthy eating.
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Abstract

Background: Hematological conditions are prevalent disorders that are associated with significant comorbidities and have a
major impact on patient care. Concerning new tools for the care of these patients, the number of health apps aimed at hematological
patients is growing. Currently, there are no quality analyses or classifications of apps for patients diagnosed with hematological
conditions.

Objective: The aim of this study is to analyze the characteristics and quality of apps designed for patients diagnosed with
hematological conditions by using the Mobile App Rating Scale (MARS).

Methods: We performed an observational, cross-sectional descriptive study of all smartphone apps for patients diagnosed with
hematological conditions. A search was conducted in March 2021 using the following terms: anemia, blood cancer, blood disorder,
hematological cancer, hematological malignancy, hematological tumor, hematology, hemophilia, hemorrhage, lymphoma,
leukemia, multiple myeloma, thalassemia, thrombocytopenia, and thrombosis. The apps identified were downloaded and evaluated
by 2 independent researchers. General characteristics were registered, and quality was analyzed using MARS scores. Interrater
reliability was measured by using the Cohen κ coefficient.

Results: We identified 2100 apps in the initial search, and 4.19% (88/2100) of apps met the inclusion criteria and were analyzed.
Of the 88 apps, 61% (54/88) were available on Android, 30% (26/88) were available on iOS, and 9% (8/88) were available on
both platforms. Moreover, 7% (6/88) required payment, and 49% (43/88) were updated in the last year. Only 26% (23/88) of the
apps were developed with the participation of health professionals. Most apps were informative (60/88, 68%), followed by
preventive (23/88, 26%) and diagnostic (5/88, 6%). Most of the apps were intended for patients with anemia (23/88, 26%). The
mean MARS score for the overall quality of the 88 apps was 3.03 (SD 1.14), ranging from 1.19 (lowest-rated app) to 4.86
(highest-rated app). Only 47% (41/88) of the apps obtained a MARS score of over 3 points (acceptable quality). Functionality
was the best-rated section, followed by aesthetics, engagement, information, and app subjective quality. The five apps with the
highest MARS score were the following: Multiple Myeloma Manager, Hodgkin Lymphoma Manager, Focus On Lymphoma, ALL
Manager, and CLL Manager. The analysis by operating system, developer, and cost revealed statistically significant differences
in MARS scores (P<.001, P<.001, and P=.049, respectively). The interrater agreement between the 2 reviewers was substantial
(k=0.78).

Conclusions: There is great heterogeneity in the quality of apps for patients with hematological conditions. More than half of
the apps do not meet acceptable criteria for quality and content. Most of them only provide information about the pathology,
lacking interactivity and personalization options. The participation of health professionals in the development of these apps is
low, although it is narrowly related to better quality.
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Introduction

Background
The use of mobile technologies for health is increasing at an
unstoppable rate. App capabilities for sharing health care
information or real-time patient monitoring make them an
important health tool because of their ease of use, broad reach,
and wide acceptance [1]. At the beginning of 2021, more than
53,000 medical apps were available in the Android Play Store
(one of the main download platforms) [2]. Medical apps have
targeted a diverse number of conditions, such as diabetes [3,4],
pain [5], rheumatic [6] and psychiatric disorders [7], COVID-19
[8-10], or cancer [11-13]. Apps for patients diagnosed with
hematological conditions are also found on the main download
platforms, although there is little information about them.

Hematological conditions comprise a wide range of disorders
that can be classified as nonmalignant (anemia, hemorrhagic,
or thrombotic disorders and conditions affecting blood-forming
organs) and malignant (hematological cancers, such as Hodgkin
and non-Hodgkin lymphoma, leukemia, or multiple myeloma,
among others) [14]. These diseases meet all criteria for
qualifying as a very important public health problem, with
serious morbidities affecting patients worldwide [14-16]. Many
of these conditions, such as hemophilia or anemia, are highly
prevalent and become chronic. These patients could benefit
from tools that improve treatment adherence or self-management
guidelines, making medical apps an increasingly attractive
option for this purpose [17,18].

Considering the large number of health apps available for
patients with hematological conditions and the increasing
interest in tools that encourage patient self-care, a proper review
is needed. However, no clear consensus exists as to the
appropriate method to assess the quality of health apps [19].
The Mobile App Rating Scale (MARS) is the most widely used
scale for evaluating the quality and content of health apps. This
allows the evaluation and comparison of apps by relating to
their user engagement, functionality, aesthetics, and information
quality [20,21]. In addition, it provides a quantitative and
validated system that allows both users and health care
professionals to avoid unreliable information.

Objective
The aim of our study is to analyze the characteristics and quality
of mobile apps for patients diagnosed with hematological
conditions using the MARS.

Methods

Study Design
We performed an observational, descriptive, cross-sectional
study of all smartphone apps for patients diagnosed with
hematological conditions, including hematological malignancies,
various types of anemia, and hemorrhagic and thrombotic

diathesis, available on the Android and iOS platforms. The study
followed the PRISMA-P (Preferred Reporting Items for
Systematic Review and Meta-Analysis Protocols) 2015
guidelines for systematic reviews [22].

Eligibility Criteria
A search on the Apple App Store and Android Play Store was
performed in February 2021 by 2 independent health
professionals with experience in app analysis, design, and
development (PGMS and ANM). The following search terms
were used: anemia, blood cancer, blood disorder, hematological
cancer, hematological malignancy, hematological tumor,
hematology, hemophilia, hemorrhage, lymphoma, leukemia,
multiple myeloma, thalassemia, thrombocytopenia, and
thrombosis. The reviewers screened the title and download page
of the apps. Only apps intended for patients or their caregivers
and in English or Spanish were selected. Those apps potentially
eligible were downloaded and installed on the appropriate,
corresponding mobile device, regardless of the cost. iOS apps
were installed on an iPhone 7 (version 14.4.2; Apple Inc) and
Android apps on a Nexus 5X (Android version 8.1.0; Google
LLC). Apps with nonscientific content; intended for health care
professionals; duplicated; not specific for hematological
conditions; specific to congresses, meetings, and charitable
purposes; and those with restricted access were excluded from
the review.

Data Extraction and Quality Assessment
Apps were individually evaluated in isolation by the same 2
independent reviewers. Variables analyzed were app name,
search term (for what the app was found), platform (Android
or iOS), developer, hematological disorder, cost, app category
(books and reference works, education, entertainment, health
and fitness, health and wellness, lifestyle, medicine, simulation,
and social media), date of the last update, language, and purpose.
Concerning the developer, if hospitals, health authorities,
universities, scientific societies, or patients’ associations were
involved in the design of an app, we classified them as
developed by a health organization. The purpose was further
classified into the following categories: diagnostic, informative,
and preventive depending on whether the priority of the app
was to run self-diagnosis, to provide generic data about one or
several conditions, or to track treatment and symptoms,
respectively. Grading was assessed by the same 2 independent
reviewers according to the validated MARS. Data extraction,
analysis, and grading were completed within 60 days.

The MARS is a multidimensional instrument that assesses the
quality of mobile health apps. The quality assessment consists
of a total of 23 items covering 5 dimensions. The dimensions
are (1) engagement (5 items: entertainment, interest,
customization, interactivity, and target adequacy), (2)
functionality (4 items: performance, ease of use, navigation,
and gestural design), (3) aesthetics (3 items: layout, graphics,
and visual appeal), (4) information quality (7 items: accuracy
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of app description, goals, quality of information, quantity of
information, quality of visual information, evidence base, and
credibility), and (5) subjective quality (4 items: recommendation,
payment willingness, frequency of use, and overall rating). All
items were rated on a 5-point scale (1=inadequate; 2=poor;
3=acceptable; 4=good; 5=excellent). Then, the overall quality
of the app was obtained from the mean score of the domains
[20,21].

Data Analysis
Quantitative variables were expressed as means and SDs and
categorical variables as frequencies and percentages. Continuous
variables were compared using the 2-tailed t test when the
distribution was normal or the Mann-Whitney test when it was
not. κ coefficient was used to measure the interrater reliability
of the data analyzed by the 2 independent researchers [23]. Data

were analyzed using Stata (version IC-16; StataCorp). A P value
<.05 was considered statistically significant.

Results

Overview
A total of 2100 apps were retrieved from the Apple App Store
and Android Play Store (1661 Android apps and 439 iOS apps).
After screening the description and the screenshots available at
the app platforms and deleting apps duplicated, 128 apps were
selected as potentially eligible. After downloading and checking
the fulfillment of the inclusion criteria, 88 apps were finally
included in the descriptive analysis. A flow diagram illustrating
the selection and exclusion of apps at various stages of the study
is shown in Figure 1.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram and app selection. MARS: Mobile App
Rating Scale.

Characteristics and Purposes of Included Apps
In total, of the 88 apps, 8 (9%) were found on both digital
distribution platforms, whereas 54 (61%) were obtained only

from the Android Play Store, and 26 (30%) were only available
at the Apple App Store. In addition, of the 88 apps, only 6 (7%)
required payment (mean cost: mean €3.16 [US $3.60], SD €1.57
[US $1.79]). Table 1 shows the general characteristics of apps.
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Table 1. General characteristics of the apps.

Apps, n (%)Characteristics

Platform

54 (61)Android

26 (30)iOS

8 (9)Android and iOS

Cost

82 (93)No

6 (7)Yes

Category

35 (40)Medicine

33 (38)Health and wellness

8 (9)Health and fitness

7 (8)Education

1 (1)Books and reference works

1 (1)Entertainment

1 (1)Lifestyle

1 (1)Simulation

1 (1)Social media

Date of the last update

1 (1)2012

2 (2)2016

7 (8)2017

12 (14)2018

19 (22)2019

34 (39)2020

9 (10)2021

4 (4)Not updated

Language

80 (92)English

4 (4)Spanish

4 (4)English and Spanish

Regarding purpose, most of the apps were informative (60/88,
68%), followed by preventive (23/88, 26%) and diagnostic
(5/88, 6%). Of the 88 apps, a total of 43 apps (49%) were
updated in the last year, and 23 apps (26%) were designed and
developed with the participation of some kind of health care
organization. The distribution of apps regarding hematological
conditions was anemia (23/88, 26%), leukemia (12/88, 14%),
hemophilia (11/88, 13%), thrombosis (8/88, 9%), thalassemia
(7/88, 8%), hematological cancers (leukemia, lymphoma, or

myeloma; 5/88, 6%), hemorrhage (5/88, 6%), lymphoma (4/88,
5%), leukemia or lymphoma (3/88, 3%), thrombocytopenia
(3/88, 3%), multiple myeloma (2/88, 2%), hematological
conditions (2/88, 2%), anemia or hemophilia (1/88, 1%), anemia
or thalassemia (1/88, 1%), and hemochromatosis (1/88, 1%).
The information on hematological conditions, purpose, app
platform, free of cost, updates, developer, and language is shown
in Tables 2 and 3.
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Table 2. Characteristics of the apps analyzed. Apps are presented in alphabetical order, from those that start with "A" to those that start with "I."

LanguageDeveloped by a
health organization

Updated in the
last 12 months

FreePlatformPurposeHematological diseaseName of the app (developer)

SeEdAndroidiOSDcPbIa

✓✓✓✓✓AnemiaAlimentos para la anemia
(Jotathat)

✓✓✓✓✓Blood disordersAll Blood Disease and Treat-
ment A-Z (Patrikat Softech)

✓✓✓✓✓LeukemiaALL Manager (Point of Care)

✓✓✓✓✓LeukemiaALL Xplained (MedicineX)

✓✓✓✓✓AnemiaAnemia (Rouseapps)

✓✓✓✓AnemiaAnemia (El Makaoui)

✓✓✓✓✓AnemiaAnemia Care Diet & Nutrition
(RecoveryBull)

✓✓✓✓AnemiaAnemia Home Remedies
(StatesApps)

✓✓✓✓AnemiaAnemia Home Remedies
(Salim Garba Usman)

✓✓✓✓HemophiliaBleeder (Hannes Jung)

✓✓✓✓✓HemorrhageBleeding After Birth (Jaco
Apps)

✓✓✓✓✓HemorrhageBleeding Disorder
(Koodalappz)

✓✓✓✓Hematological can-
cers

Blood Cancer (Digital Planete
Space)

✓✓✓✓✓Hematological can-
cers

Blood Cancer Tips (Free
Apps For Everyone)

✓✓✓✓ThrombosisBlood Clot Home & Natural
Remedies (Salim Garba Us-
man)

✓✓✓✓AnemiaBlood Count Reader free
(Yurii Shevchenko)

✓✓✓✓Blood disordersBlood Diseases (Medi-
co_Guide)

✓✓✓✓✓Anemia or hemophiliaBlood Group Genes (Gaurav
Mathur)

✓✓✓✓✓ThrombosisCaprini DVT Risk
(NorthShore University
HealthSystem)

✓✓✓✓✓LeukemiaChildhood Leukemia: A Pre-
ventable Disease (FreeCreativ-
ity2019)

✓✓✓✓✓✓HemorrhageCIB—Coagulation Interven-
tion Brigade (LFB
Biomedicaments)

✓✓✓✓✓LeukemiaCLL Manager (Point of Care)

✓✓✓✓✓✓✓Leukemia or lym-
phoma

CLL Watch and Wait Tracker
(Lymphoma Canada)

✓✓✓✓✓LeukemiaCML Life (Incyte Corpora-
tion)

✓✓✓✓✓LeukemiaCML Today (Leukemia Pa-
tient Advocates Foundation)
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LanguageDeveloped by a
health organization

Updated in the
last 12 months

FreePlatformPurposeHematological diseaseName of the app (developer)

SeEdAndroidiOSDcPbIa

✓✓✓✓✓ThrombosisDiario de INR (Web Factor
BV)

✓✓✓✓✓LeukemiaDon’t Walk Alone (Lym-
phoma Canada)

✓✓✓✓✓ThalassemiaEasy Diagnosis—Thalassemia
(Sarah Tinmaswala)

✓✓✓✓✓ThrombosisEasyCoagLite (Loic Letertre)

✓✓✓✓✓✓LymphomaFocus On Lymphoma (Lym-
phoma Research Foundation)

✓✓✓✓✓AnemiaFolate & B12 Counter and
Tracker (First Line Medical
Communications)

✓✓✓✓✓AnemiaFood For Anemia
(MixLabApps)

✓✓✓✓✓✓HemophiliaHaemActive—Fitness for
People with haemophilia
(NovoNordisk A/S)

✓✓✓✓HemophiliaHaemophilia Pal
(Haemophilia Pal)

✓✓✓✓✓HemophiliaHemo Control (The Simula-
tion Crew)

✓✓✓✓HemophiliaHemophilia Disease (Bedie-
man)

✓✓✓✓✓✓HemophiliaHemophilia Support (My-
HealthTeams)

✓✓✓✓✓LymphomaHodgkin Lymphoma Manager
(Point of Care)

✓✓✓✓AnemiaHome Remedies for Anemia
(Anil Krishna)

✓✓✓✓LeukemiaHow To Cure Leukemia
(Apps How To Apps)

✓✓✓✓ThrombosisiClot (Cranworth Medical
Ltd)

✓✓✓✓✓ThrombocytopeniaIncrease A Low Platelet
Count Naturally (Fingerti-
pApps)

✓✓✓✓ThrombosisINR Care (Nikhil Patel)

✓✓✓✓✓AnemiaIron Counter and Tracker
(First Line Medical Communi-
cations)

✓✓✓✓AnemiaIron Deficiency Anemia (Be-
dieman)

✓✓✓✓✓HemochromatosisIron Tracker—Hemochromato-
sis (IronTracker)

aI: informative.
bP: preventive.
cD: diagnostic.
dE: English.
eS: Spanish.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e32826 | p.286https://mhealth.jmir.org/2022/2/e32826
(page number not for citation purposes)

Narrillos-Moraza et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 3. Characteristics of the apps analyzed. Apps are presented in alphabetical order, from those that start with "J" to those that start with "Z."

LanguageDeveloped by a
health organization

Updated in the
last 12 months

FreePlatformPurposeHematological diseaseName of the app (developer)

SeEdAndroidiOSDcPbIa

✓✓✓✓✓AnemiaJuntos contra la anemia (An-
dres Moran Tello)

✓✓✓✓✓LeukemiaLeucemia—Sintomas Y
Tratamiento—FAQ (Things
To Do)

✓✓✓✓✓LeukemiaLeukemia: Symptoms And
Treatment (The Reyv)

✓✓✓✓LeukemiaLeukemia Disease (Bedie-
man)

✓✓✓✓LeukemiaLeukemia Disease Treatment
(Woochi Developer)

✓✓✓✓✓✓✓Blood cancersLLS CAR T (The Leukemia
and Lymphoma Society)

✓✓✓✓✓✓✓Blood cancersLLS Health Manager (The
Leukemia and Lymphoma
Society)

✓✓✓✓✓✓LymphomaLRF Understanding Lym-
phoma (Lymphoma Research
Foundation)

✓✓✓✓✓✓LymphomaLRFFactSheets (Lymphoma
Research Foundation)

✓✓✓✓✓✓✓✓HemophiliaMicrohealth Hemofilia (Micro-
Health LLC)

✓✓✓✓✓HemophiliaMi Hemofilia (Rogelio Rob-
les Tarano)

✓✓✓✓✓Multiple myelomaMultiple Myeloma Manager
(Point of Care)

✓✓✓✓✓AnemiaMy Blood Count (Sean Bot-
tomley)

✓✓✓✓HemochromatosisMy HHT Tracker (Cure HHT)

✓✓✓✓ThrombosisMy INR (iMonitorMy)

✓✓✓✓✓AnemiaMy Iron Manager (Good Dog
Design Pty Ltd)

✓✓✓✓✓Multiple myelomaMyeloma Cancer Guide (Ev-
eryone Learning Apps)

✓✓✓✓✓HemophiliamyPROBE (Design2Code
Inc)

✓✓✓✓✓HemophiliamyWAPPS (Design2Code
Inc)

✓✓✓✓✓✓Blood cancersNCCN Patient Guides for
Cancer (National Comprehen-
sive Cancer Network)

✓✓✓AnemiaPA Pernicious Anaemia (B12
Global Limited)

✓✓✓✓✓AnemiaPernicious-Anemia Advice
(MoreFlow)

✓✓✓✓✓AnemiaPregnancy & Anaemia (Fu-
mo)
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LanguageDeveloped by a
health organization

Updated in the
last 12 months

FreePlatformPurposeHematological diseaseName of the app (developer)

SeEdAndroidiOSDcPbIa

✓✓✓✓AnemiaRecetas y consejos para com-
batir la anemia (App Free En-
joy)

✓✓✓✓AnemiaRecognize Anemia Disease
(Media Clinic)

✓✓✓✓HemophiliaRecognize Hemophilia Dis-
ease (Media Clinic)

✓✓✓✓ThalassemiaRecognize Thalassemia Dis-
ease (Media Clinic)

✓✓✓✓ThrombocytopeniaRecognize Thrombocytopenia
(Media Clinic)

✓✓✓✓✓AnemiaSickle Cell Anemia (Fumo)

✓✓✓✓AnemiaSickle Cell Anemia Home
remedy (JGWS)

✓✓✓✓AnemiaSickle Cell Disease (Kabi-
rapp)

✓✓✓✓✓HemorrhageSTB—Stop The Bleed (Uni-
formed Services University)

✓✓✓✓✓ThalassemiaSUSOKA (Subrata Saha)

✓✓✓✓✓ThalassemiaThalassemia Early Detection
(ILIANA)

✓✓✓✓ThalassemiaThalassemia Disease (Bedie-
man)

✓✓✓✓ThalassemiaThaliMe (Curatio Networks
Inc)

✓✓✓✓ThalassemiathalTracker (University
Health Network)

✓✓✓✓✓✓Blood cancersThe Cancer App (Interactive
Pharma solutions limited)

✓✓✓✓Thalassemia or ane-
mia

The Seven Types of Anemia
(Mrbeli)

✓✓✓✓✓Blood cancersTransplant Guidelines (Nation-
al Marrow Donor Program/Be
The Match)

✓✓✓✓ThrombocytopeniaTrombocytopenia Disease
(Bedieman)

✓✓✓✓ThrombosisVTE Calc (Lindum Medical
Ltd)

aI: informative.
bP: preventive.
cD: diagnostic.
dE: English.
eS: Spanish.

Rating of Apps on the MARS
The specific MARS ratings for each app are shown in Tables
4 and 5. The mean score for the overall quality was 3.03 (SD
1.14), ranging from 1.19 (lowest rated app) to 4.86 (highest

rated app). On average, the best-rated section was functionality
(mean 3.44, SD 1.07), followed by aesthetics (mean 3.10, SD
1.23), engagement (mean 3.06, SD 1.32), information (mean
2.95, SD 1.09), and app subjective quality (mean 2.61, SD 1.28).

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e32826 | p.288https://mhealth.jmir.org/2022/2/e32826
(page number not for citation purposes)

Narrillos-Moraza et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 4. Mobile App Rating Scale scores of the evaluated apps (rating out of 5). The first half (41/88, 47%) of the apps are presented here.

OverallSubjective quality,
score

Information,
score

Aesthetics,
score

Functionality,
score

Engagement,
score

Name of the app (developer)

4.864.754.575.005.005.00Multiple Myeloma Manager (Point of Care)

4.844.754.435.005.005.00Hodgkin Lymphoma Manager (Point of Care)

4.815.004.434.834.884.90Focus On Lymphoma (Lymphoma Research
Foundation)

4.774.884.434.674.885.00ALL Manager (Point of Care)

4.724.754.434.674.755.00CLL Manager (Point of Care)

4.654.504.434.505.004.80Transplant Guidelines (National Marrow Donor
Program/Be The Match)

4.644.384.575.004.384.90HaemActive—Fitness for people with
haemophilia (NovoNordisk A/S)

4.634.634.794.834.634.30Mi Hemofilia (Rogelio Robles Tarano)

4.534.384.644.174.884.60My INR (iMonitorMy)

4.494.134.714.504.504.60My Iron Manager (Good Dog Design Pty Ltd)

4.483.884.074.674.884.90myWAPPS (Design2Code Inc)

4.474.754.364.674.004.60CLL Watch and Wait Tracker (Lymphoma
Canada)

4.474.504.144.504.504.70Bleeder (Hannes Jung)

4.434.254.214.174.505.00Microhealth Hemofilia (MicroHealth LLC)

4.424.004.434.674.634.40Iron Tracker—Hemochromatosis (IronTracker)

4.424.504.644.334.634.00STB—Stop The Bleed (Uniformed Services Uni-
versity)

4.394.134.144.504.504.70PA Pernicious Anaemia (B12 Global Limited)

4.374.384.434.174.384.50Hemophilia Pal (Haemophilia Pal)

4.293.883.794.674.504.60ThaliMe (Curatio Networks Inc)

4.284.133.434.504.634.70My HHT Tracker (Cure HHT)

4.233.633.714.674.754.40CML Life (Incyte Corporation)

4.194.133.294.674.384.50INR Care (Nikhil Patel)

4.193.633.934.674.134.60Diario de INR (Web Factor BV)

4.174.004.364.674.753.10NCCN Patient Guides for Cancer (National
Comprehensive Cancer Network)

4.163.503.644.504.384.80My Blood Count (Sean Bottomley)

4.154.004.213.834.004.70LLS Health Manager (The Leukemia and Lym-
phoma Society)

4.143.253.864.504.504.60thalTracker (University Health Network)

4.013.384.214.173.384.90Don’t Walk Alone (Lymphoma Canada)

3.983.133.714.504.254.30The Cancer App (Interactive Pharma Solutions
Limited)

3.934.503.143.673.754.60Hemophilia Support (MyHealthTeams)

3.903.634.293.504.383.70CML Today (Leukemia Patient Advocates Foun-
dation)

3.893.504.004.334.503.10Pernicious Anemia Advice (MoreFlow)

3.592.753.714.004.383.10ALL Xplained (MedicineX)

3.562.633.863.174.383.80VTE Calc (Lindum Medical Ltd)

3.382.132.714.004.253.80myPROBE (Design2Code Inc)
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OverallSubjective quality,
score

Information,
score

Aesthetics,
score

Functionality,
score

Engagement,
score

Name of the app (developer)

3.183.133.433.503.132.70Alimentos para la anemia (Jotathat)

3.142.633.362.504.133.10Folate & B12 Counter and Tracker (First Line
Medical Communications)

3.132.002.214.003.254.20Blood Group Genes (Gaurav Mathur)

3.122.503.362.504.133.10Iron Counter and Tracker (First Line Medical
Communications)

3.042.503.213.003.882.60All Blood Disease and Treatment A-Z (Patrikat
Softech)

3.032.003.363.333.383.10LRF Understanding Lymphoma (Lymphoma Re-
search Foundation)
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Table 5. Mobile App Rating Scale scores of the evaluated apps (rating out of 5). The second half (47/88, 53%) of the apps are presented here.

OverallSubjective quality,
score

Information,
score

Aesthetics,
score

Functionality,
score

Engagement,
score

Name of the app (developer)

2.991.883.143.173.383.40LRFFactSheets (Lymphoma Research Foundation)

2.952.383.073.173.133.00Juntos contra la anemia (Andres Moran Tello)

2.892.502.793.002.883.30EasyCoagLite (Loic Letertre)

2.811.882.073.503.003.60Hemo Control (The Simulation Crew)

2.741.382.572.673.383.70Caprini DVT Risk (NorthShore University
HealthSystem)

2.491.752.502.003.882.30Recognize Thrombocytopenia (Media Clinic)

2.481.252.212.673.253.00Thalasemia Early Detection (Iliana)

2.441.882.501.673.882.30Recognize Hemophilia Disease (Media Clinic)

2.442.252.503.002.631.80Sickle Cell Anemia Home remedy (JGWS)

2.421.752.501.673.882.30Recognize Thalassemia Disease (Media Clinic)

2.412.132.432.333.381.80Increase A Low Platelet Count Naturally (Finger-
tipApps)

2.391.752.502.173.252.30Recognize Anemia Disease (Media Clinic)

2.361.882.572.003.382.00Anemia (RouseApps)

2.361.252.072.833.252.40LLS CAR T (The Leukemia and Lymphoma So-
ciety)

2.351.632.212.673.252.00Blood Clot Home & Natural Remedies (Salim
Garba Usman)

2.331.752.292.173.631.80Anemia Home Remedies (StatesApps)

2.331.632.142.833.131.90Bleeding After Birth (JacoApps)

2.311.752.362.003.252.20The Seven Types of Anemia (MrBeli)

2.272.252.002.832.381.90Sickle Cell Disease (Kabirapp)

2.271.632.292.832.502.10Bleeding Disorder (Koodalappz)

2.182.002.292.272.631.80Blood Diseases (Medico_Guide)

2.172.382.211.832.631.80Childhood Leukemia: A Preventable Disease
(FreeCreativity2019)

2.161.752.502.002.751.80Trombocytopenia Disease (Bedieman)

2.161.382.142.333.131.80Food For Anemia (MixLabApps)

2.151.752.212.003.001.80Iron Deficiency Anemia (Bedieman)

2.141.632.502.002.751.80Hemophilia Disease (Bedieman)

2.121.632.502.002.751.70Thalassemia Disease (Bedieman)

2.041.382.001.673.251.90Easy Diagnosis—Thalassemia (Sarah Tin-
maswala)

2.031.631.932.172.631.80Home Remedies for Anemia (Anil Krishna)

1.981.381.572.172.382.40SUSOKA (Subrata Saha)

1.931.502.432.002.131.60Leucemia—Sintomas Y Tratamiento—FAQ
(Things To Do)

1.931.502.002.002.132.00Anemia Care Diet & Nutrition (RecoveryBull)

1.881.631.791.832.381.80Sickle Cell Anemia (Fumo)

1.871.381.932.172.001.90iClot (Cranworth Medical Ltd)

1.871.381.792.002.381.80Pregnancy & Anaemia (Fumo)

1.831.251.642.002.751.50Anemia (El Makaoui)

1.821.631.861.832.001.80Anemia Home Remedies (Salim Garba Usman)
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OverallSubjective quality,
score

Information,
score

Aesthetics,
score

Functionality,
score

Engagement,
score

Name of the app (developer)

1.521.251.212.501.251.40CIB—Coagulation Intervention Brigade (LFB
Biomedicaments)

1.431.131.711.331.501.50Leukemia Disease (Bedieman)

1.411.001.431.501.501.60Recetas y consejos para combatir la anemia (App
Free Enjoy)

1.391.131.431.171.751.50Leukemia: Symptoms And Treatment (The Reyv)

1.391.001.501.501.751.20Myeloma Cancer Guide (Everyone Learning
Apps)

1.351.251.431.171.501.40Leukemia Disease Treatment (Woochi Developer)

1.311.001.291.171.711.40Blood Cancer (Digital Planete Space)

1.231.001.141.171.751.10How To Cure Leukemia (Apps How To Apps)

1.191.001.141.171.631.00Blood Cancer tips (Free Apps For Everyone)

1.191.001.001.001.131.80Blood-Count Reader free (Yurii Shevchenko)

Comparison by app distribution platform (Apple App Store and
Android Play Store) revealed a mean MARS score of 3.85 (SD
0.35) for apps developed for iOS (n=34) and 2.67 (SD 0.30) for
apps developed for Android (n=62), resulting in a statistically
significant difference (P<.001). Apps whose development had
been supported by a health organization obtained better scores
(mean 3.75, SD 0.29; n=23) than those that had not (mean 2.78,
SD 0.31; n=65; P<.001). Finally, another statistically significant
difference (P=.049) was found when the overall MARS scores

were analyzed considering whether the apps were free (mean
2.97, SD 0.30; n=82) or required payment (mean 3.92, SD 0.29;
n=6; P=.049). The comparison by different characteristics is
shown in Table 6.

The mean κ coefficient score for the five MARS domains was
0.78. κ values between 0.61 and 0.81 indicate that interrater
agreement between the 2 reviewers was substantial. The only
item with a score less than 0.61 was ease of use (Table 7).

Table 6. Results of the Mobile App Rating Scale evaluation: comparison by different characteristics.

CostDeveloperOperating systemCategory

P valuePayment
(n=6),
score

Free
(n=82),
score

P valueHealth organiza-
tion (n=23), score

No health organiza-
tion (n=65), score

P valueiOS
(n=34),
score

Android
(n=62),
score

.044.122.98<.0013.882.76<.0014.162.59Engagement

.044.293.38.0024.023.23<.0014.013.09Functionality

.103.893.04.0023.902.82<.0013.912.66Aesthetics

.083.702.90<.0013.672.70<.0013.522.64Information

.0523.582.54.0023.292.37<.0013.342.26Subjective quality

.0493.922.97<.0013.752.78<.0013.852.67Overall
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Table 7. Kappa score and interrater reliability for the Mobile App Rating Scale domains.

Agreement, %Weighted Cohen κDomain

93.10.82Engagement

86.70.63Entertainment

90.40.72Interest

95.20.90Customization

92.60.84Interactivity

90.40.73Target group

90.60.69Functionality

88.50.67Performance

87.10.54Ease of use

87.90.64Navigation

90.30.71Gestural design

93.10.80Aesthetics

91.70.76Layout

90.70.76Graphics

92.40.78Visual appeal

93.50.80Information

93.10.77Accuracy of the app in the description (Apple App Store and Android Play Store)

92.80.78Goals

91.00.73Quality of information

88.60.67Quantity of information

86.40.63Visual information

96.30.91Evidence base

94.30.84Credibility

92.80.80Subjective quality

91.50.78Would you recommend this app to people who might benefit from it?

94.20.86Would you pay for this app?

90.30.77How many times do you think you would use this app in the next 12 months if it was relevant to you?

92.20.79What is your overall star rating of the app?

Discussion

Principal Findings
This is the first study to provide a systematic search and ranking
of apps for patients diagnosed with hematological conditions
available in the Apple App Store and Android Play Store, using
the MARS as a standardized methodology for the classification,
assessment, and validation of these apps.

We found that there were more apps available in the Android
Play Store than in the Apple App Store, as mentioned in other
studies [8,11,24], which can imply that uploading an app into
the Android Play Store is an easier process. We observed that
almost half of the apps (43/88, 49%) had been updated in the
last year, as previously reported [25]. Considering hematology
as a medical field that is constantly growing in complexity and
extending its therapeutic arsenal, this low rate of app content
actualization is insufficient [26].

Of 88 apps, only 23 (26%) were designed with the participation
of some kind of health organization. The absence of health care
professionals in the development of health apps continues to be
raised time and time again. Amor-García et al [11] observed
that only 15.2% of apps for patients with genitourinary cancer
involved health professionals in their design process. When
reviewing apps for medication management, Tabi et al [27]
observed a similar result (14.6%). It would seem crucial that
health care professionals be involved in the creation of medical
apps; however, this scarcely happens. Moreover, the fact that
most health-related apps are free favors accessibility [27].

Our results expose the high prevalence of informative apps
(60/88, 68%), as reported by other authors [6,11]. The majority
of these apps provide generic data about one or several
pathologies, including symptoms, diagnostics, and treatment,
focusing solely on education. One-third of the total of
informative apps is intended for patients with anemia, which
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highlights the interest in anemia self-management, as it is the
most common blood disorder globally [18]. Preventive apps
are less numerous (23/88, 26%), although their quality and
performance are significantly higher. These apps focus on
handling the pathology after diagnosis, allowing for treatment
and laboratory values tracking and recording of symptoms and
adverse events. We found these types of apps the most
appropriate and useful for patients with hematological conditions
because many blood conditions require chronic and complex
pharmacologic treatment [28,29]. Only 5 diagnostic apps were
evaluated. It is worth mentioning STB—Stop The Bleed, an app
designed to help anyone learn how to safely and effectively deal
with life-threatening bleeding, which has demonstrated the
potential of mobile apps in emergency scenarios [30]. The other
4 diagnostic apps are screening tools based on hematological
parameters, questionnaires, and gene traits. Its objectives are to
predict blood groups or certain hereditary pathologies, such as
hemophilia or thalassemia. The main limitation is again the lack
of evidence-based content, which in this case could mislead
patients into not seeking professional advice. The potential of
apps to be implemented as remote diagnostic tools for
hematological conditions is very high. This is the case of
AnemoCheck Mobile, an app that estimates hemoglobin levels
by analyzing the color of fingernail beds and detects anemia,
serving as a completely noninvasive anemia screening tool [31].

The MARS has demonstrated its potential as a simple, reliable,
and flexible health care app-quality rating scale [21]. It analyzes
the quality of an app by evaluating 23 items, grouped into 5
domains, and rating on a 5-point scale. Our study showed a
mean score of 3.03, considering a score of 3 as acceptable. This
result is similar to the scores showed by other authors using the
MARS to evaluate health apps for other conditions. The mean
score found by Salazar et al [5] for apps designed for chronic
pain management was 3.17, and Kwan et al [6] showed a mean
score of 3.48 for apps targeted at patients with spondyloarthritis,
out of 18 and 5 apps evaluated, respectively. Knitza et al [24]
reviewed 28 rheumatology apps and obtained an overall MARS
score of 3.85. The median overall MARS score of the analysis
of 34 apps targeted toward supporting heart failure symptom
monitoring was 3.4 [32]. In a larger sample study, Amor-García
et al [11] evaluated 46 apps for patients with genitourinary
cancers and found a mean score of 2.98. It is worth noting that
our study encompasses a higher number of apps evaluated than
any of the studies cited. Thus, the overall quality of health apps
in digital platforms is moderate, and there remains considerable
scope for improvement. Of the 88 apps, 41 (47%) hematological
apps obtained a score of at least 3 points, meaning that more
than half of the apps for hematological conditions do not meet
acceptable criteria for quality and content. Moreover, of the 88
apps, only 28 (32%) exceeded 4 points in the overall score.

MARS ratings ranged from 1.19 (Blood Count Reader) to 4.86
(Multiple Myeloma Manager), indicating the highly inconsistent
quality of apps. The apps with the highest scored were Multiple
Myeloma Manager, Hodgkin Lymphoma Manager, Focus On
Lymphoma, ALL Manager, and CLL Manager. All of them were
exclusive to the Apple App Store, except Focus On Lymphoma,
which was available in both platforms. These apps showed high
scores in the engagement and functionality domains. The main

characteristic that defines these top-rated apps was the active
patient participation, offering wide treatment and symptom
monitoring options, reminders, and schedules edition. The five
apps with the highest score had a plain preventive purpose,
whereas informative apps scored lower on the MARS despite
being more frequent.

The comparison by operating system showed a statistically
significant difference favoring iOS apps over Android apps in
all 5 MARS domains, a tendency that has been observed in a
similar evaluation about genitourinary apps [11]. The reason
could be that the Apple App Store has stricter standards to
include apps.

Although we observed that only 26% (23/88) of the apps
involved the participation of health professionals in their design,
their quality was significantly higher. The lack of health
professional involvement is a constant that has already been
highlighted by several authors, expressing their concern about
app content and compromising patient safety [33-35]. However,
4 of the best apps (Multiple Myeloma Manager, Hodgkin
Lymphoma Manager, ALL Manager, and CLL Manager) were
developed by @Point of Care, a platform consisting of
nonmedical stakeholders and dedicated to creating medical apps
for patients and clinicians. @Point of Care has designed apps
focused on diverse pathologies, some of them obtaining
considerably high MARS scores in other studies similar to ours
[11]. The analysis by cost revealed another statistically
significant difference, positioning payment apps ahead of free
apps in terms of quality, although the fact that only 6
hematological apps were not free and all of them were developed
for iOS can destabilize the comparison.

Functionality was the domain that scored the highest on the
MARS test, as described by other authors [11,36]. This implies
that the apps are easy to navigate and efficient. Leaving
subjective quality aside, engagement and information were the
domains with the lowest MARS scores. Engagement reflects
the capacity of the app to be personalized by the user. Patients
usually search for a health app that allows for medication
management, clinical and analytical parameter register, and
symptom tracking [28,37]. Patients with hematological
conditions would benefit significantly from this type of
assistance, as several blood conditions demand constant patient
monitoring and high adherence to treatment for a better health
outcome [18,30]. My INR, INR Care, and Diario de INR are
apps that allow anticoagulated patients to record and track their
international normalized ratio readings and antivitamin K
dosages. They could help improve adherence and avoid potential
complications, such as the risk of bleeding or clots. HaemActive
is a fitness app especially tailored to patients with hemophilia,
who require special exercises that imply a minimal risk of
bleeding. The app includes weekly training planning, explainer
videos, and easy customization. In addition, patients expressed
their interest in using health apps to communicate with their
physicians [28,38]. Concerning the information domain, there
is 1 specific item assessing the evidence base, which explores
the extent to which the app has been scientifically tested.
However, this item was excluded from all calculations, as no
clinical studies to support the effectiveness and safety of any
of the apps could be found. Thus, empirical studies should be
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conducted for apps to determine their clinical impact on
outcomes for patients diagnosed with hematological conditions
[13].

Recommendations for Health App Development
The number of health apps available and studies reviewing their
quality is steadily growing, which will help health professionals
to recommend apps to patients. This activity acquires even
further relevance, considering the still little control from
regulatory authorities over health app development. We have
observed that the main issues that need to be addressed when
designing health apps are as follows: no participation of health
organizations in app development, questionable sources of
information, and deficient interactivity and personalization
options [35]. Production of medical apps from nonmedical
stakeholders has benefits in terms of creativity in the design of
apps. However, it must be combined with clinician assistance
to boost the credibility of medical information with such apps.
Concerning patients with hematological conditions, registering
analytical information, treatment prescribed, and symptoms is
highly recommendable for apps to help them in their care.

Limitations
First, only apps available in the Android Play Store and Apple
App Store, with contents in English or Spanish and accessed
from a Spanish IP address were included, assuming the

possibility of having missed some other apps dedicated to
hematological conditions. Another limitation could be that app
quality was assessed using the MARS, which is limited by the
subjectivity of the evaluators. Nevertheless, this issue is partially
addressed by the high interrater reliability of the data analyzed
by the 2 independent researchers. We believe that this evaluation
should allow health care professionals and patients to identify
which apps meet minimum standards of quality and safety in
their content.

Conclusions
We provide the first systematic review of apps related to
hematological conditions, identifying 88 apps and rating them
using the MARS. The study shows great heterogeneity among
their quality. Many of these apps emerge as tools for consulting
information, being the most frequent functionality, although
not the highest rated. A very small number of them offer a
comprehensive self-management approach incorporating
evidence-based strategies. Only 26% (23/88) of the apps were
developed with the assistance of health care professionals. The
top 5 rated apps—Multiple Myeloma Manager, Hodgkin
Lymphoma Manager, Focus On Lymphoma, ALL Manager, and
CLL Manager—allowed for active patient participation and app
personalization. Higher scores in quality were observed in iOS
apps, apps developed by health organizations, and payment
apps.
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Abstract

Background: Many people use apps for smoking cessation, and the effectiveness of these apps has been proven in several
studies. However, no study has classified these apps and only few studies have analyzed the characteristics of these apps that
influence their quality.

Objective: The purpose of this study was to analyze the content and the quality of smoking cessation apps by type and identify
the characteristics that affect their overall quality.

Methods: Two app marketplaces (App Store and Google Play) were searched in January 2018, and the search was completed
by May 2020. The search terms used were “stop smoking,” “quit smoking,” and “smoking cessation.” The apps were categorized
into 3 types (combined, multifunctional, and informational). The tailored guideline of Clinical Practice Guideline for Treating
Tobacco Use and Dependence was utilized for evaluating app content (or functions), and the Mobile App Rating Scale (MARS)
was used to evaluate the quality. Chi-square test was performed for the general characteristics, and one-way analysis of variance
was performed for MARS analysis. To identify the general features of the apps that could be associated with the MARS and
content scores, multiple regression analysis was done. All analyses were performed using SAS software (ver. 9.3).

Results: Among 1543 apps, 104 apps met the selection criteria of this study. These 104 apps were categorized as combined
type (n=44), functional type (n=31), or informational type (n=29). A large amount of content specified in the guideline was
included in the apps, most notably in the combined type, followed by the multifunctional and informational type; the MARS
scores followed the same order (3.64, 3.26, and 3.0, respectively). Regression analysis showed that the sector in which the
developer was situated and the feedback channel with the developer had a significant impact on both the content and MARS
scores. In addition, problematic apps such as those made by unknown developers or copied and single-function apps were shown
to have a large market share.

Conclusions: This study is the first to evaluate the content and quality of smoking cessation apps by classification. The combined
type had higher-quality content and functionality than other app types. The app developer type and feedback channel with the
app developer had a significant impact on the overall quality of the apps. In addition, problematic apps and single-function apps
were shown to have a large market share. Our results will contribute to the use and development of better smoking cessation apps
after considering the problems identified in this study.

(JMIR Mhealth Uhealth 2022;10(2):e17268)   doi:10.2196/17268
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Introduction

Smoking is a repetitive addictive behavior [1,2], and
environmental conditions promoting its cessation are important.
A smoke-free environment achieved through antismoking
campaigns and use of assistive devices such as computers and
smartphones throughout the day could be helpful [3-5]. In
particular, smartphones allow continuous monitoring of smoking
and facilitate cessation because users have access to them at all
times. Approximately 8.2 billion mobile cellular telephones,
including smartphone subscriptions, were reported worldwide
in 2020, which exceeds the world’s population [6]. Apps are
the most common features of smartphones. In the first quarter
of 2021, Google Play had 3.48 million apps available for
download and the iPhone App Store had 2.22 million apps [7].
In the first quarter of 2021, the total downloads from App Store
and Google Play app amounted to an estimated 36.6 billion [8].
This illustrates the degree to which smartphone apps are used.
Thus, a firmly established smoking cessation app could have a
major impact.

Smartphone apps have been increasingly used for promoting
behavioral changes and have proved to be effective with regard
to physical activity and noncommunicable diseases. They greatly
influence people’s daily lives, particularly with respect to
goal-based behavioral modifications [9-11]. As the number of
people using a smartphone app to quit smoking has increased,
there has been a concomitant increase in the number of smoking
cessation apps available [12]. In a comprehensive review of
studies evaluating the effects of smoking cessation apps, it was
found that an evidence to determine the effect of the apps was
not enough [13]. However, a few smoking cessation apps have
been proven to be effective. Some studies have found the effects
of individual apps with distinct characteristics. Smokers who
use decision-aid apps are more likely to be continuously
abstinent compared to those using information-only apps at 1
month (relative risk [RR] 1.68, 95% CI 1.25-2.28), 3 months
(RR 2.08, 95% CI 1.38-3.18), and 6 months (RR 2.02, 95% CI
1.08-3.81) [14]. An evidence-based app with customized
functions and information is more effective than a web-based
self-help booklet for smoking cessation [15]. Thus, apps
providing information and various functions are more effective
than apps that provide information only.

Although many studies have evaluated smoking cessation apps
and compared the effects between individual apps with distinct
characteristics, no study has classified all the apps by their
characteristics. The objective of this study was to evaluate the
content and quality of smoking cessation apps by type and
determine which type of apps have better content and quality.
Furthermore, we aimed to identify the app characteristics
associated with the content (or functions) and quality thereof.
To this end, first, we identify the types of smoking cessation
apps. Second, we determine which type of smoking cessation
apps have more accurate content and high quality for continuous
use.

Methods

App Search Strategy
Two app markets (App Store and Google Play), which account
for over 80% of all the available mobile apps, were searched
for this study [16]. English-language apps available to Koreans
were searched by using the terms “stop smoking,” “quit
smoking,” and “smoking cessation,” as done in previous studies
[12,17-19]. The app search was completed by May 2020.

App Selection
We reviewed all the smoking cessation apps that we obtained
with our search terms. We excluded apps that were not
concerned with smoking cessation, not in English, not designed
for smartphones (eg, Tablet and iPad apps), or not showing
proper functionality, as well as those targeting specific groups,
designed for commercial purposes, related to the overall health
behavior and not just smoking cessation, or including only
photos, videos, or games. As the purpose of this study was to
compare apps by function, single-function apps that have only
1 function (eg, counter or hypnosis) were excluded. Apps with
only 2 assistive functions or 1 function plus information were
also excluded from the analysis because the functions of these
apps were very limited similar to single-function apps. The main
function of these apps is “counter (tracker)” and the other
function is very minor (eg, free notes, little information,
unidentified chatting). Since these criteria are not applicable in
many items of evaluation tools, evaluation has no meaning. In
the analysis of content and function, questions for an “advise”
category, an “assess” category, and an “assist category-support
provided” do not apply to single-function apps (eg, personalized
advice, user could indicate lack of readiness to quit, users could
interact with other users for mutual support [app community]).
In the analysis of quality (using Mobile App Rating Scale
[MARS]), some questions of the information quality category
do not apply to single-function apps (eg, Credibility: Does the
app come from a legitimate source? specified in App Store
description or within the app itself). Apps that met our criteria
were included in the final analysis (Multimedia Appendix 1).

App Categorization
The apps were categorized into 3 types at the eligibility
assessment stage by reference to prior studies [14,15]. Those 2
studies compared information-only apps (self-help booklets)
with apps, including both information and specific functions to
motivate the user to stop smoking. The effectiveness of the
information-only apps for quitting smoking was lower than that
of the apps consisting of both information and specific functions.
It is necessary to classify the overall smoking cessation apps as
a feature confirmed in the individual app effect evaluation.
Therefore, in this study, we initially classified apps into 2 types:
information-only apps and apps with functions. The availability
of information has a significant impact on health behavior
changes [11]. The apps with functions were further subdivided
into apps that provided information and apps that did not,
thereby resulting in 3 categories of apps in our study. The 3
categories were formally designated as informational,
multifunctional, and combined type. Informational apps provide
information only similar to an electronic book and have no
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function (eg, counters, alarms, games, community features).
Multifunctional apps have 3 or more assistive functions but
provide little information. Combined apps provide both
information and at least 2 assistive functions.

Critical Appraisal of the Apps (Quality Assessment)
Two evaluation tools were used to assess the apps. A tailored
guideline [20] for use of the 5As (Ask, Advise, Assess, Assist,
and Arrange follow-ups), as recommended in the Clinical
Practice Guideline for Treating Tobacco Use and Dependence
[21], was modified to evaluate the content and functions of the
apps [22]. The MARS was used to evaluate the functional
quality of the apps [23]. The apps were rated by 2 independent
researchers using a standardized rating form. After using each
app for a minimum of 15 minutes, raters evaluated them twice,
that is, once each using a content and function analysis form
and a MARS form. Apps on both markets were analyzed using
both iPhones and Android phones for including all functions.
Each assessment took approximately 40-50 minutes. The
consistency of the assessments was measured according to the
interrater reliability. Discrepancies between content analyses
were resolved by consensus between the 2 raters. This consensus
process was not necessary for the MARS analysis because the
MARS score was the average of the 2 assessments.

Analysis of Content and Function
The revised guideline for evaluating apps [20] from the Clinical
Practice Guide for Treating Tobacco Use and Dependence [21]
was used for content and function analysis. This guideline breaks
down the interventions into 5 major parts: ask, advise, assess,
assist, and arrange follow-ups (the 5As). In this study, in the
“ask” category, the smoking status of the users was confirmed.
In the “advise” category, the raters identified whether or not the
app included advice on quitting smoking. In the “assess”
category, the raters identified whether the app possessed a
function to evaluate the user’s readiness for quitting smoking.
In the “assist” category, the various functions of the apps
designed to help users quit smoking were evaluated. Finally, in
the “arrange follow-ups category,” raters identified whether the
app could track the user’s smoking cessation status. By referring
to the World Health Organization’s “A guide for tobacco users
to quit” [22], we added new content to the “assist” category,
namely, social benefits, health risk of smoking, and confidence
(motivation). The modified guideline for content and function
analysis consisted of 39 questions. Each question used a yes/no
scale; therefore, the total possible score was 39 points. The
interrater reliability between 2 raters was assessed and the kappa
value was 0.75.

Analysis of Quality (Using MARS)
The MARS is a mobile health (mHealth) app quality assessment
tool that provides a multidimensional measure of app quality
according to the following indicators: engagement, functionality,
aesthetics, and information quality. It is a 23-item, expert-based
rating scale that can be used to systematically evaluate the
quality of mHealth apps on a 5-point scale (1=inadequate,
2=poor, 3=acceptable, 4=good, and 5=excellent) [23]. The
engagement category is concerned with factors such as fun,
interest, customizability, interactivity (eg, sending alerts,
messages, reminders and feedback, sharing), and suitability of
material. The functionality category is concerned with technical
functions such as functioning, ease of learning, navigation, flow,
logic, and gestural design. The aesthetics category subsumes
graphic design, visual appeal, color scheme, and stylistic
consistency. Information quality is concerned with whether the
information (eg, text, feedback, measurements, references) is
from a credible source. The interrater reliability between the 2
raters was assessed by the intraclass correlation and had a value
of 0.6 (95% CI 0.4-0.74).

Statistical Analyses
General characteristics were analyzed by the chi-square test.
Each dimension on MARS was analyzed by one-way analysis
of variance The analyses of content score (ie, the score of
content and function analysis) and MARS scores (ie, the score
of MARS analysis) were conducted by app type. To identify
characteristics of apps associated with the MARS and content
scores, multiple regression analysis was performed. The sector
in which the developer was situated, whether they had an
affiliation with health care professionals, the app platform,
payment type, and feedback type represented the characteristics
of interest. All analyses were performed using SAS software
(ver 9.3; SAS Institute).

Results

General Characteristics of the Apps by Type
A total of 1543 apps (App Store, n=701; Google Play, n=842)
were identified via the search terms, of which 940 duplicated
apps were excluded. Thus, 603 apps (App Store, n=305; Google
Play, n=260; both markets, n=38) were preliminarily screened,
and 212 irrelevant apps were excluded. The remaining 391
relevant apps (App Store, n=174; Google Play, n=181; both
markets, n=36) were screened according to selection criteria.
Finally, 104 apps (App Store, n=30; Google Play, n=39; both
markets, n=35) were included in the analysis (Figure 1). Table
1 shows the general characteristics of the apps by type. Of the
104 apps assessed, there were 44 combined apps, 31
multifunctional apps, and 29 informational apps.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e17268 | p.300https://mhealth.jmir.org/2022/2/e17268
(page number not for citation purposes)

Seo et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. Study flow diagram.
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Table 1. General characteristics of the apps by type (N=104).

P valueχ 2 (df)Informational type
(n=29)

Multifunctional type
(n=31)

Combined type
(n=44)

Category, items

.00118.1 (4)Platform, n (%)

15 (52)14 (45)10 (23)Android only

12 (41)6 (19)12 (27)iPhone only

2 (7)11 (36)22 (50)Both

.0714.3 (8)Last updatea, n (%)

0 (0)5 (16)7 (16)<1 month

4 (14)7 (23)8 (18)1-6 months

7 (24)9 (29)13 (30)6-12 months

10 (34)8 (26)14 (32)>12 months

8 (28)2 (7)2 (5)Unknown

.00714.3 (4)17 (59)14 (45)9 (20)Advertisements in the app, n (%)

<.00125.6 (4)Payment type, n (%)

19 (66)16 (52)29 (66)Free

0 (0)10 (32)15 (34)In-app purchase

10 (34)5 (16)0 (0)Prepaid

N/AN/A3910 (8360)2330 (2730)N/AcPrice (prepaid app)b, mean (SD)

<.00157.6 (10)Developer sector, n (%)

1 (3)0 (0)13 (30)Government or university

0 (0)0 (0)4 (9)Government with commercial

4 (14)20 (65)21 (48)Commercial

0 (0)2 (6)0 (0)Nongovernment organization

24 (83)9 (29)6 (14)Unknown

<.00134.7 (2)1 (3)2 (6)25 (57)Affiliation of developer with health care

professionality, n (%)

<.00120.6 (4)Feedback channel with developer, n (%)

2 (7)13 (42)19 (43)Within the app

3 (10)3 (10)11 (25)Contact information of developer provided

24 (83)15 (48)14 (32)Market level only

aUpdated on May 2020.
bUS $1=1100 won; the cost of in-app purchases was calculated as the average cost if prices differed among items.
cN/A: not applicable.

The platform, presence of advertisements in the app, payment
type, developer sector and health professional affiliation status,
and feedback channel with developer showed significant
differences by app type. Regarding differences in platforms, of
the 44 combined apps, 22 (50%) were available in both Google
Play and the App Store. Of the remainder, more were available
in the App Store (12/44, 27%) than in Google Play (10/44, 23%).
Of the 31 multifunctional apps, 11 (36%) were available in both
markets. The remainders were more frequently available in
Google Play (14/31, 45%) than in App Store (6/31, 19%) in
contrast to the combined type. Informational apps were least
frequently available in both markets (2/29, 7%); 15 (52%) of
the 29 informational apps were available in Google Play only,

and 12 (41%) were available in the App Store only.
Advertisements were found in 17 (59%) of the 29 informational
type, 14 (45%) of the 31 multifunctional type, and 9 (20%) of
the 44 combined type. With respect to payment for the apps,
all of the 44 combined apps were initially free, of which 15
(34%) required payment within the app to utilize all functions
(in-app purchase). Regarding the 31 multifunctional apps, 5
(16%) were purchased and 26 (84%) were free. Of the 31 free
multifunctional apps, 10 (32%) had in-app purchase
functionality. Regarding the 29 informational apps, 10 (34%)
were prepaid, and in contrast to the other 2 categories of apps,
none of the free informational apps (19/29, 66%) had in-app
purchase functionality.
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Regarding developer sector, for the combined type, the largest
proportion of the apps was developed within the private sector
(21/44, 48%) followed by government or university
independently (13/44, 30%) and then by collaboration between
the government and a professional app development company
(4/44, 9%). For 6 (14%) of the 44 combined type apps, no
developer was identified. Regarding the 31 multifunctional
apps, the majority were commercially developed (20/31, 65%),
and only 2 (6%) apps were developed by nongovernment
organizations. For nearly a third (9/31, 29%) of the
multifunctional apps, the sector in which they were developed
was not known. For informational apps, only a small proportion
of the developers identified were commercial developers (4/29,
14%) and only 1 app (1/29, 3%) was developed by government.
For the majority of the informational apps (24/29, 83%), the
affiliation of the developer was unknown. Apps developed by
health professionals were most prevalent in the combined type
(25/44, 57% vs 2/31, 6% and 1/29, 3% for the multifunctional
and informational type, respectively).

When we assessed the apps in terms of the feedback channel
with the developer, a significant difference between app types
was seen again. Among the combined type, apps that had an
option to communicate with a developer within the apps were
the most common (19/44, 43%); 14 (32%) did not have the
option and communication was only possible at the market level
(ie, Google Play or App Store) and 11 (25%) included the
developer’s contact information within the apps or as a link.
Among the multifunctional type, the largest proportion (15/31,

48%) of the apps enabled communication with a developer only
at the market level, while 13 (42%) provided the option to
communicate using the apps and 3 (10%) included the
developer’s contact details within the apps or as a link. Among
the informational type, the vast majority of apps enabled
communication with a developer only at the market level (24/29,
83%); only 3 (10%) included the developer’s contact details
within the apps or as a link, and 2 (7%) apps enabled
communication with a developer directly through the apps.

Content and Function of the Apps by Type
Table 2 shows how well the content and functions of the apps
matched the guideline. For all 5As components, the content of
combined apps was the most consistent with the guideline.
Regarding the “ask,” “assist,” and “arrange follow-up”
components, multifunctional apps were more consistent with
the guideline than informational apps. Regarding the “advice”
and “assess” components, informational apps were more
consistent with the guideline than multifunctional apps. All apps
addressed the “assist” component. “Arrange follow-ups” was
offered in some respect by the 44 combined apps (44/44, 100%),
30 multifunctional apps (30/31, 97%), and 10 informational
apps (10/29, 34%); a substantial proportion of the apps asked
smoking status (ask; 44/44, 100%; 30/31, 97%; and 0/29, 0%;
respectively) and offered advices to quit smoking (advice; 38/44,
86%; 11/31, 35%; and 29/29, 100%; respectively), but very few
fulfilled the “assess” component (23/44, 52%; 1/31, 3%; and
18/29, 62%; respectively), that is, readiness to change and
interest in quitting.
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Table 2. Content and functions of the apps by type (N=104).

Informational type

(n=29), n (%)

Multifunctional type

(n=31), n (%)

Combined type

(n=44), n (%)

Function

Ask (app assessed smoking status)

0 (0)30 (97)44 (100)Overall

Current smokers

0 (0)29 (94)41 (93)Number of cigarettes smoked per day

0 (0)3 (10)9 (20)Time until first cigarette of the day

0 (0)2 (6)6 (14)Smoke when sick

0 (0)4 (13)22 (50)Reasons to smoke/quit smoking

Smoking triggers

0 (0)4 (13)21 (48)Time of day-related smoking triggers

0 (0)4 (13)13 (30)Other smoking triggers

Advise (app advised the user to quit smoking)

Overall

29 (100)11 (35)38 (86)General advice

0 (0)2 (6)8 (18)Personalized advice (using user-provided info)

Assess (app assessed the user’s readiness to quit)

18 (62)1 (3)23 (52)Overall

0 (0)1 (3)14 (32)User could indicate lack of readiness to quit

18 (62)1 (3)23 (52)Barriers to quitting were addresseda

Assist (app assisted the user with the quit attempt)

29 (100)31 (100)44 (100)Overall

Setting a quit date

0 (0)24 (77)41 (93)Users were asked to pick a quit date

7 (24)30 (97)44 (100)Users received support for their quit attempt

0 (0)1 (3)4 (9)Users received feedback on their quit attemptb

Reward

0 (0)23 (74)40 (91)Reminders about money saved since quitting

10 (34)22 (71)19 (43)Reminders about health benefits accrued

5 (17)4 (13)13 (30)Information about social benefitsb

Risk

9 (31)7 (23)27 (61)Information about health risks of smokingb

Support provided

10 (34)29 (94)43 (98)Distraction from urges, reminders about number of cigarettes not
smoked since quitting

0 (0)12 (39)12 (27)Users could interact with other users for mutual support (app com-

munity)a

0 (0)2 (6)2 (5)Web communityb

3 (10)3 (10)18 (41)Referral to Quitline or other support groups

0 (0)18 (58)24 (55)Recorded personalized message to be played back later

0 (0)13 (42)19 (43)Reminders of their motivations during difficult times

0 (0)4 (13)17 (39)Motivation alarmb
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Informational type

(n=29), n (%)

Multifunctional type

(n=31), n (%)

Combined type

(n=44), n (%)

Function

0 (0)3 (10)4 (9)Personalized motivation alarmb

10 (34)8 (26)20 (45)Encouragement (to improve self-confidence, helpful quotes)b

Information provided

13 (45)0 (0)4 (9)Information on self-confidenceb

29 (100)1 (3)42 (95)Information on counseling, treatment, meds, Quitline, etc

2 (7)1 (3)19 (43)Links to resources

Arrange follow-ups (app followed up with the user regarding the quit attempt)

10 (34)30 (97)44 (100)Overall

0 (0)17 (55)30 (68)Checked-in prior to quit attempt

2 (7)20 (65)44 (100)Checked-in after quit attempt

1 (3)27 (87)34 (77)If relapsed, encouraged user to set a new quit date

0 (0)7 (23)19 (43)If relapsed, possible to add smoking numbera

0 (0)1 (3)7 (16)If relapsed, offered encouragement that quitting takes practice

8 (28)1 (3)9 (20)Information provided about relapseb

aModification of the original tool.
bNew additions to the original tool.

The “ask” component could not be addressed by the
informational type, which provides information only and has
no specific function. In terms of the questions for the current
smokers, most apps in the other two types asked about the
number of cigarettes smoked per day (41/44, 93% of combined
apps; 29/31, 94% of multifunctional apps), but very few apps
in those types asked about smoking when sick (6/44, 14% and
2/31, 6%, respectively). Few multifunctional apps asked about
the smoking triggers (4/31, 13%). The advice provided by the
apps was largely generic and very rarely personalized (8/44,
18% of combined apps; 2/31, 6% of multifunctional apps; and
none of the informational apps). Barriers to readiness to quit
was assessed or explained in nearly a half of the combined apps
(23/44, 52%), 18 (62%) of the 29 informational apps, and 1
(3%) of the 31 multifunctional apps. However, there were almost
no apps in which users could indicate their barriers on their
own, except for the combined apps (combined apps 14/44, 32%;
multifunctional apps 1/31, 3%; and informational apps 0).

Among the combined apps, the “assist” content was typically
in the form of basic support regarding quit attempts (44/44,
100%; at least one function facilitating smoking cessation),
reminders about the number of cigarettes not smoked or days
of not smoking (43/44, 98%), asking the user to pick a quit date
(41/44, 93%), and basic information on smoking cessation
(42/44, 95%; eg, electronic books providing facts about
smoking). Assist-related functions that could exploit smartphone
technology to provide personalized content such as a
personalized motivation alarm (4/44, 9%), tailored feedback on
quit attempts (4/44, 9%), or information promoting
self-confidence (4/44, 9%) were rarely utilized. Among the
multifunctional apps, the “assist” content commonly consisted
of basic support regarding quit attempts (30/31, 97%) and
reminders about the number of cigarettes not smoked or days

of not smoking (29/31, 94%). Similar to the combined apps,
personalized feedback on quit attempts (1/31, 3%) and a
personalized motivation alarm (3/31, 10%) were rarely utilized.
Additionally, few apps provided information on basic smoking
cessation information (1/31, 3%) and links to resources (1/31,
3%).

Among informational apps, basic information was provided by
29 (100%) of the apps, and 10 (34%) included general
information about self-confidence, the health benefits of
cessation, and the number of cigarettes smoked or days of not
smoking. Less than 5 (17%) of the 29 informational apps
provided information about social benefits, support regarding
the user’s quit attempt or Quitline or other support groups, or
links to resources.

The “arranging follow-up” component, which only apps can
offer, typically consist of a “check-in” prior to a quit attempt
(30/44, 68% of combined apps; 17/31, 55% of multifunctional
apps), check-in after a quit attempt (44/44, 100% and 20/31,
65%, respectively), and if relapsed, encouragement to set a new
quit date (34/44, 77% and 27/31, 87%, respectively). Few apps
provide support regarding relapse in the form of a reminder that
quitting takes practice (7/44, 16% and 1/31, 3%, respectively).
Informational apps hardly arranged follow-ups.

Quality (MARS Score) of the Apps by Type
Table 3 shows the mean MARS scores by app type. The mean
MARS scores of the combined, multifunctional, and
informational apps were comparable at 3.64, 3.26 and 3.0,
respectively. The mean scores on the 4 MARS dimensions were
calculated. The functionality dimension scores were the highest
among the subscores (3.97, 3.83, and 3.86 for combined,
multifunctional, and informational type, respectively) and scores
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on the engagement dimension were the lowest (3.52, 3.1, and
2.23 for combined, multifunctional, and informational type,
respectively). Information quality score was the lowest in the
multifunctional type (3.04). For the combined and
multifunctional type, the mean scores on all dimensions were

3 or higher, whereas they were less than 3 for the informational
type, except in functionality. The difference in all the dimension
scores by type was statistically significant except the
functionality score.

Table 3. Quality of the apps by type (N=104).

P valueF test (df)Informational type
(n=29), mean (SD)

Multifunctional type
(n=31), mean (SD)

Combined type
(n=44), mean (SD)

Mobile App Rating Scale

component scores

<.00129.21 (2)3.0 (0.32)3.26 (0.48)3.64 (0.38)Total score

<.00168.65 (2)2.23 (0.39)3.1 (0.57)3.52 (0.57)Engagement

.361.04 (2)3.86 (0.42)3.83 (0.58)3.97 (0.53)Functionality

<.00110.37 (2)2.97 (0.52)3.08 (0.78)3.60 (0.69)Aesthetics

<.00115.52 (2)2.93 (0.38)3.04 (0.47)3.53 (0.56)Information quality

App Features Affecting Quality (MARS Score) or
Content and Function (Content Score)
Table 4 shows the results of a multivariate analysis of app
features, MARS scores, and content scores. Feedback channel
with developer and developer sector had a significant impact
on both scores. Both MARS and content scores were higher
when feedback with a developer was possible within the app
compared to that when feedback was only available at the app

market level. The MARS score was higher for apps developed
as a collaboration between government and commercial
institutions compared to that when the developer was unknown.
The content score was higher for apps developed by government
or a university or commercial institution compared to that when
the developer was unknown. Platform type was found to have
a significant impact on MARS score, with iPhone apps having
higher MARS scores than Android apps.
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Table 4. Multiple regression analysis of quality (Mobile App Rating Scale score) or content and function (content score) (N=104).

Content scoreMobile App Rating Scale scoreCategory, items

P valueSEβP valueSEβ

<.0010.959.22<.0010.072.91Intercept

Developer sector

.012.676.98.420.21.17Government

.012.607.14.170.20.28University

.112.994.87.030.23.52Government with commercial

.463.612.69.270.28.31Nongovernmental organization

<.0011.173.50.180.09.12Commercial

RefRefRefRefRefRefaUnknown

.091.662.82.380.13.11Affiliation of developer with health care professionals

RefRefRefRefRefRefAffiliation of developer with non–health care professionals

Platform

.331.411.40.130.11.17Both

.881.40–.20.020.11.26iPhone

RefRefRefRefRefRefAndroid

Payment type

.871.62–.26.360.13–.12Prepaid

.301.341.40.040.10.21In-app purchase

RefRefRefRefRefRefFree

Feedback channel with developer

<.0011.243.96<.0010.10.35Within the app

.231.672.01.190.13.17Contact information of developer provided

RefRefRefRefRefRefMarket level only

aRef: reference value.

Discussion

Main Results
This study classified existing smoking cessation apps into 3
types and then evaluated their content (or functions) and quality.
The characteristics associated with content and MARS scores
were also analyzed. Combined type apps had the highest content
and MARS scores among the 3 app types. Multifunctional type
apps had higher MARS scores than informational type apps.
Content and function analysis showed that multifunctional apps
better represented the function-related components of “ask,
assist, and arrange follow-ups” than did informational apps. On
the contrary, informational apps better represented the
information-related components of “advise and assess” than did
multifunctional apps. Some previous studies that analyzed the
content of smoking cessation apps by using the 5As guideline
reported that very few apps actually conformed to the guideline
[12,17,18]. In one such study, the percentage of apps consistent
with the (modified) 5As guideline did not exceed 50% except
for the “assist” dimension [20]. In a study analyzing smoking
cessation apps using MARS, a mean MARS score of 2.88 was
reported [24]. The apps analyzed in our study better adhered to
the 5As guideline and had higher MARS scores than those

reported in previous studies [12,17,18,20,23], possibly because
the functions of the apps may have been improved in the interim.
Other studies used clinical guidelines to analyze app content
[12,17,18]; therefore, guideline adherence may have been lower
than that when using guidelines specifically designed for apps
[20]. It has been shown that decision-aid apps with multiple
functions such as motivational messages, a quit diary, and a
quitting benefits tracker but including scant information on
quitting strategies are more effective for smoking cessation than
information-only apps [14]. Another study found that
evidence-based apps with customized functions and information
were more effective than a self-help booklet [15]. Our results
support these studies where the combined apps, which are
similar to decision-aid apps and evidence-based apps, had higher
scores than informational apps.

Mobile-based interventions have advantages over standard
interventions for smoking cessation [25]. One such advantage
of smartphone apps is the potential to deliver a user-centered
interactive intervention. Combined apps are considered able to
better exploit this advantage, and the content scores and MARS
scores of this type of apps support that view. Multifunctional
apps are somewhat in line with this. In this study, the combined
type had the best general characteristics followed by the
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multifunctional and informational type. Combined apps were
more likely to be developed by trusted institutions (government
or universities) or health professionals and to not include
advertisements and be available for free, followed by
multifunctional and informational apps.

Regression analysis showed that the sector in which a developer
is situated and the feedback channel with developers are
important. Our findings suggest that governments or universities
should ideally be the creators of smoking cessation apps. Most
of the apps produced by governments and universities were of
the combined type, which had high content and MARS scores.
In a previous study [24], 3 of 6 apps that received high scores
were developed by the government; the other 3 were produced
by research institutions. In detail, the regression analysis showed
that government- or university- or commercial
institution–developed app content scores were high. The MARS
scores were high for apps developed collaboratively by
government and commercial institutions. Although not described
in the results, 4 apps created via such collaborations had a mean
MARS score of 3.96, which is above the average score of
combined type apps (3.64). Apps developed collaboratively by
government and commercial institutions benefit from the reliable
information provided by the former and the technical expertise
of the latter.

In this study, apps providing an option for feedback with a
developer had higher content and MARS scores. Further, users
themselves provide more feedback when they are able to do so
directly within the app, where such feedback can help improve
app content and MARS scores. Although the content and MARS
scores do not necessarily indicate smoking cessation efficacy,
the interaction between users and developers is beneficial when
creating a smoking cessation app or other mHealth apps;
therefore, a feedback function should be included.

Secondary Features Offered to Users
Informational apps had generally low content scores because
they provide only information and have no functions. The low
MARS scores of informational apps may have been influenced
by the high proportion of unknown developers for these apps
(24/29, 83%); informational apps can be created easily by almost
anyone. It is easy to obtain general information pertaining to
smoking cessation from the internet, and nameless developers
have no responsibility to maintain or improve their apps.
Although there were more than 49 apps of informational type
in the finally selected apps, more than 20 apps were excluded
from the final analysis. App instability [24] can be an
issue—also due to an absence of management by unknown
developers. The biggest problem with respect to informational
apps was that they were mostly copies of other apps. Ten
informational type apps included in the final analysis were
copied apps that had different developers.

The large market share of counter and hypnosis apps is also
problematic. Counter apps estimate the money saved by smoking
cessation or the number of cigarettes not smoked. Hypnosis
apps promote smoking cessation through video- or audio-based
hypnosis. Of the 394 apps downloaded after the screening phase,
157 were counter apps (40%). Since hypnosis apps were
excluded at the screening phase, the exact number of such apps

was not counted, but they also appeared to have a large market
share. In fact, when searching for apps using the term “quit
smoking,” 11 apps (6 counter and 5 hypnosis type) in Google
Play and 6 apps (5 counter and 1 hypnosis type) in the App
Store were noted among the top 20 apps in each market.
Single-function apps might be useful for users whose digital
literacy might be limited or who are prescribed the apps by a
health care provider for a specific purpose. However, their
function is quite insufficient for the general public. A 2011
study reported low content scores for single-function apps
(counter and hypnosis apps) [17]. The result of a Cochrane
review showed that the effectiveness of hypnosis for smoking
cessation is not clear [26]. Further, it has been found that the
transference relationship between the therapist and patient
influences the smoking cessation efficacy of hypnosis, but it is
difficult to build such a relationship through an app [26]. In a
recent study, the effect of a meditation app for quitting smoking
was not revealed [27]. If problematic apps (made by an unknown
developer or copied) and single-function apps have a large
market share, users may find it difficult to access better apps.
In this study, we were able to identify the problematic apps as
above through the process of the app exclusion.

Limitations
First, owing to app volatility, many apps were suspended during
the analysis. High-quality apps should be maintained through
collaboration between government and commercial institutions.
Second, as the purpose of this study was to compare apps by
function, single-function apps, which have only 1 function (eg,
counter or hypnosis), were excluded. Since those are not
applicable in many items of evaluation tools, evaluation has no
meaning. In future research, it will be possible to analyze and
evaluate only these apps. Lastly, although we identified apps
with high MARS scores and with a large amount of content as
recommended by the Clinical Practice Guideline for Treating
Tobacco Use and Dependence, we cannot definitively conclude
that these apps would be effective with respect to smoking
cessation. Further studies should be conducted to confirm the
smoking cessation efficacy of different classes of apps.

Conclusions
This study can be a guide for users and developers of smoking
cessation apps. This is the first study to evaluate the content
and quality of smoking cessation apps by classification. The
combined type had higher-quality content and functionality than
the multifunctional type and the informational type. However,
the other two types also had their own advantages. The
classification of the apps can help users choose the appropriate
type of smoking cessation app for their needs. The identification
of characteristics that affected the app scores in this study may
help in the development of a smoking cessation app
(development collaboration between health professionals,
academic researchers and industry, inclusion of a
communication option with a developer within the app, etc).
Additionally, we identified that problematic apps such as those
made by unknown developers or copied and single-function
apps had a large market share. This could promote discussion
on the possible regulation of problematic apps. Public
health–related apps should be more rigorously examined before

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e17268 | p.308https://mhealth.jmir.org/2022/2/e17268
(page number not for citation purposes)

Seo et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


being released to the market. In summary, our results will
contribute to the use and development of better smoking

cessation apps.
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Abstract

Background: Hypertension is a long-term medical condition. Mobile health (mHealth) services can help out-of-hospital patients
to self-manage. However, not all management is effective, possibly because the behavior mechanism and behavior preferences
of patients with various characteristics in hypertension management were unclear.

Objective: The purpose of this study was to (1) explore patient multibehavior engagement trails in the pathway-based hypertension
self-management, (2) discover patient behavior preference patterns, and (3) identify the characteristics of patients with different
behavior preferences.

Methods: This study included 863 hypertensive patients who generated 295,855 use records in the mHealth app from December
28, 2016, to July 2, 2020. Markov chain was used to infer the patient multibehavior engagement trails, which contained the type,
quantity, time spent, sequence, and transition probability value (TP value) of patient behavior. K-means algorithm was used to
group patients by the normalized behavior preference features: the number of behavioral states that a patient performed in each
trail. The pages in the app represented the behavior states. Chi-square tests, Z-test, analyses of variance, and Bonferroni multiple
comparisons were conducted to characterize the patient behavior preference patterns.

Results: Markov chain analysis revealed 3 types of behavior transition (1-way transition, cycle transition, and self-transition)
and 4 trails of patient multibehavior engagement. In perform task trail (PT-T), patients preferred to start self-management from
the states of task blood pressure (BP), task drug, and task weight (TP value 0.29, 0.18, and 0.20, respectively), and spent more
time on the task food state (35.87 s). Some patients entered the states of task BP and task drug (TP value 0.20, 0.25) from the
reminder item state. In the result-oriented trail (RO-T), patients spent more energy on the ranking state (19.66 s) compared to the
health report state (13.25 s). In the knowledge learning trail (KL-T), there was a high probability of cycle transition (TP value
0.47, 0.31) between the states of knowledge list and knowledge content. In the support acquisition trail (SA-T), there was a high
probability of self-transition in the questionnaire (TP value 0.29) state. Cluster analysis discovered 3 patient behavior preference

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e33189 | p.311https://mhealth.jmir.org/2022/2/e33189
(page number not for citation purposes)

Wu et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mailto:zju.dengning@gmail.com
http://www.w3.org/Style/XSL
http://www.renderx.com/


patterns: PT-T cluster, PT-T and KL-T cluster, and PT-T and SA-T cluster. There were statistically significant associations
between the behavior preference pattern and gender, education level, and BP.

Conclusions: This study identified the dynamic, longitudinal, and multidimensional characteristics of patient behavior. Patients
preferred to focus on BP, medications, and weight conditions and paid attention to BP and medications using reminders. The diet
management and questionnaires were complicated and difficult to implement and record. Competitive methods such as ranking
were more likely to attract patients to pay attention to their own self-management states. Female patients with lower education
level and poorly controlled BP were more likely to be highly involved in hypertension health education.

(JMIR Mhealth Uhealth 2022;10(2):e33189)   doi:10.2196/33189
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hypertension; mobile health; patient behavior; engagement; data analysis

Introduction

Background
Hypertension is a serious medical condition that affects
health-related quality of life and increases the risks to the heart,
brain, kidney, etc [1]. Controlling hypertension requires patients
to achieve management goals by insistently adhering to
long-term self-management plans, including regularly checking
blood pressure (BP), taking medication, being physically active
on a regular basis, eating more fruit and vegetables, and reducing
alcohol consumption, etc. These plans should be established
based on hypertension management guidelines and guidance
from health care providers [2].

The development of mobile technology has promoted the
implementation of out-of-hospital mobile health (mHealth)
services [3-6]. Extensive evidence supports the effect of mHealth
services in disease control [4,5,7-11], including promoting
patient engagement in health care services and helping patients
develop positive behavior in their daily self-management
[12-16]. In comparison with transitional hypertension
management methods, mHealth services can effectively improve
patient engagement in hypertension self-management [17,18].
Cechetti et al [19] designed an mHealth app with a gamification
method for hypertension management, which can effectively
promote patient engagement in their self-management. However,
while recent studies have demonstrated the effectiveness of
some mHealth services, others have performed poorly [12-15].
There have been mixed results for using mHealth services to
support patient self-management of hypertension in the
community [20,21]. Thus, hypertension mHealth services pose
new design challenges in management strategies, partly because
the mechanism by which patients engage in their
self-management is not clear.

Patient engagement is a broad concept that combines patient
activation with interventions of health care services designed
to increase activation and promote positive patient behavior
[22]. Positive self-management behavior of patients engaging
in mHealth services is essential for bringing an improvement
in health outcomes [12,17,18,23-26]. Goyal et al [27] found a
significant relationship between an increased number of daily
blood glucose readings and improved glycated hemoglobin.
Toto-Ramos et al [28] found that hypertensive patients with
sustained engagement in mHealth services experienced
significant reduction in BP. Thus, understanding

self-management behavior of real-world patients in their daily
lives can help to reveal patient behavior in natural settings.
Compared to attracting patients from clinical trials who are
more likely to overcome the burden associated with research
work [29], this provides deeper insight into real patient
self-management behaviors.

Hypertension management requires long-term efforts, and
patient behavior in hypertension management is dynamic and
continuous [30,31]. Understanding the longitudinal
characteristics of patients engaged in self-management is
important for long-term successful management. Moreover,
there are many different dimensions of behavior with patients
who engage in mHealth services [12,30,32,33], such as
measuring, viewing, and recording, which are associated with
individual inherent preferences and habits of patients [34-36].
Patient engagement behavior has been measured as amount,
duration, breadth, and depth of using mHealth services [12].
Rahman et al [37] measured patient engagement by 3 key use
features: duration and frequency of using the mHealth app plus
the number of use records. Sanatkar et al [33] measured 5 use
features of patient engagement: number of user log-ins, number
of daily trackers used, numbers of learning activities started and
completed, and number of reminders received. However, the
multidimensional and dynamic behavioral processes that change
over time cannot be captured simply by analyzing count data
captured at 1 time point in the cross-sectional data analysis.
Longitudinal change in patient multibehavior can be identified
through analyzing the time series data. More comprehensive
understanding of the multiple self-management behavior and
individual behavior preferences of patients engaging in mHealth
self-management over a long period requires further research.
Data mining techniques have been successfully adopted in the
analysis of longitudinal events, such as human behavior
navigation [26,38-40], information search behavior [41],
phase-type distribution in the health care industry [42], and
lifetime health care costs [43]. These would allow us to infer
the characteristics of patient behavior throughout the entire
period of self-management.

Objective
The aim of this study was to explore the trails of patient
multibehavior engagement in the pathway-based mHealth
hypertension self-management and identify the characteristics
of patients with different behavior preferences. This included
3 objectives. The first objective was to discover the trails of
patient multibehavior engagement. The second objective was
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to explore patient behavior preference patterns. The third
objective was to identify the association between behavior
preference patterns and the demographic and physiological
characteristics. Identifying the multidimension and longitudinal
characteristics of patient behavior within the mHealth
hypertension management offers new opportunities for
personalizing management goals and plans to reduce
nonadherence and enhance possible effectiveness.

Methods

Description of the mHealth Hypertension Management
App
We used data from the Blood Pressure Assistant, a
pathway-based hypertension self-management app in the Digital
Care Study for Hypertension Management [44]. The app was
designed in accordance with a customized care pathway in

compliance with the Chinese guideline for hypertension
management [45] and was available for patients in the General
Hospital of Ningxia Medical University. The care pathway
involves 2 roles in hypertension management: health care
providers and patients. The care pathway defines 3 goals for
patients—improve self-management ability, enhance
self-management motivation, and receive self-management
support (see Figure 1)—and comprises 9 modules and 28
behavioral states (see Multimedia Appendix 1 for the detailed
behavioral states). The 9 modules generate intervention plans
and patient self-management plans. The term of state comes
from the Markov decision process, a mathematical model of
sequential decision. The behavioral state is a description of the
patient’s behavior in a hypertension self-management
environment or scene and is expressed by pages in the mHealth
app. In this paper, we chose to use state to represent the patient
behavior.

Figure 1. Components of pathway-based mHealth hypertension self-management. BP: blood pressure.

In this care pathway, patient actions on different pages of the
app reflect specific patient behaviors. The behavioral states are
represented by different pages in the app. Through the app, each
patient registers and enters basic demographic information, after
which the patient is assigned to a health care provider who
enrolls patients they manage into the mHealth hypertension
management program at an online community [45]. The health
care provider is responsible for formulating a tailored
management plan, reviewing patients’ uploaded data, and
conducting follow-up. Patients can use the app to seek help
from health care providers, check their management plans, and
record self-management data including BP monitoring,

medication, physical activity, and diet. These patient behaviors
are represented on the appointment, main, task BP, task drug,
and other pages of this mHealth app. Health care providers can
track current BP readings of patients through a web-based
platform to adjust management plans and use mobile phones
for patient follow-ups to assist in BP control.

Data Collection

Ethics
Ethical approval was granted by the ethics committee for
conducting human research at the General Hospital of Ningxia
Medical University (NXMU-GH-2017-273). All patients in this
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study signed the informed consent forms for their anonymized
data to be used in routine evaluations to monitor and improve
health care services.

Sample
Since this app was launched in December 2015, 1159 patients
have used it to self-manage their BP. We selected patients based
on the following inclusion criteria: aged 18 to 80 years,
diagnosed with hypertension, performed self-management
between December 28, 2016, and July 2, 2020 (the main
functions of the app were consistent during this period, ensuring
patient behavior was not affected by the changes in app
functions).

Data Extraction
All data were stored and extracted from the server of the Blood
Pressure Assistant, which contains the self-management plans,
demographic information, uploaded self-management data from
patients, and follow-up records of health care providers. We
extracted 3 types of data from the database: demographics,
physiological records, and patient use records. Demographics
included patient identification, data of birth, gender (male or
female), and education level (below high school, high school,
university and above). Physiological records included patient
identification, systolic blood pressure (SBP), diastolic blood
pressure (DBP), heart rate (HR), and uploaded date (year, month,
day, minute, and second). Patient use records included patient
identification, page name, time page is entered and exited, and
stay time. These data help determine longitudinal and
multidimensional behavioral characteristics of hypertensive
patients and characteristics of patients with different behavior
preferences.

Data Analysis

Identifying Patient Multibehavior Engagement Trails
Patient multibehavior engagement trails were indicated by the
type, quantity, time spent, sequence, and transition probability
value (TP value) of patient behavioral states (see Figure 2). The

time spent and sequence were calculated from the time pages
were entered and exited.

The data of patient use behavior were analyzed through
first-order Markov chain analysis, a method to model stochastic
processes, which is suitable for analyzing user interaction with
mHealth apps [46,47]. In the mHealth field, interaction between
users and apps is determined through a process of connecting
multiple continuous actions together. In the case of this study,
we assumed that a next state depends only on the current state
and not on the history of previous states. Thus, we used the
first-order Markov chain called a memoryless model, containing
the state space S , action, session, and transition matrix P. The
discrete state space S was defined by the n different behavioral
states (represented by different pages in the app): S={s1,...,sn}.
A start state s0 and an exit state sn+1 were created when the
patient started and left the app. The action was defined by the
transition from one behavioral state to another (si→sj). The
session was discriminated by the time interval between 2
consecutive states greater than 600 seconds (si–sj>600 s). The
transition matrix P contained each element on row i and column
j (pi,j) and indicated the transition probability that a patient
moves from state si to state sj. The transition probability pi,j was
defined as

where Ni,j was the number of transitions si→sj. The quantity
and time spent of the behavioral state are represented by the
width and length of the rectangle (see Figure 2).

The transition matrix P was displayed by a heat map, which
allowed us to understand the characteristics of patient
multibehavior transition. Analysis was carried out using Python
(version 3.8, Python Software Foundation). The 1% relative
quantity of states and the 0.15 transition probability were used
as cutoff values to improve readability. We then combined
quantity, time, transition probability, and the pathway to plot
the main trails of patient multibehavior engagement.

Figure 2. Example of patient multibehavior engagement trail represented by first-order Markov chain. BP: blood pressure.

Cluster Analysis of Patients With Different Behavior
Preferences
Cluster analysis was conducted to group patients according to
patient behavior preference features: the number of behavioral
states that a patient performed in each trail. First, we normalized
the behavior preference features of each patient. The sum of
behavior preference features of each patient for different

behavior trails was 1. A K-means algorithm was then used to
cluster patients through these normalized patient behavior
preference features. Euclidean distance was used to calculate
the similarity of features between patients. Finally, we used a
silhouette score to determine the optimal number of clusters.
Higher silhouette scores indicate tighter clusters, where each
cluster is completely separate from the others.
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Characterizing the Clusters
An optimal clustering result was reached based on the silhouette
score of different numbers of clusters. For each cluster, we
analyzed the demographic features (age, gender, and education
level), and physiological features (mean BP [SBP and DBP]
and mean HR). Statistical analysis was conducted in SPSS
(version 24, IBM Corp). A chi-square test was performed to
evaluate the statistical significance of associations between the
clusters and discrete variables (gender and education level). A
z-test was used to conduct pairwise comparisons of the
differences among the proportion of discrete variables between
the clusters. Analyses of variance (ANOVAs) were used to
evaluate the statistical significance of associations between the
clusters and continuous variable (age, BP, and HR). Bonferroni
multiple comparisons were further conducted to examine the
differences between the clusters. The cutting value (P≤.05) was
used to determine whether the difference was statistically
significant.

Results

Patient Multibehavior Engagement Trails

Quantity and Time Characteristics of Each Behavioral
State
We restricted analysis to the remaining 863 patients, with
295,855 records from the app. Tables 1 and 2 depict the quantity
and time spent in each behavioral state. It was clear that the
main state (125,487 [42.42%]; 1,745,286 s [13.91 s]) was visited
most in quantity and total time spent; it was the default starting
page for a session. The relative number of 14 states exceeded
1%, and the mean time spent of 12 states exceeded 20 seconds.
In 5 self-management tasks, the state of task BP (48,935
[16.54%]; 1,253,924 s [25.62 s]) was visited more, and the total
time spent was also longer. The mean time spent on task food
(149,164 s [35.87 s]) state was more than other self-management
tasks. The states of ranking (7856 [2.66%]) and knowledge
content (7330 [2.48%]) had relatively high quantities of visits.
The states of knowledge content (615,430 s [83.96 s]) and show
appointment (261,371 s [162.75 s]) had relatively long mean
time spent. In 9 modules, the mean time spent in management
plans (contained 5 self-management task parts: 230.21 s) was
longer than health education (contained 4 knowledge parts:
124.06 s) and appointment (contained 2 appointment parts:
168.72 s).
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Table 1. Quantity of each behavioral state.

Quantity, n (%)Behavioral statea

125,487 (42.42)Main

48,935 (16.54)Task blood pressure

33,560 (11.34)Task weight

26,509 (8.96)Task drug

7856 (2.66)Ranking

7330 (2.48)Knowledge content

6070 (2.05)Blood pressure history

4871 (1.65)Knowledge list

4159 (1.41)Task food

4128 (1.40)Questionnaire

4055 (1.37)Health report

3287 (1.11)Reminder item

3209 (1.08)Appointment

3150 (1.06)Weight history

2434 (0.82)Reminder

2286 (0.77)Drug history

1606 (0.54)Show appointment

1345 (0.45)Task uncomfortable

1267 (0.43)Person information

1144 (0.39)Monthly report

1065 (0.36)Knowledge collect

742 (0.25)Knowledge list by tag

721 (0.24)Blood pressure guidance

207 (0.07)Setting

174 (0.06)Food history

125 (0.04)Account

113 (0.04)Log-in

20 (0.01)Register

aDescending by quantity (relative) of behavioral states.
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Table 2. Time spent in each behavioral state.

Time spent (mean), sTime spent (total), sBehavioral statea

162.75261,371Show appointment

83.96615,430Knowledge content

35.87149,164Task food

34.6139,590Monthly report

31.95639Register

30.52185,240Blood pressure history

27.4219,772Blood pressure guidance

25.621,253,924Task blood pressure

22.782575Log-in

22.64600,104Task drug

22.24746,268Task weight

20.73100,995Knowledge list

19.66154,468Ranking

19.493391Food history

17.4523,474Task uncomfortable

16.882110Account

16.5852,218Weight history

15.9752,493Reminder item

13.911,745,286Main

13.6510,129Knowledge list by tag

13.2553,730Health report

12.3828,309Drug history

7.6531,579Questionnaire

7.001451Setting

6.147779Person information

5.9719,157Appointment

5.726094Knowledge collect

3.468426Reminder

aDescending by time spent (mean) of behavioral states.

Patient’s Behavior Transition Matrix
The heatmap was used to demonstrate the transition matrix of
the Markov chain (see Figure 3). The various shades of color
represent the probability of transition from one behavioral state
to another, and the transparent color indicate that these 2
behavioral states cannot be transitioned. Horizontal and vertical
coordinates indicate behavioral states. The rows summed up to

1. In most cases, the session started from the main state (0.91),
and the transition probability from other behavioral states to
the main state was also high, which was intended by design.
When patients were in the main state, the states of task BP
(0.29), task drug (0.18), and task weight (0.20) were the most
visited among all behavioral states. Patients had a high
probability if exiting the app from the following states: task
drug (0.34), ranking (0.44), and log-in (0.55).
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Figure 3. Transition matrix of patient multibehavior engagement. Probability of transitioning from behavioral state A[row] to B[column]. BP: blood
pressure.

We found that the 1-way transition (si→sj) from one behavioral
state to another had a high probability in the following states:
from BP guidance (0.96) or BP history (0.90) to task BP, from
drug history to task drug (0.95), from food history to task food
(0.99), from weight history to task weight (0.95), from reminder
item to task BP (0.20) or task drug (0.25), from knowledge list
by tag to knowledge content (0.98), and from account to person
information (0.95). The cycle-transitions (si⇔sj) between the
2 behavioral states had a high probability in the following states:
between reminder and reminder item (0.58, 0.43), between
health report and monthly report (0.26, 0.92), between
knowledge content and knowledge list (0.31, 0.47), between
appointment and show appointment (0.41, 0.73), between person
information and setting (0.16, 1.00), and between log-in and

register (0.17, 0.65). We found that the self-transition (si si)

in a behavioral state was very common, and a high self-transition
can be seen in the questionnaire state (0.29).

Four Types of Patient Multibehavior Engagement Trails
There were 28 different types of behavior states and 283 possible
behavior transitions in the original design in mHealth
hypertension management app. The trails of patient
multibehavior engagement in the pathway-based hypertension
self-management were visualized by the main transitions
between the different behavioral states (see Figure 4). The main
trails of patient behavior included the type, quantity, time spent,
sequence, and TP value. The size of a node indicated the
quantity and time spent of behavioral states; a node or line of
the same or similar color indicated a trail. Visual inspection of
the transition between different behavioral states in mHealth
hypertension self-management revealed several types of trails
with different behavioral characteristics.
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Figure 4. Four types of patient multibehavior engagement trails. BP: blood pressure.

A first trail type can be labeled as a perform task trail (PT-T;
green and dark green lines). After launching the app, patients
go from the main state to the self-management task states to
conduct management plans. Among the 5 self-management
tasks, patients were more likely to transfer to the states of task
BP, task drug, and task weight (TP value 0.29, 0.18, 0.20) than
the states of task food, and task uncomfortable (TP value 0.03,
0.01). Moreover, some patients entered the states of task BP
and task drug (TP value 0.20, 0.25) from the reminder item
state, which happened when patients needed the app to remind
themselves to measure BP and take medication on time. Patients
also checked their BP history and weight history when they
conduct the self-management tasks. After finishing the
self-management tasks, there was a high probability that patients
would return to the main state. The mean time spent was longer
in the task food (35.87 s) state than that in the states of task BP,

task drug, and task weight, and patients spent more time
checking BP history (30.52 s) than weight history (16.58 s).

Second, a result-oriented trail (RO-T) can be distinguished
(yellow and orange lines). Patients had a high probability in the
states of health report and ranking in this trail, and the purpose
was to check their self-management outcomes and their ranking
among all hypertensive patients. The mean time spent in the
ranking (19.66 s) state was longer than the health report (13.25
s) state, which showed that when competing with other patients,
patients were more willing to spend time to understand the
results of self-management. Eventually, this trail usually
returned to the main state.

The third trail type was labeled a knowledge learning trail
(KL-T; blue lines). In this trail, patients preferred to read the
health education content. In addition, there was a high
probability of cycle transition (TP value 0.47, 0.31) between
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the knowledge list state and the knowledge content state. This
situation occurred when patients switched to a new piece of
knowledge content after reading a previous piece of knowledge
content. Patients spent an average of 83.96 s to reading a piece
of knowledge content, and they spent an average of 20.73 s in
the knowledge list state to select a piece of knowledge content
to read. The end of this trail was sometimes the main state.

The last trail type was labeled a support acquisition trail (SA-T;
purple and rese red lines). The states of questionnaire and
appointment indicated the behavior of patients providing
information to health care providers and seeking support from
health care providers. There was a high probability of
self-transition in the questionnaire (TP value 0.29) state,
indicating the patients entered the questionnaire state, then
switched to another app but did not exit the app, and then
reopened the app on the questionnaire page. The end of this trail
was sometimes the main state.

Patient Behavior Preference Patterns
A total of 863 patients were selected for cluster analysis. We
found that the silhouette score was the highest with 3 clusters

of patients (see Figure 5). Hence, we accepted the 3-cluster
output of K-means for further analysis. The patient behavior
preferences in 4 trails were significantly different (PT-T P<.001,
RO-T P=.06, KL-T P<.001, SA-T P<.001).

There were 3 distinctive patterns of patient behavior preferences
(see Figure 6). The sum of each patient’s behavior preferences
for the 4 behavior trails was 1. The first cluster (PT-T)
comprised 694 patients. Their behavior preference was
particularly focused on PT-T (0.81), which indicated that this
patient group preferred to perform self-management tasks. The
second cluster (PT-T and KL-T) comprised 96 patients, who
were active in PT-T (0.37) and KL-T (0.53). They were more
likely to read knowledge about hypertension than to conduct
self-management tasks. The third cluster (PT-T and SA-T)
comprised 73 patients whose behavior preferences were PT-T
(0.30) and SA-T (0.37). These patients were more willing to
seek help from health care providers than to perform
self-management tasks.

Figure 5. Comparison of the silhouette score for different number of clusters (range 2-9).
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Figure 6. Three patterns of patient behavior preference.

Demographics and Physiological Characteristics of the
3 Behavior Preference Patterns
There were statistically significant associations between the
behavior preference pattern and gender, education level, and
BP, but there were not associations between the behavior
preference pattern and age and HR (see Table 3). In the PT-T

cluster and the PT-T and SA-T cluster, there were much more
male patients than female patients, but the proportion of male
and female patients was equal in the PT-T and KL-T cluster.
Compared with the PT-T cluster, the PT-T and KL-T cluster
was characterized by significantly fewer male patients, lower
education level, and higher BP. The PT-T and SA-T cluster had
significantly lower BP than the PT-T and KL-T cluster.
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Table 3. Descriptive characteristics of the behavior preference pattern. Multiple comparisons of the 4 clusters (at the .05 level).

P valuePT-T and SA-Tc cluster (n=73)PT-T and KL-Tb cluster (n=96)PT-Ta cluster (n=694)Characteristic

.1350.86 (10.34)52.23 (9.99)53.20 (9.93)Age, mean (SD)

.003———dGender, n (%)

—49 (67.12)48 (50.00)e469 (67.58)Male

—24 (32.88)48 (50.00)e225 (32.42)Female

.05———Education, n (%)

—34 (46.57)43 (44.79)249 (35.88)< High school

—11 (15.07)21 (21.88)105 (15.13)High school

—25 (34.25)30 (31.25)e321 (46.25)≥ University

—3 (4.11)2 (2.08)19 (2.74)Don’t know

.02130.77 (13.18)g137.44 (17.96)e132.71 (15.43)SBPf, mean (SD)

.00484.87 (11.29)g90.60 (12.88)e86.46 (11.37)DBPh, mean (SD)

.8473.23 (15.83)73.20 (17.13)72.41 (14.23)HRi, mean (SD)

aPT-T: perform task trail.
bKL-T: knowledge learning trail.
cSA-T: support acquisition trail.
dNot applicable.
eGiven cluster is significantly different from the PT-T cluster.
fSBP: systolic blood pressure.
gGiven cluster is significantly different from the PT-T and KL-T cluster.
hDBP: diastolic blood pressure.
iHR: heart rate.

Discussion

Principal Findings
In this study, we used a stochastic model to describe longitudinal
trails of patient multibehavior engagement with mHealth
hypertension self-management and further analyzed the
characteristics of patient groups with different behavior
preferences. In a sample of 863 patients in mHealth hypertension
self-management, we identified 3 types of behavior transition
(1-way transition, cycle transition, and self-transition), 4 trails
of patient multibehavior engagement (PT-T, RO-T, KL-T, and
SA-T), and 3 behavior preference patterns (PT-T cluster, PT-T
and KL-T cluster, and PT-T and SA-T cluster).

These insights revealed what actual patients do in daily
hypertension self-management and how patients use the mHealth
app to conduct self-management [32,43,47]. This may facilitate
tailored and precise behavioral intervention strategies with
specific content, methods, and time points for patient groups
with specific behavior preferences. For example, for patient
groups who measure and record BP but not take medication
regularly, we will send a pop-up medication reminder in the
app after completing the BP recording, rather than randomly
and frequently reminding patients to measure BP and take
medication. After they follow this reminder, we will provide
rewards and push the knowledge about the advantages of regular
medication to improve their adherence. This may promote more

accurate chronic disease management strategies to achieve
disease control.

Patient Multibehavior Engagement Trails
The dynamic behavioral characteristics were identified by the
transition probability between 2 continuous behaviors [39,47],
which suggested the transitions in daily self-management
behavior of hypertension patients. When patients started
self-management, they were more likely to focus on BP,
medications, and weight conditions. Patients prefer to pay
attention to BP and medications from reminders, which can
help them manage their conditions. Tao et al [48] found that
the use of electronic reminders was associated with a significant
improvement in patient adherence to medication. The cycle
transition was often performed between 2 different behaviors
of same module, such as reminder, health report, knowledge,
and appointment, etc. This kind of behavior transition
information gives us opportunities to provide specific behavioral
interventions at an accurate time between 2 consecutive
behaviors. In addition, self-transition was frequent when patients
completed questionnaires. Patients were willing to engage in
the questionnaire, but the time spent was very short. It may be
because the questionnaire was too long and patients had no
patience when completing it or the content of the questionnaire
was difficult to understand. The clarity and conciseness of
questionnaires should be improved so patients can better engage
in this management part [49].
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The trails of patient multibehavior engagement revealed the
high probability sequences of patient behavior in mHealth
hypertension self-management. This was a longitudinal and
multidimensional process analysis rather than a cross-sectional
analysis at a point in time. The 4 trails contained the main scenes
of hypertension management in daily life [50] and described
the behavioral conditions of patient self-management. In PT-T,
for 5 types of self-management tasks of improving ability,
patients preferred to start self-management by focusing on BP,
medications and weight and spent more time on food. This may
be attributed to diet management being more complicated and
difficult to implement and record [51], which proposes a new
challenge of how to improve the convenience of hypertension
diet management. Samiul et al [52] proposed a network for
automatic dietary monitoring that can gather food intake
information through image, audio, and accelerometer sensors.
By analyzing these data, the system can measure the type,
volume, and nutrition of food, as well as the eating behavior of
a person. Compared with weight history, patients spent more
time reading BP history. In KL-T, patients usually chose
different health knowledge contents from knowledge list to
learn how to improve self-management ability. This knowledge
may help patients broadly learn health concepts and behaviors
[53]. In RO-T, patients read health reports to understand all
aspects of their self-management, and knew the ranking of their
self-management outcomes in an online hypertension
community from the leaderboard. An interesting finding was
that patients spent more energy on the rankings compared to
reading health reports. This may suggest that gamification and
competitive methods can effectively increase patient motivation
and attention to their own self-management states [19,21,54].
In SA-T, patients sought help from health care providers through
appointments, and completed the questionnaire to provide their
own information and support research on hypertension
management. These findings helped us dive into the daily
self-management of actual patients and deeply understand
patient behavioral characteristics through a longitudinal and
multidimensional method. This provides an opportunity to apply
some health behavior intervention techniques to promote patients
to change their behavior and improve the effectiveness of
chronic management results [50,55].

Patient Behavior Preference Patterns
The behavior preference patterns of patients represent the
individual inherent habits of patients in daily hypertension
self-management [34-36], which is an essential factor to the
design of management strategies. In this study, we found 3
behavior preference patterns of patients engaging in the
pathway-based mHealth hypertension management, reflecting
which patient groups preferred which type of behavior to achieve
better self-management results. All of 3 patterns preferred PT-T,
1 preferred KL-T, and the other preferred SA-T, but there was
no obvious preference for RO-T.

Patients with these 3 behavior preference patterns had
significantly different demographic (gender and education level)
and physiological (BP) characteristics. Compared with other
patterns, patients with the preference for PT-T and KL-T had a
lower education level, higher BP, and were much less likely to
be male. First of all, there were more male patients than female

patients, possibly because males were more inclined to use
mHealth services for hypertension management [56,57].
However, we found that female patients were more willing to
read knowledge content than male patients. Our finding is
consistent with the finding by Al-Ansari et al [58] that oral
health knowledge and health behavior were statistically
significantly higher among the females than the males.
Moreover, in this study, we found that patients with lower
education level and poorly controlled BP were more likely to
be highly involved in hypertension health education. Some
scientific literature demonstrated a strong association between
lower levels of education and poor health outcomes [59,60].
Health literacy was a potential pathway between levels of
education and health outcomes [61]. Lee et al [62] and Nutbeam
et al [63] also found that in comparison with people with higher
education, people with lower education level were found to
demonstrate lower health literacy and poor health. Naturally,
these patients had a strong enthusiasm for learning about
hypertension to promote their health literacy and improve health
outcomes. The findings of patient preferences and characteristics
are useful for designing personalized functions in the mHealth
app to improve patient ability and engagement in hypertension
self-management [34-36].

Strengths and Limitations
The strengths of this study were that, first of all, the study used
time series data to unveil the longitudinal and multidimensional
behavioral characteristics of patient engaging in mHealth
hypertension management, which contained the type, quantity,
time spent, sequence, and transition probability of patient
behavior. The findings help provide more precise timing of
mHealth behavior interventions for hypertension management.
To the best of our knowledge, there has been no literature that
uses longitudinal data to describe the trails of patient
multibehavior engagement in hypertension self-management.
Secondly, we analyzed the demographic and physiological
characteristics of patients with different behavior preferences.
Our findings revealed the association between behavior
preferences, demographics, and physiology. This provided
information for the further design of the appropriate types of
interventions for specific patient groups. Finally, we used data
from real-world patients, which revealed patient behavior in the
natural setting rather than attracting patients more likely to bear
the burden of research-related evaluation. This helped to
generate practical insights for the behavior of actual patients in
daily hypertension management.

This study has limitations. One limitation was that the data were
only from an mHealth hypertension app, which implies that the
sample is presumably not representative of all patient groups.
We also don’t know the behavior of patients who engage in
self-management but not use the app, such as older patients who
cannot use the mobile devices. Moreover, the behavioral
characteristics of patients may be influenced and limited by the
design of the app. Second, we used a first-order Markov chain,
which simplified our analysis. Some other machine learning
methods such as higher-order Markov chains should be applied
to better represent global patient behavior. Finally, the behavior
preferences can be caused by various demographic and social
psychological characteristics of patients (such as marital status,
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profession, anxiety, depression, etc), so these factors need to
be considered in the future studies.

Conclusion
The mHealth services are an effective way to conduct
out-of-hospital health care services for chronic disease. In this
study, we have found 3 types of behavior transitions, 4 trails of
patient multibehavior engagement, and 3 patient behavior
preference patterns in the pathway-based mHealth hypertension

self-management. These findings gained insights of actual
behavior of patients in daily hypertension self-management.
The behavioral characteristics of patients were dynamic,
longitudinal, and multidimension, which may create
opportunities to design tailored, personalized interventions
within a specific behavior time to change patient’s behavior,
develop positive behavioral habits, and continuously improve
and maintain the effect of hypertension management.

 

Acknowledgments
This study was supported by grants 2020YFC2003403 and 2020YFC2006405 from the National Key Research and Development
Programs of China, grant 2020BFG02002 from the Key Research and Development Program of Ningxia, China, and grant
2021AB11007 from the Key Research and Development Program of Guangxi, China. This work was also supported by the
Alibaba Cloud. The authors would like to thank the General Hospital of Ningxia Medical University.

Authors' Contributions
DW, XH, and ND were the primary authors of this paper, oversaw all aspects of the study design and execution, and led the
writing of the manuscript. YS and JH led all data analysis with oversight from DW and XH. HD and ND provided critical revision
of the manuscript for important intellectual content.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Detailed information about behavioral states.
[DOCX File , 15 KB - mhealth_v10i2e33189_app1.docx ]

References
1. Global Status Report On Noncommunicable Diseases 2014. Geneva: World Health Organization; 2014. URL: https://apps.

who.int/iris/bitstream/handle/10665/148114/9789241564854_eng.
pdf;jsessionid=3C0C9A267DA218A8836BDCA9EB2C5C0D?sequence=1 [accessed 2022-01-14]

2. Reynolds R, Dennis S, Hasan I, Slewa J, Chen W, Tian D, et al. A systematic review of chronic disease management
interventions in primary care. BMC Fam Pract 2018 Jan 09;19(1):11 [FREE Full text] [doi: 10.1186/s12875-017-0692-3]
[Medline: 29316889]

3. Free C, Phillips G, Galli L, Watson L, Felix L, Edwards P, et al. The effectiveness of mobile-health technology-based health
behaviour change or disease management interventions for health care consumers: a systematic review. PLoS Med
2013;10(1):e1001362 [FREE Full text] [doi: 10.1371/journal.pmed.1001362] [Medline: 23349621]

4. Osborn CY, Mayberry LS, Wallston KA, Johnson KB, Elasy TA. Understanding patient portal use: implications for
medication management. J Med Internet Res 2013;15(7):e133 [FREE Full text] [doi: 10.2196/jmir.2589] [Medline: 23823974]

5. Wong A, Bhyat R, Srivastava S, Boissé Lomax L, Appireddy R. Patient care during the COVID-19 pandemic: use of virtual
care. J Med Internet Res 2021 Jan 21;23(1):e20621 [FREE Full text] [doi: 10.2196/20621] [Medline: 33326410]

6. Cheung K, Ling W, Karr C, Weingardt K, Schueller S, Mohr D. Evaluation of a recommender app for apps for the treatment
of depression and anxiety: an analysis of longitudinal user engagement. J Am Med Inform Assoc 2018 Aug 01;25(8):955-962
[FREE Full text] [doi: 10.1093/jamia/ocy023] [Medline: 29659857]

7. Chen X, Koskela M, Hyväkkä J. mHealth new horizons for health through mobile technologies. Proc Int Work Content-Based
Multimed Index 2010;3:130-135. [doi: 10.1109/CBMI.2010.5529886]

8. Byambasuren O, Sanders S, Beller E, Glasziou P. Prescribable mHealth apps identified from an overview of systematic
reviews. NPJ Digit Med 2018;1:12 [FREE Full text] [doi: 10.1038/s41746-018-0021-9] [Medline: 31304297]

9. Li R, Liang N, Bu F, Hesketh T. The effectiveness of self-management of hypertension in adults using mobile health:
systematic review and meta-analysis. JMIR Mhealth Uhealth 2020 Mar 27;8(3):e17776 [FREE Full text] [doi: 10.2196/17776]
[Medline: 32217503]

10. Dendere R, Slade C, Burton-Jones A, Sullivan C, Staib A, Janda M. Patient portals facilitating engagement with inpatient
electronic medical records: a systematic review. J Med Internet Res 2019 Apr 11;21(4):e12779 [FREE Full text] [doi:
10.2196/12779] [Medline: 30973347]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e33189 | p.324https://mhealth.jmir.org/2022/2/e33189
(page number not for citation purposes)

Wu et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mhealth_v10i2e33189_app1.docx
mhealth_v10i2e33189_app1.docx
https://apps.who.int/iris/bitstream/handle/10665/148114/9789241564854_eng.pdf;jsessionid=3C0C9A267DA218A8836BDCA9EB2C5C0D?sequence=1
https://apps.who.int/iris/bitstream/handle/10665/148114/9789241564854_eng.pdf;jsessionid=3C0C9A267DA218A8836BDCA9EB2C5C0D?sequence=1
https://apps.who.int/iris/bitstream/handle/10665/148114/9789241564854_eng.pdf;jsessionid=3C0C9A267DA218A8836BDCA9EB2C5C0D?sequence=1
https://bmcfampract.biomedcentral.com/articles/10.1186/s12875-017-0692-3
http://dx.doi.org/10.1186/s12875-017-0692-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29316889&dopt=Abstract
http://dx.plos.org/10.1371/journal.pmed.1001362
http://dx.doi.org/10.1371/journal.pmed.1001362
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23349621&dopt=Abstract
http://www.jmir.org/2013/7/e133
http://dx.doi.org/10.2196/jmir.2589
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23823974&dopt=Abstract
https://www.jmir.org/2021/1/e20621/
http://dx.doi.org/10.2196/20621
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33326410&dopt=Abstract
http://europepmc.org/abstract/MED/29659857
http://dx.doi.org/10.1093/jamia/ocy023
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29659857&dopt=Abstract
http://dx.doi.org/10.1109/CBMI.2010.5529886
http://europepmc.org/abstract/MED/31304297
http://dx.doi.org/10.1038/s41746-018-0021-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304297&dopt=Abstract
https://mhealth.jmir.org/2020/3/e17776/
http://dx.doi.org/10.2196/17776
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32217503&dopt=Abstract
https://www.jmir.org/2019/4/e12779/
http://dx.doi.org/10.2196/12779
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30973347&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


11. Kruse CS, Argueta DA, Lopez L, Nair A. Patient and provider attitudes toward the use of patient portals for the management
of chronic disease: a systematic review. J Med Internet Res 2015;17(2):e40 [FREE Full text] [doi: 10.2196/jmir.3703]
[Medline: 25707035]

12. Pham Q, Graham G, Carrion C, Morita PP, Seto E, Stinson JN, et al. A library of analytic indicators to evaluate effective
engagement with consumer mhealth apps for chronic conditions: scoping review. JMIR Mhealth Uhealth 2019 Jan
18;7(1):e11941 [FREE Full text] [doi: 10.2196/11941] [Medline: 30664463]

13. Hamine S, Gerth-Guyette E, Faulx D, Green BB, Ginsburg AS. Impact of mHealth chronic disease management on treatment
adherence and patient outcomes: a systematic review. J Med Internet Res 2015;17(2):e52 [FREE Full text] [doi:
10.2196/jmir.3951] [Medline: 25803266]

14. Sakakibara BM, Ross E, Arthur G, Brown-Ganzert L, Petrin S, Sedlak T, et al. Using mobile-health to connect women
with cardiovascular disease and improve self-management. Telemed J E Health 2017 Dec;23(3):233-239. [doi:
10.1089/tmj.2016.0133] [Medline: 27623231]

15. Rothman AA, Wagner EH. Chronic illness management: what is the role of primary care? Ann Intern Med 2003 Feb
04;138(3):256-261. [doi: 10.7326/0003-4819-138-3-200302040-00034] [Medline: 12558376]

16. Edney S, Ryan JC, Olds T, Monroe C, Fraysse F, Vandelanotte C, et al. User engagement and attrition in an app-based
physical activity intervention: secondary analysis of a randomized controlled trial. J Med Internet Res 2019 Nov
27;21(11):e14645 [FREE Full text] [doi: 10.2196/14645] [Medline: 31774402]

17. Rehman H, Kamal AK, Morris PB, Sayani S, Merchant AT, Virani SS. Mobile health (mHealth) technology for the
management of hypertension and hyperlipidemia: slow start but loads of potential. Curr Atheroscler Rep 2017 Mar;19(3):12.
[doi: 10.1007/s11883-017-0649-y] [Medline: 28210974]

18. Cheikh-Moussa K, Mira JJ, Orozco-Beltran D. Improving engagement among patients with chronic cardiometabolic
conditions using mHealth: critical review of reviews. JMIR Mhealth Uhealth 2020 Apr 08;8(4):e15446 [FREE Full text]
[doi: 10.2196/15446] [Medline: 32267239]

19. Cechetti NP, Bellei EA, Biduski D, Rodriguez JPM, Roman MK, De Marchi ACB. Developing and implementing a
gamification method to improve user engagement: a case study with an m-Health application for hypertension monitoring.
Telematics Informatics 2019 Aug;41:126-138. [doi: 10.1016/j.tele.2019.04.007]

20. Goyal S, Morita PP, Picton P, Seto E, Zbib A, Cafazzo JA. Uptake of a consumer-focused mHealth application for the
assessment and prevention of heart disease: the <30 days study. JMIR Mhealth Uhealth 2016 Mar 24;4(1):e32 [FREE Full
text] [doi: 10.2196/mhealth.4730] [Medline: 27012937]

21. Edney S, Ryan JC, Olds T, Monroe C, Fraysse F, Vandelanotte C, et al. User engagement and attrition in an app-based
physical activity intervention: secondary analysis of a randomized controlled trial. J Med Internet Res 2019 Nov
27;21(11):e14645 [FREE Full text] [doi: 10.2196/14645] [Medline: 31774402]

22. James J. Health policy brief: patient engagement. Health Affairs 2013 Feb 14. [doi: 10.1377/hpb20130214.898775]
23. Eysenbach G. The law of attrition. J Med Internet Res 2005;7(1):e11 [FREE Full text] [doi: 10.2196/jmir.7.1.e11] [Medline:

15829473]
24. Tyagi H, Sabharwal M, Dixit N, Pal A, Deo S. Leveraging providers' preferences to customize instructional content in

information and communications technology-based training interventions: retrospective analysis of a mobile phone-based
intervention in India. JMIR Mhealth Uhealth 2020 Mar 03;8(3):e15998 [FREE Full text] [doi: 10.2196/15998] [Medline:
32130191]

25. Kaplan AL, Cohen ER, Zimlichman E. Improving patient engagement in self-measured blood pressure monitoring using
a mobile health technology. Health Inf Sci Syst 2017 Dec 7;5(1):4 [FREE Full text] [doi: 10.1007/s13755-017-0026-9]
[Medline: 29081974]

26. Chien I, Enrique A, Palacios J, Regan T, Keegan D, Carter D, et al. A machine learning approach to understanding patterns
of engagement with internet-delivered mental health interventions. JAMA Netw Open 2020 Jul 01;3(7):e2010791 [FREE
Full text] [doi: 10.1001/jamanetworkopen.2020.10791] [Medline: 32678450]

27. Goyal S, Nunn CA, Rotondi M, Couperthwaite AB, Reiser S, Simone A, et al. A mobile app for the self-management of
type 1 diabetes among adolescents: a randomized controlled trial. JMIR Mhealth Uhealth 2017 Jun 19;5(6):e82. [doi:
10.2196/mhealth.7336] [Medline: 28630037]

28. Toro-Ramos T, Kim Y, Wood M, Rajda J, Niejadlik K, Honcz J, et al. Efficacy of a mobile hypertension prevention delivery
platform with human coaching. J Hum Hypertens 2017 Dec;31(12):795-800 [FREE Full text] [doi: 10.1038/jhh.2017.69]
[Medline: 28972573]

29. Sanders I, Short CE, Bogomolova S, Stanford T, Plotnikoff R, Vandelanotte C, et al. Characteristics of adopters of an online
social networking physical activity mobile phone app: cluster analysis. JMIR Mhealth Uhealth 2019 Jun 03;7(6):e12484
[FREE Full text] [doi: 10.2196/12484] [Medline: 31162130]

30. Yardley L, Spring BJ, Riper H, Morrison LG, Crane DH, Curtis K, et al. Understanding and promoting effective engagement
with digital behavior change interventions. Am J Prev Med 2016 Nov;51(5):833-842. [doi: 10.1016/j.amepre.2016.06.015]
[Medline: 27745683]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e33189 | p.325https://mhealth.jmir.org/2022/2/e33189
(page number not for citation purposes)

Wu et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.jmir.org/2015/2/e40/
http://dx.doi.org/10.2196/jmir.3703
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25707035&dopt=Abstract
https://mhealth.jmir.org/2019/1/e11941/
http://dx.doi.org/10.2196/11941
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30664463&dopt=Abstract
http://www.jmir.org/2015/2/e52/
http://dx.doi.org/10.2196/jmir.3951
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25803266&dopt=Abstract
http://dx.doi.org/10.1089/tmj.2016.0133
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27623231&dopt=Abstract
http://dx.doi.org/10.7326/0003-4819-138-3-200302040-00034
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12558376&dopt=Abstract
https://www.jmir.org/2019/11/e14645/
http://dx.doi.org/10.2196/14645
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31774402&dopt=Abstract
http://dx.doi.org/10.1007/s11883-017-0649-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28210974&dopt=Abstract
https://mhealth.jmir.org/2020/4/e15446/
http://dx.doi.org/10.2196/15446
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32267239&dopt=Abstract
http://dx.doi.org/10.1016/j.tele.2019.04.007
http://mhealth.jmir.org/2016/1/e32/
http://mhealth.jmir.org/2016/1/e32/
http://dx.doi.org/10.2196/mhealth.4730
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27012937&dopt=Abstract
https://www.jmir.org/2019/11/e14645/
http://dx.doi.org/10.2196/14645
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31774402&dopt=Abstract
http://dx.doi.org/10.1377/hpb20130214.898775
http://www.jmir.org/2005/1/e11/
http://dx.doi.org/10.2196/jmir.7.1.e11
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15829473&dopt=Abstract
https://mhealth.jmir.org/2020/3/e15998/
http://dx.doi.org/10.2196/15998
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32130191&dopt=Abstract
http://europepmc.org/abstract/MED/29081974
http://dx.doi.org/10.1007/s13755-017-0026-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29081974&dopt=Abstract
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2020.10791
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2020.10791
http://dx.doi.org/10.1001/jamanetworkopen.2020.10791
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32678450&dopt=Abstract
http://dx.doi.org/10.2196/mhealth.7336
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28630037&dopt=Abstract
https://doi.org/10.1038/jhh.2017.69
http://dx.doi.org/10.1038/jhh.2017.69
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28972573&dopt=Abstract
https://mhealth.jmir.org/2019/6/e12484/
http://dx.doi.org/10.2196/12484
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31162130&dopt=Abstract
http://dx.doi.org/10.1016/j.amepre.2016.06.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27745683&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


31. Wu D, An J, Yu P, Lin H, Ma L, Duan H, et al. Patterns for patient engagement with the hypertension management and
effects of electronic health care provider follow-up on these patterns: cluster analysis. J Med Internet Res 2021 Sep
28;23(9):e25630 [FREE Full text] [doi: 10.2196/25630] [Medline: 34581680]

32. Rahman QA, Janmohamed T, Pirbaglou M, Ritvo P, Heffernan JM, Clarke H, et al. Patterns of user engagement with the
mobile app, Manage My Pain: results of a data mining investigation. JMIR Mhealth Uhealth 2017 Jul 12;5(7):e96 [FREE
Full text] [doi: 10.2196/mhealth.7871] [Medline: 28701291]

33. Sanatkar S, Baldwin PA, Huckvale K, Clarke J, Christensen H, Harvey S, et al. Using cluster analysis to explore engagement
and e-attainment as emergent behavior in electronic mental health. J Med Internet Res 2019 Nov 28;21(11):e14728 [FREE
Full text] [doi: 10.2196/14728] [Medline: 31778115]

34. Perski O, Blandford A, Garnett C, Crane D, West R, Michie S. A self-report measure of engagement with digital behavior
change interventions (DBCIs): development and psychometric evaluation of the "DBCI Engagement Scale". Transl Behav
Med 2020 Feb 03;10(1):267-277. [doi: 10.1093/tbm/ibz039] [Medline: 30927357]

35. Abd-Alrazaq AA, Bewick BM, Farragher T, Gardner P. Factors that affect the use of electronic personal health records
among patients: a systematic review. Int J Med Inform 2019 Jun;126:164-175. [doi: 10.1016/j.ijmedinf.2019.03.014]
[Medline: 31029258]

36. Kruse CS, Argueta DA, Lopez L, Nair A. Patient and provider attitudes toward the use of patient portals for the management
of chronic disease: a systematic review. J Med Internet Res 2015;17(2):e40 [FREE Full text] [doi: 10.2196/jmir.3703]
[Medline: 25707035]

37. Rahman QA, Janmohamed T, Pirbaglou M, Ritvo P, Heffernan JM, Clarke H, et al. Patterns of user engagement with the
mobile app, Manage My Pain: results of a data mining investigation. JMIR Mhealth Uhealth 2017 Jul 12;5(7):e96 [FREE
Full text] [doi: 10.2196/mhealth.7871] [Medline: 28701291]

38. Stragier J, Vandewiele G, Coppens P, Ongenae F, Van den Broeck W, De Turck F, et al. Data mining in the development
of mobile health apps: assessing in-app navigation through Markov chain analysis. J Med Internet Res 2019 Jun
07;21(6):e11934 [FREE Full text] [doi: 10.2196/11934] [Medline: 31237838]

39. Borges J, Levene M. Evaluating variable-length Markov chain models for analysis of user web navigation sessions. IEEE
Trans Knowl Data Eng 2007 Apr;19(4):441-452. [doi: 10.1109/TKDE.2007.1012]

40. Singer P, Helic D, Taraghi B, Strohmaier M. Detecting memory and structure in human navigation patterns using Markov
chain models of varying order. PLoS One 2014 Jul 11;9(7):e102070 [FREE Full text] [doi: 10.1371/journal.pone.0102070]
[Medline: 25013937]

41. Puspitasari I, Moriyama K, Fukui K, Numao M. Effects of individual health topic familiarity on activity patterns during
health information searches. JMIR Med Inform 2015 Mar 17;3(1):e16 [FREE Full text] [doi: 10.2196/medinform.3803]
[Medline: 25783222]

42. Fackrell M. Modelling healthcare systems with phase-type distributions. Health Care Manag Sci 2009 Mar 7;12(1):11-26.
[doi: 10.1007/s10729-008-9070-y] [Medline: 19938439]

43. Carreras M, Ibern P, Coderch J, Sánchez I, Inoriza JM. Estimating lifetime healthcare costs with morbidity data. BMC
Health Serv Res 2013 Oct 25;13:440 [FREE Full text] [doi: 10.1186/1472-6963-13-440] [Medline: 24156613]

44. Duan H, Wang Z, Ji Y, Ma L, Liu F, Chi M, et al. Using goal-directed design to create a mobile health app to improve
patient compliance with hypertension self-management: development and deployment. JMIR Mhealth Uhealth 2020 Feb
25;8(2):e14466 [FREE Full text] [doi: 10.2196/14466] [Medline: 32130161]

45. Wang Z, Li C, Huang W, Chen Y, Li Y, Huang L, et al. Effectiveness of a pathway-driven eHealth-based integrated care
model (PEICM) for community-based hypertension management in China: study protocol for a randomized controlled trial.
Trials 2021 Jan 22;22(1):81 [FREE Full text] [doi: 10.1186/s13063-021-05020-2] [Medline: 33482896]

46. Heyse J, Vandewiele G, Ongenae F, De Backere F, De Turck F. How do users interact with mobile health apps? A Markov
chain analysis. Proc 14th EAI Int Conf Pervasive Comput Technol Healthc 2020:255-258. [doi: 10.1145/3421937.3421967]

47. Stragier J, Vandewiele G, Coppens P, Ongenae F, Van den Broeck W, De Turck F, et al. Data mining in the development
of mobile health apps: assessing in-app navigation through Markov chain analysis. J Med Internet Res 2019 Jun
07;21(6):e11934 [FREE Full text] [doi: 10.2196/11934] [Medline: 31237838]

48. Tao D, Xie L, Wang T, Wang T. A meta-analysis of the use of electronic reminders for patient adherence to medication in
chronic disease care. J Telemed Telecare 2015 Jan;21(1):3-13. [doi: 10.1177/1357633X14541041] [Medline: 25147178]

49. Dell-Kuster S, Sanjuan E, Todorov A, Weber H, Heberer M, Rosenthal R. Designing questionnaires: healthcare survey to
compare two different response scales. BMC Med Res Methodol 2014 Aug 03;14:96 [FREE Full text] [doi:
10.1186/1471-2288-14-96] [Medline: 25086869]

50. Alessa T, Hawley MS, Hock ES, de Witte L. Smartphone apps to support self-management of hypertension: review and
content analysis. JMIR Mhealth Uhealth 2019 May 28;7(5):e13645 [FREE Full text] [doi: 10.2196/13645] [Medline:
31140434]

51. Hever J, Cronise R. Plant-based nutrition for healthcare professionals: implementing diet as a primary modality in the
prevention and treatment of chronic disease. J Geriatr Cardiol 2017 May;14(5):355-368 [FREE Full text] [doi:
10.11909/j.issn.1671-5411.2017.05.012] [Medline: 28630615]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e33189 | p.326https://mhealth.jmir.org/2022/2/e33189
(page number not for citation purposes)

Wu et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://www.jmir.org/2021/9/e25630/
http://dx.doi.org/10.2196/25630
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34581680&dopt=Abstract
https://mhealth.jmir.org/2017/7/e96/
https://mhealth.jmir.org/2017/7/e96/
http://dx.doi.org/10.2196/mhealth.7871
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28701291&dopt=Abstract
https://www.jmir.org/2019/11/e14728/
https://www.jmir.org/2019/11/e14728/
http://dx.doi.org/10.2196/14728
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31778115&dopt=Abstract
http://dx.doi.org/10.1093/tbm/ibz039
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30927357&dopt=Abstract
http://dx.doi.org/10.1016/j.ijmedinf.2019.03.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31029258&dopt=Abstract
http://www.jmir.org/2015/2/e40/
http://dx.doi.org/10.2196/jmir.3703
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25707035&dopt=Abstract
https://mhealth.jmir.org/2017/7/e96/
https://mhealth.jmir.org/2017/7/e96/
http://dx.doi.org/10.2196/mhealth.7871
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28701291&dopt=Abstract
https://www.jmir.org/2019/6/e11934/
http://dx.doi.org/10.2196/11934
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31237838&dopt=Abstract
http://dx.doi.org/10.1109/TKDE.2007.1012
https://dx.plos.org/10.1371/journal.pone.0102070
http://dx.doi.org/10.1371/journal.pone.0102070
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25013937&dopt=Abstract
https://medinform.jmir.org/2015/1/e16/
http://dx.doi.org/10.2196/medinform.3803
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25783222&dopt=Abstract
http://dx.doi.org/10.1007/s10729-008-9070-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19938439&dopt=Abstract
https://bmchealthservres.biomedcentral.com/articles/10.1186/1472-6963-13-440
http://dx.doi.org/10.1186/1472-6963-13-440
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24156613&dopt=Abstract
https://mhealth.jmir.org/2020/2/e14466/
http://dx.doi.org/10.2196/14466
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32130161&dopt=Abstract
https://trialsjournal.biomedcentral.com/articles/10.1186/s13063-021-05020-2
http://dx.doi.org/10.1186/s13063-021-05020-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33482896&dopt=Abstract
http://dx.doi.org/10.1145/3421937.3421967
https://www.jmir.org/2019/6/e11934/
http://dx.doi.org/10.2196/11934
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31237838&dopt=Abstract
http://dx.doi.org/10.1177/1357633X14541041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25147178&dopt=Abstract
https://bmcmedresmethodol.biomedcentral.com/articles/10.1186/1471-2288-14-96
http://dx.doi.org/10.1186/1471-2288-14-96
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25086869&dopt=Abstract
https://mhealth.jmir.org/2019/5/e13645/
http://dx.doi.org/10.2196/13645
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31140434&dopt=Abstract
http://europepmc.org/abstract/MED/28630615
http://dx.doi.org/10.11909/j.issn.1671-5411.2017.05.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28630615&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


52. Mamud S, Bandyopadhyay S, Chatterjee P, Bhandari S, Chakraborty N. A Body Sensor Network for Automatic Dietary
Monitoring System. Singapore: Springer; 2021.

53. Wang Z, Huang H, Cui L, Chen J, An J, Duan H, et al. Using natural language processing techniques to provide personalized
educational materials for chronic disease patients in China: development and assessment of a knowledge-based health
recommender system. JMIR Med Inform 2020 Apr 23;8(4):e17642 [FREE Full text] [doi: 10.2196/17642] [Medline:
32324148]

54. Miller AS, Cafazzo JA, Seto E. A game plan: gamification design principles in mHealth applications for chronic disease
management. Health Informatics J 2014 Jul 1;22(2):184-193. [doi: 10.1177/1460458214537511] [Medline: 24986104]

55. Michie S, Wood CE, Johnston M, Abraham C, Francis JJ, Hardeman W. Behaviour change techniques: the development
and evaluation of a taxonomic method for reporting and describing behaviour change interventions (a suite of five studies
involving consensus methods, randomised controlled trials and analysis of qualitative data). Health Technol Assess 2015
Nov;19(99):1-188 [FREE Full text] [doi: 10.3310/hta19990] [Medline: 26616119]

56. Zhang X, Guo X, Lai K, Guo F, Li C. Understanding gender differences in m-health adoption: a modified theory of reasoned
action model. Telemed J E Health 2014 Jan;20(1):39-46. [doi: 10.1089/tmj.2013.0092] [Medline: 24161004]

57. Khatun F, Heywood AE, Hanifi SMA, Rahman MS, Ray PK, Liaw S, et al. Gender differentials in readiness and use of
mHealth services in a rural area of Bangladesh. BMC Health Serv Res 2017 Aug 18;17(1):573 [FREE Full text] [doi:
10.1186/s12913-017-2523-6] [Medline: 28821243]

58. Al-Ansari JM, Honkala S. Gender differences in oral health knowledge and behavior of the health science college students
in Kuwait. J Allied Health 2007;36(1):41-46. [Medline: 17425190]

59. Mackenbach JP, Stirbu I, Roskam AR, Schaap MM, Menvielle G, Leinsalu M, et al. Socioeconomic inequalities in health
in 22 European countries. N Engl J Med 2008 Jun 5;358(23):2468-2481. [doi: 10.1056/NEJMsa0707519] [Medline:
18525043]

60. Kunst AE, Bos V, Lahelma E, Bartley M, Lissau I, Regidor E, et al. Trends in socioeconomic inequalities in self-assessed
health in 10 European countries. Int J Epidemiol 2005 Apr;34(2):295-305. [doi: 10.1093/ije/dyh342] [Medline: 15563586]

61. van Der Heide I, Wang J, Droomers M, Spreeuwenberg P, Rademakers J, Uiters E. The relationship between health,
education, and health literacy: results from the Dutch Adult Literacy and Life Skills Survey. J Health Commun 2013;18
Suppl 1:172-184 [FREE Full text] [doi: 10.1080/10810730.2013.825668] [Medline: 24093354]

62. Lee SD, Tsai T, Tsai Y, Kuo KN. Health literacy, health status, and healthcare utilization of Taiwanese adults: results from
a national survey. BMC Public Health 2010 Oct 16;10:614 [FREE Full text] [doi: 10.1186/1471-2458-10-614] [Medline:
20950479]

63. Nutbeam D. The evolving concept of health literacy. Soc Sci Med 2008 Dec;67(12):2072-2078. [doi:
10.1016/j.socscimed.2008.09.050] [Medline: 18952344]

Abbreviations
ANOVA: analysis of variance
BP: blood pressure
DBP: diastolic blood pressure
HR: heart rate
KL-T: knowledge learning trail
mHealth: mobile health
PT-T: perform task trail
RO-T: result-oriented trail
SA-T: support acquisition trail
SBP: systolic blood pressure
TP value: transition probability value

Edited by L Buis; submitted 27.08.21; peer-reviewed by L Min, S Nan; comments to author 11.10.21; revised version received 21.10.21;
accepted 20.12.21; published 03.02.22.

Please cite as:
Wu D, Huyan X, She Y, Hu J, Duan H, Deng N
Exploring and Characterizing Patient Multibehavior Engagement Trails and Patient Behavior Preference Patterns in Pathway-Based
mHealth Hypertension Self-Management: Analysis of Use Data
JMIR Mhealth Uhealth 2022;10(2):e33189
URL: https://mhealth.jmir.org/2022/2/e33189 
doi:10.2196/33189
PMID:35113032

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e33189 | p.327https://mhealth.jmir.org/2022/2/e33189
(page number not for citation purposes)

Wu et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://medinform.jmir.org/2020/4/e17642/
http://dx.doi.org/10.2196/17642
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32324148&dopt=Abstract
http://dx.doi.org/10.1177/1460458214537511
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24986104&dopt=Abstract
https://dx.doi.org/10.3310/hta19990
http://dx.doi.org/10.3310/hta19990
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26616119&dopt=Abstract
http://dx.doi.org/10.1089/tmj.2013.0092
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24161004&dopt=Abstract
https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-017-2523-6
http://dx.doi.org/10.1186/s12913-017-2523-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28821243&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17425190&dopt=Abstract
http://dx.doi.org/10.1056/NEJMsa0707519
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18525043&dopt=Abstract
http://dx.doi.org/10.1093/ije/dyh342
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15563586&dopt=Abstract
http://europepmc.org/abstract/MED/24093354
http://dx.doi.org/10.1080/10810730.2013.825668
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24093354&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-10-614
http://dx.doi.org/10.1186/1471-2458-10-614
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20950479&dopt=Abstract
http://dx.doi.org/10.1016/j.socscimed.2008.09.050
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18952344&dopt=Abstract
https://mhealth.jmir.org/2022/2/e33189
http://dx.doi.org/10.2196/33189
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35113032&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


©Dan Wu, Xiaoyuan Huyan, Yutong She, Junbin Hu, Huilong Duan, Ning Deng. Originally published in JMIR mHealth and
uHealth (https://mhealth.jmir.org), 03.02.2022. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in JMIR mHealth and uHealth, is properly cited. The complete
bibliographic information, a link to the original publication on https://mhealth.jmir.org/, as well as this copyright and license
information must be included.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e33189 | p.328https://mhealth.jmir.org/2022/2/e33189
(page number not for citation purposes)

Wu et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Original Paper

Validity and Feasibility of the Monitoring and Modeling Family
Eating Dynamics System to Automatically Detect In-field Family
Eating Behavior: Observational Study

Brooke Marie Bell1,2, PhD; Ridwan Alam3,4, MSc, PhD; Abu Sayeed Mondol5, MSc, PhD; Meiyi Ma5,6, MSc, PhD;

Ifat Afrin Emi5, MSc, PhD; Sarah Masud Preum5,7, MSc, PhD; Kayla de la Haye2, PhD; John A Stankovic5, MSc,

PhD; John Lach4,8, MSc, PhD; Donna Spruijt-Metz2,9,10, MFA, PhD
1Department of Chronic Disease Epidemiology, School of Public Health, Yale University, New Haven, CT, United States
2Department of Population and Public Health Sciences, Keck School of Medicine, University of Southern California, Los Angeles, CA, United States
3Research Laboratory of Electronics, Massachusetts Institute of Technology, Cambridge, MA, United States
4Department of Electrical and Computer Engineering, School of Engineering and Applied Science, University of Virginia, Charlottesville, VA, United
States
5Department of Computer Science, School of Engineering and Applied Science, University of Virginia, Charlottesville, VA, United States
6Department of Computer Science, School of Engineering, Vanderbilt University, Nashville, TN, United States
7Department of Computer Science, Dartmouth College, Hanover, NH, United States
8School of Engineering and Applied Science, The George Washington University, Washington, DC, United States
9Center for Economic and Social Research, Dornsife College of Letters, Arts, and Sciences, University of Southern California, Los Angeles, CA, United
States
10Department of Psychology, Dornsife College of Letters, Arts, and Sciences, University of Southern California, Los Angeles, CA, United States

Corresponding Author:
Brooke Marie Bell, PhD
Department of Chronic Disease Epidemiology
School of Public Health
Yale University
60 College St
8th Floor
New Haven, CT, 06520
United States
Phone: 1 475 235 0643
Email: brooke.bell@yale.edu

Abstract

Background: The field of dietary assessment has a long history, marked by both controversies and advances. Emerging
technologies may be a potential solution to address the limitations of self-report dietary assessment methods. The Monitoring
and Modeling Family Eating Dynamics (M2FED) study uses wrist-worn smartwatches to automatically detect real-time eating
activity in the field. The ecological momentary assessment (EMA) methodology was also used to confirm whether eating occurred
(ie, ground truth) and to measure other contextual information, including positive and negative affect, hunger, satiety, mindful
eating, and social context.

Objective: This study aims to report on participant compliance (feasibility) to the 2 distinct EMA protocols of the M2FED
study (hourly time-triggered and eating event–triggered assessments) and on the performance (validity) of the smartwatch algorithm
in automatically detecting eating events in a family-based study.

Methods: In all, 20 families (58 participants) participated in the 2-week, observational, M2FED study. All participants wore a
smartwatch on their dominant hand and responded to time-triggered and eating event–triggered mobile questionnaires via EMA
while at home. Compliance to EMA was calculated overall, for hourly time-triggered mobile questionnaires, and for eating
event–triggered mobile questionnaires. The predictors of compliance were determined using a logistic regression model. The
number of true and false positive eating events was calculated, as well as the precision of the smartwatch algorithm. The
Mann-Whitney U test, Kruskal-Wallis test, and Spearman rank correlation were used to determine whether there were differences
in the detection of eating events by participant age, gender, family role, and height.
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Results: The overall compliance rate across the 20 deployments was 89.26% (3723/4171) for all EMAs, 89.7% (3328/3710)
for time-triggered EMAs, and 85.7% (395/461) for eating event–triggered EMAs. Time of day (afternoon odds ratio [OR] 0.60,
95% CI 0.42-0.85; evening OR 0.53, 95% CI 0.38-0.74) and whether other family members had also answered an EMA (OR
2.07, 95% CI 1.66-2.58) were significant predictors of compliance to time-triggered EMAs. Weekend status (OR 2.40, 95% CI
1.25-4.91) and deployment day (OR 0.92, 95% CI 0.86-0.97) were significant predictors of compliance to eating event–triggered
EMAs. Participants confirmed that 76.5% (302/395) of the detected events were true eating events (ie, true positives), and the
precision was 0.77. The proportion of correctly detected eating events did not significantly differ by participant age, gender,
family role, or height (P>.05).

Conclusions: This study demonstrates that EMA is a feasible tool to collect ground-truth eating activity and thus evaluate the
performance of wearable sensors in the field. The combination of a wrist-worn smartwatch to automatically detect eating and a
mobile device to capture ground-truth eating activity offers key advantages for the user and makes mobile health technologies
more accessible to nonengineering behavioral researchers.

(JMIR Mhealth Uhealth 2022;10(2):e30211)   doi:10.2196/30211
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Introduction

Challenges to Dietary Assessment
A prevailing challenge in dietary and eating research is the
ability to accurately measure dietary intake. Historically, the
assessment of dietary intake and eating behaviors uses
self-reporting tools [1,2], such as food diaries, food frequency
questionnaires, and 24-hour dietary recalls [3,4]. All dietary
assessment self-report methods have some level of measurement
error (difference between measured and true values) [5,6].
Dietary data collected via self-report methods may be
misreported because of biases, such as recall or memory bias
(when a respondent erroneously recalls their dietary intake) and
social desirability bias (when a respondent desires to present
oneself positively) [7-9]. Studies have also found that those
with certain characteristics (eg, obese weight status and body
image dissatisfaction) are more likely to underreport their energy
intake [10,11].

Shifting Focus From Dietary Intake to Eating Behavior
and Context
The field of nutritional epidemiology has produced an
abundance of studies that have examined the role of dietary
intake (ie, what and how much is consumed) in human health
and disease—specifically, macronutrients (eg, fats and
carbohydrates), types of food, quality of food, dietary patterns,
and more [12]. Decades of laboratory-based and observational
research indicate that dietary intake is a critical component of
chronic disease prevention [13]. However, the measurement of
diet in free-living populations remains a significant challenge
in the field. In addition, even if public health researchers can
easily and accurately track free-living dietary intake, dietary
intake patterns are notoriously difficult to change long-term
[14].

Eating behaviors and patterns (ie, food choices and motives
and feeding practices) and context (who is eating, when, where,
with whom, etc) also play a significant role in the development
of obesity and other chronic diseases, including type 2 diabetes
and heart disease [15-20]. These findings indicate that the

patterns and features of eating events may be key contexts that
shape dietary intake, and thus could be more malleable features
of eating behavior that could be intervened. However, the field
lacks appropriate behavioral theories that provide a richer
understanding of how eating behaviors vary across contexts and
across time [21,22].

Technology-Assisted Dietary Assessment
Emerging technologies offer a potential solution for the accurate
assessment of dietary intake by addressing the limitations of
self-reported dietary assessment methods. The incorporation of
technologies into dietary assessment can improve the quality
and validity of dietary data by passively measuring eating in
naturalistic settings over long periods with minimal user
interaction [23]. Two emerging technological advances in
dietary assessment tools include the following:

1. Ecological momentary assessment (EMA): a data collection
technique in which one’s behavior is repeatedly sampled
in real time and in context [24-26].

2. Wearable devices and sensors: allow for the passive
collection of various data streams from the physical
environment (eg, acoustic, visual, and inertial) [27].

EMA and wearable sensors are able to measure behavior near
or just in time, thereby reducing or eliminating the recall bias
that can affect retrospective self-report measures. In addition
to improving the validity of data, these technologies offer the
opportunity to measure eating behavior frequently and over
long periods, allowing researchers to examine how it varies
over multiple timescales (varies over the day, over the week,
etc).

Monitoring and Modeling Family Eating Dynamics
Study
To address the limitations of traditional dietary assessment
methods and theories, the Monitoring and Modeling Family
Eating Dynamics (M2FED) study developed a sensor system
that used smartphones as well as deployable and wearable
sensors to collect synchronized real-time data on family eating
behavior [28]. This study used the following: (1) wrist-worn
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smartwatches containing inertial sensors (accelerometer and
gyroscope) to automatically detect arm movements and hand
gestures associated with eating; (2) EMA via smartphone to
confirm whether the eating occurred and to measure other
contextual information, such as who was present during the
eating event and the current mood of the respondent; and (3)
Bluetooth proximity beacons to determine the approximate
location of the smartwatches.

Rather than focusing on dietary intake (caloric intake, portion
sizes, etc), this study took a novel approach by measuring eating
behaviors (ie, food choices and motives and feeding practices)
and context (who is eating, when, where, with whom, etc).
Family eating dynamics have yet to be measured and modeled
dynamically to better contextualize our understanding of social
influence processes within family systems. This paper begins
the first step toward producing new models that develop
behavioral theory, and it may enable the identification of
temporally specific processes and events within the family
system that can be targeted for personalized, context-specific,
real-time feedback.

Assessing Validity of Wearable Sensors
The validity of using wearable sensors to automatically assess
eating behavior and context has been tested in both laboratory
and field settings [27,29-31], indicating that the performance
of the wearable sensors decreases in naturalistic settings
(compared with controlled laboratory settings). Studies have
used a variety of sensors (eg, microphones, cameras,
smartwatches, and electromyography electrodes) to measure
various dietary outcomes, including bites, chewing, swallowing,
and duration of eating occasions [27,29-33]. A review by Bell
et al [27] indicates that there is still a strong reliance on
retrospective self-report methods (eg, end-of-day food diaries)
to determine ground-truth eating activity to evaluate wearable
sensors in the field. Given the aforementioned limitations of
retrospective self-report methods to accurately assess diet, the
M2FED study used event-contingent EMA to determine
ground-truth eating activity in families. The use of EMA offers
unique methodological advantages, such as the following:

• The ability to measure behavior near or just in time, thereby
reducing recall bias and reducing participant burden.

• The ability to measure behavior at the location in which it
actually occurs, thereby maximizing ecological validity
[24].

The validity of this method has been tested in a few in-field
studies [34,35]; however, it has not yet been tested in a
family-based study.

Assessing Feasibility of EMA
One disadvantage of using technologies for data collection is
the potential for participant noncompliance. A recent systematic
review and meta-analysis by Wen et al [36] found that
compliance rates among EMA studies in youth samples were
suboptimal; the weighted average compliance rate was 78.3%,
falling under the recommended 80% compliance rate [24]. Many
studies have explored EMA compliance for various behaviors
in various populations [36-40], but the compliance rate for a
family-based EMA study is underexplored. A recent EMA study

involving mothers and their children found that mothers’
presence may enhance children’s compliance with EMA
questionnaires [41], suggesting that family members and other
social relations may be leveraged to increase compliance in
future EMA studies.

Study Aims
Therefore, the overall purpose of this study is to report on
participant compliance (feasibility) to the 2 distinct EMA
protocols of the study (hourly time-triggered and eating
event–triggered assessments) and on the performance (validity)
of the wearable sensor in automatically detecting eating events
in a family-based study. Specifically, the primary aims of this
study include the following:

• Aim 1A—evaluate participant compliance with the EMA
protocol, (1) overall, (2) for hourly time-triggered survey
assessments, and (3) for eating event–triggered survey
assessments—and aim 1B—evaluate the impact of time
(time of day, day of week, and deployment day), age,
gender, family role, and compliance of other family
members (whether another participating family member j
had answered a survey that had been received within 15
minutes of focal person i’s survey) on compliance.

• Aim 2A—evaluate the performance of the wrist-worn
smartwatch to automatically detect eating events of
participants at home—and aim 2B—determine whether
there are systematic differences in the detection of eating
events by age, gender, family role, and height.

Methods

Participants and Recruitment

Eligibility
The research team recruited families that contained at least two
members (including at least one adult parent and one child
between the ages of 11 and 18 years) living in Los Angeles
County. Families with children aged <11 years were eligible to
participate; however, children aged <11 years were not permitted
to participate in the study. Families were not eligible to
participate if one or more family members living at home did
not primarily speak English. There were no demographic or
disease-related exclusion criteria.

Method of Recruitment
Families were recruited in public spaces and at public events
in Los Angeles County from May 2017 to August 2019.
Snowball sampling was also used, such that participating
families were offered an additional US $20 if they referred other
eligible families that were successfully enrolled in the study.

All families that expressed interest and met the eligibility
requirements were invited to participate in the study. An intake
screening tool was administered over the phone by recruitment
coordination staff to confirm eligibility before enrolling in the
study.

This study was approved by the Institutional Review Board of
the University of Southern California (UP-16-00227). All
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parents provided informed written consent, and all children
provided assent.

M2FED System

Overview
The primary objective of the M2FED study is to develop and
deploy the M2FED cyberphysical system (Figure 1) in the
homes of families. Cyberphysical systems can be defined as
“physical and engineered systems whose operations are
monitored, coordinated, controlled, and integrated by a

computing and communication core” [42]. This novel system
monitored in-home family eating behaviors in all participants.
This system contained four primary components (1) sensors
(including smartwatches, smartphones, and Bluetooth proximity
beacons), (2) a base station, (3) an EMA subsystem, and (4) a
remote monitoring subsystem, all of which were connected
through a Wi-Fi router (Figure 1).

For the scope of this study, all data collected by the system were
measured in the home (ie, no data were collected outside of the
home).

Figure 1. Overview of the Monitoring and Modeling Family Eating Dynamics cyberphysical system. EMA: ecological momentary assessment.

Sensors
Participants were instructed to wear a Sony Smartwatch 3
(Android Wear operating system) on their dominant hand during
all waking hours that they were in their home. The smartwatches
were used to automatically detect eating-related hand-to-mouth
(H-t-M) gestures for each participant at home and in real time.
Arm movements and H-t-M gestures were detected via an
algorithm that used motion data from the inertial sensors inside
the smartwatch (accelerometer and gyroscope) [43]. If a cluster
of at least two H-t-M gestures were detected within a 1-minute
time frame, then the motion data were processed with a more
sophisticated algorithm, and these clusters were then
characterized as an eating event. An eating event can be defined
as a set of H-t-M gestures, representing phenomena such as
consuming a meal, snack, drink, or a combination of these
consumption behaviors in which H-t-M gestures are clustered
temporally. The technical details of the eating event detection
algorithm are provided in detail elsewhere [43]. Participants
were instructed to wear the smartwatch only at home and to not
take it outside or wear it outside of the home. Consequently,
data on H-t-M gestures and eating events that were determined
by the proximity beacons that occurred outside of the home
were discarded.

Participants were each provided with a Samsung Galaxy S7
smartphone (Android operating system) preprogramed with
limited functioning. The smartphone app in which they
responded to mobile questionnaires was pinned to the screen
so that they could not access other apps on the smartphone. This

smartphone was only intended for use as a data collection tool.
Participants were instructed to keep their smartphones at home
and not take it outside of the home. If a smartphone left home
and was not within the range of the Wi-Fi router, the phone did
not receive any mobile questionnaires. Consequently, data on
participants’ states and behaviors outside of the home were not
collected.

Estimote Bluetooth Low Energy proximity beacons were used
to determine the approximate location of smartwatches of
participants (including approximately which room the watches
were in and whether they were still at home) during the study
period. The beacons continuously broadcasted packets that
included the unique media access control address of the
Bluetooth interface, whereas the smartwatches periodically
scanned for these packets. The smartwatches then recorded the
received signal strength indicator (signal from the beacons),
which indicated the proximity of the smartwatches to the
beacons.

Typically, 1 to 2 beacons were placed on a wall in each living
space at home (excluding bathrooms and bedrooms), and they
required no further action by the participants during the study.

Base Station
A base station is a radio receiver and transmitter and a
computing platform that serves as the hub of a local wireless
network (the M2FED system). The base station for the M2FED
system was a Lenovo ThinkPad laptop, which was placed in
the home of the family for the duration of the study. The laptop
was placed in a locked cage so that it could not be tampered
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with. The base station collected and processed the data received
from the smartphones and smartwatches through the Wi-Fi
router, and managed the EMA subsystem that ran on the laptop
as well.

EMA Subsystem
EMA is a data collection technique in which one’s behavior is
repeatedly sampled in a natural environment [24]. In this study,
participants were assessed on several individual behaviors and
states via mobile questionnaires sent to their smartphone
approximately every hour during waking hours. Each
smartphone had an app developed by the members of our
research team installed on it. The app acted as a mobile
questionnaire platform (ie, participants answered the
questionnaires within the app interface).

The two types of EMAs that the participants received are as
follows: (1) time-triggered mobile questionnaires and (2) eating
event–triggered mobile questionnaires.

A time-triggered mobile questionnaire was sent to the
participants’ smartphones every hour at the top of the hour (eg,
10 AM, 11 AM, 12 PM, etc; Figure 2A). The questionnaire

included a brief validated positive affect and negative affect
survey [44-47] (see Table 1 for the full list of questions).

Shortly after an eating event was detected for any given
participant, an eating event–triggered mobile questionnaire was
sent to the corresponding participant’s smartphone asking to
confirm whether they had just eaten (Figure 2B). If they
confirmed that they had just eaten, then following this first
question, they were asked a battery of survey items including
previously validated measures of hunger and satiety [48],
mindful eating [49], positive and negative affect [44-47], and
with whom they were eating, if anyone (see Table 1 for the full
list of questions). If the participant had not finished eating, they
were given the option to request more time before filling out
the questionnaire.

If they responded to the first question indicating that they had
not just eaten, then they were asked to report what activity they
had just completed. They were then asked to respond to
validated measures of positive and negative affect [44-47].

Figure 3 illustrates the full eating event–triggered EMA question
logic. The full list of questions for the time-triggered and the
eating event–triggered mobile questionnaires can be found in
Table 1.
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Figure 2. Examples of a time-triggered and eating event–triggered mobile questionnaire received on the phone of a participant. Figure 2A is an example
of a time-triggered mobile questionnaire that the participants received on their phone during the study. It contains the first 4 questions of the questionnaire
that measure negative affect. Figure 2B is an example of an eating event–triggered mobile questionnaire that the participants received on their phone
during the study. It contains the first question of the questionnaire that measures whether the participant had just eaten or drank. EMA: ecological
momentary assessment.
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Table 1. Ecological momentary assessment (EMA) items.

FormatResponse optionsItemsVariable (subscale)

Time-triggered EMA

Separate screen for
each of the 8 items

How were you feeling right before the phone signal went off?
(upset, nervous, stressed, could not cope, happy, great, cheerful,
joyful)

Positive and negative af-
fect

• Not at all
• A little
• Some
• Very

Eating event–triggered EMA

—aWere you eating or drinking just now?Eating confirmation • Yes
• No

—What did you just eat?Eating type • Meal
• Snack
• Drink only

—Who was eating with you? (check all that apply)Social context • Nobody
• Spouse or partner
• Child(ren)
• Mother
• Father
• Sister(s)
• Brother(s)
• Grandparent
• Other family
• Friend(s)
• Other people

Separate screen for
each of the 8 items

I started eating because (food looked, tasted, or smelled so
good; others were eating; feeling sad or depressed; feeling
bored; feeling angry or frustrated; feeling tired; feeling anxious
or nervous; my family or parents wanted me to eat).

Eating in the absence of
hunger—started eating

• Not at all
• A little
• Some
• Very

Separate screen for
each of the 8 items

I kept eating because (food looked, tasted, or smelled so good;
others were eating; feeling sad or depressed; feeling bored;
feeling angry or frustrated; feeling tired; feeling anxious or
nervous; I wanted to finish the food on my plate).

Eating in the absence of
hunger—kept eating

• Not at all
• A little
• Some
• Very

Sliding scale 0 to
100

How hungry were you right before you ate?Hunger level before eating • 0=Not at all hungry
• 100=Greatest imagin-

able hunger

Sliding scale 0 to
100

How full were you right after you ate?Satiation level after eating • 0=Not at all full
• 100=Greatest imagin-

able fullness

Separate screen for
each of the 3 items

Before the beep, while I was eating (My thoughts were wander-
ing while I ate; I was thinking about things I need to do while
I ate; I ate so quickly that I did not taste anything).

Mindful eating • Very true
• Somewhat true
• A little true
• Not true

Separate screen for
each of the 8 items

How were you feeling right before the phone signal went off?
(upset, nervous, stressed, could not cope, happy, great, cheerful,
joyful)

Positive and negative af-
fect

• Not at all
• A little
• Some
• Very

aNo additional formatting notes.
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Figure 3. Eating event–triggered ecological momentary assessment question logic.

Participation Windows
Before a family’s deployment started, all participants were
individually asked about the time at which they normally woke
up and the time at which they normally went to bed. The
participants were limited to only 1 personalized participation
window for the study. Therefore, they could not have different
windows for Monday versus Tuesday and weekday versus
weekend. If the times at which they woke up or went to bed

varied extensively among days, then they were asked to provide
a time frame that generally worked for all days. The purpose
was to create personalized participation windows to account
for variations in the daily routines and sleeping patterns of the
participants. For the duration of the study, the participants only
received EMAs during their personalized participation window.
For example, if the window of a participant was from 6:30 AM
to 11:00 PM, then they only received EMAs during that period.
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Remote Monitoring Subsystem
The monitoring subsystem was used to monitor the status of
the M2FED system in real time [50]. The subsystem monitored
several things, including the battery status and network
connection of the smartwatches, smartphones, and base station;
the processes running on the base station; the detected eating
events; and whether participants responded to any given EMA
sent to their smartphones. When the monitoring system detected
an issue (eg, the base station was no longer connected to the
router), an email was sent to the research team to alert them of
the issue.

Procedures
Following enrollment, 2 members of the research team visited
the home of each recruited family 2 separate times.

Visit 1
During the first home visit, the team went to the participants’
home to obtain consent from all participating family members,
take body measurements of the participants using a
research-grade Tanita scale (Model TBF 300) and stadiometer,
administer baseline surveys, and install the components of the
cyberphysical system around the home (all living spaces, not
including bedrooms or bathrooms).

The base station, Wi-Fi router, and Bluetooth beacons were
placed in a discrete location in the home of the family, so they
could run without interference for the duration of the study.
Samsung smartphones and Sony smartwatches were provided
to all participating family members for the duration of the study
(all features except answering questionnaires were turned off).
Each phone and watch was designated to a specific participant
and labeled with their name so that they knew which devices
were their own. The team instructed the family on how to
properly wear, charge, and care for the smartwatches and how
to answer an EMA on the smartphones. The family was
instructed to wear the watch at all times when they were at home
and to answer all EMA questionnaires they received when they
were at home. They were also instructed to leave their designed
phone and watch at home when they left home to prevent the
devices from getting damaged or lost while outside of the home.

Upon leaving the visit, family members underwent
approximately 14 consecutive days of (1) use of a smartphone
to complete hourly time-triggered and eating event–triggered
mobile questionnaires, up to once every hour during waking
hours; and (2) eating event monitoring, in the form of a
wrist-worn smartwatch during waking hours.

Visit 2
At the final home visit, approximately 2 weeks following the
first home visit, the research team terminated data collection,
and all equipment was uninstalled and removed from the homes.
Each participant received US $100 in a Visa gift card format
as compensation for the 2-week study.

Measures

Eating Events
During the 2-week assessment period, participants were asked
to wear their dedicated smartwatch on their dominant wrist at

all times while they were home during waking hours. Automatic
eating event detection software on the smartwatches developed
by our research team [43] collected the timestamps (approximate
start and end times in the format mm/dd/yyyy, hh:mm:ss) for
all detected eating events that occurred while the watch was
worn. After an eating event was detected, participants received
a brief mobile questionnaire on their study phones to confirm
whether the detected eating event was a true event. The first
question on the questionnaire was “Were you eating or drinking
just now?” If the participant responded “No,” they were asked
to report what they were doing. Options included using my
phone, smoking, fixing my hair, putting on sunscreen or lotion,
or other with an open text field. If the participant responded
“Yes,” they were asked to report on a range of momentary
measures, such as hunger level before the eating event and with
whom they were eating. The full list of questions for the
time-triggered and the eating event–triggered mobile
questionnaires can be found in Table 1.

EMA Questionnaires
Timestamps (format: mm/dd/yyyy, hh:mm:ss) when the hourly
time-triggered and eating event–triggered mobile questionnaires
were sent to and received by the smartphones of participants
were obtained from the monitoring system. In addition, the
responses of the participants to the questionnaires were obtained
from the monitoring system.

Timing
Time of day at which and day of week on which an eating event
occurred was calculated using the timestamp of the detected
eating events. The time of day at which the eating event occurred
was stored in hh:mm:ss format. The lubridate R package [51]
was used to convert the date on which the eating event occurred
(format: mm/dd/yyyy) to the day of corresponding week
(Monday, Tuesday, etc), which was then converted to weekday
(Monday, Tuesday, etc) and weekend (Saturday or Sunday).

Anthropometrics
During home visit 1, height (cm), weight (kg), and body fat
percentage (%) were measured in all participants in a private
section of the home, using a portable stadiometer and a
research-grade Tanita scale (model TBF 300).

Demographics
During home visit 1, participants were asked to provide basic
demographic information via a paper-based questionnaire,
including their current age (years), gender (female or male),
race (Hispanic or Latino, Asian or Pacific Islander, White, Black
or African American, American Indian or Native American,
Mixed, or other), Hispanic or Latino ethnicity (Yes, No, or Do
not know), and family role (mother, father, child, grandparent,
aunt, uncle, and others).

Analytic Approach

Data Processing
A limitation of the EMA sampling protocol of the M2FED study
was that the study phones of participants (which were instructed
to be kept at home at all times) received hourly, time-triggered
surveys regardless of whether the participants themselves were
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at home or not (at school or work, running errands, etc). This
means that the time frame in which any given participant was
at home and participating in the study was not necessarily
continuous. Although we do not possess the ground truth for
presence of the participants at home (eg, no cameras and no
self-report diaries), our research team generated a participation
algorithm using the EMA system, proximity sensors, and
accelerometer in the watch to identify time intervals in which
we were confident that the participants were both at home and
actively participating in the study (ie, answering EMAs or
wearing the smartwatch; Figure 4).

If participants had answered an EMA at time t, then we assigned
their status as participating for the 30-minute interval
surrounding time t (ie, from t −15 to t +15 minutes). For times

outside the EMA interaction windows, we used data from the
sensors (smartwatch accelerometer and Bluetooth beacons) to
determine the status of the participants. For every minute, if the
accelerometer data of the smartwatch was both available (ie,
not missing for that minute) and indicated movement (ie, the
frequency and instantaneous changes of the sensor signal was
above a threshold, representing change in the signal because of
movement) and beacon data were available, then they were
classified as participating for that 1-minute interval. Contiguous
minute intervals with participating status were merged to
acquire larger time intervals. For each participant, these
participation time intervals were calculated, and the union of
all intervals (Figure 5) was used as the valid time interval in the
analyses.

Figure 4. Decision tree to determine when study participants were participating at home. EMA: ecological momentary assessment.
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Figure 5. Example of participation time intervals for a participant. In this example, the shaded gray regions indicate the valid participation time intervals
for this participant. In the first interval, we see that the participant answered an ecological momentary assessment (EMA), and there were available data
from the accelerometer and beacon. In the second interval, the participant did not answer an EMA, but there were available data from the accelerometer
and beacon. In the third interval, the participant answered an EMA and there were some available data from the accelerometer.

Data Analyses

Individual- and Family-Level Characteristics
The mean and SD or the count and proportion of the analytic
sample's age, BMI, gender, race, and ethnicity were calculated
and reported by family role (child or parent). At the family level,
the count and proportion of the type of household of the family
(1- or 2-parent household), number of children living at home,
and average length of family deployment were reported.

EMA Characteristics
The mean and SD of EMAs received per family, received per
person, and received per person per day were calculated after
applying the participation algorithm to the EMA data. The
frequency distribution of EMAs by family role and time of day
was calculated.

Primary Analyses
To test study aim 1A, EMA compliance was calculated as
follows (i can be values from 1 to n, where n represents the
number of participants in the study):

Overall compliance to EMAs for participanti = total
number of EMAs answered by participanti / total
number of EMAs received at home by participanti  (1)

Compliance to time-triggered EMAs for participanti
= total number of time-triggered EMAs answered /
total number of time-triggered EMAs received at
home by participanti  (2)

Compliance to eating event–triggered EMAs for
participanti = total number of eating event–triggered
EMAs answered / total number of eating
event–triggered EMAs received at home by
participanti  (3)

Means and SDs of overall compliance to EMAs, compliance to
time-triggered EMAs, and compliance to eating event–triggered
EMAs were also calculated across all participants.

To test study aim 1B, the unit of analysis was every EMA that
was sent to and received by the smartphones of the participants
throughout the span of the 2-week data collection period.
Compliance (dependent variable) was calculated as 1 if the
questionnaire was answered and as 0 if the survey was not
answered. A logistic regression model was fitted with the
following independent variables: type of EMA (time-triggered
and eating event–triggered), time of day (morning, defined as
midnight to 11:59:59 AM; afternoon, defined as noon to
16:59:59 PM; and evening, defined as 17:00:00 PM to 23:59:59
PM), day of week (weekday, defined as Monday through Friday;
and weekend, defined as Saturday and Sunday), gender (male
or female), family role (parent, child, or other), and social factors
(whether another participating family member j had answered
a survey that had been received within 15 minutes of the focal
person i’s questionnaire).

To test study aim 2A, we evaluated the performance of the
smartwatch by computing the following metrics for all eating
events automatically detected during deployments:

True positives = cases in which an eating event actually
occurred, and that eating event was correctly detected by the
smartwatch algorithm

False positives = cases in which an eating event actually did
not occur, but an eating event was erroneously detected by the
smartwatch algorithm.

Precision = true positives / (true positives + false
positives)  (4)

To test study aim 2B, nonparametric methods were used to
determine whether there were differences in the detection of
eating events by participant age, gender, family role, and height.
The metric we used to compare across demographic groups was
the following:

Proportion of correctly detected eating events for
participanti = true positives for participanti / total
number of detected eating events for participanti  (5)
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If any participant had received fewer than 3 eating
event–triggered EMAs, their data were excluded from this
analysis.

For categorical variables with 2 groups (ie, gender), the
appropriate assumptions were tested, and then the
Mann–Whitney U test was used to test for equality of central
tendency of the 2 distributions; for categorical variables with 3
or more categories (ie, family role), the Kruskal-Wallis test was
used. Finally, for continuous variables (ie, height [cm] and age
[years]), the appropriate assumptions were tested, and Spearman
rank correlation was used to measure the strength and direction
of the relationship between the continuous variable and the
proportion of correctly detected events.

Missing Data
There were no missing anthropometric or demographic data.
Similarly, there were no missing data on detected eating events
and corresponding variables, including time of eating event and
day of eating event; however, there were missing data for
time-triggered and eating event–triggered EMAs.

Missingness Attributed to Technical Issues

Preliminary analyses indicated that not all EMAs that were sent
to the study phones of the participants by the M2FED system
were received by the phone. The M2FED system ran
independently on the base station regardless of the network
connection, and therefore sent EMAs regardless of network
connection. However, a network connection was needed for the
phone to successfully receive the EMA.

Although we do not have data that explain why this happened
at every instance, we know from in-the-field troubleshooting
and from accounts given by participants that at least a portion
of the nonreceived EMAs resulted from (1) network connection
issues at home (ie, the router was not working and the EMAs
could not be received on the phone) and (2) EMA app failure
(ie, the EMA app on the phone failed to work properly).

For these analyses, we removed any EMAs that were sent by
the system but were not received by the phone.

Missingness Attributed to Participant Nonresponse or
Partial Response

The different types of missing data that we encountered were
because of participant nonresponse (ie, participants did not

respond to any EMA questions) or partial responses (ie,
participants did not respond to all EMA questions).

For aim 1 analyses, if participants did not respond to any
questions on a given mobile questionnaire, then this EMA was
labeled as received but not answered. If participants did not
respond to all questions, then this EMA was labeled as received
and partially answered. These EMA observations were kept in
the data set to calculate EMA compliance.

For aim 2 analyses, if participants did not respond to at least
the first question on a given eating event–triggered EMA (“Were
you eating or drinking just now?”), then this EMA observation
was removed from the data set.

Statistical software R (version 4.0.2) was used to perform these
analyses.

Results

Individual- and Family-Level Characteristics
A total of 74 participants from 20 families were enrolled in the
M2FED study. In all, 18% (13/74) of participants dropped out
of the study or were removed from the data set if their
participation (as determined by the participation algorithm) was
0% (ie, they did not answer any EMAs and never wore the
smartwatch; Figure 6).

In addition, the data from 4% (3/74) nonparent adult participants
made up approximately 1.44% (61/4232) of the EMAs received,
so these participants were removed from the analytic sample as
well. The remaining 78% (58/74) of participants included in
the analytic sample did not significantly differ from the enrolled
sample (N=74) by age, gender, or parent role (P>.05; Table 2).

Of the 58 participants, 43% (n=25) were parents and 57% (n=33)
were children. On average, children were aged 15.12 years (SD
3.97 years) and parents were aged 43.72 years (SD 6.71 years).
There were 39% (13/33) female children and 68% (17/25)
female parents. In all, 61% (20/33) of children and 68% (16/25)
of parents identified as Hispanic or Latino (Table 3).

Of the 20 enrolled families, most (17/20, 85%) were 2-parent
households, 15% (3/20) of the families had 1 child living at
home, 75% (15/20) of the families had 2 children, 5% (1/20)
of the families had 3 children, and 5% (1/20) of the families
had 4 children (Table 4). On average, family deployments lasted
14.90 days (SD 3.13 days).
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Figure 6. Flow of participants in the Monitoring and Modeling Family Eating Dynamics study. Participants may not have received an eating
event–triggered ecological momentary assessment (EMA) as no eating event was detected by the system or technical issues prevented the EMA from
sending.

Table 2. Comparison of recruited sample and analytic samples.

ValuesCharacteristics

P valueaAnalytic sample
for aim 2B
(n=36)

P valueaAnalytic sample
for aim 2A
(n=46)

P valueaAnalytic sample
for aim 1A and 1B
(n=58)

Recruited sample
(N=74)

.4726.67 (14.83).9628.76 (15.51).5927.45 (15.23)28.91 (15.79)Age (years), mean (SD)

.4920 (56).8124 (52).7830 (52)37 (50)Sex (female), n (%)

.9715 (42).7721 (46).9925 (43)32 (43)Parent (yes), n (%)

aP values were calculated by comparing the analytic sample to the recruited sample. Welch 2 independent sample 2-tailed t test was used for continuous
variables (ie, age), and Pearson chi-square test was used for categorical variables (ie, sex and parent).
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Table 3. Individual-level characteristics of the Monitoring and Modeling Family Eating Dynamics analytic sample (N=58), by family member role.

Parent (n=25)aChild (n=33)aCharacteristics

43.72 (6.71)15.12 (3.97)Age (years), mean (SD)

17 (68)13 (39)Sex (female), n (%)

Race and ethnicity, n (%)

1 (4)1 (3)Asian or Pacific Islander

1 (4)2 (6)Black or African American

16 (68)20 (61)Hispanic or Latino

4 (16)4 (12)White

1 (4)6 (18)Mixed

1 (4)0 (0)Other

32.90 (7.38)22.36 (4.66)BMIb percentile (n=53), mean (SD)

aThe percentages presented are column percentages.
bBMI: body mass index.

Table 4. Family-level and deployment-level characteristics of the Monitoring and Modeling Family Eating Dynamics study families (N=20).

ValuesCharacteristics

Number of parents living at home, n (%)a

3 (15)1-parent household

17 (85)2-parent household

Number of children living in the home, n (%)a

3 (15)1 child

15 (75)2 children

1 (5)3 children

1 (5)4 children

14.90 (3.13)Deployment length (days), mean (SD)

aThe percentages presented are column percentages.

EMA Characteristics
In total, 15,010 EMAs (14,348/15,010, 95.59% time-triggered
and 662/15,010, 4.41% eating event–triggered) were sent by
the M2FED system and received by study phones of the
participants. After filtering the data through the participation
algorithm, 27.78% (4171/15,010) EMAs remained in the data
set: 88.95% (3710/4171) of which were time-triggered and
11.05% (461/4171) were eating event–triggered (Table 5).

On average, families received 209.0 EMAs (SD 89.4; range
86-391), and individuals received 71.9 EMAs (SD 34.3; range
8-176) each. Participants received, on average, 64.0
time-triggered EMAs (SD 31.3; range 8-147) and 8.0 eating

event–triggered EMAs (SD 8.9; range 0-40) across the
deployment. The daily average number of EMAs received per
person was 5.2 (SD 2.7; range 0.6-11.7) for all EMAs, 4.7 (SD
2.4; range 0.3-10.2) for time-triggered EMAs, and 0.6 (SD 0.6;
range 0-2.7) for eating event–triggered EMAs (Table 5). Of the
4171 total EMAs, 18.58% (775/4171) were received in the
morning, 30.46% (1270/4171) in the afternoon, and 50.97%
(2126/4171) in the evening. Of the 461 eating event–triggered
EMAs, most, 45.8% (211/461), were sent in the evening (Figure
7). Children received 57.52% (2399/4171), fathers received
10.72% (447/4171), and mothers received 31.77% (1325/4171)
of the total EMAs. Of the 461 eating event–triggered EMAs,
49.9% (n=230) were received by children, 7.4% (n=34) by
fathers, and 42.7% (n=197) by mothers.
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Table 5. Ecological momentary assessment (EMA) summary statistics after applying participation algorithm, by prompt type.

EMAs received per person per
day, mean (SD; range)

EMAs received per person,
mean (SD; range)

EMAs received per family,
mean (SD; range)

Total EMAs received, NType of EMA

5.2 (2.7; 0.6-11.7)71.9 (34.3; 8-176)209.0 (89.4; 86-391)4171All EMA

4.7 (2.4; 0.3-10.2)64.0 (31.3; 8-147)186.0 (84.3; 77-356)3710Time-triggered
EMA

0.6 (0.6; 0-2.7)8.0 (8.9; 0-40)23.0 (17.2; 3-69)461Eating
event–triggered
EMA

Figure 7. Distribution of ecological momentary assessments (EMAs) received across the time of day (hour), by EMA survey type.

Participant Compliance
The overall compliance rate across the 20 deployments was
89.26% (3723/4171) for all EMAs, 89.7% (3328/3710) for
time-triggered EMAs, and 85.7% (395/461) for eating
event–triggered EMAs (Table 6). The average family-level
compliance was 89.4% (SD 5.74%; range 75.7%-98.1%) for
all EMAs, 89.8% (SD 5.84%; range 75.8%-98.7%) for

time-triggered EMAs, and 85.9% (SD 14.3%; range
55.6%-100%) for eating event–triggered EMAs. At the
individual-level, the average compliance for all EMAs was
89.6% (SD 9.5%; range 53.8%-100%), for time-triggered EMAs
was 89.5% (SD 10.1%; range 50%-100%), and for eating
event–triggered EMAs was 88% (SD 17.5%; range
28.6%-100%). The distributions of individual- (Figure 8A) and
family-level compliance (Figure 8B) are shown in Figure 8.

Table 6. Ecological momentary assessment (EMA) compliance rates after applying participation algorithm, by prompt type.

Individual-level compliance (%),
mean (SD; range)

Family-level compliance (%),
mean (SD; range)

Total EMAs answered
(compliance), n (%)

Total EMAs received, NType of EMA

89.6 (9.5; 53.8-100)89.4 (5.74; 75.7-98.1)3723 (89.3)4171All EMA

89.5 (10.1; 50-100)89.8 (5.8; 75.8-98.7)3328 (89.7)3710Time-triggered EMA

88.0 (17.5; 28.6-100)85.9 (14.3; 55.6-100)395 (85.7)461Eating event–trig-
gered EMA
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Figure 8. Distribution of (A) family-level and (B) individual-level compliance.

Predictors of Compliance
Three separate logistic regression models were fitted with the
following data sets: (1) all EMAs, (2) time-triggered EMAs,
and (3) eating event–triggered EMAs.

Results from the first model indicate that time of day and
whether other family members had also answered an EMA were
significant predictors of compliance to all EMAs (Table 7).
Participants were 37% less likely (odds ratio [OR] 0.63, 95%
CI 0.46-0.86) to respond to an EMA in the afternoon and 39%
less likely (OR 0.61, 95% CI 0.45-0.81) to respond to an EMA
in the evening compared with the morning (reference group).
Participants were 91% more likely (OR 1.91, CI 1.56-2.34) to
respond to an EMA if another family member had responded
to an EMA in the surrounding 30-minute time interval.

The results from the second model indicate that time of day and
whether other family members had also answered an EMA were

significant predictors of compliance to time-triggered EMAs
(Table 7). Participants were 40% less likely (OR 0.60, 95% CI
0.42-0.85) to respond to a time-triggered EMA in the afternoon
and 47% less likely (OR 0.53, 95% CI 0.38-0.74) to respond to
a time-triggered EMA in the evening than in the morning
(reference group). Participants were approximately 2 times as
likely (OR 2.07, 95% CI 1.66-2.58) to respond to a
time-triggered EMA if another family member had responded
to any EMA in the surrounding 30-minute time interval.

Results from the third model indicate that weekend status and
deployment day were significant predictors of compliance to
eating event–triggered EMAs (Table 7). Participants were 2.4
times as likely (OR 2.40, 95% CI 1.25-4.91) to respond to an
eating event–triggered EMA on the weekend, than on a
weekday. Participants were 8% less likely (OR 0.92, 95% CI
0.86-0.97) to respond to an eating event–triggered EMA for
every 1-day increase in deployment day.
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Table 7. Logistic regression model results, examining predictors of compliancea.

Model 3: eating event–triggered EMAsModel 2: time-triggered EMAsModel 1: all EMAsbCharacteristics

OR (95% CI)β (SE)OR (95% CI)β (SE)ORc (95% CI)β (SE)

11.15 (2.65-48.64)2.41f (0.74)9.22 (5.24-16.36)2.22e (0.29)8.75 (5.20-14.82)2.17d,e (0.27)Intercept

1.02 (0.96-1.08).02 (0.03)1.00 (0.98-1.02).00 (0.01)1.00 (0.98-1.03).00 (0.01)Age (years)

0.71 (0.33-1.46)−.35 (0.38)0.60 (0.42-0.85)−.51f (0.18)0.63 (0.46-0.86)−.47f (0.16)Afternoon

1.32 (0.62-2.75).28 (0.38)0.53 (0.38-0.74)−.63e (0.17)0.61 (0.45-0.81)−.50f (0.15)Evening

2.40 (1.25-4.91).87g (0.35)0.95 (0.75-1.19)−.06 (0.12)1.06 (0.86-1.31).06 (0.11)Weekend, yes

0.92 (0.86-0.97)−.09f (0.03)0.99 (0.97-1.01)−.01 (0.01)0.98 (0.96-1.01)−.02 (0.01)Deployment day

0.52 (0.22-1.22)−.65 (0.43)1.37 (0.98-1.92).31 (0.17)1.21 (0.90-1.65).19 (0.15)Female, yes

0.52 (0.06-4.56)−.65 (1.07)1.06 (0.53-2.16).06 (0.36)0.99 (0.51-1.93)−.01 (0.34)Mother

0.53 (0.08-3.26)−.64 (0.93)0.69 (0.33-1.47)−.37 (0.38)0.66 (0.33-1.30)−.42 (0.35)Father

0.99 (0.54-1.76)−.02 (0.30)2.07 (1.66-2.58).73e (0.11)1.91 (1.56-2.34).65e (0.10)Others answered, yes

aAkaike information criteria is 2805.16, 2417.32, and 375.57 for models 1-3, respectively. Bayesian information criteria is 2868.52, 2479.50, and 416.91
for models 1-3, respectively.
bEMA: ecological momentary assessment.
cOR: odds ratio.
dValues indicate significant estimates.
eP<.001.
fP<.01.
gP<.05.

Smartwatch Algorithm Evaluation
At least one eating event was automatically detected during the
deployment for 46 participants. This subsample (ie, the analytic
sample for aim 2A) did not significantly differ from the enrolled
sample (N=74) by age, gender, or parent role (P>.05; Table 2).

A total of 461 eating events were automatically detected using
the smartwatch algorithm across these 46 participants.
Participants responded to 85.7% (395/461) of the corresponding
eating event–triggered EMAs. Participants confirmed that 76.5%
(302/395) of the detected events were true eating events (ie,
true positives) and 23.5% (93/395) were not true eating events
(ie, false positives). For approximately one-third of these false
positives, participants reported that they were using their phones
at the time. The calculated precision measure, that is, the number
of true positives divided by the sum of true positives and false
negatives, was 0.77.

Differences in Eating Event Detection
At least three eating event–triggered EMAs were received by
36 participants. This subsample (ie, the analytic sample for aim
2B) did not significantly differ from the enrolled sample (N=74)
by age, gender, or parent role (P>.05; Table 2). For this
subsample, the average individual-level proportion of correctly
detected eating events (true positives / total number of detected
eating events) was 78.5% (SD 19%; range 30%-100%). In all,
72% (26/36) of the analytic sample had at least one falsely
detected eating event (false positive).

Neither age (years) nor height (inches) was significantly
correlated with the proportion of correctly detected eating events
(rs=0.24, P=.17 and rs=−0.12, P=.52, respectively). The average
individual-level proportion of correctly detected eating events
for women was 82.1% (SD 20.4%; range 30%-100%) and was
74% (SD 16.6%; range 50%-100%) for men. The difference
between the 2 groups was not significant (W=112; P=.13). The
average individual-level proportion of correctly detected eating
events for children was 74.3% (SD 19.3%; range 30%-100%),
for fathers was 76.1% (SD 21.5%; range 58.3%-100%), and for
mothers was 86.5% (SD 16.8%; range 54.5%-100%). The
differences among these 3 groups were not significant

(Kruskal–Wallis χ2
2=2.998; P=.22).

Discussion

The M2FED study sought a dramatically different mobile health
(mHealth) approach to obesity prevention and intervention by
not focusing directly on diet and activity, but rather on family
eating dynamics. An in-home sensor system was developed and
deployed to monitor family eating dynamics in real time and
context.

Evaluating EMA Compliance
After applying our customized participation algorithm, we found
that both individual- and family-level compliance rates to the
EMA protocols of the study were relatively high (both greater
than the recommended 80%) [24]. Compliance was significantly
higher in the mornings overall and higher on the weekends for
eating event–triggered EMAs, which supported the informal
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feedback we received from participants that they were more
likely to participate (ie, respond to EMAs and wear the
smartwatch) when they did not need to go to work or school
(typically the weekend days). We also saw that overall
compliance decreased as the 2-week study went on, most likely
attributable to participant fatigue.

One particularly interesting finding was that participants were
significantly more likely to answer an EMA if another family
member had answered an EMA in a similar time frame. A
similar finding was reported by Dzubur et al [41], in which
mother-child dyads were more likely to comply with prompts
when they were together. Although the overarching aims of the
M2FED study were to measure the social influence of family
members on eating behavior, this finding also indicates that
social influence came into play in other parts of the study as
well. Drawing from the social psychology field, several social
mechanisms could partially explain these findings. For instance,
an expectation could have been set early on in particular families
to answer the EMA prompts, thus establishing a social norm
for EMA compliance [52,53]. Similarly, some individuals may
have been inclined to answer EMA prompts to conform to the
behavior of other family members around the same time [52,53],
especially considering that family members received their
time-triggered EMAs at approximately the same time as each
other.

Studies have used EMA to measure various dietary outcomes,
including frequency of food intake, intake of specific types of
foods (eg, low glycemic index foods), and energy intake [25].
It has been suggested in a recent systematic review of mobile
ecological momentary diet assessment methods that EMA has
the potential to be a novel dietary assessment method, both on
its own and as a supplement to other mHealth technologies [25].
The use of EMA to assess dietary intake and eating behavior
provides some key advantages, namely, the reduction of
participant burden and recall bias and the maximization of
ecological validity [25]. Taken together with the findings from
Dzubur et al [41] and Schembre et al [25], our findings suggest
that EMA can be used to sufficiently supplement automatic
dietary assessment (ADA) approaches and may be a particularly
useful approach for leveraging social relations and maintaining
compliance in dyad- and group-based EMA studies.

Evaluating ADA
Various technologies have been used to passively measure eating
activity in naturalistic settings over long periods with minimal
user interaction. One of the most popular technologies for
assessing eating activity in the field is the wrist-worn smartwatch
or accelerometer [23,27]. The performance of automatic,
wearable-based, in-field eating detection approaches to date has
been reviewed by Bell et al [27]. The smartwatch used in the
M2FED study performed on par with other in-field devices,
although comparability is difficult owing to the wide and varying
metrics used by other papers [27]. Although some wearable
devices included in this review performed very well, the duration
of the free-living deployment was 1 day (approximately 24
hours) or shorter for more than half of the studies, and another
one-third were 1 week in length or shorter [27].

Overall, 3 studies had durations that lasted at least two weeks
or longer [34,54,55], 66% (n=2) of which had sample sizes of
only 1 participant each. Therefore, the M2FED study is one of
the first studies to extensively test the feasibility of deploying
an ADA approach for a considerable amount of time (2 weeks)
and with a relatively large same size (>50 participants). Part of
this success stems from the combined use of mobile devices
(for EMA) and smartwatches, which were selected for the
M2FED study to maximize long-term usability. Although other
technologies have been able to perform better in the field, the
usability of these technologies (electromyography electrodes,
ear and neck sensors, wearable video cameras, etc) may be lower
compared with wrist-worn devices because of the inconvenient
location of sensor placement, the potential to interfere with the
behavior of participants in real life [56], and the potential
intrusiveness or discomfort caused by the sensor [57].

This study also demonstrates that EMA is a feasible tool for
collecting ground-truth eating activity and thus evaluating the
performance of wearable sensors in the field. Only 2 studies
[34,35] included in the review by Bell et al [27] used a novel
method for obtaining ground-truth eating activity in the wild,
similar to the way EMA was used in the M2FED study. In a
study by Ye et al [34], when an eating gesture was automatically
detected via a wrist-worn sensor, participants were sent a short
message on their smartwatch to confirm or reject in real time
whether they were eating. Similarly, in a study by Gomes and
Sousa [35], when drinking activity was detected via a wearable
sensor, participants were sent an alert on their smartphone and
could then confirm or reject whether they were drinking via
EMA. Although EMA and similar self-report methods have
their own limitations [23,58], they offer the ability to capture
and validate ground-truth eating activity near the time of eating,
thus improving research scalability and participant acceptability
[25].

Another key feature of the M2FED study was the ability to
capture intrapersonal (individual) and interpersonal (social)
contexts with our combined event- and signal-contingent
protocols. A systematic review noted that <7% of EMA studies
assessing diet use a combined approach [59]. EMA is a powerful
tool that can be used to validate automatically detected eating
behavior in the field and to easily collect information about
meaningful contexts; however, few studies have used this
approach and still rely on paper–pen questionnaires to validate
their findings [27].

Limitations and Strengths
The M2FED study design had notable limitations. First, our
method of obtaining ground-truth eating was only deployed via
eating event–triggered EMA after an eating event was detected
by the smartwatch. Thus, we could only verify true positive and
false positive eating events. The M2FED system was not
designed to verify true negative or false negative eating events,
which limited our ability to calculate common evaluation metrics
(ie, accuracy and F1-score) and compare our results to other
in-field studies described in the literature. Future research can
build upon our study by implementing a verification of true
negative and false negative eating events, via time-triggered
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EMA or other methods, to gain a better understanding of the
strengths and weaknesses of such an event detection algorithm.

Second, the false positive eating events were self-reported
validation, which might be subject to social desirability in
underreporting an eating event. This could potentially bias the
validity of the results. Third, we encountered various difficulties
with the deployed technologies, including smartwatches (ie,
limited battery), mobile phones (ie, limited battery and app
crashes), and the Wi-Fi router (ie, wireless connection dropped).
Although these challenges were anticipated and were addressed
in a timely manner on all occasions, some data were lost during
the data collection process.

Finally, as the scope of this study only covered in-home eating
behavior, we observed relatively few eating event–triggered
EMAs per person across the 2-week study (approximately 8 per
person). However, the range was very wide, indicating that
some participants consumed more meals inside their homes
compared with others. Reasons often provided informally by
participants included eating all or most meals at school or work,
working early or late, traveling for work, and participating in
after-school extracurricular activities.

On the other hand, this study also possesses several strengths.
First, we recruited a large and ethnically diverse sample of
families from Los Angeles. It has been previously noted that
the lack of diverse samples in eating-related mHealth and EMA
studies is a major limitation of past research [60]. Second, as
noted above, the M2FED study facilitated one of the longest
in-field deployments found in the literature so far. Most ADA
research has been conducted in the laboratory. By deploying in
the field, we are able to better understand real-life eating
behavior (vs eating behavior in a laboratory) and gain a better
understanding of the challenges that arise when deploying
wearable sensors outside of the laboratory. Third, as the
deployment process was across a 2-year period, we were able
to iteratively improve our automatic eating event detection
algorithm and then use the newest version in the following
deployments. Finally, this study produced momentary measures
of theoretical constructs as well as momentary measures of
eating behaviors. The theoretical work that we can now
contribute would be to understand which constructs influence
behavior, which behaviors influence various constructs, and
which constructs play no role at all. We can also begin to
understand the role of timing in these influences.

Future Directions
The mHealth field is converging toward the use of a combination
of user-friendly devices to assess eating behavior in the wild
(eg, mobile phones and wrist-worn devices) [27,31].
Implementing user-friendly technologies for in-field dietary
assessment or eating behavior interventions offers at least two
substantial advantages—people are generally familiar with them

[31] and may be willing to use them for longer periods compared
with more intrusive devices. Although early studies
experimented with less familiar, often not off-the-shelf
technologies (eg, piezoelectric strain gauge sensors), most recent
studies have opted for accelerometers and gyroscopes that are
embedded within a wrist-worn smartwatch [27]. Furthermore,
the combination of a wrist-worn smartwatch to automatically
detect eating and a mobile or wearable device to capture
ground-truth eating has been featured in a few studies published
in the past year [61-63]. This approach is becoming more
common, and these types of devices offer advantages for the
user (participant) and make the use of mHealth technologies
more accessible to nonengineering behavioral researchers.
However, a number of related challenges have emerged. Future
research will need to address comparability between newer
technology-assisted measures and more traditional self-report
measures of eating [64] versus other similar technology-assisted
measures [27].

These user-friendly technologies also allow for passive
measurement or low-effort reporting of various contexts and
environments with relative ease. For example, fine-grained
real-time GPS data can be scraped from both mobile devices
and smartwatches to determine an individual’s location and
potentially assess the external influences on behavior [65,66].
Similarly, the social environment can be gleaned from wearable
cameras [67], self-report EMA [68], or proximity Bluetooth
sensors [69].

The ability to determine one’s context or environment is a
necessary component of ecological momentary interventions
[70] or just-in-time interventions [71]. These types of
intervention designs aim to provide the right amount of support
at the right time and in the right context to promote behavior
change [71-73]. These types of designs are well-suited for and
offer unique opportunities for family-based settings [74]. They
offer the ability to intervene in children and adolescents and
can be designed to target the behavior of multiple family
members at once [74]. As family members share genetic,
environmental, and behavioral risks, family units are especially
important targets for intervention and prevention [75] and have
the potential to halt the intergenerational transmission of obesity
and other chronic diseases.

Conclusions
This paper demonstrates that EMA is a feasible tool to collect
ground-truth eating activity and thus evaluate the performance
of wearable sensors in the field. The combination of a
wrist-worn smartwatch to automatically detect eating and a
mobile or wearable device to capture ground-truth eating activity
offers key advantages for the user (participant) and makes the
use of mHealth technologies more accessible to nonengineering
behavioral researchers.
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Abstract

Background: Wearable continuous monitoring biosensor technologies have the potential to transform postoperative care with
early detection of impending clinical deterioration.

Objective: Our aim was to validate the accuracy of Cloud DX Vitaliti continuous vital signs monitor (CVSM) continuous
noninvasive blood pressure (cNIBP) measurements in postsurgical patients. A secondary aim was to examine user acceptance of
the Vitaliti CVSM with respect to comfort, ease of application, sustainability of positioning, and aesthetics.

Methods: Included participants were ≥18 years old and recovering from surgery in a cardiac intensive care unit (ICU). We
targeted a maximum recruitment of 80 participants for verification and acceptance testing. We also oversampled to minimize the
effect of unforeseen interruptions and other challenges to the study. Validation procedures were according to the International
Standards Organization (ISO) 81060-2:2018 standards for wearable, cuffless blood pressure (BP) measuring devices. Baseline
BP was determined from the gold-standard ICU arterial catheter. The Vitaliti CVSM was calibrated against the reference arterial
catheter. In static (seated in bed) and supine positions, 3 cNIBP measurements, each 30 seconds, were taken for each patient with
the Vitaliti CVSM and an invasive arterial catheter. At the conclusion of each test session, captured cNIBP measurements were
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extracted using MediCollector BEDSIDE data extraction software, and Vitaliti CVSM measurements were extracted to a secure
laptop through a cable connection. The errors of these determinations were calculated. Participants were interviewed about device
acceptability.

Results: The validation analysis included data for 20 patients. The average times from calibration to first measurement in the
static position and to first measurement in the supine position were 133.85 seconds (2 minutes 14 seconds) and 535.15 seconds
(8 minutes 55 seconds), respectively. The overall mean errors of determination for the static position were –0.621 (SD 4.640)
mm Hg for systolic blood pressure (SBP) and 0.457 (SD 1.675) mm Hg for diastolic blood pressure (DBP). Errors of determination
were slightly higher for the supine position, at 2.722 (SD 5.207) mm Hg for SBP and 2.650 (SD 3.221) mm Hg for DBP. The
majority rated the Vitaliti CVSM as comfortable. This study was limited to evaluation of the device during a very short validation
period after calibration (ie, that commenced within 2 minutes after calibration and lasted for a short duration of time).

Conclusions: We found that the Cloud DX’s Vitaliti CVSM demonstrated cNIBP measurement in compliance with ISO
81060-2:2018 standards in the context of evaluation that commenced within 2 minutes of device calibration; this device was also
well-received by patients in a postsurgical ICU setting. Future studies will examine the accuracy of the Vitaliti CVSM in ambulatory
contexts, with attention to assessment over a longer duration and the impact of excessive patient motion on data artifacts and
signal quality.

Trial Registration: ClinicalTrials.gov NCT03493867; https://clinicaltrials.gov/ct2/show/NCT03493867

(JMIR Mhealth Uhealth 2022;10(2):e24916)   doi:10.2196/24916

KEYWORDS

validation study; continuous vital signs monitor; continuous non-invasive blood pressure monitoring; wearable; blood pressure;
monitoring; validation; mHealth; vital sign; biosensor; accuracy; usability

Introduction

Background
Intraoperatively, continuous hemodynamic monitoring is the
standard of care for patients undergoing surgery [1]. Continuous
monitoring of patients’ vital signs in the operating room (ie,
blood pressure [BP], heart rate, respiratory rate, blood oxygen
saturation [SpO2], core body temperature, and electrocardiogram
[ECG]) facilitates immediate recognition of hemodynamic
instability and patient deterioration [1]. In contrast, once patients
are transferred to surgical wards, their vital signs are assessed
only periodically [2]. Hospital policies typically dictate that
nursing staff assess patients’ vital signs every 4 hours to 12
hours on surgical wards [2-6]. Patients are then discharged home
routinely without surveillance [2]. Such infrequent in-hospital
monitoring, followed by no monitoring at home, presents a
danger to surgical patients. Cumulative published data support
that deteriorations in patients’ physiologic status in hospital,
for example, often go undetected [7,8], conferring risk for
hemodynamic compromise and serious postoperative adverse
events (eg, hypotension leading to myocardial ischemia, stroke,
and death).

New remote automated monitoring (RAM) technologies that
enable continuous acquisition of physiologic data from
biosensors; transmission, integration, and syntheses of multiple
data sources to indicate patient status; as well as real-time alerts
to clinicians have the potential to revolutionize the science of
RAM [2]. Major developments in the field over the last decade
include (1) the evolution of RAM systems capacity for
semi-automatic (ie, clinician-promoted) discrete measurement
of vital signs to fully automatic continuous measurement of
vital signs; (2) the development of ultra-lightweight, unobtrusive
sensors that facilitate unencumbered patient ambulation; and
(3) the incorporation of more powerful microprocessors that

enable higher sampling frequencies and, ultimately, higher
fidelity signal inputs for increased precision of early adverse
event detection [2,9,10]. These advancements are now seeing
the commercial availability of a few noninvasive systems [11,12]
that are capable of incorporating combinations of a number of
vital signs parameters and related metrics, including heart rate,
respiratory rate, skin temperature, SpO2, BP, and movement.

Although significant progress has been made, continuous RAM
systems are not yet in routine use in clinical care. A number of
tactical and feasibility-related barriers remain, related to signal
transmission, range, and speed; duration of power supply; as
well as cybersecurity concerns [2,10]. At the clinical care level,
a key barrier to advancing RAM has been the need to rely on
systems that employ traditional methods for measuring BP
noninvasively [2]. Such methods include the use of a
sphygmomanometer with manual measurements by auscultation
of Korotkoff sounds [13] or palpatory methods [14] and the
derivation of automatic measurements through oscillometry
[13]. These methods provide discrete or interval-based
measurements with a pneumatic cuff typically situated on the
brachial or radial arteries.

A challenge with systems that feature intermittent, pneumatic
cuffs for the measurement of noninvasive BP is that they can
be uncomfortable for patients and infeasible for longer-term
patient monitoring [2]. Moreover, reliance on pneumatic cuffs
does not help to overcome the problem of episodic vital sign
measurement on surgical wards [2]. It is crucial that reliable,
continuous, noninvasive blood pressure (cNIBP) measurement
be achieved—while clinically important hypotension has been
shown to have significant population-attributable risk for
postoperative death and stroke, prolonged episodes of
hypotension (and hypertension) are often missed in the context
of intermittent BP monitoring [6-8].
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Recent technologies for cNIBP measurement have emerged that
utilize volume-clamp and arterial applanation tonometry
methods [15]. Although these cNIBP methods have resulted in
clinically accurate medical devices, they are limited in terms of
portability and ambulatory use, shorter durations of application
due to patient discomfort, and high cost [15]. The pursuit of
cNIBP methods that provide seamless integration into a patient’s
daily activities and that offer a low-cost alternative while
delivering clinical-grade BP metrics is a current focus for the
biomedical engineering and RAM communities [10]. Cloud DX
has developed one such device called the Vitaliti continuous
vital signs monitor (CVSM), which supports the
derivation of cNIBP through fundamental principles of
biomechanics and pulse wave velocity [2].

Objectives
In accordance with standards set forth by the International
Organization for Standardization (ISO 81060-2:2018) [16], we
sought to establish the accuracy of Vitaliti CVSM cNIBP
measurements versus gold standard invasive continuous arterial
BP measurements in postsurgical patients. A secondary objective
was to examine the usability of the Vitaliti CVSM with respect
to perceived patient acceptance.

Vitaliti Continuous Vital Signs Monitor
The Vitaliti CVSM [2,17] (Figure 1) is a wearable CVSM that
can continuously and noninvasively measure 5-lead ECG, heart
rate and heart rate variability, respiration rate, temperature
(infrared sensor applied to the ear), SpO2, and cNIBP [2]. See
Multimedia Appendix 1 for details on Vitaliti CVSM donning,
device configuration and features, and clinical workflow
including calibration procedure.

Figure 1. The Vitaliti continuous vital signs monitor and user interface.

Methods

Testing Authorization and Measurement Standards
Requirements
The verification testing portion of this study received an
investigational testing authorization (STP-VIT-002) for Class
II medical devices from Health Canada. Study setting, inclusion
criteria, and methods were in compliance with ISO
81060-2:2018 requirements [16], as described in the following
sections.

ISO 81060-2-2018 Requirements
For the demographic requirements, ISO 81060-2:2018 [16]
stipulates that cNIBP testing must include a minimum of 15
patients and that 30% of the sample are male and 30% are
female. In addition, those included for verification testing were
to meet the following required proportions for baseline BP
ranges [16]:

• At least 10% shall have a reference systolic blood pressure
(SBP) ≤100 mm Hg (13.33 kPa).

• At least 10% shall have a reference SBP ≥160 mm Hg
(21.33 kPa).

• At least 10% shall have a reference diastolic blood pressure
(DBP) ≤70 mm Hg (9.33 kPa).

• At least 10% shall have a reference DBP ≥85 mm Hg (11.33
kPa).

In keeping with ISO restrictions for special populations [16],
patients who were pregnant or experiencing cardiac arrhythmias
were to be excluded.

For the accuracy requirements, according to the ISO standard
[16], one determination of cNIBP measurement represents the
average of one 30-second interval for a given patient position.
To ensure equal weighting of BP measurements across
participants, the ISO standard also requires that no more than
10 BP measurements be included per patient. Thus, for each
test session, 3 separate 30-second determinations were calculated
per patient for each position for both the arterial catheter
reference and the Vitaliti CVSM. Errors of each measurement
determination were calculated. If the determination of the Vitaliti
CVSM was within 1 (±) SD of the determination of the arterial
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catheter, the error of that determination equaled 0. If any SBP
or DBP determination from the Vitaliti CVSM was outside of
1 (±) SD of the corresponding arterial catheter determination,
then the error for that determination equaled the upper or lower
limit of the arterial catheter reference measurement minus the
Vitaliti CVSM determination [16].

All errors of valid, paired BP determinations (included
participants only) were then used to calculate the experimental
mean and SD of errors for SBP and DBP. If the mean of the
errors of determination was not greater than 5 mmHg and the
SD of the error was not greater than 8 mmHg, then the Vitaliti
CVSM device was determined to be compliant with ISO
guidelines [16].

Bland-Altman plots [18] were generated to visualize agreement
between arterial catheter and Vitaliti CVSM mean BP
measurements and inspect the bias (ie, mean error) and
distribution of errors of determination within 95% limits of
agreement (ie, ±1.96 SD).

Setting and Participants
This study required comparison of the Vitaliti CVSM to a
gold-standard comparator for continuous BP measurement. We
therefore required access to patients with an invasive arterial
catheter for hemodynamic monitoring. Recruited participants
provided written, informed consent and included patients 18
years of age or older who underwent cardiac surgery and were
admitted for immediate postoperative recovery in the Hamilton
Health Sciences (Hamilton General Hospital site) Cardiac
Surgical Intensive Care Unit (ICU) with an arterial line in situ.

The ICU setting was chosen given that arterial lines for the
continuous measurement of SBP, DBP, and mean arterial
pressure are the standard of care in this setting. Moreover, based
on operating room schedules, the cardiac surgical unit had
predictable patient flows, allowing for planning and efficient
execution of study procedures. The study coordinating center
was the Population Health Research Institute (PHRI) in
Hamilton, Ontario.

Given minimal ISO requirements [16] for participant numbers
and prespecified baseline BP ranges, we targeted a maximum
recruitment of 80 participants for verification and acceptance
testing. We intentionally oversampled given the high likelihood
of labile hemodynamic status in postoperative cardiac surgery
patients. Based on clinical experience, we anticipated that abrupt
changes in baseline BP, or other aspects of physiologic status,
would preclude moving forward with testing procedures for
some participants. Given the complexity of the clinical setting,
we also oversampled in anticipation of interruptions to study
procedures (eg, immediate patient care needs, emergencies) and
technical challenges with respect to data downloads and
intersystem comparisons in the context of real-time cNIBP
monitoring.

Procedures and Data Collection
Study flow is depicted in Figure 2. Patients expected to fulfill
eligibility criteria were first approached and invited to participate
by the ICU nurse educator. Those interested in hearing more
were then approached by study personnel to obtain written,
informed consent and collect baseline demographic information.
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Figure 2. Study flow diagram.

Continuous Blood Pressure Measurement
Requirements and Data Collection

ISO Guidance
ISO [16] stipulates that, in the context of cNIBP testing where
gold-standard comparator devices and test devices are cuffless,
cNIBP determinations measured during 30-second intervals are
considered equivalent to a single determination with a traditional
cuff-based sphygmomanometer. This guidance was used to
capture baseline BP recordings as well as all ISO [16] test
recordings, as described in the following sections.

Baseline Blood Pressure Recording
Baseline BP was determined from the gold-standard ICU arterial
catheter. The patients’ ICU nurse first levelled and zeroed the
ICU arterial catheter transducer (TruWave disposable pressure
transducer; Edwards Lifesciences, Irvine, CA) to achieve
consistent reference measurements and to negate the influence
of external atmospheric pressure on BP recordings. Per ISO
requirements [16], 3 BP recordings were then taken to establish
each patient’s baseline BP category. Patients were assisted by
the ICU nurse into a seated position in bed and asked to sit
quietly. Three BP recordings, lasting 30 seconds each, were
taken by the research assistant; each of these readings was taken
60 seconds apart. The mean value of these readings was defined
as the patient’s baseline BP, and this value was logged according

to the appropriate ISO category [16], as applicable. Those
patients who did not meet one of the prespecified baseline BP
category requirements were immediately excluded, and their
participation was discontinued.

Vitaliti CVSM Donning Process and Setup
Per manufacturer instructions, the research assistant placed the
Vitaliti CVSM around the patient’s neck and positioned the
collar to be flush with the neck and shoulders. The flexibility
of the device allowed for positioning of the collar and contact
electrodes on the chest, such that surgical site dressings or ICU
equipment and tubing were unencumbered. A disposable sheath
(for infection control purposes) was placed on the tip of the
earpiece, which was then positioned in the patient’s ear. The
research assistant then used a tablet to access Vitaliti companion
software, in order to conduct a systems check. This check
included ensuring proper positioning and contact of all sensors
on the patient, as well as real-time visualization of the capture
of all biometrics and physiologic wave forms.

Vitaliti CVSM Calibration
Following baseline BP assessment and equipment setup, the
Vitaliti CVSM was calibrated against the reference arterial
catheter. Patients were again asked to sit still and refrain from
movement or talking during this step. The research assistant
first recorded an instantaneous reference BP reading from the
arterial catheter and registered this value into the Vitaliti
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application on the tablet. Next, the Vitaliti system captured and
analyzed the patients’ vital metrics and physiological signals
for a period of 60 seconds, in order to calibrate against the
reference measurement. At the conclusion of this calibration
step, the Vitaliti system analyzed the recorded data to ensure
consistent signal quality and that there were limited movement
artifacts. If the Vitaliti software indicated to the research
assistant that the calibration was unsuccessful, the procedure
was repeated.

Test Blood Pressure Recordings: Static and Supine
Positions
Simultaneous cNIBP readings from the arterial catheter and the
Vitaliti CVSM were first captured with the patient in the seated,
static position (in bed). These simultaneous measurements were
captured for a period of 10 minutes, without interruption.
Following this procedure, the patient was assisted by the ICU
nurse into the supine position, in order to achieve a change in
posture for continued measurement. Another 10 minutes of
simultaneous cNIBP recordings were then captured.

Data Extraction and Preparation for Analysis
At the conclusion of each test session, captured cNIBP
measurements were extracted from the arterial catheter ICU

monitor device using MediCollector BEDSIDE [19] data
extraction software. Vitaliti CVSM measurements were
extracted by connecting the device USB Type C port to a secure
study laptop with a cable. Custom Python scripts were provided
by Cloud DX to extract measurements from the Vitaliti CVSM
at 1-second time-stamped intervals, for comparison against the
arterial catheter data. Both devices were synchronized to ensure
time alignment in post-signal processing.

The 10-minute intervals of cNIBP recordings with patients in
seated (static) and supine position alignments were verified with
Vitaliti CVSM accelerometer and gyroscope data collected
during the test period (Figure 3). Per ISO requirements [16],
for each patient, we isolated 3 separate 30-second intervals of
cNIBP measurements for seated and supine positions; each of
these determinations was at least 1 minute apart. Each 30-second
interval also had to feature uninterrupted cNIBP measurements
without any measurement loss from either the arterial catheter
or the Vitaliti CVSM. The 30-second intervals selected for
analysis were extracted to allow for 2-minute transition periods
between patient positions in order to ensure stable
measurements.

Figure 3. Tri-axial accelerometer data showing static and then supine patient positions with overlaid 30-second measurement intervals.

Vitaliti Device—Perceived User Acceptance
Human factors testing is utilized to evaluate if a medical device
can support users in the intended environment for all critical
tasks [20]. To provide an assessment of elements of human
factors and usability of the Vitaliti CVSM from the patient
perspective, an exit interview was conducted with patients by
the clinical team, and an online survey was completed to capture
their responses. A customized questionnaire was developed in
keeping with regulatory guidance provided by the Food and
Drug Administration (FDA) [20] for applying human factors
and usability engineering to medical devices. This questionnaire
consisted of 13 questions to establish user acceptance of the

Vitaliti CVSM with respect to comfort, ease of application,
sustainability of positioning, and aesthetics; possible responses
to each item ranged from “strongly disagree” to “strongly
agree.” See Multimedia Appendix 2 for the questionnaire.

Data Analyses

Demographic Characteristics and User Acceptance
Ratings
Descriptive statistics were used to summarize participants’
demographic characteristics and user acceptance ratings. The
distribution of patients across baseline Association for the
Advancement of Medical Instrumentation (AAMI)-ISO BP
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categories [16] was summarized. Analyses were performed
using SAS/STAT (release 9.4) statistical analysis software.
Prior to analyses, Python was used to prepare BP recordings
captured by the reference arterial catheter and the Vitaliti CVSM
for post hoc signal analyses.

Post Hoc Signal Analyses
In accordance with AAMI-ISO guidelines [16], all cNIBP
measurements, in either the static or supine position and for any
given participant, were excluded if (1) the invasive reference
SBP had a range ≥20 mm Hg (2.67 kPa) or (2) the invasive
reference DBP had a range ≥12 mm Hg (1.6 kPa). All cNIBP
recordings were evaluated against these criteria. All participants
with data meeting these constraints were removed from
validation analyses.

Two additional assessments of signal quality were performed
on the physiological data captured by the Vitaliti CVSM. First,
tri-axial accelerometer and gyroscope data were reviewed to
identify any test sessions with an excessive amount of movement
that impacted the quality of photoplethysmography and ECG
signals (metrics vital to the derivation of cNIBP). An activity
index based on accelerometer data [21], defined as the time
derivative of acceleration, was used to evaluate the amount of
movement by each patient during test sessions. This index
reflects the combined impact of the rate at which a patient’s
acceleration measurements change with respect to time in 3
perpendicular planes of movement. An average value of the
activity index was calculated for all activity throughout the
static and supine positions. An equivalent activity index has
been used for mobile application–based activity monitoring and
a wellness motivation system for senior adults [21]. Vitaliti
CVSM activity intensities were empirically derived during data
collection; a critical threshold of 2.4 gravities per second (g/s)
represented “vigorous patient activity,” equivalent to patient
movement on a treadmill with a speed of 4.5 miles to 5 miles
per hour [21]. Activity levels above this threshold were deemed
to have negatively impacted signal quality for the purposes of
our validation analysis. Data from participants with an index
score ≥2.4 g/s were removed from the study [21].

Second, all ECG recordings were examined for noise, given
that poor signal quality would introduce false positive R peaks
in the QRS complex, which could affect the performance of the
BP algorithm [22]. Cases were identified where the ECG signal
quality was low, such that R peaks could not be reliably
determined in the resultant signal; these cases were subsequently
removed prior to validation analysis [22].

Validation Analyses
According to the ISO standard [16], one determination of cNIBP
measurement represents the average of one 30-second interval
for a given patient position. Thus, for each test session, 3
determinations were calculated for each position, for both the
arterial catheter reference and the Vitaliti CVSM. Errors of each
measurement determination were calculated. If the determination
of the Vitaliti CVSM was within 1 (±) SD of the determination
of the arterial catheter, the error of that determination equaled
0. If any SBP or DBP determination from the Vitaliti CVSM
was outside of 1 (±) SD of the corresponding arterial catheter
determination, then the error for that determination equaled the
upper or lower limit of the arterial catheter reference
measurement minus the Vitaliti CVSM determination [16].

All errors of valid, paired BP determinations (included
participants only) were then used to calculate the experimental
mean and SD of errors for SBP and DBP. If the mean of the
errors of determination was not greater than 5 mm Hg and the
SD of the error was not greater than 8 mm Hg, then the Vitaliti
CVSM device was determined to be compliant with ISO
guidelines [16]. Bland-Altman plots [23] were generated to
visualize agreement between arterial catheter and Vitaliti CVSM
mean BP measurements and inspect the bias (ie, mean error)
and distribution of errors of determination within 95% limits
of agreement (ie, ±1.96 SD).

Results

Demographics
Derivation of the sample is presented in Figure 4. In total, 202
patients were screened for inclusion in the cardiac ICU between
June 2018 and October 2019. Of these, 118 were ineligible due
to baseline BPs outside of ISO requirements [16], current
arrhythmia (ie, atrial fibrillation), or pregnancy; 7 patients
declined participation; and 77 eligible patients consented to
participate. Of the 77 eligible patients who consented to
participate, an additional 22 were excluded due to technical
challenges that precluded completion of the test sessions, shift
in BP outside of study requirements, and development of a new
arrhythmia (ie, atrial fibrillation) prior to the start of testing
procedures. Technical challenges included wireless
communication problems, data extraction software failures,
reference device data transfer problems, and sensor
disconnections. A total of 55 patients were included for
validation testing procedures. Of these, 35 patients (64%) were
male, and 20 patients (36%) were female; the mean age was 64
(SD 11.5) years (Table 1). Most patients had undergone cardiac
surgery (33/55, 60%) including coronary artery bypass grafting
or aortic valve repair.
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Figure 4. Derivation of the study sample. BP: blood pressure; ECG: electrocardiogram; ISO: International Organization for Standardization.
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Table 1. Patient characteristics.

Values for subgroup of patients included in
the validation (n=20)

Values for entire sample
(n=55)

Patient characteristics

64.7 (10.9)64 (11.5)Age (years), mean (SD)

Sex, n (%)

11 (55)35 (64)Male

9 (45)20 (36)Female

BMI (kg/m2), n (%)

0 (0)2 (4)<18.5 (underweight)

5 (25)12 (22)18.5-24.9 (healthy)

8 (40)18 (33)25.0-29.9 (overweight)

3 (15)9 (16)30.0-34.9 (obese I)

1 (5)7 (13)35.0-39.9 (obese II)

2 (10)6 (11) ≥40 (obese III)

1 (5)1 (2)Unavailablea

Cardiac surgery, n (%)

15 (75)33 (60)Total

13 (87)c25 (76)bCoronary artery bypass grafting (CABG)

1 (7)c6 (18)bAortic valve repair or replacement (AVR)

1 (7)c2 (6)bOther

Vascular surgery, n (%)

3 (15)11 (20)Total

1 (33)e1 (9)dOpen abdominal aortic aneurysm repair

0 (0)e2 (18)dAorto-femoral bypass

0 (0)e1 (9)dAxillo-femoral bypass

0 (0)e1 (9)dFemoral-femoral bypass

2 (67)e6 (55)dOther

2 (8)11 (20)Other type of surgery, n (%)

aPatient height, weight, or BMI data unavailable from clinical record.
bn=33.
cn=15.
dn=11.
en=3.

Post Hoc Signal Analysis
Based on signal analysis, the data for an additional 30 patients
were excluded due to arterial catheter reference SBP (≥20 mm
Hg) or DBP (≥12 mm Hg) ranges falling outside of ISO
requirements during each 30-second measurement interval in
both static and supine testing positions. The data for 2 additional
patients were excluded due to missing data segments (for either
the arterial catheter reference or Vitaliti CVSM) that precluded
analysis. Missing data were caused by unforeseen interruptions
in data transmission related to excessive movement of the
arterial catheter transducer or accidental disconnection or
displacement of the Vitaliti CVSM earpiece or ECG electrodes.

Finally, the data for the last patient recruited with baseline BP
within the normal range were excluded, as this group would
have been over-represented for the required ISO BP range
distributions. Following signal analysis, the cNIBP data of 20
patients were included for validation analyses. Table 1 presents
the demographic characteristics of all 55 patients enrolled, as
well as the demographic characteristics of the 20-patient
subgroup (of the 55 enrolled patients) who was included in
validation analyses.

In accordance with the AAMI-ISO guidelines [16], of the 20
patients whose data were included for validation analyses, a
minimum of 30% were male, and a minimum of 30% were
female. Baseline arterial catheter cNIBP measurements also
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spanned high and low systolic and diastolic ranges, with at least
10% of readings falling into each AAMI-ISO prespecified

category (See Table 2).

Table 2. Blood pressure distribution of patients included in data analysis (n=20).

Results, n (%)Characteristic

Entry ISOa BPb range

11 (55)Normal: SBPc >100 mm Hg and <160 mm Hg and DBPd >70 mm
Hg and <85 mm Hg

2 (10)SBP ≤100 mm Hg

6 (30)DBP ≤70 mm Hg

3 (15)SBP ≥160 mm Hg

2 (10)DBP ≥85 mm Hg

Sex

11 (55)Male

9 (45)Female

aISO: International Organization for Standardization.
bBP: blood pressure.
cSBP: systolic blood pressure.
dDBP: diastolic blood pressure.

Validation of Continuous Noninvasive Blood Pressure
Measurements
For each of the 20 patients included in the final analysis, 3
determinations were calculated for both the reference arterial
catheter and Vitaliti CVSM within each position (static and
supine), resulting in a total of 60 average SBP and DBP
measurements. The average time elapsed from calibration to
first measurement in the static position was 133.85 seconds (2
minutes 14 seconds). The average time elapsed from calibration
to first measurement in the supine position was 535.15 seconds
(8 minutes 55 seconds). With respect to delimitation of the total
validated time frame across patient positions, (1) the minimum
and maximum times elapsed from calibration to first
measurement in the static position were 14.0 seconds and 1392.0
seconds, respectively, and (2) the minimum and maximum times
elapsed from calibration to last measurement in the supine
position were 575.0 seconds and 2274.0 seconds, respectively.

The errors of determination between the 2 devices were
calculated, as described in the Methods section. Bland-Altman
plots [18], illustrating agreement between the arterial catheter
reference and the Vitaliti CVSM for each of these errors of
determination by patient position (static and supine), are
presented in Figures 5-8. The mean (horizontal axis) and errors
(vertical axis) of each determination are presented, along with
the mean error and limits of agreement (±1.96 SD). In the static
position, Bland-Altman plots illustrated a mean error of
determinations of –0.62 mm Hg and 95% limits of agreement
of –9.64 mm Hg to 8.40 mm Hg for SBP measurements and a
mean error of determinations of 0.46 mm Hg and 95% limits
of agreement of –2.80 mm Hg to 3.71 mm Hg for DBP
measurements. In the supine position, Bland-Altman plots
revealed a greater mean error of determinations (2.72 mm Hg)
and 95% limits of agreement of –7.40 mm Hg to 12.84 mm Hg
for SBP measurements and mean error of determinations of
2.65 mm Hg and 95% limits of agreement of –3.61 mm Hg to
8.91 mm Hg for DBP measurements.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e24916 | p.361https://mhealth.jmir.org/2022/2/e24916
(page number not for citation purposes)

McGillion et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 5. Bland-Altman plot of systolic blood pressure determinants from the Vitaliti continuous vital signs monitor (CVSM) versus the arterial line
in the static position.

Figure 6. Bland-Altman plot of diastolic blood pressure determinants from the Vitaliti continuous vital signs monitor (CVSM) versus the arterial line
in the static position.
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Figure 7. Bland-Altman plot of systolic blood pressure determinants from the Vitaliti continuous vital signs monitor (CVSM) versus the arterial line
in the supine position.

Figure 8. Bland-Altman plot of diastolic blood pressure determinants from the Vitaliti continuous vital signs monitor (CVSM) versus the arterial line
in the supine position.
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Per ISO requirements, Table 3 summarizes the errors of
determination for SBP and DBP measurements in the static and
supine positions. The overall means of the errors of
determination for the static position were –0.621 (SD 4.640)
mm Hg for SBP and 0.457 (SD 1.675) mm Hg for DBP. Errors
of determination were slightly higher for the supine position,

at 2.722 (SD 5.207) mm Hg for SBP and 2.650 (SD 3.221) mm
Hg for DBP. These results indicate compliance with the ISO
standard [16], which stipulates that errors of determination
should not exceed 5 mmHg and that the SD of the error not
exceed 8 mm Hg.

Table 3. Summary of the errors of determination for systolic blood pressure (SBP) and diastolic blood pressure (DBP) measurements in static and
supine positions.

DBPSBPPosition

Static position

6060Number of observations

0.457–0.621Mean of the errors (mm Hg)

1.6754.640SD of the errors (mm Hg)

Supine position

6060Number of observations

2.6502.722Mean of the errors (mm Hg)

3.2215.207SD of the errors (mm Hg)

Patient Usability Feedback
The responses from the 58 patients who responded to the human
factors and usability feedback questionnaire are summarized in
Figure 9. Questions related to ease of donning Vitaliti and device
accessories yielded high acceptance ratings, with 54 (54/58,
93%) agreeing or strongly agreeing. Responses regarding device
comfort in multiple positions were also positive, ranging from
52 (52/58, 90%) participants responding with strongly

agree/agree to 40 (40/58, 75%) participants responding with
strongly agree/agree. Questions regarding aesthetics of the
device provided more neutral responses (range: 16/58, 28% to
20/58, 35%), indicating that these aspects were of lesser
importance for most. The item regarding the sustainability of
the positioning of the earpiece yielded the greatest amount of
negative responses (disagree/strongly disagree: 15/58, 26%),
indicating that dislodgment of this sensor during testing was an
issue for just over 25% of respondents.

Figure 9. Usability feedback. ECG: electrocardiogram.
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Discussion

Principal Findings
This validation study addressed the accuracy and usability of
the Vitaliti CVSM for the measurement of cNIBP in an ICU
setting. Device performance was evaluated based on the ISO
81060-2:2018 standard [16] for clinical investigation with a
reference invasive arterial catheter BP monitor. This standard
is accepted by the FDA and Health Canada. Human factors
validation testing was also performed to evaluate if the Vitaliti
CVSM was acceptable to users. A voluntary exit interview was
conducted to capture participants’ usability feedback. In total,
55 participants completed the testing procedures and the exit
interview. Data for 20 of these participants were included for
validation analyses.

When comparing the accuracy of the Vitaliti CVSM to a
gold-standard reference, we found errors of determination of
–0.621 (SD 4.640) mm Hg for SBP and 0.457 (SD 1.675) mm
Hg for DBP in the static (seated) position. Errors of
determination were slightly higher when patients were supine,
at 2.722 (SD 5.207) mm Hg for SBP and 2.650 (SD 3.221) mm
Hg for DBP. These results indicate compliance with the ISO
standard [16], which stipulates that errors of determination
should not exceed 5 mm Hg and that the SD of those errors
should not exceed 8 mm Hg.

This validation study also demonstrated a high degree of
usability in terms of perceived patient acceptance of the Vitaliti
CVSM throughout the test procedures and positions (ie, static
and supine). Displacement of the earpiece was the most negative
aspect of patient experience. Earpiece displacement was caused
by our use of an off-the-shelf disposable ear sheath to cover the
light emitting diode (LED) sensor in order to comply with
hospital infection requirements. In future work, the Vitaliti
CVSM will require custom earpiece sheathing with improved
fit in order to provide more secure mounting of the LED sensor
and improved patient comfort.

Comparison With Prior Work
A few comparable studies have assessed the accuracy of
wearable technologies for continuous vital sign measurement
in hospital. A pilot study by Weenk et al [11] (n= 20)
investigated the use of 2 wearable technologies, ViSi Mobile
and HealthPatch, to continuously measure vital signs (ie, heart
rate, respiration rate, SpO2, BP) of patients admitted to an
internal medicine and surgical ward; patients’ vital signs were
measured continuously for 2 days to 3 days. A comparison was
performed between continuous ViSi Mobile and HealthPatch
measurements and nurses’ manual vital sign observations
entered into an electronic medical record. Results demonstrated
that, in general, nurses’manual vital sign observations correlated
well with paired instances of continuous vital sign
measurements. Data artifacts and data outages were noted
concerns and were attributed to Wifi connectivity challenges
and signal noise in the context of patient ambulation [11].

More recently, Downey et al [12] investigated the reliability of
a wireless wearable patch, SensiumVitals, to monitor vital signs
(ie, temperature, heart rate, respiration rate) continuously from

patients (n=51) following major elective general surgery.
Nurses’ manual vital sign observations were compared against
paired instances of SensiumVitals biometric measurements. A
median of 19 sets of manual measurements was captured for
each patient, for a total of 1135 observation sets of paired
comparisons for analysis [12]. In contrast to the results of this
study, the error between manual and continuous vital sign
measurements in the study by Downey et al [12] did not fall
within prespecified limits of agreement, as defined through
clinical expert consensus. Wide error distributions were again
attributed to patient ambulation and related signal artifact, as
well as possible human error during various manual vital sign
measurements.

Data from these pilot studies support that wearable technologies
capture continuous vital sign measurements from hospitalized
ambulatory patients with varying degrees of accuracy. Whether
prespecified levels of agreement with a reference standard are
met, signal artifact and other sources of error, such as human
error, pose challenges to validation of wearable sensor
technologies in real-world clinical settings. Although our
comparison of the Vitaliti CVSM to a continuous invasive
reference (in an ICU) met strict ISO prespecified limits of
agreement [16], our study patients were necessarily restricted
to their hospital bed while undergoing cNIBP monitoring with
an arterial catheter. Hence, in this environment, excessive patient
motion and human measurement did not pose major challenges.
The compliance of the Vitaliti CVSM with rigorous ISO
standards [16] in a complex ICU environment is nonetheless
promising; further validation testing in ambulatory patients is
required.

A few studies have also examined wearable biosensor user
acceptance from the patient perspective. In the pilot study of
the ViSi Mobile and HealthPatch systems by Weenk et al [11],
user experience was captured through semistructured interviews
after patients had worn these devices for 2 to 3 consecutive
days. Thematic content analysis revealed largely positive
experiences, with most patients reporting that the monitoring
devices were reassuring for them because nurses could monitor
them from a distance [11]. Most also felt that these sensors did
not encumber their personal care activities (eg, dressing,
bathing). Good device adhesive and small sensor size were also
noted as factors that were important to patients with respect to
wearability of several device components [11]. Wearability of
the Visi Mobile system was reported by several patients to be
impacted negatively by the size and weight of the wristwatch
component, numerous cables, as well as short battery life [11].

In a reactive post hoc analysis report, Harsha et al [24] examined
challenges with implementing continuous oximetry monitoring
in the VItal siGns monItoring with continuous puLse oximetry
And wireless cliNiCian notification aftEr surgery (VIGILANCE)
study (n= 2049), a randomized controlled trial testing the
effectiveness of the Nellcor Oxinet III system (Covidien,
Mansfield, MA) for continuous pulse oximetry (CPOX)
monitoring on the incidence of postoperative respiratory
complications among noncardiac surgery patients. VIGILANCE
investigators found that 10.68% of patients withdrew from
CPOX monitoring before intervention completion. Analysis of
trial case report forms found a number of reasons for patient
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nonadherence, including obtrusiveness of the CPOX cables, an
uncomfortable SpO2 probe, restrictions to ambulation, and
device-related agitation of carpal tunnel syndrome [24].

In contrast to the usability assessments by Weenk et al [11] and
Harsha et al [24], our examination of patient acceptance of the
Vitaliti CVSM was in the context of a controlled measurement
study, rather than in the context of live clinical system
deployment where patients were ambulating on hospital wards
and engaged in personal care activities. Although context
differed, our results corroborate that patients value unobtrusive
and comfortable sensor components. Our results also corroborate
that patients are impacted negatively by technology features
that are experienced as cumbersome or that require continual
repositioning or reapplication.

Strengths
Strengths of this study include the validation of the Vitaliti
CVSM in the context of ISO standards for cNIBP measurement
[16], as well as rigorous methods and planned approaches to
post hoc signal analyses in order to ensure high data quality.
Conduct of this study in a complex ICU setting also required
the interconnection of numerous pieces of technology with
operational independence to achieve time-matched cNIBP data
sets for comparison of the Vitaliti CVSM with a gold-standard
arterial catheter reference. An additional strength, therefore,
was our plan to oversample to compensate for anticipated data
losses due to technical problems and inevitable changes to
patient hemodynamic status in an ICU setting.

Limitations
Although the ISO standard [16] is rigorous from a measurement
perspective, a limitation it imposed was the restriction of study
participants to static (seated) and supine positions. Patients were
also confined to bed while undergoing invasive cNIBP
monitoring, thereby limiting the generalizability of our results
to nonambulatory environments. It should also be noted that,
in a complex ICU setting, this investigation could not span the
full duration of the calibration period for the Vitaliti CVSM,
which is 24 hours (Multimedia Appendix 1). Rather, this study
was limited to evaluation of the device during a very short
validation period after calibration (ie, that commenced within
2 minutes after calibration and that lasted for a short duration
of time). For practical reasons within an acute ICU setting, we
had to set up our equipment and take our BP measurements on
each participant as expediently as possible to minimize
disruption to nursing and medical care by virtue of the presence
of our study team and related equipment. This timing precluded
possible BP variations from calibration values that may
otherwise be observed during a full 24-hour calibration period.
Hence, results of this study cannot be applied to the BP accuracy
of the Vitaliti CVSM over a 24-hour period with BP variations

that may be normal, including individual readings that may vary
considerably from calibration values. Future research should
incorporate evaluation over the full calibration period of the
device.

Our results for patients in the static and supine positions are
within the clinically allowable tolerances for accuracy according
to ISO. As such, claims regarding the accuracy of Vitaliti cNIBP
can only be made at this point in the context of accuracy
requirements set forth by Health Canada and the FDA. More
research will be required to examine the accuracy of Vitaliti
cNIBP measurements according to international standards, such
as those set forth by the European Society of Hypertension [23]
and the British Hypertension Society [25]. Examination of the
accuracy of the Vitaliti cNIBP measurement according to these
standards was not within the scope of this study.

Finally, patients enrolled in this study were postsurgical cardiac
ICU patients given the requirement to compare the Vitalilti
CVSM to an invasive gold-standard arterial catheter. The
hemodynamic profile of patients in the postsurgical cardiac ICU
typically features a greater degree of variability than seen in
other populations in the early postoperative period. Moreover,
some patients may experience atrial fibrillation following cardiac
surgery. It should therefore be recognized that the included
sample is not representative of all postsurgical patient
populations—particularly those patients who undergo noncardiac
and same day surgeries.

Conclusions
Wearable RAM technologies that enable continuous acquisition
of physiologic data from biosensors have the potential to
transform postoperative care. This study found that one such
wearable technology, Cloud DX’s Vitaliti CVSM, demonstrated
cNIBP measurement in compliance with ISO 81060-2:2018
standards [16] in the context of evaluation that commenced
within 2 minutes of device calibration; this device was also
well-received by patients in a postsurgical ICU setting. Future
studies will examine the accuracy of the Vitaliti CVSM in
ambulatory contexts for both cardiac and noncardiac surgery
patients, with attention to assessment of the impact of excessive
patient motion on data artifacts and signal quality. The Vitaliti
CVSM will also be evaluated longitudinally as part of a
postoperative remote patient monitoring solution both in hospital
and while patients are recovering at home for up to 30 days
following surgery. This work will feature intensive focus on
the use of derived vital metrics and high-fidelity physiological
data collected with the Vitaliti CVSM in order to develop
predictive models with machine learning. The aim of these
predictive models will be to identify early signs of postoperative
complications in order to facilitate timely clinical interventions.
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Abstract

Background: Digital therapeutic care apps provide a new effective and scalable approach for people with nonspecific low back
pain (LBP). Digital therapeutic care apps are also driven by personalized decision-support interventions that support the user in
self-managing LBP, and may induce prolonged behavior change to reduce the frequency and intensity of pain episodes. However,
these therapeutic apps are associated with high attrition rates, and the initial prescription cost is higher than that of face-to-face
physiotherapy. In Germany, digital therapeutic care apps are now being reimbursed by statutory health insurance; however, price
targets and cost-driving factors for the formation of the reimbursement rate remain unexplored.

Objective: The aim of this study was to evaluate the cost-effectiveness of a digital therapeutic care app compared to treatment
as usual (TAU) in Germany. We further aimed to explore under which circumstances the reimbursement rate could be modified
to consider value-based pricing.

Methods: We developed a state-transition Markov model based on a best-practice analysis of prior LBP-related decision-analytic
models, and evaluated the cost utility of a digital therapeutic care app compared to TAU in Germany. Based on a 3-year time
horizon, we simulated the incremental cost and quality-adjusted life years (QALYs) for people with nonacute LBP from the
societal perspective. In the deterministic sensitivity and scenario analyses, we focused on diverging attrition rates and app cost
to assess our model’s robustness and conditions for changing the reimbursement rate. All costs are reported in Euro (€1=US
$1.12).

Results: Our base case results indicated that the digital therapeutic care strategy led to an incremental cost of €121.59, but also
generated 0.0221 additional QALYs compared to the TAU strategy, with an estimated incremental cost-effectiveness ratio (ICER)
of €5486 per QALY. The sensitivity analysis revealed that the reimbursement rate and the capability of digital therapeutic care
to prevent reoccurring LBP episodes have a significant impact on the ICER. At the same time, the other parameters remained
unaffected and thus supported the robustness of our model. In the scenario analysis, the different model time horizons and attrition
rates strongly influenced the economic outcome. Reducing the cost of the app to €99 per 3 months or decreasing the app’s attrition
rate resulted in digital therapeutic care being significantly less costly with more generated QALYs, and is thus considered to be
the dominant strategy over TAU.

Conclusions: The current reimbursement rate for a digital therapeutic care app in the statutory health insurance can be considered
a cost-effective measure compared to TAU. The app’s attrition rate and effect on the patient’s prolonged behavior change essentially
influence the settlement of an appropriate reimbursement rate. Future value-based pricing targets should focus on additional
outcome parameters besides pain intensity and functional disability by including attrition rates and the app’s long-term effect on
quality of life.
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Introduction

Background
Low back pain (LBP) is the leading cause for worldwide years
lost due to disability, and poses a major societal and economic
burden with a point prevalence ranging between 9.4% and 37.1%
and a lifetime prevalence of up to 85% [1-3]. In Germany, the
cost of illness of LBP, referring to International Classification
of Diseases-10 code M54 alone, was quantified to be €4.5 billion
(~US $5 billion) in 2015 according to the Federal Office of
Statistics, which represents 1.3% of the total national health
care expenditure [4]. In various cost-of-illness studies, the
overall costs of LBP are estimated to be even higher. For
example, one study estimated average costs of €1322 (US
$1474) per patient per year from a sample of 5650 LBP patients
and extrapolated these costs to €48 billion (~US $53.5 billion)
for the whole German population [5]. The major cost driver for
health care systems lies in the predominantly high portion of
indirect costs, which are estimated to range from 55% up to
87% for LBP patients and result from the vast majority of
absences from work, leading to productivity losses [6,7].
Conversely, the minor part concerning direct costs quantifies
the amount of health care resource utilization such as the number
of primary care consultations or prescribed medications. Patients
suffering from chronic LBP, which evolves in approximately
10%-15% of all LBP cases, are prone to occasion more than
three-times higher costs than those incurred by patients with
acute LBP [6,7]. Moreover, an increasing chronic pain grade
(eg, as measured with the Von Korff pain scale) has been
identified as the strongest predictor of high LPB costs [8].
According to the German Disease Management Guidelines,
current treatment recommendations for nonspecific, nonacute
LBP include remaining physically active, exercise and
educational therapy, and psychosocial interventions. A recent
systematic review investigated 15 distinct clinical practice
guidelines for the management of nonspecific LBP in primary
care from 15 different countries published between 2010 and
2017 [9]. All included guidelines provided recommendations
for exercise therapy [9]. Moreover, pharmacological treatment
should be reduced to a minimum and should only be prescribed
as part of an overall therapeutic concept [9-11].

Digital therapeutic care apps are innovative new treatment
programs with a variety of indication-specific video-based
exercises and educational material accessible through a
smartphone or a web-based app [12]. Recent research endeavors
have shown that this multidisciplinary treatment modality can
counteract the rising health care expenditure in multiple
dimensions [12-14]. First, digital therapy apps provide a scalable
and broadly accessible approach, enabling the treatment of LPB
in rural areas and when the availability and workload of
physiotherapists are limited [15]. Moreover, although stratified
care is not yet implemented in routine care in Germany (eg,

using the STarT-Back questionnaire), digital therapy apps enable
early and immediate utilization for patients at high risk for
developing a worsening or chronic condition [16,17]. Digital
therapeutic care apps also support self-management and increase
the patient’s literacy through in-depth educational information
[18]. Hence, these apps can further induce positive
reinforcement through personalized decision support that entail
motivational automated push notifications or tailored exercise
recommendations based on personal preferences [19,20].

By contrast, previous retrospective studies of real-world
user-generated data have shown that digital therapeutic care
apps may imply low user retention and high early attrition rates
[12]. The reasons are not entirely clear, but these drawbacks
might mitigate the apps’ overall health and economic benefits
[18]. An analytical study conducted by the German Bertelsmann
Foundation in 2012 estimated potential cost savings of
approximately €3 billion per year based on resolving
noncompliance and lack of therapy adherence of chronic LBP
patients [21]. Therefore, the economic consequences of
reimbursing and prescribing digital therapeutic care apps are
unclear, and the tradeoff between positive impact and low
engagement rates requires investigation within an economic
evaluation. Considering the perpetual rise of health care
expenditure in middle-to-high-income countries such as in
Germany or the United States reaching 11.9% and 17.7% of the
total gross domestic product, respectively, the appropriate
allocation of health care resources and the management of
cost-effective treatment modalities for LBP need to be analyzed
and addressed more profoundly from an economic perspective
[22,23]. Furthermore, the new Digital Healthcare Act in
Germany allows apps with proven scientific evidence to be part
of the reimbursement catalog of the statutory health insurance
providers once the app is listed in the Digital Health
Applications (DiGa) directory [24,25]. This initiative helps to
reduce out-of-pocket costs for patients with LBP by covering
digital therapeutic app costs and essentially removing one major
barrier for upscaling the utilization of digital health apps.
Moreover, a regulatory-driven decision process, including the
selection of reimbursable therapy apps, will further increase the
transparency for patients concerning which apps already have
proven scientific evidence of being effective. Overall, these
developments underline the urgency of evaluating the initial
pricing of digital therapeutic care apps for people with LBP as
well as for the statutory health insurance based on a long-term
model-based economic evaluation.

Objectives
In this cost-effectiveness analysis, we investigated the economic
impact of a digital therapeutic care app as an alternative
treatment approach to current treatment-as-usual (TAU)
practices, including face-to-face (F2F) physiotherapy and
concomitant pharmacological treatment. We extrapolated
short-term evidence of the impact of a therapeutic care app
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based on the effectiveness data of a single randomized controlled
trial (RCT) [18]. Essentially, we aimed to simulate the divergent
tradeoffs between digital therapeutic care and TAU: higher cost
per app prescription and higher app attrition rates but also more
self-management support to achieve behavior change, versus
lower cost for F2F physiotherapy but also fewer possibilities
to provide patients with reinforcing education material for
coping with LBP. In addition, we simulated the reimbursement
of a therapy app based on the current procedure in Germany in
a best-practice decision-analytic Markov model and calculated
the overall cost utility from a societal perspective. This study
provides economic evidence that can inform other researchers
and decision-makers, and further addresses the gap in health
economic research by performing the first model-based
economic evaluation of digital therapeutic care apps for people
with nonspecific LBP.

Methods

Study Design
We constructed a decision-analytic, discrete-time Markov chain
to simulate the long-term effects on treatment and cost outcomes
of a digital therapeutic care app compared to TAU for patients
with subacute and chronic nonspecific LBP. A Markov chain
is a state-transition model that represents a stochastic process
in which subsequent events occur with a predefined probability,
which is also called the transition probability [26]. In health
economic evaluations, these events are defined as health states
that represent the patient’s disease process over time. In the
simulation, after each model cycle, the patient’s health condition
might change, and thus the patient cohort moves around to one
or more subsequent health states given a specific transition
probability [26].

Our economic evaluation was based on the effectiveness data
from the currently only available RCT performed in Germany
by Toelle et al [18], in which the impact of a therapy app was
investigated without any additional interventions or tools. The
authors investigated the effectiveness of an app over 12 weeks
and compared it to six F2F physiotherapy sessions combined
with online education material. Hence, our model narrows down
treatment modalities and compares a therapeutic care app to
TAU (ie, F2F individual physiotherapy), both accompanied by
general practitioner (GP) and specialist consultations,
concomitant pharmacological treatment, and diagnostic
procedures. Particularly, we focus on the recurring pain episodes
and implications of various treatment attrition rates on health
care resource utilization in the primary care setting. However,
we chose to exclude inpatient procedures, rehabilitation care,
and injection therapy as further treatment modalities for two
reasons. The first reason is that none of these interventions is

recommended for our target population of LBP patients, and
the second is that we lack data to populate the Markov chain
and claim that by adding more complex treatment combinations
and assumptions, the usefulness of our model would decrease.
Moreover, we used quality-adjusted life year (QALY) utility
scores to account for health-related quality of life (QoL) effects
and express cost in 2021 Euro (€) values (€1=US $1.12). All
utility scores and cost data were discounted with a discount
factor of 3%. We derived all information regarding the amount
of health care resource utilization from other clinical or
cost-of-illness studies in the literature. Model simulation and
calculations were performed in R using the “heemod: Health
Economic Evaluations MODeling” package [27]. Our economic
evaluation adheres to all items of the Consolidated Health
Economic Evaluation Reporting Standards (CHEERS) statement
[28]; also see Multimedia Appendix 1. More detailed
explanations and calculations regarding all model input
parameters can be found in Multimedia Appendix 2.

Patient Population
We focused on a specific subcohort of nonspecific LBP patients
who are insured via the German statutory health insurance and
suffer from subacute or chronic LBP with a greater probability
of recurring mild or heavy pain episodes. Particularly, we
considered a hypothetical cohort of average 41-year-old
participants with a mean BMI value of 24.4 in the intervention
group, which was based on the cohort data from our reference
RCT study by Toelle et al [18]. According to current clinical
guidelines, this patient cohort should be treated with
physiotherapeutic-based exercise programs and educational
material for ergonomic and health-promoting behavior change,
combined with temporary medication therapy for momentary
pain reduction [9]. Conversely, we excluded acute LBP patients
from this evaluation because, although remaining active is vital
in this pain phase, extensive physiotherapy is not recommended
for this subgroup [9]. Moreover, we did not intend to evaluate
any treatment approach toward patients with existing red flags
(eg, osteoporosis or any other severe comorbidities) or with
yellow flags (eg, critical psychosocial factors). For instance,
depressive disorders are a potential driving cause of the
underlying pain condition and an essential predictor for future
costs, but this would require additional psychotherapeutic care
and involve the consideration of another treatment pathway,
which was not the intention of this economic evaluation [6].

Model Structure and Transition Probabilities
In our Markov chain model, displayed in Figure 1, we defined
a total of seven discrete health states: (1) low impact, (2) high
impact, (3) treatment weeks 1-4, (4) treatment weeks 4-8, (5)
treatment weeks 8-12, (6) temporary remission, and (7) healthy.
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Figure 1. Discrete health state-transition Markov chain with 7 health states.

We did not include “dead” as another absorbing state, since
LBP is not affiliated with a higher death rate. All-cause mortality
does not affect the overall outcome considering our middle-aged
population in the defined time horizon of 3 years in the base
case. We chose a cycle length of 4 weeks for our simulation for
two reasons. First, a 4-week cycle length enables the
consideration of three treatment phases, one for each month,
which in turn represents the recommended 3-month treatment
according to clinical guidelines. Second, recent studies of digital
therapeutic care apps as well as the Toelle et al [18] study
reported primary and secondary outcome measures based on
monthly surveys. Hence, we found data to simulate monthly
model cycles, but not enough data to increase the complexity
such as by considering a weekly cycle length. We also applied
the life-table method to account for corrected state membership
counts [29]. Low-impact and high-impact health states (1) and
(2) included untreated people with a respectively low or high
impact on the QoL resulting from LBP. In the low-impact state,
we classified people with low functional impairments and low
limiting consequences. By contrast, people classified into the
high-impact states were those suffering from high functional
disability with moderately to severely limiting LBP. An
intermediate impact state was excluded because we have not
found sufficient data in the literature to further populate the
model toward the relation to the other states. We decided to
group the initial starting population based on the severity of
symptoms. This approach enabled matching toward health states
(1) and (2), which depict the corresponding level of the low and
high impact of LBP. We found the Von Korff Graded Chronic
Pain Scale to be the best choice for this matching, as this tool
enables the classification of the severity of symptoms toward
chronological pain grades [3]. For our model, we combined
pain grades I and II to correspond to state (1) and the highest
two pain grades III and IV to correspond to state (2) by adding
up the correlated percentages for each category extracted from
a German multiregional survey [3]. Thus, the hypothetical
primary care cohort of 10,000 people was allocated to states
(1), (2), and (6) with a starting distribution of 5320, 1120, and
3560 participants for each state, respectively [3,5].

Furthermore, we introduced treatment states in the form of three
tunnel health states to represent a recommended treatment length
of 12 weeks [30]. This approach was found to be highly useful
when modeling time-to-treatment variations in a cost-utility
analysis for internet-based cognitive behavioral therapy reported
by Bauman et al [31]. We thus adopted the methodology of
dedicated treatment states to optimize our model regarding the
simulation of divergent monthly attrition rates. After each cycle,
patients drop out of a treatment program for various reasons
(eg, spontaneous remission phase with no present symptoms,
stagnation of any health improvements, worsening condition
with a fear of movement or pain, or simply a lack of motivation
and time) [16,32]. In the RCT [18], for the base case, the
attrition rates were 12.5% after both month one and month two
in the digital therapeutic care app group, and were 6.5% after
month one and 4.3% after month two in the control group.
Conversely, in the digital therapeutic care strategy, patients
continued treatment with a probability of 87.5% of proceeding
to the next cycle, whereas this probability was 93.5% after
month one and 95.7% after month two for the TAU strategy.

However, the discontinuation of either treatment strategy does
not deduce any insights on the improvement or worsening effect
on the patients’ QoL. Therefore, we assumed an equal
distribution of the remission rate of 50% among those who quit
the program at each time point. According to a long-term cohort
study in primary care performed in the United Kingdom, patients
with LBP remain in a similar pain trajectory over time without
any fluctuating patterns (ie, patients with mild pain will again
with high probability experience mild pain in future episodes
and vice versa) [33,34]. Following this argumentation, we
inferred transition probabilities by proportionately splitting the
remaining count of dropouts, meaning that 82.2% of
nonremission dropouts will again transfer to the low-impact
state group and 17.8% will transfer to the high-impact group
[33].

Moreover, nonspecific LBP is characterized as a recurrent
disease. Phases of pain and functional disability may frequently
occur alternately to a temporal phase of relief [34]. The
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“remission” state thereby serves as an intermediary simulation
approach to include the temporary fluctuating and episodic
nature of LBP with different intensities [31,34]. According to
a German LBP survey with an adult sample size of 5650, 61.4%
of participants experienced pain episodes repeatedly, which we
utilized as the transition probability going from “remission” to
either a low- or high-impact state [5]. In the case of a recurring
episode, we further assumed that the GP or orthopedist will
reevaluate the clinical findings through an imaging diagnostic
procedure after the patient reenters the treatment pathway [35].
To capture the economic tradeoffs of recurrences and
readmissions of patients to primary care, we chose a model time
horizon of 3 years.

Finally, we assumed that only patients who underwent treatment
and were fully engaged for 3 months can transfer to the
“healthy” state [5]. We defined the “healthy” state as not
reexperiencing LBP in the scope of this model’s time horizon.
Including a health state for both types of remissions, a

spontaneous remission in state (6) and a long-lasting pain-free
healthy condition in state (7), allowed us to consider the episodic
nature of LBP and address those events with distinct transition
probabilities, which are drawn from the literature [31]. In the
underlying RCT [18], patients received access to the therapy
app for 3 months, whereas the control condition only included
six physiotherapy sessions. Hence, the 3-month app access
duration with proven continuous high user retention affects the
maintenance of performing exercises in the long term [18].
Moreover, decision-support interventions in the digital
therapeutic care app have a high chance to induce positive
behavior change by repeatedly informing and motivating the
user through push notifications and in-app on-demand education
material [36,37]. We thus derived that in the digital therapeutic
care app strategy, the transition probability from the last
treatment cycle to “healthy” is 5% higher. All model parameters
regarding the transition probabilities and QoL utility scores are
summarized in Table 1.
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Table 1. Model input parameters: transition probabilities and quality of life (QoL) utility scores.

ReferenceDSAbBase caseaParameter

HighfLoweTAUdDTCc

Key transition probabilities

[33,34]——g0.160.16Low to Low

[33,34]——0.010.01Low to High

Assumption (75%)0.900.60j0.750.75Low to Th_Wi1-4

[33,34]——0.030.03Low to Remission

[33,34]——0.020.02High to Low

[33,34]——0.080.08High to High

Assumption (80%)0.900.70j0.800.80High to T_W1-4

[3,5,12,38]——0.02670.0514T_W1-4 to Low

[12,33]——0.00580.0111T_W1-4 to High

[12,18]——0.9350.875T_W1-4 to T_W4-8

Assumption (50%)0.600.40j0.03250.0625T_W1-4 to Remission

[12,33]——0.01770.0514T_W4-8 to Low

[12,33]——0.00380.0111T_W4-8 to High

[12,18]——0.9570.875T_W4-8 to T_W8-12

Assumption (50%)0.600.40j0.02150.0625T_W4-8 to Remission

[33,34]——0.2350.235T_W8-12 to Low

[33,34]——0.0510.051T_W8-12 to High

[33,34]0.6440.583k0.6140.614T_W8-12 to Remission

Assumption0.1050.095k0.050.10T_W8-12 to Healthy

[5]0.460.30j0.3860.386Remission to Remission

[3,5]——0.5050.505Remission to Low

[3,5]——0.1090.109Remission to High

QoL utility scores

[18]——0.6550.655Low impact

[39]0.64050.5795k0.6100.610Higher pain

[18]——0.6550.655T_W1-4

[18]——0.7170.699T_W4-8

[18]——0.7290.748T_W8-12

[39]0.84630.7657k0.8060.806Remission

[39]0.84630.7657 0.8060.806Healthy

aBase case values are listed as the final calculated inputs used in the model. The raw numbers are provided in Multimedia Appendix 2.
bDSA: deterministic sensitivity analysis.
cDTC: digital therapeutic care.
dTAU: treatment as usual.
eLow: low-impact low back pain.
fHigh: high-impact low back pain.
gnot applicable.
hT: treatment.
iW: week.
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jValues are shown in raw numbers (ie, before the actual relative transition probability was calculated). All absolute transition probabilities are listed in
Multimedia Appendix 2.
kBased on a –5% to +5% interval range.

Measurement of Effectiveness: QoL
We retrieved the effectiveness data concerning the three
treatment states from the reference RCT of Toelle et al [18]. In
the intervention group, the authors found a significant
improvement in the health-related QoL scores in both groups
but no significant difference between groups, neither regarding
pain levels nor QoL measurement [18]. However, after 12
weeks, patients in the app group had a higher mean QoL score
compared with that of patients in the control group. For the QoL
measurement, we adapted the QoL outcome results based on
the Veterans RAND 12-Item Health Survey (VR-12) [18]. We
gratefully retrieved the VR-12 data from the authors and
calculated the single-utility index Veterans RAND 6-Item Health
Survey (VR-6D) scores according to the approach proposed by
Selim et al [40,41]. The detailed calculation steps for the VR-6D
are listed in Multimedia Appendix 2. Notably, we applied QoL
data for the remaining health states (2), (6), and (7) based on
the Short Form 6-Item Health Survey (SF-6D) from another
LBP study [39] because QoL data for these health states were
not available from the reference study. We consider this
methodological choice applicable because both strategies in our
simulation do not differ regarding the QoL measure for these
three health states. Consequently, the important difference in
QoL outcome occurs only in three treatment states, (3), (4), and
(5), for which the QoL data rely on the single study estimates.
Even though interchanging different QoL metrics is not
recommended in most cases, prior research has shown that the
VR-6D and SF-6D are comparable indices with similar utility
scores [40].

Health Care Resource Utilization and Costs
For the evaluation of cost outcomes, we considered LBP-related
utilization of health care resources and procedures as well as
productivity losses that result from absenteeism from work. The
direct cost components in our model include outpatient
consultations, app subscription cost, F2F physiotherapy sessions,
pharmacotherapy, and diagnostic procedures. Considering the
patient visits in primary care, we multiplied the number of GP
(“Hausarzt”) and specialist or orthopedist (“Facharzt”)
consultations with provider-specific charges according to the
German medical fee schedule for physicians (“Einheitlicher
Bewertungsmaßstab”: EBM 13211 and 18211) [38,42].
Moreover, participants in the control group of Toelle et al’s
[18] RCT received weekly, guideline-conforming individual
physiotherapy for six sessions, each at least 20 minutes long.
We calculated a charge of €21.11 (Position X0501 in the
German “Heilmittelkatalog”) for each session and added the

obligatory patient copayments of a one-time €10 prescription
charge and an additional 10% own share for each physiotherapy
session. Moreover, we extracted data on the utilization of
pharmacotherapy and diagnostic procedures from the German
cost-of-illness study performed alongside an RCT [6] instead
of referring to the reference RCT study. We chose this approach
because the reference study only reports on the outcome of the
medication quantification scale, which is a value for a patient’s
medication profile, and does not include data on the monthly
frequency and dose of medication intake. Nonetheless, we
adopted the finding that there was no significant between-group
difference regarding medication intake [18]. We inflated the
reported monthly mean cost of medication intake, including
nonsteroidal antiinflammatory drugs as the most frequently used
drugs, and monthly mean medical image diagnosing cost per
patient to 2021 prices assuming an annual expenditure growth
rate of 3% [6]. Since we did not consider patient treatment in
inpatient care, surgical or rehabilitation costs were excluded.
Finally, we utilized the price for the app’s 3-month subscription
in Germany from the DiGa repository, in which another, yet
similar in functionality, listed therapy app for people with LBP
is currently listed and being reimbursed by statutory health
insurance at a price level of €239.96 [43].

We estimated the indirect cost regarding the vocational outcome
using the human capital approach. We multiplied the average
hourly labor cost with productivity losses due to the LBP-related
number of days of absences from work, assuming 21 working
days per month and an average monthly gross wage of €3092
in 2020 in Germany [44]. Becker et al [6] reported that for
one-third of patients, the mean frequency of short-term
productivity losses was 8 days, whereas highly frequent utilizers
with 5 or more days off work accounted for 98% of total
absenteeism. Another German cost-of-illness study performed
by Wenig et al [5] reported a mean value of 13.5 days of sick
leave over 3 months. We thus assumed absenteeism to be on
average the sum of 8 days for all states after each cycle in the
model, which is also in alignment with a systematic review that
reported a median duration of work absence of 5 to 28 days in
the workplace samples [45]. However, we did not include
productivity losses resulting from employees remaining at work
with restricted operating activity, so-called presenteeism [5].
Furthermore, patients in the remission state do not cause any
additional expenditure since we assumed that no follow-up
pharmacotherapy nor primary care consultation is utilized in
that health condition phase. All expenditure-related data that
we used to populate the model as well as the mean monthly cost
per patient and cycle are reported in Table 2.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e35042 | p.376https://mhealth.jmir.org/2022/2/e35042
(page number not for citation purposes)

Lewkowicz et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 2. Model input: health care resource utilization and cost parameters (in Euro: €1=US $1.12).

ReferenceDeterministic sensitivity analysisBase caseUnitParameter

HighLow

Direct cost

[43]299.96b99.96b239.96One-time access (for 3
months)

DTCa app

[5]——d20.47ConsultationGPc

[38,42]——21.36ConsultationOrthopedic specialist

[38,42]——21.11SessionPhysiotherapist

[38,42]288.65e102.88e149.33Cycle (6 session)Physiotherapist

[6]——16.81Per cyclePharmacotherapy

[6]——29.24Per cycleDiagnostic procedure

[44]161.96132.52147.24Daily wageIndirect cost: productivity loss
(absenteeism)

N/A0.050.000.03AnnualDiscount rate

Cost per cycle and per state

See Multimedia Appendix 2530.06397.55441.72CycleLow-impact LBPf

See Multimedia Appendix 2706.75471.17588.96CycleHigh-impact LBP

See Multimedia Appendix 2———CycleTreatment weeks 1-4

See Multimedia Appendix 2535.08335.08475.08—DTC

See Multimedia Appendix 2517.17331.40377.85—TAUg

See Multimedia Appendix 2——16.81CycleTreatment weeks 4-8

See Multimedia Appendix 2——16.81CycleTreatment weeks 8-12

aDTC: digital therapeutic care.
bManually set upper and lower bound values for price level of DTC app cost reimbursement.
cGP: general practitioner.
dnot applicable.
eAssuming lower and upper bound values based on a divergent number of physiotherapy sessions: 4 and 12.
fLBP: low back pain.
gTAU: treatment as usual.

Sensitivity and Scenario Analyses
We tested all previously mentioned assumptions in a
comprehensive deterministic sensitivity analysis (DSA) to
validate the robustness of our results. In the DSA, we manually
set lower and upper bound values to increase the plausibility of
our assumptions. Specifically, we chose divergent remission
rates for all dropouts in the range of 40%-60% since it is not
clear how many patients discontinue treatment because of
sudden pain relief. Regarding the therapy app cost, we set the
lower and upper bound values according to alternative price
levels for the reimbursement rate of €99.96 and €299.96,
respectively. We also varied the number of physiotherapy
sessions in the TAU strategy from 4 to 12 to explore the
influence of the F2F treatment cost on the overall outcome. For
the remainder values, we used confidence intervals as reported
in the respective studies or assumed 5% intervals. To address
the use of different QoL indices, we tested the SD-6D index
values with increased lower and upper bound values of 5%.

We refrained from performing a probabilistic sensitivity analysis
(PSA) due to missing data on standard deviations or confidence
intervals. Far-reaching assumptions would be necessary that
would reduce the value and meaningfulness of a PSA.

Furthermore, we performed several scenario analyses. In
scenario A, we simulated different time frames and extended
our base case scenario to time horizons of 2 (A.1), 4 (A.2), and
5 (A.3) years. In scenario B, we investigated the impact of three
alternative attrition rates (B.1-B.3 as described below) of digital
therapeutic care app usage on the overall cost-effectiveness of
the intervention compared to TAU. In the base case of our
analysis, we used slightly higher attrition rate values in the
digital therapeutic care app strategy as adopted from the findings
of our reference RCT [18]. However, these numbers were found
in a controlled clinical trial environment and do not represent
real-world engagement and program dropout rates, which we
previously explored in a review of different retrospective studies
of digital therapeutic care apps [12].

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 2 | e35042 | p.377https://mhealth.jmir.org/2022/2/e35042
(page number not for citation purposes)

Lewkowicz et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


We previously found divergent attrition rates of digital
therapeutic care apps of up to 80% when retrospectively
analyzing user databases of real-world app usage frequency
[12,46]. Therefore, scenario B extends our base-case analysis
by changing the transition probabilities for the digital therapeutic
care app strategy in two ways. First, we assumed best-case
attrition rates for the digital therapeutic care app strategy to be
as low as that in the TAU strategy (B.1). Hence, we decreased
attrition rates in the digital therapeutic care strategy to 6.5%
after month one and to 4.3% after month two. As alternative
worse-case scenarios, we assumed higher attrition rates for the
digital therapeutic care strategy with equivalent values after
months one and two (B.2: 14% each, B.3: 30% each) to explore
the economic consequences when patients are reimbursed for
the app but essentially stop using it shortly after.

Results

In the base-case analysis of our simulation, the digital
therapeutic care app strategy cost €121.59 more per patient but
also generated additional 0.0221 QALYs compared to the TAU
strategy. The incremental cost-effectiveness ratio (ICER) was
€5486.05 per QALY. The total expenditures of both the digital
therapeutic care and TAU strategies did not significantly differ
and amounted to €2039 and €1998 per patient per year,
respectively. The indirect cost aggregated to €1442 in the digital
therapeutic care strategy and €1550 for TAU. The average
QALY values per person and year aggregated to 0.697 in the

digital therapeutic care app strategy and to 0.689 for TAU.
According to data from a German cost-of-illness study
performed by Becker et al [6] in 2010, we addressed 61% of
the LBP-related direct cost in our model. By adding the indirect
cost components, we addressed 81% of overall health care
expenditure resulting from LBP [6]. In the digital therapeutic
care strategy, a total of 4143 patients ended up in the “healthy”
state, which is 1571 patients more compared with that in the
TAU strategy, despite the higher attrition rate. In the TAU
strategy, primary care consultations were substantially higher,
with a mean number of consultations of 6151 and 5750 per year,
respectively. The number of recurring prescriptions for
physiotherapy was also 8% higher than the number of app
prescriptions. In addition, fewer patients were located in the
untreated states “low-impact” and “high-impact” LBP for the
digital therapeutic care strategy, leading to a reduced indirect
cost. However, the circumstance of the app cost being higher
than six sessions of physiotherapy was superior and
consequently the reason the digital therapeutic care app strategy
was more costly than TAU. The results of the scenario analysis
are summarized in Table 3.

The results of our base case and alternative scenarios in the
cost-effectiveness plane are visualized in Figure 2. We also
included manual threshold values of €10,000 and €20,000 per
QALY to provide a better overview regarding the cost-efficiency
and thus increase the comparability of the cost per QALY
outcome.

Table 3. Results of the scenario analyses.

ICERb resultIncremental outcomeaScenario

Effect outcomeCost outcomec

€25,189/QALYd0.0098246.86A.1: Time horizon 2 years

DTCe dominantf0.0371–99.23A.2: Time horizon 4 years

DTC dominant0.0534–381.80A.3: Time horizon 5 years

DTC dominant0.0319–288.58B.1: Equal attrition rates in both groups (6.5% and 4.3%)g

€10,620/QALY0.0201213.47B.2: Higher attrition rates in DTC strategy (14% and 14%)

TAUh dominant–0.0029–1263.62B.3: Higher attrition rates in the DTC strategy (30% and 30%)

aIncremental outcome referring to the strategy: digital therapeutic care app intervention.
bICER: incremental cost-effectiveness ratio.
cPresented in Euro (€1=US $1.12).
dQALY: quality-adjusted life year.
eDTC: digital therapeutic care.
fA dominant strategy: less costly and more generated QALYs.
gMonthly attrition rates: 6.5% when transferring from state (3) to (4) and 4.3% in the subsequent cycle when transferring from state (4) to (5).
hTAU: treatment as usual.
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Figure 2. Cost-effectiveness plane, including base case and scenario analyses. The color code indicates when the digital therapeutic care strategy is
dominant (green); both scenarios are comparable based on different quality-adjusted life year (QALY) thresholds (orange) or the treatment-as-usual
strategy is dominant (red). €1=US $1.12.

The different model time horizons were revealed to have a
substantial impact on the economic outcome. For the 2-year
time horizon (A.1), the cost for one additional gained QALY
increased significantly, whereas for the long-term observations
(A2 and A3) the app intervention became less costly than TAU
and thus the dominant strategy. Moreover, the divergent app
attrition rates also showed a strong impact on the outcome.
Considering equal attrition rates between app usage and TAU
(B.1), digital therapeutic care became the dominant strategy.
However, increasing the attrition rate of app users up to 30%
(B.3) after each month resulted in TAU becoming the overall
dominant strategy.

The results of our DSA are shown in a tornado diagram centered
around the base case result of €5486/QALY in Figure 3. The
reimbursement rate of the app and a diverging number of
prescribed F2F physiotherapy sessions had the most considerable
impact on the results. Increasing the app cost to around €99 per
month also increased the cost per generated QALY up to
€20,478, while decreasing the app cost to €99 for all 3 months,
making digital therapeutic care dominant and significantly less
costly than TAU. Similarly, increasing the number of F2F
physiotherapy sessions from 6 to 12 within 3 months also made
digital therapeutic care dominant over TAU. Except for these
two outliers, our simulation results are robust, and parameter
uncertainty did not significantly influence our findings.
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Figure 3. Tornado diagram from the deterministic sensitivity analysis. DTC: digital therapeutic care; F2F: face to face; TAU: treatment as usual; QoL:
quality of life; Tw: treatment week; HP: high impact; LP: low impact; REM: remission; Prob: probability of changing states.

Discussion

Principal Findings
The results of our analysis show that in the base-case analysis,
reimbursing a digital therapeutic care app at a rate of €296 for
a prescription duration of 3 months results in a cost of €5486
per additional gained QALY compared to TAU. Our
decision-analytic model addressed 81% of total direct and
indirect costs resulting from LBP and determined an average
cost of around €2000 per patient per year in each group.
Considering that we excluded inpatient and rehabilitation care,
our cost estimate lies in the range of available data from different
cost-of-illness studies in Germany with estimates ranging from
€1322 and €3580 to €13,745 [5-7]. Our cost outcome value also
confirmed our model assumption regarding the amount of
absenteeism in the respective health cycles, and subsequently
the amount of indirect cost predicted through our model, which
averaged at around 70% of the total cost. Although our base-case
approach following 8 days of sick leave per cycle is based on
scientific findings, we had to make assumptions on when these
days of sick leave occur in our model. Hence, we inferred that
the majority of days off work occur when patients experience
untreated LBP or at the very beginning of the treatment cycle.
After treatment begins, medication use enables people to return
to work regularly.

The pricing of digital therapeutic care as currently listed in the
German DiGa directory is higher than that of six F2F
physiotherapy sessions. Concerning commercial apps on the
market, therapy app manufacturers offer access to their program
for out-of-pocket payers at different price levels, which can
vary significantly from around €10 to €99 per month. We have
covered this broad range of app pricing within our DSA, in
which we defined lower and upper bound values in the range
of €99 to €296 for a 3-month treatment. Moreover, therapy apps
also have much higher attrition rates, which made it overall

unclear if digital therapeutic care is a cost-effective alternative
to TAU. Nevertheless, in a digital therapeutic care program, the
patients are supported by daily exercise and education material
for 12 weeks, in contrast to 45 minutes once per week for 6
weeks of physiotherapy. This also includes personalized
decision-support notifications that guide the user, reinforce daily
achievements, and thus lead to long-term healthier behavior. It
is notable that our explored incremental cost and incremental
effect outcomes deviated only by €41 and 0.08 gained QALY
per person per year, respectively. Looking at the cost
components, the two strategies digital therapeutic care and TAU
mainly differ regarding the initial treatment cycle cost, which
is the cost of reimbursing a 3-month app prescription versus six
F2F physiotherapy sessions. There was no significant
between-group difference regarding the VR-6D index values
in the QoL data we retrieved from the authors of the RCT [18].
The QoL improvements in the treatment and control group
average from 0.671 at baseline to 0.748 after 3 months
postintervention in the digital therapy group and from 0.639 to
0.729 in the control group, respectively. Hence, these minor
differences ultimately lead to consequential comparable
incremental outcomes in the simulation, making a difference
only in the long term.

Determinants for Reimbursement Price Predictions
The scenario and sensitivity analyses revealed the significant
drivers and fundamental tradeoffs in our model: the cost of the
app and the number of F2F physiotherapy sessions, the impact
of digital therapeutic care on behavior change, and overall app
attrition rates. We varied both the reimbursement cost of the
therapy app and the number of physiotherapy sessions to account
for the fact that digital therapeutic care could be equivalent to
having up to 12 guided sessions. Both adjustments were found
to have the most considerable influence on the ICER of digital
therapeutic care. Similarly, the third and fourth bars in the
tornado plot of Figure 3 ascertain that personalized health
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assistance interventions are a decisive factor toward the
cost-efficiency outcome of our analysis. We define a decisive
factor as an element of the analysis that changes the ICER
outcome of our simulation significantly. Since the tornado plot
shows that this is the case for these two bars, referring to the
transition probability going from state (5) to (7), the effect of
decision-support interventions on prolonged behavior change
has a substantial impact on the ICER of digital therapeutic care
compared to TAU. Conversely, the more people improve their
coping behavior with LBP (ie, reach health state 7) in our
simulation, the more recurring episodes of LBP can be
prevented.

From the perspective of our model, the actual recommended
price for reimbursing the app is therefore directly dependent
and derivable from two factors: (1) the retention and attrition
rates while using the app, and (2) the effect of the implemented
decision-support interventions to provoke behavior change and
support long-term coping with LBP. If future trials can prove
that apps achieve lower attrition rates in real-world usage as
they currently do in a controlled clinical trial environment, our
analysis confirms that digital therapeutic care becomes dominant
over in-person physiotherapy. Moreover, if apps can support
behavior change and the patient’s self-management of LBP, our
analysis confirms that the cost per generated QALY decreases
for the digital therapeutic care strategy. Both factors significantly
impact the formation and reevaluation of the reimbursement
price and thus determine the amount of profit contribution for
the app developers.

It is inevitable that the level of benefit and the patient’s
perception of the actual value of digital therapeutic care
ultimately determine future reimbursements rates. Hence, more
clinical effectiveness trials, including patient-reported outcome
measures, are needed to generate more insights on these critical
factors to further increase our model’s usefulness and make
actual price predictions for the statutory health insurance.

Need for Further Cost-Effective Analyses Considering
Different Patient Cohorts and Scenarios
In our model, we focused on a specific use case that implies the
prescription of the therapy app to patients with subacute or
chronic LBP as an alternative modality to in-person
physiotherapy. However, there are other application areas that
amplify the advantages of using an app and could potentially
increase the cost-effectiveness of digital therapeutic care
significantly. A cluster randomized trial has found that stratified
care or immediate access to the app without prolonged waiting
times on F2F physiotherapy is highly effective in preventing
the worsening of LPB to a chronic condition. Thereby, early
reduction of overall persistent pain levels could have a
tremendous positive impact on the economic burden of LBP
[16].

Moreover, we based our analysis on an RCT that has elaborated
the efficiency of a multidisciplinary therapy app, including
exercises, education material, and push notifications for people
with LBP [18]. Considering the multidisciplinary capabilities
of digital therapeutic care and the fact that multimodal offline
rehabilitation programs are much more expensive in Germany,
therapy apps could be a cost-effective alternative to these offline

resource-extensive programs. It remains unclear if future
effectiveness trials could show that therapy apps are as efficient
as a multimodal rehabilitation program or if digital therapeutic
care also provides synergistic effects as an add-on supporting
modality. Subsequently, future studies should further explore
how other therapeutic apps with different in-app features,
dashboards, or even backends should be treated, and if
cost-effectiveness analyses have to be conducted individually
for each app based on the respective clinical effectiveness data.

Finally, our study relied on single study–based estimates with
a small-sized and narrow cohort. In our simulation, we assumed
a middle-aged cohort with above-average education and a
medium BMI, thus possibly constraining the transferability of
our results to a broader population. Coping with LBP by
self-managing the digital therapeutic care program may be more
challenging for other populations. For example, people with a
higher BMI might experience more insecurities and
fear-avoidance beliefs and drop out earlier, or less educated
people might find it challenging to understand and adopt the
necessity of behavior change [47]. Hence, further economic
evaluations, including different patient characteristics, scenarios,
and control groups, are required to make a profound conclusion
on the cost-efficiency for including digital therapeutic care apps
into the statutory health insurance.

Transferability of Results to Other Countries
The lack of transferability also applies for implications toward
the cost-efficiency of alternative health care systems in other
countries. Our model’s input data are specifically tailored toward
the addition of digital therapeutic apps into the German statutory
health insurance reimbursement catalog by drawing on insights
from various German cost-of-illness studies. However,
efficiency studies from other therapy apps for people with LBP
have proven similar positive health effects on QoL and pain
intensity, and might thus imply the same impact on the economic
outcome [12]. The fact that our results imply an ICER of €5486
per QALY is highly promising for other countries, such as the
UK National Institute for Health and Care Excellence in England
with a cost-effectiveness threshold in the range of £20,000 to
£30,000 (US $26,764 to US $40,146) per QALY [48].

Comparison With Prior Work
Prior model-based economic evaluations concerning the
long-term cost-efficiency of various treatment interventions and
management of LBP were found to be sparse and with a poor
standard of modeling [49,50]. A recent systematic review
performed by Hall et al [49] identified a total of five studies
that encompass a health economic decision model (ie, based on
a decision tree or state transition for any treatment modality for
LBP) [49]. The authors concluded a predominantly poor quality
of modeling techniques, especially regarding the applied health
states concerning a suboptimal representation of LBP health
conditions and treatment pathways or inadequate time horizons
and model cycle lengths [49]. Remarkably, concerning the three
Markov model–based studies in their review, all constructed
models included a total of three or four health states each to
represent the respective treatment approach, which might entail
oversimplification biases. Among the studies in their review,
the authors favored a state-transition model in which the initial
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health states served as a temporal classification of LBP (eg,
“acute,” “subacute,” or “chronic” LBP, and “healthy”) [51].
However, the heterogeneity of pain severity and functional
disability cannot sufficiently be reflected in a chronological
arrangement of health states, while recurrent LBP episodes
could result in a false state classification. Therefore, a modeling
approach considering the severity of symptoms (eg, focusing
on the level of pain) is recommended as the current best course
of action [52].

In advance of our economic evaluation, we performed a
snowball sampling search method to complement the view from
the review of Hall et al [49] with any more recently published
studies, allowing us to draw further insights on best-practice
modeling techniques in this field. We searched the reference
lists and used Google Scholar’s “cited by” function to find
additional model-based studies concerning any treatment
interventions for LBP. In total, we found another four
publications, including three distinct Markov models [52-55].
First, Hall et al [52] performed a cost-utility analysis exploring
the STarT Back stratified care model compared to usual care.
Based on a six-health-state transition model, the authors
concluded that stratified care is cost-effective for managing
LBP over a 10-year horizon [52]. Second, Hermann et al [53]
constructed a four-health-state transition model and investigated
the cost-efficiency of 17 nonpharmacologic therapies compared
to usual care over a 1-year time horizon. The authors updated
their model in a subsequent publication by adding five additional
trials with further alternative treatment modalities into their
analysis [53,54]. Lastly, to complete the list of related work
regarding available Markov model–based economic analyses
of managing LBP, Olafsson et al [55] constructed a hybrid
decision tree state-transition model to establish a lifetime
treatment pathway model based on Swedish national registry
data to extrapolate a mean lifetime total cost of €47,452 per
LBP patient. We analyzed all additional studies more profoundly
according to the individual model approaches, model
conceptualization, and underlying techniques, which are
summarized in Multimedia Appendix 3. Economic evaluations
alongside clinical randomized controlled or observational trials
are more prevalent and have been summarized for various LBP
treatment modalities in numerous systematic reviews published
in the previous 3 years alone [56-59].

Limitations
Our model and analyses have several limitations and constraints.
First, we did not include all cost components and treatment
dimensions related to LBP. By addressing only 81% of LBP
occurred costs and excluding inpatient and rehabilitation care,

we may have caused over- or underestimation of costs and
neglected the coherences and impact of digital therapeutic care
on resource utilization of alternative treatment modalities.
Although we specifically included the interventions
recommended by German treatment guidelines, we excluded
other minor yet prevalent applied interventions in outpatient
care, such as injections therapy, because we would lack relevant
data to integrate this alternative pathway into our model [35].
The high numbers of different options and treatment
considerations make it challenging to develop a model that
considers a broader patient cohort than we did in our simulation
[50].

Furthermore, we did not perform a PSA because of the lack of
information. For most of our input parameters, essential data
such as standard deviations or confidence intervals were not
available so that using a recommended beta or gamma
distribution in the PSA was not feasible. Another limitation is
the use of two different metrics, the SF-6D and VR-6D, as part
of the QoL measurement of effectiveness. Although we do not
expect our results to differ significantly because these two
metrics provide comparable indices and the health states with
the SF-6D utility values are equal for both strategies, this
methodological choice is a limitation of our study. Finally, we
emphasize that the QoL data of the treatment health states are
taken from one RCT and are not derived from synthesis-based
estimates such as a meta-analysis of QoL effectiveness studies,
since more data are not yet currently available in the scientific
literature. Although we tested all relevant uncertain parameters
within our sensitivity analysis, more research is required on the
cause and consequences of fluctuating LBP intensity as well as
the reasons behind early and spontaneous treatment
discontinuations.

Conclusion
We developed a best-practice model for evaluating the
cost-effectiveness of digital therapeutic care compared to TAU
for people with LBP, and provided the first long-term economic
evidence for reimbursing an app by the statutory health
insurance in Germany. The current reimbursement cost set at
€296.99 for a 3-month app prescription can be considered
cost-effective compared to TAU with an ICER of €5486 per
generated QALY. Future value-based price targets should focus
on additional outcome parameters besides the effect on the QoL
or reduction in pain intensity. Including the app’s attrition rate
and the effect on the patient’s coping ability and behavior
change induced by the app’s personalized assistance
interventions will essentially influence the setting of a holistic
value-based reimbursement price.
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Related Article:
 
Correction of: https://mhealth.jmir.org/2018/7/e154/
 

(JMIR Mhealth Uhealth 2022;10(2):e27292)   doi:10.2196/27292

In “A Novel mHealth Approach for a Patient-Centered
Medication and Health Management System in Taiwan: Pilot
Study” (JMIR Mhealth Uhealth 2018;6(7):e154) one addition
was made.

In the Methods section of the originally published paper, the
subsection “Ethics Approval” has been added, containing the
following statement:

This study was approved by the Institutional Review
Board of Taipei Mackay Memorial Hospital, Taiwan
(No.18MMHIS016e).

The correction will appear in the online version of the paper on
the JMIR Publications website on February 15, 2022, together
with the publication of this correction notice. Because this was
made after submission to PubMed, PubMed Central, and other
full-text repositories, the corrected article has also been
resubmitted to those repositories.
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