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Abstract

Background: Wearables and their benefits for the safety and well-being of users have been widely studied and have had an
enormous impact on the general development of these kinds of devices. Yet, the extent of research into the use and impact of
wearable devices in the underwater environment is comparatively low. In the past 15 years, there has been an increased interest
in research into wearables that are used underwater, as the use of such wearables has steadily grown over time. However, there
has so far been no clear indication in the literature about the direction in which efforts for the design and construction of underwater
wearable devices are developing. Therefore, the analysis presented in this scoping review establishes a good and powerful basis
for the further development and orientation of current underwater wearables within the field.

Objective: In this scoping review, we targeted wearable devices for underwater use to make a comprehensive map of their
capabilities and features and discuss the general direction of the development of underwater wearables and the orientation of
research into novel prototypes of these kinds of devices.

Methods: In September 2021, we conducted an extensive search for existing literature on 4 databases and for grey literature to
identify developed prototypes and early-stage products that were described and tested in water, could be worn and interacted with
(eg, displays, buttons, etc), and were fully functional without external equipment. The studies were written in English, came from
peer-reviewed academic sources, and were published between 2005 and 2021. We reviewed each title and abstract. The data
extraction process was carried out by one author and verified by another author.

Results: In total, 36 relevant studies were included. Among these, 4 different categories were identified; 18 studies dealt primarily
with safety devices, 9 dealt with underwater communication devices, 7 dealt with head-up displays, and 2 dealt with underwater
human-computer interaction approaches. Although the safety devices seemed to have gained the most interest at the time of this
study, a clear trend toward underwater communication wearables was identified.

Conclusions: This review sought to provide a first insight into the possibilities and challenges of the technologies that have
been used in and for wearable devices that are meant for use in the underwater environment. Among these, underwater
communication technologies have had the most significant influence on future developments. Moreover, a topic that has not
received enough attention but should be further addressed is human-computer interaction. By developing underwater wearables
that cover 2 or more of the technology categories that we identified, the extent of the benefits of such devices can be significantly
increased in the future.

(JMIR Mhealth Uhealth 2022;10(9):e35727)   doi:10.2196/35727
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Introduction

Over the past few years, wearables have been widely adopted
and have become tools that many people use in their daily lives
[1-3]. As a result, interest in using wearables for data collection
and evaluation toward a scientific purpose has also increased
in many areas within the last decade, especially for the
monitoring of fitness and health-related metrics [4,5].

Divers can be divided into different categories, just like
mainstream wearable users. These categories include scuba
divers, who tend to be recreational divers, as well as free divers,
who want to stay underwater for as long as possible with 1
breath. The transition from scuba diving to technical diving is
fluent. We consider technical diving to be activities that are
performed beyond the depths and conditions of scuba diving.
Technical divers have a clear focus on performing professional
activities underwater, which mostly involves dealing with the
increased demands on the equipment and with the underwater
conditions.

Although divers are generally at higher risk than nondivers, far
fewer studies have been conducted in this area [6]. The
underwater environment is, for humans, unnatural and
dangerous, which makes it particularly necessary to survey
physiological factors. Such factors that relate to the pulmonary,
cardiovascular, neurological, and renal systems have so far been
described in detail [7-9].

Due to the significantly smaller number of people who are
divers, as well as the higher demands on wearable devices in
terms of water resistance and water pressure, the development
of underwater wearables has been challenging. As a result of
the increased pressure under water, many sensors and actuators
must be treated differently than they are on land. In particular,
those that provide vital sign data, such as oxygen saturation
monitors or heartbeat monitors (eg, Holter monitors), must be
adapted to the different underwater conditions to function
smoothly. Furthermore, water represents an almost impenetrable
barrier for various radio networks, such as wireless local area
networks or Bluetooth networks, and the propagation of radio
waves under water decreases as the frequency increases. This
results in enormous hurdles, especially when networking
different wearables underwater, since radio wave–based
connection methods cannot be used. In addition to wired
connections, acoustic and optical data transmission have
primarily been investigated and recognized as useful so far
[10-12].

Ongoing development and research have made it possible to
propose initial prototypes, concepts, and ideas in the field of
diving physiology, and wearable sensors have also been
extensively investigated recently [13,14]. Therefore, using
devices to collect and process diving physiology data could be
helpful in minimizing underwater dangers, such as drowning,
the risk of floating away, or fear. Previous studies have already
been able to collect and describe in detail the individual sensors
that have been used underwater [13-15]. However, none of these
studies went into more detail with regard to whether and how
these sensors can be combined in a portable; compact; and, if
possible, networked end device. In addition, only sensors that

directly relate to the health of divers have been covered in the
literature so far.

To close this gap and to show a first look at the tendencies of
different wearables for any kind of diver and, therefore, for
general underwater use, we especially tried to answer the
following questions:

• What use cases do wearables cover, besides a depth logger
dive computer, and in which directions are they developing?

• Which communication technologies and seals are the most
forward-looking for wearables and up to what depth have
they been used and tested?

• To what extent have wearable devices been tested and what
results have been attained?

• Are there important topics that have only been covered to
a very small extent in scientific literature?

For the sake of completeness, individual wearables from other
reviews were included, provided that they were intelligent
electronic devices that could be worn on the body or on the
surface of the skin and could detect, analyze, or transmit
information. Dive computers that use the classic approach of a
pure depth sensor were not included in this review, as we
considered them to be too simple to be compared with the
devices that we defined as wearables. Similarly, commercial
dive computers were not considered in this review for two
reasons. First, the details of the specifications of individual dive
computers can only be compared with great effort and not in a
review, since they are often tested under manufacturer-specific
conditions. Second, built-in sensors and actuators are often not
disclosed and would thus have required a direct comparison in
a laboratory. Purely commercial studies on dive computers have
been published [16-19].

Methods

The methodology used in this study was based on the approach
of scoping reviews. The scoping review approach aims to
present certain key concepts that have not or have only partially
been reviewed so far.

In this review, we targeted wearable devices for underwater use
to make a comprehensive map of their capabilities and features
and discuss the general direction of the development of
underwater wearables and the orientation of research and
prototype designs for these kinds of devices.

For this study, a scoping review was conducted to identify and
discuss the extent, scope, and nature of underwater wearable
research; propose a summary of existing research; and identify
gaps in the existing literature [20-22]. During the review process,
we followed the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines and the
PRISMA-ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses extension for Scoping Reviews)
guidelines [23].

The search syntax was developed on PubMed and the Scopus
database, using different word variations and combinations for
the search in the “Title-Abstract” search field on PubMed and
the “Article title, Abstract, Keywords” field on the Scopus
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database. Each iteration of the search results was searched for
10 publications that were previously known to the authors to
randomly examine the results of the search. If all 10 papers were
not found, the search was repeated with a different search string.
The final search formula—“wearable OR device AND (diver
OR diving)”—yielded the most complete and strongest results,
which contained all 10 papers. Other terms did not yield any
useful results in either database and were discarded. By using
the final search string, which was created to be as generic as
possible, many articles that were considered for inclusion in
this study were found.

The final search was conducted on September 2021 within the
PubMed, Scopus, and ACM databases, and we checked Google
Scholar for additional literature that may have not been covered
by any of the aforementioned databases.

To obtain only relevant results, the search was restricted to the
period after 2005. The reference lists of included articles were
screened for any potentially missed papers.

A total of 2320 articles were identified by the search; PubMed
returned 664 articles, Scopus returned 992 articles, and articles
from additional sources were included (eg, 15 papers, which
were identified from the References sections of the
aforementioned papers and did not appear in the initial search

results, were included). After excluding duplicates, a total of
1420 papers passed the initial filter and were subsequently
screened based on their titles and abstracts, in terms of the
objectives of this review. If a paper could not be clearly rejected
or accepted based on its title or abstract because it did not match
the study conditions, a full-text analysis was also carried out.
To be considered as an appropriate paper, the following criteria
had to be met: (1) the prototype or device was described and
tested in water, (2) the device could be worn and interacted with
(eg, displays, buttons, etc), (3) the device was fully functional
without external equipment, and (4) the paper was written in
English and published in a peer-reviewed academic source.

Wearables that could not function independently as a research
object were excluded. These included individual sensors that
did not function as an independent device and actuators,
nonportable sensors, or systems that were not wearable devices
[24-26].

After a discussion involving all authors, we decided to include
171 studies in a full-text screening. A total of 41 articles were
retained for a synthesis analysis, and 5 articles from this analysis
were discarded at a later stage, since they did not fully meet the
inclusion criteria. The individual steps that were carried out can
be seen in Figure 1.

Figure 1. Flow diagram of study selection for wearable dive computers.
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A spreadsheet table was created to present the data from the
individual papers. Data extraction was performed by the first
author. Articles in which the individual parameters of wearable
devices were not clear were examined more closely by all
authors, and a joint decision was made. There was no
documented instance in which a final consensus was not
achieved among the four authors. The data extracted from the
articles that were included in this review were the types of
articles, sources, titles, study topics, study samples, housing
and sealing types, depth ratings, wearables’ locations on the
body, implemented sensors and actuators, results, and other
studies that used the same devices. In particular, the housing
types and the tested depths were listed on a separate spreadsheet
and displayed in a graphic. The applications of the studied
wearables were compared with the respective preferred methods
of wear; however, these data did not add any further value and
were therefore discarded.

Results

Overview of Included Studies
Of the 36 studies retained in this review, 9 focused on
underwater communication devices, 7 dealt primarily with the
development of a head-up display (HUD), 2 dealt with
underwater human-computer interaction possibilities, and the
remaining 18 dealt with different kinds of safety devices.
Theoretical measures were extracted from the wearable
components’ specifications, if this information was available.
Herein, the maximum depth is the depth at which a wearable
was successfully used and tested underwater, and the
construction depth is the theoretically possible depth, which

was based on the designs and commercial specifications of the
components reported in the corresponding publications.

Use Cases That Wearables Cover, Besides a Depth
Logger Dive Computer, and the Directions in Which
They Are Developing

Safety Devices

Overview of Safety Devices

Half of the studies (18/36, 50%) dealt with divers' safety. This
is nothing unusual, considering that when something dangerous
happens underwater, it usually ends fatally [6]. The applied
maximum test depths varied between 2.7 m and a theoretical
300 m. In this section and in the tables, both the tested and
theoretical depth measures are analyzed.

Safety devices can be divided into and specified as further
subcategories. The primary areas of application were vital signs
(7 studies), the determination of a diver’s underwater position
(7 studies), breathing detection (2 studies), and cognitive
functions (2 studies). Although breathing detection is a part of
the vital signs category, this has its own section due to its
relevance and importance.

Vital Signs

As shown in Table 1, of the 7 studies on vital signs, 4 collected
electrocardiogram values as the subject of the study. In doing
so, depths ranging from 2.7 m up to 30 m were reached. All
systems could be worn regardless of their location on the body
or the need for external devices. Measuring oxygen saturation,
blood pressure, and heart rate is particularly relevant for free
divers.
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Table 1. Studies covering vital signs.

ResultsSensors and actuatorsMaximum depth

(construction depth), m

Study topicAuthors

No changes in HR, SV, and CO
when compared with surface
breathing and when immersed at the
surface and at a 4-m depth

Miniaturized impedance cardio-
graph

3 (90)HRa, SVb, and COc during DAdTocco et al [27]

Bradycardia and decrements in SV
and CO

Impedance and ECGe recorder3 (90)HR, SV, and COTocco et al [28]

Weak housing and problematic ca-
bles

ECG, temperature sensor, and
Bluetooth sensor

30 (N/Af)Measuring body temperature
(core and skin) and ECG moni-
toring

Schuster et al
[29]

Showed the good accuracy of the
analysis system as well as the alert
system

ECG sensor2.7 (N/A)Underwater monitoring of a
diver’s ECG signal, including
an alert system that warns the
diver of predefined medical
emergency situations

Cibis et al [30]

Continuous measurement of oxygen,
HR, and plethysmography pulse
waves for water temperature and
depth was successful

Transcutaneous oxygen satura-
tion, HR, plethysmography
pulse waveform, depth, time,
and temperature sensors

11 (200)Wrist-mounted apnea dive
computer for the continuous
plethysmography monitoring
of oxygen saturation and HR

Kuch et al [31]

Accurate noninvasive measurement
of blood pressure underwater

Pressure sensor and sphygmo-
manometer

10.5 (200)Measurement of blood pressure
underwater

Sieber et al [32]

Detecting pulse oximetry during an
immersion makes diving with a re-
breather safer

Pulse oximeter14 (N/A)Detecting peripheral oxygen
saturation for an electronic
closed-circuit rebreather diver

Di Pumpo et al
[33]

aHR: heart rate.
bSV: stroke volume.
cCO: cardiac output.
dDA: dynamic apnea.
eECG: electrocardiogram.
fN/A: not applicable.

Breathing Detection

The detection of breathing has received too little attention in
the literature so far but is of elementary importance for
maintaining or increasing safety underwater. To know whether
a scuba diver is drowning, it is helpful to know whether the
diver is still breathing. Two different approaches were
successfully tested (Table 2). A precision of over 97% was

achieved with one device, which “read” the intermediate
pressure signals on the scuba regulator and evaluated them via
a built-in algorithm. In the second study, a textile sensor was
attached to a diver's chest, which expanded accordingly while
the diver breathed and thus provided different values. With this
system, a breathing signal can be read independently of the
scuba equipment. The studies achieved depths of 25 m [34] and
30 m [35], which are acceptable for recreational diving.

Table 2. Studies covering breathing detection.

ResultsSensors and actuatorsMaximum depth

(construction depth), m

Study topicAuthors

Sensitivity as high as 97.5% for 16 dives after
13.9 hours of recording

2 pressure sensors25 (100)Breathing detection deviceAltepe et al
[34]

Steps for entering the detailed menu should be
shortened, and setting functions that were
deemed to be unnecessary and dangerous (eg,
rising speed warning alarm function) should
be removed; diving computer usability ob-
tained an overall average valuation of 84.7%

MS5803-14BA pressure sen-
sor (SparkFun Electronics)
and respiratory sensors

30 (N/Aa)Enhance safety and collect
biometric information

Eun et al
[35]

aN/A: not applicable.
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Underwater Posture Determination of a Diver

The determination of a diver’s position under water has been
pursued by many studies via multiple approaches (Table 3). In
this review, a clear tendency toward a specific solution for
recording the general position of a diver was not discernible,
since the technologies described covered very different
approaches. However, an automated buoyancy vest is

particularly suitable for scuba and technical divers, as
commercial products have already shown [36,37]. Additionally,
a posture determination approach that is suitable for free divers
can be carried out by means of a depth sensor and an inertial
measurement unit (IMU) [38]. Other studies have also pursued
the possibility of recording the unconscious behaviors of a diver
via a camera (attached to the diver’s back) or have determined
the position of a diver via a GPS or handheld sonar device.

Table 3. Studies covering underwater posture determination.

ResultsSensors and actuatorsMaximum depth

(construction depth), m

Study topicAuthors

Initial correlations between the real
dives and the simulated dive results
were satisfactory.

Pressure sensors (water and
first-stage sensors), 3D ac-
celerometer, and pneumatic
valves

30 (80)Automatic buoyancy controlValenko et al
[36]

The proposed application of the
SARIS system seems feasible.

The SARIS system (pressure
sensors were used but not de-
scribed)

300 (N/Aa)Increase the safety of divers
(aimed to detect the occurrence
of too fast, possibly uncontrolled
ascents of the diver)

Allotta et al
[37]

Sunlight and temperature affect the
pressure sensor; therefore, mislead-
ing results for the depth were ob-
tained.

Pressure sensor, display, and
magnetic induction switch

4.4 (30)Automatically collect and aver-
age pressure data

Beluso et al
[39]

The system could analyze poses and
fin kicks in real time.

3-axis accelerometer, 3-axis
gyroscope, and camera

N/AUnderwater pose determinationGroh et al [38]

The camera can capture the diver
fully and even other diving mem-
bers.

Camera and wire transmission
to the diver

N/AEnhance the diving experience
by recording users’ unconscious
behaviors

Hirose et al [40]

The authors reported an accuracy of
<5 m.

GPS, pressure sensor, and dis-
play

N/A (300)Accurate and affordable georefer-
encing for diver

Kuch et al [41]

The handheld sonar significantly
reduces the mean duration for locat-
ing a missing diver.

Mark Track sonar dive equip-
ment (RJE International Inc)

9 (N/A)Determine whether a handheld
sonar device reduces the mean
time for locating a missing diver

McGrane et al
[42]

aN/A: not applicable.

Cognitive Functions

To move in a strange and hostile environment, such as an
underwater environment, intact cognitive functions are required.
Although this topic is extremely relevant, only 2 systems that
could function independently were identified (Table 4). In one

study [43], the effects of cold water and cognitive impairment
were recorded, with a significant increase of 111.7% in critical
flicker fusion frequency values. The other study [44] could only
determine a reduced performance at a depth of 20 m when
processing the Stroop test; at a depth of 5 m or on land, no
changes were found.

Table 4. Studies covering cognitive functions.

ResultsSensors and actuatorsMaximum depth, mStudy topicAuthors

Increase of 111.7% in CFFF values
when compared to those in predives;
skin temperature dropped by 0.48 °C

Display and flickering light-
emitting diode light

45CFFFa testPiispanen et al
[43]

Several findings and resultsHeart rate sensor and pressure
tank air stored with Galileo Sol
(Johnson Outdoors Inc)

20Stroop test, Number/Letter test,
2-back test, and a simple reac-
tion time test

Steinberg and
Doppelmayr [44]

aCFFF: critical flicker fusion frequency.

Head-Mounted Display Devices
HUDs are difficult to manufacture for mainstream use and are
difficult to design in an appealing way, as the aesthetics are
primarily determined by the manufacturer based on
functionality. As a result, only large manufacturers of electronic

devices could claim this market for themselves; they developed
HUDs for everyday use, such as Microsoft HoloLens, Google
Glass, or Intel Vaunt, but even the production of these HUDs
has partially stopped for the time being due to their lack of
acceptance as mainstream devices [45,46], even though they
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are currently offered to help people carry out work activities.
However, since functionality is clearly in the foreground of
diving and a diving mask or a full-face mask is used in diving
anyway, the acceptance of HUDs among divers is substantially
higher. As can be seen in Table 5, there are relatively many
studies devoted to a HUD for divers. Due to the extensive
integration of HUD technology into the masks themselves and
the associated balanced pressure, most of the HUDs for diving
can withstand a significantly greater depth or pressure without
any problems. This is of particular benefit to technical divers,

as their diving environment is the most likely to require HUD
use. Of the 7 studies on HUDs, only 2 used a see-through
mounted HUD. Only 1 of the 2 HUDs can be attached to a
conventional mask and thus can be potentially used in free
diving. Since HUDs are often integrated into full-face masks,
these HUDs are not subject to the classic challenges of wearable
devices and can instead be placed in masks without waterproof
housing and without direct seals. As a result, these HUDs can
reach significantly greater depths than those reached by HUDs
mounted outside of masks.

Table 5. Studies covering head-mounted display devices.

Sensors and actuatorsMaximum depth

(construction depth), m

Dive modeMountingType of HUDaAuthors

HUD, 3 pO2
c sensors, depth sensor, time

sensor, and decompression obligation
sensor

300 (N/Ab)Rebreather

diving

Mounted outside of
a mask

Not see-

through

Koss and Sieber
[47]

Full-color display, depth sensor, tilt-com-
pensated compass, and tank pressure sen-
sor

45 (100)Scuba diving, surface-
supplied gas diving, and
rebreather diving

Mounted inside of
a full-face mask

Not see-

through

Sieber et al [48]

Microdisplay, optical lens, electronic
compass, depth sensor, microprocessor,
associated electronics, and battery

N/AMilitary combat divingMounted outside of
a mask

Not see-

through

Gallagher et al
[49]

Depth sensor, compass, light-emitting
diodes, and HUD

9 (N/A)Scuba diving, surface-
supplied gas diving, and
rebreather diving

Mounted inside of
a mask

See-throughGallagher and
Manley [50]

HUD12 (N/A)Military combat divingDiving helmetSee-throughManley et al
[51]

Bluetooth sensor, pressure sensor, display,
buttons, and pO2 sensor

95 (300)All (copies the dive
computer screen)

Mounted outside of
a mask

Not see-

through

Koss and Sieber
[52]

Infrared receiver, 3-axis IMUd, pressure
sensor, tank pressure sensors, galvanic
pO2 sensors, display, and buttons

130 (N/A)Rebreather

diving

Mounted outside of
a mask

Not see-

through

Sieber et al [53]

aHUD: head-up display.
bN/A: not applicable.
cpO2: partial pressure of oxygen.
dIMU: inertial measurement unit.

Underwater Communication Devices
Underwater communication is the most important aspect of a
wearable for the Internet of Underwater Things (IoUT) [12].
Without a wireless connection between each device and to the
internet, the IoUT would not be able to establish itself. This is
why wireless connectivity is of particular importance to the
future development and establishment of the IoUT.

Due to the complexities and sizes of the modems for wireless
underwater transmission, there is so far only a handful that has
been successfully implemented and tested in a wearable.

As seen in Table 6, two such wearables fall back on a 2-part
solution in which the transmitter or receiver is attached to the
back, and the diver simply connects a wearable to the device
on their back [54,55]. Furthermore, apart from those in a study
by Bube et al [56], none of the wearables can reach a range of
more than 20 m, which is not sufficient for meaningful use.
Additionally, the data rate also decreases considerably as the
communication range increases.
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Table 6. Studies covering underwater communication devices.

Sensors and actuatorsDepth, mPower consumption, WMaximum range, mData rateCommunication
technology

Authors

N/A1N/AA few metersN/AaLightHussein et al [57]

Hydrophones, speaker, keyboard,
and display

N/A>5 and <1018 (direct position-
ing)

N/AAcousticKohlsdorf et al
[58]

N/AN/AN/AN/AN/AAcousticCardia et al [54]

Beacon (GPS), acoustic commu-
nication, MS5837-30BA sensor
(TE Connectivity), and pressure
transducer

6.6N/A>50N/AAcousticAnjangi et al [55]

Camera, photoelectric sensor,
audio acquisition, and display

30<1020500 kB/sOpticalChen et al [59]

Acoustic transducer, depth sen-

sor, and IMUb
18N/A1520 bytes/sAcousticKatzschmann et al

[60]

Pressure sensor, tank pressure
sensor, GPS/GSM, and display

16N/AN/AN/AGPS/GSMc cableKuch et al [61]

Pressure sensor, RTCd, acoustic
modem, temperature sensor,
heartbeat sensor, and display

2502.620064 bytes/sAcousticBube et al [56]

Light sensors, earphones, and
phototransistors

1.5N/A74 kB/sLightNavea and Clave-
ria [62]

aN/A: not applicable.
bIMU: inertial measurement unit.
cGSM: Global System for Mobile Communications.
dRTC: real-time clock.

Human-Computer Interaction Approaches
The interaction with a conventional dive computer usually takes
place via various buttons that are sealed against the ambient
pressure under water. Although there is great potential for
improvement in this area, only 2 of the papers dealt with the
topic of interaction, as seen in Table 7. For this purpose, both
the implementation of a touch screen that was insensitive to
water pressure and the implementation of interaction via tilting

the device for input were tested. For both variants, the advantage
over button-based interaction stands out. Furthermore, there is
no need for a physical connection to the outside of the housing,
which always represents a potential weak point.

In both studies, good results were achieved under all conditions,
which makes conducting further tests in this direction appear
sensible. A comparison between the two interaction options and
those for interacting with a classic dive computer via buttons
makes sense.

Table 7. Studies covering human-computer interaction approaches.

Sensors and actuatorsMaximum depth, mMounting typeInteraction typeAuthors

Temperature, water pressure, and
direction sensors

50WristTouch screenLee and Jun [63]

Samsung S8 sensors5HandheldTilting for underwater typingČejka et al [64]

The Depths at Which the Wearables Were Used and
the Most Forward-looking Seals
Particular attention should be paid to the implementation of
housing in a large number of different studies, as this is currently
one of the greatest hurdles for the development of new and
innovative ideas for the IoUT. As can be seen in Table 8, almost
every housing type was used for different study designs.
Nevertheless, a clear tendency in the choices of the primarily
used housing types was seen. The most commonly reported

housing type was a polymer or polymethylmethacrylate
(transparent thermoplastic plastic) housing (studies: 15/36,
42%). This was followed by aluminum cases (studies: 7/36,
19%) and commercial smartphone, tablet, or bag cases (studies:
9/36, 25%). There were also instances of devices being sealed
either in a diving helmet (studies: 3/36, 8%) or with a potting
compound (studies: 3/36, 8%). Only 1 of the 36 (2%) studies
used tempered glass for the housing. In 2 of the 36 (5%) studies,
no information on the housing was given.
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Table 8. Housing and sealing comparison.

Tested depth (construction depth), mHousing and sealing type and study topic

Aluminum case

Communication

N/AaKohlsdorf et al [58]

16 (N/A)Kuch et al [61]

Head-up display

45 (N/A)Sieber et al [48]b

Safety device

30 (80)Valenko et al [36]b

25 (100)Altepe et al [34]

N/A (300)Kuch et al [41]

14 (N/A)Di Pumpo et al [33]b

Commercial smartphone housing, tablet housing, or bag

Communication

1 (N/A)Hussein et al [57]

N/ACardia et al [54]

6.6 (N/A)Anjangi et al [55]

Interaction

5 (N/A)Čejka et al [64]

Safety device

4.4 (30)Beluso et al [39]

20 (N/A)Steinberg and Doppelmayr [44]

N/AGroh et al [38]

30 (N/A)Schuster et al [29]

2.7 (N/A)Cibis et al [30]

Diving helmet or mask

Communication

30 (N/A)Chen et al [59]

Head-up display

12 (N/A)Manley et al [51]

Safety device

14 (N/A)Di Pumpo et al [33]b

Polymer or polymethylmethacrylate (Lexan, acryl, Plexiglas, etc)

Communication

1.5 (N/A)Navea and Claveria [62]

18 (N/A)Katzschmann et al [60]

250 (N/A)Bube et al [56]

Head-up display

300 (N/A)Koss and Sieber [47]

45 (100)Sieber et al [48]b

N/AGallagher et al [49]

95 (300)Koss and Sieber [52]b
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Tested depth (construction depth), mHousing and sealing type and study topic

Safety device

30 (80)Valenko et al [36]b

11 (200)Kuch et al [31]

3 (90)Tocco et al [27]

10.5 (200)Sieber et al [32]

45 (N/A)Piispanen et al [43]

3 (90)Tocco et al [28]

300 (N/A)Allotta et al [37]

N/AHirose et al [40]

Potting compound

Head-up display

9 (N/A)Gallagher and Manley [50]c

95 (300)Koss and Sieber [52]b

130 (N/A)Sieber et al [53]

Tempered glass

Interaction

50 (N/A)Lee and Jun [63]

Not specified

Safety device

30 (N/A)Eun et al [35]

9 (N/A)McGrane et al [42]

aN/A: not applicable.
bThe device consists of 2 parts and is therefore listed in 2 housing and sealing categories.
cThe depth is only 9 m because the potting compound was not applied to all components. Instead, the components had their own compartments, which
is a problem with regard to sealing. The buttons were sealed with O-rings.

As expected, across all examined studies, the depth tested was
well below the theoretical construction depth (Figure 2). Only
the use of tempered glass was tested at the maximum specified
depth. A direct comparison between housings that were made
of a polymer or polymethylmethacrylate and housings that used
a potting compound showed that the depths achieved by both
housing types were approximately equivalent. By weighing the
costs and benefits of a specific study that is to be carried out, a

decision can be made between the two housing types. The most
common primary cause cited against the use of a potting
compound for housing was the difficulty in accessing the device
(ie, for charging, programming, and interacting with the device)
after pouring the compound [39]. If these challenges are
overcome, the use of cast housings, including those used for
underwater sensors, could prevail in the long term.
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Figure 2. Housing type and waterproofness (ie, depth in meters). White bars indicate the tested and confirmed depths. Grey bars indicate the calculated
or specified depths. PMMA: polymethylmethacrylate.

Discussion

Study Overview
Some of the insights that we gained from the reviewed studies
were that many of the wearables examined were in the prototype
stage or were only designed for a specific group of users.
Safety-relevant devices received the greatest attention, and much
of the technological progress in the development of underwater
wearables can be attributed to their contributions to the field.

The most promising areas of development include underwater
communication and human-computer interaction, as
improvements in these areas will enable the entry of underwater
wearables into a consumer market, which in turn can result in
increased attention for such wearables in society and thus
increased attention for science.

Principal Results

Safety Devices
The collection and storage of vital values via underwater
wearables received the most attention, since little is known
about the medical background of diving, especially among
divers and free divers. However, due to the advancing
developments in this area within recent years, the use of such
wearable devices has made it possible to achieve initial results.
By linking previously developed and functioning safety devices
with underwater communication devices, the almost real-time
monitoring of a diver can take place within various disciplines

in the future. Possible scenarios for the use of underwater
wearables for vital sign monitoring include technical diving and
free diving competitions, among others, as such wearables can
be used to increase the safety conditions of these activities. By
specifically measuring the vital parameters of free divers in all
diving competitions, a significantly larger and more meaningful
database can be accessed in the future. For subsequent
developments in underwater safety wearables, predictive
algorithms could be developed based on a vital sign database.
This algorithm could be used to warn divers about critical
conditions before they occur. This approach, as a concept, has
already been presented but has not yet been tested in real life
[65]. To achieve this however, the necessary prototypes must
be significantly further developed, so that they can be used
meaningfully outside of a scientific study, preferably as a
finished consumer product.

As a result of the fact that divers can move freely in all 3
dimensions, contrary to land-based deployment, location and
position determination received substantially higher levels of
attention. In addition, since GPSs do not work when used in
water, various localization options were investigated, but they
showed weaknesses in various settings, such as in caves, in
water with strong currents, and under great depths [41]. Location
and position determination via an integrated IMU has shown
promising results and should be further investigated. The almost
real-time transmission of the underwater position of a diver also
has many applications, such as the monitoring of individual
students at a diving school; the early detection of dangers, such
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as currents and drifts; and, for free divers, the analysis of
movement sequences by a trainer.

The use of breathing detection devices in combination with
underwater communication devices also provides new
possibilities. In addition, by using a developed respiratory sensor
system, a further focus on the collection and evaluation of
diaphragm contraction data from free divers can be achieved
[35].

Underwater Communication
Underwater communication via multiple underwater devices
and communication with people on the surface are fundamental
pillars for an extensive network of wearables. However, the
spread of this network is currently limited by 3 essential factors.
These factors are the sizes, costs, and bandwidths of modules,
which currently do not allow for any economic dissemination.
Due to the constantly advancing developments in the IoUT and
the underlying sensor networks, these modules will be useful
in the future due to the scalability of wearables for underwater
use. The uses of underwater communication wearables are
diverse and can be expanded enormously.

By implementing the ahoi acoustic modem in a wearable, a
significantly more compact and cheaper wearable for use
underwater can be created in the future [66]. If the development
of underwater wearables proceeds in the same manner as the
development of mainstream wearables, underwater wearable
development can focus on miniaturization and arrangement,
which would benefit the current bulky modems that are used
underwater [67]. By networking divers’devices with each other
and with the internet, the potential of these devices was often
examined and shown in regard to the IoUT [7,9].

Through the further connection of wearables to other sensors
on reefs, boats, or other underwater sites (eg, shipwrecks),
safety-relevant information can also be transmitted to divers
regardless of vital parameters, underwater locations, navigation
limitations, or currents, and appropriate warnings (eg, the sudden
appearance of dangers, changes in current direction, etc) can
be given to avoid accidents. An overview of the variety of safety
options was provided by Jahanbakht et al [12].

As soon as underwater communication wearables can be made
to be cheaper and more compact, other subaspects, such as the
collection of vital parameter data, will automatically improve.
The first promising step toward a more cost-effective and
compact device with an acceptable communication range has
already been presented [56]. A wearable device with data
transmission capabilities can be manufactured commercially
through consistent and further developments that are based on
previous approaches. However, free divers’willingness to spend
more money on unique products has yet to be investigated.

Of note, since GPSs do not work underwater, a different
approach is required with regard to locating divers as well. If
entry and exit points are recorded by a GPS, the underwater
location of a diver can be determined via an IMU.

Algorithms that can recognize whether a diver is in danger based
on movement data can also be used to make enormous progress
toward locating divers and significantly increasing their safety.

This approach has already been described in great detail for
land-based use cases [68,69]. Vinetti et al [14] concluded that
the monitoring and transmission of oxygen levels, as well as
related feedback, and the most effective economical swimming
techniques will have the greatest impact in the future. Ours is
the first review to consider both the data monitoring aspects
and data transmission aspects of underwater wearables. If these
aspects are optimized, we believe that further developments for
the IoUT will be made in the future and will have the greatest
impact on the underwater world.

Human-Computer Interaction
Because the focus of the development of dive computers has
so far been almost exclusively on computer science studies, it
is not surprising that the human-computer interaction aspect
has only been researched very rudimentarily so far. As a result,
the number of studies that have been carried out on this subject
has been very limited. However, the two identified interaction
approaches showed a clear trend and the associated need for
further investigations. A trend toward a design without weak
points and connections to external components can be seen in
the literature. In one study [63], interaction via the classic touch
screen was chosen as the interaction method, and the other study
[64] opted for interaction via tilting the device. As soon as the
commercialization of underwater data communication becomes
better established, as with mainstream wearables,
human-computer interaction with regard to underwater
wearables could gain importance and attention in the next years
[70]. However, it is possible that insufficient attention is paid
to this subject, which has been the case for the mainstream
wearable market in recent years [67].

In the context of underwater wearables, whether interactions
that do not require external components turn out to be better or
more useful than interactions that do require such components
(ie, buttons) should be further pursued and investigated. It may
well be that the general paradigms of usability and user
experience that are applied to land-based devices cannot be
applied to underwater devices to the same extent. So far
however, no studies have been carried out in this direction to
our knowledge. Nevertheless, as soon as underwater data
communication is offered as a commercial function of dive
computers, the human-computer interaction aspect of underwater
wearables could receive increased attention, since improvements
in this aspect would result in completely new methods of
interaction and extended functionalities that could address the
interaction needs of users.

Housing and Sealing
Several lines of evidence suggest that the sealings used to protect
against underwater environmental influences will continue to
distinguish the development of wearables for underwater use
from the development of wearables for land-based use in the
future. As far as our review shows, no study has dealt with this
subject before. Per the data we gathered on housing and sealing
types and their respective achieved or projected depths, we
assume that polymer or polymethylmethacrylate housings and
cast housings will continue to be the primarily used housing
types in the future [47]. Cast housings can be used to eliminate
various problems, such as heat generation, programmability
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issues, chargeability issues, and user-friendliness issues.
Furthermore, the next step should be a careful study of the
relationships among cost, aesthetics, design, and achievable
depth, which have direct implications for various seals. These
are particularly important with regard to whether a completely
casted housing is accepted for a commercial product. Even
though the individual reasons were not mentioned, a completely
encapsulated housing was only used for 3 HUDs [50,52,53].
Therefore, no clear trend can be identified in this area. The
reasons for not using such housings could have been poor
aesthetics, poor maintainability, and dissatisfaction with the
elimination of the heat generated by a device. The introduction
of different colored epoxy adhesives, along with light-emitting
diodes and a special form of dive computer, could certainly
appeal to the market.

Comparison With Prior Work
To date, many reviews on underwater wearables have focused
exclusively on the collection and evaluation of physiological
and psychological parameters during diving as the primary
research objective. These studies generally focused on available
sensors that can be adapted for underwater use [13], dealt
exclusively with the sensors and not with the entire wearable
[14], or only dealt with devices that measured physiological
parameters [15].

Apart from the fact that some of the papers we reviewed were
published a few years ago, they mainly dealt with safety-related
aspects in the field of diving. This trend was repeatedly
confirmed in this review, since half of the reviewed studies
(18/36, 50%) examined wearable devices that were related to
safety. Furthermore, the safety-related wearable devices
identified in this review were largely used in conjunction with
devices from other studies. However, these other studies were
excluded because the devices they used could not be used as a
wearable, per the criteria outlined in the Methods section, or
because they were published after the review period.

Ours is the first review on underwater devices, and we provide
a first look at their potential and the challenges associated with
their development. So far, the development areas of underwater
communication and human-computer interaction for divers have
not received any real attention. Furthermore, this is the first
review to summarize the available diving devices that can be
considered scientifically tested wearable prototypes. Commercial
dive computers themselves have already been studied in terms
of various parameters, such as precision in measuring depth and
ergonomic performance [18,19]. A review of modern dive
computers and a comparison of 47 dive computer models, which

involved a comparison of their specifications, were carried out
before [16,17]. By gathering data on the housing types of
wearable devices along with the maximum tested depths and
the theoretically calculated depths at which the devices remained
functional, we were also able to show the tendencies in this
area, which have not been shown before, as far as we know.

Conclusions
This scoping review shows a first comprehensive insight into
the various subaspects of developed prototypes of wearable
devices for underwater use. The possibilities and challenges of
the reviewed technologies were considered and evaluated
separately. In addition to the well-covered field of safety devices
that relate to the collection of vital sign data from divers, other
areas such as underwater communication between divers, as
well as topics such as human-computer interaction and
specialized wearables for divers, were covered for the first time.
Recent research has shown that underwater communication has
the most significant influence on future developments. In
contrast, human-computer interaction has so far received far
too little consideration. This is particularly surprising because
the conditions under water are different from those on the
surface. A scientific summary and overview of the housings
and seals used among devices for scientific purposes should be
considered in the future and on a larger scale.

In their current state, none of the devices reviewed in this study
can prompt the further development of underwater wearables.
The greatest future impacts will result from a combination of
all of the aspects mentioned herein, with a special focus on
safety and communication. The trends seen with mainstream
wearables can thus be seen with underwater wearables as well,
which focus primarily on sensor design, communication
protocols, and data processing and analysis [67]. If these trends
continue, underwater safety devices could be used to
communicate with other divers and stations in the IoUT and, if
necessary, immediately carry out an action. This could, for
example, significantly shorten and optimize a rescue chain in
an emergency. By focusing research on wearable devices for
underwater use and further developing them into consumer
products, such underwater networking could also be used for
subareas other than safety measures or the collection of human
physiology data [13]. The possible application scenarios could
include the maintenance and repair of underwater structures,
such as bridges or drilling platforms; the collection and
evaluation of data from animals by using sensor materials; or
the broad-based collection of data on submarine environments
by using wearable devices underwater.
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Abstract

Background: The popularization of mobile health (mHealth) apps for public health or medical care purposes has transformed
human life substantially, improving lifestyle behaviors and chronic condition management.

Objective: This review aimed to identify behavior change techniques (BCTs) commonly used in mHealth, assess their effectiveness
based on the evidence reported in interventions and reviews to highlight the most appropriate techniques to design an optimal
strategy to improve adherence to data reporting, and provide recommendations for future interventions and research.

Methods: We performed a systematic review of studies published between 2010 and 2021 in relevant scientific databases to
identify and analyze mHealth interventions using BCTs that evaluated their effectiveness in terms of user adherence. Search
terms included a mix of general (eg, data, information, and adherence), computer science (eg, mHealth and BCTs), and medicine
(eg, personalized medicine) terms.

Results: This systematic review included 24 studies and revealed that the most frequently used BCTs in the studies were feedback
and monitoring (n=20), goals and planning (n=14), associations (n=14), shaping knowledge (n=12), and personalization (n=7).
However, we found mixed effectiveness of the techniques in mHealth outcomes, having more effective than ineffective outcomes
in the evaluation of apps implementing techniques from the feedback and monitoring, goals and planning, associations, and
personalization categories, but we could not infer causality with the results and suggest that there is still a need to improve the
use of these and many common BCTs for better outcomes.

Conclusions: Personalization, associations, and goals and planning techniques were the most used BCTs in effective trials
regarding adherence to mHealth apps. However, they are not necessarily the most effective since there are studies that use these
techniques and do not report significant results in the proposed objectives; there is a notable overlap of BCTs within implemented
app components, suggesting a need to better understand best practices for applying (a combination of) such techniques and to
obtain details on the specific BCTs used in mHealth interventions. Future research should focus on studies with longer follow-up
periods to determine the effectiveness of mHealth interventions on behavior change to overcome the limited evidence in the
current literature, which has mostly small-sized and single-arm experiments with a short follow-up period.

(JMIR Mhealth Uhealth 2022;10(9):e33247)   doi:10.2196/33247
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Introduction

Overview
In modern society, the rushed lifestyle and excessive adulteration
in food products have caused health-related disorders, making
them an inevitable part of modern life [1]. This is associated
with the development of noncommunicable diseases, which are
related to 16 million premature deaths per year worldwide. The
treatment of these lifestyle-related disorders demands long-term
clinical help and can last a lifetime [2].

Besides, smartphones have become an essential tool in our daily
lives, impacting 7.2 billion users worldwide with more than
70% of them in low- and middle-income countries [3].
Smartphone sensor technology has significantly improved and
become more stable for collecting real-time data, which can be
saved and processed for multiple analyses, making it possible
to monitor our health through mobile health (mHealth) apps
[4,5].

Recently, the popularization of mHealth apps for public health
or medical care purposes have transformed human life
substantially. Strategies such as reminders, counselling,
reinforcement, or education have been used to improve people’s
adherence to the app, thus improving lifestyle behaviors [6] and
chronic condition management (CCM). These strategies are
known as behavior change techniques (BCTs).

There is a need to improve the adherence to one’s well-being,
regular health monitoring, and expert involvement [7]. The
World Health Organization (WHO) estimated that in
high-income countries the average adherence rate is 50% in
patients with chronic medical illness [8], with even lower rates
in low-income countries. It considers the extent to which a

person’s behavior—taking medication, following a diet, or
making lifestyle changes—corresponds to recommendations
agreed upon with a health professional directly or through a
mobile app. Nonadherence leads to considerable morbidity,
mortality, and avoidable health care costs [9], and it may be
caused by people’s intentional or unintentional behaviors.
Intentional nonadherence refers to deciding not to report data
based on the person’s perceptions such as incomplete
disease-related knowledge. In contrast, unintentional
nonadherence means that the person intends to report data but
fails because of forgetfulness or carelessness. Awareness and
proper screening of these intentional and unintentional
determinants for the target population are necessary to design
and develop tailored solutions to ensure a methodology that
improves adherence to data reporting.

mHealth has the potential to improve lifestyle and CCM, and
can be rapidly adopted on a large scale and at low cost [10], but
inconsistent findings have been reported on its effectiveness.
Table 1 summarizes the systematic reviews conducted in the
literature on the effectiveness of mHealth interventions with
BCTs in distinct contexts and populations.

Although the reviews include mHealth studies for a specific
population, activity, or disease, most of these studies evaluated
the effectiveness in terms of the results obtained for the
intervention’s objective. Because of this, it is difficult to discern
whether the intervention was ineffective due to a lack of
adherence by participants or the combination of 35 BCTs being
inadequate for the problem addressed. Therefore, the motivation
of this systematic review is to identify current studies that have
specifically reported their results in terms of adherence to extract
the most used BCTs among the effective studies. This will help
to design an adherence-focused strategy combining these BCTs.
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Table 1. Systematic reviews were examined, describing the number of studies included and their research objective.

ObjectiveStudies, nAuthors

Identify studies using mHealtha for secondary CVDb prevention that focus on lifestyle behavior change and
medication adherence

26Schorr et al [11]

Identify and measure the effectiveness of digital technology interventions (eg, mobile phones, the internet,
software applications, or wearables) in randomized controlled trials and determine which behavior change
constructs are effective at achieving risk factor modification in patients with CVD

25Akinosun et al [12]

Examine the implementation and evaluation of mHealth to support the integration of people-centered health
services in the World Health Organization Western Pacific Region

29Godinho et al [13]

Study real-time PAc coaching mobile apps with personalization mechanisms17Monteiro-Guerra et al
[14]

Evaluate the effectiveness of mHealth interventions for the treatment and management of diabetes and obe-
sity reported in reviews and meta-analyses to provide recommendations for future interventions and research

17Wang et al [15]

Identify context-aware digital behavior change interventions that provide individualized interventions to
improve health

30Thomas Craig et al [16]

Identify apps that facilitate PA for adults with rheumatoid arthritis and compare the quality and content of

these apps to incorporate relevant BCTsd against recommendations for cardiorespiratory, resistance, flexibil-
ity, neuromotor PA, and exercise

4Bearne et al [17]

Identify breast cancer apps that support behavior change and assess the extent to which these apps address
cancer care content

30Kalke et al [18]

Identify digital platformlike interventions and examine their potential for supporting self-management of
noncommunicable diseases and health behavior change

7Tighe et al [19]

Estimate the efficacy of app-based interventions designed to support medication adherence and investigate
which BCTs used by these apps are associated with efficacy

9Armitage et al [20]

Determine the effectiveness of mHealth interventions on behavioral lifestyle changes and medication adherence
for CVD self-management

7Pfaeffli Dale et al [21]

amHealth: mobile health.
bCVD: cardiovascular disease.
cPA: physical activity.
dBCT: behavior change technique.

Background
mHealth is a term used for mobile apps and other wearable
devices that collect and monitor medical information from users
[22]. Data collected from their routine leads to the accumulation
of data depending on the number of users and how often they
report data manually (eg, questionnaires) and through their
wearable sensors. Therefore, the use of big data analytics on
mHealth may be promising to provide medical information,
improve people’s well-being in nonclinical and clinical settings
[23], and improve access to quality care and timely monitoring
at an affordable cost with enriched outcomes. Within mHealth
apps, BCT refers to an observable, replicable, and irreducible
component of an intervention designed to alter or redirect causal
processes that regulate behavior (eg, feedback, self-monitoring,
and reinforcement) [24]. BCTs are coded using an established
taxonomy of 93 techniques provided in “A Taxonomy of
Behaviour Change Techniques Used in Interventions” [25]—for
which a standardization has been proposed—and were initially
grouped into 16 categories [26,27]. Besides, Dugas et al [27]
extended the taxonomy of BCTs in 2020 with 2 additional
categories, personalization and gamification, comprising 9

BCTs. Figure 1 shows the final taxonomy with 18 categories
that will be used in this study.

Adherence is defined by the WHO [8] as “the extent to which
a person’s behaviour – taking medication, following a diet,
and/or executing lifestyle changes – corresponds with agreed
recommendations from a health care provider.” Moreover, from
a technical point of view, adherence is defined as the developer’s
expectations, referring to the degree to which the user’s activity
within the app matches the pattern of activity that was intended
by the developers, differing from the definition of usage that
refers to the level of activity within an app. For example, a user
who completes 5 modules in a program will obtain 100% usage
on the modules’ metric of usage. However, if these modules
were supposed to be completed weekly and the user only
completed 3 of these on time, the user achieved 60% on the
modules’ adherence metric. On the other hand, if a user
completes all the activities in an app by the time they are
scheduled, the user adherence is 100% [7]. If people do not
report data as often as expected or stop using the app, the
quantity and homogeneity of data to be processed will be
reduced, producing lower quality outcomes. We will consider
both definitions when reviewing the efficacy of the studies.
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Figure 1. Taxonomy: behavior change techniques categories.

Methods

Research Questions
The objective of our systematic review is to identify and analyze
relevant studies on BCTs used in mHealth interventions,
focusing on the effectiveness of the BCTs on use and paying
special attention to improve adherence to data reporting. Hence,
the research questions (RQs) that have guided this review are:

• RQ1: What BCTs are most commonly used in the context
of mHealth apps? How can these techniques be classified?

• RQ2: What is the performance of these techniques
concerning end-user adherence?

• RQ3: Are BCTs (personalization, feedback, and monitoring
strategies) useful for improving adherence to data reporting
in mHealth apps?

Search Strategy
This systematic review was conducted according to the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) statement [28]. Details of the search strategy
are given below.

Eligibility Criteria
Eligible studies were peer-reviewed articles published in English
from January 1, 2010, to December 2021. With the growth of
technology used for mHealth, the selected time allowed us to
assess studies using the most relevant technologies. Participants
in the studies were patients of any age, both healthy and with

any type of chronic disease. Moreover, studies with interventions
using health practices supported by any type of mobile device
were eligible for inclusion. Besides, interventions could include
multiple delivery methods and nondigital elements. The result
assessed was adherence focusing on any outcome (eg, physical
activity, medication adherence, and data reporting) measured
by any metric during any follow-up period.

Selection of Sources
The scientific databases selected for the review were Scopus,
PubMed, Web of Science, and IEEE Xplore. The combination
of these databases provides comprehensive coverage of
publications in the context of medical informatics, high
relevance, and a complete advanced search. Search strings and
search methods were consistent across all databases.

Search Terms
A preliminary literature review resulted in the first search
equation, which aimed to find the different applications of
mHealth in personalized medicine. This allowed us to identify
relevant keywords and search terms to refine the search equation
in each iteration by focusing on relevant topics such as
adherence and data reporting but without limiting it to the field
of personalized medicine. Finally, behavior change was found
to be a popular aspect of improving adherence and hence the
effectiveness of studies. We only included the term “behaviour
change” because it is not limited to techniques, as there are
different theories and models that contain them. As a result,
four search iterations were performed. Those iterations are
shown in Table 2.
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Table 2. Search equations, data source, and total records per query.

Total records, nSearch equation and source

1 (“mHealth” AND “personalised medicine”)

124Scopus

19PubMed

4Web of Science

15IEEE Xplore

2 (“mobile health” OR “mHealth”) AND “adherence” AND “personalised medicine”)

23Scopus

2PubMed

0Web of Science

5IEEE Xplore

3 (“mHealth” AND (“data” OR “information”) AND “registration” AND “adherence”)

52Scopus

152PubMed

35Web of Science

1IEEE Xplore

4 (“mobile health” OR “mHealth”) AND “adherence” AND “behaviour change”)

156Scopus

120PubMed

23Web of Science

9IEEE Xplore

Inclusion/Exclusion Criteria
After the initial gathering and screening of studies, articles were
selected based on predefined eligibility criteria.

Inclusion Criteria
The included studies meet the criteria of being an mHealth
intervention. In addition, they fulfill at least one of the following
conditions:

• The study implements at least one BCT.
• The study compares several BCTs.
• The study evaluates the BCTs using at least one adherence

metric.

Exclusion Criteria
The excluded studies meet at least one of the following
conditions that aim to discard irrelevant studies for this
systematic review:

• The study does not address the use of BCTs in the context
of mHealth or vice versa.

• The study does not present at least one of its results in terms
of adherence.

• The study was not published in between the years
2010-2021.

• The study does not belong to one of these categories: journal
paper, conference paper, or review.

• The study was not peer reviewed.
• The study is not written in English or Spanish.

Data Extraction and Coding of BCTs
PRISMA [28] guidelines were used for data extraction. We
gathered information about the study background (year, authors,
etc), eligibility criteria (population), the number of participants,
intervention description, technology, and results.

The behavioral strategy used in each study was identified and
coded using the taxonomy of 18 categories introduced in the
Background section to answer RQ1. To perform correct
identification and coding, free taxonomy training was received
using materials available online [29]. Results using any
adherence assessment metric were extracted to solve RQ2.
Finally, to answer RQ3, a more in-depth analysis was performed
in the Discussion section about what was found to answer the
previous RQs.

Results

This section presents the results obtained from the methodology
described in the Methods. First, an overview of the selected
studies and their main characteristics is presented, and then an
analysis of these studies is performed.

Search Results and Study Selection
The search results and study selection are summarized in the
PRISMA flowchart in Figure 2. A total of 368 studies were
obtained from the search engines. Subsequently, 88 duplicate
studies obtained from the combination of the databases’ results
were excluded using the Mendeley tool. In the screening step,
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we had 269 studies, of which 171 were excluded for not meeting
the inclusion criteria after abstract review. In the eligibility step,
we had 98 studies, of which 74 were excluded for not meeting
the inclusion criteria after full-text review. Finally, 13 studies
were included; however, the snowball strategy was applied to

the systematic reviews listed in Table 1, resulting in 11
additional studies. These studies were not found in our initial
search because they did not use the term adherence in their title,
abstract, or keywords.

Figure 2. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart.

Outcome and Characteristics
We summarized the selected 24 studies [30-53] to understand
which technologies and BCTs were most frequently used in
mHealth research. Data extracted from each study following
the methodology defined in the Data Extraction and Coding of
BCTs section are presented in Table S1 in Multimedia Appendix
1 [30-53]. The first column refers to the study identifier, the
next two columns specify the sample, and the remaining four
columns correspond to the duration, description, technology,
and evaluation of the intervention.

We observed in the reviewed papers that the most targeted
behavior was medication adherence—present in 67% (n=16)
of the studies—which is important in preventing
rehospitalization, morbidity, mortality, and increased health
care costs [54]. We also found that the most frequent population
was patients diagnosed with chronic conditions, participating
in 83% (n=20) of the studies, and the most popular form of
technology in the studies was the use of apps, present in 71%
(n=17) of the studies, with wearable support becoming popular.
Still, 29% (n=7) of the studies examined the effects of SMS
text message–based interventions, indicating that simpler health

interventions delivered by text remain popular. With respect to
the techniques, the most frequently used BCTs in the studies
were feedback and monitoring (n=20, 83%), goals and planning
(n=14, 58%), associations (n=14, 58%), and shaping knowledge
(n=12, 50%). On the other hand, personalization (n=7, 29%)
was approached in a simple way, considering their capabilities,
including tailoring to demographic information, health status
(eg, alcoholic or nonalcoholic), and time of notifications. On
average, 4 BCTs are included in each mHealth intervention; a
minimum of 1 and maximum of 8 techniques were used per
study. This is shown in Table S2 in Multimedia Appendix 2
[30-53] where the BCTs used by each study are presented.

Regarding adherence evaluation metrics, it is worth mentioning
that different methods are used for this measurement, from daily
use of the mobile app to the Morisky Medication Adherence
Scale. To analyze these studies homogeneously, a cutoff point
for effectiveness in terms of adherence rate was considered.
High adherence was defined by an adherence rate ≥80% and
nonadherent as an adherence rate <80%. This cut point is
conventional in the adherence literature [55,56] and is
considered crucial for the effectiveness of long-term therapy
[57]; however, it is interesting to note that many studies used
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the arbitrary threshold of 80% [58], indicating that the optimal
cut point for adherence ranged from 58% to 85%.

Moreover, after the BCTs used in each study were identified,
we classified the studies into effective and ineffective using the
cut point of 80% to gain further insight about why some
interventions yielded significant improvements. As a result,
Table 3 shows the number of times each BCT was used in both
effective and ineffective studies.

This comparison revealed that, among the top five most used
BCTs in the studies, feedback and monitoring (60%-40%) along
with associations (57%-43%) have been used homogeneously
in effective and ineffective studies, goals and planning

(79%-21%) and personalization (71%-29%) have improved the
effectiveness of the interventions since they have a higher
presence in effective than in ineffective studies, and shaping
knowledge (42%-58%) had a lower presence in effective than
ineffective studies.

It was observed that 2 of the main BCTs (goals and planning,
and associations) used on effective interventions were present
in 100% of the adherence-oriented studies for mobile apps and
in none of the ineffective studies [30,40,42,52]. Meanwhile,
shaping knowledge was present in 100% of the ineffective
studies for medication adherence and in none of the effective
ones [31,33,35,37,44,47]. This is a good starting point for the
design of a general BCT strategy.

Table 3. Behavior change techniques used in effective and ineffective studies (N=24).

Ineffective studies (<80% adherence rate), n (%)Effective studies (≥80% adherence rate), n (%)Behavior change technique

8 (33)12 (50)Feedback and monitoring

3 (13)11 (46)Goals and planning

6 (25)8 (33)Associations

7 (29)5 (21)Shaping knowledge

2 (8)5 (21)Personalization

3 (13)4 (17)Regulation

1 (4)4 (17)Reward and threat

1 (4)4 (17)Social support

3 (13)2 (8)Comparison of behavior

0 (0)3 (13)Natural consequences

0 (0)2 (8)Repetition and substitution

1 (4)1 (4)Antecedents

1 (4)0 (0)Comparison of outcomes

Discussion

Principal Findings
We answered three RQs (defined in the Methods section) related
to BCTs used in mHealth interventions. To answer RQ1, the
taxonomy of BCTs, proposed by Michie et al [24] and which
has been updated over the years [27], was identified. Based on
this, the BCTs used in the selected studies were extracted and
coded to the 18 categories to improve the understanding and
meaning of the comparisons. We found that the most frequently
used BCTs in mHealth interventions were feedback and
monitoring, goals and planning, associations, shaping
knowledge, and personalization. Similar BCTs were also found
to be common in reviews of mHealth interventions targeting
physical activity and sedentary behaviors, lifestyle, and
medication adherence for CCM [59,60].

For RQ2, the categories of BCTs with the highest presence in
effective studies were goals and planning, associations, feedback
and monitoring, and personalization (as described in the Results
section). However, in line with other reviews that found mixed
effectiveness in mHealth outcomes [15,27], they suggested that
the need remains to improve the use of these and many common
BCTs for better outcomes. Possible reasons for the mixed effects

of BCTs include the need for details on the specific BCTs that
are used in the studies since current mHealth interventions often
lump together a multitude of BCTs, making it difficult to discern
the characteristics that lead to a study being effective or not and
for more specific mHealth intervention content for different
population subgroups (eg, those with specific mental health
disorders such as anxiety) who may react differently compared
to those with healthy mental health in an intervention setting,
such as patients with coronary heart disease. This was reflected
in the finding that some BCTs did not have the same effects for
all groups, with those with higher levels of depression or anxiety
deriving less benefit from some BCTs.

Regarding RQ3, considering the responses for RQ1 and RQ2,
it was observed that, although some studies in the mHealth
context have evaluated user adherence as a complementary
outcome resulting from their implementation of BCTs, none of
the reviewed studies applied BCTs for adherence to data
reporting or use of the mHealth app; the studies generally aimed
to improve outcomes for activity in chronically ill or healthy
people. However, designing an approach that combines the
BCTs most effective for adherence (feedback and monitoring,
goals and planning, associations, and personalization),
previously identified in RQ2, could be helpful to improve data
reporting in mHealth apps.
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Limitations
Several limitations were found that are important to highlight.
This review focused on mHealth interventions that include BCTs
and how they affect user adherence. As a result, we found a
lack of heterogeneity in the sample of results, evidencing that
most of these interventions do not focus on improving user
adherence to data reporting or to the app but rather on achieving
an improvement in the objective of the study, whether it is an
improvement in lifestyle behaviors or CCM.

In addition, designing mHealth apps is relatively new, and there
is little agreement regarding best practices. Researchers are still
trying to understand how and why BCTs lead to positive health
outcomes when delivered through apps. There is growing
evidence to support the effectiveness of mHealth interventions
on health outcomes. Even though the evidence is growing, it is
still relatively weak. This may be in part due to the difficulty
of designing and conducting rigorous studies on mHealth
interventions, even more in the context of the COVID-19
pandemic.

Additionally, the BCT taxonomy approach used to summarize
the characteristics of interventions still has some limitations,
despite the inclusion of the extension proposed by Dugas et al
[27]. This taxonomy allows for the coding of different BCTs
but does not assess the intensity or dosage of interventions.
Nevertheless, the taxonomy works perfectly well as an excellent
starting point and a standard to systematically describe an
mHealth intervention.

Finally, we found that most studies are small single-arm studies
with short follow-up periods. Future research should focus on
studies with longer follow-up periods to determine the
effectiveness of mHealth interventions on behavior change.

Conclusions
mHealth interventions to improve lifestyle behaviors and CCM
have become popular in recent years, improving along with
different technologies. Although SMS text message–based
mHealth interventions remained popular for their proven high
results in terms of effectiveness, this review suggests that
mHealth is progressively moving toward the implementation
of mobile apps and wearable interventions, replacing SMS text
messaging with notifications. This review also revealed that
mHealth is being applied to address a diversity of lifestyle
behaviors and health outcomes, showing its applicability to a
variety of health care contexts, with one of its focuses being
medication adherence. On the other hand, we found that the
most frequently used BCTs in mHealth interventions were
feedback and monitoring, goals and planning, associations,
shaping knowledge, and personalization. However, this does
not necessarily imply that they are the most effective, so we
conducted further analysis that found that frequently used BCTs
in ineffective studies are often well supported in the health
behavior change literature [61,62], suggesting a need to better
understand best practices for applying such techniques and to
obtain details on the specific BCTs used in mHealth
interventions.

Congruent with other reviews that found heterogeneous
effectiveness of mHealth, the results also suggested that there
remains a need to optimize the use of BCTs or find a better
combination for better outcomes, it is intended that this review
could help identify the most appropriate techniques to improve
adherence to data reporting and thus design an optimal strategy
while taking into account the differences among population
subgroups, pointing to the need to go beyond the idea that
“one-size-fits-all.” As a small step forward, more sophisticated
technologies such as wearable activity trackers and wireless
sensors have been included in mHealth interventions.
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Abstract

Background: Although climate change is one of the biggest global health threats, individual-level and short-term data on direct
exposure and health impacts are still scarce. Wearable electronic devices (wearables) present a potential solution to this research
gap. Wearables have become widely accepted in various areas of health research for ecological momentary assessment, and some
studies have used wearables in the field of climate change and health. However, these studies vary in study design, demographics,
and outcome variables, and existing research has not been mapped.

Objective: In this review, we aimed to map existing research on wearables used to detect direct health impacts and individual
exposure during climate change–induced weather extremes, such as heat waves or wildfires.

Methods: We conducted a scoping review according to the PRISMA-ScR (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses extension for Scoping Reviews) framework and systematically searched 6 databases (PubMed [MEDLINE],
IEEE Xplore, CINAHL [EBSCOhost], WoS, Scopus, Ovid [MEDLINE], and Google Scholar). The search yielded 1871 results.
Abstracts and full texts were screened by 2 reviewers (MK and IM) independently using the inclusion and exclusion criteria. The
inclusion criteria comprised studies published since 2010 that used off-the-shelf wearables that were neither invasive nor obtrusive
to the user in the setting of climate change–related weather extremes. Data were charted using a structured form, and the study
outcomes were narratively synthesized.

Results: The review included 55,284 study participants using wearables in 53 studies. Most studies were conducted in
upper–middle-income and high-income countries (50/53, 94%) in urban environments (25/53, 47%) or in a climatic chamber
(19/53, 36%) and assessed the health effects of heat exposure (52/53, 98%). The majority reported adverse health effects of heat
exposure on sleep, physical activity, and heart rate. The remaining studies assessed occupational heat stress or compared individual-
and area-level heat exposure. In total, 26% (14/53) of studies determined that all examined wearables were valid and reliable for
measuring health parameters during heat exposure when compared with standard methods.

Conclusions: Wearables have been used successfully in large-scale research to measure the health implications of climate
change–related weather extremes. More research is needed in low-income countries and vulnerable populations with pre-existing
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conditions. In addition, further research could focus on the health impacts of other climate change–related conditions and the
effectiveness of adaptation measures at the individual level to such weather extremes.

(JMIR Mhealth Uhealth 2022;10(9):e39532)   doi:10.2196/39532

KEYWORDS

wearable; consumer-grade wearables; fitness trackers; climate change; heat; global health; public health; review; mobile phone

Introduction

Background
Climate change is one of the biggest global health threats of the
century [1], and the field of climate and health research has
been rapidly growing [2]. Many environmental conditions such
as rising temperatures, floods, wildfires, heat waves, droughts,
and other extreme weather events can be linked to climate
change according to the 2021 Intergovernmental Panel on
Climate Change report [3] and may, directly and indirectly,
impact human health [4]. The wide-ranging health effects of
these weather extremes include malnutrition from food
insecurity; infectious disease; respiratory, cardiovascular,
neurological, and mental health disorders; and mortality [4,5].

Epidemiological studies often focus on the relationship between
heat and mortality or morbidity in terms of the number of
hospital admissions or long-term effects but do not consider
individual exposure and direct health effects [5]. Furthermore,
most studies use weather and climate data from satellites or the
nearest weather station, which is often located at the airport.
These approaches do not consider granular spatial and temporal
differences in weather exposure or individual factors that
influence the exposure such as time spent indoors [6,7]. To this
end, consumer-grade wearable devices (hereafter wearables)
could generate high-resolution data at the individual level,
measuring exposure and health parameters in the real-life
environment, the ecological momentary assessment [8].
Wearables can cover a variety of variables and physiological
data, including, among others, activity levels, sleep, sweat rate,
and heart rate (HR) [9], presenting a potential solution to the
shortage of short-term and individual-level data in climate
change and health research.

In recent years, some reviews have been conducted on the
assessment of heat strain and individual heat exposure using
wearable devices. However, these studies have mainly focused
on urban and occupational heat exposure [10,11], although
populations living in low- and middle-income countries and
rural settings have a high vulnerability to climate change [12].
Although the urban heat island effect describes higher heat
exposure in cities owing to human activities and dense
concentrations of surfaces that absorb and retain heat, rural
populations are often more exposed because of their reliance
on climate-sensitive livelihoods [10,12]. Some reviews have
examined the validity of various wearables but only in moderate
climate settings [13,14]. Furthermore, many studies [15,16]

used prototypes and not off-the-shelf devices, which make them
difficult to reproduce in the field.

Research Objectives
Therefore, the overarching objectives of this review were (1)
to map the available research on the use of off-the-shelf
wearables for measuring direct health effects of and individual
exposure to climate change–induced weather extremes such as
heat, (2) to examine current approaches to wearable use in this
field, and (3) to identify gaps in the research. We particularly
focused on (1) demographic characteristics, (2) selected
wearable devices and their measures, (3) extreme weather
condition exposure and data collection methods, (4) analytical
approaches, (5) validity of wearables in extreme weather
conditions, and (6) observed effects of extreme weather exposure
on health (especially of heat on sleep, physical activity, and
HR, as well as occupational heat stress).

Methods

Overview
The methodology for this scoping review was based on the
framework outlined by Arksey and O'Malley [17] and Peters et
al [18] and in accordance with the PRISMA-ScR (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
extension for Scoping Reviews) [19] (Multimedia Appendix
1). A review protocol can be obtained from the principal author
(MK) upon request. A scoping review seemed most appropriate
to approach the research objective, as initial research into this
topic revealed a broad scope of heterogeneous studies, however,
limited in their numbers.

Eligibility Criteria
We included articles that were available in English and
published after January 1, 2010, because wearables have become
widely available on the consumer market and were also
increasingly adopted in research since then [20,21]. Types of
studies included were case studies, observational studies,
non–randomized controlled trials, and randomized controlled
trials. We included any consumer- or research-grade wearables
that were available off-the-shelf, could be worn on the body,
and were neither invasive nor obtrusive (excluding, eg,
ingestible, handheld, or wired devices). All types of sensors or
measurements that measured at least one physiological
parameter or individual exposure were included. For a complete
list of eligibility criteria, see Textbox 1.
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Textbox 1. Inclusion and exclusion criteria.

Inclusion criteria

• Publications:

• Full text available

• Published in the English language

• Published between January 2010 and September 2021

• Randomized controlled trials (RCTs), non-RCTs, observational studies, or case studies

• Wearable device:

• Off-the-shelf wearable electronic devices

• Noninvasive and nonobtrusive

• Measuring at least one physiological parameter (eg, heart rate or sleep duration) or individual exposure (eg, ambient temperature)

• Climate change:

• Climate change–related weather extremes: heat, flood, drought, wildfire, tropical cyclone, or heavy precipitation

• Exposure: outdoors, indoors, or in a climatic chamber or laboratory

• Outcomes:

• Individual effect of climate change–related environmental condition measured with wearables

• Validity and method comparison of wearables in extreme weather conditions

Exclusion criteria

• Publications:

• Nonhuman study population

• Reviews, editorials, or commentaries

• Wearable device:

• Not commercially available (eg, prototype or design study)

• Wearable with interventional function only (eg, cooling vest)

• Smartphone used as a wearable

• Wearable not implemented

• Climate change:

• Other environmental conditions

• Exposure to heat in the context of mining or firefighting

• Outcomes:

• Wearable (data) not specifically included in outcomes

• Environmental exposure or condition not included in outcomes

• Wearable only used to assess the effect of another intervention (eg, cooling)

Individual effects of climate change were limited to those
resulting from exposure to weather extremes, as the topic would
have been too broad otherwise [4]. As per the 2021-published
Intergovernmental Panel on Climate Change report [3], we
included exposure to heat and heat waves, heavy precipitation,
floods, tropical cyclones, droughts, and wildfires. As heat and
heat waves are often defined as extremes relative to the local
climate (ie, daily minimum and maximum temperatures above
the 95th or 99th percentile of the climatological record or a

baseline period) [1,22], we relied on the definitions provided
in the included studies. If the authors did not provide a
definition, we used one of the following classifications, based
on the available data in the screened articles:

• If data were available on wet bulb globe temperature
(WBGT) [1,23] or the universal thermal climate index [24],
we used >26 °C as a threshold.
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• If data were available on ambient temperature and relative
humidity, we calculated the heat stress index (HSI) [25]
and used a threshold of >26 °C HSI.

• If data were available on ambient temperature, we used the
average relative humidity at the study location (city or
country) during the study period to calculate the HSI.

Studies on the effect of temperature on sleep were included
even for lower ambient temperatures, as previous research has
shown that small temperature changes already have adverse
effects on sleep quality and duration [26] because humans only
have a minimal ability to thermoregulate in rapid eye movement
sleep phases [27]. We also included studies that reported on
indoor heat exposure in climatic chambers or laboratories. We
excluded studies on heat exposure during firefighting and
mining, as we considered them job-specific and they
predominantly assessed the microclimate inside the protective
gear [28].

In case no full text was available or information on the wearables
was missing, the authors were contacted 3 times before
exclusion.

Search Strategy and Information Sources
The full search was conducted on September 1, 2021, by 1
reviewer (MK) in 6 electronic databases: PubMed (MEDLINE),
Scopus, CINAHL (EBSCOhost), IEEE Xplore, Ovid
(MEDLINE[R]), and Web of Science. Gray literature was
searched with Google Scholar, and the first 1000 search results
were included [29]. We manually searched references of relevant
included and excluded articles for further sources of evidence.

We followed the Population/Patients, Intervention, Comparison,
and Outcome (PICO) framework to compile the search strategy.
Population (P) included study participants wearing a wearable.
Intervention (I) included exposure to climate change–induced
weather extremes. No comparison (C) was required. Outcomes
(O) included psychological and physiological health parameters
or exposure measurable with wearables. Accordingly, the
databases were searched using a search string including
synonyms and medical subject headings terms for these
concepts. Search strings were adapted to the specific
requirements of each database (see Multimedia Appendix 2 for
the full search strings). We applied a search filter for
publications after January 1, 2010.

Study Selection
The search results were imported into the literature reference
management system EndNote 20 (Clarivate Analytics) and then
imported into the systematic review management software

Covidence (Veritas Health Innovation) where duplicates were
removed automatically as well as manually. We screened titles
and abstracts, as well as full texts, with application of the
inclusion and exclusion criteria (see Textbox 1 for a full list of
criteria). Subsequently, we extracted data from the included
literature. The screening process was piloted prior with a sample
of 20 articles. The literature was screened by 2 independent
reviewers (MK and IM). Any disagreements were resolved by
consensus between the 2 reviewers (MK and IM) and an
independent researcher (SB).

Data Extraction
A data-charting form was developed using the Covidence
software template and piloted on 3 articles; data were charted
by the 2 reviewers independently, and any disagreements were
mutually resolved. The following data categories were extracted
and synthesized [17,18]: title, author, year, country of study,
objectives of study, demographics of the study population,
sample size, methods, intervention type, outcomes, and key
findings related to the scoping review question. In addition, the
following items were extracted: wearable models, measured
parameters with wearable, study setting, climate change–related
environmental conditions including the measurement method,
and methods used for data analysis or correlation.

Synthesis of Results
The characteristics of the included studies and the study
populations were summarized using Microsoft Excel (version
2206; Microsoft Corporation), and the study outcomes were
narratively synthesized. The purpose of the use of the wearables
was identified according to three categories: (1) validity and
comparison in extreme conditions, (2) measuring individual
exposure, or (3) measuring direct health effects.

Results

Overview
The initial search yielded 1831 results, and 40 references were
added after a manual search. We removed 419 duplicates and
screened the titles and abstracts of the remaining 1452
nonduplicates. From a total of 190 screened full-text articles
(186 studies), we included 53 studies (56 articles; see Figure 1
for the PRISMA [Preferred Reporting Items for Systematic
Reviews and Meta-Analyses] flow diagram) including 1 preprint
article [30]. For the conducting of this scoping review the
preprint article was used and is therefore cited throughout the
manuscript instead of the accepted article [31] that was
published after our last search and data extraction process.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart.

Study Characteristics
In total, we included a study population of 55,284 participants
in this review (the characteristics of the included studies are
summarized in Figure 2 and Table 1). Overall, there have been
an increasing number of publications using wearables in the
context of climate change and health research since 2010 (Table
2). The included studies were mostly observational (35/53, 66%)
and crossover studies (21/53, 40%). Most studies were
conducted in countries classified by the World Bank in 2022
[32] as upper–middle-income (5/53, 9%) and high-income
countries (47/53, 87%), especially with more than half of the
total studies conducted in North America (31/53, 58%). A few
studies (4/53, 8%) included lower–middle-income countries.
Most studies were conducted in urban settings (25/53, 47%) or
in a climatic chamber (19/53, 36%), with a short study duration

of up to 1 week (16/53, 30%) or up to 5 cross-sectional data
collection points (17/53, 32%).

The median number of participants per study was 39 (range
6-47,628), comprising an average of 67% of male participants
(Table 3 shows the demographics of the study population). In
total, of the 53 studies, 15 (28%) studies focused solely on male
participants versus 3 (6%) studies that only included female
participants. A few studies (3/53, 6%) specifically included
nonhealthy participants. Most study populations consisted of
outdoor workers (14/53, 26%), including farm workers,
construction workers, traffic police officers, or other workers,
as well as the general population (11/53, 21%) or university
members (students and staff; 7/53, 13%). Of the 53 studies, 2
(4%) studies included older adults and 4 (8%) studies included
children. In addition, the study populations of individuals in the
military, athletes, and homeless individuals were each
represented in 2% (1/53) of studies.
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Figure 2. Map of study locations (countries). Minor et al [31] mentioned 68 countries across all continents (except Antarctica) but did not further
specify, so they were not included in the map.
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Table 1. Study characteristics.

Participants (N=55,284), n (%)Studies (N=53), n (%)Study characteristics

Regions and countriesa

3524 (6.4)30 (56.6)North America

2807 (5.1)24 (45.3)United States

697 (1.3)5 (9.4)Canada

20 (0)1 (1.9)Mexico

1226 (2.2)11 (20.8)Asia

740 (1.3)1 (1.9)Hong Kong

161 (0.3)3 (5.7)China

141 (0.3)3 (5.7)India

97 (0.2)2 (3.8)Japan

87 (0.2)2 (3.8)Singapore

94 (0.2)5 (9.4)Europe

39 (0.1)1 (1.9)Belgium

33 (0.1)2 (3.8)United Kingdom

15 (0)1 (1.9)Germany

7 (0)1 (1.9)Cyprus

597 (1.1)4 (7.5)Oceania

597 (1.1)4 (7.5)Australia

2192 (4)3 (5.7)Middle East

2088 (3. 8)1 (1.9)Qatar

104 (0.2)1 (1.9)Israel

23 (0)1 (1.9)Saudi Arabia

0 (0)0 (0.0)South America

0 (0)0 (0.0)Africa

47,628 (86.2)1 (1.9)Countries not specified (68 countries: 42 high-income countries; 17 upper–mid-
dle-income countries; 9 lower–middle-income countries)

Study settinga,b

—c31 (58.5)Urban

—9 (17.0)Outdoor

—5 (9.4)Indoor

—17 (32.1)Indoor and outdoor

—11 (20.8)Rural

—7 (13.2)Outdoor

—1 (1.9)Indoor

—3 (5.7)Indoor and outdoor

—19 (35.8)Climatic chamber or laboratory

Study duration

Cross-sectional data collection points (up to 4 hours each)

496 (0.9)17 (32.1)≤5 data collection points

174 (0.3)3 (5.7)≥6 and ≤10 data collection points

116 (0.2)3 (5.7)≥11 and ≤50 data collection points

Continuous monitoring (at least 1 [work] day)
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Participants (N=55,284), n (%)Studies (N=53), n (%)Study characteristics

3614 (6.5)16 (30.2)≤7 days

171 (0.3)6 (11.3)≤1 months

542 (1)5 (9.4)≤6 months

50,171 (90.8)3 (5.7)≤2 years

Study design

210 (0.4)7 (13.2)Experimental crossover studyd

49,690 (89.9)20 (37.7)Prospective cohort study

104 (0.2)1 (1.9)Retrospective cohort study

5017 (9.1)14 (26.4)Prospective observational crossover studyd

263 (0.5)11 (20.8)Method comparison or evaluation study

aMultiple characteristics may apply per study.
bInformation for study settings is not available for all study participants and therefore not summarized here as the number of participants per study
setting.
cNot available.
dEach participant serves as their own control or comparison.

Table 2. Years of publication.

Included publications (N=56), n (%)Year of publication

3 (5)2013

6 (11)2014

6 (11)2015

5 (9)2016

5 (9)2017

6 (11)2018

8 (14)2019

11 (20)2020

6 (11)2021 (until September 1)
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Table 3. Demographics of included studies.

Ethnicity, %Age (years)Sex (male), %Study populationParticipants monitored
with wearables, n

Study

—aMean 42.7 (SD 8.8)100Construction worker23Al-Bouwarthan et al [33],
2020

—Range 18-6567General population2088Al-Mohannadi et al [34],
2016

—Mean 24.8 (SD 3.8)100Male12Al Sayed et al [35], 2017

92% WhiteGroup 1: mean 32.6 (SD
13); group 2: mean 21.5
(SD 3)

50University member38Bailey et al [36], 2019

—Mean 22.8 (SD 1.5)0University student; female10Benita et al [37], 2020;
Benita and Tuncer [38],
2019

—Mean 20.6 (SD 1.4)0Athlete; female19Benjamin et al [39], 2020

93% Black or
African American

Mean 52 (rural), 50.5
(urban), and 44.5 (out-
door worker)

35Outdoor worker or general
population

81Bernhard et al [40], 2015

40% WhiteMean 20.2 (SD 1.8)51University student; healthy44Cedeño Laurent et al [41],
2018

67% White, 11%
Black, 11% Hispan-

Range 65-8722Older adult9Cheong et al [42], 2020

ic or Latino, and
11% other

—Mean 22 (SD 3)100Male56Cuddy et al [43], 2013

100% HispanicRange 18-65100Farm worker; male20Culp and Tonelli [44],
2019

22% Black or
African American

Mean 3.4 (SD 0.3)52Children (age 3 years at re-
cruitment); healthy

372Edwards et al [45], 2015

——92General population13Hamatani et al [46], 2017

64% White and
11% Black or
African American

Range 18-≥6537General population45Hass and Ellis [47], 2019

———General population84Hondula et al [48], 2020

—Male: mean 39 (SD
10.8); female: mean 39.5
(SD 13.4)

71Farm worker; healthy7Ioannou et al [49], 2017

—Mean 66.7 (SD 5.2)60Clinically stable NYHA II-

IVb patients with PAHc
15Jehn et al [50], 2014

—Mean 48.4 (SD 14)100Construction worker84Kakamu et al [51], 2021

—Range 18-21100Military; male104Ketko et al [52], 2014

—Mean 25.5 (SD 4.1)100Male12Kim et al [53], 2013

74% White and
26% Black or
African American

Range 25-7939General population23Kuras et al [54], 2015

—Mean 18.1 (range 17-21)34University student (first-year
student)

145Lam et al [55], 2021

—Mean 45.4 (range 20-70)100Male; healthy60Larose et al [56], 2014

—Mean 10.6 (SD 0.4)43Children aged 9-11 years1095Lewis et al [57], 2016

—Mean 39.4 (SD 3.6)100Construction worker;
healthy; male

10Li et al [58], 2020
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Ethnicity, %Age (years)Sex (male), %Study populationParticipants monitored
with wearables, n

Study

—Mean 29.7 (SD 5.9)74Military or university com-
munity member; healthy or
previous exertional heat
stroke

46Lisman et al [59], 2014

—Range 18-6075Homeless individual or uni-
versity student

20Longo et al [60], 2017

——86Outdoor worker77Lundgren et al [61], 2014

—Mean 24.2 (SD 3.7)100Male; healthy12MacLean et al [62], 2020

—Age distribution: 19-25,
6%; 25-65, 91%; ≥65,
3%

69General population47,628Minor et al [30], 2020

98% LatinoMean 38.666Farm worker587Mitchell et al [63], 2018

100% AsianRange 18-4852General population77Nazarian et al [64], 2021

—Mean 50 (SD 17); mean
per group: 22 (young), 58
(older), 60 (T2D), and 61
(HTN)

100Young (18-30) and healthy
or older (50-70) and healthy;

older and T2Dd or HTNe

50Notley et al [65], 2021

——70University student10Ojha et al [66], 2020

—Mean 28.6 (range 22-51)55Outdoor worker; healthy20Pancardo et al [67], 2015

68% White, 14%
Black, 3% Hispan-
ic, 3% Asian, and
13% Other

Mean 12.9 (SD 0.6)49Adolescents aged 12-14
years

669Quante et al [68], 2017

—Range 19-57100Traffic police worker16Raval et al [69], 2018

—Mean 24 (SD 3)100Male; healthy8Ravanelli et al [70], 2016;
Ravanelli et al [71], 2015

—Mean 26 (SD 7)0Female; healthy14Relf et al [72], 2018

—Mean 41 (SD 23)79General population; healthy19Relf et al [73], 2020

——42General population455Rosenthal et al [74], 2020

74% White, 14%
Black or African
American, 9% His-
panic, and 2%
American Indian or
Alaska Native

Mean 39.2100Outdoor worker35Runkle et al [75], 2019;
Sugg et al [76], 2018

—Range 25-34100Farm worker48Sahu et al [77], 2013

—Group 1: mean 23 (SD
1); group 2: mean 23 (SD
2); group 3: mean 24 (SD
2)

100Male; healthy12Seo et al [78], 2016

—Female: mean 24 (SD
3.2); male: mean 24 (SD
2.8)

78University student18Shakerian et al [79], 2021

—Mean 23.3 (SD 4.1)67Young; healthy9Shin et al [80], 2015

96% African
American

Mean 42.9 (range 21-60)35Outdoor worker51Suwei et al [81], 2019

59% Black, 39%
White, and 2%
Hispanic

Mean 44 (SD 11.1)92Outdoor worker50Uejio et al [82], 2018

—Mean 21.4 (SD 1.41)54University student; healthy39Van Hoye et al [83], 2014

67% WhiteMean 65.443Older adult51Williams et al [84], 2019

—Mean 36 (SD 12)46General population48Xiong et al [85], 2020
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Ethnicity, %Age (years)Sex (male), %Study populationParticipants monitored
with wearables, n

Study

100% AsianMean 14.7 (SD 1.6)52Adolescent or secondary
school student

740Zheng et al [86], 2019

—Males: mean 27.3 (SD
2.5); female: mean 22.3
(SD 1.2)

50General population6Zhu et al [87], 2016

aThe respective information was missing in the article.
bNYHA II-IV: New York Heart Association Functional Classification for heart failure stage II-IV.
cPAH: pulmonary arterial hypertension.
dT2D: type 2 diabetes.
eHTN: hypertension.

Wearable Devices
Most of the included studies used 1 (39/53, 74%) or 2 (12/53,
23%) wearables; a few studies (2/53, 4%) used ≥3 devices (study
methods and objectives detailed in Table 4). The 70 wearables
in the included studies were from 23 different companies overall
with Polar Electro (16/53, 30%), Maxim Integrated (13/53,
25%), and Fitbit (5/53, 9%) providing the most frequently used
wearables. The most commonly reported use for wearables was
the measurement of HR (30/53, 57%), physical activity (15/53,
28%), or individually experienced temperature (IET; the air

temperature surrounding the individuals; 14/53, 26%). Other
parameters included sleep (duration, onset, wake time, etc),
energy expenditure, skin temperature, electrodermal activity,
local sweat rate, respiratory rate, or geoposition. Some wearables
measured multiple parameters. The devices were mostly
wristbands (25/70, 36%), chest straps (18/70, 25%), clipped to
clothing or accessories (15/70, 21%), or directly taped to the
skin (5/70, 7%). All included studies additionally used
questionnaires and further health parameters (eg, blood pressure,
weight, height, and urine samples).
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Table 4. Study methods and objectives.

Studies (N=53), n (%)Methods and objectives

Number of wearables per study

37 (74)1

12 (23)2

2 (4)≥3

Wearable company (models)a

16 (30)Polar Electro (RCX3, H7, RS800XC, FT1, FT7, Team 2 [Pro], RS800, RS400, WearLink, Accurex Plus, A300,
and M400)

13 (25)Maxim Integrated (iButton Hygrochron and Thermochron)

5 (9)Fitbit (Ionic, Charge 2, and Flex)

4 (8)Medtronic (Zephyr BioHarness)

3 (6; each)Philips Respironics (Actical and Actiwatch 2), Onset Corp (HOBO Pendant), and Empatica (E4)

2 (4; each)Crossbridge Scientific (KuduSmart), Actigraph (GT3X and GT3X+), Intel (Basis Peak Watch), BodyMedia
(SenseWear Pro 3), Sony (SmartBand Talk SWR30 and SWR12)

1 (2; each)Omron Healthcare (HJ-720 ITC pedometer), STATSports (Viper Pod), Microsoft (Band), Garmin (Vivoactive
HR), Aipermon (APM), Stayhealthy (RT3), GISupply (LW-360HR), Lifensense (Mambo 2), LASCAR (EL-USB-
2-LCD+), Easylog (Easylog), PAL Technologies (activPAL and activPAL3C)

Measured parameter with wearablea

30 (57)Heart rate

15 (28)Physical activity

8 (15)Energy expenditure

12 (23)Skin temperature

5 (9)Electrodermal activity

7 (13)Sleep (onset, offset duration, and efficiency)

14 (26)Individually experienced temperature

7 (13)Others (local sweat rate, respiratory rate, and GPS location)

Wear location of wearablea

25 (47)Wristband

18 (34)Chest strap

15 (28)Attached to clothing or accessories

5 (9)Taped to the skin

8 (15)Other: shirt, back strap, around upper arm, or not specified

Climate change–related extreme weather

52 (98)Heat

1 (2)Wildfire

Measured environmental conditiona

50 (94)Temperature

40 (75)Relative humidity

7 (13)Precipitation

22 (42)Other (wind speed, wet bulb temperature, dry bulb temperature, dew point, mean radiant temperature, barometric
pressure, visibility, CO2 concentration, and air quality)

Measurement location or data source for environmental conditiona

20 (38)Nearest weather station

18 (34)Sensors placed on study site
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Studies (N=53), n (%)Methods and objectives

18 (34)Climatic chamber or laboratory

4 (8)Locally installed weather station

2 (4)Smartphone sensor

2 (4)Satellite data

Heat stress measurea

14 (26)Wet bulb globe temperature

5 (9)Heat stress index

2 (4)Humidex

1 (2; each)Others (universal thermal climate index, heating or cooling degrees, heat stroke index, heat stress days, heat stress
level estimation, heat balance equation, extreme heat degree minutes, and physiological equivalent temperature)

27 (51)None

Method of analysis (statistical test)a

16 (30)Regression (linear, logistic, and Cox)

16 (30)Linear mixed effect model

1 (2)Time-series analysis

21 (30)t test (2-tailed or 1-tailed)

13 (25)Correlation (Pearson, Spearman, etc)

14 (26)ANOVA (one-way, repeated measures, and mixed design)

1 (2)MANOVA

7 (13)Nonparametric test (Wilcoxon U test and Kruskal-Wallis test)

4 (8)Chi-square and Fisher Exact Test

5 (9)Bland Altman plot

1 (2)Spatial correlation

1 (2)Cohen kappa

5 (9)Descriptive analysis only

Study objectives and use of wearablesa

Studies measuring the correlation of wearables’ data and environmental conditions

7 (13)Effect of heat on sleep

7 (13)Effect of heat on physical activity

10 (19)Effect of heat on heart rate

6 (11)Other physical responses to heat

8 (15)Occupational heat stress

1 (2)Effect of wildfires on physical activity

10 (19)Studies measuring the individual experienced temperature and comparing it to local or area measurements

14 (26)Studies assessing the validity and applicability of wearables for their use in extreme weather

aMultiple characteristics may apply per study.

Weather or Climate Data
The primary focus was on the use of wearables to measure
physiological responses to heat exposure (52/53, 98%). Of the
53 studies, 1 (2%) study assessed the impact of forest fires on
individual activity, and 5 (9%) measured the effect of
precipitation on activity in addition to heat. The weather or
climate conditions were predominantly assessed using data from

the nearest weather station (20/53, 38%), sensors placed on the
study site (18/53, 34%), or measured in a climatic chamber or
laboratory (18/53, 34%). Others accessed weather data from
locally installed weather stations, built-in sensors of participants’
smartphones, or satellite data. Besides the primarily focused
measurements of temperature, precipitation, and relative
humidity, 49% (26/53) of the included studies calculated
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different heat stress indices (eg, WBGT, HSI, or universal
thermal climate index).

Statistical Analysis
The methods of statistical analysis of wearables’ data and
correlation to climate or weather data were primarily regression,
linear mixed effect models, correlation, ANOVA, and 1- or
2-tailed t tests (Table 5). Linear regression models or linear
mixed effect models, for example, were often used to correlate
IETs and area-level temperature data [35,40,42,48,75], but t
tests were also used for the comparison between both methods
[47,54]. Data sources differed between group-level data and
participant-level data [42,54]. The associations of heat exposure
and wearables-measured parameters were mostly examined
with linear mixed effect models or different regression models
(linear, logistic, or Cox), adjusted for age, sex, and education

[33,34,39,41,42,45,63,65,68,84-86]. For the comparison of the
effect of heat between groups with different characteristics such
as sex or age and for the comparison of heat-stress and
non–heat-stress days, t tests, Chi-square tests, and ANOVAs
were used [35,37,43,50,55-57,59,61,63,65,84]. Studies that
compared wearables measurements with standard devices
applied; in addition to t tests and ANOVAs, different correlation
coefficients and Bland Altman plots for the appraisal of
disagreement [36,72,73,78,83]. Other analysis methods were
also used. One study [37,38] spatially correlated different urban
environmental exposures and body responses during a 10-minute
walk in Singapore. Pattern recognition and parametric tests were
used to identify stress hot spots on this walk, and 4 machine
learning models were trained to test the predictive power of the
immediate environment. Another study used machine learning
models for heat strain assessment [79].

Table 5. Study findings regarding the associations of demographic characteristics and heat exposure or physical response.

Higher IETbOccupational
heat stress

Skin temperature
increase

Decrease in physi-
cal activity

HRa increaseAdverse effects
on sleep

Finding

Age (years)

[40][63]—c[34][56][30]Positive association

————[65]—Null association

Sex (female)

—[61,63]—[34][59][30]Positive association

BMI or body fat percentage

[40][63,75,76][44]—[59]—Positive association

Education

—[75,76]————Positive association

[47]—————Negative association

Income

[40,47,88]—————Negative association

Homelessness

[60]—————Positive association

Health status (hypertension and type 2 diabetes)

————[65]—Null association

Lower-income country

—————[30]Positive association

From the Eastern Mediterranean region

———[34]——Positive association

aHR: heart rate.
bIET: individually experienced temperature.
cNo findings regarding an association were stated in the included studies.

Study Outcomes and Findings Regarding the Use of
Wearables in Extreme Weather Conditions

Overview
We categorized the studies according to the use of wearables
in extreme weather conditions (Table 4). An overview of the

data collection methods for each category is shown in Figure
3. Table 5 displays the reported associations of participants’
demographic characteristics and individual exposure or
physiological responses to heat. The study findings are
summarized in the subsequent sections (see Multimedia
Appendix 3 for a detailed compilation).
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Figure 3. The Sankey diagram shows the data collection methods that were used for each study outcome. The methods are displayed on the left (weather
or climate measurement method and wearable) and connected to the respective study outcome shown on the right. The numbers show the number of
studies that are represented by each link. One study might have more than one study outcome and therefore could be represented in multiple strings.

Correlation of Wearables’ Data and Extreme Weather

Effect of Heat on Sleep

Of the 53 studies, 7 (13%) studies [30,41,68,80,84,85,87]
examined the effect of bedroom environmental conditions on
sleep parameters (efficiency, rapid eye movement sleep,
duration, sleep onset latency, and sleep disruptions) and all 7
studies found a negative correlation between higher ambient
temperature and sleep in their study cohorts. One large-scale
study [30] found significantly larger negative effects of heat on
sleep duration for residents from lower-income countries, older
adults, and females, with no evidence of short-term
acclimatization. In contrast, another study [41] found evidence
of short-term heat acclimatization in a cohort of young adults.

Effect of Heat on Physical Activity

A total of 13% (7/53) of studies [34,39,45,50,57,68,86]
examined the effect of heat on physical activity (mostly
measured in the form of steps), and most (6/7, 86%) studies
[34,39,45,50,57,68] found a negative correlation in the general
population, children, female soccer players, and patients with
pulmonary arterial hypertension and clinically stable heart
insufficiency (New York Heart Association Classification Stage
II-IV). In contrast, one study [86] found a significant positive
correlation for temperatures between 13 °C and 31 °C in a cohort
of children on weekend days. One study [34] found that the
decrease in physical activity was greater with age in female
participants and participants from the Eastern Mediterranean
region; Five studies [34,45,57,68,86] examined the effects of
precipitation and heat on physical activity, and all (5/5, 100%)
found a negative correlation between precipitation and physical
activity. Four of these studies [45,57,68,86] observed this effect
in cohorts of children.

Effect of Heat on HR

Of the 53 studies, 10 (19%) studies [35,43,52,56,58,59,65,
66,70,71,83] examined the effect of heat on HR, and most (7/10,
70%) observed increasing HR in hotter and more humid
conditions, especially in older adults. Four studies [35,56,66,83]
found no significant effect of hot and humid conditions on HR
during exercise among young adults, whereas 1 study [58] found
no significant effect in middle-aged participants. In contrast, 1
study [65] found no significant difference in HR response to
exercise under heat exposure for different age groups or
participants with hypertension or type 2 diabetes. Two studies
[43,52] conducting heat exposure tests measured significantly
higher, steadily increasing HR for participants classified as “at
risk” or “heat intolerant.” One study [59] found that BMI,
percent body fat, sex, and maximal oxygen uptake were
associated with elevated HR during heat tolerance testing. To
mitigate these heat effects, 1 study [70,71] found that placing
an electric fan 1 m in front of the participants could significantly
delay HR increase in hot and humid conditions.

Other Physiological (and Psychological) Responses to Heat

Of the 53 studies, 6 (11%) studies [37,38,42,55,66,73,83]
examined further body responses to heat exposure, including
increasing skin temperature, electrodermal activity, skin
conductance response, and energy expenditure (during
high-intensity exercise). One study [37,38] discovered stress
hotspots during a route through the city, which may be explained
by changes in the immediate environment, such as the transition
from a park to a residential area or an exposed area without
shade. Another study [42] found a correlation among higher
HR, near-body temperature, and outside temperature when
participants reported mild anxiety.
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Two studies observed signs of short-term heat acclimatization
over 9 to 10 days in the form of increasing local sweat rate [73]
and decreasing HRs and metabolic rates for both local and
nonlocal students. The differences between both groups (higher
values for nonlocal students) were assimilated in the second
week [55].

Occupational Heat Stress

Of the 53 studies, 8 (15%) studies [33,44,49,51,61,63,75-77]
used wearables to investigate the physiological effects of
occupational heat stress on outdoor workers, including
construction, farm, and ground management workers. Six studies
[44,49,61,63,75-77] found an association between occupational
heat exposure and physiological responses, including increasing
HR [44,75-77], metabolic rate [61], skin temperature [44,49],
and decreasing physical activity [63]. One study [33] found that
WBGT and heat stress exposure were stronger predictors of
cardiovascular strain (measured as HR reserve) than energy
expenditure during construction work. Five studies found
associations between demographic characteristics and physical
responses to occupational heat stress, including the female sex
(2/8, 25%) [61,63], older age (1/8, 13%) [63], higher BMI (2/8,
25%) [44,75,76], and education (1/8, 13%) [75,76]. Furthermore,
of the 8 studies, in 1 study [75,76], the perception of heat as an
occupational hazard and officially issued heat alerts were
associated with a lower heat strain risk. Two studies [33,61]
observed that occupational heat stress exposure frequently
reached critical conditions.

Effect of Air Quality During Wildfires on Physical Activity

Of the 53 studies, 1 (2%) study [74] found a statistically
significant reduction in daily step counts with progressively
worse air quality during wildfires, with an 18% reduction in
daily step count when the air quality index exceeded 200
(considered very unhealthy, and public health warnings were
typically issued) compared with less than 100 (considered good
air quality).

Individual Heat Exposure and Comparison to Area-Level
Measurements
Of the 53 studies, 10 (19%) studies compared individual heat
exposure measured with wearables to area-level measurements
[36,40,42,47,48,54,60,69,81,82]. Individual heat exposure was
measured in the form of IET (the air temperature surrounding
the individuals).

Three studies [42,48,54] found high heterogeneity in IETs,
indicating interindividual differences in time spent outdoors, 2
of which [42,48] found little to no correlation between
temperature measured at the nearest weather station and IET
while participants spent their time indoors and outdoors. Two
studies [36,54] found different associations between IETs and
weather station measurements between daytime and nighttime.
Three studies [69,81,82] observed higher IETs when compared
with measurements from the nearest weather station or the
locally installed weather station for outdoor workers [69,81,82];
individual exposure frequently exceeded the recommended
values. In contrast, 4 studies [40,47,48,54] found that average
temperature measurements from the nearest weather station
were higher than average daily IETs, including heat wave

periods compared with non–heat wave periods (2/10, 20%)
[47,54]. Four studies [40,47,48,60] found associations between
demographic characteristics and IET, including a negative
association of income (3/10, 30%) [40,47,48], education (1/10,
10%) [47], homelessness (1/10, 10%) [60], urban environment
(1/10, 10%) [40], and higher body fat percentage (1/10, 10%)
[40] with heat exposure (especially indoors and during the
night), whereas older study participants experienced higher
strain due to nighttime exposure compared with the comparison
groups (1/10, 10%) [40].

Validity and Reliability of Wearables in Extreme Weather
Of the 53 studies, a total of 14 (26%) studies
[35,36,43,46,52,53,62,64,67,72,73,78-80,83] evaluated and
compared different wearables and their validity and reliability
in the context of heat exposures.

Seven different wearables were compared with gold-standard
methods for measuring various physiological parameters during
heat exposure and under different levels of physical activity.
Five studies found no significant differences in measurements
between wearables and gold-standard devices, including the
Polar chest strap [35], Hexoskin shirt [35], and Zephyr
BioHarness [53] for HR measurements, the SenseWear Pro 3
and Actiwatch 2 wearables [80] for the measurement of sleep,
2 different SenseWear Algorithms for the estimation of energy
expenditure during low-intensity activity [83], and the
KuduSmart [72,73] for local sweat rate measurements. Two
studies [36,62] compared wearables and their placements using
standard measurements. One study [62] concluded that
single-location skin temperature measurements at the chest,
scapula, and thigh with iButton wearables taped to the skin were
the only positions to agree with mean skin temperature (standard
method) under all conditions and that wearables outperformed
the infrared device. The other study [36] found no significant
difference between sensor types (iButton Thermochron and
Hygrochron, HOBO Pendant) and placements (on shirt collar,
shoe, or backpack) for the measurement of IET but the
correlation between sensors was the lowest during high-intensity
activities.

Three studies (3/14, 21%) [46,64,78] compared different
methods of using wearables data for core temperature estimation
to measured values and found good overall results using HR
[78]; HR and skin temperature [46]; and HR, skin temperature,
and near-body temperature [64]. Four studies [43,52,67,79]
evaluated different methods to use wearables data (HR or cardiac
cost, electrodermal activity, and skin temperature) to assess heat
strain and all found high sensitivity or accuracy. Two of these
studies paired wearables data with skin temperature or rectal
and core temperature measurements for assessment.

Discussion

Principal Findings
Overall, the included studies revealed a diverse spectrum of
wearable devices, with a particular emphasis on physical
responses to heat. Heat was found to adversely affect sleep,
physical activity, occupational stress exposure, and other
physical and psychological parameters. Air quality during
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wildfires was another weather extreme examined in 1 study and
was found to negatively affect physical activity. A comparison
of individual exposures against weather station area-level
measurements showed high differences. Wearables were found
to provide valid and reliable metrics for assessing physiological
responses in extreme weather conditions. We identified a slight
increase in the number of scientific publications in recent years.

Study Settings
The vast majority of studies were conducted in
upper–middle-income and high-income countries, as has been
reported in prior publications [2]. Half of the study participants
in the included studies were from North America, even though
sub-Saharan Africa, South and Central America, and parts of
Asia are projected to be the regions most affected by climate
change [12]. Different obstacles to the use of wearables in
low-income countries could be the reason for this finding. From
the participants’ perspective, acceptability of and adherence to
the use of wearables could be affected by skepticism [89] or
fear of theft and loss of the device [90], since these populations
are often not as exposed to these technologies as study
populations from high-income countries [91,92]. From the
researchers’ perspective, another obstacle could be the lack of
smartphones that are needed for the connection of most
wearables and lack of high-speed internet connections [90,91]
and therefore higher study costs. Some studies [30,74] have
included participants who already owned wearables, which
translates into higher acceptability by potential study
participants. However, this approach is hardly possible in
populations where wearables are not commonly used [92]. A
few studies are ongoing in low-income countries, among others
is a study exploring the feasibility of consumer-grade wearable
devices in Burkina Faso and Kenya [93]. However, not only
wearables data present an obstacle for studies in low-resource
contexts but also weather and climate data are not as widely
available with less granular spatial distribution of weather
stations, especially in remote regions [94]. Using other systems
to conduct weather data, such as small, portable sensor systems,
has been found to be a possibility for low-income countries
[95], and within the framework of some studies, sensors or
weather stations were installed in the study region
[36,49,63,75,76]. Many of the included studies were conducted
in laboratory settings or ran over a short study duration with
few participants. Laboratory settings do not necessarily reflect
real life and cause low ecological validity. We found only a few
studies [30,34,57] that conducted large-scale studies in real-life
settings of the participants. By contacting wearable users and
collecting their data [30,96], large-scale studies over long
periods with population sizes as big as half a million can be
conducted quite easily. When the conducted data are correlated
with available weather data, important insights into the
continuous and long-term health effects of climate change can
be gained.

Study Populations
The study populations of the included studies primarily
comprised healthy participants and only few that included
cohorts with vulnerable populations, such as patients with
diabetes or heart insufficiency [50,65]. Wearables have

previously been used to assess health in cohorts of patients with
chronic diseases, such as cardiovascular diseases [97], and could
provide an opportunity to better assess vulnerability to climate
change in patients with pre-existing conditions. Different age
groups and the association between age and vulnerability to
heat have been examined in some studies, mainly showing a
higher negative impact of heat on sleep, physical activity, and
HR for older participants, as well as higher exposure to
nighttime heat. In addition, other demographic characteristics,
such as higher BMI and lower income, were associated with
heat exposure and larger health effects in some studies. These
findings on immediate and short-term health effects are
consistent with those of other studies that assessed severe health
outcomes, such as hospitalization rates [5]. However, not all
studies found similar results; for example, Notley et al [65]
found no significant differences between age groups or between
healthy and nonhealthy participants. Overall, more research is
needed to understand the causal relationship between different
population characteristics and the health effects of climate
change or climate change–induced weather extremes.

Wearables
The range of included wearables and measurements was broad;
however, most studies only used HR, temperature, and
accelerometry data. In addition, the validity of various wearables
was confirmed to be high in extreme conditions, such as heat,
including heat strain assessment, and to be an accepted,
noninvasive method for evaluating core temperature.

We also found that many studies used iButtons from Maxim
Integrated for ambient and skin temperature measurements;
some studies taped the devices to the skin with medical tape.
However, we could not find any information from the
manufacturer on whether their devices are suitable for measuring
skin temperature in this manner.

Weather or Climate Data
Our findings indicate that most studies relied on weather station
data, with weather stations frequently located outside cities (eg,
airports), and that most studies provided no information on the
distance between the weather stations and the study population.
However, most studies comparing IETs and area-level
measurements from the nearest weather station have shown that
they often do not accurately represent individual heat exposure.
Future studies should consider individual-level measurements
for a more exact heat prediction that captures the effects of time
spent indoors and heat adaptation measures such as air
conditioning. Almost all of the research has addressed one
climate change–related weather extreme: heat. Although heat
poses one of the most immediate health threats of climate change
[1], other weather extremes and their health effects should not
be neglected.

Health Effects of Extreme Weather
Most of the included studies showed an association of weather
extremes with adverse health outcomes, particularly for heat.
The adverse health effects of heat included less sleep (quality),
less physical activity, increased HR, and higher skin
temperature. A few studies have also observed changes in
physical response to heat, indicating short-term heat adaptation
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[41,55]. The heat effects are consistent with those of prior
studies that did not use wearables [5,26,98-100]. Studies
examining occupational heat stress using wearables found
physical effects similar to those mentioned above for other study
populations, including cardiac strain and decreasing physical
activity [44,49,61,63,75-77]. The physical effects of
occupational heat stress are extensive and may impose a
significant economic burden owing to the decreased working
capacity [101]. The IET by outdoor workers is often higher than
area-level measurements and frequently reaches critical thermal
conditions during work [33,61], which is important to consider
for the assessment of occupational safety.

Individual Heat Exposure
The included studies assessed individual heat exposure with
IET, which mostly did not align with area-level measurements
and showed high interindividual variances. Sociodemographic
factors such as age, income, and education were found to be
associated with higher heat exposure, potentially due to a lack
of access to cooling methods, such as air conditioning, which
have been shown to successfully mitigate the adverse effects
of heat [42]. Lower IETs were found during heat waves when
heat warnings were made publicly available compared with
non–heat wave periods, emphasizing the importance of publicly
available information as a means of mitigating individual heat
adaptation strategies. In some studies [54,84], indoor
temperatures during the night were higher than outdoor
temperatures, even with access to air conditioning. This could
be explained by the slower cooling rates indoors owing to heat
storage in buildings [102]. However, it is important to note that
body heat might affect IET measurements by wearables worn
on the body or clothes. This aspect was not considered in the
included articles.

Limitations
One of the limitations of this review is the exclusion of prototype
wearables. Even though studies with prototypes are hardly
reproducible, they (especially large-scale studies) may provide
valuable insights into the direct health effects of climate change
that have not been considered in this review. In addition, we
had to exclude many studies because they used invasive or

obtrusive wearables. These devices may affect the participants’
compliance and make conducting a study outside the laboratory
challenging. Second, with the limitation of climate
change–related conditions to extreme weather events, we
excluded other effects of climate change as well as moderate
effects. Other studies and reviews have examined the effects of
seasons and moderate weather conditions on health [103,104].
Furthermore, the definitions of extreme weather conditions in
our review, especially heat, were not consistent; therefore,
comparisons between the study outcomes must be considered
cautiously. Third, we excluded studies that did not use wearables
to measure the effects of extreme weather, but the effects of
interventions, such as studies comparing the effects of fan use
and air conditioning. Studies that assessed interventions against
heat stress [105,106] could provide important insights into how
to best prevent the adverse health effects of climate change.

Conclusions
We found a broad range of wearables to be used in the context
of climate change and health research. The validity of many
wearables compared with standard devices or methods is high,
even in extreme heat. The included studies found that the effects
of extreme weather conditions on health can be examined and
correlated with wearable data. They showed that heat has
adverse effects on wearables-measured variables such as HR,
physical activity, and sleep. The findings have underlined
individual factors to be associated with higher vulnerability.
Furthermore, wearables have been demonstrated to be a suitable
tool for assessing individual heat exposure. This could be
especially valuable if other meteorological data are not available
or during exposure times with large disparities between
individual- and area-level measures, such as heat waves or at
night. We have identified gaps in the research regarding the use
of wearables in low-income contexts and for long-term
observations in large-scale studies. For further research,
wearables may be a valuable method to generate insights and
data at the individual level to better understand the impact of
climate change on health, including moderate and short-term
effects. As a next step, wearables could be used for the
evaluation of adaptation measures.
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Abstract

Background: Persuasive technology is an umbrella term that encompasses software (eg, mobile apps) or hardware (eg,
smartwatches) designed to influence users to perform preferable behavior once or on a long-term basis. Considering the ubiquitous
nature of mobile devices across all socioeconomic groups, user behavior modification thrives under the personalized care that
persuasive technology can offer. However, there is no guidance for developing personalized persuasive technologies based on
the psychological characteristics of users.

Objective: This study examined the role that psychological characteristics play in interpreted mobile health (mHealth) screen
perceived persuasiveness. In addition, this study aims to explore how users’ psychological characteristics drive the perceived
persuasiveness of digital health technologies in an effort to assist developers and researchers of digital health technologies by
creating more engaging solutions.

Methods: An experiment was designed to evaluate how psychological characteristics (self-efficacy, health consciousness, health
motivation, and the Big Five personality traits) affect the perceived persuasiveness of digital health technologies, using the
persuasive system design framework. Participants (n=262) were recruited by Qualtrics International, Inc, using the web-based
survey system of the XM Research Service. This experiment involved a survey-based design with a series of 25 mHealth app
screens that featured the use of persuasive principles, with a focus on physical activity. Exploratory factor analysis and linear
regression were used to evaluate the multifaceted needs of digital health users based on their psychological characteristics.

Results: The results imply that an individual user’s psychological characteristics (self-efficacy, health consciousness, health
motivation, and extraversion) affect interpreted mHealth screen perceived persuasiveness, and combinations of persuasive
principles and psychological characteristics lead to greater perceived persuasiveness. The F test (ie, ANOVA) for model 1 was

significant (F9,6540=191.806; P<.001), with an adjusted R2 of 0.208, indicating that the demographic variables explained 20.8%
of the variance in perceived persuasiveness. Gender was a significant predictor, with women having higher perceived persuasiveness
(P=.008) relative to men. Age was a significant predictor of perceived persuasiveness with individuals aged 40 to 59 years

(P<.001) and ≥60 years (P<.001). Model 2 was significant (F13,6536=341.035; P<.001), with an adjusted R2 of 0.403, indicating
that the demographic variables self-efficacy, health consciousness, health motivation, and extraversion together explained 40.3%
of the variance in perceived persuasiveness.

Conclusions: This study evaluates the role that psychological characteristics play in interpreted mHealth screen perceived
persuasiveness. Findings indicate that self-efficacy, health consciousness, health motivation, extraversion, gender, age, and
education significantly influence the perceived persuasiveness of digital health technologies. Moreover, this study showed that
varying combinations of psychological characteristics and demographic variables affected the perceived persuasiveness of the
primary persuasive technology category.
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Introduction

Background
Given the ubiquitous nature of mobile devices across all
socioeconomic groups, digital health technologies have
demonstrated their efficacy as key components in educating
and treating patients [1]. Mobile health (mHealth) uses mobile
devices to practice medicine and public health. Unlike
clinic-based treatments, where health care data are sparingly
personalized, the ever-present nature of digital health
technologies allows for an extensive and more intimate treatment
plan. Although digital health technologies allow for the real-time
transfer of user data, which allows for more intimate user
interaction, these technologies are met with a unique set of
challenges, such as creating and maintaining engagement [2].
The efficacy of digital health technologies relies strongly on
their ability to continuously engage and re-engage users [3].
The closed-loop engagement process begins with engagement
and continuously moves through disengagement to allow the
patient to re-engage upon disengagement [4,5]. Properly
engaging patients has repeatedly been shown to improve patient
outcomes [2].

However, at the core of engagement using digital health
technologies, there remains a gap in the literature on how to
successfully design these tools based on an individual’s dynamic
psychological makeup. For instance, there remains a need to
learn more about how mHealth treatments work and how to
make them more effective. In particular, research on the impact
of certain intervention features on user engagement is an
important next step in the development of theory and evaluation
to develop a science for user engagement [6]. Although the
positive influence of persuasion on changing an individual’s
attitude and behavior has been established [7,8], researchers
have contended the need for personalized systems that address
individual’s personalities to increase the effectiveness of these
tools [9,10]. One-size-fits-all digital health technologies that
target behavior change to improve the user’s health often fail
because they do not target the psychological traits that drive an
individual’s motivations and behaviors, partly because of the
lack of guidance from intervention designers and data scientists
with numerous options [11]. A dynamic personalized approach
to developing persuasive technologies is imperative, as research
has shown that strategies that may influence change in an
individual with one psychological type may dissuade another
individual with a different psychological type [12].

User engagement is a widely used multifaceted term that extends
beyond a user’s desire to use digital health technologies to the
depth of the user’s investment [13]. Digital health technologies
developers are often tasked with developing tools designed to
engage patients, yet little emphasis has been placed on
understanding what motivates users to engage with digital health
technologies. Developers must move past using a cookie-cutter,

one-size-fits-all solution, and seek to develop digital health
technologies designed to traverse the fluid terrain that navigates
between the expectations of the user and the technological
capabilities of the tool. The fluid nature of goals and user
preferences determined by user characteristics must also be
considered in order to foster various engagement trajectories
with digital health technologies. Synonymous with the
engagement process, the development of digital health
technologies must be dynamic in nature, traversing between
design and redesign guided by use [14]. The unconscious
disregard for the interdependency among technology, human
characteristics, and the socioeconomic environment has been
determined to be one of the factors in digital health technologies
failing to sustain innovations in the health care field [15,16].

Persuasive technology has emerged as a significant contributor
to patient engagement and is used practically in every area of
health and wellness [7,17]. Persuasive technology is an umbrella
term that encompasses any software (eg, mobile apps) or
hardware (eg, smartwatches) designed to influence users to
either perform a preferable behavior once or on a long-term
basis. These modifications must be achieved without the use of
deception, coercion, or inducements [18,19]. By adequately
applying persuasive technology, intervention developers have
the potential to improve patient outcomes by successfully
closing the engagement loop. The modification of user behavior
thrives under personalized care that persuasive technology must
offer. However, absent from the current literature is adequate
information on how app designers are to operationalize
persuasive design principles based on a more user-centric view
[20]. Research is immersed in studies related to the user
experience derived from metrics and quantifications, but there
remains a void in the literature seeking a more intimate view
of the consumer and how they interact with persuasive principles
to help guide design processes. The design process is further
impaired by a lack of understanding of the psychological
characteristics of digital health technology users [21]. Previous
research has focused on the development of theories
concentrated on predicting acceptance or adherence instead of
guiding persuasive technology design principles [22]. This
research is needed to fill the gap in the literature addressing the
user-centric development of persuasive technologies and
developing a better understanding of the psychological
characteristics necessary for the successful engagement of digital
health technology users.

Consumer and Patient Engagement
There is consensus that an implicit level of engagement is
required for digital health technologies to be effective. The
absence of engagement impedes digital health technologies
from attaining their full potential [23]. This emerging stream
of research is built on a somewhat challenging and unstable
foundation, as the authors used various procedures to measure
engagement [24]. With various metrics in play, the ability to
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quantify engagement is a daunting and challenging task [24,25].
This ambiguity further exacerbates our efforts to assess effective
engagement.

Digital health technology developers must exercise quantitative
and qualitative methods when designing engaging applications
[26]. Quantitative measures evaluating intensity and breadth of
use are often used to determine the level of consumer
engagement [27]. Such a holistic view is not always feasible
for developers, but the use of tangible metrics (eg, the amount
of screen time of the digital health technology and the number
of likes and shares) can be quantified and used for quantitative
data [3]. For engagement to be meaningful, digital health
technologies must modify user behavior and advance ordinary
experiences into aesthetically pleasing ones [28].

Chapman et al [29] proposed that engagement was dichotomous,
being either less passive or more passive based on the level of
control. More controlled engagement requires information
processing such as critical thinking and reasoning and involves
a less passive state of engagement. Passive engagement requires
less control and is easier to achieve, because the level of effort
and motivation is low. Although easier to achieve and maintain,
passive engagement is less useful in the successful achievement
of established goals that require high levels of cognition [29].

The delivery of appropriately tailored digital health technology
content can increase users’engagement and positively influence
outcomes. This makes it imperative to understand how to design
digital health technologies based on patient and consumer
preferences [30]. Identifying the features of digital health
technologies that stimulate user engagement is crucial for
developing effective tools [21]. One of the key factors in the
development of digital health technologies that enhance
engagement through the aforementioned techniques is persuasive
technology.

Characteristics such as gender, age, and personality affect how
users respond to persuasive technologies, causing a pivot from
one-size-fits-all solutions to a more user-centric approach [12].
Persuasive technologies can adapt to the individualized
characteristics of users, increasing their likelihood of changing
their behavior or attitude [31]. Studies show that persuasive
technologies that personalize content instead of using
one-size-fits-all approaches are more successful in effectively
persuading users [32-34]. One-size-fits-all persuasive
technologies can be enhanced when a user’s individual attitudes
and characteristics are used to influence and personalize the
persuasiveness of the intervention [35].

Although research has shown that individualized persuasive
technology is more effective than persuasive technology
designed from a one-size-fits-all perspective [36-38], developers
often fail to consider the individualized behavior of stakeholders
and how it impacts achieving a target behavior [39]. Digital
health technologies that deviate from compartmentalized
one-size-fits-all approaches offer a medium through which
health care providers can meet the growing demands of users,
preferring a more personalized approach [26,40]. This growing
demand necessitates the ability to understand how to design
digital health technologies that are dynamic enough to
accommodate the differing predispositions of end users [30].

Designers must understand how to tailor digital health
technologies according to individual characteristics to effectively
engage users with these tools. By tailoring digital health
technologies to users’ characteristics, developers can deliver
guidance that is appropriate, relevant, and has a positive impact
on engagement [41]. Disregard for the interconnectedness
between human characteristics and technology is one reason
digital health technologies inevitably become high technology
with little to no impact [42]. Current theories are inept at
informing digital health technology developers on how to
develop and evaluate more adaptive interventions [43,44].
Recognizing the psychological characteristics of end users will
allow developers to systematically approach the integration of
persuasive design components into digital health technologies.

Data-centered persuasive technologies seek to modify user
attitudes or behaviors through users’ behavioral data [45].
Current technology allows intervention designers to dynamically
generate personalized interventions based on a specific user’s
personal characteristics [46]. Dynamic approaches acknowledge
that interventions designed for one user may not necessarily fit
the model required to effectively engage another user. User
characteristics often dictate the most effective persuasive
technique [35]. Persuasive technologies applicable to the health
care domain are more effective when personalized based on the
user’s personal characteristics [47]. Because personalized
persuasive techniques evoke a different response from more
traditional, one-size-fits-all techniques, intervention designers
must shift to a more individualized approach guided by the
individual’s preferences [12].

Personalized interventions that target nuances that drive users’
choices and behaviors are better suited to facilitate effective
engagement than black box, one-size-fits-all solutions [11]. It
has long been established that personalized content is more
effective as it increases user attention, leading to effective
engagement [32]. The application of data collected from
individuals is a more advanced method of persuasion that
increases the probability of success and results in more active
and effective intervention [45]. Determining the key data
elements to collect to enhance perceived persuasiveness is
critical in efforts to improve engagement (both in the short and
long term).

Psychological Characteristics

Self-efficacy
Self-efficacy is loosely defined as an individual’s belief that
they are capable of successfully executing courses of action
required to successfully produce specific behaviors [48]. An
individual’s estimate of self-efficacy varies in 3 dimensions:
magnitude (the individual’s belief in their ability to complete
a task), strength (the individual’s confidence that they are
capable of completing various components or varying levels of
difficulty in a task), and generality (the extent to which an
individual’s self-efficacy transfers from one task to related tasks)
[48,49]. Self-efficacy is regarded as a core premise of human
performance, as demonstrated by its use across multiple domains
including education [50,51], exercise [52], physical activity
[53], career [54], and health care [55].
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Individuals avoid tasks that they presume to exceed their ability
levels [56]. Situations in which these tasks occur affect an
individual’s evaluation of self-efficacy. Self-efficacy is more
likely to increase when individuals are able to ascribe success,
as opposed to failure, to their individual skill set [56,57]. The
difficulty level of a task also correlates with an individual’s
appraisal of self-efficacy [58]. Tasks deemed difficult to
successfully complete tend to have a negative effect on an
individual’s appraisal of self-efficacy [59]. According to
Bandura [56], individuals will go so far as to be unwilling to
attempt to manage situations where their low self-efficacy
indicates a negative outcome [60].

Hypothesis 1: self-efficacy will positively influence interpreted
mHealth screen perceived persuasiveness.

Health Consciousness
Health consciousness is defined as the measure to which an
individual integrates health concerns into their daily regime
[61-63]. Unlike health motivation (HM), which is external in
nature, health consciousness refers to “how” an individual
achieves a healthy lifestyle [61]. Research has shown that the
higher an individual’s health consciousness, the more likely
they are to adopt a lifestyle grounded in health behaviors such
as fitness and nutritional activities [62,64]. These individuals
are cognizant of their health and therefore influenced to adopt
these healthier behaviors needed to improve or maintain their
health [65].

Studies have shown that health consciousness can positively
influence engagement in health-oriented actions [66]. This
motivation to engage in health-oriented actions has the
propensity to push individuals to become connoisseurs of health
information via media sources such as television [64] and the
internet [67]. Also observed has been the correlation between
the increase in health consciousness and the increase in
preventive health care [61,68]. Individuals with high health
consciousness reportedly seek to develop and preserve a healthy
lifestyle [69].

Hypothesis 2: health consciousness will positively influence
interpreted mHealth screen perceived persuasiveness.

Health Motivation
HM is closely related to health consciousness, as it is one of
the 3 elements that comprise health consciousness [67]. HM is
an individual’s drive to engage in health-related activities to
improve or maintain preventive health behaviors [61,70]. HM

has been found to be a relatively consistent state deeply rooted
in an individual’s psychological composition [61]. Research
has shown that HM serves as the source of an individual’s
desire, adoption, and practice of preventive health behaviors
[61,70]. Motivation has been found to be both competency-based
(whether a person can achieve the goal) and goal-oriented (the
way a task is managed is determined by the individual’s
objective) [71].

It has also been determined that HM can gauge an individual’s
well-being with regard to health behavior–related concerns and
actions [72] and drive consumer engagement in health
maintenance behaviors [70]. HM is directly linked to an
individual’s internal characteristics [61]. Research has
consistently shown that internalized motivation results in more
pronounced adherence to preventive health behaviors such as
weight loss [73,74]. Whether an individual expects to succeed
also plays a key role in their degree of motivation [75].

Hypothesis 3: HM will positively influence interpreted mHealth
screen perceived persuasiveness.

Personality Traits
Personality traits and strategies used to engage users have an
impact on the effective engagement of digital health technology
[76]. Understanding these personality traits is critical for creating
digital health solutions that meet the needs of users. One of the
most commonly used personality models is the Big Five factor
model [77]. The Big Five factor framework was developed by
Goldberg [78] and later validated by Costa and McCrae [78,79].
This model delineated five factors of personality:

1. Openness to experience: the extent to which an individual
requires intellectual stimulation, change, and variety

2. Conscientiousness: the extent to which an individual is
willing to comply with conventional rules, norms, and
standards

3. Extraversion: the extent to which an individual needs
attention and social interaction

4. Agreeableness: the extent to which an individual needs
pleasant and harmonious relationships with others

5. Neuroticism: the extent to which an individual observes
the world as threatening and beyond their control [80]

Each Big Five personality category can be regarded as a
continuum in which individual scores range from high to low
(Figure 1 [77]).

Figure 1. Big Five continuum.
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Frequent time constraints are the drivers for a more succinct
measurement tool [81]. The Mini-International Personality Item
Pool (Mini-IPIP) Scale is a condensed 20-item diagnostic tool
that has been validated in multiple studies [82]. Researchers
have used the Big Five framework to predict user characteristics
across a conglomerate of domains: career [83], relationship
satisfaction and love styles [84], academic performance [85],
preventive health care [86], and more.

Individual personality traits often reflect not only what drives
and motivates people but also what they prefer. The Big Five
personality dimensions describe human behavior in 5
dimensions: openness, conscientiousness, extraversion or
introversion, agreeableness or disagreeableness, and neuroticism.
Individual personality traits should be an antecedent of consumer
engagement with mHealth apps [81].

Hypothesis 4: openness will positively influence interpreted
mHealth screen perceived persuasiveness.

Hypothesis 5: conscientiousness will positively influence
interpreted mHealth screen perceived persuasiveness.

Hypothesis 6: extraversion will positively influence interpreted
mHealth screen perceived persuasiveness.

Hypothesis 7: agreeableness will positively influence interpreted
mHealth screen perceived persuasiveness.

Hypothesis 8: neuroticism will negatively influence interpreted
mHealth screen perceived persuasiveness.

Methods

Ethics Approval
Institutional review board approval was obtained from the
University of South Alabama (application 18-353/1314060-1).

Overview
To examine the factors related to engagement behavior with the
intention to use an mHealth app, a multiple-phase experiment
was conducted in the summer of 2020. This experiment involved
a survey-based design with a series of 25 mHealth app screens
that featured the use of persuasive principles, with a focus on
physical activity. This study used exploratory factor analysis
(EFA) and multiple linear regression to aid designers in the
user-centric development of persuasive technologies. This study
aimed to develop a better understanding of the psychological
characteristics necessary for the successful engagement of digital
health technology users.

Recruitment
Participants were recruited by Qualtrics International, Inc to
use the web-based survey system by XM Research Service [87],
which has been previously used by researchers in a variety of
disciplines [88,89]. Qualtrics reimbursed participants with a
predetermined amount of money arranged between Qualtrics
and participants. Once interested participants were selected by
Qualtrics, they were directed to the informed consent page via
an anonymous link. Upon consenting to participate, they were
directed to a web-based engagement screen survey. Participants
were recruited between July 23, 2020, and August 3, 2020. The

engagement screen survey took an average of 28.08 (19.35 SD)
minutes to complete. There were 273 completed survey
responses; however, 11 (4%) were deleted owing to evident
signs of respondents being “speeders” that completed the survey
in an impossibly quick time or “straight lining” and giving
identical answer choices repeatedly, leaving this study with 262
(95.9%) viable responses.

Screen Development
To examine the perceived persuasiveness of mHealth screens,
25 unique mHealth screens were developed following the
persuasive system design (PSD) categories and principles
developed by Oinas-Kukkonen and Harjumaa [90]. The screens
were all developed with the central theme of improving or
increasing exercise as a use case.

The mHealth screen development process began with the
creation of a wireframe prototype [91]. The prototype was
created on sheets of paper, with each sheet representing one of
the mHealth app screens. The initial step for each prototype was
to document the persuasive system category, design principle,
and targeted implementation as per Oinas-Kukkonen [90]. A
brief description of the details of the screen was then added to
the prototype, followed by the mHealth screen being given a
reference name based on the details in the write-up used
throughout the questionnaire development and analysis process.
Table 1 presents examples of the initial steps. A sketch of the
prototype was then drawn based on the documentation so that
each sheet would represent one of the mHealth screens.

BuildFire [92] was used to develop a digital high-fidelity
prototype for each mobile app screen. These prototypes were
used to support the design goals established in the initial
prototype. Once the prototypes were developed, iPhone XS
Max was used to create still images of the mHealth screens
using the screenshot function. This method was used so that the
image would visually represent what a user would see on their
smartphone. The images were exported from the mobile phone
to a laptop computer via email. Once the prototypes were
exported, 2 experts in the field of persuasive technology
conducted a blind review to validate the mHealth screen,
representing the persuasive technology principle intended by
the author. The expert review panel consisted of a reviewer with
12 years of experience in the field of persuasive technology and
a reviewer with 9 years of experience in the field of persuasive
technology. Each expert created a datasheet with the associated
screen names and listed the PSD principles identified on each
screen.

Following the expert inspection and blind review, a consultation
was held with the expert review panel, where notes and
suggestions were reviewed. The review and modification
processes continued until the developer and reviewers reached
a consensus. The mHealth screens were iteratively evaluated,
modified, and improved following each expert inspection and
blind review. For the initial round, 23 mHealth screens were
developed: Add, Start, Burpee-Squat, Increase, Mountain,
Target, Trophy, Late, Calories, Dinner Chat, Tracker, About
Us, Stories, Leaderboard, Journal, Partners, Ads, Strategy, CDC,
HIPAA, Contact, Before After, and Yoga. During the initial
expert review, the developer and reviewers identified 11

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 9 |e40576 | p.60https://mhealth.jmir.org/2022/9/e40576
(page number not for citation purposes)

McGowan et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


mHealth screens with conflicting persuasive technology
principles that required modification: Target, Dinner Chat,
About Us, Journal, Partners, Strategy, HIPAA, Contact, Before
After, Yoga, and CDC. CDC was dropped following the initial
review because the designed persuasive category was not seen
by either of the 2 reviewers, and the category that was identified
was seen on another screen. The Apple mHealth screen was
created to replace the CDC and submitted with revisions for
round 2. Consensus was reached on the 23 mHealth screens
during the second round. In addition, 3 paper and high-fidelity

prototypes were created for the remaining mHealth screens
(SSL, Avatar, and Recreation) following the aforementioned
methods. Additional mHealth screens were iteratively evaluated,
modified, and improved using expert inspection and blind review
methods used during rounds 1 and 2. The iterative process
resulted in 25 mHealth screens designed for the questionnaire
that were agreed upon through the blind review process, and an
mHealth screen prototype was discarded. The acceptance of the
mHealth screen by round is presented in Table 2.

Table 1. Examples of the initial prototype development steps.

Mock-up nameMock-upTargeted implementationPersuasive system category and
design principle

Primary task support

StartShow literature such as weight loss made simple,
which gives simple steps to get started for losing
weight

Provide simple steps for an activityReduction

Burpee-SquatFitness program with step-by-step workout plan.
Once daily or weekly goals are reached, the next
set of steps are given

Guiding people in a process step by step to
meet a goal

Tunneling

AddUsers can modify the app to reflect their interests
and personality (change color pallet, select what
is displayed on home screen, etc)

The system uses factors relevant to the individ-
ual to motivate the users based on their needs,
interests, personality, and so on

Tailoring

IncreaseIncrease the user’s activity goal based on accom-
plishments or modify dietary plan based on
weight loss

Suggestions, praise, and rewards are given at
appropriate time to motivate users to stay on
track

Personalization

TrackerSummary of daily or weekly activity calculations
and weekly weight summaries

Allows users to follow or monitor their perfor-
mance to ensure that they are staying on track

Self-monitoring

System credibility support

HIPAADisplay information guaranteeing HIPAAa

compliance to reassure users that information
will not be shared with third-party organizations

Apps should appear to be truthful, fair, and
unbiased

Trustworthiness

About UsChat screen showing interaction with person that
resembles a physician or medical professional

Provide content from experts (physicians or
specialists)

Expertise

aHIPAA: Health Insurance Portability and Accountability Act.
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Table 2. Mobile health (mHealth) screen acceptance by round.

Round 3Round 2Round 1Screen name

✓aAdd

✓Start

✓Burpee-Squat

✓Increase

✓Mountain

✓Target

✓Trophy

✓Late

✓Calories

✓Dinner Chat

✓Tracker

✓About Us

✓Stories

✓Leaderboard

✓Journal

✓Partners

✓Ads

✓Strategy

N/AN/AcDroppedCDCb

✓HIPAAd

✓Contact

✓Before After

✓Yoga

Replaced CDCN/AApple

✓N/AN/ASSL

✓N/AN/AAvatar

✓N/AN/ARecreation

a✓: indicates that the mHealth screen was accepted.
bCDC: Centers for Disease Control and Prevention.
cN/A: not applicable.
dHIPAA: Health Insurance Portability and Accountability Act.

The primary task support category aids the user in performing
fundamental tasks by reducing complex tasks into simpler tasks.
The primary task principles include reduction, tunneling,
tailoring, personalization, self-monitoring, simulation, and
rehearsal [90]. Textbox 1 describes the primary task support
design principles [90].

The dialogue support category facilitates human-to-computer
dialogue between the persuasive system and user. The principles
used to provide feedback are praise, rewards, reminders,
suggestions, similarities, liking, and social roles [90]. Textbox
2 describes the principles of the dialogue support category [90].

The system credibility category represents how systems can be
made more persuasive by making them more credible. The

principles used to give credibility include trustworthiness,
expertise, surface credibility, real-world feel, authority,
third-party endorsements, and verifiability [90]. Textbox 3
describes the principles of the system credibility category [90].

Principles in the social support category motivate systems
through social influence. Design principles in this category
include social facilitation, social comparison, normative
influence, social learning, cooperation, competition, and
recognition. Textbox 4 shows the principles of social support
[90].

Table 3 depicts the final iteration of testing and includes the
principles per screen and the principle category. Table 4 shows
the percentage of screens in the primary persuasive technology
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category. Figure 2 shows one of the final mHealth screens
developed. A visual representation of all 25 screens is available
in Multimedia Appendix 1. Of the 25 screens developed, 5
(20%) screens had a primary principle from the primary task

support category, 7 (28%) had a primary principle from the
dialogue support category, 8 (32%) had a primary principle
from the system credibility support category, and 5 (20%) had
a primary principle from the social support category.

Textbox 1. Primary task principles.

Persuasive system category, design principle, and principle description—primary task support

• Reduction

• Provides simple steps for an activity

• Tunneling

• Guides people in a process step by step to meet a goal

• Tailoring

• Uses factors relevant to the individual to motivate the users based on their needs, interests, personality, and so on

• Personalization

• Suggestions, praise, and rewards are given at appropriate time to motivate users to stay on track

• Self-monitoring

• Allows users to follow or monitor their performance to ensure they are staying on track

• Simulation

• Allows the user to observe the cause-and-effect link regarding their behavior

• Rehearsal

• Allows users to rehearse a behavior

Textbox 2. Dialogue support principles.

Persuasive system category, design principle, and principle description—dialogue support

• Praise

• Uses images, words, sounds, and so on to praise the user for their behavior

• Rewards

• Uses web-based rewards, given to the user for performing tasks related to the target behavior

• Reminders

• Reminds the user of their target behavior

• Suggestion

• Offers the user suggestions that fit the target behavior

• Similarity

• Remind users of themselves in some way

• Liking

• The digital health technology should be visually attractive

• Social role

• The digital health technology adopts a social role
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Textbox 3. System credibility principles.

Persuasive system category, design principle, and principle description—system credibility support

• Trustworthiness

• Apps should appear to be truthful, fair, and unbiased

• Expertise

• Provide content from sources that are knowledgeable and competent

• Surface credibility

• Systems should visually appear to be competent and credible

• Real-world feel

• Systems should highlight the people or organizations that are providing content by providing information about them

• Authority

• Systems should leverage roles of authority by referring to organizations and people that are seen as authority figures

• Third-party endorsements

• Systems should provide users with endorsements from third parties that are well known and trusted

• Verifiability

• Systems should provide ways for users to easily use external sources to verify the accuracy of the content

Textbox 4. Social support principles.

Persuasive system category, design principle, and principle description—social support

• Social learning

• The digital health technology should target behavior by providing the user with a way to observe other users who are performing the same
target behavior

• Social comparison

• The digital health technology should motivate the user by allowing them to compare their performance with other users who are performing
the same task

• Normative influence

• The digital health technology should use normative influence or peer pressure

• Social facilitation

• The digital health technology should allow users to perceive that other users are using the system to perform the target behavior along with
them

• Cooperation

• The digital health technology should leverage the users’ natural drive to cooperate

• Competition

• The digital health technology should leverage the users’ natural drive to compete with other users

• Recognition

• The digital health technology should offer users public recognition
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Table 3. Mobile app screen name with persuasive principles and categories.

Principle 3Principle 2Principle 1 (primary)Screen name

—bPT: tunnelingPTa: tailoringAdd

—PT: tunnelingPT: reductionStart

—PT: reductionPT: tunnelingBurpee-Squat

——DSc: praiseIncrease

—DS: suggestionPT: rehearsalMountain

—PT: personalizationDS: praiseTarget

—DS: praiseDS: rewardsTrophy

——DS: remindersLate

——DS: suggestionCalories

—DS: praiseDS: social roleDinner Chat

——PT: self-monitoringTracker

SC: authoritySC: trustworthinessSCd: expertiseAbout Us

DS: praisePT: simulationSSe: recognitionStories

——SS: competitionLeaderboard

SC: social facilitationSS: social comparisonSS: social learningJournal

SC: authoritySC: expertiseSC: trustworthinessPartners

——SC: surface credibilityAds

—SC: expertiseSC: authorityStrategy

SC: authoritySC: expertiseSC: verifiabilityApple

—SC: surface credibilitySC: trustworthinessHIPAAf

——SC: real-world feelContact

—PT: simulationSC: normative influenceBefore After

SS: social comparisonDS: praiseSS: cooperationYoga

—SC: trustworthinessSC: third-party endorsementsSSL

—DS: likingDS: similarityAvatar

aPT: primary task support.
bNot available.
cDS: dialogue support.
dSC: system credibility support.
eSS: social support.
fHIPAA: Health Insurance Portability and Accountability Act.

Table 4. Screen category breakdown.

Mobile screens (%)Persuasive technology category

20Primary task support

28Dialogue support

32System credibility support

20Social support
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Figure 2. Sample mobile health screen developed and accepted during review.
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Figure 5. Big Five continuum.

Measurement Items

New General Self-Efficacy Scale
After completion of the social demographic information, the
participants were asked 8 questions about their self-efficacy
using the New General Self-Efficacy Scale (Multimedia
Appendix 2) by Chen et al [93]. The work by Chen et al [93]
extends the work by Bandura [48,56], which focuses on the
magnitude and strength dimensions of self-efficacy and includes
the generality dimension of self-efficacy. Data on self-efficacy
were collected from participants at baseline and 20 days after
the first survey. The 7-item Likert scale used in this study ranged
from strongly disagree to strongly agree.

Health Consciousness
Participants were then asked to complete 6 questions about their
health consciousness using the Health Consciousness Scale by
Jayanti and Burns [61] (Multimedia Appendix 3), which was
adapted from the original Health Consciousness Scale by Kraft
and Goodell [64]. The development of the health consciousness
scale was facilitated by borrowing items from the literature to
generate items for scales. Multiple items were used to measure
each of the constructs proposed, with purification steps taken
during the development of the scales. The 7-item Likert scale
used in this study ranged from strongly disagree to strongly
agree. Types of health consciousness questions the participants
encountered include “I am interested in information about my

health” and “I read more health-related articles than I did 3 years
ago.”

Health Motivation
Participants were then asked to complete questions about their
HM using the Health Motivation Scale by Jayanti and Burns
[61] (Multimedia Appendix 4). Scale development was
facilitated by borrowing items from the literature, and generating
items for scales was used to develop the HM scale. The scale
development and purification followed well-established
procedures reported in the literature. This section consists of 6
questions using a 7-point Likert scale ranging from strongly
disagree to strongly agree. Participants answered questions
about their HM, such as, “I try to prevent common health
problems before I feel any symptoms” and “I would rather enjoy
life than try to make sure I am not exposing myself to health
risks.”

Personality Traits
Finally, participants were asked to answer personality questions
that generally described them as they were now and not as they
wished to be in the future. The participants completed the
Mini-IPIP Scale by Donnellan et al [82] (Multimedia Appendix
5), which consists of 20 questions focusing on extraversion,
agreeableness, conscientiousness, neuroticism, and intellect.
The stability of the Mini-IPIP Scale was measured at multiple
intervals. The initial study was conducted at intervals of a few
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weeks, and the subsequent study was conducted over several
months. The questions were answered using a 7-point Likert
scale ranging from extremely inaccurate to extremely accurate.
Participants rated the accuracy of statements, such as, “Am the
life of the party” and “Am not really interested in others.”

Perceived Persuasiveness
After answering the psychological questions, participants were
asked to complete questions about the perceived persuasiveness
of the individual mHealth screens. The participants completed
the Perceived Persuasiveness Scale by Lehto et al [94]
(Multimedia Appendix 6), which consists of 3 questions using
a 7-point Likert scale ranging from strongly disagree to strongly
agree. During the development of the scale, data examining
perceived persuasiveness were collected from participants at
baseline and 2 and 6 weeks after the intervention. During the
study, participants answered questions, at the screen level, about
the perceived persuasiveness of the mHealth app screens, such
as, “This mobile health screen has an influence on me” and
“This mobile health screen makes me reconsider my overall
health and wellness.”

Results

Exploratory Factor Analysis
EFA was conducted using SPSS to appraise the factor structure
of the survey items. More specifically, principal component

factoring using a Promax rotation was the extraction method
for this analysis [95]. Kaiser normalization (eigenvalue>1) was
used to determine the number of extracted factors. As the
factor-loading cutoff varies in the literature, this research used
a conventional liberal-to-conservative continuum, with all factor
loadings of ≥0.4 being considered salient for this study, and
cross-loadings >0.2 were considered for elimination [96,97].

The initial iteration of the EFA was conducted on 8 self-efficacy
items, 6 health consciousness items, 6 HM items, 20 Big Five
items, 3 perceived persuasiveness items, 3 intention items, 4
willingness to use items, and 4 marker variable questions (n=62).
A total of 16 items (HM_1, HM_2, Big Five-Conscientiousness
(R) Q8, Big Five-Conscientiousness (R) Q18, all 4 Big Five
Agreeableness items, all 4 Big Five Openness items, and all 4
Big Five Neuroticism items were eliminated owing to
cross-loading issues. In addition, 2 items—Big
Five-Conscientiousness Q3 and Big Five-Conscientiousness
Q13—were eliminated for having correlation coefficients below
the threshold and failing to load properly on other items.

For the final stage, principal component factor analysis of the
remaining 29 items resulted in 6 extracted 6 factors explaining
73.67% of the variance. The factor-loading matrix for the final
solution is presented in Table 5. Hypotheses 4, 5, 7, and 8 were
untestable because of the EFA results. Marker variables were
removed from further statistical analyses after a lack of
correlation was confirmed through EFA analysis.
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Table 5. Final exploratory factor analysis results.

Factor

654321

—————b0.736SEa Q1

—————0.872SE Q2

—————0.902SE Q3

—————0.908SE Q4

—————0.914SE Q5

—————0.793SE Q6

—————0.686SE Q7

—————0.821SE Q8

————0.817—HCc Q1

————0.848—HC Q2

————0.782—HC Q3

————0.714—HC Q4

————0.653—HC Q5

————0.457—HC Q6

———0.781——HMd Q3

———0.847——HM Q4

———0.878——HM Q5

———0.728——HM Q6

——0.973———TF_PPe Q1

——0.999———TF_PP Q2

——0.989———TF_PP Q3

—0.858————MVf 1

—0.821————MV 2

—0.710————MV 3

—0.830————MV 4

0.408—————Eg Q1

0.624—————E Q6

0.566—————E Q11

0.768—————E Q16

aSE: self-efficacy.
bNot available.
cHC: health consciousness.
dHM: health motivation.
eTF_PP: perceived persuasiveness.
fMV: marker variable.
gE: extraversion.

Statistical Results
Weighted scores were computed for self-efficacy, health
consciousness, HM, extraversion, and perceived persuasiveness,
using the final EFA factor loadings. Table 6 presents the

Cronbach α, mean, SD, and intercorrelation among the variables
included in this study.

Linear regression analysis was performed for weighted variables.
A total of 2 linear regression models were used. Table 7 shows
the regression coefficients. Model 1 included the demographic
control variables of gender, age, and education level as
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predictors of perceived persuasiveness. The demographic
variables were dummy coded with “male,” “under 40,” and
“less than high school” as the reference category for gender,
age, and education level. The F test (ie, ANOVA) for model 1

was significant (F9,6540=191.806; P<.001), with an adjusted R2

of 0.208, indicating that the demographic variables explained
20.8% of the variance in perceived persuasiveness. Gender was
a significant predictor, with women having higher perceived
persuasiveness (B=0.127, SE=0.048; t6540=2.668; P=.008) and
nonbinary individuals having lower perceived persuasiveness
(B=−2.856, SE=0.265; t6540=−10.767; P<.001) relative to men.
Age was a significant predictor, with individuals aged 40 to 59
age years (B=−0.643, SE=0.069; t6540=−9.377; P<.001) and
≥60 years (B=−2.116, SE=0.059; t6540=−35.752; P<.001) having
lower perceived persuasiveness relative to individuals aged ≤40
years. Education level was a significant predictor, as individuals
who held associate degrees (B=−0.411, SE=0.163; t6540=−2.514;
P=.01) and Bachelor’s degrees (B=−0.581, SE=0.157;
t6540=−3.696; P<.001) tended to have lower perceived
persuasiveness than individuals who had not completed high
school.

In model 2, the theorized effects were added as predictors. The
F test for model 2 was significant (F13,6536=341.035; P<.001),

with an adjusted R2 of 0.403, indicating that the demographic
variables self-efficacy, health consciousness, HM, and

extraversion together explained 40.3% of the variance in
perceived persuasiveness. Table 7 presents the regression
coefficients for model 2. The nonbinary category of sex
remained a significant predictor; however, the female sex
category was no longer significant in model 2 (B=−0.002,
SE=0.042; t6536=−0.048; P=.96). Both age categories were
significant predictors in model 2. The associate and Bachelor’s
categories of education level remained significant predictors in
model 2, and the categories of some college (B=−0.462,
SE=0.137; t6536=−3.378; P<.001) and graduate degree
(B=−0.555, SE=0.139; t6536=−3.985; P<.001) became significant
in model 2. Self-efficacy was a significant positive predictor
(B=0.263, SE=0.026; t6536=10.174; P<.001), indicating that
individuals with higher self-efficacy tended to have higher
perceived persuasiveness. Health consciousness was a significant
positive predictor (B=0.883, SE=0.022; t6536=40.000; P<.001),
indicating that individuals with higher health consciousness
tended to have higher perceived persuasiveness. HM was a
significant positive predictor (B=0.200, SE=0.017; t6536=11.597;
P<.001), indicating that individuals with higher HM tended to
have higher perceived persuasiveness. Extraversion was a
significant positive predictor (B=0.150, SE=0.026; t6536=5.884;
P<.001), indicating that individuals with higher extraversion
tended to have higher perceived persuasiveness. The results of
significant hypothesis testing are summarized in Table 8.

Table 6. Correlation matrix for weighted variablesa.

654321Cronbach αMean (SD)Variable

—————b.833.9394.574 (0.852)Self-efficacy

————.724.239c.8583.455 (0.994)Health consciousness

———.811−0.132c.067c.8623.071 (1.205)Health motivation

——.605−0.069c.142c.263c.6992.110 (0.816)Extraversion

—.987.159c.081c.529c.283c.9773.822 (2.047)Perceived persuasiveness

.807.363c−0.030d.303c.391c.153c.8403.089 (1.135)Marker variable

aValues on the diagonal are the square roots of the average variance extracted.
bNot available.
cP<.01.
dP<.05.
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Table 7. Results for multiple linear regression modelsa (N=6550).

Model 2bModel 1aVariable

Significance
(P value)

t test (df)B (SE)Significance
(P value)

t test (df)B (SE)

.980.023 (6537)0.005 (0.202)<.00133.531 (6540)5.406 (0.161)Constant

Control variables

.96−0.048 (6537)−0.002 (0.042).0082.668 (6540)0.127 (0.048)Gender (female)

<.001−9.412 (6537)−2.239 (0.238)<.001−10.767 (6540)−2.856 (0.265)Gender (nonbinary)

<.001−7.869 (6537)−0.477 (0.061)<.001−9.377 (6540)−0.643 (0.069)Age (40-59 years)

<.001−25.816 (6537)−1.388 (0.054)<.001−35.752 (6540)−2.116 (0.059)Age (≥60 years)

.120−1.555 (6537)−0.218 (0.140).06−1.880 (6540)−0.302 (0.161)Education (high school
graduate)

<.001−3.378 (6537)−0.462 (0.137).08−1.782 (6540)−0.279 (0.156)Education (some college, no
degree)

.006−2.731 (6537)−0.389 (0.142).01−2.514 (6540)−0.411 (0.163)Education (associate degree)

<.001−4.542 (6537)−0.624 (0.137)<.001−3.696 (6540)−0.581 (0.157)Education (Bachelor’s de-
gree)

<.001−3.985 (6537)−0.555 (0.139).71−0.370 (6540)−0.059 (0.159)Education (graduate degree)

Theorized effects

<.00110.174 (6537)0.263 (0.026)———cSelf-efficacy

<.00140.000 (6537)0.883 (0.022)———Health consciousness

<.00111.597 (6537)0.200 (0.017)———Health motivation

<.0015.884 (6537)0.150 (0.026)———Extraversion

aModel 1: R2=0.208
bModel 2: R2=0.403.
c—: indicates that the theorized effects weren't added until model 2.

Table 8. Results of tested hypotheses.

ResultHypothesis

SupportedHypothesis 1: self-efficacy will positively influence interpreted mHealth screen perceived persuasiveness.

SupportedHypothesis 2: health consciousness will positively influence interpreted mHealth screen perceived persuasiveness.

SupportedHypothesis 3: health motivation will positively influence interpreted mHealth screen perceived persuasiveness.

SupportedHypothesis 6: extraversion will positively influence interpreted mHealth screen perceived persuasiveness.

Discussion

Principal Findings
To the best of our knowledge, this study is the first to use a
combination of self-efficacy, health consciousness, HM,
extraversion, gender, age, and education to examine their impact
on the effective engagement of users of digital health
technologies. By integrating psychological characteristics, this
study advances the current understanding of how psychological
characteristics affect the perceived persuasiveness of persuasive
technology. To evaluate this, the researchers examined the
impact of psychological characteristics (self-efficacy, health
consciousness, HM, and Big Five personality traits) on the
perceived persuasiveness of digital health technologies. Using
the PSD framework, this study was designed to evaluate how

these psychological characteristics affect the perceived
persuasiveness of digital health technologies. In addition, the
dynamic intertwining of psychological characteristics that drives
the perceived persuasiveness of the primary PSD technique
categories was illuminated through multiple linear regression
analysis.

Furthermore, this study opens a pathway for designers of digital
health technologies to gain further knowledge on why individual
characteristics must be considered during the design process.
Keizer et al [42] suggested that misalignment between end users
and digital technologies is often a result of developers failing
to consider the end user during the development process.
Although the benefits of personalizing persuasive systems have
been acknowledged, the field is still in its infancy, and there is
very little knowledge on the best way to tailor these technologies
[98,99]. The findings from this study suggest that using a
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dynamic, data-centered approach that considers that the end
users’ self-efficacy, health consciousness, HM, extraversion,
age, gender, and education could be a way to increase the
perceived persuasiveness of digital health technologies.

In addition, this research offers developers vital information
pertaining to user-centric development of persuasive digital
health technologies. The information gained can be used by
designers to increase the perceived persuasiveness of digital
health technologies by providing guidance on how to
dynamically use PSD principles based on an individual’s
psychological characteristics and demographic makeup. These
PSD principles can be delivered in various components such as
virtual reality or health care gaming approaches, which can
further establish a stronger connection to an individual’s
psychological characteristics [100].

On the basis of these major findings, the role of self-efficacy
should be considered by persuasive technology designers.
Statistical analysis found self-efficacy to be a significant positive
predictor of perceived persuasiveness. Multiple linear regression
analyses found that health consciousness was a significant
positive predictor of perceived persuasiveness. In addition, the
model found HM to be a significant positive predictor of
perceived persuasiveness. Multiple linear regression analyses
also found extraversion to be a significantly positive predictor
of perceived persuasiveness. These findings are important, as
they shed additional light on which psychological characteristics
influence a user’s perceived persuasiveness. In addition, it helps
validate why one-size-fits-all approaches do not necessarily
work. The findings suggest that individuals with low
self-efficacy and low health consciousness will not necessarily
be influenced (perceived persuasiveness) by the same mHealth
app design as those with higher self-efficacy and health
consciousness levels.

Demographic data, such as age and gender, should also be
considered by developers of digital health technologies. The
findings strongly suggest that the distribution of perceived
persuasiveness shifts from negatively skewed to positively
skewed as an individual ages. In addition, this shift occurs earlier
in women (ie, aged 40-59 years) than in men who do not shift
until the oldest age group (ie, aged ≥60 years). The perceived
persuasiveness by age group and gender is available in
Multimedia Appendix 7. This was an interesting and unexpected
finding, and additional research is required. Potentially, these
findings can represent the aging process for which health
consciousness, for example, has increased owing to typical
chronic diseases that manifest as individuals age.

Future Research and Limitations
Despite the theoretical and practical contributions of this study,
there are limitations to the generalizability of the findings.
Further examination of the demographic data showed that only
7.3% (19/262) of participants were between the ages of 18 and
29 years. Additional research should be conducted that focuses
on the younger population, aged 18 to 29 years.

The research only examined extraversion due to multicollinearity
issues with other items from the Big Five personality traits.
Sleep et al [101] found that longer measures contain

considerably more variance than shorter, more condensed
measures. Further studies should use a more extensive Big Five
personality test such as the Neo Personality Inventory [102]
rather than the Mini-IPIP Scale [82].

The Adult Hope Scale by Snyder et al [103] was also dropped
from the study owing to multicollinearity issues with the New
General Self-Efficacy Scale by Chen et al [93]. It was observed
that all the self-efficacy constructs and adult hope constructs
were cross-loading; therefore, adult hope was eliminated because
self-efficacy is regarded as a core premise of human
performance across multiple domains, and adult hope
measurements conceptually and operationally function
synonymously as self-efficacy [104].

Multicollinearity issues were also identified among perceived
persuasiveness, intention, and willingness to use; therefore, the
intention and willingness to use constructs were eliminated from
the model because perceived persuasiveness was studied across
multiple domains, and perceived persuasiveness was more
pursuant to this study.

A key limitation of this study is the use of static screens. A fully
developed app will allow researchers to evaluate the engagement
of digital health tools. Running these studies in tandem will
allow researchers to evaluate engagement on both sides to see
if higher perceived persuasiveness leads to higher engagement.

Conclusions
This study aimed to examine how users’ psychological
characteristics influence the perceived persuasiveness of digital
health technologies. This research contributes to advancing the
field of data-driven, user-centric development of persuasive
technologies by investigating the intertwining of users’
psychological characteristics and the perceived persuasiveness
of digital health technologies. This work opens a new research
avenue by examining the role of psychological characteristics
in interpreting the perceived persuasiveness of mHealth screens.
The use of dynamic data-driven capabilities is important for
advancing perceived persuasiveness, which has the potential to
engage users of digital health technologies successfully.

This work also describes the roles that psychological
characteristics play in interpreting mHealth screen perceived
persuasiveness. Evidence has shown that self-efficacy, health
consciousness, HM, extraversion, gender, age, and education
significantly influence the perceived persuasiveness of digital
health technologies. Moreover, this study showed that varying
combinations of psychological characteristics and demographic
variables affected the perceived persuasiveness of the primary
persuasive technology category. Incorporating these
psychological characteristics and demographic variables should
allow digital health technology developers to overcome the gap
stemming from one-size-fits-all approaches.

On the basis of the findings of this research, mHealth app
researchers and developers should design apps that dynamically
interact with users using psychological characteristics and
demographics to drive the persuasive techniques presented to
the user. This process should include a pre-enrollment
assessment, for which the user’s psychological characteristics
are evaluated before deployment of the mHealth app. This would
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allow for the right persuasive techniques to be deployed in an
attempt to better engage the user, which can potentially lead to
more favorable behavior. Moving from a “one-size-fits-all” to

a personalized persuasive approach has the potential to create
long-term engagement, which has plagued mHealth researchers
and developers.
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Abstract

Background: Despite several initiatives taken by government bodies, disparities in maternal health have been noticeable across
India’s socioeconomic gradient due to poor health awareness.

Objective: The aim of this study was to implement an easy-to-use mobile health (mHealth) app—Mobile for Mothers (MfM)—as
a supporting tool to improve (1) maternal health awareness and (2) maternal health–related behavioral changes among tribal and
rural communities in India.

Methods: Pregnant women, aged 18 to 45 years, were selected from two rural villages of Jharkhand, India: (1) the intervention
group received government-mandated maternal care through an mHealth app and (2) the control group received the same
government-mandated care via traditional means (ie, verbally). A total of 800 accredited social health activists (ASHAs) were
involved, of which 400 were allocated to the intervention group. ASHAs used the MfM app to engage with pregnant women
during each home visit in the intervention group. The mHealth intervention commenced soon after the baseline survey was
completed in February 2014. The end-line data were collected between November 2015 and January 2016. We calculated
descriptive statistics related to demographics and the percentage changes for each variable between baseline and end line per
group. The baseline preintervention groups were compared to the end-line postintervention groups using Pearson chi-square
analyses. Mantel-Haenszel tests for conditional independence were conducted to determine if the pre- to postintervention differences
in the intervention group were significantly different from those in the control group.

Results: Awareness regarding the five cleans (5Cs) in the intervention group increased (P<.001) from 143 (baseline) to 555
(end line) out of 740 participants. Awareness about tetanus vaccine injections and the fact that pregnant women should receive
two shots of tetanus vaccine in the intervention group significantly increased (P<.001) from 73 out of 740 participants (baseline)
to 372 out of 555 participants (end line). In the intervention group, awareness regarding the fact that problems like painful or
burning urination and itchy genitals during pregnancy are indicative of a reproductive tract infection increased (P<.001) from 15
(baseline) to 608 (end line) out of 740 participants. Similarly, knowledge about HIV testing increased (P<.001) from 39 (baseline)
to 572 (end line) out of 740 participants. We also noted that the number of pregnant women in the intervention group who
consumed the prescribed dosage of iron tablets increased (P<.001) from 193 (baseline) out of 288 participants to 612 (end line)
out of 663 participants.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 9 |e38368 | p.79https://mhealth.jmir.org/2022/9/e38368
(page number not for citation purposes)

Choudhury & ChoudhuryJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mailto:avishek.choudhury@mail.wvu.edu
http://www.w3.org/Style/XSL
http://www.renderx.com/


Conclusions: mHealth interventions can augment awareness of, and persistence in, recommended maternal health behaviors
among tribal communities in Jharkhand, India. In addition, mHealth could act as an educational tool to help tribal societies break
away from their traditional beliefs about maternal health and take up modern health care recommendations.

Trial Registration: OSF Registries 9U8D5; https://doi.org/10.17605/OSF.IO/9U8D5

(JMIR Mhealth Uhealth 2022;10(9):e38368)   doi:10.2196/38368

KEYWORDS

maternal health; mHealth; digital divide; disparity; socioeconomic; India; health; awareness; mobile; intervention; adherence;
health behaviors; tribal; community; education

Introduction

Maternal mortality remains a serious health issue for India, and
the problem for deprived parts of the population is worse.
Government bodies have taken several initiatives [1], but
disparities in maternal health services, provision of maternal
care, and health outcomes have been noticeable across India’s
socioeconomic gradient [2-4]. For example, in Kerala, the
maternal mortality rate was as low as 61 per 100,000 live births
in 2013, whereas in the northern states of Bihar and Jharkhand,
it was 208 per 100,000 live births [5]. Interventions to minimize
maternal deaths have been primarily noted to be ineffective
within the rural population [6]. India’s remote parts are
populous, and a lack of budget limits the success of providing
adequate resources, such as health educators, infrastructure, and
time to educate the targeted population [7].

Maternal mortality in rural societies of India, according to the
“3 delays” model [8,9], primarily occurs due to three significant
factors: (1) delay in deciding to seek care, (2) delay in obtaining
timely care, and (3) delay in receiving appropriate treatment.
The “3 delays” model adopts a systemic approach reflecting
various obligations to avoid maternal mortality at the family,
community, and health system levels. Several extrinsic factors
often instigate these three delays, including insufficient support
for maternal health services and the lack of awareness regarding
maternal health care among pregnant women [10].

Over the years, the lack of maternal health awareness has caused
several health concerns, including anemia, neural tube defects
[11], tetanus infection, immunodeficiency syndrome, and even
perinatal deaths [12]. Another problem faced by the tribal
communities is that the people in rural India do not make use
of the available health care facilities, primarily due to their belief
systems. According to a previous study, approximately 21.2%
of tribal women in Odisha, India, neglected their critical health
conditions and sought home remedies as their primary treatment
choice [13]. Certain cultures hold the extreme beliefs that their
ailments, including maternal health complications, have been
caused by taboos [14].

Mobile health (mHealth) technology has the potential to address
the aforementioned maternal health–related concerns by
augmenting maternal health awareness. Nowadays, health care
is being revolutionized by mHealth. mHealth apps may have
educational benefits for patients, as these technologies can offer
user-friendly and easy-to-understand personalized treatment or
ailment-related education [15]. Overall, mHealth for patient
care can be helpful for two fundamental reasons: (1) its ability

to resolve systemic obstacles (ie, language and geographical
locations) and address global public health concerns [16] and
(2) its promise to encourage the patient to be persistent with
taking their medication [17].

Thus far, most research in this domain has been conducted in
developed nations [18] and with consumers who are educated
and typically familiar with mobile phones. The benefits of
mHealth interventions are that they can achieve near-complete
coverage of the target population. However, a large population
of pregnant women in rural regions of India have no access to
mobile phones [19] or any mobile technologies in general.
Currently, mHealth interventions do not have sufficient evidence
showing their impact on maternal health awareness, particularly
in tribal and rural communities [20]. Further research may
contribute to understanding the impacts of mHealth on maternal
health awareness and behaviors in rural and tribal regions of
India. Therefore, to address this gap, the Network for Enterprise
Enhancement and Development Support (NEEDS), a
nongovernmental organization (NGO) in India, and Simavi, a
Dutch NGO, conceptualized and developed an easy-to-use
mHealth app—Mobile for Mothers (MfM)—as a supporting
tool to improve (1) maternal health awareness and (2) maternal
health–related behavioral changes among tribal communities.
The MfM intervention was conducted in partnership with the
Rural Health Mission of the Government of Jharkhand under
the European Union–funded Initiative for Transparency and
Good Governance.

Methods

Overview
This study was part of a more extensive study conducted in
collaboration with the Rural Health Mission of the Government
of Jharkhand under the European Union–funded Initiative for
Transparency and Good Governance. The findings from this
larger study have been reported elsewhere [21-23].

Study Design
This study was conducted with the tribal communities in rural
areas of Jharkhand, India. This was a randomized
quasi-controlled analysis of two groups (ie, two independent
rural villages in Jharkhand, India): (1) the intervention group
(village A) received maternal care via government-mandated
programs through the mHealth app and (2) the control group
(village B) received the same care via government-mandated
programs but through traditional means (ie, verbally).
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Under the government programs provided to the control group
(ie, village B), community health workers, also known as
accredited social health activists (ASHAs), visited each pregnant
woman and discussed maternal health concerns orally,
one-to-one; ensured ambulance availability if needed; and
provided financial incentives for women delivering at the
hospital. In the intervention group (ie, village A), ASHAs
leveraged mHealth (ie, the MfM app) technology to discuss
maternal health concerns and measures. All communication
occurred in their native language, Hindi. Please note that
participants in both groups received the same information,
one-to-one; had the same number of visits; and had visits lasting
a similar duration.

A total of 800 ASHAs were involved in this study, of which
400 were allocated to the intervention group. ASHAs comprise
a community-based health worker group founded as a part of
the National Rural Health Mission by the Indian Ministry of

Health and Family Welfare. In the intervention group, ASHAs
were trained in using the mHealth app (ie, MfM) for 2 days and
were equipped with a Nokia phone preinstalled with the MfM
app.

ASHAs used the MfM app to engage with pregnant women
during each home visit in the intervention group. ASHA staff
visited each pregnant woman four times in the prenatal phase
(ie, every trimester) and twice during the postnatal phase (ie,
on the third and sixth months after childbirth). During each visit,
the ASHA workers used the MfM app to counsel pregnant
women on antenatal care (ANC), intranatal care, and postnatal
care. Figure 1 shows the training of ASHAs and their interaction
with pregnant women. The control group also received the same
number of AHSA visits; however, ASHA workers did not use
the MfM app. Visits in both the intervention and control groups
lasted approximately 45 minutes.

Figure 1. Components of the intervention. (A) Training of accredited social health activists. (B) Women using the Mobile for Mothers app as part of
the intervention.

Sample Size
A priori power analysis was completed to estimate the minimum
sample size for the study. The a priori power analysis included
2-tailed assumptions, an estimated power of 0.80 [24], an α
error probability of .01, and an effect size of 0.2 [25]. The results
of the a priori power analysis supported the inclusion of at least
1172 participants in the study.

The Mobile for Mothers App
MfM is a case management solution in rural India for ASHAs.
The program helps handle the registration, service, and
monitoring of all clients and events related to the ASHAs. MfM

collects data from each home visit and transfers the data for
service optimization, wellness surveillance, and workflow
measures to the NEEDS management committee. MfM is
designed for low-literacy users so they can operate the app on
affordable Java-enabled phones or Android-based smartphones
that run free and open-source apps. It contains registration forms,
checklists, tracking of danger signs, and an interactive
voice-recording system for instructional prompts. In addition,
the app provides maternal health information through texts,
photographs, and voice prompts in their native language of
Hindi to pregnant women and mothers, as illustrated in Figure
2.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 9 |e38368 | p.81https://mhealth.jmir.org/2022/9/e38368
(page number not for citation purposes)

Choudhury & ChoudhuryJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Figure 2. The Mobile for Mothers mobile health app. The original app was in the Hindi language. 5C: five cleans (clean hands, clean place, clean
cloths, clean cord cut with a clean blade, and clean cord clamped with a clean thread); ASHA: accredited social health activist.

Data Collection
In January 2014, researchers conducted a complete house list
and identified eligible respondents: all pregnant women between
18 and 45 years of age. Soon after, a team of trained project
members, who were local to the region, administered a
paper-based survey in the control and intervention villages to
collect baseline data. During the survey, team members read
the questions in Hindi and marked the responses for all the
participants, including illiterate and literate pregnant women.
The survey used in this study was based on The National Family
Health Survey [26] and measured the pregnant women’s
maternal health and hygiene awareness.

The mHealth intervention commenced soon after the baseline
survey was completed in February 2014. The end-line data were
collected between November 2015 and January 2016 by the
same project members and in the same manner.

Outcome Measures
Maternal health awareness and related behavioral changes were
captured in this study. Awareness was calculated as a binary
variable where women were deemed to be aware of maternal
health information if they responded “yes,” followed by the
correct explanation, to the following awareness questions:

1. Do you know why the five cleans (5Cs: clean hands, clean
place, clean cloths, clean cord cut with a clean blade, and
clean cord clamped with a clean thread) are essential during
delivery?

2. Pregnant women should receive two tetanus vaccine
injections. There should be a difference of 1 month between

the first and second injections. Does this protect you and
your baby from tetanus?

3. Do you know that if you have problems like painful or
burning urination and itchy genitals during pregnancy they
are indicative of a reproductive tract infection?

4. Do you know why you need to test for HIV/AIDS during
or before pregnancy?

5. Have you consumed all of your iron tablets?

The ASHAs determined the validity of their responses. The
MfM app also prompted the correct answers in Hindi.

Data Analysis
Responses from the baseline and end-line paper-based surveys
were manually entered into a Microsoft Excel sheet by two
research assistants (NEEDS staff). After verifying the data entry,
all data were imported into SPSS software (version 27; IBM
Corp) for further analysis.

First, we calculated descriptive statistics related to
demographics. The percentage changes for each variable
between baseline and end line in each group were also
calculated. The baseline preintervention groups were compared
to the end-line postintervention groups using Pearson chi-square
analyses, showing the significance of pre- to postintervention
differences (ie, percentage changes) within each group. In
addition, Mantel-Haenszel tests for conditional independence
were conducted to determine if the pre- to postintervention
differences in the intervention group were significantly different
(at a 99% CI) from the pre- to postintervention differences in
the control group.
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Ethics Approval
This study obtained ethical approval from the Institutional
Review Board of the Centre for Media Studies, New Delhi,
India (approval No. IRB00006230). Given the low level of
literacy among the sample population, verbal consent was
acquired rather than written documentation. Researchers read
the consent form in Hindi. Before the study began, all
participants were briefed on the in-depth intent of the study. No
participant identifiers were obtained during the study.

Results

The survey consisted of 1480 respondents, with 740 women
per group. In total, 73.2% (542/740) and 70.7% (523/740) of
the respondents in the intervention and control groups,
respectively, belonged to other backward castes. In both groups,
about half of the respondents were illiterate. Most women in
both study groups were housewives. Table 1 shows the
participant demographics.

Table 1. Demographic characteristics of the study participants (N=1480).

Intervention village, (n=740), n (%)Control village (n=740), n (%)Demographic characteristic

Caste

100 (13.5)131 (17.7)Scheduled caste

29 (3.9)22 (3.0)Scheduled tribe

542 (73.2)523 (70.7)Other backward castes

69 (9.3)63 (8.5)Other than scheduled cast, scheduled tribe, or other backward castes

Educational level

385 (52.0)384 (51.9)Illiterate (never been to school)

141 (19.1)124 (16.8)Primary (1-5 years of schooling)

187 (25.3)199 (26.9)Secondary (6-10 years of schooling)

29 (3.9)33 (4.5)Higher (≥11 years of schooling)

Occupational status

645 (87.2)684 (92.4)Housewife

Age during intervention (years)

145 (19.6)135 (18.2)18-19

369 (49.9)383 (51.8)20-24

158 (21.4)160 (21.6)25-29

47 (6.4)47 (6.4)30-34

21 (2.8)15 (2.0)35-45

Age at marriage (years)

501 (67.7)470 (63.5)<18

As shown in Table 2, except for awareness regarding tetanus
vaccine injections, we noted significant improvement, from
baseline to end line, in maternal health awareness in both the
intervention and control groups. However, the magnitude of
improvement was significantly higher in the intervention group.

Awareness regarding the 5Cs in the intervention group increased
(P<.001) from among 143 out of 740 participants at baseline
to 555 out of 740 participants at end line. In contrast, in the
control group, awareness increased (P<.001) from among 108
out of 740 participants at baseline to 555 out of 740 participants
at end line. However, the increase in awareness was significantly
greater in the intervention group than in the control group
(P<.001).

Awareness about tetanus vaccine injections and the fact that
pregnant women should receive two shots of tetanus vaccine
were significantly increased (P<.001) from among 73 out of
740 participants to 372 out of 555 participants in the intervention

group. However, for the control group, awareness increased
(P<.001) from among 39 out of 108 participants to 220 out of
492 participants. The magnitude of improvement for tetanus
vaccine awareness was also significantly higher in the
intervention group than in the control group (P<.001).

In the intervention group, awareness regarding the fact that
problems like painful or burning urination and itchy genitals
during pregnancy are indicative of a reproductive tract infection
(ie, vaginal yeast infection) increased (P<.001) from among 15
out of 740 participants to 608 out of 740 participants. However,
in the control group, awareness increased (P=.10) from among
7 out of 740 participants to 132 out of 740 participants. The
magnitude of improvement regarding the awareness of
reproductive tract infection was also significantly higher in the
intervention group than in the control group (P<.001).

Similarly, knowledge about HIV testing increased (P<.001)
from among 39 out of 740 participants to 572 out of 740
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participants in the intervention group. In contrast, in the control
group, knowledge increased from among 28 out of 740
participants to 131 out of 740 participants. The change in
HIV-related awareness was significantly greater among the
intervention group than among the control group (P<.001).

Since awareness can be a precursor to behavioral change, we
noted that the number of pregnant women in the intervention
group who consumed the prescribed dosage of iron tablets

increased (P<.001) from 193 out of 288 participants at baseline
to 612 out of 663 participants at end line. However, the number
of pregnant women in the control group who consumed the
prescribed dosage of iron tablets increased (P<.001) from 129
out of 212 participants at baseline to 223 out of 297 participants
at end line. The magnitude of behavioral improvement for iron
consumption was significantly higher in the intervention group
than in the control group (P<.001).

Table 2. Comparison of responses to awareness questions by the intervention and control group participants.

Comparison of change be-
tween groups

Comparison of baseline and
end line

Change from
baseline to end
line, %

End line, n (%)bBaseline, n (%)aQuestion and group

P valueχ 2
1

P valueχ 2
1

Do you know why the five cleans are essential during delivery?c

——d<.001413.351.9492 (66.5)108 (14.6)Control

<.001870.5<.001460.355.7555 (75.0)143 (19.3)Intervention

Pregnant women should receive two tetanus vaccine injections. There should be a difference of 1 month between the first and second injections.

Does this protect you and your baby from tetanus?e

——.102.78.6220 (44.7)39 (36.1)Control

<.001380.3<.001459.457.1372 (67.0)73 (9.9)Intervention

Do you know that if you have problems like painful or burning urination and itchy genitals during pregnancy they are indicative of a repro-

ductive tract infection?c

——<.001124.116.9132 (17.8)7 (0.9)Control

<.0011055.6<.001974.880.2608 (82.2)15 (2.0)Intervention

Do you know why you need to test for HIV/AIDS during or before pregnancy?c

——<.00174.813.9131 (17.7)28 (3.8)Control

<.001804.8<.001791.972.0572 (77.3)39 (5.3)Intervention

Have you consumed all of your iron tablets?f

——.00111.814.3223 (75.1)129 (60.8)Control

<.00187.7<.00198.825.3612 (92.3)193 (67.0)Intervention

aThe number of respondents in this column represents the number at baseline who responded “yes” to the questions.
bThe number of respondents in this column represents the number at end line who responded “yes” to the questions.
cControl and intervention group participants at baseline and end line: n=740.
dStatistics for group comparisons are reported only in the intervention group row.
eControl group participants at baseline: n=108; control group participants at end line: n=492; intervention group participants at baseline: n=740;
intervention group participants at end line: n=555.
fControl group participants at baseline: n=212; control group participants at end line: n=297; intervention group participants at baseline: n=288;
intervention group participants at end line: n=663.

Discussion

Principal Findings
When most people are demonstrating techno-skepticism (ie, a
skeptical attitude toward technology), in our study, pregnant
women residing in tribal societies exhibited characteristics of
the “learned skeptic.” However, in augmenting their awareness,
these tribes learned maternal health lessons efficiently from the
MfM app. In addition, the results of our study indicate the
potential of MfM specifically, or mHealth in general, as an
educational tool for tribal communities.

Existing literature has acknowledged several mobile apps that
can assist with maternal education and support socially
disadvantaged pregnant women [27]. Despite having minimal
prior experience with mobile devices and no health literacy, our
study demonstrates how tribal communities learned information
about maternal health and hygiene when delivered through the
mHealth app in a user-centered manner (ie, using their regional
language and visuals). The MfM intervention also improved
the pregnant women’s health behavior, in the form of being
persistent with iron supplementation. Persistence is measured
by how an individual’s conduct meets the desired health care
objectives jointly identified with the health care professional
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[28]. Overall, our study indicates that the mode of information
transference can determine its acceptance by users and their
likelihood of gaining new knowledge. According to the cognitive
theory of multimedia learning, people learn more effectively
from words and images than from words alone [29]. This theory
can partially explain why tribal communities learned new
information through MfM significantly more than through
traditional government interventions in which information
transference was verbal. Using both auditory and visual channels
in MfM (ie, dual-coding theory) perhaps helped pregnant women
acquire new knowledge. However, these assumptions require
further confirmation.

Maternal Health Awareness
Lack of maternal health awareness is a significant concern in
rural and tribal India, causing several health concerns, such as
neural tube defects [10] and restricted fetal growth [30]. Poor
awareness regarding hygiene (ie, the 5Cs) and tetanus, a
life-threatening bacterial disease, have also been responsible
for genital tract infection (ie, vaginal yeast infection), puerperal
sepsis, and even morbidity among rural and tribal communities
[31-33]. Our study demonstrated that mHealth, like MfM, could
augment health awareness regarding the 5Cs and tetanus. In our
research, more pregnant women in the intervention group
acknowledged that the 5Cs can prevent infection in newborn
babies and mothers.

Poor awareness has also resulted in tetanus infections and
immunodeficiency syndromes, causing harm to pregnant women
and newborn children [34,35]. In pregnant women, reproductive
tract infection risk predominantly occurs due to a lack of
awareness and can lead to postabortal sepsis, puerperal sepsis,
and even perinatal death [11]. Deaths of pregnant women due
to HIV in rural communities are often induced by poor
pregnancy management, primarily due to the lack of knowledge
about HIV infection [36].

Our findings were consistent with other studies concerning
mHealth and maternal health, where increased awareness was
reported. A 2014 study in India’s rural region evaluated the
impact of mHealth on raising awareness regarding maternal
health. The study found that more individuals learned about
danger signs during pregnancy, such as infections, after
receiving text messages from the mHealth app [37]. Another
study in Nigeria investigated the impact of mHealth on maternal
knowledge. The study reported that pregnant women without
mHealth access had significantly lower knowledge of maternal
danger signs than those with access to mHealth apps [38].

Unlike our study, where mHealth increased awareness regarding
HIV and tetanus among tribal pregnant women, a randomized
controlled trial implementing mHealth to augment maternal
health awareness did not find any significant increase in
awareness regarding tetanus and HIV [39].

Iron Tablet Consumption
Exposure to an interactive voice recording system for
instructional prompts, like MfM, could improve a pregnant
woman’s health behaviors. For example, in our study, more
pregnant women in the intervention group than in the control
group consumed the prescribed dosage of iron tablets (25%;

P<.001). Other studies also reported similar findings. In 2014,
a study in Kenya reported that pregnant women (91.6%)
receiving an mHealth intervention consumed the necessary
dosage of supplements [39]. In 2017, a study in India registered
a significant increase in the consumption of iron supplements
among pregnant women (81%) receiving mHealth support [40].
Similarly, another study conducted in Indonesia reported a 2.6%
increase in the consumption of iron tablets among pregnant
women receiving an mHealth intervention [41].

Limitations
This study only focused on two villages; though the sample size
was sufficient, our findings may not be generalizable across all
tribal and rural communities. Due to limited access to mobile
phones in rural India, ASHA workers were responsible for
carrying the mobile device with them during each intervention.
Pregnant women, being passive users, only used the mobile app
in the presence of the ASHAs. Further research is needed to
capture the direct impact of mHealth on maternal health
awareness and behavior in tribal communities when pregnant
women are active users without assistance from trained
personnel such as ASHAs.

Implications, Future Directions, and Conclusions
Although improvements in maternal health care awareness were
observed in both control and intervention groups, our study
provides evidence that mHealth interventions can improve
critical maternal health awareness and related behavior among
tribal pregnant women at a significantly higher magnitude. Our
analysis also exhibited the potential of MfM to minimize the
cognitive biases of tribal communities. Tribal communities
often show anchoring bias. In other words, their dependency
on prior knowledge (ie, “traditional health care system”) [42]
is significant. Their health care practices and beliefs are
primarily determined and constructed by their faith in traditional
knowledge, which involves three ways of addressing health
complications—natural medicine, psychosomatic treatments,
and religious rituals—that typically reject the intervention of
scientific methods [42]. However, participants in the intervention
group behaved otherwise. Despite firmly believing in the
“traditional health care system,” tribal communities in the
intervention group were noted to break away from their
traditional beliefs and adhere to scientific or modern maternal
health care practices.

The findings of our study exhibit the effectiveness of mHealth
and encourage the use of mHealth as a supporting tool for health
workers serving in rural regions. In addition to augmenting
maternal health awareness and behavior, mHealth interventions
may lower health care costs in several ways, including
transportation cost reduction for patients and digitizing data
collection (ie, registration of pregnant women, tracking their
ANC services, and others). Moreover, in urban societies where
pregnant women have access to mobile phones, the internet,
and sufficient ability to use smartphones independently, mHealth
apps can serve as an alternative source of maternal health
information. In 2013, a study reported that about 40% of its 35
participants had used at least one mHealth app for maternal
information [43]. Another study in 2016 surveyed 410 women
and found that 92% of users found mHealth to be useful for
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pregnancy-related information [44]. Therefore, future studies
should consider evaluating the economic feasibility of mHealth

in maternal health awareness [45].
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Abstract

Background: Symptom checkers are clinical decision support apps for patients, used by tens of millions of people annually.
They are designed to provide diagnostic and triage advice and assist users in seeking the appropriate level of care. Little evidence
is available regarding their diagnostic and triage accuracy with direct use by patients for urgent conditions.

Objective: The aim of this study is to determine the diagnostic and triage accuracy and usability of a symptom checker in use
by patients presenting to an emergency department (ED).

Methods: We recruited a convenience sample of English-speaking patients presenting for care in an urban ED. Each consenting
patient used a leading symptom checker from Ada Health before the ED evaluation. Diagnostic accuracy was evaluated by
comparing the symptom checker’s diagnoses and those of 3 independent emergency physicians viewing the patient-entered
symptom data, with the final diagnoses from the ED evaluation. The Ada diagnoses and triage were also critiqued by the independent
physicians. The patients completed a usability survey based on the Technology Acceptance Model.

Results: A total of 40 (80%) of the 50 participants approached completed the symptom checker assessment and usability survey.
Their mean age was 39.3 (SD 15.9; range 18-76) years, and they were 65% (26/40) female, 68% (27/40) White, 48% (19/40)
Hispanic or Latino, and 13% (5/40) Black or African American. Some cases had missing data or a lack of a clear ED diagnosis;
75% (30/40) were included in the analysis of diagnosis, and 93% (37/40) for triage. The sensitivity for at least one of the final
ED diagnoses by Ada (based on its top 5 diagnoses) was 70% (95% CI 54%-86%), close to the mean sensitivity for the 3 physicians
(on their top 3 diagnoses) of 68.9%. The physicians rated the Ada triage decisions as 62% (23/37) fully agree and 24% (9/37)
safe but too cautious. It was rated as unsafe and too risky in 22% (8/37) of cases by at least one physician, in 14% (5/37) of cases
by at least two physicians, and in 5% (2/37) of cases by all 3 physicians. Usability was rated highly; participants agreed or strongly
agreed with the 7 Technology Acceptance Model usability questions with a mean score of 84.6%, although “satisfaction” and
“enjoyment” were rated low.

Conclusions: This study provides preliminary evidence that a symptom checker can provide acceptable usability and diagnostic
accuracy for patients with various urgent conditions. A total of 14% (5/37) of symptom checker triage recommendations were
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deemed unsafe and too risky by at least two physicians based on the symptoms recorded, similar to the results of studies on
telephone and nurse triage. Larger studies are needed of diagnosis and triage performance with direct patient use in different
clinical environments.

(JMIR Mhealth Uhealth 2022;10(9):e38364)   doi:10.2196/38364

KEYWORDS

mobile health; mHealth; symptom checker; diagnosis; user experience

Introduction

Background
Improving medical diagnosis is a high priority, with evidence
that the average American will experience at least one important
misdiagnosis in their lifetime and that 5% of outpatient
diagnoses are incorrect [1]. Although a number of initiatives
have sought to improve outpatient diagnosis by physicians and
other health care workers [2,3], less attention has been paid to
the key role patients play in ensuring they receive effective and
timely diagnosis and treatment [4]. Late recognition of many
diseases can lead to poor outcomes, whether for acute diagnoses
such as myocardial infarction and stroke or for more chronic
diseases, including renal failure [5] and carcinomas [6].
Diagnostic and triage apps designed for patients, often called
symptom checkers, have become widely available to the general
public over the last decade [7]. Leading symptom checkers
claim millions of users annually; for example, iTriage claimed
50 million users per year in 2015 [8], and WebMD claimed 4
million users per month in 2019 [9].

These apps typically require the user to enter limited
demographic information followed by their chief complaint or
symptom. They then ask follow-up questions on the symptoms,
which vary in number and strategy by app [10,11]. The output
is one or more diagnoses or a triage level and may include
suggestions for actions that the user should take, including
seeking routine or urgent care. Symptom checker apps differ
from diagnostic tools for health care workers; in most cases,
symptom checkers do not use data on vital signs, physical
examination, current medications, or investigations [12,13].

The context of a person using a symptom checker app in a home
or community setting can be similar to calling an urgent care
helpline such as the NHS111 service in the United Kingdom
[14] (although likely involving less urgent conditions). However,
it does not include access to the patient’s care record or to
human assistance in navigating the algorithm. App use is
typically promoted by private companies that develop them;
academic developers of apps [15]; health systems that have
developed their own symptom checkers (eg, Mayo Clinic [16]);
or health systems that have partnered with companies, such as
Babylon with the National Health Service in the United
Kingdom [17] and Ada with Sutter Health in the United States
[18]. Symptom checkers have the potential to help patients
identify the correct diagnosis for their problem and the
appropriate action to take in seeking care. Symptom checkers
could be particularly helpful in improving care for patients with
limited access to health systems, such as in rural areas and other
underserved communities worldwide. These apps could also
assist people uncertain of the significance of symptoms with

potentially serious underlying causes, such as chest pain or
headache. Alternatively, a symptom checker might miss
important diagnoses, discourage users from seeking urgent care,
or overwhelm health systems with patients who have nonurgent
problems. The latter issue was observed with the phone triage
system NHS111 [19] and in a study of the use of telehealth
consultations that increased patient contacts rather than just
displacing in-person care [20]. Symptom checkers have seen
extensive use during the COVID-19 pandemic, with evaluation
studies showing good diagnostic accuracy for some systems
but significant underdiagnosis in some nationally deployed
COVID-19 symptom checker apps [21]. However, many patients
with COVID-19 have few or no symptoms, limiting potential
sensitivity in the absence of additional data such as pulse
oximetry.

Despite ample business promotion of symptom checkers, little
rigorous evidence supports their effectiveness, safety, accuracy,
ability to decrease the load on health systems, or usability by
the full range of users or patients [7,22]. Most studies to date
have used clinical vignettes—patient histories with “correct”
diagnoses created by physicians—to evaluate key metrics
[12,13,23,24]. Although such studies have played an important
role in identifying gaps in coverage or weaknesses in diagnostic
algorithms, they do not reproduce the experience of patients
using a symptom checker. In addition, the vignettes may be less
challenging to diagnose than real patient histories collected in
an emergency situation, as illustrated in a recent study that
included vignettes created using actual patient presentations to
an urgent health care hotline [13]. To date, studies that have
been based on direct patient use of symptom checkers have
enrolled few acute patients or had poorly defined study
populations and outcomes [25,26]. As symptom checkers are
designed to be used in a home or community setting without
direct health care support, to address the critical question of
patient safety, it is necessary to enroll patients with serious and
potentially life-threatening diseases. For example, in a study of
routine symptom checker use in a health system in California,
29% of assessments were for patients considered by the clinical
team to be high urgency [18].

Ada Health Symptom Checker
The Ada Health symptom checker’s diagnosis algorithm was
developed with the original goal of assisting clinicians with the
diagnosis of rare diseases. Since the launch of the symptom
checker in 2016, its use has grown rapidly in Germany, the
United Kingdom, and the United States. A total of 11 million
users have carried out 23 million health assessments. It is
available in 11 languages and, in 2020, it was rated as the most
commonly used symptom checker in 150 countries [27]. On
first use of the Ada app, the user is questioned about their age,
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sex, gender, and a limited number of pre-existing diseases. They
are then asked for their chief complaint. A series of questions
then follows in the manner of a “chatbot.” Upon completion of
the question-and-answer phase, the user is given a list of 1 to 5
“condition suggestions” equivalent to a differential diagnosis
and a recommendation for the level of urgency with which to
seek care. The underlying algorithm is a Bayesian network.
Previous studies of Ada have shown good levels of performance
on a wide range of diagnoses using clinical vignettes, including
a large study of 8 symptom checkers using 200 vignettes (led
by a team from Ada Health with support in design and analysis
from outside experts, including HF) [13] and a study by Ceney
et al [10], which was independent from Ada. The choice of Ada
for this study was based on its widespread use in many countries,
preliminary evidence of strong performance, and a willingness
to collaborate with outside, independent research teams, as
shown by the wide range of published evaluation studies
[13,28,29]. The authors also considered other symptom checkers,
including conversations with YourMD Ltd, and have
independently tested the Ada, Isabel, and WebMD symptom
checkers on the diagnosis of chest pain [30].

The study was designed to recruit patients seeking urgent care
in an emergency department (ED).

The research questions for this study were as follows: (1) Could
patients presenting with an urgent clinical problem effectively
record their symptoms and did they find Ada easy to use? (2)
Did patient characteristics affect their successful use of the app?
(3) What was the sensitivity of Ada for the diagnoses of the ED
physicians who saw the patients? (4) Were the diagnoses
suggested by Ada as sensitive to the ED physicians’ diagnoses
as the diagnoses suggested by physicians using the same clinical
data? (5) Were the diagnoses suggested by Ada considered
reasonable by the physicians? (6) Were the triage suggestions
from Ada considered reasonable and safe by the physicians?
(7) Did access to vital sign data improve the diagnostic
performance of the reviewing physicians?

Methods

Overview
The symptom checker was tested with direct use by patients
coming to the Rhode Island Hospital (RIH) ED with a wide
range of presenting complaints. The sample population was
designed to include “patients with acute or serious medical
conditions presenting to an emergency department.” Patients
were eligible if they were English-speaking, aged ≥18 years,
presenting for emergency evaluation of a medical (nontrauma
and non–mental health) problem, and deemed by the triage
nurse to not be critically ill (Emergency Severity Index score
of 2-5). In addition, they had to be able to consent and complete
the symptom checker assessment before physician evaluation.

Participants were approached after initial nurse triage but before
physician assessment by a research assistant (CK) on a
convenience sample of shifts. After obtaining consent from the
participants, they were provided with an iPad with the study
software installed and followed the symptom checker prompts.
Upon completion of the symptom checker questions, they were

then asked to complete a usability survey using REDCap
(Research Electronic Data Capture; Vanderbilt University), a
Health Insurance Portability and Accountability Act–compliant
survey software [31]. The survey questions were of three types:
(1) demographic data, including age, sex, race, ethnicity, and
socioeconomic status; (2) six questions on the participants’ use
of web-based resources and health information–seeking
behavior; and (3) eleven questions from the Technology
Acceptance Model [32]. Participants were compensated with
US $20 for their time. The version of Ada used in the study
used the same diagnostic algorithm as the production system
but returned the results as a PDF file emailed to the study team;
the patients did not see the results.

Symptom checker data were compiled into deidentified files.
Each file included the patient’s answers to the symptom checker
questions, up to five diagnoses from the symptom checker
(termed “condition suggestions” by Ada), and a recommended
triage action for the patient (termed “urgency advice” by the
Ada app). An example is shown in Multimedia Appendix 1. No
symptom checker data were seen by the patient or the physician
caring for them. Subsequently, the discharge diagnoses, vital
signs, physical examinations, and laboratory or other study
results from the ED visit were abstracted from the electronic
health record (EHR). If the ED discharge diagnoses were
unclear, an attending ED physician independent of the patient’s
care adjudicated.

To assess performance, 3 independent, board-certified
emergency physicians reviewed the data summaries generated
by the symptom checker, blinded to the ED diagnoses. REDCap
was used to present the data to allow each physician to complete
the following tasks in sequence: (1) review the patient-reported
symptom checker symptom data and generate their own
differential diagnosis and triage level without access to the Ada
diagnosis or condition suggestion or the patient’s chart, (2)
review the patient’s vital signs and then restate their top 3
diagnoses and triage levels, and (3) review and critique the Ada
diagnoses and triage levels for the case. The results from the 3
ED physicians’ critiques of Ada were combined to create an
assessment of the appropriateness of the diagnoses and triage
levels by majority voting.

The 95% CIs were calculated using the proportions method,
and the diagnostic accuracy results were compared using the
chi-square test. Interrater agreement between the symptom
checker, discharge diagnoses, and independent physician
diagnoses was calculated by comparing their percentage of
agreement on the ED diagnoses (ie, in what percentage of cases
did 2 clinicians match the same ED diagnosis). Clinicians were
then compared with Ada in the same fashion, limiting Ada to
its top 3 diagnoses. The comprehensiveness and relevance
metrics were calculated for Ada and the physicians to account
for multiple diagnoses in each list. Comprehensiveness was
calculated as the percentage of ED diagnoses matched by the
differential diagnoses of Ada or the physicians (similar to
sensitivity). Relevance was calculated as the percentage of the
diagnostician’s (Ada or the physicians) diagnoses that matched
the ED diagnoses (similar to the positive predictive value) [33].
Free-text comments were analyzed thematically by 2 authors
(HSFF and GC), and differences were resolved through
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discussion. For the user survey, descriptive statistics were
calculated for demographic and Likert-scale data using
Microsoft Excel.

Ethics Approval
The study was approved by the Interventional Review Board,
Research Data Protection Office, Lifespan Healthcare,
Providence, Rhode Island (1439681-3). Institutional review
board approval was obtained before initiation of the study.

Results

Overview
Over 5 days in September 2019 to October 2019, a total of 143
patients presented to the ED and were screened, and 84 (58.7%)
were potentially eligible. Of these 84 patients, 50 (60%) were
approached, and 40 (48%) consented. Figure 1 shows the reasons
for exclusion. Of the consenting participants, 65% (26/40) were
women, with a mean age of 39.3 (SD 15.9; range 18-76) years.
Table 1 shows the breakdown by education level and receipt of
public assistance for the study and by race and ethnicity for the
study and for all patients seen in the ED between September
2019 and October 2019. The study population had a higher
proportion of female patients, had a younger mean age, and was
more diverse, with a higher proportion who identified as
Hispanic and more patients from less common racial and ethnic
groups.

Of the 40 patients enrolled, 7 (18%) had incomplete data: 2
(29%) were missing an ED assessment as the patients left against
advice, symptom checker assessment files were not generated
by Ada in 3 (43%) cases, and Ada assessment files had symptom

data and triage information but no diagnosis (with one of these
also missing an ED assessment) in 3 (43%) cases. These
problems were related to the research environment for Ada, not
the symptom checker itself, and were resolved for a subsequent
study in primary care. Therefore, overall, 83% (33/40) of the
cases had both a full Ada assessment and an ED assessment.

Of these 33 complete cases, 22 (67%) had a clear discharge
diagnosis, and the other 11 (33%) had a symptom listed as the
final diagnosis. Of these 11 cases, 6 (55%) had a diagnosis of
“chest pain,” and 2 (18%) had a diagnosis of “back pain.” The
other 3 cases had poorly specified symptoms: 2 (67%) of
“abdominal pain” and 1 (33%) of “dizziness.” Consequently,
diagnostic accuracy was measurable based on the ED assessment
for 30 cases (clear ED diagnosis, myocardial infarction screen,
or back pain). There was a mean of 2.5 diagnoses per case (range
1-6) based on the ED record. The review of diagnoses by the 3
independent physicians included 33 cases with complete data,
and their review of triage accuracy included all 37 cases with
triage data from Ada. The patients were seen in a major ED and
level-1 trauma center. Considering the 33 cases, all 6 (18%)
patients with chest pain were screened for acute myocardial
infarction (AMI). Of the 6 patients, 1 (17%) was admitted with
cardiac ischemia, 1 (3%) had a head injury and
concussion—possible intercranial hemorrhage—and 1 (3%)
had acute appendicitis. The details of the 40 cases, including
presenting complaint, ED diagnoses, disposition, and if there
was missing data, are provided in Multimedia Appendix 2. One
of the reviewing physicians also acted as an expert opinion on
uncertain ED diagnoses >6 months after reviewing the Ada
data. Figure 2 shows the primary evaluation of the diagnoses
from Ada and the physicians with the ED diagnosis.

Figure 1. Patient recruitment and reasons for exclusion. Owing to technical problems, 37 cases were usable for analysis of triage, and 33 cases were
usable for analysis of diagnoses.
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Table 1. Breakdown by self-reported race, education level, and receipt of public assistance (some identified as 2 races). Data from the 16,708 general
emergency department (ED) patients seen between September 2019 and October 2019 are shown for comparison. The category “other” in the ED data
mapped 88% to “Hispanic or Latino” (N=40).

General ED (total patients=16,708), n (%)This study, n (%)Characteristic

Race

37 (0.22)2 (5)American Indian or Alaska Native

238 (1.42)3 (8)Asian

36 (0.22)1 (3)Native Hawaiian or other Pacific Islander

2203 (13.19)5 (13)Black or African American

9906 (59.29)27 (68)White

3886 (23.26)4 (10)Other

51 (0.31)1 (3)Prefer not to answer

4084 (24.44)19 (48)Ethnicity—Identified as Hispanic or Latino

Education level

—a3 (8)Some high school

—8 (20)High school degree or equivalent (eg, GEDb)

—10 (25)Some college

—3 (8)Trade or technical or vocational training

—5 (13)Associate’s degree

—7 (18)Bachelor’s degree

—4 (10)Master’s degree

Receipt of public assistance

—10 (25)Yes

—28 (70)No

—2 (5)Preferred not to say

aEducation level and receipt of public assistance was not recorded in general ED population.
bGED: General Educational Development.

Figure 2. Primary comparison of the diagnoses from Ada and the physicians reviewing the Ada data with the emergency department (ED) physician
diagnosis.
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Metric 1: Comparing Ada Diagnoses With ED
Diagnoses
Diagnostic accuracy was measured by the number of Ada
diagnoses that matched at least one of the ED discharge
diagnoses. For the sensitivity analysis, we considered whether
one of the ED discharge diagnoses was Ada’s top 1 diagnosis,
whether it was in the top 3, or whether it was in the top 5. The
top 1 diagnosis matched in 30% (9/30; 95% CI 14%-46%) of
cases, the top 3 diagnoses matched in 63% (19/30; 95% CI
46%-81%) of cases, and the top 5 diagnoses matched in 70%
(21/30; 95% CI 54%-86%) of cases.

Metric 2: Comparing Independent Physician Diagnoses
With ED Diagnoses
The independent physicians were asked to provide up to 3
diagnoses after reviewing symptom checker data with and
without vital signs but were blinded to Ada’s results. The mean
percentage match between diagnoses for the 3 physicians was
the top 1 match in 47% (14/30; 95% CI 36%-57%) of cases and
the top 3 matches in 69% (20.7/30; 95% CI 59%-78%) of cases.
For physician 1, the top diagnosis matched the ED diagnosis in
40% (12/30; 95% CI 23%-58%) of cases, and the top 3

diagnoses matched in 70% (21/30; 95% CI 54%-86%) of cases.
For physician 2, the top diagnosis matched in 57% (17/30; 95%
CI 39%-74%) of cases, and the top 3 diagnoses matched in 70%
(21/30; 95% CI 54%-86%) of cases. For physician 3, the top
diagnosis matched in 43% (13/30; 95% CI 26%-61%) of cases,
and the top 3 diagnoses matched in 67% (20/30; 95% CI
50%-84%) of cases.

The comparison of the top 1 match for Ada (metric 1) with the
combined top 1 matches for the 3 physicians (metric 2) was not
significant (P=.07). The results of the top 1 matching diagnosis
for physician 2 showed a significantly higher performance than
Ada (P=.02). Matching performance on the top 3 diagnoses was
not significantly different between Ada and any of the physicians
(Figure 3).

Table 2 shows the percentage of agreement among the pairs of
clinicians and clinicians paired with Ada, showing the
percentage of cases in which they matched the same ED
diagnosis on their top 3 diagnoses. Overall, there was higher
agreement between pairs of physicians than between physicians
and Ada, but these differences were not statistically significant.
The mean level of agreement for Ada was 57% if the top 5
diagnoses were included.

Figure 3. Percentage of cases with at least one match to the final emergency department (ED) diagnosis (MD=physician).
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Table 2. Pairwise comparisons of percentage of agreement between physicians and with symptom checker diagnoses to assess interrater agreement
(N=30).

Agreement, n (%)PairPair number

19 (63)Physician 1-physician 21

17 (57)Physician 1-physician 32

13 (43)Physician 1-Ada3

17 (57)Physician 2-physician 34

17 (57)Physician 2-Ada5

15 (50)Physician 3-Ada6

20 (67)Physician 1-EDb diagnoses7

21 (70)Physician 2-ED diagnoses8

22 (73)Physician 3-ED diagnoses9

19 (63)Ada-ED diagnoses10

aAda mean (rows 3, 5, and 6): 15 (50%); physician mean (rows 1, 2, and 4): 18 (60%); overall mean: 53%.
bED: emergency department.

Metric 3: Evaluating Reasonableness of Ada Diagnoses
and Triage Urgency Through Independent Physicians
There were a total of 130 Ada diagnoses; these were reviewed
by the 3 clinicians. On the basis of agreement of at least two
reviewers, the results were 39% (50/130) “very reasonable,”
30% (39/130) “reasonable,” 16.2% (21/130) “neither reasonable
nor unreasonable,” 15% (19/130) “unreasonable,” and <1%

(1/130) “very unreasonable.” The diagnosis considered very
unreasonable was age-related farsightedness in a patient
presenting with chest pain and headache. Other Ada diagnoses
for this case were eye strain, hypertensive emergency, high
blood pressure, and low blood sugar. See Table 3 for other
examples and additional information on the symptoms entered
and associated diagnoses.

Table 3. Diagnoses considered very unreasonable by a physician reviewer and unreasonable by one or more. The italicized diagnosis was rated as
very unreasonable by 2 reviewers (additional symptoms were reported to Ada).

Additional informationChief complaint (EDa)Conditions critiqued in Ada diagnoses

Other Ada diagnoses: low blood sugar and viral stomach bug, con-
sidered reasonable

Dizziness, nausea, and
headache

Heatstroke

Symptoms entered into Ada included eye strain, reduced vision,
laterality (both eyes), and no sudden onset

Chest pain and headacheAge-related farsightedness

Top Ada diagnosis: pancreatitis, considered reasonable or very rea-
sonable

Left upper quadrant abdominal
pain

Hereditary angioedema

Top Ada diagnosis: appendicitis, matched by all 3 physiciansAbdominal painHereditary angioedema, abdominal wall
hematoma, or Meckel diverticulum

aED: emergency department.

When the clinicians assessed Ada’s suggested triages, 62%
(23/37) were rated as fully agree, 24% (9/37) were rated as safe
but too cautious, and 14% (5/37) were rated as unsafe and too
risky. A total of 22% (8/37) were rated as unsafe and too risky
by at least one physician, but only 5% (2/37) were found so by
100% (3/3) of the physicians. Each case report generated by
Ada had an overall urgency level; this was normally based on
the diagnosis with the most urgent level of triage. However,
11% (4/37) cases had a more urgent triage level for diagnoses
ranked at lower probabilities. Including those more urgent triage
levels in the analysis reduces the rate of undertriage supported
by at least two physicians to 5% (2/37) but does not change
overtriage, increasing the fully agree category to 70% (26/37).
The details of the reviews of triage and diagnoses in the unsafe
and too risky category are shown in Multimedia Appendix 3.

Metric 4: Comprehensiveness and Relevance Results
Compared with the ED diagnoses, the mean comprehensiveness
for Ada’s top 3 diagnoses was 41%, and the mean relevance
was 22%. For the top 5 diagnoses, they were 46% and 24%,
respectively. Considering only the top 1 diagnosis, Ada’s
relevance was 33%. The mean comprehensiveness for the
physicians was 46% (range 41%-54%), and the mean relevance
was 27.7% (range 25%-32%). The mean relevance for the
physicians’ top 1 diagnosis was 47.8% (range 40%-60%).

User Survey
All 40 participants successfully completed the user survey (and
were not given access to the Ada results). The results of the
survey are shown in Tables 4 and 5. Overall, they reported a
high level of use of cell phones to send SMS text messages and
enter and view data; however, only 53% (21/40) used a computer
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at work. When seeking medical advice, the most frequent source
was doctors (physicians; 22/40, 55%), with web-based sources
being second at 40% (16/40). A total of 83% (33/40) searched
for medical symptoms on the web at least sometimes, and 28%
(11/40) had previously used a symptom checker. Regarding
overall satisfaction, participants were evenly split among
satisfied, neutral, and unsatisfied. Only 23% (9/40) said that
the use of Ada was “enjoyable”; however, 70% (28/40) were
likely or very likely to recommend it to a friend.

Participants agreed or strongly agreed with the following
statements (based on the Technology Acceptance Model): Using

Ada would enable me to record my medical symptoms and
problems quickly (33/40, 83%), Learning to use Ada would be
easy for me (37/40, 93%), I would find it easy to get Ada to do
what I want it to do (26/40, 65%), The way to use Ada was clear
and understandable (35/40, 88%), I would find Ada flexible to
interact with (35/40, 88%), It would be easy for me to become
skillful at using Ada (34/40, 85%), and I would find Ada easy
to use (36/40, 90%). The mean score for these 7 questions was
84.6%. Free-text comments were prompted by two questions:
“In your own words, what was MOST helpful about Ada?” and
“In your own words, what was the biggest problem in using
Ada?” The results are summarized in Table 6.

Table 4. Results of the user survey on previous use of technology and information seeking behavior model (N=40).

Participants, n (%)Question type, question, and response options

Questions on use of technology and looking for medical information

Question 1: Do you use a cellphone to send SMS text messages?

1 (3)No

4 (10)Sometimes

35 (88)Often

Question 2: Do you use a cellphone to enter or view information?

3 (8)No

7 (18)Sometimes

30 (75)Often

Question 3: Do you use a computer at work?

19 (48)No

3 (8)Sometimes

18 (45)Often

Question 4: Where would you MOST OFTEN look for medical advice?

22 (55)Doctor (physician)

1 (3)Pharmacist

1 (3)Family

0 (0)Friend

16 (40)On the web

0 (0)Other

Question 5: Do you search for medical symptoms on the web?

7 (18)No

19 (48)Sometimes

14 (35)Often

Question 6: Have you used a diagnosis program or symptom checker before?

29 (73)No

10 (25)Sometimes

1 (3)Often
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Table 5. Results of the user survey questions derived from the Technology Acceptance Model (N=39).

Participants, n (%)Question type, question, and response options

Question 7: In general, how satisfied were you with Ada?

0 (0)Very unsatisfied

12 (31)Unsatisfied

14 (36)Neutral

13 (33)Satisfied

0 (0)Very satisfied

13 (33)Top 2

Question 8: How enjoyable did you find using Ada?

0 (0)Very unpleasant

16 (40)Unpleasant

15 (38)Neutral

9 (23)Enjoyable

0 (0)Very enjoyable

9 (23)Top 2

Question 9: Were you expecting it to be different than it was?

31 (78)No

9 (23)Yes

Question 10: If a friend were in need of similar help, how likely would you be to recommend Ada to them?

1 (3)Very unlikely

2 (5)Unlikely

9 (23)Neutral

13 (33)Likely

15 (38)Very likely

28 (70)Top 2

Question 11: Using Ada would enable me to record my medical symptoms and problems quickly.

1 (3)Strongly disagree

1 (3)Disagree

7 (18)Neutral

21 (53)Agree

12 (30)Strongly agree

33 (83)Top 2

Question 12: Learning to use Ada would be easy for me.

0 (0)Strongly disagree

2 (5)Disagree

1 (3)Neutral

24 (60)Agree

13 (33)Strongly agree

37 (93)Top 2

Question 13: I would find it easy to get Ada to do what I want it to do.

0 (0)Strongly disagree

2 (5)Disagree

12 (30)Neutral
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Participants, n (%)Question type, question, and response options

20 (50)Agree

6 (15)Strongly agree

26 (65)Top 2

Question 14: The way to use Ada was clear and understandable.

0 (0)Strongly disagree

2 (5)Disagree

3 (8)Neutral

21 (53)Agree

14 (35)Strongly agree

35 (88)Top 2

Question 15: I would find Ada flexible to interact with.

0 (0)Strongly disagree

0 (0)Disagree

5 (13)Neutral

26 (65)Agree

9 (23)Strongly agree

35 (88)Top 2

Question 16: It would be easy for me to become skillful at using Ada.

0 (0)Strongly disagree

2 (5)Disagree

4 (10)Neutral

22 (55)Agree

12 (30)Strongly agree

34 (85)Top 2

Question 17: I would find Ada easy to use.

0 (0)Strongly disagree

0 (0)Disagree

4 (10)Neutral

24 (60)Agree

12 (30)Strongly agree

36 (90)Top 2
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Table 6. Summary of free-text comments from the survey (N=40).

Participants, n (%)Question and responses

In your own words, what was MOST helpful about Ada?

14 (35)Described the system as easy to use or understand a

16 (40)Referred to good questions or history taking

5 (13)No data or said “no comment” or similar

5 (13)Other comments, including “took mind off pain” and “instant information”

In your own words, what was the biggest problem in using Ada?

24 (60)No comment

7 (18)Difficulties with using it, mostly expressions of inexperience, including “don’t like technology/apps,”
“inexperience,” “crashed,” and “initially confusing but then fairly simple.”

6 (15)Issues with questions and answers, including “not enough choices during questions,” “putting in
multiple symptoms,” and “I have a lot of symptoms and it was hard to keep track of which one that
app was asking more information on.”

2 (5)Other, including “trying to type with migraine” and “wanted the diagnosis.”

aGeneral descriptions of categories italicized.

Discussion

Principal Findings
This study provides preliminary data supporting both the
feasibility and accuracy of a symptom checker app in an ED
setting. To determine whether a symptom checker such as Ada
is likely to be beneficial to patients and health systems, it is
necessary to determine if it is (1) accurate at diagnosing patients
based on their reported symptoms, (2) safe in its triage
recommendations without a high level of overdiagnosis, (3)
usable by a wide range of patients, and (4) able to positively
influence patient decision-making in seeking appropriate care.
This observational study provides insights into each of these
criteria. The decision to test the Ada app, designed for home or
community use, in an ED setting addresses the critical need to
understand the performance of such tools for a full range of
patient presentations. Determining the performance of a
symptom checker in patients who are acutely ill in a community
study would require a very large sample size and make the
assessment of user experience challenging. This study is part
of a 3-step evaluation plan covering different levels of patient
acuity: (1) the ED-based study, (2) a similar study being
completed in urgent primary care at Brown Medicine in Rhode
Island, and (3) planned studies of app usage data in the
community.

The overall performance of Ada on its top 5 diagnoses compared
with the ED diagnoses was not significantly different from that
of the study physicians assessed on their top 3 diagnoses. When
compared based on the top 1 diagnoses, the physicians had
substantially higher scores, with one being significantly more
sensitive than Ada. As the physicians’ diagnoses were based
purely on the data collected by Ada, this suggests that the Ada
algorithm could be improved in the area of ranking of diagnoses.
A similar result was observed in a study of medical students
and Ada diagnosing 3 case vignettes in rheumatology. Ada’s
performance was lower on the top 1 diagnosis but almost the
same on the top 5 [34]. When the Ada diagnoses were critiqued

by the physicians, 15% (19/130) were considered unreasonable,
and <1% (1/130) were considered very unreasonable. The
percentage of agreement between pairs of physicians on the
final diagnoses was higher than their level of agreement with
Ada, but a larger study would be required to determine if this
was significant.

Scores for comprehensiveness and relevance were low in this
study because of the presence of 3 to 5 diagnoses in the
differential list. The relevance of the physicians might increase
if they were not required to record 3 diagnoses for each case.
Overall, the performance of Ada was very similar to the
physicians’ mean scores and matched their comprehensiveness
if the top 5 diagnoses were included, but patients may have
difficulty interpreting 5 options, especially as this means that
the most accurate diagnosis could be one of the last two. Of
note, Ada’s correct diagnoses were nearly all the same as those
of physician 1, suggesting that, where symptom data were
adequate, the performance was good. The availability of vital
sign data had little effect on the physicians’ differential
diagnoses or triage.

At least two independent emergency physicians rated Ada’s
triage recommendations as safe in 86% (32/37) of the patients.
Although none of the remaining 14% (5/37) of patients whose
triage recommendations were scored as too risky experienced
an adverse outcome in the ED, the study was not powered to
detect uncommon or rare serious conditions or provide longer
follow-up. When considering how to improve the safety of
triage recommendations of symptom checkers, weight should
be given not only to the seriousness of the most likely diagnoses
but also to the riskiness of certain clusters of symptoms that
may represent a less common but serious condition. Many of
the patients studied underwent evaluation to rule out serious
conditions such as myocardial infarction. A negative evaluation
does not mean that the evaluation and level of care were
inherently incorrect. For example, in this study, a diagnosis of
AMI by Ada or a physician using the data collected by Ada was
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considered correct if the patient was screened for AMI in the
ED, even if the screen was negative.

We are not aware of a study of patients directly entering data
on their own symptoms to evaluate the accuracy of both
diagnosis and triage in a general ED population. A study in 2
Canadian EDs and 13 primary care practices evaluated a
symptom checker developed by the team that recommended a
triage level out of 4 options [35]. For 281 hospital patients, the
sensitivity for emergencies was 10/10 (100%) and, for urgent
cases, it was 73/81 (90%), but performance for routine and home
care was poorer at 52% and 29%, respectively. The positive
predictive value was 40% for allocation to the hospital, 93%
for primary care, and 32% for home care. They had to exclude
50% of the patients because of lack of access to the visit record
and 22% of the remainder as the patients entered a different
presenting complaint. The triage performance of Ada and other
symptom checkers can be compared with telephone or
nurse-based triage systems. A report showed a median accuracy
of 75% and potential harm from undertriage of 1.3% to 3.2%
[36], although there was wide variation in the reported
performance in that review. Tam et al [37] reviewed a range of
studies of triage in the ED and primary care in 2018, including
designs using case vignettes or retrospective chart reviews. They
reported that “when comparing with all multi-center studies,
both methods revealed a triage accuracy of about 60% and about
23% of cases [it] was under-estimated,” although some
single-site studies had higher accuracies of >70%.

The user survey showed that the patients had a wide range of
ages (up to 76 years, with 12/40, 30% being aged ≥50 years);
a broad range of levels of schooling; and a wide range of racial,
ethnic, and socioeconomic backgrounds (Table 1). Although
they had mixed views on their overall satisfaction with Ada,
this was likely their first use of the app and, for 73% (29/40),
their first use of any symptom checker. They had generally
positive views on the system and would recommend it to others.
This was in the context of patients typically feeling very unwell
and in a stressful ED environment, providing some confidence
that patients can use a well-designed symptom checker even
when sick. Satisfaction scores would presumably be higher if
the patients had been given access to their diagnoses and triage
results, as noted in some patient comments (eg, “wanted the
diagnosis”).

A previous study of Ada that assessed its ease of use in a
primary care setting in the United Kingdom [28] showed that
younger patients were more likely to report that Ada provided
helpful advice, but there was no effect seen from patients’ sex.
A study in California [18] also examined the mix of patients
using Ada in a health system and found that the patient
characteristics of users were similar to those of their general
patient population but with a younger mean age. A study by
Knitza et al [38] on the use of Ada, a custom diagnostic app
(Rheport), and web-based searching for symptoms, showed a
high System Usability Scale score of 77.1 for Rheport and a
somewhat lower score for Ada of 74.4 (P<.001). Ratings for
“very helpful” or “helpful” were higher for Rheport (65.8% vs
44.3%), although similar numbers would recommend each
system to others (79.2% vs 73.3%).

Limitations
Some technical problems occurred with the research
environment for Ada developed for the study (not with the
public-facing production system), which led to missing or
incomplete reports in some cases. These problems were
addressed in the follow-up study.

The greatest challenge encountered in this study design was
defining the “correct diagnosis” based on the clinicians’
assessment and EHR notes from the ED visit. In many cases,
the ED physicians’ role was to exclude serious causes for the
presenting symptoms, with the patient potentially seeking
investigation through their primary care physician or specialist
at a later date. The multiple possible diagnoses recorded in the
ED physicians’ notes also make it difficult to compare metrics
on matching diagnoses with many previous studies of symptom
checkers. In the studies by Semigran et al [12] and Gilbert et al
[13], clinical vignettes had just 1 correct diagnosis, which, as
shown here, is not typical for actual patient assessments in the
ED. The comprehensiveness and relevance metrics consider the
full set of diagnoses in each differential. In the large vignette
study by Gilbert et al [13], comprehensiveness for Ada was
similar to that in this study (48% on the top 3 diagnoses vs 41%
in this study), but relevance was higher (45% on the top 3
diagnoses vs 22% in this study); Ada’s performance improved
in this study when the top 5 diagnoses were included.

In addition, in those cases where a comparison was able to be
made with the ED physicians’ diagnoses, >27% (8/30) were
not correctly diagnosed by either Ada or the study physicians.
This is likely due in part to the lack of data on physical
examinations and investigations available to the ED physician.
Berry et al [39] compared the diagnostic accuracy of (1)
physicians reviewing the symptom data items collected by the
symptom checker (similar to this study) with (2) adding the
clinical data collected by the reviewing physician. They
confirmed that the additional clinical data significantly improved
diagnostic accuracy. The use of the symptom data from Ada
potentially limits the diagnostic accuracy of the physician
reviewers as they cannot ask additional questions. This may
lead to underestimating the physician performance compared
with Ada’s.

We collected data in 2019 before the COVID-19 pandemic and,
therefore, did not include patients with COVID-19. Initial
studies of symptom checkers on clinical case descriptions of
patients with COVID-19 have shown a wide range of
performance for different symptom checkers on different data
sets. The follow-up study is expected to include some patients
with COVID-19.

Comparison With Other Studies
Semigran et al [12] studied 23 symptom checkers using 45
clinical vignettes. The best-performing symptom checkers had
a sensitivity for the correct diagnosis for their top 1 diagnosis
in 35.5% of cases and for the top 3 diagnoses in 51% of cases,
compared with independent physicians, who achieved 72%
top-1 sensitivity and 84.3% top-3 sensitivity [23]. The 3
best-performing systems were closer in performance to the
physicians, with top-1 sensitivity of 43% to 50% and top-3
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sensitivity of 67% to 71%. A recent repeat study used the
vignettes by Semigran et al [12] and versions of symptom
checker apps available in 2020 [40]. Top-1 sensitivity was 10%
higher at 45.5%, and top-10 sensitivity was 71.1% (compared
with 55.8% for the top 20 diagnoses in the study by Semigran
et al [12]). Top-1 sensitivity for Ada was higher than the average
at 53%, with the top-10 sensitivity average at 71%. Another
study that sought to replicate the study by Semigran et al [12]
was published by Hill et al [24] in 2020 with symptom checker
apps available in Australia. In that study, the mean sensitivity
for the correct diagnoses was 36% for the top 1, 52% for the
top 3, and 58% for the top 10. In our study, sensitivity based
on the top 3 diagnoses was 63.3% for Ada versus 70% for
physicians, with a larger difference including only the top 1
diagnoses. However, the results in our study are not completely
comparable given that many cases had more than one ED
diagnosis (potentially increasing apparent performance) and
were based on data entry by patients of their own symptoms
(potentially decreasing performance). A recent study on the use
of Ada for mental health disorders by Henneman et al [29] used
a similar study design and metric to our RIH study, with 49
patients (61% female) using the app before seeing a
psychotherapist. As in our RIH study, they used the metric for
a correct diagnosis as at least one diagnosis from the Ada
differential diagnosis matching with one from the
psychotherapist. They showed a correct match (sensitivity) of
the Ada top 1 diagnosis in 51% (95% CI 37.5%-64.4%) of cases
and with Ada’s top 5 diagnoses in 69% (95% CI 55.4%-80.6%)
of cases, a higher performance than in our RIH study for the
top 1 diagnosis but equivalent for the top 5 diagnoses. The
interrater reliability varied widely depending on the condition.

In a systematic review, Chambers et al [7] included all available
evaluation studies of symptom checkers used for the assessment
of urgent conditions up to April 2018. A total of 27 studies were
included in the final review. They identified the potential risks
associated with symptom checker use as “increasing demand,”
“duplicating healthcare contacts,” and “providing advice that
is not safe or clinically appropriate.” They found “little evidence
to indicate whether or not digital and online symptom checkers
are detrimental to patient safety.” Limitations in the 6 studies
that measured safety included being short-term; having small
samples and, therefore, including insufficient adverse events;
and being limited to specific symptoms or from specific
populations unrepresentative of urgent care users. Among the
priorities for research, they identified qualitative research to
investigate perceptions of symptom checkers and barriers to
their use by people who are less familiar with digital technology.
Our study provides a model for the assessment of safety and
usability based on direct use by patients with serious and
potentially life-threatening conditions, but this sample size does
not allow for a clear assessment of triage accuracy and safety.
In addition, an intervention study would be required to show
whether changes in patients’decisions to seek urgent care based
on the symptom checker output affected the quality and safety
of care. More recent studies by our group have a larger sample
size, and planned studies will address the impact on patient
decision-making.

Previous studies of symptom checkers in urgent or ED settings
have generally been limited by the selection of less urgent
patients—for example, Mediktor [41]—or lack of direct use of
symptom checkers by patients. Berry et al [39] studied WebMD,
iTriage, and FreeMD symptom checkers for the diagnosis of
cough in primary care. The best-performing symptom checker
had a sensitivity for the correct diagnosis of 34.5% (top 1
diagnosis) and 71.6% (top 3 diagnoses). However, the symptom
data came from paper forms patients filled out in the waiting
room, not from direct use of an app; moreover, the study had a
small list of possible diagnoses, and the “correct diagnosis” was
allocated by one primary care physician, limiting the potential
generalization of the findings. A team at the Queen Mary
Hospital in Hong Kong studied the triage accuracy of 2 symptom
checkers based on a random sample of 100 charts from the ED
[42]. Triage accuracy was rated as low at 74% and 50%, with
poorer performance on more urgent cases; diagnostic accuracy
was not tested. A recent study showed that patients reading
simplified case vignettes based on the study by Semigran et al
[12] had better triage performance than symptom checkers on
low-risk conditions but poorer performance in detecting cases
requiring urgent care [43]. This suggests that there may be an
important role for symptom checkers in identifying serious
conditions missed by patients, but that only the best-performing
symptom checkers are likely to be effective.

Developments in symptom checker algorithms in the last 7 years
would have been expected to improve triage performance (in
line with improvements in diagnosis) but, as shown by
Schmieding et al [40], there are still many symptom checkers
that are less safe and more prone to overtriage and possibly
undertriage than patients themselves. In the aforementioned
2020 study by Schmieding et al [40] using the protocol and
vignettes by Semigran et al [12] (with small modifications), the
median triage accuracy was 55.8%, similar to the 2015 study
by Semigran et al [12] (59.1%), but the ratio of over- to
undertriage shifted, with overtriage only slightly higher than
undertriage. This led to the apps missing >40% of the emergency
vignettes overall, a real concern for patient safety. The Ada app
performed better than average with a triage accuracy of 64%,
which is close to the results of our RIH study, and a high
accuracy for triage of emergencies (89%). The study by Hill et
al [24], which also replicated the study by Semigran et al [12],
showed a mean triage accuracy of 49%, with stronger
performance on emergency cases. The study by Chan et al [35]
(reported earlier) showed significantly better triage accuracy
by their locally developed symptom checker than the patients
overall (73% vs 58%; P<.01), and performance on emergency
and urgent cases was stronger than on routine or home care. A
recent study on the use of Ada by 378 “walk-in” patients in
urgent care compared its triage accuracy with the result of a
triage nurse using the Manchester Triage System [44]. The app
was shown to undertriage 8.9% of cases and overtriage 57.1%,
although physician assessment of the undertriaged cases
suggested that 14 cases (3.7%) did not represent a risk of an
adverse event. Overtriage was significantly higher than that in
our RIH study. The results are not fully comparable as all triage
performances in our RIH study were judged by 3 physicians
rather than by a triage nurse.
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Potential Change in Patient Decision-making
There is initial evidence that patients may change the urgency
level of the care they seek based on the results of symptom
checkers and other web-based diagnostic tools. A study of
158,000 patient consultations with the symptom checker Buoy
evaluated the intended urgency level of the care they would
seek before and after viewing the output of the symptom
checker. A total of 32% of patients stated that they would seek
a lower urgency level, and 4% would seek a higher level [26].
A study of Ada in use by patients in a primary care practice in
the United Kingdom evaluated any change in their intended
acuity of care based on the diagnosis and triage results. A total
of 12.8% of the patients stated that they would seek less urgent
care, and 1.2% said that they would seek more urgent care [28].
Therefore, it is likely that a proportion of patients using
symptom checkers will change their care-seeking behavior based
on the results presented. The main limitation of these 2 studies
is that there is no indication of whether the advice received was
accurate or safe. Some evidence of the benefits of web-based
health data was shown in a study of 5000 laypeople who were
asked to review clinical vignettes of different illnesses and then
provide their assessment of the appropriate triage level and top
3 diagnoses [45]. After viewing web-based information about
the case (most commonly search engines and specialist medical
sites), the participants’ diagnostic accuracy improved modestly
from 49.8% to 54% (P<.001). There was no change in triage
accuracy. A similar study by Martin et al [46] compared the
ability of patients with low-acuity symptoms in an ED to match
at least two of the differential diagnoses made by the physician
who subsequently assessed them. A total of 300 patients were
randomized to (1) receive assistance from a standard Google
search, (2) receive assistance from a Google search with
enhanced medical features, or (3) have no access to searching.
There was no significant difference in the percentage matching
2 physician diagnoses (27%, 28.3%, and 23.8%, respectively).
Given the potential for patients to seek less urgent care based

on symptom checker assessment results and the limited evidence
of improved diagnostic accuracy from widely used search
engines, studies of diagnosis and triage accuracy of symptom
checkers are essential. In addition, studies are required on the
effects of symptom checker output on patients’ care-seeking
behavior and the safety and appropriateness of those decisions.

Conclusions
The primary goal of this study was to answer whether a widely
used symptom checker was safe, effective, and usable by
patients who were acutely ill and might have a life-threatening
disease. These data, in the context of existing studies of
symptom checker apps, including Ada, should help provide
validation of diagnosis and triage accuracy with real patient
use. This pilot study provides evidence to support usability and
on overall diagnostic performance while showing the potential
for improving the ranking of diagnoses by Ada. On triage,
performance was similar to that of the clinicians in most cases
but with significant overtriage and some undertriage. A larger
study would be required to provide definitive evidence, and
assess the potential impacts on care-seeking behavior. The
results also demonstrate a fundamental challenge in developing
and evaluating such systems—gaps and variability in the
documentation of differential diagnoses in EHRs. A larger study
is underway of patients requesting urgent primary care
appointments, with patients completing the consent form, the
Ada questions, and the user survey in the home or community
setting. In addition to broadening the range of diagnoses and
patient types, this will allow for a better assessment of
appropriate triage levels. The goal is also to use the research
environment and data to study a range of symptom checkers.
The design of this study should provide a model for larger and
more varied evaluation studies of real-world performance and
use of symptom checkers. Good performance in observational
studies of this sort is a requirement for measuring the likely
clinical impact in intervention studies, including randomized
controlled trials.
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Abstract

Background: Effective and sustainable implementation of physical activity (PA) in type 2 diabetes (T2D) health care has in
general not been successful. Efficacious and contemporary approaches to support PA adherence and adoption are required.

Objective: The primary objective of this study was to investigate the effectiveness of including an app-based (InterWalk)
approach in municipality-based rehabilitation to increase moderate-and-vigorous PA (MVPA) across 52 weeks compared with
standard care among individuals with T2D.

Methods: The study was designed as a parallel-group, randomized trial with 52 weeks’ intervention and subsequent follow-up
for effectiveness (52 weeks from baseline). Participants were recruited between January 2015 and December 2016 and randomly
allocated (2:1) into 12 weeks of (1) standard care + InterWalk app–based interval walking training (IWT; IWT group; n=140),
or (2) standard care + the standard exercise program (StC group; n=74). Following 12 weeks, the IWT group was encouraged to
maintain InterWalk app–based IWT (3 times per week for 30-60 minutes) and the StC group was encouraged to maintain exercise
without structured support. Moreover, half of the IWT group (IWTsupport group, n=54) received additional motivational support
following the 12-week program until 52-week follow-up. The primary outcome was change in objectively measured MVPA time
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(minutes/day) from baseline to 52-week follow-up. Key secondary outcomes included changes in self-rated physical and mental
health–related quality of life (HRQoL), physical fitness, weight, and waist circumference.

Results: Participants had a mean age of 59.6 (SD 10.6) years and 128/214 (59.8%) were men. No changes in MVPA time were
observed from baseline to 52-week follow-up in the StC and IWT groups (least squares means [95% CI] 0.6 [–4.6 to 5.8] and
–0.2 [–3.8 to 3.3], respectively) and no differences were observed between the groups (mean difference [95% CI] –0.8 [–8.1 to
6.4] minutes/day; P=.82). Physical HRQoL increased by a mean of 4.3 (95% CI 1.8 to 6.9) 12-item Short-Form Health Survey
(SF-12) points more in the IWT group compared with the StC group (Benjamini-Hochberg adjusted P=.007) and waist circumference
apparently decreased a mean of –2.3 (95% CI –4.1 to –0.4) cm more in the IWT group compared with the StC group but with a
Benjamini-Hochberg adjusted P=.06. No between-group differences were observed among the remaining key secondary outcomes.

Conclusions: Among individuals with T2D referred to municipality-based lifestyle programs, randomization to InterWalk
app–based IWT did not increase objectively measured MVPA time over 52 weeks compared with standard health care, although
apparent benefits were observed for physical HRQoL.

Trial Registration: ClinicalTrials.gov NCT02341690; https://clinicaltrials.gov/ct2/show/NCT02341690

(JMIR Mhealth Uhealth 2022;10(9):e30602)   doi:10.2196/30602

KEYWORDS

type 2 diabetes mellitus; exercise; telemedicine; primary health care; accelerometry; quality of life; waist circumference; mHealth;
mobile app

Introduction

Physical activity (PA) is a cornerstone in the prevention and
management of type 2 diabetes (T2D) [1] and adults with T2D
are recommended to perform a minimum of 150 minutes of
moderate-and-vigorous PA (MVPA) per week [2]. However,
effective and sustainable implementation of PA programs in
health care has in general not been successful [3-7]. These
barriers may include low self-efficacy, inappropriate
goal-setting, lack of access to facilities, and lack of supervision
and social support [2]. Previous efforts to support increased PA
levels among individuals with T2D have produced promising
results in trial contexts, but the extensive support applied may
involve limited longer-term effectiveness of these efforts [8-12].
Accordingly, sustained increases in PA levels are rarely reported
[10-15]. Exercise supervision may be required to improve
glycemic control among individuals with T2D, whereas advice
alone is insufficient [16]. Altogether, continued support to
sustain PA levels is pivotal. Given the growing global
prevalence and incidence of T2D [17], providing fully
supervised exercise on a life-long basis is unfeasible. Thus,
efficacious and contemporary approaches to support PA
adherence are required.

While MVPA is recommended for individuals with T2D [1,2],
brief high-intensity exercise bouts may also be effective in
increasing physical fitness and improving glycemic control [18].
Accordingly, we have previously shown that 4 months of
technology-supported interval walking training (IWT; 5 sessions
of 60 minutes/week) led to increased physical fitness, decreased
body mass and adiposity, and improved glycemic control among
individuals with T2D, whereas energy expenditure–matched
continuous walking did not [19]. In addition to promoting
increased peak intensities of PA, IWT is a safe and convenient
exercise type that has proven effective in maintaining adherence
and motivation to continue IWT after a trial, especially when
receiving feedback from a training device [20].

The increasing implementation of digital solutions in health
care [1,21], along with the growing smartphone ownership
among the older populations (≥50 years) [22], suggests the use
of smartphones as an easy, accessible opportunity for remote
and flexible PA support. Accordingly, the InterWalk app for
smartphones was developed in Denmark to deliver individually
tailored IWT as a feasible intervention to promote PA among
individuals with T2D [20,23]. Further, we have previously
observed that motivational support consisting of goal setting,
SMS text message support, and phone calls increased adherence
to InterWalk app–based IWT [24].

The primary aim of this study was to test the hypothesis that
InterWalk app–based IWT implemented in a municipality-based
health care setting is superior in increasing MVPA across 52
weeks compared with standard care among individuals with
T2D. Secondarily, we investigated the effects of the intervention
on self-rated physical and mental health–related quality of life
(HRQoL), physical fitness, weight, and waist circumference.
Moreover, we wanted to explore the effects of additional
motivational support for InterWalk app–based IWT on these
outcomes.

Methods

Study Design
The study was a parallel-group, randomized trial with 52 weeks
of intervention and subsequent effectiveness follow-up a year
after baseline. All participants provided oral and written
informed consent prior to commencing any study procedures.
The original protocol has been published [23], while the
prespecified statistical analysis plan is available as Multimedia
Appendix 1. Reporting is in accordance with the CONSORT
statement.

Ethics Approval
The study was approved by the scientific ethical committee of
the Capital Region of Denmark (H-1-2014-074) and registered
at clinicaltrials.gov (NCT02341690).
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Participants and Eligibility
Inclusion criteria were T2D diagnosis, ≥18 years of age, and
referral to a municipality health promotion center or hospital
in the participating municipality by the individual’s general
practitioner. Exclusion criteria were medical contraindications
to exercise, for example, chronic complications in the
musculoskeletal system, painful osteoarthritis, or heart
conditions [25]; declining to participate in an exercise program
at the health promotion center or hospital; current participation
in other intervention studies; or insufficient Danish language
skills. All individuals who met for an appointment at the
participating health promotion centers or hospital were screened
through medical records and at a screening interview with a
health professional at the center or hospital.

The data were collected at the participating health promotion
centers (Amager, Vanløse, Østerbro, Vesterbro in the
Municipality of Copenhagen, Denmark; and Municipality of
Guldborgsund, Denmark) and a hospital (Bornholm, Denmark).

Randomization and Blinding
Participants were randomly allocated (2:1) into 1 of 2 arms: (1)
standard care + InterWalk app–based IWT (IWT group) or (2)
standard care + the standard exercise program (StC group).
Following the initial 12-week supervised exercise program, the
participants in the IWT group were further randomly allocated
(1:1) into (1) IWT, no additional support (IWTonly group) or (2)
IWT, with additional support (IWTsupport group), that is,
participants in the IWTonly group and the IWTsupport group
underwent similar interventions during the 12-week exercise
program, and allocation to either of these was concealed until
after the 12-week intermediate assessment.

Participants were randomized using random permuted blocks
stratified by sex (2 levels) and center (6 levels). The allocation
sequence was generated through a standardized computer
program by an independent statistician (RC) and stored on a
password-protected computer by an independent researcher
(RN) who was not involved in any study procedures. Following
the completion of all baseline measurements, the independent
researcher was contacted and performed allocation (to StC or
IWTonly or IWTsupport). The respective group allocation for the
initial 12 weeks (StC or IWT) was subsequently returned by
email to the health professional who informed the participant
about the allocation by telephone call. Information about IWTonly

or IWTsupport was not disclosed by the independent researcher
to the health professionals until week 12. Following the 12-week
intermediate assessment, the independent researcher was
contacted and the allocation into IWTonly or IWTsupport was
returned by email to the health professional who informed the
participant about the allocation by telephone call. The health
professionals carried through the data collection and
intervention, and thus, were only blinded to the primary
outcome.

Interventions

Development and Implementation
The interventions have been described in detail elsewhere [23].
Briefly, the interventions were designed to comply with the
standard health care in Denmark [26]. Study investigators (LV,
CB, and HL) prepared and led several workshops totally 16
hours), where the health professionals and the investigators
discussed the normal work routines in detail and discussed
suggestions on how to implement the InterWalk app and
co-interventions into the daily routine. Based on these
discussions, the intervention protocol was developed. Following
the finalization of the study protocol, the health professionals
completed an educational program (15 hours in total), where
they were trained in implementation of the study procedures
and manuals. In addition, the health care professionals attended
workshops every second month throughout the trial period to
ensure the procedures and manuals were consistently
implemented as described in the protocol.

Baseline to 12-Week Follow-up
As part of normal practice, lifestyle interventions may be
prescribed to individuals with T2D by their general practitioner
by referral to municipality-based lifestyle programs [26]. This
program entails a combination of exercise, diabetes education
on self-management, smoking cessation courses, and diet
counseling. A patient might receive all or any combination of
these components, depending on the specific need of the patient.
The decision is based on a dialog between the patient and the
health care provider upon initiation of the program.

Both the IWT and StC groups underwent 12 weeks of standard
municipality-based health care [23,26]. They both received an
exercise program during the initial 12 weeks. The StC group
was prescribed a standard municipality-based exercise program
(2 sessions per week for 12 weeks; combined aerobic and
resistance training delivered by trained health professionals).
The IWT group was prescribed InterWalk app–based IWT
(30-60 minutes per session, 3 sessions per week for 12 weeks;
for an extended description, see below) instead of the standard
exercise program. During the 12-week exercise program, IWT
was group based and 2 of the 3 sessions were supervised.

From 12-Week to 52-Week Follow-up
Following the initial 12 weeks, the StC group was encouraged
to maintain exercise without structured support.

The participants allocated to the InterWalk app–based
intervention from baseline to 12-week follow-up were either
allocated to be encouraged to maintain InterWalk app–based
IWT (3 times per week for 30-60 minutes; IWTonly) until
52-week follow-up or was, for explorative purposes, allocated
to additional motivational support following the 12-week
program and until the 52-week follow-up (IWTsupport). Feasibility
and usability have been described elsewhere [24]. The
motivational support included (1) individual motivational
interviews with individual goal setting performed by the health
care professionals, (2) InterWalk-based IWT with voluntary
ambassadors affiliated with the Danish Diabetes Association
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(a Danish not-for-profit patient organization) once per week,
and (3) SMS text message support (once per week).

The motivational interviews were semistructured and performed
during weeks 16, 20, 28, and 40 after the baseline assessment.
They were designed to structure the communication between
the participant and the health professional. The interviews
intended to facilitate a partnership formed to reveal and visualize
the patients’ motivation and barriers toward the intended
behavior change and acknowledgement of patient autonomy
[27]. Moreover, the health care professionals were instructed
to help the participants perform goals toward a lifestyle change
(ie, not only increased PA) using the S.M.A.R.T. principle
derived from the Goal Setting Theory [23]. In the S.M.A.R.T.
principle S denotes specific, M denotes measurable (eg, can we
track it?), A denotes achievable (eg, is it realistic to obtain?),
R is for relevant (eg, does it make sense for the participant?),
and T denotes timely (eg, is it obtainable within a prespecified
period?).

The ambassador program was a part of a peer-to-peer
educational program, where the Danish Diabetes Association
offered group walking for all members. The participants were
invited to attend these walking groups, where the walking
activity was implemented using the InterWalk app.

Finally, facilitation of high adherence to IWT was based on
automated feedback to self-reported adherence to IWT using
weekly bidirectional SMS text message surveys [24]. An
automatic survey was sent during the afternoon on Sundays and
inquired about the frequency of IWT during the past week (1=“I
have walked more than 3 times/week”, 2=“I have walked 3
times/week”, 3=“I have walked 2 times/week”, 4=“I have
walked 1 times/week”, and 5=”I did not walk”). If no answer
was received, a reminder was sent within 24 hours. If no answer
was received following the reminder or the participant answered,
“I did not walk,” the health care professional was instructed to
reach the participant by phone using a semistructured approach.
The semistructured interview guide consisted of 2 overall
questions: (1) Do you experience barriers toward IWT? If yes,
which ones? (2) How can I help you to overcome these barriers?
If the participant indicated walking 1-2 times/week, an
automated SMS text message was sent encouraging the
participant to walk more.

The InterWalk App
The design and functionality of the InterWalk app was
developed in collaboration with persons with T2D using a
participatory design. The full details have been described in
detail elsewhere [20]. Briefly, following the initial testing of
the exercise modality [19], we developed a mock-up of the app
and invited persons with T2D to provide their initial feedback.
Following the development of the beta-version of the app, 3
iterations of user feedback were incorporated into the design
before releasing the version used in this study (versions 8 and
9) [20].

The app was designed to specifically facilitate IWT through
continuous individualized audio feedback. The app guides and
paces the user through repeated cycles of 3-minute slow walking
and 3-minute fast walking [20]. IWT was individualized based

on a 7-minute standardized walking test in the InterWalk app
[20], which the participants performed at baseline and were
asked to repeat every 4 weeks. The intensity was derived from
the onboard accelerometer. The individualized cut-offs were
determined during the 7-minute walking test and implemented
in the IWT sessions. The cut-offs were based on the median
intensity between moderate and fast walking pace (the lower
limit of intensity during fast IWT walking) and low and
moderate walking pace (the upper limit of intensity during slow
IWT walking) during the 7-minute walking tests. If participants
exceeded these cut-offs during IWT (below the lower limit
during fast walking or above the upper limit during slow
walking), they received an audio prompt encouraging them to
increase or decrease the walking pace. Following each IWT
session, the app displayed data from the session performed,
such as information about walking distance, steps, duration,
and the quality of performance. The latter was determined using
the fraction of training time (percentage) which the participant
spent within the intensity cut-offs.

Following an IWT session, the objectively measured adherence
(intensity, duration, and frequency) to IWT sessions was
calculated based on the electronically logged information from
the InterWalk app. Data from the InterWalk app were
continuously uploaded to a central and secure server throughout
the duration of the trial. Self-reported adherence to IWT was
calculated based on data from the SMS text message survey,
including frequency of weekly use of the InterWalk app and
reasons for not using the InterWalk app [24].

Outcomes
Primary and key secondary outcome measurements are described
in further detail in the published protocol [23]. Outcome
measurements were conducted by trained health professionals
at the respective center or hospital.

The primary outcome measure was change in objectively
measured MVPA time (minutes/day) from baseline to 52-week
follow-up. PA outcomes were assessed using accelerometers
(AX3; Axivity) attached to the participants’ thigh and back
using an adhesive tape (Fixomull Stretch; BSN Medical Inc.)
and worn for 7-10 consecutive days at baseline, 12 weeks, and
52 weeks. Accelerometer setup and download of raw data (100
Hz) and downsampling to 30 Hz were performed using OmGui
(version 1.0.0.28) [28]. The data were then exported to
ActiGraph raw binary files (gt3x files) and resampled into counts
(agd files) using ActiLife (version 6.11.6). The final data
reduction and generation of PA outcome variables were done
using a custom-built software developed at the University of
Southern Denmark [29]. MVPA time was defined according to
the Freedson cut point, ≥1952 counts per minute (CPM) [30],
using the vertical axis of the accelerometer placed on the back.
Participants were included in the analyses of objectively
measured PA if they had ≥3 days of ≥22 hours of measurement
(ie, allowing for a 2-hour nonwear time [31]). Accelerometer
wear time and nonwear time are presented in Multimedia
Appendix 2.

Key secondary outcome measures include changes in physical
and mental HRQoL, physical fitness (peak oxygen consumption
[VO2peak]), self-rated PA energy expenditure (PAEE), exercise
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motivation, weight, and waist circumference, which were
assessed at baseline, 12 weeks, and 52 weeks. Physical and
mental HRQoL were assessed using the 12-item Short-Form
Health Survey (SF-12), including 8 subscales [32]. The Physical
Component Summary (PCS; score 0-100) was calculated based
on the 4 subscales: Physical Functioning, Role Physical, Bodily
Pain, and General Health; and the Mental Component Summary
(MCS; score 0-100) was calculated based on the 4 subscales:
Vitality, Social Functioning, Role Emotional, and Mental Health
[32]. VO2peak (ml O2/minute) was estimated by regression based
on the participants’ weight, height, sex, and the acceleration
(G) during the last 30 seconds of fast walking in the 7-minute
standardized walking test in the InterWalk app [33]. Self-rated
PAEE was assessed using the Recent Physical Activity
Questionnaire (RPAQ) [34]. Exercise motivation was assessed
using the Relative Autonomy Index (RAI) for the Behavioral
Regulation in Exercise Questionnaire-2 (BREQ-2) [35]. Weight
(kg) was measured using an electronic weight, and waist
circumference (cm) was measured midway between the most
distal part of the costae and the most proximal part of the iliac
crest.

Exploratory secondary outcomes were changes in objectively
measured light-intensity PA (100 to <1952 CPM) time
(minutes/day), total PA level (CPM), and steps (numbers/day)
[30,36] assessed by accelerometers worn on the participants’
back as described above. Sitting time (minutes/day) was derived
from the accelerometer placed on the thigh as described

elsewhere [31]. BMI (kg/m2) was calculated based on weight
and height. Any adverse events were reported by the participants
to the health professionals at the center or hospital.

Sample Size
The minimal important difference was considered to be 10
minutes of MVPA per day. Based on existing experimental
evidence, we assumed the SD of the change in MVPA time
from baseline to 52-week follow-up to be between 1.2 and 2.3
times the difference between groups [37]; accordingly, SD twice
the minimal important difference (20 minutes of MVPA per
day) was used in the sample size calculations. To maintain a
conservative sample size, considering multiple comparisons in
a 3-arm trial, Bonferroni adjustment was used in the power
calculation. A total of 190 participants were required to achieve
a statistical power (1-β) of 80% with an α level of .017 (0.5/3)
using an unpaired t test (2-sided). Allowing for 30% attrition,
272 participants (91 in the StC group and 181 in the IWT group)
should be recruited. The intervention settings enabled
recruitment until December 15, 2016, and thus the sample size
would include 272 participants or truncated at the number of
participants included at the end of the recruitment
period—whichever was reached first. On December 15, 2016,
214 participants had been included and they constituted the final
analysis population.

Statistical Methods
A statistical analysis plan was developed and published at the
Centre for Physical Activity Research website prior to
commencing the statistical analyses [38]; see Multimedia
Appendix 1. All continuous outcomes were analyzed using

repeated-measures mixed linear models with the baseline value
of the relevant variable as a covariate, including fixed effect
factors for group 1 (2 levels: IWT/StC), group 2 (3 levels:
IWTonly, IWTsupport, and StC), time (3 levels: baseline, 12-week,
52-week), and group 1 × time interaction; and random effects
(patient ID). The analyses were adjusted for the stratifying
factors sex (2 levels: male and female) and center (6 levels:
Amager, Vanløse, Østerbro, Vesterbro, Guldborgsund, and
Bornholm). The following model assumptions were investigated:
(1) linearity, (2) normality of residuals, (3) homogeneity of
residuals variance, and (4) independence of residual error. Data
were analyzed based on the intention-to-treat population (no
imputation for missing data) as observed, including all
randomized participants with available data at baseline; repeated
measures mixed linear models were valid assuming that data
were “missing at random.” Results are reported as least squares
means (LS means) for each group and the difference between
them with 95% CIs. Analyses of categorical outcomes for
dichotomous endpoints were performed using the Fisher exact
test and reported based on the observed proportions.

To investigate the robustness of the primary analyses, 5
sensitivity analyses were conducted, including 4 analyses of
differences in changes in MVPA time from baseline to 52-week
follow-up between the IWT group and the StC group: (1)
per-protocol analysis, including complete cases of the primary
outcome at baseline and 52-week follow-up with ≥70% of the
prescribed exercise (3 sessions per week for 52 weeks)
completed in the IWT group and no registered IWT sessions in
the InterWalk app in the StC group; (2) analysis including all
randomized participants with available data at baseline with a
conservative single-imputation nonresponder imputation
technique (ie, missing data replaced with the baseline
observation carried forward); (3) analysis with the subsample
of participants not undergoing intervention during a period of
InterWalk app malfunctions connected to a major restructuring
of the iOS (version 9; available during the period from
September 16 to October 21, 2016); and (4) analysis with
daytime criteria for inclusion, that is, ≥3 days of ≥14 hours of
daytime measurement (6 AM to 22 PM; ie, allowing for 2 hours
of nonwear time during this period). In the fifth sensitivity
analysis, we used an alternative cut-off at 3000 CPM to
investigate changes in forced walking time from baseline to
52-week follow-up between the IWT group and the StC group.

Subgroup analyses were conducted to investigate the effects of
IWT versus StC on change in MVPA time (minutes/day) after
52 weeks among subgroups of sex (men/women); T2D duration
(≤5 years/>5 years); alcohol consumption (within recommended
levels/above recommendations); smoking habits
(smoker/nonsmoker); highest level of education (International
Standard Classification of Education 2011 [ISCED-2011] levels
0-4/ISCED-2011 levels 5-8); civil status (single, divorced, or
widowed/married or cohabiting); baseline SF-12 PCS level
(high/low); and baseline SF-12 MCS level (high/low). SF-12
PCS and MCS were divided into high and low using median
split. Moreover, differences in median (25th to 75th percentile)
duration of IWT (minutes/week) over 52 weeks were
investigated among these subgroups.
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All reported 95% CIs and P values are 2-sided. Because more
than 1 comparison was made, key secondary outcome analyses
were controlled for the false discovery rate using the
Benjamini–Hochberg step-up procedure [39]. All statistical
analyses were performed using Stata/IC 13 (StataCorp).

Results

Overview
Between January 2015 and December 2016, 762 individuals
were screened for inclusion (Figure 1). Of these, 548 were
excluded primarily due to declining to participate (n=209) or
physical challenges (n=100). Of the 214 participants enrolled
in the study, 74 participants were allocated to the StC group
and 140 participants to the IWT group. A total of 130
participants completed the 52-week follow-up, which was
finalized in December 2017. Participant demographic and
clinical characteristics are presented in Table 1. The mean age
of participants was 59.6 (SD 10.6) years and 128/214 (59.8%)

were men. They had a mean BMI of 34.6 (SD 6.6) kg/m2, a
median (25th-75th percentile) T2D duration of 2.6 (0.2-8.6)
years (Table 1). At baseline, participants spent a median

(25th-75th percentile) of 30.2 (16.9-48.1) minutes/week in
MVPA (Table 1).

The IWT group engaged in IWT with a median (25th-75th
percentile) frequency of 0.3 (0.1-0.7) sessions/week for 11.4
(4.1-22.3) minutes/week at a median intensity of 0.17
(0.11-0.23) G (Multimedia Appendices 3 and 4). For the
subgroup that completed the 7-minute standardized walking
test in the InterWalk app at baseline, this corresponded to an
average intensity across sessions of 65% (SD 49-78) of their
maximal intensity at baseline. According to self-reported IWT
adherence, participants in the IWTsupport group used the
InterWalk app 1-2 times/week or more in most weeks; the
primary reason for not using the InterWalk app was illness
(Multimedia Appendix 4). For the IWTsupport group, 148/188
(78.7%) motivational interviews were completed during
follow-up (Multimedia Appendix 5). However, only 27/47
(57%) participants completed all 4 interviews and the adherence
to the Danish Diabetes Association walking groups was low as
only 5-6/47 (11%-12%) participants participated in this activity.
Only a limited number of participants included IWT as a specific
part of the goals during follow-up (18/47, 38%).
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Figure 1. Participant flowchart.
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Table 1. Demographic and clinical characteristics of participants at baseline (n=214 patients in the intention-to-treat population).a

Total (n=214)IWTc group (n=140)StCb group (n=74)Demographic and clinical characteristics

Sex

128 (59.8)81 (57.9)47 (63.5)Male

86 (40.2)59 (42.1)27 (36.5)Female

59.6 (10.6)59.6 (10.8)59.8 (10.1)Age (years)

2.6 (0.2-8.6)3.0 (0.2-10.0)1.7 (0.2-7.0)Type 2 diabetes duration (n=197)

119 (60.4)74/129 (57.4)45/68 (66.2)≤5 years

78 (39.6)55/129 (42.6)23/68 (33.8)>5 years

Alcohol consumption (n=213)

198 (93.0)129/139 (92.8)69 (93.2)Within the recommended levels

15 (7.0)10/139 (7.2)5 (6.8)Above recommendations

Smoking habits

49 (22.9)29 (20.7)20 (27.0)Smoker

165 (77.1)111 (79.3)54 (73.0)Nonsmoker

Highest level of education (n=209)

114 (54.5)75/135 (55.6)39 (52.7)ISCED-2011d levels 0-4

95 (45.5)60/135 (44.4)35 (47.3)ISCED-2011 levels 5-8

Civil status

100 (46.7)64 (45.7)36 (48.6)Single, divorced, or widowed

114 (53.3)76 (54.3)38 (51.4)Married or cohabiting

172.2 (9.0)172.5 (8.8)171.7 (9.4)Height (cm; n=212)

Physical activity and fitness

30.2 (16.9-48.1)30.2 (16.6-51.8)30.5 (17.3-41.7)MVPAe time (minutes/day; n=200)

537.4 (161.0)527.3 (162.6)556.3 (157.5)Sitting time (minutes/day; n=195)

136.1 (49.9)136.0 (48.7)136.3 (52.5)LPAf time (minutes/day; n=200)

211.5 (140.9-313.8)207.6 (137.8-345.2)212.9 (141.6-291.0)TPAg level (CPMh; n=200)

4100 (2794-5986)4078 (2801-6145)4164 (2766-5738)Steps (n/day; n=200)

1791 (481)1763 (469)1859 (511)VO2peak
i (ml O2/minute; n=124)

Self-reported measures

41.1 (10.2)41.5 (10.1)40.3 (10.4)SF-12j Physical Component Summa-
ry (score 0-100)

50.1 (40.1-56.9)50.9 (41.3-57.1)47.4 (39.6-55.8)SF-12 Mental Component Summary
(score 0-100)

143.8 (92.9-226.4)136.0 (92.9-225.7)150.1 (92.5-226.7)RPAQk self-rated PAEEl

(kJ/kg/day; n=209)

7.4 (3.5-11.3)7.4 (3.5-11.7)7.4 (4.0-10.8)BREQ-2m RAIn (score –24 to 20)

Body composition

99 (87-115)98 (87-113)101 (85-119)Weight (kg; n=212)

116.2 (14.1)115.3 (12.9)117.9 (16.0)Waist circumference (cm; n=211)

34.0 (5.7)33.6 (5.3)34.6 (6.6)BMI (kg/m2; n=212)

aData are presented as median (IQR), mean (SD), n (%), or n/N (%).
bStC: standard care.
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cIWT: interval walking training.
dISCED-2011: International Standard Classification of Education 2011.
eMVPA: moderate-and-vigorous physical activity.
fLPA: light-intensity physical activity.
gTPA: total physical activity.
hCPM: counts per minute.
iVO2peak: peak oxygen consumption.
jSF-12: 12-item Short-Form Health Survey.
kRPAQ: Recent Physical Activity Questionnaire.
lPAEE: physical activity energy expenditure.
mBREQ-2: Behavioral Regulation in Exercise Questionnaire-2.
nRAI: Relative Autonomy Index.

Change in Moderate-and-Vigorous Physical Activity
Time
No change in MVPA time was observed from baseline to
52-week follow-up within the StC and IWT groups (P=.81 and
P=.91, respectively; Figure 2) and no between-group difference
was observed (–0.8 minutes/day; 95% CI –8.1 to 6.4
minutes/day; P=.82; Table 2). From baseline to 12-week

follow-up, MVPA increased by a mean of 3.6 (95% CI 0.2 to
6.9) minutes/day in the IWT group and was unchanged in the
StC group. However, no difference was observed between the
groups (Multimedia Appendix 6).

Only 5 participants in the IWT group fulfilled the per-protocol
criteria and the analysis was thus omitted. The remaining
sensitivity analyses supported the primary analysis (Multimedia
Appendix 7).

Figure 2. Least squares means (95% CI’s) of MVPA time (min/day) at baseline, 12-week and 52-week follow-up for the IWT and StC group. IWT:
interval walking training; MVPA: moderate-and-vigorous physical activity; StC: standard care.
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Table 2. Intention-to-treat analyses of changes from baseline to 52-week follow-up between the IWT group and the StC groupa.

Between-group

difference
IWTc group (n=140)StCb group (n=74)Outcomes

BHd adjusted P
value

P valueDifference between
means (95% CI)

Primary outcome

N/Af.82–0.8 (–8.1 to 6.4)–0.2 (–3.8 to 3.3)0.6 (–4.6 to 5.8)MVPAe time (minutes/day; n=200)

N/ANAhN/A17/75 (22.7)7/41 (17.1)MVPA respondersg (n=116)

Key secondary outcomes

.007.0014.3 (1.8 to 6.9)4.3 (3.1 to 5.6)0.0 (–1.9 to 1.8)SF-12i PCSj (score 0-100)

N/ANAN/A45/83 (54.2)15/45 (33.3)SF-12 PCS respondersg (n=128)

.43.43–1.3 (–4.7 to 2.0)1.3 (–0.4 to 2.9)2.6 (0.2 to 5.0)SF-12 MCSk (score 0-100)

N/ANAN/A31/83 (37.3)18/45 (40.0)SF-12 MCS respondersg (n=128)

.49.4272.4 (–102.0 to 246.8)76.3 (5.4 to 147.3)4.0 (–128.0 to 136.0)VO2peak
l (ml O2/min; n=54)

.46.33–16.2 (–49.2 to 16.7)–8.3 (–24.3 to 7.8)8.0 (–15.9 to 31.8)RPAQm self-rated PAEEn (kJ/kg/day;
n=209)

.35.201.4 (–0.7 to 3.5)2.6 (1.6 to 3.6)1.3 (–0.3 to 2.8)BREQ-2o RAIp (score –24 to 20)

.21.09–1.4 (–3.1 to 0.2)–1.6 (–2.3 to –0.8)–0.1 (–1.3 to 1.1)Weight (kg; n=212)

.06.02–2.3 (–4.1 to –0.4)–3.1 (–4.0 to –2.2)–0.9 (–2.2 to 0.5)Waist circumference (cm; n=212)

Exploratory secondary outcomes

N/ANA–52.5 (–109.6 to 4.6)–13.0 (–41.8 to 15.8)39.5 (–2.4 to 81.4)Sitting time (minutes/day; n=195)

N/ANA13.0 (–0.5 to 26.4)–2.9 (–9.6 to 3.7)–15.9 (–25.6 to –6.2)LPAq time (minutes/day; n=200)

N/ANA16.8 (–23.1 to 56.6)3.9 (–15.6 to 23.4)–12.9 (–41.6 to 15.9)TPAr level (CPMs; n=200)

N/ANA607 (–311 to 1525)168 (–280 to 616)–439 (–1100 to 222)Steps (n/day; n=200)

N/ANA–0.5 (–1.0 to 0.1)–0.5 (–0.8 to –0.3)–0.1 (–0.5 to 0.4)BMI (kg/m2; n=212)

aData for the StC and IWT groups are presented as least squares mean (95% CI) or n (%) or n/N (%).
bStC: standard care.
cIWT: interval walking training.
dBH: Benjamini-Hochberg.
eMVPA: moderate-and-vigorous physical activity.
fN/A: not applicable.
gMVPA responders were defined as change in MVPA time ≥10 minutes/day; SF-12 PCS responders were defined as change in SF-12 PCS >3.29 [40];
SF-12 MCS responders were defined as change in SF-12 MCS >3.77 [40].
hNA: not analyzed.
iSF-12: 12-item Short-Form Health Survey.
jPCS: Physical Component Summary.
kMCS: Mental Component Summary.
lVO2peak: peak oxygen consumption.
mRPAQ: Recent Physical Activity Questionnaire.
nPAEE: physical activity energy expenditure.
oBREQ-2: Behavioral Regulation in Exercise Questionnaire-2.
pRAI: Relative Autonomy Index.
qLPA: light-intensity physical activity.
rTPA: total physical activity.
sCPM: counts per minute.
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Key Secondary Outcomes
From baseline to 12- and 52-week follow-up, SF-12 PCS score
(ie, physical HRQoL) increased by a mean of 4.3 (95% CI 3.1
to 5.6) points and 4.2 (95% CI 3.0 to 5.4) points, respectively,
in the IWT group and remained unchanged in the StC group.
Thus, the SF-12 PCS score increased by a mean of 3.7 (95%
CI 1.2 to 6.1) points and 4.3 (95% CI 1.8 to 6.9) points
(Benjamini–Hochberg adjusted P=.007) more in the IWT group
compared with the StC group at 12- and 52-week follow-up,
respectively (Multimedia Appendix 6 and Table 2). According
to post hoc linear regression analysis, a change in MVPA and
IWT duration was not associated with a change in SF-12 PCS
over 52 weeks (Multimedia Appendix 8).

Waist circumference decreased by a mean of –3.1 (95% CI –4.0
to –2.2) cm from baseline to 52-week follow-up in the IWT
group with no change in the StC group (Table 2). Thus, waist
circumference apparently decreased by a mean of –2.3 (95%
CI –4.1 to –0.4) cm more in the IWT group compared with the
StC group (Benjamini-Hochberg adjusted P=.06; Table 2). From
baseline to 12-week follow-up, waist circumference decreased
by a mean of –2.9 (95% CI –3.7 to –2.0) cm and –3.2 (95% CI
–4.5 to –1.9) cm in the IWT and StC group, respectively. No
differences were observed between the groups (Multimedia
Appendix 6). According to a post hoc linear regression analysis,
every 10 minute/day increase in MVPA was associated with a
mean decrease of 0.6 (95% CI –1.1 to –0.1) cm in waist
circumference (r=–0.21; P=.03), while every 10 minute/week

increase in IWT duration was associated with a mean decrease
of 0.6 (–1.1 to –0.2) cm in waist circumference (r=–0.30;
P=.008; Multimedia Appendix 8).

No differences in the changes in SF-12 MCS (mental HRQoL),
VO2peak, RPAQ self-rated PAEE, BREQ-2 RAI, and weight
from baseline to 12- and 52-week follow-up, respectively, were
observed between the groups (Multimedia Appendix 6 and
Table 2).

Exploratory Secondary Outcomes
Among the exploratory secondary outcomes, no between-group
differences were observed from baseline to 12- and 52-week
follow-up, except for light-intensity physical activity time and
steps that increased from baseline to 12-week follow-up by a
mean of 20.1 (95% CI 7.5 to 32.7) minutes/day and 1124 (95%
CI 255 to 1992) steps/day, respectively, more in the IWT group
compared with the StC group (Multimedia Appendix 6 and
Table 2).

Subgroup Analyses
From baseline to 52-week follow-up, there were no differences
between the IWTonly and IWTsupport groups in the changes in
primary, key secondary, and exploratory secondary outcomes
(Multimedia Appendix 9). Moreover, no subgroup effects of
IWT versus StC on the change in MVPA time were observed
(P>.1 for interaction; Figure 3), nor were there any differences
in mean IWT duration over 52 weeks among the subgroups in
the IWT group (Multimedia Appendix 10).
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Figure 3. Forest plot of overall and subgroup effects of IWT vs. StC on change in MVPA time (min/day) after 52 weeks. Subgroup effects include sex
(men/women), type 2 diabetes duration (≤5 years/>5 years), alcohol consumption (within the recommended levels/above recommendations), smoking
habits (smoker/nonsmoker), highest level of education (ISCED-2011 levels 0-4/ISCED-2011 levels 5-8), civil status (single, divorced or widowed/married
or cohabiting), SF-12 PCS (high/low), and SF-12 MCS (high/low), assessed at baseline. ISCED: International Standard Classification of Education;
IWT: interval walking training; MCS: Mental Component Summary; PCS: Physical Component Summary; SF-12: 12-item Short-Form Health Survey;
StC: standard care; T2D: type 2 diabetes.

Harms
No adverse events or harms were reported to the health
professionals.

Discussion

The main finding of this study was that InterWalk app–based
IWT did not increase objectively measured MVPA time over
52 weeks compared with standard care among individuals with
T2D referred to municipality-based lifestyle programs. While
InterWalk app–based IWT resulted in improvements in physical
HRQoL and nonsignificant reduction in waist circumference
compared with StC, no effects were observed in mental HRQoL,
physical fitness, or weight. A key objective of this study was
to support individuals with T2D in maintaining PA levels after
a 12-week municipality-based exercise program with minimal
direct support from health professionals. In general, IWT
adherence was low across 52 weeks, largely explaining the
lacking effect on MVPA time. During the 12-week exercise
program, IWT adherence was remarkably higher and MVPA
time increased by >10% from baseline (by 3.6 minutes/day from
30.2 minutes at baseline), indicating that InterWalk app–based
IWT potentially contributed to increased MVPA time. The
discrepancy of the IWT adherence observed in this and previous
IWT studies among individuals with T2D indicates that

InterWalk app–based IWT may not—in the present
circumstances—be feasible for maintaining PA level after a
municipality-based exercise program [19,24].

In line with previous studies, adherence to the exercise
intervention decreased over time [12] when supervision was
subtracted [15]. In contrast to our observations, previous reports
observed increases in objectively measured PA (such as MVPA,
steps, and moderate-intensity walking time) following digitally
supported PA interventions [41-44]. This discrepancy may partly
be explained by shorter intervention periods of the previous
studies [41-44]. Indeed, intermediate assessment after only 12
weeks in this study involved increases in MVPA time, although
this effect may be driven by the additional direct supervision
integral to the exercise program. As such, discrepancies may
further be explained by differences in other intervention features,
such as health professional consultations or group sessions in
previous studies, and features of the applied digital solutions,
including web-based solutions or smartphone apps [41-44].
These digital solutions were designed to support PA adoption,
for example, through goal setting and self-management [41-44],
whereas the InterWalk app was designed as a training device
specifically to deliver individually tailored IWT [20]. However,
in contrast to previous findings [41-44], providing motivational
interviews with individual goal setting in addition to the
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InterWalk app did not influence intervention adherence or
outcomes over 52 weeks.

In line with this study, previous studies have observed decreased
waist circumference [10,11,44] and improved self-reported
physical health and quality of life [43,45] after a PA
intervention. We observed that decreased waist circumference
was maintained 40 weeks after the 12-week exercise program
when other intervention features were discontinued, and
participants only had access to the InterWalk app. This
observation is supported by similar results in the eCoFit trial
over just 10 weeks following a smartphone-supported PA
intervention, featuring workout circuits using the outdoor
environment, social support, goal setting, etc. [44]. Post hoc
analyses suggested an inverse dose-response relationship of
both IWT and MVPA with waist circumference. Accordingly,
Ross and colleagues [46] observed that 24 weeks of supervised
high-volume exercise decreased waist circumference among
individuals with obesity. We observed similar decreases in waist
circumference across 52 weeks with access to the InterWalk
app and markedly less direct supervision. These results may be
of clinical relevance as 1-cm decreases in waist circumference
is associated with 4% reductions in visceral fat mass [47]. Thus,
the observed 3-cm decrease in waist circumference is likely
associated with substantial reductions in visceral fat mass, which
potentially lead to considerable improvements in glycemic
control and decreased low-grade inflammation [19,47,48].
Likewise, improved physical HRQoL was maintained 40 weeks
after the exercise program when participants only had access
to the InterWalk app. This is supported by similar results in a
previous study, where physical HRQoL was preserved following
a 12-month intensive lifestyle intervention [45]. Post hoc
analyses suggested that the improved physical HRQoL across
52 weeks in this study was independent of changes in MVPA
and IWT duration, indicating that this effect was driven by other
mechanisms than PA behavior change. This is supported by a
previous study observing no effects of a 1-year behavior change
intervention on objectively measured PA, although higher levels
of self-reported physical functioning compared with standard
care were reported [49]. In this study, possible mechanisms may
be related to the safe and convenient nature of IWT, potentially
affecting participants’ perception of their physical health, or to
the continued access to app-supported PA. However, when
participants in a previous study were provided access to a digital
monitoring and feedback solution, the effects of
self-management support on self-reported physical health were
inhibited [41].

Limitations of this study include the high loss to follow-up
corresponding to 39% at 52 weeks and the low adherence to the
intervention. As indicated by the high adherence levels in
previous IWT studies among individuals with T2D [19,24],
these low adherence levels may result from the pragmatic

approach to the study design. Accordingly, the applied
intervention has previously showed high level of efficacy in
explanatory trials including rather homogenous samples and
increased standardization and control [19,24]. With our study
design, we did not identify a feasible solution for effective
implementation of this efficacious intervention in
municipality-based health care of individuals with T2D. One
limitation of our approach includes the lack of detailed
information on the adherence to and delivery of the
co-interventions during the municipality-based rehabilitation
programs from baseline to 12-week follow-up. Besides, the lack
of objective monitoring of the adherence to the follow-up
intervention and the single features of the InterWalk app
preclude us from drawing strong conclusions of the effectiveness
of the InterWalk app per se. Moreover, according to descriptive
post hoc analyses, baseline demographic and clinical
characteristics among attenders and nonattenders at 52-week
follow-up did not seem to be different (Multimedia Appendix
11), and thus did not appear to explain the high loss to
follow-up. Further, the sample representativeness was limited.
First, individuals of low socioeconomic status are less likely to
be referred to municipality-based lifestyle programs [50].
Second, choosing to participate in an exercise program indicates
a will to change PA behavior, whereas rejecting participation
may not. Third, as Danish language was used during assessment
(eg, questionnaires) and exercise programs, non-Danish speaking
individuals were precluded from participation. Altogether, this
sample may underrepresent the most vulnerable individuals
with T2D. Further, our sample was more physically active at
baseline than the general US population [51] and individuals
with T2D in a previous study [52]. This indicates potential
ceiling effect of MVPA at baseline and thus selection bias by
exclusion of less physically active individuals from this sample.
This stresses the need for development of efficacious,
contemporary approaches to support PA adherence and adoption
with the potential to increase PA levels among the wide
population of individuals with T2D. Finally, we experienced
technical malfunction of the InterWalk app related to a major
restructuring of the iOS, which may have affected data upload
and collection during that period. However, this was not
reflected in the sensitivity analysis excluding participants
undergoing intervention during this period.

In conclusion, among individuals with T2D referred to
municipality-based lifestyle programs, randomization to
InterWalk app–based IWT did not increase objectively measured
MVPA time over 52 weeks compared with standard care,
although an improvement in physical HRQoL was observed.
Moreover, in this municipality-based setting, adherence to the
intervention was low even when additional motivational support
was provided. Further research is needed to identify optimal
implementation of digital support for PA adherence and adoption
among individuals with T2D.
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Abstract

Background: Disparities in HIV outcomes persist among racial, gender, and sexual minorities in the United States. Younger
people face a greater risk of contracting HIV, often living without knowledge of their HIV status for long periods. The Positive
Peers App (PPA) is a multifunctional HIV support tool designed to improve HIV-related clinical outcomes for young people with
HIV. The app was designed according to the specifications of an in-care young adult HIV community in Northeast Ohio. Data
provided in this study provide preliminary evidence of the usefulness of PPA as a relevant tool for engaging this clinical patient
population in care and facilitating viral suppression.

Objective: In this study, we aimed to describe variations in PPA use and examine the associations between use and HIV clinical
outcomes between self-selected user and nonuser cohorts in the same clinical population.

Methods: The PPA was offered free of charge to persons with HIV, aged 13 to 34 years of age, diagnosed with HIV within the
last 12 months, out of care for 6 months during the last 24 months, or not virally suppressed (HIV viral load >200 copies/mL) in
the prior 24 months. Baseline and 6- and 12-month surveys were administered via an audio computer-assisted self-interviewing
system to all participants. The app’s user activity was tracked natively by the app and stored in a secure server. Participant
demographic and HIV care data were extracted from clinical records within 12 months before the start of the study and across
the duration of the study period. HIV care outcomes of PPA users (n=114) were compared with those of nonusers (n=145) at the
end of the study period (n=259).

Results: The analysis showed that younger PPA users (aged 13-24 years) were more likely to obtain HIV laboratories (adjusted
odds ratio 2.85, 95% CI 1.03-7.90) and achieve sustained viral suppression than nonusers (adjusted odds ratio 4.2, 95% CI
1.2-13.9).

Conclusions: The PPA appears to help younger users sustain HIV suppression. The app offers an important tool for addressing
this critical population. The PPA remains in the field and is currently being adopted by other localities to facilitate their efforts
to end the HIV epidemic. Although our reported observational results require additional validation and stringent ongoing
surveillance, the results represent our best efforts in a pilot study to provide a measure of efficacy for the PPA. Next steps include
a large-scale evaluation of the PPA acceptability and effectiveness. Given the building evidence of user reports and outcomes,
the freely available PPA could be a helpful tool for achieving Ending the HIV Epidemic goals.
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Introduction

Background
Although clinical outcomes have improved in adults diagnosed
with HIV [1], significant disparities remain for young people
[2-4]. Most new HIV diagnoses in the United States are among
adolescents and young adults [5]. Although ≥60% of younger
(aged 13-24 years) people living with HIV are virally
suppressed, significantly fewer Black and Latinx demographic
groups are not [4]. Furthermore, among all young people, close
to 80% are transgender or cisgender males, who most often
(69%) reported HIV transmission as occurring via male-to-male
sexual contact [4,5]. Given these trends, young people with HIV
can experience the intersection of multiple disenfranchised
communities, resulting in compounded stigma, social and family
isolation, and socially determined barriers to HIV care [6-8].
The downstream effects of this burden can determine decreased
lifetime health and overall longevity. Importantly, tailored
mobile health interventions have been shown to effectively
reduce HIV disparities for younger people and those who
identify with a gender or sexual minority identity [9-12].

Mobile health apps can harness the dissemination dynamics of
social media either by linking to existing platforms or by
creating networks of people with similar health challenges [13].
As social media networks allow for a more user-centric,
collaborative communication process, they offer greater
opportunities for engagement with both health information and
similar others [13,14]. However, although several studies have
shown that social media platforms can serve as an effective
channel for disseminating information [15,16], fewer studies
link to health outcomes or identify mechanisms for change [17].
Therefore, mobile platforms that offer an effective interface for
receiving tailored HIV-related information, track use, and afford
users an opportunity to engage in their own recovery may have
a meaningful impact on the HIV care cascade.

Prior Work
The Positive Peers App (PPA) was created as a suite of app
functions that can address the range of possible needs a young
person living with HIV might have [18]. Following the
formation of a community advisory board, we developed specific
technical features that promoted user agency to best address
users’needs and provide continuous, vetted, and tailored content
directly to demographically defined user groups. The resulting
PPA is the center of a social media–supported network that
consists of a website, Instagram, TikTok, and Twitter feed that
reaches out to the HIV community with a stream of
evidence-based HIV-relevant content, targeted at adolescent
and young adult user groups. PPA functions range from passive
to highly, including the provision of local resources (eg, housing
and counseling), topical blogs, narrative accounts, medication
reminders, a community forum and private chat. Evidence to
date supports the PPA as being acceptable and received as

intended by users [18,19]. User feedback suggests that the shared
experience found among PPA users is perceived as both
restorative and transitional [19]. PPA use has been linked to
decreased perceived stigma, and users report that the privacy,
opportunities for private instant chat, and simple
self-management tools provide a useful, safe, and supportive
space protected from discrimination and judgment [19].

Generally, we expect that the more a user engages with
personally relevant aspects of the app, the more likely the person
is to learn from the app content and form internet-based
supportive relationships with other users. This prediction rests
on a user-centric model of mobile app use that suggests user’s
needs and characteristics of the technology interact to determine
user engagement [20-22]. We expect greater engagement with
the mobile app to influence the acceptance of promoted HIV
messaging and increase the likelihood of desirable HIV clinical
outcomes [23].

Goal of This Study
Although users report liking the PPA and community [19], it
is important to evaluate whether the app provides a clinical
benefit to users. Our aim for this study was to determine whether
PPA use provides a clinical benefit to young people living with
HIV. We expect that (1) PPA users will be more engaged in
care than a nonparticipating cohort from the same clinic and (2)
PPA users will demonstrate greater viral suppression than those
who do not use the app. In addition, we aim to learn whether
relevant user demographics or personal characteristics are
associated with app use or whether defined user engagement
groups experience greater or lesser benefits.

Methods

Research Design
The parent study for this work was designed to develop, build,
and analyze the feasibility and acceptability of the PPA by the
targeted user group [18]. This study used a prospective
observational single-cohort design, with measures assessed at
baseline and at 6, 12, and 18 months. This study was designed
after the app was introduced in the field to extend our evaluation
of PPA use to HIV clinical outcomes.

App use was logged in real time and tracked directly by the
operating system of the app. Clinical outcome data before and
after PPA use were obtained from the electronic health record.
We recognize that although a randomized controlled trial is
ideal for isolating predicted effects, this pilot demonstration
project was preceded by a lengthy preliminary design stage that
precluded an additional clinical trial evaluation. Consequently,
a cohort comparison design of PPA users and eligibility-matched
nonusers within the same clinical population during the same
time frame provided a reasonable option for evaluating clinical
outcomes retrospectively [24] during the study period (October
2016 to May 2019).
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Ethics Approval
This study was approved by the Institutional Review Board for
Human Research Protections of the MetroHealth System
(IRB:15-00741) on July 20, 2016, and is reviewed annually.

Participants
The study sample was derived from the HIV clinic population
at a public hospital in Cleveland, Ohio, which serves as the
primary source of medical care for the surrounding underserved
neighborhoods in and around Cuyahoga County. Eligibility
requirements for participation included (1) age between 13 and
34 years; (2) receiving HIV care within the health system; and
(3) an HIV diagnosis within the last 12 months, out of care for
6 months during the last 24 months, or lack of viral suppression
(HIV viral load >200 copies/mL) in the previous 24 months.
Essentially, the participants were either newly diagnosed or not
fully engaged in HIV care.

Study Recruitment and Comparison Cohort
Potential participants were first identified via an electronic
health record query and referrals from clinic staff. At the end
of recruitment, the study sample included 114 young people
with HIV who remained enrolled for the duration of the study
period.

A local cohort of young people with HIV not enrolled in the
PPA pilot was identified for comparison with the pilot sample
of PPA users. This comparison cohort (n=259) comprised
patients who met the same eligibility criteria for enrollment in
the parent PPA study and had a visit to the HIV clinic during
the enrollment period but did not enroll to use the app or
participate in the study. A manual chart review confirmed the
eligibility criteria for the entire sample and provided a record
of all clinic visits and laboratory results completed during the
study period. It is unknown whether non-PPA user patients were
invited and declined study participation or were simply not
made aware of the app.

Measurement

Demographic Characteristics
Demographic information was collected from the PPA
participants and comparison cohort. Variables included age,
race, ethnicity, education, employment status, sexual orientation,
and incarceration history, all known social determinants that
influence disparities in HIV outcomes [25-29]. Age was
categorized as 13 to 24, 25 to 29, and 30 to 34 years to facilitate
comparisons among commonly defined age classes in HIV
research [26]. Race and ethnicity were reported using the US
Census Bureau categories. Finally, respondents were asked to
report the number of times they were incarcerated in a jail or
prison. Incarceration history was categorized for analysis as
none, 1 or 2 times, or ≥3 times.

PPA Engagement
PPA engagement among app users was assessed directly from
native app performance data associated with each user and stored
on a secure server. Variables included the number of times the
user logged in and the number of acts the user completed while
logged in. Wide variability was observed across these app

variables. Consequently, we categorized the number of user
acts variable to better compare the user’s app activity. Using
the median value as a cutoff point, 3 ordinal categories of PPA
use were created based on the number of actions a user took
during the first 3 months of having the app on their phone: 0,
none; 1, low or moderate (at or below median use); and 2, high
(above median use).

HIV Outcomes
Consistent with the Health Resources Service Administration
Ryan White program standards, HIV outcomes included
engagement in care and HIV viral suppression [26]. Engagement
in care was coded as yes if that had an office visit or laboratory
tests completed at both 6 and 12 months for prestudy or
poststudy entry. Viral suppression was coded yes if the viral
load was less than 200 copies per ml at both 6 and 12 months
following diagnosis.

Statistical Analysis
Baseline characteristics were examined across and within
samples of PPA participants and the nonparticipating cohort
where Pearson chi-square test was used to formally test for
differences between the app user and nonuser groups. Full data
were present for all characteristics except race, for which ≤3%
of the values were missing.

App user activity, including the number of log-ins, features
used, and number of user acts, was examined for PPA
participants during the 6-month period following enrollment.
Inspection of these data showed that app activity tended to
diminish rapidly after 3 months. Consequently, user engagement
with the app was derived from app activity in the first 3 months.
Medians and IQRs were reported for the number of log-ins and
the number of user acts owing to the noted skewness in
distributions. Formal tests of significance were not performed
because of concerns regarding the sample size.

To test the contribution of app use to outcomes, 3 separate
logistic regression models were developed by regressing each
HIV outcome (ie, office visits, completion of HIV laboratory
tests and HIV viral suppression) on PPA participation (yes or
no), while controlling for baseline characteristics and measures.
Interaction effects were tested in the models to assess the
potential for effect modification relative to PPA participation
and individual characteristics. For each outcome modeled, odds
ratios and corresponding 95% CIs were reported for PPA
participation versus nonparticipation in either the overall or
stratified models (in cases of significant interaction or effect
modification).

In addition, outcomes were evaluated from the medical records
before participation (before using the PPA) and following
participation (after using the PPA) to determine if those
measures had significantly changed for PPA participants. A
McNemar test of agreement was used as a formal test of
differences. We also examined the differences for each outcome
with respect to app engagement using the categorized version
of the number of user acts described earlier. Each outcome was
evaluated separately for pre-PPA use and post-PPA use
outcomes. Fisher exact tests were performed to test for
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differences across the 3 categories of user acts. Statistical
significance was determined with a P value cutoff of .05.

Results

Demographic Differences Between PPA User and
Nonuser Comparison Groups
Demographic characteristics between enrolled PPA users and
the comparison cohort at the same clinic were compared. The

unenrolled group were registered patients at the host clinic who
either chose not to enroll or did not learn about the study. Table
1 provides the baseline characteristics and outcomes of the study
sample groups. The young people with HIV studied across the
PPA user and comparison groups were predominately male
(310/373, 83.1%) and Black (257/373, 70.8%). At the start of
the PPA study period, 69.2% (258/373) of patients had been
out of HIV care. PPA participants, relative to the comparison
group, were more likely to be younger, multiracial or other race,
and newly diagnosed.

Table 1. Baseline characteristics of Positive Peers App (PPA) participants and nonparticipant comparison groups.

P valueaNon-PPA (n=259), n (%)PPA (n=114), n (%)Total (n=373), n (%)Characteristic

<.001Age group (years)

48 (18.5)40 (35.1)88 (23.6)13-24

106 (40.9)52 (45.6)158 (42.4)25-29

105 (40.5)22 (19.3)127 (34.1)30-34

.12Sex at birth

210 (81.1)100 (87.7)310 (83.1)Male

49 (18.9)14 (12.3)63 (16.9)Female

.006Race

179 (71.9)78 (68.4)257 (70.8)African American

61 (24.5)22 (19.3)83 (22.9)White

9 (3.6)14 (12.3)23 (6.3)Multiracial or other

<.001Newly diagnosed

62 (23.9)45 (39.5)107 (28.7)Yes

193 (74.5)59 (51.8)252 (67.6)No, noncongenital

4 (1.5)10 (8.8)14 (3.8)No, congenital

.008Out of care

190 (73.4)68 (59.7)258 (69.2)Yes

69 (26.6)46 (40.4)115 (30.8)No

.91Office visits 6-12 months prior

69 (26.6)31 (27.2)100 (27.2)Yes

190 (73.4)83 (72.8)273 (72.8)No

.88HIV laboratory test 6-12 months prior

55 (21.2)25 (21.9)80 (21.5)Yes

204 (78.8)89 (78.1)293 (78.6)No

.27HIV viral suppression 6-12 months priorb

46 (17.8)15 (13.2)61 (16.4)Yes

213 (82.2)99 (86.8)312 (83.7)No

aP values generated from Pearson χ2 tests.
bHIV viral suppression defined as not detectable: <200 copies/mL.

PPA Use Across Demographic Groups
Table 2 summarizes the types of PPA used across demographic
groups. A total of 81.6% (93/373) of participants logged on to
the PPA during the first 3 months following enrollment. The
median number of log-ins by users was 9 (IQR 4.0-18.0), and

the median number of user acts was 101 (IQR 46-183). Both
median number of log-ins and user acts were lowest for the
oldest 30 to 34 age group (vs other age groups), and the median
number of user acts was higher for White users (vs African
American), single (vs in a relationship), and “nonstraight” (vs
“straight”) users. Although people employed full time logged
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into the app more than the other groups, unemployed participants
showed the highest number of user acts. Similarly, the median
number of log-ins was the highest for females, while the median
number of user acts was the highest for males. Both median
number of log-ins and user acts were highest for Latinx ethnicity

(vs not Latinx), those newly diagnosed with HIV (vs not newly
diagnosed), those carrying private or commercial insurance (vs
other forms of insurance or no insurance), and those without a
prior incarceration history (vs with an incarceration history).
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Table 2. Positive Peers App use by patient characteristics (months 1-3).

Number of user acts (n=93),
median (IQR)

Number of times user logged in (n=93),
median (IQR)

Logged in? (n=114), n (%)Characteristic

NoYes

101.0 (46.0-183.0)9.0 (4.0-18.0)21 (18.4)93 (81.6)Overall

Age group (years)

93.5 (48.0-161.0)11.0 (4.0-18.0)6 (15)34 (85)13-24

115.5 (65.0-183.0)9.0 (5.0-18.0)10 (19.2)42 (80.8)25-29

58.0 (30.0-214.0)6.0 (3.0-21.0)5 (22.7)17 (77.3)30-34

Sex at birth

104.0 (48.0-184.0)8.5 (4.0-18.0)18 (18)82 (82)Male

85.0 (30.0-151.0)11.0 (2.0-19.0)3 (21.4)11 (78.6)Female

Race and ethnicity

94.0 (38.0-171.0)8.0 (3.0-16.0)17 (21.8)61 (78.2)African American

140.0 (63.0-193.0)9.0 (5.0-18.0)3 (13.6)19 (86.4)White

88.0 (65.0-183.0)9.0 (4.0-19.0)1 (7.1)13 (92.9)Multiracial or other

Latinx

145.5 (91.5-237.0)12.5 (9.0-23.5)2 (14.3)12 (85.7)Yes

93.0 (43.0-180.0)8.0 (4.0-16.0)19 (19)81 (81)No

Newly diagnosed

118.5 (65.0-192.0)12.0 (6.0-18.0)7 (15.6)38 (84.4)Yes

97.5 (41.0-193.0)6.5 (3.0-18.0)13 (22)46 (78)No, noncongenital

65.0 (38.0-94.0)9.0 (2.0-12.0)1 (10)9 (90)No, congenital

Sexual preference

70.0 (31.0-150.0)8.0 (2.0-15.0)5 (19.2)21 (80.8)Straight

113.5 (57.0-188.0)9.0 (5.0-18.0)16 (18.2)72 (81.8)Not straight

School completed

102.0 (45.0-184.0)9.0 (4.0-18.0)15 (16.7)75 (83.3)HSa graduate

93.5 (46.0-169.0)8.0 (3.0-18.0)6 (25)18 (75)Not an HS graduate

Employment status

106.0 (70.0-193.0)11.5 (5.0-18.0)2 (7.1)26 (92.9)Full time

88.0 (42.0-182.0)5.0 (4.0-16.0)4 (16)21 (84)Part time

113.0 (45.0-183.0)9.0 (5.0-18.0)12 (24.5)37 (75.5)Unemployed

84.0 (38.0-150.0)4.0 (2.0-12.0)3 (25)9 (75)Otherb

Health insurers

114.5 (48.0-161.0)8.5 (4.0-16.0)1 (9.1)10 (90.9)No insurance

84.5 (36.0-183.5)8.0 (4.0-15.5)19 (24)60 (76)Medicaid or Medicare

171.0 (106.0-248.0)12.0 (8.0-22.0)0 (0)13 (100)Private

94.0 (88.0-137.0)9.0 (5.0-21.0)0 (0)9 (100)Other insurance

Relationship status

104.0 (44.5-199.5)9.0 (4.0-18.5)13 (16.9)64 (83.1)Single and not dating anyone

94.0 (45.0-171.0)8.0 (3.0-16.0)8 (21.6)29 (78.4)In a relationship

Incarceration

104.0 (42.5-214.5)10.5 (4.5-18.0)8 (15.4)44 (84.6)0 times
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Number of user acts (n=93),
median (IQR)

Number of times user logged in (n=93),
median (IQR)

Logged in? (n=114), n (%)Characteristic

NoYes

97.5 (58.0-169.0)8.5 (5.0-14.0)5 (16.1)26 (83.9)1-2 times

89.0 (31.0-310.0)6.0 (3.0-18.0)8 (25.8)23 (74.2)≥3 times

aHS: high school.
bIn school, disability.

HIV Outcomes Between PPA Users and Nonusers
We were interested in determining whether there were
significant differences across HIV outcomes within our cohort
of PPA users. Table 3 presents the results of regressing 6- to
12-month postbaseline office visit attendance on PPA
participation while adjusting for baseline characteristics and
prebaseline medical records. The data suggest that no significant
differences in clinic attendance exist based on the PPA
participation status. In other words, the clinical comparison
group was no different than the group of app users in prestudy
period clinic attendance. After the app use period, there were
no significant differences in PPA participation in HIV clinical

outcomes based on race or new diagnosis or out-of-care status.
However, among demographic variables, an interaction effect
was detected for age. Age-stratified results suggested
significantly improved outcomes for PPA users in the youngest
(13-24 years) age group. Across the youngest age groups, PPA
participants were more likely to obtain their HIV laboratory
tests (adjusted odds ratio 2.85, 95% CI 1.03-7.90) than same-age
nonparticipants. Importantly, younger PPA participants were
also more likely to be virally suppressed (adjusted odds ratio
4.22, 95% CI 1.28-13.89) compared with nonparticipants. No
significant differences in PPA participation in either HIV
laboratory tests or viral suppression were observed among the
older age groups.

Table 3. HIV outcomes between Positive Peers App (PPA) users and non-PPA comparison cohort.

Outcomesa, aORb (95% CI)

HIV viral suppressionHIV laboratory testsOffice visits

All patientsc

——d1.66 (0.99-2.80)PPA

——ReferenceNon-PPA

Age 13-24 yearse

4.22 (1.28-13.89)2.85 (1.03-7.90)—PPA

ReferenceReference—Non-PPA

Age 25-29 years

1.07 (0.46-2.50)1.86 (0.84-4.12)—PPA

ReferenceReference—Non-PPA

Age 30-34 years

0.45 (0.11-1.75)0.54 (0.18-1.64)—PPA

ReferenceReference—Non-PPA

aOutcomes are measured 6-12 months after baseline measure.
baOR: adjusted odds ratio.
cOverall model adjusted for age, sex at birth, race, newly diagnosed, out of care, and 6-12 months prebaseline measures.
dWhen modeling outcomes, all-patient models are not relevant when age acts as an effect modifier, and age-stratified models are not relevant when age
does not act as an effect modifier.
eAge-stratified models adjusted for sex at birth, race, newly diagnosed, out of care, and 6-12 months prebaseline measures.

Effects of PPA Use on HIV Outcomes
Tables 4 and 5 illustrate that engagement in care and HIV viral
suppression significantly improved following participation in
the PPA (27.2% vs 52.6%, 21.9% vs 45.6%, and 13.2% vs
29.8%). Interestingly, before PPA enrollment, eventual high
users of the app were less likely to have had office visits (7/43,
15%), to have a HIV laboratory test drawn (4/43, 9%), or to

have been virally suppressed (2/43, 4%) than eventual nonusers
or low to moderate users. As shown in the prestudy columns,
before downloading the PPA, only 15% (7/43) of high users
had office visits compared with 33.3% (7/114) and 36% (17/43)
for eventual nonusers and low to moderate users, respectively.
However, following PPA participation, these groups converged
(11/21, 52%; 26/47, 55.3; vs 23/46, 50%), suggesting that app
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use facilitated engagement in care and viral suppression for patients most out of compliance.

Table 4. HIV outcomes (Office visits and HIV labs) before and after Positive Peers App (PPA) participation and stratified by app use (N=114).

P valuePost-PPA usePre-PPA useHIV laboratory tests?P valueaPost-PPA usePre-PPA useOffice visits?

<.001<.001Overall, n (%)

52 (45.6)25 (21.9)Yes60 (52.6)31 (27.2)Yes

62 (54.4)89 (78.1)No54 (47.4)83 (72.8)No

Number of user acts, n (%)

None (n=21)

—9 (42.9)3 (14.3)Yes—b11 (52.4)7 (33.3)Yes

—12 (57.1)18 (85.7)No—10 (47.6)14 (66.7)No

Low-moderate (n=47)

—21 (44.7)18 (38.3)Yes—26 (55.3)17 (36.2)Yes

—26 (55.3)29 (61.7)No—21 (44.7)30 (63.8)No

High (n=46)

—22 (47.8)4 (8.7)Yes—23 (50.0)7 (15.2)Yes

—24 (52.2)42 (91.3)No—23 (50.0)39 (84.8)No

—.91.002——.91.05P valuec

aP values compare HIV outcomes before and after PPA participation using the McNemar test of agreement.
bNot applicable.
cP values compare the categories of user activity against Pre-PPA Post-PPA HIV outcomes using the Fisher exact test.

Table 5. HIV Viral suppression before and after Positive Peers App (PPA) participation and stratified by app use (N=114).

P valueaPost-PPA usePre-PPA useViral suppression?

<.001Overall, n (%)

—b34 (29.8)15 (13.2)Yes

—80 (70.2)99 (86.8)No

Number of user acts, n (%)

None (n=21)

—5 (23.8)2 (9.5)Yes

—16 (76.2)19 (90.5)No

Low to moderate (n=47)

—16 (34.0)11 (23.4)Yes

—31 (66.0)36 (76.6)No

High (n=46)

—13 (28.3)2 (4.4)Yes

—13 (71.7)44 (95.6)No

—.72.02—P val-

uec

aP values compare HIV outcomes before and after PPA participation using the McNemar test of agreement.
bNot applicable.
cP values compare the categories of user activity against Pre-PPA Post-PPA HIV outcomes using the Fisher exact test.
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Discussion

Principal Findings
This study aimed to assess the effects of PPA use on HIV
clinical outcomes within a sample of out-of-care or newly
diagnosed young people in one clinic community. Following
at least 6 months of intervention participation, the youngest
patient group (age 13-24 years) was more likely than the
same-age nonuser cohort to see an improvement in completing
laboratory tests and achieving or sustaining viral suppression.
This is a significant finding because younger people are not
only more likely to be unsuppressed and out of care but also
burdened by psychosocial and behavioral risks that define this
group as a high-impact target population for ending the
HIV/AIDS epidemic [30,31].

It is notable that most PPA use occurred within the first 3
months of downloading the app. Although novelty may draw
users to download and try an app, engagement quickly peaks
as a function of continued exposure [32,33]. It may be that the
knowledge gained from app engagement bolsters greater user
health self-management. Specialized health apps such as PPA
may facilitate positive habits such as tracking medication or
marshaling support during difficult times. However, mobile app
designers may also need to address novelty effects on study
retention and design their recruitment and prospective data
collection accordingly.

Demographic Differences in Use
The most frequent PPA users were aged <30 years, newly
diagnosed, and White or Latinx. Females logged into the app
more often, but males engaged in more acts overall while using
the app, possibly suggesting more surfing within the app or less
purposeful use [34]. For example, females may prefer to use
the app primarily to meet relational needs by using private chat
or community forum functions. We caution that these
demographic differences may be unique to a single-site location
and should not be used for generalization to larger groups.
However, these findings provide a reason to further explore
these patterns across sites with a larger sample size. They could
be markers of more complex behavioral patterns associated with
mobile app uses and effects.

Among all PPA users, engagement in care and viral suppression
improved 6 months from baseline, particularly for those in the
highest app use category. Although we supported our prediction
that greater involvement with the app would lead to greater
effects, the mechanism underlying these effects remains
obscured. Mere exposure to information is insufficient for
explaining complex behavioral processes and outcomes [35].
Emerging models of user engagement with interactive digital
media suggest that physical interaction with, and positive
perceptions of, the technology interface predict greater cognitive
involvement with provided content, which in turn motivates a
user’s intent to manage, apply, and share that content [20,23,36].
Using this theoretical framework, we plan to conduct future
research that will allow us to identify distinct use patterns over
time to better understand how the PPA can be enhanced to
support HIV self-management. We believe that freely available
mobile apps such as the PPA could serve as a significant tool

for managing the changing health and support needs as young
people living with HIV adjust to a postdiagnosis life.

Limitations
There are limitations associated with this work. Research
volunteers may have been more motivated to maintain
adherence, regardless of their enrollment in the mobile app. The
app was assertively promoted in the clinic to all potential
volunteers for 2 years. There are many reasons a patient may
choose not to download a health app, including privacy
concerns, data download costs, and past experience with apps.
We had no quantitative data on people’s reasons for participating
or declining participation. However, selection bias is a known
risk in observational studies and may be evident if PPA users
and nonusers were different in notable ways. Data from Table
1 suggest that nonusers skewed older and were more likely to
be returning after a lapse in care rather than as a newly
diagnosed patient. People returning to HIV care are experiencing
a different affective or psychosocial experience than newly
diagnosed younger adults. We need to determine whether these
differences are sufficient to preclude these patients from
considering using the PPA. In addition, it may be that young
adults aged >25 years are more engaged in employment,
established relationships, or other life responsibilities, reducing
free time for app use. Finally, there were significant and
unexpected differences in app use across races. Additional
qualitative or mixed methods studies may reveal the nature of
these differences and allow us to craft messaging and in-app
tools tailored to their needs. Future analysis beyond this single
clinic population will allow us to better determine additional
interaction effects that may be contributing to this pattern.

Finally, a limitation is also found in the small pilot study sample
size, limiting our ability to fully adjust data outcomes to
additional relevant influences. The results are representative of
our local public hospital community only. However, we are
currently in the field collecting a larger and more diverse sample
that will enable greater precision in our estimates. Along these
lines, a randomized controlled trial design will present a more
robust test of app impact. A key concern for future research is
the determination of a potential threshold for app engagement
to facilitate positive outcomes. Nevertheless, the results reported
here confirm the usefulness of the PPA as a supportive tool for
young people living with HIV. PPA engagement may be
occurring at a particularly formative time following a new
diagnosis or return to responsible care. In this way, the PPA is
a feasible and effective patient-centered tool for facilitating
engagement in care at a crucial turning point in HIV treatment.

Implications
This study is predicated on the idea that greater engagement
with a mobile app will facilitate the likelihood of achieving
desirable HIV clinical outcomes. This idea of engagement or
involvement in content is fundamental to modeling
communication processes and effects [37]. Our findings support
this hypothesis. Although the relationship between targeted
digital content engagement and positive outcomes was
supported, how that process occurs remains unseen. The
cognitive or affective processes inherent in digital message
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processing are at the core of this process but not the sole
determinant of a given outcome.

Current explanations of media use and effects are inclusive of
the characteristics and features of various technologies to explain
and ultimately predict outcomes [17,21,23]. Different
technologies afford different experiences to users. Unlike
general social media apps, the PPA affords users opportunities
to tailor their anonymity as their confidence in the community
grows, provides frequent social and medical information vetted
by credible clinicians, and offers a supportive and monitored
community that shares similar life experiences. Although there
is variability across app users in terms of support needs and
adjustment to living with HIV, these user differences can be
intentionally targeted in app messaging and content [38,39].
This model frames our ongoing work and holds implications
for future theorizing of mobile app uses and effects.

This study also has implications for HIV care. Table 1 shows
the nonuser comparison cohort to include significantly more
people returning to care after a lapse in the medical management
of HIV. This returning-to-care population may face different
psychosocial challenges as they resume an adherent lifestyle.
Continued targeting of this group may address a noted literature
gap regarding best practices for re-engagement in care [40-42].

Importantly, the youngest set of PPA users was most likely to
realize positive outcomes 3 months after enrollment. This

population of people with HIV is of greatest concern to ending
the epidemic efforts. Data presented here suggest that the app
had a positive impact on these groups. Counselors and clinics
who care for people living with HIV need socially relevant tools
for younger patients. This is particularly relevant for rural
communities or young people with HIV who desire remote,
around-the-clock community support. Within these communities,
the PPA offers acceptance, tangible support, self-management
tools, and credible HIV-relevant information in one place.

Conclusions
HIV self-management is a significant challenge for young
people that can be alleviated with the use of mobile apps that
bring health information, tools, and supports directly to wherever
they may be. Given that new HIV cases are predominantly
among younger people, this approach is crucial for achieving
an undetectable HIV status for young people living with HIV.
Furthermore, acceptance into a knowing and supportive
community may be a key resource for increasing HIV literacy
and lessening internalized stigma [42]. The PPA is currently
available via Google and iOS app stores, although users are
required to verify their age and diagnosis via an electronic
onboarding system. These data, taken with previously published
results, point to the PPA as a useful tool for helping young
people living with HIV achieve clinical outcomes that will both
preserve their health and contribute to ending the epidemic.
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Abstract

Background: Mental health and sleep problems are prevalent in the workforce, corresponding to costly impairment in productivity
and increased health care use. Digital mindfulness interventions are efficacious in improving sleep and mental health in the
workplace; however, evidence supporting their pragmatic utility, potential for improving productivity, and ability to reduce
employer costs is limited.

Objective: This pragmatic, cluster randomized controlled trial aimed to evaluate the experimental effects of implementing a
commercially available mindfulness app—Calm—in employees of a large, multisite employer in the United States. Outcomes
included mental health (depression, anxiety, and stress), sleep (insomnia and daytime sleepiness), resilience, productivity
impairment (absenteeism, presenteeism, overall work impairment, and non–work activity impairment), and health care use
(medical visit frequency).

Methods: Employees were randomized at the work site to receive either the Calm app intervention or waitlist control. Participants
in the Calm intervention group were instructed to use the Calm app for 10 minutes per day for 8 weeks; individuals with elevated
baseline insomnia symptoms could opt-in to 6 weeks of sleep coaching. All outcomes were assessed every 2 weeks, with the
exception of medical visits (weeks 4 and 8 only). Effects of the Calm intervention on outcomes were evaluated via mixed effects
modeling, controlling for relevant baseline characteristics, with fixed effects of the intervention on outcomes assessed at weeks
2, 4, 6, and 8. Models were analyzed via complete-case and intent-to-treat analyses.

Results: A total of 1029 employees enrolled (n=585 in the Calm intervention group, including 101 who opted-in to sleep
coaching, and n=444 in waitlist control). Of them, 192 (n=88 for the Calm intervention group and n=104 for waitlist) completed
all 5 assessments. In the complete-case analysis at week 8, employees at sites randomized to the Calm intervention group
experienced significant improvements in depression (P=.02), anxiety (P=.01), stress (P<.001), insomnia (P<.001), sleepiness
(P<.001), resilience (P=.02), presenteeism (P=.01), overall work impairment (P=.004), and nonwork impairment (P<.001), and
reduced medical care visit frequency (P<.001) and productivity impairment costs (P=.01), relative to the waitlist control. In the
intent-to-treat analysis at week 8, significant benefits of the intervention were observed for depression (P=.046), anxiety (P=.01),
insomnia (P<.001), sleepiness (P<.001), nonwork impairment (P=.04), and medical visit frequency (P<.001).

Conclusions: The results suggest that the Calm app is an effective workplace intervention for improving mental health, sleep,
resilience, and productivity and for reducing medical visits and costs owing to work impairment. Future studies should identify
optimal implementation strategies that maximize employee uptake and large-scale implementation success across diverse,
geographically dispersed employers.

Trial Registration: ClinicalTrials.gov NCT05120310; https://clinicaltrials.gov/ct2/show/NCT05120310
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Introduction

Mental Health Concerns in the Workplace
Approximately 8% to 15% of the US adult population is affected
by depression and anxiety, respectively [1,2], at least 1 in 4 is
affected negatively by stress, and ≥60% report sleep disturbance
such as trouble falling or staying asleep, insufficient sleep
duration, or restlessness during the night [3]. Poor mental health
(ie, depression, anxiety, or stress) and lack of sleep are linked
to limitations in daily activities and increased health care use
and thus pose a major burden to society [4-13]. Poor mental
health and sleep disturbance are increasingly recognized as top
contributors to reduced productivity and increased economic
burden for employers (ie, via increased medical costs per
employee and financial losses due to reduced work productivity)
[14-16]. In the United States, depressive symptoms alone
account for an estimated US $6 billion total in missed work
costs (absenteeism) and nearly US $85 billion in productivity
losses due to on-the-job impairment (presenteeism) [16,17].
Sleep-related productivity losses are estimated to cost more
than US $1967 per employee each year [16].

Benefits of Mindfulness and Gaps in the Literature
Mindfulness-based workplace interventions (eg, mindfulness
meditation or mindfulness-based stress reduction programs)
have been shown to improve mental health (ie, depression,
anxiety, and stress) and sleep [18-20]. Two recent meta-analyses
examined the effects of mindfulness-based interventions in the
workplace on a number of employee mental health outcomes
and sleep. Mindfulness interventions have demonstrated
significant benefits in anxiety, stress, and sleep [18,20]. One of
the meta-analyses reported marginal improvements in depressive
symptoms as a result of mindfulness interventions but noted
limitations such as the small number of studies available and
data inadequacy [20]. The other reported on another key
construct in emotional coping–resilience–which refers to one’s
ability to bounce back or recover from stress [21,22] and which
can serve as a buffer between stressful life events and the
development of mental health problems including depression,
anxiety, and chronic stress [23]. Meta-analytic results indicated
significant effects of mindfulness interventions on resilience in
the workplace, although the results were interpreted with caution
because only 4 studies contributed to the analysis [22].

Even fewer studies have examined the effects on key work
productivity measures, such as absenteeism (productivity losses
owing to missed time working as a result of mental or physical
health concerns), presenteeism (productivity losses due to
impairment while on the job as a result of mental or physical
health concerns), overall impairment in work productivity
(absenteeism and presenteeism combined), and overall
impairment in nonwork activities [18,22,24]; all of these
constructs are particularly relevant to balancing the costs and
benefits of these programs for employers. Some studies have

found positive effects of mindfulness training on productivity
[25,26], particularly for presenteeism, whereas others have
found no significant impact [27,28]. One potential reason for
these mixed results is the heterogeneity of measurement and
the use of assessment measures that have not been extensively
validated [22]. There is also a dearth of evidence for the ultimate
cost-effectiveness of these programs in terms of health care
expenditures for employers [18,22]. Thus, more work is needed
in this area to understand the economic benefits of
mindfulness-based interventions in the workplace, particularly
with well-validated measures of overall productivity.

In addition, to date, most mindfulness-based interventions in
the workplace have been delivered in-person, which limits
scalability because of the costly need for a trained interventionist
at each session [29], as well as employee-level barriers such as
the need for child care, transportation to a site, and limited
scheduling options [30,31]. Digital mindfulness-based
interventions in the workplace offer employers the ability to
help employees manage their mental health, while mitigating
many barriers associated with in-person interventions. Although
few studies have evaluated mindfulness apps specifically in the
workplace, preliminary evidence supports their effectiveness
both for mental health and productivity outcomes. For example,
1 recent study found that employees randomized to receive a
commercially available mindfulness meditation app in the
workplace had significantly greater improvements in anxiety
and depression versus those in a waitlist control condition, but
no effects on sleep were evaluated [32]. The study also found
positive effects on self-reported job strain but did not assess
employee productivity [32]. Another limitation is that the study
sample was restricted to a relatively healthy population due to
the exclusion of employees with several common physical and
mental health concerns (eg, depression, hypertension, and
cardiovascular disease) [32]. It is unclear how the results would
generalize to the broader population of working individuals
with a range of health concerns. Another recent study examined
the effects of a mindfulness app in the workplace compared
with an app-plus-group intervention or waitlist control; however,
this study did not evaluate mental health or sleep outcomes
aside from post hoc participant perceptions [28]. In addition,
there was only a marginal effect on measured overall
productivity, and the study did not examine presenteeism and
absenteeism separately [28]. To date, no studies have assessed
the effects of a stand-alone mindfulness app concurrently on
mental health outcomes, resilience, workplace productivity, and
health care use, particularly with an inclusive sample that is
more representative of the present-day workforce.

Study Aims
The purpose of this study was to evaluate the experimental
effects of the Calm app, a mobile meditation app, on employee
mental health (depression, anxiety, and stress), sleep, resilience,
work productivity outcomes (absenteeism, presenteeism, overall
work impairment, and overall activity impairment) and health
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care use (operationalized as the number of visits with a medical
provider) in a workplace setting. We also explored the financial
benefit of the Calm app in terms of productivity impairment
cost savings (the amount of money saved per employee owing
to the improvements in overall work productivity observed in
the Calm intervention group vs waitlist control). This is the first
study to evaluate the Calm app in a workplace setting (offered
to employees for free and paid by the employer), specifically
with a focus on employee mental health and productivity.

Methods

Ethics Approval
This study was approved by the institutional review board of
Arizona State University (STUDY00014072) and registered
with ClinicalTrials.gov (trial registration NCT05120310). All
participants provided electronic informed consent before
participating in the study.

Participants and Recruitment
Participants were employees of a large consumer electronics
retailer. Recruitment occurred nationally between August and
December 2021 via email invitations from human resources,
store leaders, and flyers posted in store breakrooms. Email
materials and flyers included a QR code and website link that
directed participants to a web-based eligibility survey (via the
Qualtrics web-based survey platform). All recruitment materials
referred to the intervention as the use of a health and wellness
app. Invitations and flyers for recruitment were sent to 294
(estimated 20,000 employees), 288 (estimated 18,000
employees), and 511 work sites (estimated 36,000 employees)
over the 6-month recruitment period.

Employees were eligible for the study if they were (1) were a
current employee of the company, (2) were at least 18 years of
age, (3) were able to read and understand English, (4) owned a
smartphone, (5) were willing to download the Calm app, and
(6) were meditation-naive and had not practiced meditation for
≥60 minutes per month for the past 6 months. We included only
those that were meditation-naive because the literature suggests
differences in the effects of mindfulness in those that have less
meditation experience than those that have more (eg, recruiting
different brain regions during meditation, which are
differentially related to building attentional control and
emotional regulation, versus maintaining existing networks
[33]). Eligibility surveys took approximately 2 minutes to
complete. At the end of the survey, ineligible employees were
notified of their status, and eligible employees were
automatically directed to a link containing the electronic
informed consent and a video explaining the details of the study
and the consent form. After consenting, participants were
directed to complete the baseline questionnaires.

Depending on site randomization, employees were assigned to
either the intervention group (ie, Calm app [10 minutes per
day]) or the waitlist control group (ie, received access to the
Calm app after 8 weeks). The primary and secondary outcomes
of this study were sleep (ie, insomnia symptoms, daytime
sleepiness, and sleep diaries), productivity (ie, absenteeism,
presenteeism, work impairment, and activity impairment),

resilience, and mental health (ie, depression, anxiety, and stress).
Study outcomes were assessed at baseline (week 0),
midintervention (weeks 2, 4, and 6), and after the intervention
(week 8). A subsample of participants who self-reported elevated
sleep disturbance was also invited to receive 6 weeks of sleep
coaching during their study participation. Coaching participants
completed daily sleep diaries to measure sleep or wake time
and sleep quality (secondary outcomes). The sleep coaching
outcomes are beyond the scope of this manuscript and will be
reported elsewhere.

Randomization and Blinding
Randomization occurred at the work site to avoid treatment
contamination between employees at the same work site. Before
recruitment, all sites in the company (N=1096 sites) were
randomized using stratification by total number of employees
(ie, 33rd and 67th percentiles; small ≤53 employees,
medium=54-73 employees, and large ≥74 employees). Store
locations were randomized using allocation sequences generated
before the start of the study [34]. Allocation sequences were
concealed from the research personnel involved in allocation
until the time of group assignment. Participants were informed
of their group assignment following completion of the baseline
questionnaires.

Intervention and Control Groups

Calm Intervention Group
Participants assigned to the intervention group were instructed
to download the consumer-based mobile meditation app, Calm,
and were asked to use it autonomously for at least 10 minutes
per day during the 8-week intervention period. Meditation in
the Calm app uses mindfulness components [35], breathing
techniques, and body scans, all of which are consistent with
core mindfulness practices, including mindfulness-based stress
reduction (nonjudgmental moment-to-moment awareness [36]),
and vipassana (objective observation of physical sensation in
the body [37]). The frequency, dose, and timing of engagement
with the Calm app, as well as its content and use of features, is
entirely self-selected by the user. The Calm app is offered
internationally in 7 different languages. The Calm app may be
accessed by purchasing the app via a subscription-based service
or offered by an employer as a benefit; some content is freely
available upon download. In addition to using the Calm app,
participants had the option to schedule one synchronous
20-minute web-based coaching session with a Calm app coach
in the first week to orient them to the Calm app. Participants
received weekly SMS text message reminders to use the Calm
app on Sundays at noon during the intervention. For the final
survey, participants were able enter a raffle to win 1 of 5 boxes
of Calm swag (pencils, notepads, book, etc), which were
provided by the Calm app.

A sample of participants with elevated baseline scores on the
Insomnia Severity Index (ISI; see the Measures section;
determined as a score of >10 at baseline assessment) were
invited to attend 5 weekly sessions over 6 weeks with a certified
sleep coach to help them improve their sleep. Sessions were
structured around basic sleep hygiene principles (eg, establishing
a regular pattern of sleep, engaging in sleep hygiene practices,
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sleep restriction (as appropriate for insomnia symptoms),
practicing bedtime mindfulness, and improving the sleep
environment). The intent was to randomize individuals with
elevated ISI scores to either sleep coaching or Calm app only.
However, due to low enrollment, we quickly transitioned to
offering sleep coaching to all participants with an elevated ISI.
Those who opted into sleep coaching were asked to complete
a 2-week sleep diary at the beginning and end of the 6-week
period.

Waitlist Control Group
Participants randomized to the waitlist control group were
instructed via email to continue with their usual routines during
the 8-week assessment period. After week 8, they received
access to the Calm app for an additional 8 weeks. Waitlisted
participants with elevated baseline ISI scores were invited to
participate in sleep coaching after completing their waitlist
period. To ensure consistency in measurement, they also
completed a sleep diary during the waitlist period.

Measures
All participants in both groups were asked to complete electronic
self-report assessments of outcomes every 2 weeks from baseline
until the completion of the 8-week study period. The constructs
measured and the psychometric properties of the assessments
used are described.

Demographics
Demographics and individual characteristics (16 items assessing
personal characteristics, such as race, ethnicity, work, and
medical status) were collected at baseline.

Mental Health
Mental health was measured using the Depression Anxiety
Stress Scale (DASS; DASS-21), a 21-item scale assessing
symptoms of depression, anxiety, and stress over the past week
[38]. The DASS-21 is the short form of the original 42-item
measure by Lovibond and Lovibond [39]. It has demonstrated
construct validity and maintains the tripartite factor structure
of the original DASS-42, effectively distinguishing among the
latent constructs of depression, anxiety, and stress via items
measuring low positive affect, physiological hyperarousal, and
perceived stress [38]. In general population samples, the
DASS-21 has shown adequate internal consistency (Cronbach
α of .88, .82, and .90 for the depression, anxiety, and stress
subscales, respectively) and good convergent and discriminant
validity compared with other measures of depression and anxiety
[38,39].

Sleep
Insomnia symptoms were assessed among all participants via
the ISI, a 7-item self-report questionnaire assessing insomnia
symptoms (eg, difficulty falling and staying asleep) during the
past 2 weeks and the distress and impairment associated with
the symptoms [40]. Items are rated on a 5-point Likert-type
scale; total scale scores are obtained by summing the item
ratings. The ISI has demonstrated good internal consistency
(Cronbach α=.74 in the validation sample), sensitivity to change,
and convergence with both objectively measured sleep
disturbance and clinician ratings [40]. Daytime sleepiness

symptoms were measured using the Epworth Sleepiness Scale,
which includes 8 items assessing recent dozing behavior during
routine daytime activities (sitting and reading, in conversation,
etc) [41]. Items are rated on a 4-point Likert scale from 0 (would
never doze) to 3 (high chance of dozing). The total scores were
obtained by summing the item ratings (range 0-24, with higher
scores indicating greater sleepiness). The Epworth Sleepiness
Scale has shown high internal consistency (Cronbach α=.7 to
.9 in varying populations), demonstrates convergent validity
with objective measures of sleepiness and sleep disturbance (ie,
sleep latency), and differentiates between clinical and
nonclinical sleep populations [41,42].

Resilience
Resilience was measured using the Brief Resilience Scale (BRS),
which measures an individual’s ability to bounce back and
recover from stress [21]. Respondents are asked to rate the extent
to which 6 statements related to resilience apply to them, on a
5-point Likert-type scale (ie, from strongly disagree to strongly
agree). The BRS has been validated in college students as well
as clinical samples (eg, individuals with chronic medical
concerns) with good to excellent internal consistency (Cronbach
α ranging from .80 to .91 for the overall scale) [43].

Work Productivity and Impairment
The Work Productivity and Activity Impairment (WPAI)
Questionnaire–General Health measure (WPAI general health)
is a 6-item scale that measures general physical and mental
health–related impairments in work and nonwork activities as
well as absenteeism and presenteeism [24]. Respondents were
asked about current employment, hours missed due to health
problems and other reasons, hours worked, and the degree to
which health affected productivity during work and in other
nonwork activities in the past 7 days. The 4 outcomes generated
from the scale are percent work time missed due to health
(absenteeism), percent impairment while working due to health
(presenteeism), percent overall work impairment due to health
(productivity impairment), and percent nonwork activity
impairment due to health (nonwork activity impairment).

Medical Care Visits
At weeks 4 and 8, participants were asked to self-report the
number of times they had seen a medical provider in the past 4
weeks.

Productivity Cost Savings
The average amount of money saved per employee (US $) due
to the improvements in overall work productivity observed in
the Calm intervention group versus waitlist control was
computed using the human capital approach (HCA) [44,45],
which is one of the most widely used methods for estimating
the monetary value associated with productivity losses due to
a specific cause (eg, mental and physical health problems) [44].
This approach assumes that 1 hour of differential productivity
(ie, productivity gained via the Calm app) is equivalent in value
to an individual’s wages for that same time. In this case, because
the WPAI assesses work productivity and impairment over the
past 7 days, the HCA produces a weekly estimate of productivity
costs associated with employee impairment. Work impairment
and associated productivity costs for the present analysis were
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derived according to employee wage type—hourly versus
salaried. First, the total monetary value of an individual’s
potential productive hours was computed. For hourly workers,
the weekly wage was calculated as an employee’s hourly wage
multiplied by the number of hours per week they worked, and
for salaried employees, weekly wages were calculated as an
employee’s annual salary divided by 52 weeks in a year (given
that weekly wages among salaried employees do not depend
on the number of hours worked each week). Consistent with
HCA, employees’weekly overall work impairment percentages,
as indicated by the WPAI overall work impairment metric (ie,
percentage of time, relative to the hours worked per week, that
an employee is absent or reporting impaired productivity due
to mental or physical health problems), were multiplied by their
weekly wages to obtain an overall cost of absenteeism and
impaired productivity for each individual. These weekly
productivity cost values associated with work impairment were
then included as the outcome variable in analyses via mixed
effects modeling (see the Data Analyses section).

App Use
App use data were provided by the Calm app. Use over time
was measured as the average number of sessions and minutes
per week of use per employee. Use assessments included
measures of overall app use (any component) and the use of
specific app components (eg, meditation, music, and sleep
stories).

Data Analyses
Power analyses were conducted using G*Power 3.0. Consistent
with prior research that has tested similar interventions and
measured changes in mental health, resilience, and sleep [46-49],
we assumed small to moderate effect sizes for improvements
(conservative estimate of Cohen d=0.12), thus estimating a total
needed sample size of 364. Anticipating approximately 30%
attrition, we aimed to enroll a minimum of 500 participants.

All analyses were performed using SPSS (version 27.0; IBM
Corp). Baseline comparisons were made between the Calm
intervention and waitlist control groups using independent
samples 2-tailed t tests and Pearson chi-square analyses, as
appropriate. As many baseline variables included numerous
categories with potentially small cell sizes for chi-square
analyses, omnibus baseline group comparisons were conducted
with binary indicator variables collapsed across categories
(White race vs non-White, presence vs absence of chronic sleep
condition, etc). Similar comparisons were made for complete
cases (ie, those with data available at all 5 time points from
baseline to week 8) versus incomplete cases.

Inferential analyses were conducted using both complete-case
(CC; analysis with data from participants completing all
assessments) and intent-to-treat (ITT) approaches [50]. ITT
analyses were conducted using the mixed models applied to all
available data [51,52]. Mixed models were used to analyze
group differences in outcomes over time. Mixed models are
advantageous because they are well suited for longitudinal data
with varying levels of missingness across participants. The
models were estimated using maximum likelihood estimation
procedures and assuming an autoregressive correlation structure.

To allow for the evaluation of nonlinear change, time was treated
as a factor, in which time points were individually dummy coded
and compared with baseline. All models included dummy-coded
indicators of gender; race; ethnicity; education; employee wage
type (ie, hourly vs salaried worker); frontline-worker status (ie,
working in retail stores or home services); and the presence of
mental, physical, and sleep diagnoses as covariates. In addition,
to account for potential effects of sleep coaching (ie, for the
Calm intervention group, participants with elevated sleep
disturbance who opted for sleep coaching) and completion of
sleep diaries (ie, for the waitlist participants invited to sleep
coaching after completing the waitlist period), we included 2
dummy-coded indicator variables reflecting enrollment in the
sleep coaching program and participation in the program (ie,
attended at least one coaching session). Of the 101 participants
in the Calm intervention group who indicated interest in
enrolling in the CCS program, 55 (54%) completed at least one
coaching session. Among those who completed at least one
coaching session, the median number of sessions attended was
4 (mean 4.1, SD 1.4). All models allowed for random effects
of the person and the work site.

To estimate the effect size of the predictors, we calculated Cohen
d by dividing the unstandardized regression coefficient by the
SD of the outcome variable [53,54]. On the basis of
recommendations in the study by Cohen [53], absolute d values
near 0.30 and below were considered to reflect small effects, at
or around 0.50 to reflect medium or moderate effects, and values
near 0.80 or above were considered to reflect large effects.

Among participants assigned to the Calm group, descriptive
statistics were generated to illustrate app use over time (ie,
minutes per week using the Calm app and minutes per week
using specific app components).

Results

Baseline Participant Characteristics
Of the 1844 individuals screened for eligibility, 1689 (91.59%)
were determined to be eligible and consented to participate. In
total, 56.9% (585/1029) of participants were at sites randomized
to the Calm intervention group, and 43.14% (444/1029) of
participants were at sites randomized to the waitlist control.
One participant did not provide sufficient data at any time point
(including baseline) to be included in the analyses. Of
participants who were randomized, 17.3% (101/444) in the
Calm intervention group and 19.6% (87/444) in the control
group opted for sleep coaching and sleep diaries. In total, 15%
(88/585) of participants had CC data in the Calm intervention
group (ie, had data available at all 5 time points), and 23.4%
(104/444) of control participants had CC data. Participant flow
through the full study is depicted in Figure 1.

Demographic and clinical characteristics of the participants in
each group are described in Tables 1 and 2, along with group
comparisons. The full sample was relatively evenly split between
men (474/1024, 46.28%) and women (518/1024, 50.58%), and
3.12% (32/1024) of the participants identified with another
gender. Most participants (803/1028, 78.11%) identified their
race as White, and 15.46% (159/1028) identified with Hispanic
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or Latinx ethnicity. The groups did not differ at baseline in terms
of sex, race, ethnicity, college education (yes or no), presence
of a diagnosed sleep condition, or hourly versus salaried wage
type (all P=.11). The waitlist group had a significantly higher
proportion of individuals self-reporting a diagnosed mental

health condition (χ2
1=5.5; P=.02), and this variable was included

as a covariate in the analyses (as planned) to control for this.

There were no significant baseline differences between groups
on measures of depression, stress, insomnia, sleepiness,
resilience, absenteeism, presenteeism, or work productivity
impairment (Table 3). At baseline, waitlist participants had
significantly higher anxiety (P=.04) and nonwork activity
impairment (P=.046), and more frequent medical visits in the
4 weeks before study participation (P=.03). However, our
modeling approach accounted for these baseline group
differences using baseline scores as the reference for each

subsequent time point evaluated. See Multimedia Appendix 1
for the group means across all time points.

With regard to comparisons of cases with complete data (ie,
participants who provided survey data at all 5 study time points)
and incomplete cases (ie, participants who completed surveys
at fewer than 5 time points), complete cases were more likely

to be people of color (χ2
1=6.2; P=.01), more likely to be

non-Hispanic (χ2
1=4.6; P=.03), and less likely to have completed

college education (χ2
1=7.5; P=.01). Hourly workers were less

likely than salaried workers to complete surveys at all 5 time

points (χ2
1=19.3; P<.001); however, among salaried employees,

complete cases and incomplete cases did not differ with regard
to salary (t397=0.13; P=.89), and among hourly workers,
complete and incomplete cases did not significantly differ with
regard to hourly wage (t624=1.26; P=.21).

Figure 1. CONSORT (Consolidated Standards of Reporting Trials) diagram of study participation and analyzed data. *Note that participants may have
been ineligible for more than one reason, all of which are reflected here. During the trial, participants could complete a subsequent assessment even if
they missed a prior one.
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Table 1. Demographic and employment characteristics of the samplea (N=1029).

P valueChi-square (df)Calm, n (%)Waitlist, n (%)Characteristic

.750.1 (1)Gender

272 (46.7)202 (45.7)Man

292 (50.1)226 (51.1)Woman

18 (3.1)14 (3.12)Other

.122.4 (1)Race

.980.001 (1)16 (2.7)12 (2.7)American Indian or Alaskan native

.132.3 (1)33 (5.6)16 (3.6)Asian or Asian American

.370.8 (1)463 (79.4)340 (77.1)White or European American

.600.3 (1)30 (5.1)26 (5.9)Black or African American

.231.4 (1)26 (4.5)27 (6.1)Biracial or multiracial

.0048.4 (1)20 (3.4)33 (7.45)Other

.142.1 (1)Ethnicity

503 (85.9)367 (82.7)Non-Hispanic or Latino

82 (14)77 (17.3)Hispanic or Latino

.530.4 (1)Education level

1 (0.1)1 (0.2)Less than high school

52 (89)53 (11.9)High school diploma

228 (39)168 (37.9)Some college

60 (10.2)70 (15.8)Associates or 2-year degree

175 (29.9)112 (25.2)Bachelor’s degree

<.00118.0 (1)Employee type

262 (44.8)141 (31.8)Salaried (US $ per year)

0 (0)1 (0.7)≤39.999

35 (13.5)30 (21.4)40,000-69,999

89 (34.4)46 (32.9)70,000-99,999

71 (27.4)34 (24.3)100,000-129,999

64 (24.7)29 (20.7)≥130,000

323 (55.2)303 (68.2)Hourly (US $ per hour)

0 (0)0 (0)<13.00

163 (50.5)186 (61.4)13.00-18.99

111 (34.3)87 (28.7)19.00-24.99

35 (10.8)21 (6.9)25.00-30.99

14 (4.3)9 (2.9)≥31.00

.600.2 (1)Employer insurance coverage

425 (72.6)316 (71.2)Yes

160 (27.4)128 (28.8)No

<.00174.3 (4)Work setting

12 (2.1)3 (0.7)Market office

306 (52.3)328 (73.9)Store

184 (31.5)87 (19.6)Corporate

57 (9.7)2 (0.5)Home services

26 (4.4)24 (5.4)Other
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aConsistent with the operational definitions of demographic covariates in models of outcomes over time, chi-square tests reflect group comparisons of
proportions of men and women, White and racial minority, Hispanic and non-Hispanic, completed and not completed college education, salaried and
hourly employment status, and all work setting types.

Table 2. Health characteristics of the samplea (N=1029).

P valueChi-square (df)Calm, n (%)Waitlist, n (%)Characteristic

.107.7 (4)Overall physical health

26 (4.4)11 (2.4)Excellent

129 (22)87 (19.5)Very good

261 (44.6)197 (44.3)Good

147 (25.1)120 (27)Fair

22 (3.7)29 (6.5)Poor

.261.3 (1)320 (0.5)254 (0.6)Chronic health conditions

.025.5 (1)193 (33.9)175 (41.2)Mental health condition

.034.6 (1)147 (25.8)136 (32)Depression

.390.7 (1)35 (6.1)32 (7.5)PTSDb

.0048.3 (1)139 (24.4)139 (32.7)Anxiety disorder

.201.7 (1)171 (30.1)144 (33.9)Physical health condition

.034.6 (1)68 (11.9)71 (16.7)High blood pressure

.211.6 (1)41 (7.2)40 (9.4)High cholesterol

.083.1 (1)18 (3.1)23 (5.4)Diabetes

.291.1 (1)60 (10.5)54 (12.7)Asthma or other lung disease

.590.3 (1)9 (1.5)5 (1.1)Heart disease

.112.6 (1)18 (3.1)22 (5.1)Arthritis or rheumatic disease

.800.1 (1)7 (1.2)6 (1.4)Cancer

.950.004 (1)65 (11.4)48 (11.3)Other chronic condition

.530.4 (1)121 (24.6)96 (26.5)Sleep-related conditions

.271.2 (1)63 (0.1)56 (0.1)Insomnia

.610.3 (1)50 (0.1)33 (0.1)Sleep apnea

.390.7 (1)1 (0)0 (0)Narcolepsy

.350.9 (1)18 (0.1)18 (0.1)Restless leg syndrome

.750.1 (1)2 (0)1 (0.003)Somnambulism

.122.6 (1)8 (0)12 (0.03)Night terrors

.152.0 (1)10 (0.1)3 (0.01)Other sleep condition

aConsistent with operational definitions of health-related covariates in models of outcomes over time, chi-square tests reflect group comparisons of the
proportions of the presence or absence of a chronic health condition and the presence or absence of a sleep-related condition.
bPTSD: posttraumatic stress disorder.
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Table 3. Group differences in outcomes at baseline.

P valuet test (df)CalmWaitlistMeasure

Values, mean (SD)Values, NValues, mean (SD)Values, N

.221.23 (1026)11.45 (5.65)58411.90 (5.87)444ISIa

.61−0.51 (1023)7.26 (4.92)5827.10 (4.61)443ESSb

.111.61 (1024)5.96 (4.93)5836.47 (5.12)443DASS-21c—depression

.042.02 (1025)4.49 (3.66)5844.96 (3.74)443DASS-21—anxiety

.171.39 (1025)7.65 (4.08)5848.01 (4.29)443DASS-21—stress

.76−0.31 (1024)3.31 (0.80)5833.29 (0.88)443BRSd

.620.50 (972)4.48 (14.52)5594.95 (14.35)415WPAIe—absenteeism

.141.49 (951)28.10 (25.69)54730.62 (26.14)406WPAI—presenteeism

.131.51 (948)30.30 (27.93)54633.08 (28.44)404WPAI—overall work impairment

.0462.00 (1010)32.33 (27.16)57435.87 (28.70)438WPAI—activity impairment

.032.20 (1026)0.64 (1.08)5840.79 (1.17)444Medical visits

.41−0.83 (947)354.84 (378.93)545334.81 (347.92)404Costs due to impaired productivity (US $)

aISI: Insomnia Severity Index.
bESS: Epworth Sleepiness Scale.
cDASS-21: Depression Stress Anxiety Scale 21-item.
dBRS: Brief Resilience Scale.
eWPAI: Work Productivity and Activity Impairment questionnaire. Medical visits were self-reported by employees indicating the number of times they
visited a health care provider in the past 4 weeks. Cost due to impaired productivity was calculated based on self-reported pay and WPAI overall work
impairment percentages; this metric is reported in US $.

Calm App Effects on Mental Health, Productivity, and
Related Outcomes

Mental Health
In the CC analyses, participants at sites randomized to the Calm
intervention group had significantly larger reductions in
depression at week 8 than did participants at sites randomized
to the waitlist control group (Figure 2; Table 4). In ITT analyses
(ie, using all available data, inclusive of complete and
incomplete cases [51,52]), participants in the Calm intervention
group had significantly larger reductions in depression than
participants in the waitlist control group at week 6 (Figure S1

in Multimedia Appendix 2). Among complete cases, Calm
intervention group participants had significantly larger
reductions in anxiety than the control group participants at weeks
4, 6, and 8; in ITT analyses, the effects of week 8 effects were
retained. Similarly, complete cases in the Calm intervention
group reported significantly larger reductions in stress at weeks
6 and 8 than did CC participants in the waitlist control group,
whereas in the ITT analyses, employees using the Calm app
had significantly greater reductions in stress at week 6 than
those in the waitlist control group. Across all analyses, the effect
sizes for changes in mental health indicated small to medium
effects.
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Figure 2. Estimated marginal means indicating group differences in changes in mental health outcomes over time among study completers. *P<.05;
**P<.01; ***P<.001. DASS-21: Depression Anxiety Stress Scale-21 item.

Table 4. Estimates of group differences in changes in mental health over timea.

All available (ITTb)Complete casesParameter

Cohen dP valueβ (SE; 95% CI)Cohen dP valueβ (SE; 95% CI)

Depression

−0.34.26−0.34 (0.30; −0.93 to 0.25)−0.18.75−0.18 (0.57; −1.32 to 0.95)Week 2× group

−0.02.94−0.02 (0.33; −0.67 to 0.62)−0.10.74−0.19 (0.57; −1.31 to 0.93)Week 4× group

−0.25.03−0.73 (0.34; −1.41 to −0.06)−0.36.052−1.09 (0.56; −2.18 to 0.01)Week 6× group

−0.17.05−0.66 (0.34; −1.32 to 0.001)−0.32.02−1.27 (0.55; −2.35 to −0.19)Week 8× group

Anxiety

−0.02.95−0.02 (0.23; −0.47 to 0.44)−0.28.46−0.28 (0.38; −1.03 to 0.47)Week 2× group

−0.07.63−0.12 (0.24; −0.60 to 0.36)−0.36.04−0.71 (0.34; −1.39 to −0.03)Week 4× group

−0.14.14−0.40 (0.27; −0.94 to 0.13)−0.37.003−1.10 (0.37; −1.83 to −0.37)Week 6× group

−0.15.02−0.57 (0.24; −1.05 to −0.10)−0.23.01−0.92 (0.36; −1.64 to −0.20)Week 8× group

Stress

−1.41.62−0.14 (0.29; −0.71 to 0.42)−0.36.48−0.36 (0.51; −1.37 to 0.65)Week 2× group

−0.08.79.08 (0.29; −0.49 to 0.65)−0.24.32−0.47 (0.47; −1.39 to 0.46)Week 4× group

0.02.03−0.77 (0.34; −1.45 to −0.09)−0.57.001−1.70 (0.49; −2.66 to −0.74)Week 6× group

−0.20.12−0.51 (0.33; −1.16 to 0.13)−0.45<.001−1.78 (0.50; −2.76 to −0.79)Week 8×group

aDepression, anxiety, and stress were measured using the Depression Anxiety Stress Scale-21. Complete cases were defined as participants who provided
survey data at all 5 time points. All available analyses included all data points from all participants, regardless of the number of survey time points
completed. The baseline (week 0) was the reference group for all times by group interaction terms. For parameter estimates for the complete model,
see Tables S1 and S2 in Multimedia Appendix 3.
bITT: intent to treat.
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Sleep
In the CC analyses, participants using the Calm app had
significantly larger reductions in insomnia symptoms at weeks
4, 6, and 8 than waitlist participants (Figure 3; Table 5). The
results from the ITT analysis were similar, with participants
using the Calm app reporting greater reductions in insomnia

symptoms at weeks 2, 4, 6, and 8 (Figure S2 in Multimedia
Appendix 2). Observed effects for insomnia were large in the
CC analyses and medium in the ITT analyses. For both CC and
ITT analyses, participants using the Calm app also reported
greater reductions in daytime sleepiness than waitlist controls
at weeks 6 and 8, with small to medium effect sizes observed
in CC and small effect sizes observed in ITT analyses.

Figure 3. Estimated marginal means indicating group differences in changes in sleep outcomes over time among study completers. *P<.05; **P<.01;
***P<.001. ESS: Epworth Sleepiness Scale; ISI: Insomnia Severity Index.

Table 5. Estimates of group differences in changes in sleep symptoms over timea.

All available (ITTb)Complete casesParameter

Cohen dP valueβ (SE; 95% CI)Cohen dP valueβ (SE; 95% CI)

Insomnia symptoms

−0.02.049−0.78 (0.40; −1.57 to −0.005)−1.37.07−1.37 (0.74; −2.84 to 0.09)Week 2× group

−0.37<.001−1.51 (0.39; −2.27 to −0.75)−1.33<.001−2.65 (0.66; −3.95 to −1.35)Week 4× group

−0.22<.001−1.99 (0.43; −2.83 to −1.15)−1.06<.001−3.18 (0.67; −4.49 to −1.87)Week 6× group

1.08<.001−1.94 (0.48; −2.89 to −1.00)−0.94<.001−3.74 (0.70; −5.13 to −2.36)Week 8× group

Daytime sleepiness

−0.53.09−0.53 (0.31; −1.15 to 0.08)−0.47.36−0.47 (0.51; −1.49 to 0.54)Week 2× group

−0.29.08−0.57 (0.32; −1.21 to 0.06)−0.35.12−0.70 (0.45; −1.60 to 0.19)Week 4× group

−0.26.02−0.77 (0.34; −1.44 to −0.10)−0.30.047−0.91 (0.46; −1.81 to −0.01)Week 6× group

−0.32<.001−1.25 (0.34; −1.92 to −0.58)−0.43<.001−1.73 (0.47; −2.66 to −0.79)Week 8×group

aInsomnia symptoms were measured using the Insomnia Severity Scale; daytime sleepiness was measured using the Epworth Sleepiness Scale. Complete
cases were defined as participants who provided survey data at all 5 time points; all available analyses included all data points from all participants,
regardless of the number of survey time points completed. The baseline (week 0) was the reference group for all times by group interaction terms. For
the parameter estimates for the complete model, see Tables S3 and S4 in Multimedia Appendix 3.
bITT: intent to treat.

Resilience
In the CC analysis, Calm intervention group participants had
significantly greater (ie, more favorable) resilience scores (BRS)

in weeks 4 and 8 (Table 6; small effect sizes), but there were
no significant differences observed between groups at any time
point in the ITT analysis.
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Table 6. Estimates of group differences in changes in resilience over timea.

All available (ITTb)Complete casesParameter

Cohen dP valueβ (SE; 95% CI)Cohen dP valueβ (SE; 95% CI)

0.01.85.01 (0.05; −0.09 to 0.11)0.07.37.07 (0.08; −0.09 to 0.23)Week 2×group

0.04.24.07 (0.06; −0.05 to 0.18)0.10.02.20 (0.08; 0.04 to 0.37)Week 4×group

0.02.40.05 (0.06; −0.07 to 0.16)0.05.07.15 (0.08; −0.01 to 0.31)Week 6×group

0.02.17.08 (0.06; −0.04 to 0.21)0.05.02.21 (0.09; 0.04 to 0.38)Week 8×group

aResilience was measured using the Brief Resilience Scale. Complete cases were defined as participants who provided survey data at all 5 time points;
all available analyses included all data points from all participants, regardless of the number of survey time points completed. The baseline (week 0)
was the reference group for all times by group interaction terms. For parameter estimates for the complete model, see Tables S5 and S6 in Multimedia
Appendix 3.
bITT: intent to treat.

Work Productivity and Impairment
For absenteeism, no significant differences were observed
between the groups at any time point in either the CC analysis
or the ITT analysis (Figure 4; Table 7). For presenteeism, Calm
intervention group participants were observed to have
significantly lower impairment during work time than control
participants at weeks 4, 6, and 8 for the CC analysis (Figure 4)
but not for ITT. Small to medium effect sizes were observed
for weeks 4, 6, and 8 in the CC analysis. In terms of overall

work productivity impairment, participants assigned to the Calm
intervention group had significantly lower impairment (ie, were
more productive) at weeks 4, 6, and 8 in the CC analysis (Figure
5; medium effect sizes); the effects were not significant in ITT
(small effect; Figure S3 in Multimedia Appendix 2). A
significant benefit of the Calm app was observed on nonwork
activity impairment at weeks 4, 6, and 8 in the CC analysis
(Figure 5; medium effect sizes) and week 8 in the ITT analysis
(small effect; Figure S4 in Multimedia Appendix 2).

Figure 4. Estimated marginal means indicating group differences in absenteeism and presenteeism over time among study completers. *P<.05; **P<.01;
***P<.001. WPAI: work productivity and activity impairment.
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Table 7. Estimates of group differences in changes in work productivity and activity impairment over timea.

All available (ITTb)Complete caseParameter

Cohen dP valueβ (SE; 95% CI)Cohen dP valueβ (SE; 95% CI)

Absenteeism

−0.01.91−0.19 (1.71; −3.56 to 3.18)−0.08.67−0.99 (2.37; −5.66 to 3.67)Week 2× group

−0.01.95−0.10 (1.48; −3.01 to 2.80)−0.19.25−2.35 (2.04; −6.37 to 1.67)Week 4× group

−0.07.67−1.01 (2.41; −5.76 to 3.74)−0.21.42−2.69 (3.36; −9.34 to 3.95)Week 6× group

−0.01.93−0.16 (1.75; −3.61 to 3.29)−0.19.34−2.40 (2.50; −7.34 to 2.53)Week 8× group

Presenteeism

0.15.123.92 (2.53; −1.05 to 8.88)−0.20.26−4.90 (4.30; −13.36 to 3.57)Week 2× group

−0.10.33−2.42 (2.47; −7.28 to 2.43)−0.46.004−11.59 (3.92; −19.32 to −3.86)Week 4× group

−0.10.41−2.39 (2.87; −8.03 to 3.26)−0.42.01−10.58 (4.11; −18.69 to −2.46)Week 6× group

−0.10.38−2.44 (2.80; −7.94 to 3.06)−0.49.01−12.35 (4.37; −20.97 to −3.72)Week 8×group

Overall work impairment

0.15.114.32 (2.72; −1.02 to 9.66)−0.21.22−5.46 (4.46; −14.25 to 3.34)Week 2× group

−0.08.45−2.06 (2.72; −7.40 to 3.28)−0.47.003−12.62 (4.24; −20.98 to −4.26)Week 4× group

−0.11.34−2.90 (3.06; −8.91 to 3.10)−0.45.01−12.15 (4.38; −20.79 to −3.51)Week 6× group

−0.09.45−2.28 (2.99; −8.15 to 3.59)−0.51.004−13.47 (4.61; −22.57 to −4.37)Week 8×group

Nonwork activity impairment

0.10.272.78 (2.51; −2.15 to 7.71)−0.24.12−6.68 (4.25; −15.05 to 1.69)Week 2× group

−0.06.46−1.75 (2.36; −6.39 to 2.89)−0.45.001−12.70 (3.66; −19.92 to −5.49)Week 4× group

−0.15.16−4.10 (2.89; −9.77 to 1.58)−0.47.001−13.40 (4.01; −21.31 to −5.49)Week 6× group

−0.20.04−5.64 (2.74; −11.01 to −0.26)−0.61<.001−17.12 (4.03; −25.06 to −9.18)Week 8×group

aAll the outcomes were measured using the Work Productivity and Activity Impairment Questionnaire. Complete cases were defined as participants
who provided survey data at all 5 time points; all available analyses included all data points from all participants, regardless of the number of survey
time points completed. The baseline (week 0) was the reference group for all times by group interaction terms. For parameter estimates for the complete
model, see Tables S7 and S8 in Multimedia Appendix 3.
bITT: intent to treat.

Figure 5. Estimated marginal means indicating group differences in changes in work and nonwork activity impairment over time among study completers.
*P<.05; **P<.01; ***P<.001. WPAI: work productivity and activity impairment.

Medical Care Visits
In both the CC and ITT analyses, participants randomized to
the Calm intervention group had a significantly lower frequency

of visits with a medical provider at week 8 than individuals in
the waitlist control group (Table 8; small effect sizes in both
models). No significant differences were observed at week 4.
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Table 8. Estimates of group differences in changes in health care visits over timea.

Complete casesParameter

Cohen dP valueβ (SE; 95% CI)

Complete cases

0.01.93.02 (0.18; −0.34 to 0.37)Week 4×group

−0.26<.001−1.05 (0.21; −1.46 to −0.65)Week 8×group

All available (ITT b )

0.08.14.15 (0.11; −0.05 to 0.36)Week 4×group

−0.23<.001−0.93 (0.13; −1.19 to −0.68)Week 8×group

aHealth care visits determined by responses to the question “How many times have you seen a medical provider in the last four weeks?” Complete cases
were defined as participants who provided survey data at all 5 time points; all available analyses included all data points from all participants, regardless
of the number of survey time points completed. The baseline (week 0) was the reference group for all times by group interaction terms. For parameter
estimates for the complete model, see Tables S9 and S10 in Multimedia Appendix 3.
bITT: intent to treat.

Productivity Cost Savings
There was no significant effect of the Calm app on productivity
costs in the ITT analysis. Significant productivity cost savings
due to the Calm app were found at weeks 4 and 8 in the CC
analysis, with medium effect sizes (Figure 6; Table 9). Among
CC participants, the estimated average overall weekly
productivity cost associated with work impairment (ie,
absenteeism and presenteeism combined) for the Calm

intervention group was US $334.13 (SE US $45.61) per
employee per week at week 8, compared with US $475.78 (SE
US $46.75) at baseline; for waitlist controls, costs associated
with work impairment were estimated to be US $433.87.67 (SE
US $55.47) at week 8 compared with US $417.55 (SE US
$55.95) at baseline. This corresponded to a reduction in weekly
costs by US $157.97 (SE US $58.37) per employee attributable
to the Calm intervention over 8 weeks.

Figure 6. Estimated marginal means indicating group differences in costs of work impairment over time among study completers.
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Table 9. Estimates of group differences in changes in work impairment costs over timea.

All available (ITTb)Complete casesParameter

Cohen dP valueβ (SE; 95% CI)Cohen dP valueβ (SE; 95% CI)

0.15.1352.43 (34.85; −16.05 to 120.92)−0.15.33−49.67 (51.33; −150.98 to 51.65)Week 2× group

−0.09.38−33.30 (38.21; −108.43 to 41.82)−0.43.01−141.83 (55.87; −251.97 to −31.70)Week 4× group

−0.07.58−24.05 (43.61; −109.87 to 61.76)−0.29.08−97.49 (54.62; −205.20 to 10.21)Week 6× group

−0.08.49−28.41 (40.80; −108.64 to 51.82)−0.47.01−155.66 (57.76; −269.66 to −41.66)Week 8×group

aWork impairment costs were calculated by multiplying an employee’s weekly pay by their overall work impairment percentage (ie, absenteeism and
presenteeism). Complete cases were defined as participants who provided survey data at all 5 time points; all available analyses included all data points
from all participants, regardless of the number of survey time points completed. The baseline (week 0) was the reference group for all times by group
interaction terms. For parameter estimates for the complete model, see Tables S11 and S12 in Multimedia Appendix 3.
bITT: intent to treat.

Calm App Use
Of the 585 employees randomized to the Calm intervention
group, 265 (45.2%) downloaded the Calm app and used it at

least once. On average, employees used the Calm app for 102.83
(SD 497.14) minutes per week (average sessions 5.88, SD
23.17). The most popular content was music, soundscapes, and
sleep stories (Figure 7; Multimedia Appendix 4).

Figure 7. Average Calm app use per employee per week during the intervention period. This figure depicts the overall app use data (use of any
component of the app), as well as the use of the most popular components. Less used components are not included in the figure such that the sum of
the components presented does not encompass all app use.

Discussion

Principal Findings
The purpose of this study was to evaluate the experimental
effects of the Calm app on employee mental health (depression,
anxiety, and stress), sleep, resilience, work productivity
outcomes (absenteeism, presenteeism, overall work impairment,
and overall activity impairment), and health care use (number
of visits with a medical provider) in the workplace. This is the
first study to evaluate the Calm app in a workplace setting,
specifically with a focus on employee mental health and
productivity. Results from a CC analysis (ie, participants
completing assessments at all time points) indicated that the
Calm app conferred significant benefits to employees in terms
of mental health (depression, anxiety, and stress), sleep,

resilience, several aspects of productivity (ie, presenteeism,
overall work productivity impairment, and nonwork activity
impairment), and the frequency of medical visits by the end of
the study period. Overall, the effect size calculations indicated
small to medium effects. Results from a more conservative
analysis with all available data (including incomplete cases that
did not provide data at all time points) showed a similar pattern
of findings with significant effects observed for depression,
anxiety, sleep, nonwork activity impairment, and medical visits.

Mental Health, Sleep, and Resilience
Differences between the Calm group and waitlist control group
were consistently observed by the end of the 8-week intervention
for depression, anxiety, and stress, indicating that the beneficial
effects of mindfulness training on mental health may be
cumulative over time. The results align with prior findings,
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suggesting that mindfulness interventions provide benefits for
anxiety and stress in the workplace and provide further support
for their utility in improving depressive symptoms [18,20,22].
Furthermore, these results support the use of digital, app-based
interventions as a viable and effective alternative to in-person
approaches.

Employees at sites assigned to the Calm intervention group had
significant improvements in sleep relative to waitlist control,
with robust effects observed in both CC and ITT analyses. Thus,
the Calm app provides benefits for mental health and sleep.
These effects may have been synergistic, as sleep and mental
health are known to have bidirectional effects on one another
[55,56]. Indeed, prior work from our team has demonstrated
that individuals with sleep disturbance experience improvements
in both sleep quality and mental health because of the use of
the Calm app [46,57]. In use analyses from this study,
participants were observed to use a wide range of Calm app
content, including but not limited to sleep stories and other
content designed specifically to improve sleep. Although beyond
the scope of this study, future work may explore whether
engagement with a particular type of content is differentially
associated with improvements in certain mental health and sleep
constructs.

Relative to the waitlist control, significantly greater
improvements in resilience were also observed in the Calm
intervention group relative to waitlist control. This effect was
only observed in the analysis of CC data and not when
incomplete cases were included. Results from the CC analysis
align with meta-analytic findings that mindfulness-based
interventions in the workplace (inclusive of both in-person and
digital delivery modes) improve resilience among employees
across a range of employment settings [22].

In the CC analysis, significant reductions were observed in
on-the-job work impairment due to physical or mental health
concerns (presenteeism) in the Calm intervention group
compared with the waitlist control group. However, there were
no significant reductions in absenteeism (missed work time) in
either the CC or ITT analyses. Thus, it appears that the Calm
app may have been more beneficial in terms of improving
employees’ ability to focus and stay present on the job versus
preventing them from missing time from work entirely. These
results are consistent with a handful of other studies that have
suggested that mindfulness may pose greater benefits for
presenteeism and overall productivity than absenteeism
[25,26,58]. It is important to note that we also observed a
relatively small degree of absenteeism at baseline
(approximately 5%); thus, the results may reflect a floor effect
with little room for improvement in a general sample.
Furthermore, given that absenteeism is typically associated with
more severe mental health problems, it is possible that
employees require additional support beyond that of a
stand-alone app (eg, brief, focused behavioral health coaching)
to reduce the time missed when it is caused by mental health
problems. Future studies are warranted to test the potential
utility of additional support for those with higher levels of
absenteeism (especially when absenteeism is attributable to
chronic mental health problems).

We also observed significant reductions in the frequency of
medical visits among Calm intervention group participants
relative to waitlist controls. Given the strong associations among
mental health, sleep, and health care use [11-13], it is possible
that participants who experienced improvements in mental
health because of using the Calm app also felt more able to cope
with the stressors they encountered in daily life and work and
consequently had a reduced need for medical care, including
mental health–related visits. Although this area is less well
studied, the findings of this study align with results from
previous smaller studies of mindfulness-based interventions in
the workplace, which have found that mental and physical health
care use and costs are reduced among employees after receiving
in-person mindfulness training [59,60].

A key question for employers is whether the benefits of the
Calm app on mental health, sleep, and productivity also
correspond to financial benefits in terms of cost savings for
each employee. To our knowledge, this is the first study to
evaluate the effects of a mindfulness app on workplace costs
related to health-related work impairment. Although no
significant effects were found in the ITT analysis, results from
the CC analysis indicated that the Calm app reduced weekly
costs by US $155.82 over 8 weeks of the intervention. This is
consistent with a recently published study reporting that an
employer-sponsored mental health program in the workplace
was associated with a positive financial return on investment
for employers across multiple worksites and industries [61].
However, this study estimated the cost for mental health services
by employees, employers, or insurers and used arbitrary salaries
for their analysis. Long-term studies are needed to understand
how patterns of productivity cost savings evolve with
longer-term employee use of the Calm app and how the results
might apply to a broader population with more variable patterns
of engagement.

Strengths
This study builds upon the extant literature by improving our
understanding of the concurrent effects of the Calm mindfulness
app on both mental health outcomes and employee productivity
in the workplace using a pragmatic implementation approach
that maximizes the generalizability of findings. The Calm app
was implemented with a large employer composed of hundreds
of sites distributed geographically across the United States and
included participants across a variety of income levels and
educational backgrounds. The app was deployed entirely by the
employer within its workforce, helping to provide pragmatically
driven, real-world estimates of the potential reach and uptake
of mindfulness apps in similar workplace settings. Participants
were blinded to the Calm app brand and received very limited
incentive for participating; thus, we anticipate that intervention
uptake would be even higher in the future with brand recognition
and more employee incentives for using the app as a part of a
wellness program [62]. Furthermore, participants were instructed
to use the Calm app autonomously and not specifically required
to use certain features of the app, which is consistent with how
any paying subscribers would engage with the app. Engagement
with the app in this study is therefore representative of what
employees would likely experience if the Calm app were offered
as a component of employee wellness offerings. Finally, this
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study was strengthened by the frequent assessment of outcomes
throughout the intervention period, allowing for a more precise
evaluation of the timing at which mindfulness interventions
begin to confer their benefits on employee mental health and
productivity.

Limitations
Despite this study’s strengths, its important limitations must be
considered. First, relatively high attrition rates were observed
in this study, especially compared with in-person mindfulness
interventions in the workplace [27,63,64]. The most common
self-reported reason for dropping out (of a total of 63
participants completing the dropout survey) was a lack of time
(19/63, 30%) followed by a lack of motivation (11/63, 17%).
This high attrition is attributable to two factors: (1) relative to
in-person interventions, higher rates of attrition are consistently
observed when evaluating digital behavioral health interventions,
particularly in the context of pragmatic research where
researcher contact does not serve as an incentive or reminder
to use and engage with the intervention. Thus, while attrition
may have attenuated the positive impact of the Calm app in this
sample, the attrition experienced was not unique to this setting
or specific intervention. High attrition also precluded us from
randomizing participants with sleep disturbance to the sleep
coaching intervention. However, in retrospect, one could argue
that offering the sleep coaching program to all individuals within
the Calm intervention group allowed for a more ecologically
valid evaluation, as this is the approach an employer would
likely take when the Calm app is offered alongside a more
intensive intervention for individuals with elevated levels of
distress. It is also important to note that results from an ITT
analysis that included all available data from complete cases
(those who completed all 5 study assessments) and incomplete
cases (those who were lost to attrition or missed assessments)
indicated less robust benefits of the Calm app. This is
unsurprising given that those participants who started in the
Calm intervention group but did not continue using the Calm
app would be less likely to benefit. In part due to the sheer size
and multisite nature of the workplace in which the Calm app
was implemented, we encountered technical and implementation
difficulties related to notifying employees of the availability of
the study and in sending email reminders to participants to
complete assessments. While a majority of the recruitment was
conducted through the company’s human resources and via their
internal email communications, the employer notified us of a
potentially low email read rate for messages from their human
resources department. This was particularly likely among the
large portion of employees for whom regular email checking
was not required for their job role (ie, storefront workers); this
limited our reach with recruitment. Once individuals were

enrolled in the study, we encountered an additional
communication barrier, as the company’s internet security
systems blocked a majority of the study’s communication efforts
and data collection links or required employees to take extra
steps to navigate around security filters. With this in mind, we
asked participants to remember to open their emails and
complete their assessments outside of their work site and on a
personal device not owned by the company, which added an
additional step for communication and limited our ability to
reach all participants consistently. Implementation of workplace
wellness programs is most successful when support for and
communication about the intervention comes from within the
organization and when messaging is consistent over time [65].
Third, despite music in the Calm app being the most popular
content used on the app and the fact that employees used music
in the Calm music for an average of 61.72 (SD 23.1) minutes
per week, it is uncertain whether listening to music in the Calm
app specifically led to improvements in mental health or
productivity. Considering the popularity of music in the Calm
app and many consumer-based mobile apps that offer similar
music content, future studies are warranted to determine the
effects of music on mental health and productivity. Furthermore,
as is to be expected, we observed variable engagement across
work sites, which could indicate other site-level characteristics
(eg, workplace culture, networks of communication, and
psychological safety within a team) that may have differentially
influenced uptake across sites [66,67]. Future pragmatic trials
implementing the Calm app in the workplace setting would
benefit from additional consideration of these key contextual
drivers of reach and uptake. Such trials should focus on testing
strategies for engagement among employees with work roles
that do not involve regular email communication (SMS text
messaging, QR codes in break rooms, social media, etc).
Furthermore, future studies should explore organization-level
implementation strategies that can maximize the reach and
uptake of the intervention.

Conclusions
Commercial apps show promise as a feasible, scalable solution
to reduce the burden of mental health problems on employees,
improve productivity, and reduce costs for employers. Evidence
suggests that mindfulness interventions (including those
delivered via a smartphone app) may confer mental health
benefits to employees, and the Calm app has been shown to
improve mental health in a range of populations. This study
adds to this evidence by suggesting that the Calm app improves
employees’mental health and productivity. Furthermore, to our
knowledge, this is the first study to demonstrate support for
productivity cost savings produced by a mindfulness app when
implemented pragmatically in a workplace setting.
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Abstract

Background: Chronic sleep disturbance is prevalent among United States employees and associated with costly productivity
impairment. Mindfulness interventions improve sleep (ie, insomnia and daytime sleepiness) and productivity outcomes, and
mobile apps provide scalable means of intervention delivery. However, few studies have examined the effects of mindfulness
mobile apps on employees, and no research to date has tested the role of sleep improvement as a potential mechanism of action
for productivity outcomes.

Objective: This study examined the effects of Calm, a consumer-based mindfulness app, and sleep coaching, on productivity
impairment among retail employees through the indirect effects of changes in insomnia and daytime sleepiness.

Methods: This study was a secondary analysis of data from a randomized controlled trial (N=1029) comparing the use of Calm
(n=585, 56.9%) to a waitlist control (n=444, 43.2%) for 8 weeks among employees of a large retail employer in the United States.
A subset of individuals with elevated insomnia symptoms also had access to brief sleep coaching with Calm (n=101, 9.8%).
Insomnia symptom severity, daytime sleepiness, and productivity impairment (ie, absenteeism, presenteeism, overall productivity
impairment, and non–work activity impairment) were assessed at baseline and weeks 2, 4, 6, and 8. Indirect effects were evaluated
with latent growth curve modeling to test whether the Calm intervention (Calm group vs waitlist control) was effective in reducing
work productivity impairment through changes in sleep disturbance.

Results: No significant main effects of Calm intervention on productivity impairment were detected for any outcome at α level
of .05, with the exception of non–work activity impairment models, in which Calm intervention reduced non–work activity
impairment over time (P=.01 and P=.02 for insomnia and sleepiness models, respectively). Significant indirect effects of insomnia
were detected for presenteeism (P=.002), overall work productivity (P=.01), and non–work activity impairment (P=.002); Calm
intervention produced significantly greater reductions in insomnia symptoms (relative to waitlist control), and decreases in
insomnia were associated with decreases in work productivity impairment. There was no significant indirect effect of change in
insomnia on changes in absenteeism (P=.20). Furthermore, we detected no significant indirect effects of daytime sleepiness on
productivity impairment.

Conclusions: We found that Calm (plus sleep coaching for a small subset of individuals) had beneficial effects on employee
sleep, and these benefits on sleep were related to indirect effects on productivity impairment (ie, presenteeism, overall work
productivity impairment, and non–work activity impairment). There were no overall main effects of Calm intervention on
productivity impairment; however, insomnia appears to be a mechanism associated with benefits for employee productivity. This
is one of the first studies to suggest that sleep benefits of a mindfulness mobile app may also indirectly relate to benefits for
workplace productivity.

Trial Registration: ClinicalTrials.gov NCT05120310; https://clinicaltrials.gov/ct2/show/NCT05120310
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Introduction

The Problem of Sleep Disturbance
Chronic sleep disturbance is widespread in the United States,
with an estimated 36.3% of adults reporting at least one
dimension of poor sleep [1]. Insomnia (characterized by
difficulty falling asleep, staying asleep, or waking early, along
with associated distress or impairment) is a common cause of
sleep disturbance linked to substantial public health burden,
including increased medical costs, poor mental health, and
psychosocial impairment [2,3]. Sleep disturbances such as
insomnia also contribute to the daytime effects of poor sleep
quality [4], and an estimated one-third of individuals with
insomnia experience excessive daytime sleepiness [5]. Insomnia
and daytime sleepiness are particularly prevalent among the
employed population, with an estimated 19.2% of all workers
in the United States experiencing poor sleep quality [6], 23.2%
reporting symptoms consistent with insomnia [7], and 16.2%
of daytime workers experiencing excessive daytime sleepiness
[6]. This paper seeks to summarize a gap in existing research
on digital health solutions to address employee sleep and
productivity concerns and evaluate the indirect effects of a
commercial mindfulness app on employee productivity through
sleep improvements.

Both insomnia and daytime sleepiness contribute to costly
declines in work productivity (ie, productivity impairment)
[6-11]. Compared with their peers with no sleep disturbance,
individuals with insomnia experience more absenteeism (missed
time from work), presenteeism (time spent being nonproductive
at work) [6,7,11], overall work productivity impairment
(absenteeism and presenteeism combined), and non–work
activity impairment (ie, impairment in functioning outside of
work hours) [12]. Daytime sleepiness (because of poor sleep
quality or inadequate sleep duration) is associated with increased
rates of presenteeism, overall work productivity impairment,
and non–work activity impairment [13,14]. Overall, it is
estimated that the United States loses an equivalent of 1.23
million working days because of insufficient sleep, which
corresponds to approximately 9.9 million working hours [11].

Benefits of Mindfulness in the Workplace
Several studies [15] have demonstrated the beneficial effects
of mindfulness-based workplace interventions on employee
sleep outcomes, including improved sleep quality, reduced
daytime dysfunction, and reduced fatigue [16-18]. Such
interventions may serve as an ideal first-line intervention
strategy in the workplace, potentially increasing employees’
access to help for sleep problems, particularly for those who
would not otherwise have access to sleep support [19]. To date,
most studies have evaluated the effects of face-to-face
interventions, which are costly and complex to implement in
workplace settings, may require engagement with highly trained
clinicians, and can involve complex payment structures [17,18].

Mobile app interventions have the potential to drastically
increase reach and impact [20-23].

There is growing evidence supporting the efficacy of
mobile-delivered mindfulness apps on sleep outcomes [20,21].
Various mindfulness apps have been shown to improve sleep
in different populations [21], including adults with symptoms
of insomnia [24,25], women experiencing environmental stress
[21], and parents experiencing pandemic-related stress [26].
Calm is a commercially available mobile mindfulness app that
has demonstrated efficacy in improving symptoms of sleep
disturbance [24,27]. In addition to Calm’s large library of
content to support mindfulness practice (eg, guided mindfulness
meditations and mindful movements), Calm also includes sleep
content that is specifically designed to facilitate improved sleep,
including guided sleep meditations, sleep stories for relaxation
at bedtime, and sleep-focused music and soundscapes. In a
cross-sectional survey of Calm subscribers who used the Calm
sleep content, users reported that Calm helped them fall asleep,
stay asleep, and get more restful sleep [27]. Moreover, among
adults with sleep disturbance, results from a randomized
controlled trial indicated that Calm reduced daytime sleepiness,
as well as other sleep-related concerns (ie, cognitive and somatic
presleep arousal and fatigue), relative to waitlist controls [24].

Gaps in Existing Evidence
To date, evidence for the utility of mobile apps in improving
sleep in the workplace is limited. Most workplace evaluations
of mindfulness apps have focused solely on mental health
outcomes such as anxiety, depression, and psychological
well-being [28,29]. Notably, few studies have focused
specifically on sleep, especially when examining large-scale
pragmatic app implementations across multisite employers
[28,29]. Given the widespread prevalence of sleep disturbance
in the workforce and its costly impact on productivity, as well
as the potential for mindfulness apps to provide a scalable
solution for employers, this is a crucial area for further study.

Our team recently evaluated the outcomes of a large randomized
controlled trial evaluating Calm’s effects on 2 dimensions of
sleep disturbance—insomnia and daytime sleepiness (in addition
to mental health, resilience, productivity impairment, and health
care visits)—among employees at a large retailer in the United
States. The results indicated a significant benefit of Calm on
insomnia symptoms and daytime sleepiness over the 8-week
study period. In a smaller subsample of study completers (but
not in the overall sample), significant reductions in employee
productivity impairment were observed when examining
measures of presenteeism, overall work productivity impairment
(absenteeism and presenteeism combined), and non–work
activity impairment. No effects were observed for absenteeism
in either the full sample or the completer subsample [30].

The extent to which reductions in productivity impairment may
occur through reductions in sleep disturbance has yet to be
determined. We are aware of the lack of studies examining this
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potential link. However, given the strong relationships between
sleep and productivity outcomes in the workplace, it is plausible
that mindfulness apps may work indirectly on productivity
impairment through improvements in sleep. Indeed, our team’s
earlier work showed that the difference in mental health
outcomes observed in individuals who received Calm (plus
sleep coaching for a small subset of individuals with elevated
insomnia symptoms) relative to the waitlist control occurred
through an indirect effect of improvements in sleep [31].
Specifically, the results showed an indirect effect of Calm
intervention on improvements in depression and anxiety through
cognitive and somatic presleep arousal [31]. Interestingly, in
that study, no significant indirect effects were found for daytime
sleepiness (insomnia symptoms were not directly measured).

Aims of This Analysis
To date, few studies have examined the effects of a
consumer-based mindfulness mobile app on productivity
outcomes in the workplace; we are aware of no studies that have
assessed whether an app may provide indirect benefits in
reducing productivity impairment through the mechanism of
reduced sleep disturbance. This study was a secondary analysis
of data from the study by Huberty et al [30] to examine whether
Calm worked indirectly on productivity impairment (ie,
absenteeism, presenteeism, overall productivity impairment,
and non–work activity impairment) through the mechanisms of
reduced insomnia and daytime sleepiness among employees of
a large retailer in the United States.

Methods

Ethics Approval
This study was approved by the institutional review board of
Arizona State University (STUDY00014072). All participants
completed an electronic informed consent form before
participation. The retail employer partner provided input on the
study design as it pertained to their interest in supporting
employee sleep and well-being as a means of improving
productivity and performance.

Participants and Recruitment
The study procedures are described in detail in the study by
Huberty et al [30]. Primary outcomes for the clinical trial
included insomnia and daytime sleepiness; secondary outcomes
included productivity, resilience, depression, anxiety, and stress,
as well as sleep diary outcomes (as assessed among individuals
offered sleep coaching; see the Intervention section for details).
Participants were recruited from a large retailer across 1096
work site locations (eg, retail and corporate) distributed
throughout the United States between August and December
2021. The number of potentially- eligible employees was
approximately 74,000. Recruitment occurred via email
invitations distributed by human resources staff and store
leaders, as well as on site via flyers posted in workplace break
rooms. Email materials and flyers included a QR code and
website link that directed participants to a web-based eligibility
survey and electronic informed consent form, if eligible. To
maintain a pragmatic approach and resemble procedures used
if the app were offered as an employee benefit through the retail

employer, all recruitment communications were deployed by
the employer and not by research personnel. Employees were
eligible for the study if they (1) were current employees of the
company, (2) were aged at least 18 years, (3) were able to read
and understand English, (4) owned a smartphone, (5) were
willing to download the Calm app, and (6) had not practiced
meditation for >60 minutes per month in the past 6 months [32].
As Calm is a commercially available app with wide name
recognizability, potential participants were blinded to Calm
during the recruitment process and were informed that the study
aimed to test the effects of a health and wellness app. After
consenting to and completing the baseline self-report measures,
participants in the Calm intervention condition received email
instructions to download the Calm app at no cost to them.

Participant randomization (Calm intervention vs waitlist control)
occurred at the site level (stratified by the number of employees
per work site) to reduce possible contamination effects because
of the condition among employees at the same work site.

Intervention
Participants in the Calm intervention group were instructed to
use Calm autonomously for 10 minutes per day during the
8-week intervention period. To maintain consistency with
naturalistic use patterns, no direction was provided regarding
the specific content to be used. Weekly reminders to use the
app were sent via SMS text messages (to a number specified
by the participants); however, no additional communication or
incentives were provided for app engagement. The Calm app
includes a variety of content types, including guided meditation
and breathing exercises, sleep stories, relaxing music, and
ambient soundscapes. In addition to the Calm app access, all
participants had the option to complete an initial, synchronous,
20-minute virtual concierge session with a Calm coach to orient
them to the app’s offerings and potential areas for behavior
change.

A subsample of Calm intervention group participants with
elevated insomnia symptoms (≥10 on the Insomnia Severity
Index [ISI]; 307/1029, 29.83%; see the Measures section) were
invited to opt in to receive up to 6 sleep coaching sessions with
a trained Calm sleep coach (ie, master’s-level behavioral health
training and/or coaching certification from an accredited
coaching program). Sleep coaching sessions addressed
behavioral principles for managing sleep disturbance, including
establishing a regular pattern of sleep, engaging in sleep hygiene
practices, sleep restriction (as appropriate for insomnia
symptoms), practicing bedtime mindfulness, and improving the
sleep environment. Participants in the waitlist group were
informed that they would receive access to the health and
wellness app after completing their final assessment at week 8
(waitlist participants with elevated insomnia symptoms were
also invited to participate in sleep coaching alongside access to
Calm).

Measures

Overview
Participants were asked to complete self-report assessments via
the Qualtrics electronic survey platform every 2 weeks during
the study period (baseline and weeks 2, 4, 6, and 8). For each
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assessment, participants received an email with a link to
complete the web-based survey. Participants who completed
the final survey were entered into a raffle for 1 of 5 Calm swag
prize bags (which included Calm-branded pencils, notepads,
and books). No other incentives were provided for the
completion of the measures. The assessments included in this
secondary analysis are described in this section. Additional
outcomes assessed in the full randomized controlled trial
included depression, anxiety, perceived stress, resilience,
number of medical care visits, and app use (Calm intervention
group only).

Baseline Demographic Characteristics
Demographic and individual characteristics (16 items assessing
personal characteristics such as race, ethnicity, work, family,
and medical history) were collected at baseline.

Insomnia Symptoms
Insomnia symptoms were assessed among all participants using
the ISI [33], a 7-item self-report questionnaire assessing
insomnia symptoms (eg, difficulty falling and staying asleep)
during the past 2 weeks and the distress and impairment
associated with the symptoms. Items are rated on a 5-point
Likert-type scale, and the total scale scores are obtained by
summing the item ratings. A cutoff score of ≥15 indicates
moderate to severe insomnia symptoms in the clinical range
[33]. The ISI has demonstrated good internal consistency
(Cronbach α=.74 in the validation sample), sensitivity to change,
and convergence with both objectively measured sleep
disturbance and clinician ratings [33].

Daytime Sleepiness
Daytime sleepiness symptoms were measured using the Epworth
Sleepiness Scale [34], which includes 8 items assessing recent
dozing behavior during routine daytime activities (eg, sitting
and reading and conversations). Items are rated on a 4-point
Likert scale from 0 (would never doze) to 3 (high chance of
dozing). The total scores are obtained by summing the item
ratings (range 0-24, with higher scores indicating greater
sleepiness). The Epworth Sleepiness Scale has shown high
internal consistency (Cronbach α=.7-.9 in varying populations),
demonstrates convergent validity with objective measures of
sleepiness and sleep disturbance (ie, sleep latency), and
differentiates between clinical and nonclinical sleep populations
[34,35].

Productivity Impairment
The Work Productivity and Activity Impairment
Questionnaire–General Health measure [36] is a 6-item,
well-validated self-report scale that measures general physical
and mental health–related impairments in work and nonwork
activities, as well as absenteeism and presenteeism. Respondents
are asked about current employment, hours missed because of
health problems and other reasons, hours worked, and the degree
to which health affected productivity during work and in other
nonwork activities in the past 7 days. The 4 outcomes generated
from the scale are the percentage of work time missed because
of health (absenteeism), percentage of impairment while
working because of health (presenteeism), percentage of overall
work impairment because of health (overall work impairment),

and percentage of non–work activity impairment because of
health (non–work activity impairment). The Work Productivity
and Activity Impairment Questionnaire–General Health has
demonstrated sensitivity to productivity impairment in
individuals with insomnia [37] and daytime sleepiness [14,37].

Data Analyses

Data Preparation and Sample Size
All analyses were conducted using RStudio (build 443;
2022.02.0; version 4.1.2). Participants in the Calm and waitlist
control groups were compared in terms of demographic
characteristics and baseline sleep- and productivity-related
variable scores via 2-tailed independent-sample t tests and
Pearson chi-square tests as appropriate. In the parent randomized
controlled trial, power analyses were conducted using G*Power
(version 3.0), yielding a minimum sample size of N=364 to
detect a significant effect of Calm on primary outcomes. An
initial target sample of N=500 was selected (250 per group),
anticipating approximately 30% attrition.

Indirect Effects
Indirect effects were evaluated using latent growth curve models
[38] using the lavaan package in R [39]. We examined whether
the Calm intervention (Calm group vs waitlist control) was
effective in improving employee productivity outcomes (ie,
latent change in absenteeism, presenteeism, overall productivity
impairment, and non–work activity impairment from baseline
to week 8) through indirect effects of changes in sleep
disturbance (ie, latent change in insomnia and daytime sleepiness
from baseline to week 8). Absenteeism percentages were
zero-inflated and nonnormally distributed; thus, this variable
was recoded as a dichotomous variable, indicating whether an
individual reported any missed time during the 1-week before
each assessment. Thus, mean level changes (ie, the latent slope)
for absenteeism would reflect changes in the likelihood of being
absent (vs not absent). All other outcomes were modeled
continuously. Covariates were modeled as predictors of both
mediator and outcome slopes and intercepts and included gender,
hourly worker status, racial minority status, Hispanic ethnicity,
presence of a sleep condition, presence of a chronic health
condition, and presence of a mental health condition. Separate
models were run for each mediator and outcome combination,
and latent intercepts and slopes were estimated for both
mediators and outcomes. Indicator residual variances were
constrained to equality over time, and full information maximum
likelihood estimation was used to account for missing data
(Multimedia Appendices 1-3 show missing data reports).
Regression paths were included for the effect of the intervention
on the mediator (a path), mediator on the outcome (b path), and
intervention on the outcome (c′ path). The indirect effect was
calculated as the product of the a and b paths [40,41] and was
estimated using bias-accelerated and corrected bootstrapping
(1000 resamples) [41]. A conceptual model of the analytical
approach is shown in Figure 1. Consistent with
recommendations for interpreting regression-based indirect
effects models with bootstrapping, we did not require a
significant total effect before exploration of indirect effects, as
evidence suggests that a meaningful indirect effect can be
present without the presence of a total effect, and bootstrapping
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does not rely on the causal steps approach used by traditional stepwise mediation methods [40,42].

Figure 1. Conceptual depiction of the latent growth curve model, with primary elements of the indirect effect in bold. Mean structures, variances, and
covariates were removed for simplicity. Factor loadings for baseline and 8 weeks are depicted, although all time points were used to estimate latent
intercepts and slopes.

Results

Sample Characteristics
The full trial included 1029 participants (n=585, 56.9% in the
Calm group, and n=444, 43.2% in the waitlist control group),
192 (18.7%) of whom completed full assessments at all 5 time
points. A description of participant demographics and other
baseline characteristics was reported by Huberty et al [30].
Briefly, 50.6% (518/1024) of the participants identified as
female, 25.3% (260/1029) identified as belonging to a racial
minority group, and 15.5% (159/1029) identified as Hispanic.
In terms of clinical characteristics and sleep concerns, 25.97%
(267/1028) of the participants scored ≥15 on the ISI, indicating
a likely diagnosis of clinical insomnia. Among those who
screened positive for insomnia according to their ISI scores,

only 32.2% (86/267) indicated that they had been diagnosed
with insomnia. Of the included Calm participants, 63.4%
(370/584) were screened as eligible for sleep coaching. Of those
370 participants, 101 (27.3%) opted in. In addition, 25.5%
(217/851) endorsed the presence of ≥1 diagnosed sleep condition
(eg, insomnia, sleep apnea, and restless leg syndrome), and
57.9% (574/992) of the sample indicated that they had been
diagnosed with at least one chronic physical health condition
(eg, diabetes, hypertension, and chronic asthma). The
characteristics of all participants are described in Table 1.

The Calm and waitlist groups did not differ significantly at
baseline in terms of gender, race, ethnicity, presence of a chronic
medical condition, or presence of a diagnosed sleep condition
(including insomnia; all P≥.13; Table 1). The waitlist group had
a significantly higher proportion of hourly workers (vs salaried;
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χ2
1=17.4; P<.001) and self-reporting of a diagnosed mental

health condition (χ2
1=5.5; P=.02). The groups did not differ

significantly at baseline in insomnia symptom severity, daytime
sleepiness, absenteeism, presenteeism, or overall work
productivity impairment (Table 2); however, the waitlist group
had significantly greater non–work activity impairment
(P=.047). Multimedia Appendix 4 shows the group means across
all time points. As reported by Huberty et al [30], only 15%

(88/585) in the Calm group and 43.2% (192/444) in the waitlist
control group provided data for all measures at all time points.
In the primary outcome analysis, participants with complete
assessment data (ie, all 5 time points) were more likely to
identify with a racial minority group (ie, endorsed at least one
race other than White), be non-Hispanic, and work on salaried
income versus hourly wage [30]. Multimedia Appendices 1-3
show a complete missing data report.

Table 1. Demographic and baseline characteristics of the sample (N=1029).

P valueChi-square (df)aCalm (n=585), n (%)Waitlist (n=444), n (%)Characteristic

Gender

.800.1 (1)272 (46.7)202 (45.7)Man

.800.1 (1)292 (50.2)226 (51.1)Woman

.800.1 (1)18 (3.1)14 (3.2)Other

Race

.980.0 (1)16 (2.7)12 (2.7)American Indian or Alaskan Native

.132.3 (1)33 (5.7)16 (3.6)Asian or Asian American

.370.8 (1)463 (79.4)340 (77.1)White or European American

.600.3 (1)30 (5.2)26 (5.9)Black or African American

.231.4 (1)26 (4.5)27 (6.1)Biracial or multiracial

.0048.4 (1)20 (3.4)33 (7.5)Other

Ethnicity

.171.9 (1)503 (86)367 (82.7)Not Hispanic or Latino

.171.9 (1)82 (14)77 (17.3)Hispanic or Latino

Employee type

<.001b17.4 (1)b262 (44.8)141 (31.8)Salaried

<.001b17.4 (1)b323 (55.2)303 (68.2)Hourly

Insomnia screening (Insomnia Severity Index)

.231.4 (1)173 (29.6)148 (33.3)Moderate or severe insomnia

.231.4 (1)411 (70.4)296 (66.7)Unlikely insomnia diagnosis

Chronic health conditions

.291.1 (1)320 (56.3)254 (57.2)At least one

.291.1 (1)248 (43.7)170 (38.3)None

Mental health conditions

.02b5.2 (1)b193 (34)175 (41.3)At least one

.02b5.2 (1)b375 (66)249 (58.7)None

Sleep-related conditions

.580.3 (1)121 (24.7)96 (26.6)At least one

.580.3 (1)369 (75.3)265 (73.4)None

aConsistent with operational definitions of demographic covariates in the models of outcomes over time, chi-square tests reflect group comparisons of
proportions of male and female, White and racial minority, Hispanic and non-Hispanic, completed and not completed a college education, salaried and
hourly employment status, proportions of the likelihood of having insomnia based on the Insomnia Severity Index, presence or absence of a chronic
health condition, and the presence or absence of a sleep-related condition.
bSignificant differences from group comparisons.
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Table 2. Baseline scores on outcomes of interest by group (N=1029).

P valuet test (df)Calm (n=585)Waitlist (n=444)Measurea

Values, mean (SD)Values, n (%)Values, mean (SD)Values, n (%)

.221.22 (1027)11.45 (5.65)584 (99.8)11.90 (5.87)444 (100)ISIb

.610.51 (1024)7.26 (4.92)582 (99.5)7.10 (4.61)443 (99.8)ESSc

.181.77 (973)0.19 (0.39)559 (95.6)0.23 (0.42)415 (93.5)WPAId: absenteeism

.141.48 (953)28.10 (25.69)547 (93.5)30.62 (26.14)406 (91.4)WPAI: presenteeism

.131.50 (949)30.30 (27.93)546 (93.3)33.08 (28.44)404 (91)WPAI: overall work impairment

.047e1.99e (1011)32.33 (27.16)574 (98.1)35.87 (28.70)438 (98.6)WPAI: activity impairment

aAll measures were assessed continuously, except for absenteeism, which was coded as a dichotomous variable (0=any health-related absence and 1=no
absence).
bISI: Insomnia Severity Index.
cESS: Epworth Sleepiness Scale.
dWPAI: Work Productivity and Activity Impairment.
eSignificant differences from group comparisons.

Indirect Effects Analysis Results
The parameter estimates and significance tests for all growth
curve models can be found in Multimedia Appendix 5.

Sleep Disturbance and Absenteeism
The model testing the indirect effects of Calm on absenteeism
outcomes through insomnia over time showed a good fit. We
found a significant beneficial effect of the Calm intervention
on changes in insomnia (a path) but no significant effect of
change in insomnia on change in absenteeism (b path). There
was no significant direct effect of the Calm intervention on
changes in absenteeism, accounting for changes in insomnia (c′

path), nor was there a significant indirect effect of change in
insomnia (a×b path).

The model testing the indirect effects of Calm on absenteeism
outcomes through daytime sleepiness over time also showed a
good fit. We found a significant effect of the Calm intervention
on changes in daytime sleepiness (a path) but no significant
effect of change in daytime sleepiness on change in absenteeism
(b path). There was no significant direct effect of the Calm
intervention on absenteeism, accounting for the effects of
daytime sleepiness (c′ path), nor was there a significant indirect
effect of change in daytime sleepiness (a×b path). The model
fit and coefficient estimates for both absenteeism models are
presented in Table 3.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 9 |e40500 | p.163https://mhealth.jmir.org/2022/9/e40500
(page number not for citation purposes)

Espel-Huynh et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Table 3. Estimates for models evaluating the indirect effects of Calm on absenteeism through sleep disturbance.

Model estimatesParameters

95% CIP valuesβb (SE)

Insomnia symptomsa

−0.825 to

−0.302b
<.001b−0.257b−0.560b (0.128b)Effect of Calm on Δ insomnia (a path; X→M)

−0.003 to 0.021.16.3170.009 (0.006)Effect of Δ in insomnia on Δ in absenteeism (b path; M→Y)

−0.015 to 0.021.80.0380.002 (0.009)Total effect of Calm on Δ in absenteeism (c path; sum of direct and indirect
effects)

−0.012 to 0.029.48.1200.007 (0.010)Direct effect of Calm on Δ in absenteeism (c′ path; X→Y, accounting for M)

−0.015 to 0.001.20−0.081−0.005 (0.004)Indirect effect of Δ in insomnia (a×b)

Daytime sleepinessc

−0.468 to

−0.091b
.01b−0.198b−0.261b (0.092b)Effect of Calm on Δ in daytime sleepiness (a path; X→M)

−0.043 to 0.012.56−0.240−0.011 (0.019)Effect of Δ in daytime sleepiness on Δ in absenteeism (b path; M→Y)

−0.016 to 0.020.82.0320.002 (0.009)Total effect of Calm on Δ in absenteeism (c path; sum of direct and indirect
effects)

−0.015 to 0.017.93.929−0.001 (0.010)Direct effect of Calm on Δ in absenteeism (c′ path; X→Y, accounting for M)

−0.003 to 0.014.60.0470.003 (0.005)Indirect effect of Δ in daytime sleepiness (a×b)

aRoot mean square error of approximation 0.023, comparative fit index 0.976, and Tucker-Lewis index 0.971.
bSignificant differences from group comparisons.
cRoot mean square error of approximation 0.032, comparative fit index 0.952, and Tucker-Lewis index 0.942.

Sleep Disturbance and Presenteeism
The model testing the indirect effects of Calm on presenteeism
outcomes through insomnia over time showed an acceptable
fit. We found a significant beneficial effect of the Calm
intervention on changes in insomnia (a path) and a significant
effect of change in insomnia on change in presenteeism (b path),
such that greater reductions in insomnia symptoms were
associated with greater reductions in presenteeism (ie, improved
productivity). There was no significant direct effect of the Calm
intervention on presenteeism, accounting for the effects of
insomnia (c′ path); however, a significant indirect effect of
change in insomnia (a×b path) was detected. Thus, Calm

decreased insomnia, and decreases in insomnia were associated
with increases in productivity (decreased presenteeism).

The model testing the indirect effects of Calm on presenteeism
through daytime sleepiness over time showed a good fit. We
found a significant effect of the Calm intervention on changes
in daytime sleepiness (a path) but no significant effect of change
in daytime sleepiness on change in presenteeism (b path). There
was no significant direct effect of Calm on presenteeism,
accounting for the effects of daytime sleepiness (c′ path) and
no significant indirect effect of change in daytime sleepiness
(a×b path). Table 4 presents the model fit and coefficient
estimates for both presenteeism models.
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Table 4. Estimates for models evaluating the indirect effects of Calm on presenteeism through sleep disturbance.

Model estimatesParameter

95% CIP valueβb (SE)

Insomnia symptomsa

−0.798 to

−0.321b
<.001b−0.258b−0.553b (0.125b)Effect of Calm on Δ in insomnia (a path; X→M)

2.345 to 4.518b<.001b.821b3.236b (0.798b)Effect of Δ in insomnia on Δ in presenteeism (b path; M→Y)

−2.368 to 0.329.16−0.112−0.943 (0.670)Total effect of Calm on Δ in presenteeism (c path; sum of direct and indirect
effects)

−0.547 to 2.215.25.1000.848 (0.740)Direct effect of Calm on Δ in presenteeism (c′ path; X→Y, accounting for M)

−2.867 to

−0.926b
.002b−0.212b−1.791b (0.579b)Indirect effect of Δ in insomnia (a×b)

Daytime sleepinessc

−0.458 to

−0.073b
.006b−0.194b−0.257b (0.094b)Effect of Calm on Δ in daytime sleepiness (a path; X→M)

−0.937 to 3.482.86.1751.103 (6.140)Effect of Δ in daytime sleepiness on Δ in presenteeism (b path; M→Y)

−2.117 to 0.597.18−0.108−0.898 (0.675)Total effect of Calm on Δ in presenteeism (c path; sum of direct and indirect
effects)

−1.940 to 1.135.74−0.074−0.615 (1.837)Direct effect of Calm on Δ in presenteeism (c′ path; X→Y, accounting for M)

−1.466 to 0.146.87−0.034−0.284 (1.719)Indirect effect of Δ in daytime sleepiness (a×b)

aRoot mean square error of approximation 0.053, comparative fit index 0.911, and Tucker-Lewis index 0.891.
bSignificant differences from group comparisons.
cRoot mean square error of approximation 0.038, comparative fit index 0.948, and Tucker-Lewis index 0.937.

Sleep Disturbance and Overall Work Productivity
Impairment
The model testing the indirect effect of Calm on overall work
impairment outcomes through insomnia over time showed a
good fit. We found a significant beneficial effect of the Calm
intervention on changes in insomnia (a path) and a significant
effect of change in insomnia on change in presenteeism (b path),
such that greater reductions in insomnia were predictive of
greater reductions in productivity impairment. There was no
significant direct effect of the Calm intervention on overall work
impairment, accounting for the effects of insomnia (c′ path);
however, a significant indirect effect of change in insomnia
(a×b path) was detected. Thus, Calm decreased insomnia, and

decreases in insomnia were associated with decreases in
productivity impairment.

The model testing the indirect effect of Calm on overall work
impairment outcomes through daytime sleepiness over time
showed a good fit. We found a significant effect of the Calm
intervention on changes in daytime sleepiness (a path) but no
significant effect of change in daytime sleepiness on change in
work impairment (b path). There was no significant direct effect
of the Calm intervention on work impairment, accounting for
the effects of daytime sleepiness (c′ path), and no significant
indirect (mediating) effect of change in daytime sleepiness (a×b
path). The model fit and coefficient estimates for both models
are presented in Table 5.
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Table 5. Estimates for models evaluating the indirect effects of Calm on work productivity impairment outcomes through sleep disturbance.

Model estimatesParameter

95% CIP valueβb (SE)

Insomnia symptomsa

−0.801 to

−0.301b
<.001b−0.257b−0.552b (0.127b)Effect of Calm on Δ in insomnia (a path; X→M)

2.185 to 4.534b<.001b.825b3.129b (0.893b)Effect of Δ in insomnia on Δ in overall work impairment (b path; M→Y)

−2.380 to 0.320.14−0.125−1.018 (0.693)Total effect of Calm on Δ in overall work impairment (c path; sum of direct
and indirect effects)

−0.700 to 2.203.40.0870.708 (0.855)Direct effect of Calm on Δ in overall work impairment (c′ path; X→Y, account-
ing for M)

−2.851 to

−0.898b
.01b−0.212b−1.726b (0.684b)Indirect effect of Δ in insomnia (a×b)

Daytime sleepinessc

−0.449 to

−0.082b
.007b−0.194b−0.257b (0.095b)Effect of Calm on Δ in daytime sleepiness (a path; X→M)

−0.996 to 3.612.92.1620.978 (9.764)Effect of Δ in daytime sleepiness on Δ in overall work impairment (b path;
M→Y)

−2.284 to 0.431.16−0.121−0.971 (0.690)Total effect of Calm on Δ in overall work impairment (c path; sum of direct
and indirect effects)

−2.175 to 1.022.75−0.090−0.720 (2.295)Direct effect of Calm on Δ in overall work impairment (c′ path; X→Y, account-
ing for M)

−3.648 to 0.163.91−0.031−0.251 (2.164)Indirect effect of Δ in daytime sleepiness (a×b)

aRoot mean square error of approximation 0.049, comparative fit index 0.921, and Tucker-Lewis index 0.904.
bSignificant differences from group comparisons.
cRoot mean square error of approximation 0.039, comparative fit index 0.947, and Tucker-Lewis index 0.935.

Sleep Disturbance and Non–Work Activity Impairment
The model testing the indirect effect of Calm on non–work
activity impairment outcomes through insomnia over time
showed an acceptable fit. We found a significant beneficial
effect of the Calm intervention on changes in insomnia (a path)
and a significant effect of change in insomnia on change in
activity impairment (b path), such that greater improvements
in insomnia also corresponded to greater reductions in non–work
activity impairment (ie, improved functioning). There was no
significant direct effect of the Calm intervention on non–work
activity impairment, accounting for the effects of insomnia (c′
path), although the total effect was significant. A significant
indirect effect of change in insomnia (a×b path) was detected.

Thus, Calm decreased insomnia, and decreases in insomnia
were associated with decreases in non–work activity impairment.

The model testing the indirect effect of Calm on non–work
activity impairment outcomes through daytime sleepiness over
time showed a good fit. We found a significant effect of the
Calm intervention on changes in daytime sleepiness (a path)
but no significant effect of change in daytime sleepiness on
change in activity impairment (b path). The Calm intervention
had a significant direct effect on activity impairment (c path);
however, this effect was not significantly mediated by an
indirect effect of the change in daytime sleepiness (a×b path).
The model fit and coefficient estimates for both models are
presented in Table 6.
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Table 6. Estimates for models evaluating sleep disturbance as a mediator of non–work activity impairment outcomes.

Model estimatesParameter

95% CIP valueβb (SE)

Insomnia symptomsa

−0.822 to−0.306b<.001b−0.257b−0.553b (0.129b)Effect of Calm on Δ in insomnia (a path; X→M)

2.050 to 4.281b<.001b.736b3.173b (0.705b)Effect of Δ in insomnia on Δ in non–work activity impairment (b path; M→Y)

−2.933 to

−0.176b
.01b−0.178b−1.647b (0.673b)Total effect of Calm on Δ in non–work activity impairment (c path; sum of

direct and indirect effects)

−1.360 to 1.521.89.0120.109 (0.754)Direct effect of Calm on Δ in non–work activity impairment (c′ path; X→Y,
accounting for M)

−2.995 to

−0.871b
.002b−0.384b−1.756b (0.565b)Indirect effect of Δ in insomnia (a×b)

Daytime sleepinessc

−0.456 to

−0.072b
.006b−0.194b−0.257b (0.094b)Effect of Calm on Δ in daytime sleepiness (a path; X→M)

−0.761 to 3.809.84.1951.345 (6.757)Effect of Δ in daytime sleepiness on Δ in non–work activity impairment (b
path; M→Y)

−2.917 to

−0.195b
.02b−0.176b−1.609b (0.691b)Total effect of Calm on Δ in nonwork activity impairment (c path; sum of direct

and indirect effects)

−2.626 to 0.446.55−0.138−1.263 (2.114)Direct effect of Calm on Δ in non–work activity impairment (c′ path; X→Y,
accounting for M)

−1.374 to 0.135.87−0.038−0.346 (2.025)Indirect effect of Δ in daytime sleepiness (a×b)

aRoot mean square error of approximation 0.058, comparative fit index 0.906, and Tucker-Lewis index 0.885.
bSignificant differences from group comparisons.
cRoot mean square error of approximation 0.039, comparative fit index 0.952, and Tucker-Lewis index 0.941.

Discussion

Principal Findings
The primary aim of this study was to examine whether the
beneficial effects of a Calm mobile app intervention for sleep
problems (namely, insomnia and daytime sleepiness) would
result in indirect benefits for productivity (ie, absenteeism,
presenteeism, overall productivity impairment, and non–work
activity impairment) among employees of a large retailer in the
United States. Web-based, synchronous sleep coaching was
also provided for a small subset of those with elevated insomnia
symptoms). Even in the absence of significant main effects of
the complete Calm intervention on productivity outcomes, we
found that changes in insomnia indirectly influenced the effects
of Calm intervention on presenteeism, overall productivity
impairment, and non–work activity impairment over the 8-week
study period. For all 3 outcomes, Calm intervention exerted
indirect effects on productivity impairment by producing
significant reductions in insomnia symptoms over time, which
corresponded to greater reductions in productivity impairment
over time. There were no significant indirect effects of Calm
intervention on absenteeism through insomnia or on any of the
4 productivity impairment outcomes through daytime sleepiness.
Therefore, although the Calm intervention was effective in
reducing both insomnia symptoms and daytime sleepiness, it
would likely be the reductions in insomnia symptoms that would

have primary benefits for productivity. This is one of the first
studies to suggest that a mindfulness meditation mobile app
implemented in the workplace may reduce productivity
impairment through the mechanism of improved sleep.
Additional research is needed to replicate and confirm these
findings using other employee samples. Although the fit
statistics suggested that our models provided an acceptable to
good fit for the data, replication studies should also explore
additional employee retention strategies (eg, incentives for
assessment completion) to increase data availability and enhance
confidence in our model estimates. Furthermore, future work
could focus more specifically on causal relationships between
engagement with the app or coaching, sleep, and work
productivity over time.

Changes in Insomnia Symptoms as a Mediator of
Productivity Outcomes
It is not surprising that a mindfulness mobile app intervention
may improve productivity by reducing insomnia symptoms over
time. This finding is consistent with the results from a recent
randomized controlled trial, in which sleep-disturbed adults
who used Calm experienced reductions in cognitive and somatic
presleep arousal, which are 2 aspects of sleep that are closely
linked to insomnia [24]. A follow-up analysis from that study
showed that improvements in presleep arousal (but not daytime
sleepiness) also served as a mechanism of action [31] by which
Calm improved other dimensions of well-being (ie, anxiety and
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depression). Cognitive and somatic presleep arousal refers to
the inability to shut off one’s thoughts (cognitive) and relax
physically (somatic) in preparation for sleep. Both are elevated
among individuals with insomnia and are closely related to the
core symptoms of insomnia disorder [3,43,44]. Notably,
approximately one-fourth of the participants screened positive
for a likely insomnia diagnosis with at least moderate clinical
symptoms, and only approximately one-third of those
individuals self-reported the same diagnosis. This suggests that
many employees may not be aware of and/or have access to
care for their clinical insomnia symptoms. Without tools such
as mindfulness apps to address their symptoms, this illustrates
a missed opportunity to influence employee sleep and
productivity.

We also did not find a significant indirect effect of the Calm
intervention on absenteeism through changes in insomnia
symptoms. In the available literature, absenteeism has been less
consistently related to sleep disturbance in the workplace than
to other measures of productivity impairment [7]. We also
observed relatively low rates of health-related absenteeism at
baseline (ie, only 204/974, 20.9%, of the sample reported an
absence at baseline). Thus, the effects of the intervention on
absenteeism may be relevant for only a small minority of retail
employees.

Employers incur immense costs because of insomnia-related
productivity impairments. Our findings suggest that reductions
in insomnia symptoms may be a key driver of reduced
productivity impairment for employees and that mindfulness
apps such as Calm, plus additional coaching support where
indicated, can serve as accessible and scalable first-line
interventions to address both. Future work could examine how
specific content—–or use at particular times of day—may affect
sleep and productivity. For example, one could examine whether
it is more beneficial to use sleep content at bedtime, general
mindfulness meditation while winding down in the evening, or
a combination of both, as well as whether this varies by
employee or work schedule (eg, varying shift work vs consistent
schedule). Furthermore, one may examine whether coaching
works synergistically with the app itself, such that app use
increases after certain coaching interactions.

Change in Daytime Sleepiness as a Mediator of
Productivity Outcomes
It is somewhat surprising that the Calm intervention did not
appear to work indirectly on productivity impairment through
changes in daytime sleepiness, especially given that daytime
sleepiness is closely linked to workplace productivity and
manifests primarily during work hours. However, this finding
is consistent with results from a prior randomized controlled
trial evaluating the effects of Calm in adults with sleep
disturbance. In that study, Calm reduced symptoms of daytime
sleepiness, and these changes were directly associated with (but
did not mediate) reductions in anxiety and depression [24].
Daytime sleepiness is also driven by many other sleep concerns,
in addition to insomnia and insufficient sleep duration, including
medical problems such as obstructive sleep apnea, which are
not likely to be improved by meditation [45]. Thus, although
commercial mindfulness apps may improve daytime sleepiness

in certain cases, this may be a secondary benefit rather than a
mechanism of action.

Therefore, the primary benefit of a mindfulness mobile app
intervention on productivity impairment appears to be in helping
users fall asleep more easily and reduce their distress about
sleep (which is a key feature of insomnia), which presumably
improves their ability to focus and be productive at work.
Mechanistically, mindfulness practice encourages nonattachment
to one’s internal experience (eg, racing thoughts, tense body,
and difficulty settling for bedtime) [46], which may be
particularly beneficial when attempting to fall asleep or go back
to sleep after nighttime awakening. Taken together, these
findings suggest that addressing insomnia symptoms is key to
reducing work productivity impairment and non–work activity
impairment among retail employees.

Strengths
This study builds on existing knowledge about the benefits of
implementing a mindfulness meditation mobile app in a
workplace setting and its ability to affect productivity
impairment through improvements in sleep. The strengths of
this study include (1) a pragmatic randomized trial in a diverse
sample of employees of a large retail company with sites
distributed across the United States, thus maximizing
generalizability to other US workplace settings; (2) a
mechanistic approach to enhance our knowledge about how
mobile mindfulness apps such as Calm, along with supplemental
coaching, may reduce productivity impairment in employees;
(3) frequent assessment of outcomes (ie, every 2 weeks
throughout the study period), which allowed for a more rigorous
evaluation of indirect effects; and (4) naturalistic use among
participants (ie, participants were instructed to use the app for
10 minutes per day but received no other instructions or curation
of content). Thus, employee engagement with Calm (and the
observed benefit) was likely representative of how employees
would use the app and associated services if they were offered
as an employee benefit.

Limitations
Despite its strengths, this study had several limitations. First,
there was a large degree of attrition, leading to substantial
missingness and potential bias in our parameter estimates (see
Multimedia Appendices 1-3 for missing data reports), which
may also correspond to a more limited engagement with the
Calm intervention. There were multiple barriers to
communicating with employees throughout the recruitment and
study periods, which contributed to attrition (reported in the
study by Huberty et al [30]). We attempted to account for any
systematic differences between included and nonincluded cases
by including covariates for any demographic characteristics that
could be related to differential study attrition and patterns of
missingness among outcome variables and covariates. Although
data were not missing completely at random, we considered
that data could be assumed to be missing at random and that
our selected covariates could explain some of the missingness
of key outcomes. The full information likelihood estimator,
alongside the inclusion of strong auxiliary variables, has been
shown to reproduce unbiased estimates of effects, even when
missingness is initially nonignorable [47,48]. Considering that
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participants in this study shared a large degree of initial data
(eg, demographics and baseline measures of sleep and
productivity outcomes) and that included covariates were related
to missingness, we feel confident that the full information and
auxiliary variable approach we used here adequately accounts
for missing data. Future studies with more comprehensive
implementation strategies are required to overcome some of the
barriers encountered with employee communication,
participation, and attrition. Second, although participants were
diverse in terms of gender, wage type, and the types of
experienced medical and mental health concerns, the study
sample was limited in terms of racial and ethnic diversity. Thus,
future studies with more focused recruitment efforts on
employees from diverse racial and ethnic backgrounds are
warranted. Third, this study involved the Calm app plus sleep
coaching, and it is unclear which effects can be attributed to the
Calm app alone versus sleep coaching intervention. Finally, this
study is limited by its use of self-report measures, with no formal

clinician assessment of sleep disturbances. Future work may
incorporate more formal sleep assessment data, for example,
by using objective monitoring (ie, actigraphy), direct clinician
observation, or the incorporation of employee data from medical
claims or electronic health records.

Conclusions
Commercial mindfulness apps provide a unique opportunity to
deploy easily accessible and scalable interventions that can
improve employees’ sleep and productivity. Mindfulness
interventions are increasingly being shown to improve sleep
among the employed population, and there is growing evidence
that mobile-delivered mindfulness apps such as Calm can serve
as a feasible alternative to in-person interventions, with similar
benefits. The present results show that not only does a mobile
mindfulness app produce benefits for sleep among the working
population but that improvements in insomnia in particular may
play a key mechanistic role in reducing productivity impairment.
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Abstract

Background: The exclusive breastfeeding rate in Malaysia is still not satisfactory. Previous studies have shown that breastfeeding
self-efficacy is one of the determinants of exclusive breastfeeding, and it can be improved using social cognitive theory. WhatsApp,
which is widely used among Malaysians, could be leveraged as a platform to deliver health education interventions.

Objective: This study aimed to develop, implement, and evaluate the effect of using a face-to-face and WhatsApp-based health
education intervention based on social cognitive theory, namely the Self-Efficacy in Breastfeeding (SeBF) module, on mothers'
self-efficacy, knowledge, and attitudes in a district in Selangor state.

Methods: This study was a 2-arm, parallel, single-blind, cluster randomized controlled field trial with an intervention and a
control group involving primigravida or multigravida mothers who reside in a district in Selangor state and did not exclusively
breastfeed during their previous pregnancy. All 12 maternity and pediatric clinics in this district were randomly divided into 6
intervention and 6 control groups. A total of 172 pregnant mothers were randomly assigned to the intervention group (n=86) or
the control group (n=86). The control group received usual routine care. The primary outcome was breastfeeding self-efficacy,
while secondary outcomes were knowledge and attitude toward breastfeeding. Each subject was assessed at 4 time points: at
baseline, immediately after the intervention, 4 weeks post partum, and 8 weeks post partum. Generalized mixed model analysis
was applied to measure the effect of health education on breastfeeding self-efficacy, knowledge, and attitude after the intervention.

Results: The response rate was 81% (139/172), with the dropout rate being 7% (6/86) in the intervention group and 31% (27/86)
in the control group. In the intent-to-treat analysis, the intervention group showed a significant increase in the mean total
breastfeeding self-efficacy score 8 weeks after delivery compared with the control group (F21,601=111.73, P<.001). In addition,
the mean total score for breastfeeding knowledge increased significantly in the intervention group after the intervention compared
to the control group (F21,601=8.33, P<.001). However, no significant difference was found in the mean total score for breastfeeding
attitude after the intervention (F21,602=5.50, P=.47).

Conclusions: Face-to-face and WhatsApp-based participation in the SeBF program, designed on the basis of social cognitive
theory, contributed to improved self-efficacy and knowledge about breastfeeding. Further studies need to be conducted with a
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longer duration (until 6 months post partum) to evaluate its effectiveness in increasing exclusive breastfeeding. Furthermore, new
strategies in health education need to be developed to improve breastfeeding attitudes.

Trial Registration: Thaiclinicaltrials.org TCTR20200213004; https://www.thaiclinicaltrials.org/show/TCTR20200213004

(JMIR Mhealth Uhealth 2022;10(9):e31996)   doi:10.2196/31996

KEYWORDS

self-efficacy; breastfeeding; intervention; social cognitive theory

Introduction

Background
The overall prevalence of exclusive breastfeeding in Malaysia
was 47.1% (95% CI 43.13-51.18) [1], which is below the
national target of 70% by 2025 [2]. Previous studies have shown
that breastfeeding self-efficacy is one of the determinants of
exclusive breastfeeding [3,4]. Breastfeeding self-efficacy refers
to a woman's confidence in breastfeeding ability with an infant
[3,5]. Several factors are associated with breastfeeding
self-efficacy, including support and guidance, experience and
stress, postpartum experiences, and social environment [5-7].
Social cognitive theory (SCT) has been shown to be effective
in previous breastfeeding self-efficacy intervention studies
[8-13]. SCT involves a cognitive dynamic process that assesses
individuals' beliefs and ability to engage in healthy behaviors
[8].

On the other hand, several methods have been used to deliver
knowledge and skills to mothers, including face-to-face
conversations, phone calls, and web-based applications
[5,10-12,14,15]. WhatsApp, a cross-platform application that
works on all major smartphone platforms such as Android,
iPhone, and Windows Mobile, has approximately 500 million
users worldwide [16]. According to a recent study [17],
WhatsApp is preferred by 98.7% of Malaysian respondents,
while Facebook Messenger is preferred by 54% of them. Given
the widespread use of WhatsApp, we sought to evaluate the
effectiveness of its use in providing health education to pregnant
women.

Objectives
This study aimed to determine the effect of an SCT-based
intervention called Self-Efficacy in Breastfeeding (SeBF) to
improve breastfeeding self-efficacy through face-to-face
communication and WhatsApp.

Methods

Study Design
This 2-arm, parallel, single-blind cluster randomized controlled
field trial, comprising an intervention group and a control group,
was conducted at maternal and child health clinics in Hulu
Langat district, Selangor, Malaysia. The health clinics are
considered a cluster for this study. The intervention group
received the SeBF intervention, whereas the control group
received standard routine brief counselling by health care
personnel about breastfeeding and breastfeeding pamphlets.

Recruitment and Inclusion Criteria
Pregnant women between 34 and 37 weeks of gestation, who
presented for antenatal care at maternal and child health clinics,
were offered participation in this study, and their eligibility was
assessed. Eligible mothers were primigravida or multigravida
women who had not exclusively breastfed during a previous
pregnancy and had a cell phone with Internet access and the
WhatsApp app. Mothers who were taking medications such as
anticancer drugs and those who had medical or
pregnancy-related complications that hindered or complicated
breastfeeding (heart disease, cancer, nephritis, active or
untreated tuberculosis, HIV or AIDS, active breast herpes
lesions, and severe malnutrition) were excluded from this study
[14]. During recruitment, all participants have been informed
that intervention was being offered. Mothers who expressed
interest were provided with participant information sheets and
informed consent forms.

Randomization and Allocation Concealment
The cluster comprised 12 maternal and child health clinics in
Hulu Langat District. All chosen health clinics were randomly
allocated into intervention and control groups by a nurse who
was not involved in this study. All selected clinics were labeled,
and Stat Trek software was used to perform simple
randomization with a 1:1 allocation ratio [15]. The researcher
was only aware of the intervention group's assignment after the
randomization procedure was completed. Antenatal mothers
who met the eligibility requirements were recruited and
consented with an equal number of participants assigned to each
clinic. Participants were blinded to group assignments.
Participants were blinded to the fact that awareness of being
part of the control group could influence their responses to the
questionnaires.

Sample Size Calculation
The sample size was estimated on the basis of Lemeshow and
Lwanga's Sample Size Determination in Health Studies [18].
The formula for 2 population proportions was used for
hypothesis testing purposes. The sample size calculated was on
the basis of a 30% increase in breastfeeding self-efficacy in the
control group and a 55% increase in breastfeeding self-efficacy
in the intervention group [11], with an α of .05 and β of .20, an
intraclass correlation coefficient of 0.05 [19], attrition rate of
20% [20], and an average cluster size of 20 with a design effect
of 2.45. After adjusting for the clustered design effect, the final
minimum sample size required was 160 participants, with 80
participants in the intervention and control groups.
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Intervention Module
The SeBF intervention was a newly developed module to
improve breastfeeding self-efficacy among mothers. The
development was based on SCT and prior intervention studies
[5,8-10,12,15,18]. Breastfeeding self-efficacy was the main aim
as it is one of the important determinants for successful
exclusive breastfeeding [21]. Based on this intervention's
success, it will be further evaluated for exclusive breastfeeding
purposes.

This newly developed SeBF module was consulted and
discussed with 2 Public Health Medicine Specialists and a
Nutrition Specialist. This intervention module applied the SCT
constructs such as observational learning, personal experience,
verbal persuasion, problem-solving, self-efficacy, and outcome
expectation. The SCT constructs used in the SeBF module
showed in Multimedia Appendix 1.

The SeBF module was developed to be delivered face to face
and through WhatsApp. The intervention consisted of training
and reinforcement phases. The training phase involved a
face-to-face session of 30 minutes, while the reinforcement
phase involved WhatsApp messages weekly until 4 weeks post
partum. The WhatsApp messages were sent every Monday at
2:30 PM for 15 minutes. The WhatsApp group function was
used to distribute information, concerns, and issues; clarify any
misunderstandings about breastfeeding practice; and provide a
reminder to all participants.

The privacy and confidentiality of the participants were
protected via a private group formation on WhatsApp. Thus,
no other person apart from those recruited by the researcher
could have access to the group. In addition, no personal
information was exposed in the WhatsApp group. This module
has been pilot-tested among 30 antenatal mothers not included
in the main study. The SeBF intervention was delivered by a
researcher who is also a medical doctor.

Study Instruments
The primary outcome of this intervention study was self-efficacy
in breastfeeding scores, and the secondary outcome represents
scores on knowledge and attitudes toward breastfeeding. These
outcomes were assessed in the intervention and control groups
immediately post intervention, 4 weeks post partum, and 8
weeks post partum.

Breastfeeding Self-efficacy
The 13-item Breastfeeding Self-Efficacy Scale–Short Form was
used to assess mothers' confidence in their ability to successfully
breastfeed their infant [22,23]. All items are preceded by the
phrase “I can always” and are anchored on a 5-point Likert
scale, where 1=“not at all confident” and 5=“always confident”
[10]. Each item is presented positively, and the sum of the scores
gives a range of 14 to 65, with higher scores indicating greater
breastfeeding self-efficacy [10]. The Cronbach α coefficient
was .90 [24].

Knowledge on Breastfeeding
A validated questionnaire with 47 items was used to assess
knowledge about breastfeeding. These included general
knowledge, benefits to mothers and babies, effective feeding

method, duration of breastfeeding, expressed breast milk (EBM),
storage of EBM, complementary foods, and problems with
breastfeeding [25]. Each item had categorical responses of
“True,” “False,” or “Not sure.” A correct answer was scored as
“1,” while a wrong and an unsure answer were scored as “0.”
The total knowledge score ranged from “0” to “47,” with higher
scores representing more knowledge. The internal consistency
of Cronbach α was .70 [25].

Breastfeeding Attitude
The 16-item Iowa Infant Feeding Attitude Scale was used to
assess mothers' attitudes toward breastfeeding [26,27]. Mothers
were asked to indicate the extent to which they agreed with each
statement on a 5-point Likert scale ranging from 1=“strongly
disagree” to 5=“strongly agree.” Items endorsing formula
feeding were reverse-scored (1=5, 2=4, 3=3, 4=2, and 5=1),
and an overall attitude score was calculated from the equally
weighted sum of responses to each item. The total attitude scores
ranged from “16” for a positive attitude toward formula
breastfeeding to a maximum score of “80” for an attitude
favoring breastfeeding. The Cronbach α for this instrument was
≥.85 [28].

Data Collection
The data collection for this study was conducted from January
to December 2020. Baseline data were collected after
participants' recruitment. A second assessment was conducted
immediately after the training phase, followed by 4 and 8 weeks
post partum. Concurrently, data from the control group were
also collected at the same 4 time points. Attendance at the
maternity and child health clinic was severely affected by the
pandemic COVID-19. For the 4- and 8-week postpartum
follow-ups, data collection was switched from hard copy
self-administered questionnaires to Google Forms.

Statistical Analysis
SPSS (version 25; IBM Corp) was used for the analyses.
Shapiro-Wilk, Komolgorov-Smirnov, and histogram tests were
used to determine normal distribution. In the descriptive study,
data were presented as mean, SD, frequency, and percentage
values. The Pearson chi-square or Fisher exact test was used to
determine the homogeneity of baseline data between the
intervention and control groups for categorical data, and the
Student t test was used for continuous data. The effectiveness
of the intervention was determined using generalized mixed
model analysis (GLMM), which controlled for baseline data
covariates such as age, ethnicity, education level, maternal
employment, and monthly family income. A significance level
of .05 with a 95% CI was used for the study. Thus, the null
hypothesis with a P value of >.05 was rejected.

Ethics Approval
The National Medical Research Registry granted ethical
approval for this study (NMRR-19-2712-50586). Each
respondent provided written and informed consent during the
data collection process. All participants’ information was kept
strictly confidential. The study was prospectively registered in
the Thai Clinical Trial Registry with identification number
TCTR20200213004.
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Results

Response Rate
A total of 139 mothers completed all 4 points of follow-up,
resulting in a response rate of 81% (139/172) 8 weeks after

delivery. The dropout rate was 31% (27/86) in the control group
and 7% (6/86) in the intervention group. Figure 1 summarizes
the final research schedule based on the CONSORT
(Consolidated Standards of Reporting Trials) statement
(Multimedia Appendix 2) [29].

Figure 1. Sample recruitment and dropouts throughout the study period.

Baseline Data
Table 1 provides an overview of the baseline data for the
respondents. There were no significant differences in categorical
or continuous variables between the intervention and control

groups (P>.05). The household income in Malaysia was
categorized as the B40 (below 40% of population) group, the
M40 (middle 40% of population) group, and the T20 (top 20%
of the population) group [30].
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Table 1. Distribution of continuous and categorical variables at baseline (n=172).

Difference between the conditionsControl (n=86)Intervention (n=86)Variables

P valueFisher exact test or
t test (df)

.25N/AaMother’s current age (years), n (%)

18 (21)24 (28)19-24

66 (77)57 (66)25-35

2 (2)5 (6)36-45

.09N/AEthnicity, n (%)

75 (87)73 (85)Malay

2 (2)4 (5)Chinese

8 (9)3 (3)Indian

1 (1)6 (7)Others

.48N/AHighest education level, n (%)

5 (6)2 (2)Primary

25 (29)28 (33)Secondary

56 (65)56 (65)Higher education

.33N/AMother’s employment status, n (%)

24 (28)28 (32)Unemployed

9 (10)4 (5)Self-employed

11 (13)7 (8)Government sector

42 (49)47 (55)Private sector

.25N/ATotal monthly household income (Malaysian Ringgit [RM]; 1 RM=US $0.22)b, n (%)

58 (67)62 (72)B40 (<RM 4850)

23 (27)23 (27)M40 (RM 4850-10,959)

5 (6)1 (1)T20 (>RM 10,960)

.11–1.63 (169)24.38 (8.61)22.44 (6.82)Total score for breastfeeding self-efficacy, mean (SD)

.15–1.45 (169)24.12 (8.27)22.44 (6.83)Total score for breastfeeding knowledge, mean (SD)

.51–0.67 (169)56.97 (6.69)56.27 (7.00)Total score for breastfeeding attitudes, mean (SD)

aN/A: not applicable.
bHousehold income was categorized on the basis of the Department of Statistics Malaysia’s classification of B40, M40, and T20.

Primary and Secondary Outcomes
Table 2 compares breastfeeding self-efficacy, knowledge about
breastfeeding, and attitudes toward breastfeeding between the
intervention and control groups at baseline, immediately after
training, and 4 and 8 weeks post partum. Bivariate analyses
show no significant difference between intervention and control
groups for all time points, except for the total score for
knowledge 8 weeks post partum.

Table 3 shows the GLMM results for the values of self-efficacy,
knowledge, and attitude toward breastfeeding after controlling
for covariates. The results show a significant difference between
the intervention and control groups for self-efficacy and
knowledge of breastfeeding (F21,601=111.728, P<.001 and

F21,601=8.331, P<.001, respectively). However, there was no
significant difference between the two groups for attitudes
toward breastfeeding.

Figure 2 shows that breastfeeding self-efficacy improved in the
intervention group over all 4 time points. The control group had
an almost identical pattern to that of the intervention group.
Although the control group showed an almost similar trend to
the intervention group, it did not reach a high level of
self-efficacy at 8 weeks after the intervention. Regarding
breastfeeding knowledge, Figure 3 shows that the overall rating
of breastfeeding knowledge improved for all respondents in the
intervention group compared to that in the control group. Figure
4 shows that attitudes toward breastfeeding did not improve
after the intervention study.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 9 |e31996 | p.177https://mhealth.jmir.org/2022/9/e31996
(page number not for citation purposes)

Mohamad Pilus et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Table 2. Breastfeeding self-efficacy, knowledge, and attitudes between intervention and control groups at baseline, immediately after the intervention,
and 4 and 8 weeks post partum.

8 weeks post partum4 weeks post partumImmediately post interventionAt baselineVariables

Total score of self-efficacy

53.34 (9.16)52.60 (9.29)24.02 (6.37)22.44 (6.82)Intervention group score, mean (SD)

51.89 (8.44)51.22 (9.32)24.37 (8.55)24.38 (8.61)Control group score, mean (SD)

0.90 (145)0.95 (161)–0.30 (169)–1.63 (169)t test (df)

.37.34.76.11P value

–1.58 to 4.20–1.50 to 4.26–4.28 to 0.41–6.43 to –0.7195% CI for difference of means

Total score of knowledge

27.54 (5.98)26.10 (5.66)24.02 (6.405)22.44 (6.83)Intervention group score, mean (SD)

24.57 (7.41)25.11 (7.43)24.12 (8.217)24.12 (8.27)Control group score, mean (SD)

2.54 (141)0.94 (157)–0.08 (169)–1.45 (169)t test (df)

.01a.35.94.15P value

0.65 to 5.29–1.09 to 3.08–2.32 to 2.13–3.97 to 0.6195% CI for difference of means

Total score of attitudes

57.35 (6.06)56.71 (5.53)56.26 (6.99)56.27 (7.0)Intervention group score, mean (SD)

58.88 (8.56)57.91 (7.789)56.98 (6.66)56.97 (6.7)Control group score, mean (SD)

–1.25 (140)–1.13 (158)–0.69 (170)–0.67 (170)t test (df)

.24.27.49.50P value

–4.11 to 1.05–3.33 to 0.93–0.72 to 1.04–2.76 to 1.3795% CI for difference of means

aStatistically significant at P<.05.

Table 3. The effect of health education on mothers' overall ratings of self-efficacy, knowledge, and attitudes toward breastfeeding.

P valueaF test (df)Outcomes and parameters

Total scores of breastfeeding self-efficacy

.360.85 (1, 601)Group

<.001b413.95 (3, 601)Time

<.001b111.73 (21, 601)Group×time

Total scores of breastfeeding knowledge

.02b6.38 (1, 601)Group

.005b4.29 (3, 601)Time

<.001b8.33 (21, 601)Group×time

Total scores of breastfeeding attitudes

.340.91 (1, 602)Group

.770.38 (3, 602)Time

.475.50 (21, 602)Group×time

aUsing a generalized linear mixed model adjusted for respondents’ age, ethnicity, level of education, employment, and household income.
bStatistically significant at P<.05.
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Figure 2. Total scores on self-efficacy, showing the interaction between group and time, for all respondents.

Figure 3. Total scores on breastfeeding knowledge, showing the interaction between group and time, for all respondents.

Figure 4. Total scores of attitudes on breastfeeding showing the interaction between group and time, for all respondents.
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Discussion

Principal Findings
The purpose of the current study was to develop, implement,
and evaluate the effect of the SeBF intervention on breastfeeding
self-efficacy among antenatal mothers in Hulu Langat District,
Selangor. The module was developed on the basis of SCT and
delivered face to face and on WhatsApp. The findings showed
that the intervention group had significantly increased their
breastfeeding self-efficacy and knowledge scores compared to
the control group. These significant changes could be
contributed by the use of the SCT, namely observational
learning, personal experience, verbal persuasion, and
problem-solving to fulfil the end expectation and breastfeeding
self-efficacy [31-33]. It included an antenatal period that began
at the earliest 34 weeks of pregnancy and a postpartum period
that lasted until 8 weeks post partum. It helped ensure that all
intervention participants received an adequate and optimal dose
of the SeBF intervention during the most critical period, from
the third trimester of pregnancy to 8 weeks post partum [32].
Numerous approaches, including educational talk, practical
breastfeeding videos, model demonstrations, and group
discussions, contributed to respondents’ increased self-efficacy.
The usage of mobile technology, specifically WhatsApp, may
have improved the primary and secondary outcomes. It
facilitated the communication between the researcher and the
participants in the intervention group. Hence, any problems
faced by the mothers can be solved immediately. WhatsApp
was chosen because it is a popular social media platform among
Malaysians [30]. Therefore, it is readily used rather than
requesting the respondents to install other new applications for
this study.

Comparison With Prior Work
This study’s findings are consistent with those of a previous
study conducted in Iraq [13], indicating a significant difference
in the change in mean breastfeeding self-efficacy scores between
mothers who received the intervention and those who did not
receive the intervention by applying SCT in their study. This
study found that although all pregnant women in the study had
some prenatal visits before enrollment, their breastfeeding
knowledge was poor. This suggests the need to educate women
about breastfeeding during their routine antenatal appointments
[34]. Overall knowledge scores were higher in the intervention
group than in the control group. An Iranian study found that
women who received antenatal education have significantly
higher knowledge scores, which resulted in higher mean
breastfeeding self-efficacy scores; 53.98 (SD8.50) in the
intervention group and 43.41 (SD 8.12) in the control group
(P=.001) [13]. Another study in Canada reported the same result,
with a significant increase in participants' knowledge scores
following the educational breastfeeding intervention (mean
knowledge scores of 24.14, SD 4.08 post intervention vs 11.43,
SD 4.78 before the intervention, P=.001) [35].

There is no significant difference in the mean total score of
breastfeeding attitude between intervention and control groups
in this study. Our finding is consistent with a study in Jordan,
which found that despite an improvement in respondents'

self-efficacy for breastfeeding, their attitude ratings remained
unchanged [27]. Furthermore, a study conducted in India found
that the number of mothers with a favorable attitude dropped
from the first to the third follow-up visit, despite improved
knowledge at the baseline visit [36]. The most frequently cited
reasons for their change in attitude toward breastfeeding were
a perception of insufficient milk secretion, concern for the baby's
health, concern that the baby would not gain enough weight on
breastfeeding alone until 6 months, and complications such as
breast engorgement and sore nipples during breastfeeding [36].
Increasing the intensity of WhatsApp communication may help
improve the breastfeeding attitude and subsequently increase
breastfeeding self-efficacy [11,12].

Strengths and Limitations
This study was a randomized controlled field trial with a
reasonable participation rate and adequate follow-up despite
the COVID-19 pandemic during data collection. Randomized
assignment to the intervention and control groups makes the
two comparable and increases validity [36]. It is the first study
to employ innovative teaching and follow-up techniques for
breastfeeding intervention using WhatsApp. Modification of
educational materials and linking of responses to more
accessible and appealing social media platforms are critical
components of modern education [37].

However, this study has some limitations. Because of the
self-completed questionnaire used in this study, social
desirability may have been observed, with individuals
responding positively being considered successful breastfeeding
mothers. This study may also not be relevant to individuals who
do not have access to a smartphone, as the follow-up of the
intervention was conducted via WhatsApp. Furthermore, it is
difficult to track whether the intervention group read and
digested the material distributed on WhatsApp. In the future,
the researcher should ask respondents random questions to
determine if they understood the intervention material.

Replicating this intervention may be difficult with limited human
resources since it will impose an additional demand on health
care personnel. While some health care facilities may be able
to provide educational talk, group discussions, and WhatsApp
group follow-ups, others may find it time consuming and
difficult. Before adopting a clinic-level intervention,
considerations of appropriateness, time, and human resources
are required.

Conclusions
Participation in the SeBF intervention, a face-to-face and
WhatsApp-based intervention using SCT, significantly improved
self-efficacy and knowledge about breastfeeding. Nevertheless,
this study showed that respondents' attitudes did not improve.
This study showed that WhatsApp could be a practical tool in
complementing breastfeeding health education to mothers. The
user-friendly application can deliver simple and easy-to-read
health messages and facilitate communication between health
care providers and mothers. In future, the study period should
extend to 6 months to examine the module's capability in
attaining the exclusive breastfeeding goals. Furthermore, new
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strategies in health education need to improve breastfeeding attitudes.
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Abstract

Background: Hematological malignancies (HMs) are a heterogeneous group of cancers representing a significant cause of
morbidity and mortality. The chronification of HMs and the increasing use of smartphones may lead patients to seek their current
unmet needs through mobile health apps.

Objective: The goal of this review was to identify and assess the quality of smartphone apps aimed at patients diagnosed with
HMs.

Methods: A systematic search of apps that were aimed at patients diagnosed with HMs, accessed from a Spain IP address, and
were available on the iOS (App Store) and Android (Google Play) platforms was conducted in November 2021. The search terms
used were “hematology,” “blood cancer,” “leukemia,” “lymphoma,” and “myeloma” apps in English, Spanish, or both languages.
The identified apps were downloaded and analyzed independently by 2 reviewers. Information about general app characteristics
was collected. The Mobile Application Rating Scale (MARS) was used to assess quality. The resulting parameter of the analyses,
the mean score of the apps, was compared by Student t test.

Results: Overall, 18 apps were identified; 7 were available on Android, 5 were available on iOS, and 6 were available on both
platforms. All included apps were free; 3 were published in 2021, and among the apps published before 2021, only 6 were updated
in 2021. Most (16/18, 89%) of the apps were aimed at patients with leukemia or lymphoma (16). The primary purposes of the
apps were to provide general information about the condition (16/18, 89%) and monitor symptoms and clinical parameters (11/18,
61%). Health care professionals contributed to the development of 50% (9/18) of apps; 6 were owned and supported by scientific
societies, and 3 were developed with the participation of health care professionals. The mean MARS score for the overall quality
of the apps was 3.1 (SD 1.0). The engagement and aesthetics subscales were the lowest rated subscales, with only 44% (8/18)
and 67% (12/18), respectively, of the apps obtaining acceptable scores. None of the included apps proved clinical efficacy through
clinical trials in patients with HMs. Statistically significant differences were found in the MARS scores between operating systems
(+1.0, P=.003) in favor of iOS apps. The participation of health care professionals in the development of the apps did not have
a statistically significant impact on the MARS scores.

Conclusions: This systematic search and evaluation identified few acceptable quality mobile apps for patients with HMs. Current
and future apps for patients with HMs should provide evidence-based valuable information, improve user engagement, incorporate
functions according to patient preferences, and generate evidence regarding the efficacy of app use by patients with HMs.
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Introduction

Hematological malignancies (HMs) are a heterogeneous group
of cancers that affect hematopoietic and lymphoid tissue. These
disorders constitute 6.8% of all cancers, representing a
significant cause of morbidity and mortality [1]. In the past
decade, an increased incidence rate of HMs has been described
[2,3], possibly due to a growth in life expectancy and the aging
of the population [4].

HMs are frequently aggressive and require urgent, lengthy, and
burdensome treatment. The complexity of HM treatments could
reduce patient adherence and increase the risk of potential
drug-drug interactions and adverse events [5-10]. Furthermore,
patients with HMs and, specifically, patients with lymphoma
and myeloma often experience psychological despair and poor
quality of life throughout their illness course [11-13]. Although
HM treatments add a burden to various aspects of a patient’s
life, the wide range of treatments now available has significantly
improved the management of these patients, often transforming
HMs into chronic diseases with long-term survival [14,15].

The chronification of HMs in the digital era may lead patients
to seek their current unmet needs through internet-based health
care, mobile health (mHealth), and, specifically, smartphone
apps. An increase in mHealth use is a likely scenario, since the
use of smartphones is growing, with estimates indicating that
77.6% of Europeans own a smartphone [16]. In this context,
health apps designed for patients with HMs could serve as
additional tools for telemedicine, patient education and life
coaching, medication adherence, communication, and social
media connections [17-19].

As the number of health-related apps has increased rapidly in
the last decade, there is an increasing need for research to assess
the quality of eHealth tools and identify patients’ unmet needs.

This study aimed to identify apps that are accessible from Spain
and are designed for patients diagnosed with HMs, analyze their
characteristics, and evaluate their quality with the Mobile
Application Rating Scale (MARS) [20].

Methods

Search Strategy
A systematic search of apps that were aimed at patients
diagnosed with HMs, accessed from a Spain IP address, and
were available on the iOS (App Store) and Android (Google
Play) platforms was conducted from November 10, 2021, to
November 25, 2021. The search was carried out following the
PRISMA (Preferred Reporting Items for a Systematic Review
and Meta-analysis) guidelines [21].

The search terms used were “hematology,” “blood cancer,”
“leukemia,” “lymphoma,” “myeloma,” and their equivalents in

the Spanish language—“hematología,” “cáncer de Sangre,”
“leucemia,” “linfoma,” and “mieloma,” respectively.

The inclusion criteria used for selection were apps available in
English or Spanish that were targeted at patients with HMs and
included general information about HMs. The exclusion criteria
used were apps that included inappropriate content (including
horoscopes and astrology, among others), apps exclusively for
fundraising for HMs that did not provide functions or tools
designed for their use, or apps with nonfunctional links. The
apps analyzed had to comply with all inclusion criteria to be
included in the data extraction phase.

The names and descriptions of the apps from the search on
Google Play and the App Store were selected against a priori
selection criteria. The apps that met the inclusion criteria were
downloaded for further screening using an Mi 9 Lite smartphone
(Android version 10, Xiaomi Inc) for Google Play apps. For
the apps downloaded from the App Store, an iPad Pro 2020
(Apple Inc) running iPadOS 15.1 was used. For apps duplicated
across stores, the iOS app was evaluated because of the lower
number of apps in the App Store compared with those in Google
Play.

Data Extraction
Data were obtained from the App Store and Google Play online
app descriptions (app characteristics and the narrative text) by
2 independent researchers. Data were extracted and entered into
a structured Excel database (Microsoft Corp).

The variables collected for each app were the name,
developer/owner name, type of developer/owner (commercial,
scientific society, patient association), platform (Android or
iOS), language (English or Spanish), app store category (eg,
education, health and fitness, medicine), cost (€), date of
publication (year), date of the last update (year), app file size
(MB), app version, participation of health care professionals in
the design and development of the app (yes/no), and HM
targeted (eg, acute lymphocytic leukemia, multiple myeloma,
Hodgkin lymphoma).

The participation of health care professionals was considered
when specified in the app description or when the app was
developed by a health organization (eg, a scientific society or
a hospital). The purposes of the apps were classified into the
following categories: assessment (eg, providing clinical scales,
classifying adverse event severity, or interpreting laboratory
findings), general information (eg, information about HMs,
medications, or adverse events), the monitoring of clinical
parameters (eg, register of laboratory parameters or symptoms),
register of patient activities (eg, calendars for patients to add
appointments and treatment administration), and contact with
health care professionals or other patients.

A descriptive analysis was developed with continuous and
discrete variables presented as mean and standard deviation and
frequency and percentage, respectively. The means of
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continuous variables were compared using a t test. Results with
a P value of <.05 were considered statistically significant. The
generated data were analyzed using SPSS (version 26.0, IBM
Corp).

App Quality Evaluation
To evaluate app quality, the MARS tool was used [20]. The
MARS is a validated system to assess health apps that has been
described as the most comprehensive for evaluating technical
information and capabilities of apps [20,22,23]. This tool has
been widely used to evaluate health apps designed for many
diseases [24-30].

The MARS comprises 23 items across 5 subscales:

• Engagement: evaluates the entertainment, interest,
customization, interactivity, and adequacy of the target
group

• Functionality: assesses the performance, ease of use,
navigation, and gestural design of the app

• Aesthetics: examines the layout, graphics, and visual appeal
of the app

• Information: assesses the accuracy of the description,
establishment of goals, quality and quantity of information,
visual information, credibility of the source, and
evidence-based development of the app

• Subjective quality: determines willingness to recommend
app, times app will be used, willingness to pay, and overall
rating of app

Each criterion is evaluated from 1 to 5 (1=inadequate; 2=poor;
3=acceptable; 4=good; 5=excellent). A mean score of the 5
subscales is calculated to describe overall quality.

Before the app search was carried out, reviewers read and
became acquainted with the MARS tool. All authors then
discussed each rating criteria to achieve a consensus on how to
apply them. The first app included was evaluated concurrently
by all reviewers to ensure a common understanding and
application of the MARS tool. The apps included were
independently assessed by 2 reviewers, whose scores were then
compared, and a final MARS score was agreed upon. A third
reviewer was invited to resolve discrepancies if a consensus on
the final MARS score was not reached.

In order to quantify the subjectivity degree of the reviewers’
evaluations, the interrater reliability of the quality scores
between the independent evaluations was calculated using the
intraclass correlation coefficient (ICC) for a 2-way random
effects model.

Results

Overview
The titles, descriptions, and screenshots of 1390 apps were
screened in a pair-review fashion. Overall, 18 apps met the
inclusion criteria for a comprehensive evaluation with the
MARS tool (Figure 1).

Figure 1. Prisma Flow-Chart.

App Characteristics
Table 1 displays the general features of the apps. Regarding the
apps available on the platforms searched, 7 were available on
Google Play (Android), 5 were available on the App Store (iOS),
and 6 were available on both platforms. The apps were
categorized in different sections in their respective platforms,
as follows: medicine (11), health and well-being (4), education
(1), news (1), and books and reference works (1). All apps

evaluated were free. The average file size of the apps was 27.2
(SD 25.3) MB.

Table 2 displays apps’ purposes and health care professional
involvement in their design. All 7 apps with a unique purpose
were designed to provide information about HMs and their
management. Eleven apps had multiple purposes, the most
frequent being providing information and monitoring symptoms
and clinical parameters. Overall, 9 of the apps were developed
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with the participation of health care professionals, 6 were owned
and supported by scientific societies, and 3 were developed with
the participation of physicians or nurses. None of the included

apps reported clinical efficacy through clinical trials in patients
with HMs.

Table 1. Smartphone app technical characteristics.

LanguagePlatformYear of the last updateYear of publicationName

SpanishEnglishiOSAndroid

✓✓20212019ALL Manager

✓✓20212017CLL Manager

✓✓✓20202017CLL Watch and Wait Tracker

✓✓✓✓20192018CML Life

✓✓✓✓20152015CML Today

✓✓20182017Don’t Walk Alone

✓✓20182013Focus on Lymphoma

✓✓20212019Hodgkin Lymphoma Manager

✓✓20182018Leucemia: Síntomas Y Tratamiento: FAQ

✓✓20202020Leukaemia (Leukaemia) News

✓✓20212021Leukemia: Causes, Diagnosis, and Treatment

✓✓✓20172017Leukemia Disease

✓✓20212021Leukemia Drug Tracker

✓✓✓20202020LLS CAR T

✓✓✓20212019LLS Health Manager

✓✓✓20212020LRF Understanding Lymphoma

✓✓20212021Mieloma

✓✓20212015Multiple Myeloma Manager
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Table 2. App purpose and health care professional involvement.

HPPaPurposeHematologic malignancyName

CPgCe,fRdMcIb 

✓✓✓✓✓ALLhALL Manager

✓✓✓✓✓CLLiCLL Manager

✓✓✓CLLCLL Watch and Wait Tracker

✓✓✓CMLjCML Life

✓✓✓CMLCML Today

✓✓✓✓✓CLLDon’t Walk Alone

✓✓✓✓✓LymphomaFocus on Lymphoma

✓✓✓✓✓HLkHodgkin Lymphoma Manager

✓LeukemiaLeucemia: Síntomas Y Tratamiento: FAQ

✓LeukemiaLeukaemia (Leukaemia) News

✓LeukemiaLeukemia: Causes, Diagnosis, and Treatment

✓LeukemiaLeukemia Disease

✓✓✓LeukemiaLeukemia Drug Tracker

✓✓HMlLLS CAR T

✓✓✓✓✓✓HMLLS Health Manager

✓✓LymphomaLRF Understanding Lymphoma

✓✓MMmMieloma

✓✓✓✓✓MMMultiple Myeloma Manager

aHPP: health care professional participation.
bI: general information.
cM: monitoring of symptoms and clinical parameters.
dR: register of patient activities.
eC: contact with health care professionals.
fThis feature was included in the app but was not available for Spanish patients.
gCP: contact with other patients.
hALL: acute lymphocytic leukemia.
iCLL: chronic lymphocytic leukemia.
jCML: chronic myeloid leukemia.
kHL: Hodgkin lymphoma.
lHM: hematological malignancy.
mMM: multiple myeloma.

App Quality Assessment
Tables 3 and 4 display the MARS subscales scores for the
individual apps. The scores in the functionality section were
similar between the apps. The movements between menus and
screens were fast and satisfactory for most apps. The most
remarkable differences were found in the information and
aesthetics sections, for which only 67% (12/18) and 61% (11/18)
of the apps showed acceptable scores (>3), respectively. None
of the apps were tested in clinical trials.

The mean MARS score was 3.1 (SD 1.0), considering this value
as acceptable. Table 5 contains the overall quality scores. For
5 apps, the mean MARS score was >4, meaning these apps were

of good quality. On the other hand, 7 apps received a mean
score of <3 and were classified as poor-quality apps.

iOS apps obtained better MARS scores when compared to apps
for Android (+1.0) points when comparing apps based on their
platforms. This difference was statistically significant for the
mean MARS score (P=.003) and for all 5 domains: engagement
(+1.0; P=.001), functionality (+0.6, P=.05), aesthetics (+1.1,
P=.01), information (+1.0, P=.01), and subjective evaluation
(+1.1, P=.002). For apps available on both platforms, the MARS
mean scores were higher than those for apps only available on
one of the platforms (+0.6, P=.19). The aesthetic domain score
was statistically superior for apps available on both platforms
(+1.2, P=.04). The participation of health care professionals
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had a positive impact on the appraisals of the apps (+0.6 points),
but no statistically significant differences were found (P=.22).

For the overall MARS ratings, the ICC was 0.94 (95% CI
0.75-0.98), confirming excellent interrater reliability. For the

engagement, functionality, aesthetics, information, and
subjective domains, the ICCs were 0.84, 0.86, 0.94, 0.95, and
0.93, respectively.

Table 3. The Mobile Application Rating Scale engagement and functionality subscales.

Functionality, scoreEngagement, scoreName

GDiNavhEUgPerfTgeIydCuscIntbEnta 

444444444ALL Manager

444444444CLL Manager

443542332CLL Watch and Wait Tracker

443342444CML Life

444542332CML Today

333343332Don’t Walk Alone

545453444Focus on Lymphoma

444444444Hodgkin Lymphoma Manager

333331122Leucemia: Síntomas Y Tratamiento:
FAQ

224231122Leukaemia (Leukaemia) News

112211112Leukemia: Causes, Diagnosis, and
Treatment

333231122Leukemia Disease

333232212Leukemia Drug Tracker

554541144LLS CAR T

444444334LLS Health Manager

343441144LRF Understanding Lymphoma

342323221Mieloma

444444444Multiple Myeloma Manager

3.5 (1.1)3.6 (0.9)3.4 (0.8)3.5 (1.0)3.6 (0.9)2.4 (1.2)2.6 (1.3)3 (1.1)2.9 (1.1)Overall, mean (SD)

aEnt: entertainment.
bInt: interest.
cCus: customization.
dIy: interactivity.
eTg: target group.
fPer: performance.
gEU: ease of use.
hNav: navigation.
iGD: gestural design.
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Table 4. The Mobile Application Rating Scale aesthetics and information subscales.

Information, scoreAesthetics, scoreName

CreiVIhQyIgQIfGoaeAADdVAcGrabLaya 

345535444ALL Manager

345535444CLL Manager

3N/A34N/Aj5434CLL Watch and Wait Tracker

3433N/A4434CML Life

34N/AN/A44334CML Today

2242N/A3445Don’t Walk Alone

3455N/A5445Focus on Lymphoma

345535444Hodgkin Lymphoma Manager

1N/A12N/A1121Leucemia: Síntomas Y Tratamiento:
FAQ

2N/A31N/A4121Leukaemia (Leukaemia) News

1N/A21N/A2121Leukemia: Causes, Diagnosis, and
Treatment

1N/A22N/A1121Leukemia Disease

1N/A13N/A4212Leukemia Drug Tracker

3544N/A5455LLS CAR T

343445434LLS Health Manager

3445N/A5554LRF Understanding Lymphoma

3N/A33N/A4213Mieloma

345535444Multiple Myeloma Manager

2.4 (0.8)4 (0.7)3.4 (1.4)3.5 (1.5)3.3 (0.5)4 (1.4)3.1 (1.4)3.1 (1.2)3.3 (1.5)Overall, mean (SD)

aLay: layouts.
bGra: graphics.
cVA: visual appeal.
dAAD: accuracy of app description.
eGoa: goals.
fQI: quality of information.
gQyI: quantity of information.
hVI: visual information.
iCre: credibility.
jN/A: not applicable.
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Table 5. The Mobile Application Rating Scale overall quality scores.

Overall score,
mean (SD)

Subjective quality
(score), mean (SD)

Information
(score),
mean (SD)

Aesthetics
(score),
mean (SD)

Functionality
(score), mean
(SD)

Engagement
(score), mean
(SD)

Name

4.1 (0.1)4.3 (0.8)4.2 (1.0)4 (0.0)4 (0.2)4 (0.0)ALL Manager

4.1 (0.1)4.3 (0.8)4.2 (1.0)4 (0.0)4 (0.2)4 (0.0)CLL Manager

3.4 (0.6)2.8 (0.4)3.8 (1.0)3.7 (0.5)4 (0.7)2.8 (0.8)CLL Watch and Wait Tracker

3.3 (0.5)2.4 (0.8)3.5 (0.6)3.7 (0.5)3.5 (0.5)3.6 (0.9)CML Life

3.3 (0.7)2.5 (0.9)3.8 (0.5)3.3 (0.5)4.3 (0.4)2.8 (0.8)CML Today

2.7 (0.5)1.8 (0.4)2.6 (0.9)2.8 (0.2)3 (0.0)3 (0.7)Don’t Walk Alone

4.2 (0.4)3.6 (0.5)4.4 (0.9)4.3 (0.5)4.6 (0.5)4 (0.7)Focus on Lymphoma

4.1 (0.1)4.3 (0.8)4.2 (1.0)4 (0.0)4 (0.2)4 (0.0)Hodgkin Lymphoma Manager

1.8 (0.7)1.5 (0.4)1.3 (0.5)1.3 (0.5)3 (0.0)1.8 (0.8)Leucemia: Síntomas Y Tratamiento: FAQ

2.0 (0.5)1.8 (0.4)2.5 (1.3)1.3 (0.5)2.5 (0.9)1.8 (0.8)Leukaemia (Leukaemia) News

1.3 (0.2)1.1 (0.2)1.5 (0.6)1.3 (0.5)1.5 (0.5)1.2 (0.5)Leukemia: Causes, Diagnosis, and Treat-
ment

1.8 (0.6)1.3 (0.3)1.5 (0.6)1.3 (0.5)2.8 (0.4)1.8 (0.8)Leukemia Disease

2.0 (0.5)1.5 (0.4)2.3 (1.5)1.7 (0.5)2.8 (0.4)2 (0.7)Leukemia Drug Tracker

3.8 (1.1)2.3 (0.8)4.2 (0.8)4.7 (0.5)4.8 (0.4)2.8 (1.7)LLS CAR T

3.5 (0.6)2.5 (0.4)3.8 (0.8)3.7 (0.5)4 (0.0)3.6 (0.5)LLS Health Manager

3.7 (0.8)3.1 (0.7)4.2 (0.8)4.7 (0.5)3.5 (0.5)2.8 (1.7)LRF Understanding Lymphoma

2.4 (0.7)1.7 (0.4)3.3 (0.5)2 (0.8)3 (0.7)2.0 (0.7)Mieloma

4.1 (0.1)4.3 (0.8)4.2 (1.0)4 (0.0)4 (0.2)4 (0.0)Multiple Myeloma Manager

3.1 (1.0)2.6 (1.1)3.3 (1.1)3.1 (1.3)3.5 (0.8)2.9 (0.9)Overall

Discussion

Principal Findings
Health apps have the potential to become a standard of care for
chronic patients. Apps have been associated with positive patient
outcomes such as improved adherence to medication and quality
of life and decreased use of health care–related resources [31].
Therefore, health apps may offer valuable tools for patients with
HMs in a health care context [17,32-34].

This systematic review highlighted the limited number of apps
available for patients with HMs. The number of apps identified
in this study was significantly lower than previously published
reviews on COVID-19, neoplasms, and specific types of cancer
such as breast cancer [35-37]. The apps were developed for a
narrow range of diseases that HMs encompass. Currently,
patients with acute myeloid leukemia or non-Hodgkin lymphoma
do not have access to eHealth tools in the main app stores that
specifically target these diseases. In addition, there is a lack of
apps specifically designed for children, regardless of them being
a significant population of patients with HMs who have distinct
needs [38,39].

The low number of apps found in this review may be due to
several reasons. First, HMs are relatively rare; according to the
Global Cancer Observatory, HMs account for an estimated 6.8%
of all cancers worldwide [1]. Similarly, systematic searches for
diseases with low prevalence tend to find few apps directed to

patients [1,24,40,41]. Second, strict exclusion criteria were
applied for app selection—specifically, the exclusion of apps
aimed at health care professionals, which may encompass half
of the health apps [42]. Third, HMs often affect older patients,
an age group for which developers may often not design eHealth
tools [43,44]. Older age has been associated with a lack of
interest in eHealth and smartphones [45,46]. This population
also faces additional barriers to using eHealth, such as physical
disability and technology inexperience [47,48].

All apps included for evaluation were designed to serve as an
information source or monitoring tool for medications and
symptoms. The information was not frequently reviewed and
updated, as only half of the HM apps (9/18, 50%) were updated
during 2021. The management of HMs is in continuous change,
often requiring guidelines and recommendations to be updated
with frequency, often yearly. As an illustration of this constant
evolution, the European Medicines Agency has recommended
for approval an average of 5 drugs for HMs per year [49]. The
growing arsenal of new treatments highlights the importance
of regularly updating apps according to changes in guidelines
and recommendations, as the management of HMs is a complex
field of constant change [50].

Among the few apps that complied with the inclusion criteria
for this study, the overall quality was acceptable. The highest
rated subscale on the MARS was functionality due to app
efficiency and ease of use. On the other hand, the engagement
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subscale was the worst evaluated, specifically the customization
and interactivity items. Poor results in the engagement domain
could mean that even if quality apps include valuable tools,
patients will use them for limited periods. Furthermore, the
customization of app interactions by setting personalized
reminders is perceived as highly beneficial by patients with
HMs [51-53]. Finally, the credibility item was poorly evaluated,
as the existence of commercial interests or the source’s
legitimacy could not be verified.

Currently, there is a lack of high-quality evidence on the eHealth
needs of patients with HMs. Surveys about communication
technologies conducted on hematology and oncology patients
found that mobile phones were the most frequently used device
to search for health-related information. Patients were highly
interested in staying informed about health issues, disease
prevention, healthy lifestyles, and general information about
the disease [31,54]. Patients seem to be interested in eHealth
helping with practical issues, such as appointment management,
the provision of advice on disease and symptom management,
and direct communication with health care professionals in
addition to providing information. Patients were less interested
in features that can add additional burdens to their daily
activities, such as recording and monitoring medication,
symptoms, and adverse events [31]. Patients with HMs also
desire the creation of communication channels that allow health
care professionals to answer their concerns rapidly [31]. A
scoping review of virtual care in patients with HMs described
high patient satisfaction with telemedicine interventions that
allowed clinicians and nurses to communicate via phone calls
or videoconferencing [33].

The 18 apps that were designed for patients with HMs and were
evaluated in this review did not fulfill the previously described
preferences. Although 17 apps provided information about the
disease, most of the information did not focus on disease
prevention, symptom management, or healthy lifestyles. In
addition, direct communication with health care professionals
for Spanish patients was not possible, and the management of
medical appointments was not an included feature. Further
research on the virtual care needs of patients with HMs is
warranted; surveys and validated questionnaires explicitly
designed for patients with HMs are needed to gain knowledge
of the unmet needs of these patients. Understanding patient
preferences through a continuous user-centered design is
essential for the success of mHealth for patients with HMs
[50,55]. The differences found between features included in
apps and the preferences of patients with HMs highlight the
apparent necessity of their participation in the design of
health-related apps. The inclusion of health care professionals
may not be sufficient to adequately provide quality apps that
cover patient needs, as there is a divide between the expectations
and needs of patients and those identified by health care
professionals [56,57].

Among the stakeholders involved in the management of HMs,
the participation of health care professionals in the development
of mHealth apps is frequently described as a critical factor
related to their general quality and, specifically, the quality of
the information provided [24,25,58]. A systematic review that
evaluated expert participation and adherence to medical evidence

in mHealth apps showed that the lack of participation of health
care professionals and inclusion of evidence-based information
were persistent characteristics of the available health apps [58].
However, even when these factors are potentially related, expert
involvement in the design does not guarantee adherence to
evidence-based content [58,59]. In this review, half of the apps
(9/18, 50%) targeting patients with HMs included the
participation of health care professionals in the development
phase. Nevertheless, we did not find statistically significant
differences in the quality scores based on this participation.
Furthermore, a cross-sectional survey of oncology and
hematology patients found that more than 80% of patients would
use an app if a health professional recommended it [60]. These
data suggest that health care professionals may also play a
crucial role in high-quality apps reaching patients with HMs.

Due to the complex nature of HMs, which often require highly
complex and burdensome therapeutic protocols, we could
presume that patients would benefit from additional tools that
help manage different aspects of the disease. However, the role
of apps in the care of patients with HMs is uncertain; a review
exploring the research on eHealth intervention in HMs found
that few trials were designed exclusively for patients with HMs.
These studies generally included mixed cancer groups composed
of a small sample of hematology patients; moreover, the
principal study results were not presented separately [34].
Similarly, among the 18 apps evaluated in this review, none
assessed the clinical impact of the intervention through clinical
trials; this finding is common among studies that evaluate health
apps, with authors often stating the need for studies that assess
the efficacy of health apps [23-25,37,61,62]. Additional
randomized controlled trials testing the efficacy of apps are
warranted before implementing this technology for managing
HMs, as eHealth may also increase the burden of treatment on
vulnerable patients [63,64].

Recommendations and Future Research for HM App
Development
Current and future apps for patients with HMs should focus on
improving the lowest rated subscales of the MARS scale:
engagement and aesthetics. Specifically, improvements are
needed in the interactivity, customization, and entertainment
features, as well as in graphical design and visual appeal. Further
refinement of the information provided may be needed in order
to deliver updated evidence-based information adapted to the
necessities and preferences of patients with HMs. In this context,
HM apps should be developed through a user-centered,
collaborative design process with the participation of all
stakeholders involved. The participation of health care
professionals can increase the credibility of apps and
trustworthiness of sources [24,25,58]. Furthermore, the
participation of patients with HMs is essential for developing
apps that fulfill their unmet needs, increasing their usability
[56,57]. App developers and stakeholders should work to include
apps in specialized and primary care assistance circuits by
adding functions that facilitate the access of patients with HMs
to health assistance through the management of appointments
and direct communication with health care professionals [31,54].
Regular updates of app contents should be performed to
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incorporate information that is consistent with recently generated
evidence.

Future research in the field of HM apps should focus on gaining
knowledge regarding the eHealth needs of patients with HMs,
conducting surveys that investigate the changing needs of
specific groups of patients with HMs, measuring the existence
of health app safety concerns, and generating evidence-based
data on the effectiveness of eHealth interventions through apps
in patients with HMs.

Limitations
This systematic review has several limitations. First, the
reviewers assigned a score for each category using brief
descriptions of what makes an excellent, regular, or mediocre
app. Thus, there was a degree of subjectivity when evaluating
apps using the MARS [21,22]. However, the multiple reviewer
design of this study may narrow the impact of this limitation
because of the high degree of interreviewer agreement observed.
Second, despite the MARS being a validated tool that is widely
used to assess the quality of apps for many diseases [23-29], it
does not consider aspects such as privacy, security, and the
frequency of updates to apps, which have been considered
aspects of particular relevance when evaluating the quality of

health software [65]. Third, as health care professionals, the
authors evaluated apps aimed at patients; this has limitations,
as we may not fully comprehend their needs and preferences
[56,57]. Fourth, the search was limited to 2 app platforms:
Google Play and the App Store. Although these platforms
encompass the vast majority of apps available on the market
[66], several platforms (Windows Phone, Blackberry Market,
etc) were not included in this review due to the lack of
availability of devices for performing the search among the
reviewers. Therefore, the possibility exists that some apps
dedicated to HMs were missed.

Conclusion
The potential for eHealth to improve the care of patients with
HMs exists. However, current apps need further refinement in
order to provide evidence-based valuable information, keep
users engaged, and provide a visually appealing interface.
Moreover, there is a need to generate evidence on the efficacy
of eHealth interventions in patients with HMs.

Future eHealth tools for patients with HMs should consider
including all stakeholders in the design phase. Notably, the
participation of patients in this phase will serve to design and
implement tools according to their currently unmet needs.
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Abstract

Background: The digital transformation has the potential to change health care toward more consumers’ involvement, for
example, in the form of health-related apps which are already widely available through app stores. These could be useful in
helping people understand their risk of chronic conditions and helping them to live more healthily.

Objective: With this study, we assessed mobile health app use among older Australians in general and among those who were
at risk of cardiovascular disease or type 2 diabetes mellitus.

Methods: In this cross-sectional analysis, we used data from the second follow-up wave of the 45 and Up Study. It is a cohort
study from New South Wales, Australia, with 267,153 participants aged 45 years and older that is based on a random sample
from the Services Australia (formerly the Australian Government Department of Human Services) Medicare enrollment database.
The 2019 follow-up questionnaire contained questions about technology and mobile health use. We further used data on prescribed
drugs and hospitalizations to identify participants who already had cardiovascular disease or diabetes or who were at risk of these
conditions. Our primary outcome measure was mobile health use, defined as having used a mobile health app before. We used
descriptive statistics and multivariate logistic regression to answer the research questions.

Results: Overall, 31,946 individuals with a median age of 69 (IQR 63-76) years had completed the follow-up questionnaire in
2019. We classified half (16,422/31,946, 51.41%) of these as being at risk of cardiovascular disease or type 2 diabetes mellitus
and 38.04% (12,152/31,946) as having cardiovascular disease or type 1 or type 2 diabetes mellitus. The proportion of mobile
health app users among the at-risk group was 31.46% (5166/16,422) compared to 29.16% (9314/31,946) in the total sample.
Those who used mobile health apps were more likely to be female, younger, without physical disability, and with a higher income.
People at risk of cardiovascular disease or type 2 diabetes mellitus were not statistically significantly more likely to use mobile
health than were people without risk (odds ratio 1.06, 95% CI 0.97-1.16; P=.18; adjusted for age, sex, income, and physical
disability).

Conclusions: People at risk of cardiovascular disease or type 2 diabetes mellitus were not more likely to use mobile health apps
than were people without risk. Those who used mobile health apps were less likely to be male, older, with a physical disability,
and with a lower income. From the results, we concluded that aspects of equity must be considered when implementing a mobile
health intervention to reach all those that can potentially benefit from it.

(JMIR Mhealth Uhealth 2022;10(9):e37343)   doi:10.2196/37343

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 9 |e37343 | p.198https://mhealth.jmir.org/2022/9/e37343
(page number not for citation purposes)

Buss et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mailto:vera.buss@csiro.au
http://dx.doi.org/10.2196/37343
http://www.w3.org/Style/XSL
http://www.renderx.com/


KEYWORDS

cardiovascular diseases; diabetes mellitus type 2; cohort studies; telemedicine; mobile applications; mHealth; mobile health;
mobile app; aging; digital health; cardiovascular; diabetes

Introduction

Chronic conditions pose a great burden to health systems [1].
One of the main drivers for the high prevalence of chronic
diseases such as cardiovascular disease (CVD) and type 2
diabetes mellitus (T2DM) is an unhealthy lifestyle [2]. This
includes smoking, high alcohol consumption, a lack of physical
activity, and a poor diet [2]. Health promotion campaigns aim
at increased awareness for lifestyle-related risk factors and
support for risk reduction [3]. Digital applications, such as
mobile health (mHealth) apps for smartphones, offer an excellent
opportunity to make such health promotion interventions
available to as many people as possible [3]. A report by the
IQVIA Institute stated that in 2021, over 350,000 health-related
apps were available through app stores [4]. According to the
report, 90,000 new health-related apps appeared on the market
in 2020 alone [4]. The mHealth space is not limited to apps;
other products include smart watches and activity trackers,
commonly called wearables [5].

Meskó et al [6] called digital health the cultural transformation
of traditional health care. In a recent position paper by the
European Society of Cardiology Working Group on e-cardiology
[5], the authors mentioned that the advantages of wearables
include the democratization of health data, the potential for
earlier detection of risk factors and disease states, and increased
health awareness. The authors also noted that while older and
high-risk individuals would likely benefit the most, mHealth
technology is currently used the most by the younger, healthy
generation with higher income [5]. More generally, Spoth et al
[7] reported that those who are most in need of evidence-based
prevention and health promotion interventions often do not use
them, in many cases due to lack of access. To understand the
possible uptake of an app-based preventive intervention for
CVD and T2DM that we are currently developing, we examined
mHealth use among older Australians. Previous research has
reported on mHealth uptake in other countries. For example,
Shan et al [8], Robbins et al [9], Rising et al [10], and Carroll
et al [11] conducted studies using US data; Pare et al [12]
analyzed Canadian data; and Xi et al [13] investigated mHealth
uptake in Chinese adults. However, so far there has not been a
larger study looking at mHealth use in the Australian setting.
For this purpose, we analyzed data on mHealth use collected
in 2019 from the second follow-up wave of the 45 and Up Study
which is a large cohort study of Australians who were aged 45
years and older at baseline between 2006 and 2009 [14,15].
With this study, we also aimed to identify any distinguishing
features between those who used mHealth and those who did
not. Our specific research questions were as follows: What was
the proportion of mHealth users overall and among those who
were at risk of CVD or T2DM? How did mHealth users differ
from non-mHealth users for people at risk of CVD or
T2DM? Were those at risk of CVD or T2DM more likely to
use mHealth than those without risk?

Methods

Ethics Approval
This cross-sectional study was based on survey data from the
Sax Institute’s 45 and Up Study. This is a large cohort including
267,153 participants aged 45 years and older who reside in New
South Wales (NSW), Australia [16]. The conduct of the 45 and
Up Study was approved by the University of New South Wales
Human Research Ethics Committee. The survey data were linked
to data from the Pharmaceutical Benefits Scheme (PBS; data
on prescribed drugs) and the NSW Admitted Patient Data
Collection (APDC; hospitalization data). This study has been
approved by the NSW Population & Health Services Research
Ethics Committee (approval #HREC/16/CIPHS/14) and the
Commonwealth Scientific and Industrial Research Organisation
(CSIRO) Health and Medical Human Research Ethics
Committee (approval #2021_018_RR). All cohort participants
provided free and informed consent.

Data Sources
The recruitment for the 45 and Up Study took place between
January 2006 and December 2009 and was based on a random
sample from the Services Australia (formerly the Australian
Government Department of Human Services) Medicare
enrollment database, with oversampling in people aged 80 years
and over and residents of rural and remote areas [16]. About
18% of those who were contacted consented to take part in the
study which represents 11% of the NSW population aged 45
years and older [14]. A detailed description of the cohort and
the study methods was published by the 45 and Up Study
collaborators [14,15]. For our analyses, we used data from the
second wave of follow-up collected between 2018 and 2020,
specifically, the 2019 follow-up survey, which included
questions about participants’ technology and mHealth use [17].
The survey was sent to 68,349 participants, of whom 31,965
responded (46.77%) [16]. In general, the questionnaires
contained questions on lifestyle, medical history, family history
of chronic conditions, socioeconomic status, and geographic
factors [17]. The Sax Institute linked the survey data to the PBS
data deterministically using a unique identifier [16].
Additionally, the Centre for Health Record Linkage linked these
data to the APDC data using probabilistic techniques [18].

Subgroups
We first identified participants with CVD or diabetes (type 1
or 2, not including gestational diabetes) at the time of the
follow-up survey and then identified those who were at risk of
the conditions. These methods were similar to the methods
described by Joshy et al [19] for the classification of CVD and
by Comino et al [20] for the classification of diabetes in the 45
and Up Study. Individuals were classified based on information
from the survey, from the APDC data, and from the PBS data.
In the survey, participants were asked if they had CVD or
diabetes (“Has a doctor ever told you that you have:” heart
failure, atrial fibrillation, other heart disease, stroke, OR
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diabetes—type 1, type 2 or unsure) and if they took medication
for these conditions (corresponding medication listed on the
questionnaire: Cardizem/Vasocardol, warfarin, OR
Diabex/Diaformin). From the APDC data, the diagnoses were
classified based on related hospital admissions before the date
of the survey. We searched for relevant International
Classification of Diseases version 10 Australian Modification
(ICD-10-AM) diagnosis codes in any of the 55 diagnostic fields
or relevant Australian Classification of Health Interventions
procedure codes in any of the 50 procedure code fields. These
codes were based on methods described by the Australian
Institute of Health and Welfare (AIHW) [21-24]. From the PBS
data, people were classified with CVD or diabetes if they took
medication with these indications in the past 12 months [25,26].
For CVD, the only drugs considered were those that are solely
indicated for CVD. To identify a CVD diagnosis, we did not
consider drugs for hypertension or dyslipidemia. People with
hypertension or dyslipidemia may be at risk of CVD but have
not yet developed the condition. Additionally, people may take
antihypertensive drugs for other reasons than hypertension.
Therefore, if people took antihypertensive or lipid-modifying
drugs but did not have a diagnosis of CVD (ie, reported in the
45 and Up Study data, the APDC data, or due to taking a drug
with CVD as the only indication), we did not classify them as
having the condition.

For CVD, being at risk was classified as taking antihypertensive
medication, lipid-modifying medication, or low-dose aspirin;
reporting blood-clotting problems or hypertension; being obese

(≥30 kg/m2); or having a family history of CVD (parents or
siblings) and not already having CVD. For T2DM, someone
was classified to be at risk if they had had gestational diabetes,

were obese (≥30 kg/m2), or had a family history of T2DM
(parents or siblings) but were free of type 1 or T2DM. We
gathered the information to identify at-risk populations from
the survey and the PBS data. Women were classified as having
had gestational diabetes if they self-reported having had the
condition or if they had received a diabetes diagnosis before
the date of their last delivery and if there was no evidence of
diabetes medication in their records for the 12 months before
filling out the follow-up survey.

Technology and mHealth Use
The primary outcome was mHealth use. We defined mHealth
use through the following survey question: “How often do you
use apps on your mobile phone or tablet to track the following?”
The answer options were “never,” “less than once a month,”
“at least once a month,” “at least once a week,” or “every day.”
If any of the options were selected with “less than once a month”
or more frequently, the person was classified as a mHealth user
(options included the following: activity or fitness, vital signs,
nutrition or weight, mood or well-being, sleep, medications).
This meant that if “never” or none of the options was selected,
the participant was considered a nonuser. Table 1 summarizes
the technology-related questions from the 45 and Up Study
questionnaire that we used for the analysis [17]. We classified
all those who did not select yes for the questions about device
use (computer or laptop, tablet, smartphone, fitness tracker, and
smart watch) as not using them. We categorized everyone as
app users who did not select “I don’t use apps/don’t know what
apps are.” We dichotomized the variable to app download by
putting app nonusers in one group with those who selected that
they had not downloaded any apps yet and the remaining in the
other group.

Table 1. Technology-related questions from the 45 and Up Study questionnaire 2019 that were used in the analysis.

Answer optionsQuestion

Yes/noDo you use a computer or mobile device (eg, phone with a touch screen, tablet, or smart watch) regularly?

Yes/no/unsureIf YES, which of the following devices do you use regularly? Apple desktop or laptop computer (eg,
iMac, MacBook)/Windows desktop or laptop computer/Apple tablet (iPad)/other tablet (eg, Samsung,
Microsoft Surface, Lenovo)/Apple phone with a touch screen (iPhone)/Android phone with a touch
screen (eg, Samsung, Huawei, Google)/other phone with a touch screen/Apple Watch/other smart
watch/fitness tracker (eg, Fitbit, Garmin)

I don’t use apps/don’t know what apps
are/none/1-5 /6 or more

If you use applications (apps) on a mobile phone or tablet, how many have you ever downloaded yourself?
(choose one only)

Never/less than once a month/at least once
a month/at least once a week/every day

How often do you use apps on your mobile phone or tablet to track the following: activity or fitness (eg,
number of steps, exercise)/vital signs (eg, heart rate, blood pressure, breathing)/nutrition or weight/mood
or well-being/sleep/medications (eg, reminders, alerts)

Other Measures
Other variables of interest included age, sex, income, lifestyle
(smoking, alcohol, fruit or vegetables, physical activity), and
physical disability. We categorized income based on the
Organization for Economic Cooperation and Development
(OECD) report [27] into low (less than Aus $30,000 per year
[US $20,580]), middle (Aus $30,000-89,999 per year [US
$20,580-61,740]), and high income (Aus $90,000 or more per
year [US $61,741 or more]). For smoking, we created three
categories: never, past, and current smokers. We classified
physical disability through survey questions about illness or

disability restricting physical activity (“Is there anything that
stops you from participating in physical activity?”—ill-health;
“Do you regularly need help with daily tasks because of
long-term illness or disability?”—yes; “Does your health now
limit you in any of the following activities?”—yes selected for
any of the options). We dichotomized all other lifestyle-related
variables depending on if participants met the guideline
recommendations (for alcohol: maximum 10 standard drinks
per week [28]; for fruits and vegetables: at least 2 servings of
fruits and 5 servings of vegetables per day [29]; for physical
activity: at least 150 minutes of physical activity per week with
vigorous physical activity counting double [30]). For fruits and
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vegetables, we set servings per day to 0 if the participants
selected that they did not eat any fruits or vegetables,
respectively. Otherwise, we did not impute any missing values.
We reported on the percentage of missingness for age, sex, BMI,
smoking status, alcohol consumption, fruit and vegetable intake,
physical activity, income, and physical disability. For the
remaining variables, we did not report on missing values because
the way we categorized these variables did not result in any
missing values.

Statistical Analysis
We used descriptive statistics to describe the demographics of
the overall population and the various subgroups (with CVD or
diabetes; at risk of CVD or T2DM; free of CVD, T2DM, and
their risk factors) as well as their technology and mHealth use.
Further, we used the t test and the chi-square test to check for
differences between mHealth users and nonusers among those
at risk of CVD or T2DM. We defined statistical significance at
a level of 5%. We built multivariable logistic regression models
for the total sample and those at risk of CVD or T2DM to assess
the influence of age, sex, physical disability, and income
(predictor variables) on mHealth use (outcome variable). From
these models, we calculated adjusted odds ratios (ORs) and
their 95% CIs. Further, we computed the adjusted OR of
mHealth use for someone with CVD or T2DM risk compared
to someone free of the condition and not at risk. We conducted
the analyses in RStudio (version 1.2.5042) using the
programming language R (version 4.0.0; R Foundation for

Statistical Computing) within the Secured Unified Research
Environment (SURE) provided by the Sax Institute [31].

Results

In total, 31,946 individuals completed the follow-up
questionnaire in 2019 that contained the mHealth questions.
From these 31,946 participants, 12,152 (38.04%) participants
had CVD or diabetes at the time of the follow-up survey, 16,422
(51.41%) participants were categorized as at risk of the
conditions, and 3372 (10.56%) participants were categorized
as not at risk (Figure 1). The variable with the highest proportion
of missing values was fruit and vegetable intake with 7.66%
(2447/31,946; Table 2).

Table 3 compares the characteristics of the total sample and the
various subgroups, including information on device ownership
and app use. The group with CVD or diabetes included older
people, more men, more people with physical disabilities, more
people who were obese, and more exsmokers than did the at-risk
group. The difference for these variables was even greater when
compared to the group without CVD, diabetes, and risk factors.
Device ownership was higher in people without CVD and
diabetes. Overall, 75.93% (24,256/31,946) of the total sample
stated that they owned a smartphone and 29.16% (9314/31,946)
of the total sample stated that they had used a health app before.
The highest proportion was in the group without conditions and
risk factors (1102/3372, 32.68%), followed by the at-risk group
(5166/16,422, 31.46%), and last the group with CVD or diabetes
(3046/12,152, 25.07%).

Figure 1. Flowchart of study participants. CVD: cardiovascular disease; mHealth: mobile health.

Table 2. Proportion of missing values for each variable of interest (N=31,946).

Missing, n (%)Variable

0 (0)Age

0 (0)Sex

1528 (4.78)BMI

282 (0.88)Smoking status

697 (2.18)Alcohol consumption

2447 (7.66)Fruit and vegetable intake

964 (2.96)Physical activity

1303 (4.08)Income

1745 (5.46)Physical disability

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 9 |e37343 | p.201https://mhealth.jmir.org/2022/9/e37343
(page number not for citation purposes)

Buss et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Table 3. Demographic characteristics of all participants and various subgroups.

Free of CVD and diabetes
and not at risk

At risk of CVD or T2DMbWith CVDa or diabetesTotal sampleCharacteristics

3372 (10.56)16,422 (51.41)12,152 (38.04)31,946 (100)Subgroup, n (% of total sample)

65 (61-71)67 (62-3)73 (67-79)69 (63-76)Age, median (IQR)

1764 (52.31)9517 (57.95)5181 (42.63)16,462 (51.53)Female, n (%)

932 (29.68)6433 (41.56)7598 (65.60)14,963 (49.54)Physical disability, n (%)

Weight, n (%)

1817 (56.69)5558 (35.39)3302 (28.69)10,677 (35.10)Normal

1388 (43.31)5988 (38.13)4475 (38.88)11,851 (38.96)Overweight

0 (0)4157 (26.47)3733 (32.43)7890 (25.94)Obese

Smoking status, n (%)

2170 (64.85)10,288 (63.15)6801 (56.55)19,259 (60.82)Never

1056 (31.56)5528 (33.93)4924 (40.94)11,508 (36.34)Past

120 (3.59)475 (2.92)302 (2.51)897 (2.83)Current

Meeting guideline recommendations, n (%)

2590 (78.13)12,760 (79.02)9621 (81.62)24,971 (79.9)Alcohol

723 (23.35)3744 (24.40)2572 (23.26)7039 (23.9)Fruits and vegetables

2755 (85.61)13,159 (81.97)8111 (69.26)24,025 (77.5)Physical activity

Income, n (%)

479 (14.74)2770 (17.44)3128 (27.16)6377 (20.8)Low

1352 (41.61)6732 (42.40)4705 (40.86)12,789 (41.7)Middle

907 (27.92)3769 (23.74)1810 (15.72)6486 (21.2)High

511 (15.73)2608 (16.42)1872 (16.26)4991 (16.3)Prefer not to say

Device ownership, n (%)

2559 (75.89)12,160 (74.05)7891 (64.94)22,610 (70.78)Laptop or computer

1653 (49.02)8506 (51.80)5209 (42.87)15,368 (48.11)Tablet

2739 (81.23)13,319 (81.10)8198 (67.46)24,256 (75.93)Smartphone

406 (12.04)1999 (12.17)1118 (9.20)3523 (11.03)Fitness tracker

182 (5.40)811 (4.94)513 (4.22)1506 (4.71)Smart watch

App use, n (%)

2916 (86.48)14,050 (85.56)9468 (77.91)26,434 (82.75)Any app

2540 (75.33)12,042 (73.33)7763 (63.88)22,336 (69.92)Downloading apps

1102 (32.68)5166 (31.46)3046 (25.07)9314 (29.16)Health apps

aCVD: cardiovascular disease.
bT2DM: type 2 diabetes mellitus.

Of those who used mHealth, physical activity was the most
tracked feature (Table 4). Overall, 24.73% of participants
(7900/31,946) had tracked their physical activity levels with an
app before. Among those who were at risk of CVD or T2DM,
the proportion was slightly higher at 27.20% (4467/16,422).
The second most-tracked feature was vital signs (total:
7315/31,946, 22.90%; at risk: 4168/16,422, 25.38%). All other
features were tracked by less than 10% of the sample. Among
those who stated that they tracked physical activity, most did
so daily (total: 3600/31,946, 11.27%; at risk: 2032/16,422,
12.37%). The same tendency was observed for tracking

medication, sleep, and vital signs. For mood and weight or diet,
those who stated that they tracked the feature were mostly
reporting a frequency of less than once a month.

We observed statistically significant differences between
mHealth users and nonusers among the at-risk population for
the variables sex, hypertension, gestational diabetes, family
history, physical disability, weight, smoking status, meeting
physical activity guideline recommendations, and owning
technical devices (Table 5).
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When adjusted for other demographic factors, younger
participants, women, people without physical disability, and
people with higher income were more likely to use mHealth
(Figure 2 for all participants and Figure 3 for the at-risk
population). The adjusted OR of using mHealth for someone

who was at risk of CVD or T2DM compared to someone who
was not at risk and free of both conditions was 1.06 (95% CI
0.97-1.16; P=.18; adjusted for age, sex, income, and physical
disability).

Table 4. Frequency of mHealth use (apps with health-related tracking features) overall and among the subgroups.

Vital signs, n (%)aSleep, n (%)aWeight or diet, n (%)aMood, n (%)aMedication, n (%)aPhysical activity, n (%)aSample by frequency
of tracking

Total

24,631 (77.10)29,418 (92.09)29,344 (91.86)31,133 (97.46)30,552 (95.64)24,046 (75.27)Never

1254 (3.93)485 (1.52)828 (2.59)389 (1.22)302 (0.95)1314 (4.11)<1/month

731 (2.29)307 (0.96)460 (1.44)130 (0.41)217 (0.68)790 (2.47)Monthly

1983 (6.21)572 (1.79)716 (2.24)156 (0.49)247 (0.77)2,196 (6.87)Weekly

3347 (10.48)1,164 (3.64)598 (1.87)138 (0.43)628 (1.97)3,600 (11.27)Daily

With CVDb or diabetes

9921 (81.64)11,361 (93.49)11,297 (92.96)11,906 (97.98)11,480 (94.47)9696 (79.80)Never

377 (3.10)132 (1.09)243 (2.00)105 (0.86)124 (1.02)404 (3.32)<1/month

217 (1.79)91 (0.75)167 (1.37)45 (0.37)96 (0.79)240 (1.97)Monthly

592 (4.87)183 (1.51)228 (1.87)47 (0.39)117 (0.96)679 (5.59)Weekly

1045 (8.60)385 (3.17)217 (1.79)49 (0.40)335 (2.76)1,133 (9.32)Daily

At risk of CVD or T2DMc

12,254 (74.62)14,966 (91.13)14,940 (90.98)15,949 (97.12)15,806 (96.25)11,955 (72.80)Never

712 (4.34)294 (1.79)495 (3.01)236 (1.44)152 (0.93)739 (4.50)<1/month

428 (2.61)182 (1.11)246 (1.50)68 (0.41)103 (0.63)459 (2.80)Monthly

1135 (6.91)313 (1.91)411 (2.50)90 (0.55)106 (0.64)1237 (7.53)Weekly

1893 (11.53)667 (4.06)330 (2.01)79 (0.48)255 (1.55)2032 (12.37)Daily

Free of CVD and diabetes and not at risk

2456 (72.84)3091 (91.67)3107 (92.14)3278 (97.21)3266 (96.86)2395 (71.03)Never

165 (4.89)59 (1.75)90 (2.67)48 (1.42)26 (0.77)171 (5.07)<1/month

86 (2.55)34 (1.01)47 (1.39)17 (0.50)18 (0.53)91 (2.70)Monthly

256 (7.59)76 (2.25)77 (2.28)19 (0.56)24 (0.71)280 (8.30)Weekly

409 (12.13)112 (3.32)51 (1.51)10 (0.30)38 (1.13)435 (12.90)Daily

aPercentages may not total 100% due to rounding.
bCVD: cardiovascular disease.
cT2DM: type 2 diabetes mellitus.
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Table 5. Differences between participants at risk of CVD and/or T2DM who use mHealth and who do not.

At risk of CVDa or T2DMbCharacteristics

P valueeChi-square (df)eNonusers, n (%)dmHealthc users, n (%)d

N/AN/Af11,256 (68.54)5166 (31.46)Sample size

.47N/A69 (63-75)64 (60-69)Age, median (IQR) g

<.00138.7 (1)6340 (56.33)3177 (61.50)Female

<.00135.5 (1)5355 (47.57)2199 (42.57)Hypertension

.221.5 (1)3462 (30.76)1539 (29.79)Dyslipidemia

.025.8 (1)56 (0.88)46 (1.45)Gestational diabetes, n (% of women)

.0029.7 (1)7488 (66.52)3564 (68.99)Family history of CVD

<.00129.2 (1)2653 (23.57)1421 (27.51)Family history of diabetes

<.001226.5 (1)4822 (45.63)1611 (32.80)Physical disability

.019.8 (2)Weight

3868 (36.18)1690 (33.73)Normal

4007 (37.48)1981 (39.53)Overweight

2817 (26.35)1340 (26.74)Obese

<.00138.4 (2)Smoking status

7063 (63.36)3225 (62.71)Never

3702 (33.21)1826 (35.50)Past

383 (3.44)92 (1.79)Current

Following guideline recommendations

.590.3 (1)8702 (78.90)4058 (79.29)Alcohol

.380.8 (1)2519 (24.18)1225 (24.85)Fruits and vegetables

<.001220.2 (1)8654 (78.90)4505 (88.59)Physical activity

<.001626.4 (3)Income

2270 (20.98)500 (9.89)Low

4698 (43.41)2,034 (40.22)Middle

2019 (18.66)1750 (34.61)High

1835 (16.96)773 (15.29)Prefer not to say

Device ownership

<.001474.5 (1)7766 (68.99)4394 (85.06)Laptop or computer

<.001786.2 (1)4996 (44.39)3510 (67.94)Tablet

<.0011154.9 (1)8337 (74.07)4982 (96.44)Smartphone

<.0012994.3 (1)305 (2.71)1694 (32.79)Fitness tracker

<.0011114.3 (1)125 (1.11)686 (13.28)Smart watch

aCVD: cardiovascular disease.
bT2DM: type 2 diabetes mellitus.
cmHealth: mobile health.
dAge is presented as median (IQR).
eFor age: Wilcoxon rank-sum test with continuity correction; for all other variables: Pearson chi-square test with Yates continuity correction.
fN/A: not applicable.
gW=3.
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Figure 2. Forest plot with adjusted odds ratios for using mHealth in the entire cohort. mHealth: mobile health.

Figure 3. Forest plot with adjusted odds ratios for using mHealth in those at risk of cardiovascular disease or type 2 diabetes mellitus. mHealth: mobile
health.

Discussion

Principal Findings
The overall aim of this analysis was to understand how older
Australians in general and particularly those at risk of CVD or
T2DM use mHealth. To our knowledge, this is the first study
of this kind in Australia. Among the at-risk population, the
proportion of mHealth users was slightly higher than that of the
general proportion. The multivariable logistic regression analysis
showed that women, younger people, individuals without
disabilities, and higher earners had higher odds of using

mHealth. Among the mHealth users, there were fewer smokers
and fewer people with hypertension or physical disability. On
the other hand, among those who did not use mHealth, fewer
people were overweight and fewer reported a family history of
CVD or T2DM. According to our results, people at risk of CVD
or T2DM do not have higher odds of using mHealth than do
those without risk.

Comparison to Other Work
The results largely corresponded to the results of other
researchers. Shan et al [8] compared mHealth use among US
Americans with CVD or at risk with those without based on
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data from 2018. They concluded that those who had or were at
risk of CVD were less likely to use mHealth than were the rest
of the study population in an unadjusted comparison. However,
when adjusted for age, race, education, household income, health
insurance, and urban or rural location, the OR of having a health
app on the smartphone was 1.24 (95% CI 0.85-1.81; P=.26) for
women with CVD or at risk of CVD and 1.12 (95% CI
0.68-1.84; P=.65) for men with CVD or at risk of CVD
compared to women and men with no history or risk factors of
CVD. Seifert and Vandelanotte [32] reported on the use of
wearables and mHealth apps among Swiss adults aged 65 years
and older based on data from 2019. Of their 1149 participants,
43.1% owned a tablet, 68.7% owned a smartphone, 7.6% owned
a fitness tracker, 3.3% owned a smart watch, and 22.9% used
mHealth apps. Bhuyan et al [33] analyzed 2014 data from US
American adults on mHealth use and health-oriented behavior.
They found that 35.9% of the smartphone or tablet owners had
mHealth apps installed. The proportion of those who had
mHealth apps was much lower among those aged 55 to 64 years
(10.6%) and those aged 65 years and over (4.7%). Robbins et
al [9] analyzed 2015 survey data on mHealth use among US
American adults who owned a mobile phone. Among the
participants, daily mHealth use was more common in individuals
without diseases (21.3%) than in people with high blood
pressure (2.7%), with obesity (13.1%), with diabetes (12.3%),
with depression (12.0%), or with high cholesterol (16.6%).
Robbins et al [9] concluded that their findings suggest that those
most likely to benefit from mHealth are least likely to use it.

Limitations
Only 18% of those who were invited to participate in the 45
and Up Study took the baseline survey [14]. This is comparable
to other large international cohort studies [34-36]. Mealing et
al [37] conducted an analysis in which they compared
exposure-outcome relationships in the 45 and Up Study to the
NSW Population Health Survey which had a response rate of
about 60% [38]. Both are based on the same population, and
the analysis showed that the results from both cohorts can be
generalized. Additionally, some participants were lost to
follow-up, which might also raise concerns about
generalizability. Wang et al [39] built a logistic regression model
to assess the influence of nonresponse in the first follow-up
survey of the 45 and Up Study. In their conclusion, they reported
that it did not lead to substantial bias and essentially did not
change the interpretation of the results [39]. Further limitations
were that the data set had missing values, especially concerning
fruit and vegetable intake, and was based on self-report. Ng et
al [40] considered the bias through self-reported weight and
height in the 45 and Up Study. They stated that the resulting
BMI values were logical but underestimated being overweight
or obese [40]. There is also a risk of misclassification of disease
diagnosis or risk. To minimize the risk, we applied methods
that have been described by the AIHW [22-24] and by other
researchers who worked with the 45 and Up Study [19,20]. In
our analysis, we did not classify diabetes as a risk factor for

CVD because we categorized people with CVD or T2DM as a
separate subgroup. There is a small risk of wrongly classifying
people as at risk of CVD because they took antihypertensive
drugs for an indication unrelated to an increased CVD risk.

Implications
The availability of mHealth keeps increasing, and there is little
doubt that it can positively impact health promotion, risk
awareness, early detection, and, in general, engagement with
one’s health and well-being. However, this study and other
research have shown that certain demographics are more likely
to use it than are others. In our study, younger females without
disabilities and with higher income had the highest odds of
mHealth use. As we are in the process of developing an
app-based intervention for CVD and T2DM prevention, we are
interested in finding strategies that would facilitate optimal
uptake by those who would be most likely to benefit from the
intervention. Our findings indicate that health-related apps were
less used by people with a physical disability. We think that
people with disabilities would likely benefit from more
personalized interventions that take into account their disability.
Moreover, the results showed that it will be important to
consider equity issues to ensure that people with low income
and older people will not be left out. Other researchers have
drawn similar conclusions and proposed solutions. For example,
Foley et al [41] used a mixed methods study to explore the
access, use, and benefits of digital health services in Australia
and identified trust as a key factor for digital health services
use. They explained that recommendations by health
professionals improved trust in digital health services, which
could lead to increased uptake [41]. Cheng et al [42] concluded
in their systematic review that the level of electronic health
literacy was often overlooked when designing such
interventions, leading to a digital divide with socially
disadvantaged groups being left behind. Therefore, they
demanded that electronic health literacy levels need to be
recognized when developing interventions [42]. In their review,
Borg et al [43] identified attitudes, skills, and access as barriers
to digital inclusion, and social support, education, and inclusive
design as enablers. The authors highlighted the importance of
user-focused and collaborative designs to ensure digital inclusion
[43].

Conclusions
Despite most people at risk of CVD or T2DM owning a
smartphone, only about a third had ever used mHealth apps.
There was no difference in mHealth use between people at risk
of CVD or T2DM and those not at risk. People who used
mHealth apps were less likely to be male, older, with physical
disability, and with a lower income. This shows that it is
important to consider equity issues when implementing a
mHealth intervention. For example, low income or older age
should not prevent people from participating in the intervention,
and, therefore, these factors should be considered when
developing an implementation strategy.
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Corresponding Author:
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Related Article:
 
Correction of: https://mhealth.jmir.org/2022/7/e36226
 

(JMIR Mhealth Uhealth 2022;10(9):e41927)   doi:10.2196/41927

In “Impact of a Mobile Application for Tracking Nausea and
Vomiting During Pregnancy (NVP) On NVP Symptoms, Quality
of Life, and Decisional Conflict Regarding NVP Treatments:
MinSafeStart Randomized Controlled Trial” (JMIR Mhealth
Uhealth 2022;10(7):e36226) the authors noted one error.

In the originally published article, authors Hedvig Nordeng and
David Wright were ordered as, respectively, third and fourth
authors. The correct order of authors should be David Wright
as third author and then Hedvig Nordeng as fourth author.
Author affiliations have been reordered accordingly.

The complete list of authors and affiliations in the originally
published article was as follows:

Elin Ngo1, MSc; Maria Bich-Thuy Truong1, PhD;

Hedvig Nordeng1,2, PhD; David Wright3,4, PhD
1PharmacoEpidemiology and Drug Safety Research
Group, Department of Pharmacy, University of Oslo,
Oslo, Norway
2Department of Child Health and Development,
National Institute of Public Health, Oslo, Norway
3School of Allied Health Professions, University of
Leicester, England, United Kingdom

4Centre for Pharmacy, University of Bergen, Bergen,
Norway

The list of authors and affiliations has been corrected to:

Elin Ngo1, MSc; Maria Bich-Thuy Truong1, PhD;

David Wright2,3, PhD; Hedvig Nordeng1,4, PhD
1PharmacoEpidemiology and Drug Safety Research
Group, Department of Pharmacy, University of Oslo,
Oslo, Norway
2School of Allied Health Professions, University of
Leicester, England, United Kingdom
3Centre for Pharmacy, University of Bergen, Bergen,
Norway
4Department of Child Health and Development,
National Institute of Public Health, Oslo, Norway

The correction will appear in the online version of the paper on
the JMIR Publications website on September 26, 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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