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Abstract
Background: Digital technologies are increasingly used in health research to collect real-world data from wider populations.
A new wave of digital health studies relies primarily on digital technologies to conduct research entirely remotely. Remote digital
health studies hold promise to significant cost and time advantages over traditional, in-person studies. However, such studies
have been reported to typically suffer from participant attrition, the sources for which are still largely understudied.
Objective: To contribute to future remote digital health study planning, we present a conceptual framework and hypotheses for
study enrollment and completion. The framework introduces 3 participation criteria that impact remote digital health study
outcomes: (1) participant motivation profile and incentives or nudges, (2) participant task complexity, and (3) scientific requirements.
The goal of this study is to inform the planning and implementation of remote digital health studies from a person-centered
perspective.
Methods: We conducted a scoping review to collect information on participation in remote digital health studies, focusing on
methodological aspects that impact participant enrollment and retention. Comprehensive searches were conducted on the PubMed,
CINAHL, and Web of Science databases, and additional sources were included in our study from citation searching. We included
digital health studies that were fully conducted remotely, included information on at least one of the framework criteria during
recruitment, onboarding or retention phases of the studies, and included study enrollment or completion outcomes. Qualitative
analyses were performed to synthesize the findings from the included studies.
Results: We report qualitative findings from 37 included studies that reveal high values of achieved median participant enrollment
based on target sample size calculations, 128% (IQR 100%-234%), and median study completion, 48% (IQR 35%-76%). Increased
median study completion is observed for studies that provided incentives or nudges to extrinsically motivated participants (62%,
IQR 43%-78%). Reducing task complexity for participants in the absence of incentives or nudges did not improve median study
enrollment (103%, IQR 102%-370%) or completion (43%, IQR 22%-60%) in observational studies, in comparison to interventional
studies that provided more incentives or nudges (median study completion rate of 55%, IQR 38%-79%). Furthermore, there were
inconsistencies in measures of completion across the assessed remote digital health studies, where only around half of the studies
with completion measures (14/27, 52%) were based on participant retention throughout the study period.
Conclusions: Few studies reported on participatory factors and study outcomes in a consistent manner, which may have limited
the evidence base for our study. Our assessment may also have suffered from publication bias or unrepresentative study samples
due to an observed preference for participants with digital literacy skills in digital health studies. Nevertheless, we find that future
remote digital health study planning can benefit from targeting specific participant profiles, providing incentives and nudges, and
reducing study complexity to improve study outcomes.
(J Med Internet Res 2022;24(9):e39910) doi: 10.2196/39910
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Introduction
Background
The widespread availability of smartphones (estimated to be
3.6 billion users worldwide [1]) presents the opportunity to
involve diverse population groups in health research. Mobile
technologies, such as smartphones and wearables, have come
to play a central role in health research, giving rise to digital
health studies that are conducted partly or entirely remotely.
Although there is no unified definition, we define remote digital
health studies as longitudinal studies that use mobile
technologies to conduct all key steps of a study completely
online [2]. Remote digital health studies promise significant
cost, time, and scalability advantages when compared with
traditional studies, by allowing key steps of the study
investigations to be conducted in real-time and without in-person
presence [3,4]. Overcoming the barriers of time and physical
presence, remote digital health studies allow for the long-term
monitoring of larger populations and thus promise to advance
health research and patient care delivery [5-7].
Despite these opportunities, recent studies report high participant
attrition rates, likely partially attributable to the lack of in-person
interactions between researchers and study participants. Other
studies highlight the risk of recruitment bias, especially with
younger, more affluent, and often healthier populations being
overrepresented in studies with digital technologies [8-10].
These concerns point toward a possible imbalance between
participants who typically join remote digital health studies and
participants who are often underrepresented, but may benefit
the most from remote digital health research and monitoring.
This may be a result from a lack of understanding of the
motivators, facilitators, and barriers that enable participation in
remote digital health studies [11,12].
Trends of participant enrollment and retention have been widely
investigated in traditional research settings [13-15] and with
digital health studies following Eysenbach’s Law of Attrition
[16]. However, there is a paucity of evidence that supports study
planning in remote digital health research. Furthermore, most
study planning recommendations for remote digital health
studies are based on qualitative methods and focus on scientific,
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rather than participant-specific requirements [17,18]. This
presents an unmet need for quantitative, evidence-based
guidance that informs remote digital health study planning to
enable high enrollment and retention through a person-centered
lens.

Aims
This review aims to explore participant enrollment and retention
for remote digital health studies. We introduce a framework on
the interplay between 3 criteria explored and validated in
previous digital health studies: (1) participant motivation profile
and incentives or nudges, (2) participant task complexity, and
(3) scientific requirements. We propose hypotheses and explore
them with a scoping review of remote digital health studies
specifically, focusing on methodological aspects that affect
participant enrollment and retention. The goal of this scoping
review is to inform the planning and implementation of remote
digital health studies from a person-centered perspective.

Conceptual Framework and Hypotheses
We introduce a conceptual framework that encompasses the
main factors that affect digital health study enrollment and
retention from a person-centered lens, to guide the extraction
of relevant information. The framework is based on the notion
that enrollment and retention in remote digital health studies
are influenced by 3 elements: (1) participant motivation profile
and incentives or nudges, (2) participant task complexity, and
(3) scientific requirements (Figure 1). Our conceptual framework
and hypotheses were informed by Eysenbach [16], previous
large-scale remote digital health studies [5,19], as well as by
our personal experiences in planning and conducting 2
longitudinal remote digital health studies [20,21]. A more
detailed description of the framework development process can
be found in Multimedia Appendix 1 [2,5,14,16,19-28].
We define hypotheses to explore in this study. Specifically, we
expect that incentives and nudges increase participant motivation
to enroll in and complete a study (Hypothesis 1). On the
contrary, we expect a decrease in enrollment and study
completion with increased complexity of study tasks (Hypothesis
2a). Finally, we also expect that participants in interventional
studies may be willing to endure higher task complexity than
participants enrolled in observational studies (Hypothesis 2b).

J Med Internet Res 2022 | vol. 24 | iss. 9 | e39910 | p. 2
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Daniore et al

Figure 1. Guiding framework for remote digital health studies.

Conceptual Framework Definitions
Motivation Profile of Participants and Offered Incentives
Participants’ motivation to enroll and complete remote digital
health studies can be intrinsic or extrinsic. Intrinsic participation
may be motivated by altruistic motives or by hopes for medical
advances, especially among individuals with chronic diseases.
Extrinsic participation can be motivated, among others, by
investigators in the form of monetary incentives or clinical
referrals [29,30]. The provision of incentives or nudges may
help extrinsically motivated participants to enroll and participate
in a study. Incentives are predominantly offered in the form of
monetary compensation, while nudges mainly come in the form
of reminders or personal contact [31-34]. Intrinsically motivated
participants do not necessarily require incentives or nudges to
enroll or participate in a study. It is to be noted, however, that
intrinsic and extrinsic motivations are not necessarily mutually
exclusive from one another and may coincide in a study. In this
review, we conduct an exploratory assessment based on the
aforesaid definitions. Different approaches to assessing
participant motivations may exist.

as passive data collection, or technical support. Applied to
remote digital health studies, high-complexity tasks come in
the form of many required tasks over long study periods.
Provision of assistance during participant onboarding may
improve digital literacy skills of participants, while also instilling
a sense of trust between the participant and the researcher
through personal interactions [42,43].

Scientific Requirements of the Study
Scientific requirements define the study design and expected
target sample size. Therefore, scientific requirements set the
goal of the study, while task complexity or incentives or nudges
enable study goal achievement. Target sample sizes are generally
estimated through statistical power analyses for enrollment
goals [27,44]. Consideration of participant requirements may
help increase the statistical power and reduce selection bias of
the study. However, sample size calculation methods often may
not anticipate participant losses to follow-up and failure to
complete tasks [45]. Sensitivity analyses may be conducted
after the study to assess the impact of deviations in participant
enrollment or retention.

Complexity of Tasks Required From Participants

Methods

The frequency and complexity of tasks required from the
participants, along with the expected duration of the study, can
impact study completion. Tasks can be categorized as physical
and mental tasks. Typical physical tasks required of participants
include physical activity tasks, such as walking a certain number
of steps every day, as well as other essential tasks to fulfill the
study’s requirements, such as signing an informed consent form,
filling out questionnaires at baseline or at follow-up, or logging
of health-related outcomes [27,35,36]. Mental tasks, such as
the measure of cognitive burden of a participant, are harder to
quantify as they typically rely on patient-reported outcome
measures [37,38]. In digital heath studies, task complexity is
compounded by electronic measurements and device handling,
which may require high digital literacy skills [39-41]. Task
complexity can be reduced by accompanying measures, such

Study Outcome Definitions
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In our study we refer to 3 phases of participants’ involvement
in remote digital health studies: recruitment, onboarding, and
retention (Tables 1 and 2). We summarize the outcomes of the
3 phases of participant involvement in remote digital health
studies as study enrollment and completion. A detailed approach
for defining each phase of the study and the outcomes can be
found in Multimedia Appendix 1.
The 3 criteria in our proposed framework can affect all phases
of remote digital health studies. In the next sections, we will
explore our hypotheses by assessing the outcomes of interest
for each framework criteria across all 3 phases of remote digital
health studies.
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Table 1. Phases of digital health studies.
Phases

Definition

Recruitment

Fulfillment of requirements for study enrollment

Onboarding

Provision of (technical) assistance to start study tasks

Retention

Fulfillment of requirements for study completion

Table 2. Outcomes of digital health studies.
Outcomes

Measure

Study enrollment target

(Achieved enrollment/target enrollment) × 100%

Study completion

Percentage of enrolled participants who completed the study

Search Strategy and Study Selection
To explore our hypotheses, we conducted a scoping review
according to the PRISMA-ScR (Preferred Reporting Items for
Systematic reviews and Meta-analyses Extension for Scoping
Reviews) checklist [46] (Multimedia Appendix 2). Our search
was performed on the PubMed, CINAHL, and Web of Science
databases for primary research articles published between
January 1, 2016, and June 31, 2021. We limited our search to
this period based on the results of a preliminary search revealing
a paucity of remote digital health studies published before 2016
[19,47]. We also assessed reviews and included relevant primary
studies for a full-text review based on citation searches. The

complete search strategy for each database can be found in
Multimedia Appendix 3.
Our selection was guided by the criteria outlined in Textbox 1.
Screening was conducted in 2 phases. Initially, we screened
titles and abstracts and then the full texts. For both phases, the
entire screening was conducted by one investigator (PD), while
a second investigator (VN) performed checks on a randomly
selected sample of studies in the title and abstract screening
(80/662 articles, 12.1%) and in the full-text screening (50/150,
33.3%). Any disagreements were discussed and, if required,
consensus was achieved through the third investigator (VvW).
Agreement was 75/80 articles (94%) for title and abstract
screening and 45/50 articles (90%) for full-text screening.

Textbox 1. Literature inclusion criteria.
•

Studies that match the definition of a remote digital health study (ie, digital health study where all steps are conducted online and without in-person
interactions between participants and study investigators).

•

Studies that mention their approach to recruit, onboard, or retain participants.

•

Studies that mention approaches to at least one of the proposed framework criteria.

•

Studies that provide evidence on study enrollment or study completion.

Data Extraction and Synthesis
Data extraction was standardized yet developed iteratively. In
cases where research articles referenced to the original protocol
for the same study, the additional protocols were assessed to
collect missing information of interest. The initial data extraction
was based on standard study characteristics (eg, study design,
participant characteristics) and guided by the conceptual
framework (Figure 1). During the full-text screening, other
criteria of interest (eg, measure of study completion) were
identified as relevant and retrospectively included.
We conducted qualitative analyses to explore our hypotheses.
Qualitative analyses are presented for the entire study sample,
as well as for samples stratified based on the median study
duration. Descriptions of qualitative data were provided to
summarize key findings from the included studies within the
structure of the conceptual framework. We also conducted an
exploratory quantitative assessment of the framework criteria
with the study enrollment and completion outcomes. The
correlations between measures relevant to our study’s framework
criteria and the study enrollment and completion outcomes
retrieved from the included studies were assessed using
https://www.jmir.org/2022/9/e39910
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Spearman rank correlation for continuous variables and the
Kruskal-Wallis rank-sum test for categorical variables.
All screening and extraction procedures were completed in MS
Excel (Microsoft, Inc.). All statistical analyses were completed
in R, version 4.0.0 (R Foundation for Statistical Computing)
using ggplot2, version 3.3.3, for plots. The threshold for
statistical significance was set at P<.05 (2-tailed testing).

Data Availability
The data from the papers that support the findings of this study
are publicly available. All data used in this review can be found
in Multimedia Appendices 4-6 [6,7,43,48-81].

Results
Data Search and Identification of Articles
Our database searches yielded 662 references (Figure 2). Twenty
studies fulfilled all inclusion criteria and were finally included.
An additional 38 studies were identified through citation
searches in relevant systematic reviews, of which 17 met all
inclusion criteria. Overall, 37 studies were included for
assessment in this review.
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Figure 2. Flowchart for study identification, screening, and inclusion.

General Description of Included Studies
The study characteristics, study requirements, and framework
criteria outcomes of the final study sample are presented in
Multimedia Appendix 1 and summarized in Multimedia
Appendices 4-6 [6,7,43,48-81], respectively. Of the 37 included
studies, 19/37 (51%) were randomized control trials, 11/37
(30%) nonexperimental studies, and 7/37 (19%)
quasi-experimental studies. All studies were longitudinal, 28/37
(76%) of which were interventional and 9/37 (24%)
observational studies.
The most prevalent therapeutic areas in our study sample were
psychiatry (11/37 studies, 30%), neurology (4/37 studies, 11%),
and addiction (4/37 studies, 11%). Most studies (12/37, 32%)
measured physical activity levels, 3/37 (8%) measured smoking
cessation, 3/37 (8%) measured depression management, 2/37
(5%) measured stress management, 2/37 (5%) measured pain
management, and the rest of the studies (15/37, 41%) measured
other outcomes. Most studies relied on smartphones for the
study procedure (23/37, 62%) and predominantly measured step
counts (7/37, 19%). Most studies (34/37, 92%) collected
patient-reported outcomes.
Most studies (25/37, 68%) targeted participants with an existing
health condition, mainly enrolled females (median female
enrollment of 77%, IQR 52%-88%) and participants with a
median age of 39 years (IQR 35-47 years). A median of 43%
(IQR 32-49%) of enrolled participants had a lower educational
background, while information on enrolled participant income
(27/37, 73%) and employment status (25/37, 68%) was largely
missing from the studies.
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Description of Included Studies According to
Framework
A description of the included studies based on our framework’s
criteria is found in Table 3. The table summarizes the
participants’ motivation profiles, the most prevalent incentives
and nudges provided at each stage of the study (more
information is available in Multimedia Appendix 6), the
frequencies of the tasks for the studies and measures provided
to reduce participant burden, the target sample size of the
studies, and the study outcomes. Given the scarcity of mental
task measures in the assessed studies, our review only included
measures of physical tasks. The table is stratified by the median
duration of the included studies (12 weeks, IQR 12-26 weeks).
A total of 27 studies reported on study completion (Multimedia
Appendix 5); 14/27 (52%) studies assessed for completion based
on participant retention throughout the study period, 10/27
(37%) studies assessed for completion based on
researcher-defined metrics (eg, completion of 1 task within a
30-day period) and 3/27 (11%) studies assessed for completion
based on the fulfillment of all study tasks.
In the next sections, study enrollment and completion are
assessed based on our study’s hypotheses. An assessment of
the task frequencies and study durations is made against
measures provided to reduce participant burden, as well as
incentives or nudges provided to participants. Further
descriptions and correlations between the studies’ framework
criteria and outcomes are reported in Multimedia Appendix 7.
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Table 3. Summary statistics of included studies based on framework criteria.
Study durationa: ≤12
weeks (n=19)

Profile

Study duration: >12
weeks (n=15)

Study duration: unknown Overall (n=37)
duration (n=3)

14 (74)

8 (53)

0 (0)

22 (59)

5 (26)

7 (47)

3 (100)

15 (41)

Monetary

4 (21)

3 (20)

2 (67)

9 (24)

Referral source

3 (16)

1 (7)

0 (0)

4 (11)

Vested interest

0 (0)

2 (13)

1 (33)

3 (8)

Personal assistance

1 (5)

5 (33)

0 (0)

6 (16)

Peer support

0 (0)

1 (7)

0 (0)

1 (3)

Monetary

10 (53)

6 (40)

1 (33)

15 (41)

Reminders

10 (53)

5 (33)

0 (0)

15 (41)

Personal contact

9 (47)

3 (20)

0 (0)

12 (32)

18 (95)

13 (87)

2 (67)

33 (89)

Monthly steps, median (IQR)d

16 (5-30)

30 (29-36)

—e

28 (8-31)

Total steps, median (IQR)f

35 (12-93)

99 (14-180)

3.00 (3.0-3.0)

58 (10-120)

Passive monitoring

7 (37)

9 (60)

0 (0)

16 (43)

Short, repetitive daily tasks

6 (32)

8 (53)

0 (0)

14 (38)

At least one burden reductiong

9 (47)

12 (80)

0 (0)

21 (57)

72 (50-120)

313 (238-838)

473 (336-609)

200 (50-350)

Enrolled participants, median (IQR)

281 (89-450)

560 (150-2800)

100 (55-200)

300 (89-950)

Retained participants, median (IQR)

110 (45-240)

800 (190-1700)

—

180 (70-690)

Enrollment target (%), median (IQR)

150 (124-302)

101 (96-125)

82 (48-116)

128 (100-234)

Study completion (%), median (IQR)

48 (38-73)

55 (32-79)

—

48 (35-76)

Motivation profile of participants and offered incentives or nudges
Motivation profiles, n (%)
Extrinsic
Intrinsic
b

Incentives/nudges: recruitment , n (%)

Incentives/nudges: onboarding, n (%)

Incentives/nudges: retention, n (%)

Incentives/nudges: minimum one phasec, n (%)
Complexity of tasks required from participants
Task complexity: study tasks

Task complexity: reduction of burden, n (%)

Scientific requirements of the study
Target sample size, median (IQR)
Study outcomes

a

The duration of the study as defined in the study protocol.

b

The top 3 recruitment and retention incentives and nudges are reported; more information is available in Multimedia Appendix 6.

c

Incentive or nudge provided in at least one of the study phases: recruitment, onboarding, or retention.

d

The number of physical tasks investigators required participants to do on a monthly basis throughout the study duration as defined in the study protocol.

e

Not available.

f

The total number of physical tasks investigators required participants to do throughout the study duration as defined in the study protocol.

g

Burden reduction for participants either through 1 of the 2 approaches, passive monitoring or short, repetitive daily tasks, provided in a study.
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Evidence for Hypotheses
Hypothesis 1: Study Outcomes Based on Motivation
Profiles and Incentives or Nudges
In this section we link evidence from the studies’ task complexity
with the participant motivation profile and incentives or nudges
criteria of our framework to assess study enrollment and
completion outcomes. The 15 studies that enrolled intrinsically
motivated participants reached a median enrollment target of
137% (IQR 98%-226%), and the 22 studies that enrolled
extrinsically motivated participants reached a median enrollment
target of 126% (IQR 102%-213%). The median completion rate
of studies that focused on intrinsically motivated participants
was 41% (IQR 20%-49%), whereas those that included
extrinsically motivated participants had a median study
completion of 62% (IQR 43%-78%; Figure 3).
Studies that enrolled intrinsically motivated participants had a
median duration of 14 weeks (IQR 12-26) and had participants
complete a median of 30 (IQR 12-36) tasks per month.
Approximately half of these studies (7/15, 47%) offered passive

Daniore et al
monitoring of health data or had participants complete lower
complexity, repetitive daily tasks (7/15, 47%).
Studies that enrolled extrinsically motivated participants had a
median duration of 12 weeks (IQR 12-14) and had participants
complete a median of 26 (IQR 7-30) tasks per month. Some of
the studies (9/22, 41%) offered passive monitoring of health
data and fewer offered participants lower complexity, repetitive
daily tasks (7/22, 32%).
Incentives or nudges for recruitment of intrinsically motivated
participants were offered only in 4/15 (27%) studies and
incentives or nudges for retention were offered in 9/15 (60%)
studies. For studies that targeted extrinsically motivated
participants, incentives or nudges for recruitment were offered
in 12/22 (55%) studies and incentives or nudges for retention
were offered in all (22/22, 100%) studies.
Statistical significance testing did not reveal evidence for an
effect of intrinsic or extrinsic study motivations or the provision
of incentives and nudges on study enrollment or completion
outcomes (Multimedia Appendix 7).

Figure 3. Study completion based on participant motivations and study requirements.

Hypothesis 2: Study Outcomes Based on Task
Complexity and Study Design
In this section we link evidence from the study task complexity
with the scientific requirements criteria of our framework to
assess study enrollment and completion outcomes.
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Interventional studies achieved a median enrollment target of
128% (IQR 100%-150%) and observational studies a median
enrollment target of 103% (IQR 102%-370%). Interventional
studies achieved a median study completion of 55% (IQR
38%-79%) and observational studies achieved a median study
completion of 43% (IQR 22%-60%; Figure 4).
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A total of 28 interventional studies had a median duration of
12 weeks (IQR 12-14) and had participants complete a median
of 16 (IQR 4-30) tasks per month. Few interventional studies
(8/28, 29%) offered passive monitoring of health data and had
participants complete lower complexity, repetitive daily tasks
(8/28, 29%).
Nine observational studies had a median duration of 26 weeks
(IQR 12-26 weeks) and required participants to complete a
median of 30 (IQR 29-35) tasks per month. Most observational
studies (7/9, 78%) offered passive monitoring of health data
and had participants complete lower complexity, repetitive daily
tasks (6/9, 67%).

Daniore et al
Approximately half of the interventional studies (15/28, 54%)
provided incentives or nudges for recruitment, and 26
interventional studies (26/28, 93%) provided incentives or
nudges for retention. Only 1 observational study (1/9, 11%)
provided an incentive for recruitment, while 5 (5/9, 56%) of the
observational studies provided incentives or nudges for
participant retention.
Statistical analyses did not reveal evidence for an effect of task
complexity or study design on study enrollment or completion
outcomes (Multimedia Appendix 7). The observed coefficients
only suggest weak or no correlations, which were not
statistically significant (Multimedia Appendix 7).

Figure 4. Study completion based on study design and requirements.

Discussion
Principal Findings
The studies from our sample were primarily interventional.
Most studies targeted extrinsically motivated participants for
shorter-length studies and provided incentives or nudges to
recruit or retain participants. Around half of the studies provided
measures to reduce participant burden through passive data
collection or by requiring participants to complete frequent,
shorter tasks. The study sample revealed high values of achieved
target participant enrollment and retention. These findings
suggest that the criteria defined in our framework may have an
impact on the studies’ enrollment and completion outcomes.
https://www.jmir.org/2022/9/e39910
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Exploring our first hypothesis, high study enrollment is observed
in studies that targeted intrinsically motivated participants. Study
completion in these studies was lower than in those that targeted
extrinsically motivated participants. This may be due to
researchers requiring intrinsically motivated participants to
complete more tasks per month in comparison to studies with
extrinsically motivated participants or due the provision of
additional incentives in studies with extrinsically motivated
participants. Furthermore, the provision of lower complexity,
daily repetitive tasks was similar between studies with
intrinsically or extrinsically motivated participants. Our study’s
preliminary qualitative analyses, although the results did not
reach statistical significance, indicate that the provision of
J Med Internet Res 2022 | vol. 24 | iss. 9 | e39910 | p. 8
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incentives or nudges as well as the reduction of required tasks
from participants may contribute to higher study completion.

more likely to achieve higher participation in comparison to
longer, infrequent tasks with higher cognitive burden [49,72,90].

Exploring our second hypothesis, differences in study enrollment
and completion outcomes are also observed between
interventional and observational study designs. Here, higher
enrollment is observed in interventional studies, despite higher
efforts from most of the observational studies in our sample to
achieve wider reach study recruitment and simplify enrollment
procedures. Interventional studies revealed a higher study
completion, although fewer measures to reduce participant
burden were provided. We find that our framework provides
preliminary relevant criteria and findings relevant to remote
digital health study participation to guide researchers in study
planning.

Few studies in our sample involved onboarding procedures for
participants. This may be due to investigators’ possible
preference for in-person interactions during study enrollment.
Previous literature on this topic suggests that interacting with
participants virtually, rather than in person, may contribute to
higher study attrition [16,83,91]. However, a growing body of
recent literature points to the potential of leveraging a
combination of user-centered methodologies and easier user
interfaces to personalize study designs and maintain high
engagement through personal (remote) contact by allowing
participants to build trust with researchers [92-95]. Furthermore,
survey responses from 2 studies in our cohort that compared
in-person and remote procedures reported high participant
satisfaction with the remote interactions with investigators
[43,51]. Nevertheless, a more thorough investigation on the role
of in-person versus remote onboarding procedures is missing
in the literature. This calls attention to a potentially essential
step in remote digital health research that is understudied yet
could significantly impact study participation.

Comparison With Prior Work
Descriptive Assessment of Participation Strategies in
Remote Digital Health Studies
Descriptive results from our study sample reveal a preference
for investigators to provide incentives and nudges to retain
rather than recruit participants. Researchers’ choice to focus on
retaining participants could be in response to reported high
attrition rates in digital health studies [15,83-85]. If participants
are not retained, the quality of the evidence base of a study is
decreased. From our study sample, the lower provision of
incentives or nudges at recruitment could have likely been
motivated by higher participant reach through open social
networks, multimodal recruitment strategies, and user-friendly
interfaces [48-64,80,81]. The replacement of in-person
enrollment procedures with mobile-forward procedures that are
easy to use, specifically, enables easier study enrollment, as
mentioned in 8 of our studies [6,50,53,55-57,65,66]. However,
it is important to consider that successful recruitment strategies
do not necessarily translate into high participant retention. This
could be due, in part, to unrepresentative samples that enroll in
a study to collect financial incentives and then dropout [86,87].
Studies may be highly effective if they place equal importance
on their recruitment and retention strategies, while applying
sample validation approaches to ensure the representativeness
of their study sample.
Studies of shorter durations reported lower study completion
than those of longer durations. This is inconsistent with the
observation that studies that ran for 12 weeks or less required
less tasks to be completed by participants than in studies’ that
ran for over 12 weeks. However, half of the longer duration
studies reduced participant burden by asking them to complete
repetitive, short-length tasks once a day [52,54,56,62,67-69,80].
For most of these studies, these tasks could be completed at any
point in time during the day and the completion of all tasks was
made optional. The majority of longer duration studies also
collected data passively through smartphones or wearable
sensors [7,48,51,54,60,61,67,70,71]. These findings are in line
with recent literature on best practices to maximize participation
in longitudinal digital health studies [88,89]. Specifically,
evidence aligns with our observations that the integration of
short, repetitive tasks that align with participants’ daily lives is
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Exploration of Hypotheses From Relationships Between
Framework Criteria and Outcomes
On average, the studies in our sample enrolled more participants
than their target sample size calculations, with studies that ran
for 12 weeks or less achieving higher enrollment targets than
studies that ran for longer than 12 weeks. The median study
completion rate was approximately 50%, which is relatively
high when considering that retention rates as low as 10% are
common in digital health research [7,28,96].
A description of our study sample provides indications of a
possible higher study completion for studies that provide
incentives or nudges. This was observed with interventional
studies that, despite providing fewer lower complexity tasks
from participants than the observational studies in our sample,
managed to achieve higher study completion. The higher study
completion could be due to interventional studies providing
more incentives or nudges to participants than observational
studies. The provision of incentives in studies is consistent with
recent approaches that use willingness to accept estimations or
incentive matching with local wages to enable higher study
enrollment and completion [97-101]. Furthermore, the choice
of offering nudges to study participants is supported by recent
adaptations to the nudge theory, which claims that providing
motivational elements in digital health research may affect
decision making in study participants [102]. In recent studies,
different forms of nudges, or motivational strategies, such as
gamification, personalization of the digital solution, and peer
support (eg, through citizen science methodologies [2]), have
been reported as successful in maintaining high user retention
[103-105]. The creation of online communities and support
groups was also mentioned in 9 of our studies as a key
contributor
for
participant
retention
[49,51,60,62,65,70,73,74,81].
Enrollment for interventional studies was higher than for
observational studies. This was observed despite wider reach
study recruitment and easier enrollment procedures efforts
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through digital recruitment channels and mobile technologies
observed in most observational studies from our sample
[49,54,61,75,76]. Observational studies also achieved lower
completion outcomes despite providing tasks that reduce
participant burden, which points to a possible lack of appropriate
nudges to avoid participants dropping out after enrollment. It
was also observed that studies focused on intrinsically motivated
participants enrolled participants for longer studies and required
them to complete more tasks, while providing less incentives
or nudges than in studies focused on extrinsically motivated
participants. This may have contributed to selection of specific
participant profiles and higher loss to follow up, as evidenced
by lower completion of studies with intrinsically motivated
participants. Conversely, the studies with intrinsically motivated
participants that achieved study completion values higher than
the median of this group of studies predominantly focused on
participants at risk or with chronic conditions in an observational
study format [54,67,69,71,75]. This observation aligns with
recent literature on the prominent role of disease status in
enabling higher study retention in digital health studies through
intrinsic motivations [19,106,107].
Our analyses yielded no statistical evidence to support our
hypothesis of an interaction between factors that affect
participation in remote digital health studies and the study
outcomes. However, the lack of statistical support for the other
criteria does not invalidate our hypotheses. First, only few
remote digital health studies were identified that provided
detailed information on approaches used to enhance study
enrollment and retention in their methodologies. This warrants
more systematic reporting of remote digital health study
operations. Second, publication bias may have influenced our
statistical calculations. For example, studies that failed to reach
the target sample size may not have gotten published in
peer-reviewed journals. This may have biased our correlations
toward the null hypothesis. Third, there were observed
preferences for the target participant profiles (eg, levels of digital
literacy) and the study procedure that likely had an impact on
the studies’ outcomes. To enable future assessments that
evaluate whether specific participation factors, such as mental
tasks that impact cognitive burden, have an impact on study
outcomes, it is recommended to report these factors individually
in remote digital health studies. The availability of these data
could enable more comprehensive reviews that can thoroughly
investigate these interactions through statistical analyses, as
well as more in-depth explorations of participation enablers and
inhibitors through digital survey studies.
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study completion metrics by researchers is not surprising.
However, this poses difficulties in allowing for direct
comparisons between studies, as the former approach can be
regarded as more conservative, while the latter more lenient. It
is, therefore, important that study completion metrics are studied
in more detail to determine whether a one-size-fits-all approach
should be taken for all studies, or if bespoke approaches to
measure completion are more suitable.

Future Directions for Remote Digital Health Study
Planning
Although our statistical analyses were inconclusive, we
conducted an initial exploratory assessment of the study’s
qualitative data. We adapted the conceptual framework based
on best practices found from an assessment of our study
sample’s descriptive results that can inform future planning of
remote digital health studies:
•

•

Inconsistencies of Study Completion Measures
Heterogeneity in researchers’ choices to measure study
completion was observed in our sample. Although all the studies
we assessed outlined the expected tasks for the study participants
to complete in their methodologies (or in referenced larger
studies or protocols [55,108-115]), only 3 measured study
completion based on the achievement of all tasks defined in the
study [64,77,81]. Interestingly, 9 studies measured study
completion based on researcher-defined criteria for task
completion (eg, completion of 1 task within a 30-day period)
specific to their study design [49,53-55,60,61,73,75,80]. Given
the novelty of digital health research, the choice of different
https://www.jmir.org/2022/9/e39910
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•

Adapt incentives and nudges provided to participants based
on their motivation profile: offer different incentives or
nudges at each key step of the study procedure. Monetary
incentives may contribute to higher study enrollment
[48,53,55-57,70,78], after sample validation [86,87],
whereas nudges in the form of assistance during onboarding
[48,55] and the provision of reminders [50,53,55,60,64,73]
or a participant community (eg, through citizen science [2])
could contribute to higher retention. As technology replaces
in-person interactions, the procedures set in place should
be user-friendly [50,53,55-57,65,66] and enable participants
to build personal relationships, with either study participants
or study investigators [116]. An adequate assessment of
participant profiles and their motivations to join the study
can help adapt the provision of incentives or nudges. It is
recommended that study investigators do not underestimate
the requirement for additional incentives or nudges with
intrinsically motivated participants in their study planning.
Reduce and simplify the study’s tasks: reducing the number
of tasks required from participants in combination with
providing incentives may achieve higher enrollment and
completion in studies with intrinsically motivated
participants, especially if they align with participants’ daily
lives [53-55,60,78,79]. The use of digital tools with simpler
user interfaces and passive monitoring can also facilitate
task completion by reducing participants’ cognitive burden
[49,54,60,73,78,79]. The implementation of onboarding
procedures may also increase participants’ trust,
understanding of, and confidence in the study [43,51]. Based
on our preliminary assessment of the upper quantile of our
results, the required number of physical tasks in studies
with intrinsically motivated participants should ideally not
exceed 36 steps per month.
Broaden the scientific requirements: adjust the design of
the investigation and target sample size by simplifying the
study’s research question. Broader research questions that
affect larger population groups may help with achieving a
representative study sample, which can be generalized to
wider populations [49,54,61,67,75]. Study designs that
consider participant motivations, the provision of incentives
or nudges, and task complexities can contribute to higher
study enrollment and completion outcomes.
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We also suggest more systematic reporting on these criteria for
study enrollment and completion to facilitate further quantitative
assessments and knowledge exchange. This is particularly
relevant because, compared with traditional health studies,
remote digital health studies bring upon additional, less
well-studied challenges. To facilitate the development of remote
digital health study methodologies, revised study planning
approaches, as voiced previously by others [16], are necessary.
This is also of relevance for hybrid or fully decentralized trials,
where their reliance on remote procedures also affects
participation [117,118]. There is also a need for systematic
reporting of additional procedural aspects of study execution
with remote digital health studies. Specifically, different
reporting requirements are encouraged, such as adapted sample
size calculations, approaches to remote recruitment, and
onboarding of participants in the “Methods” sections of studies,
as well as detailed participant descriptions and aligned reporting
of study completion measures in the “Results” sections of
studies. The formulation of reporting guidelines, similar to
STROBE (STrengthening the Reporting of OBservational
studies in Epidemiology) [119], mERA (mobile health
[mHealth] evidence reporting and assessment) guidelines [120],
and CONSORT-EHEALTH standards [27], as well as further
refining our conceptual framework with more evidence as it is
made available, could be a first step in this direction.

Strengths and Limitations
To our knowledge, our study is the first in the field that provides
a comprehensive overview of the facilitators and barriers to
participation in remote digital health studies. Our study is also
the first to provide evidence-based guidelines to inform future
remote digital health study planning. However, our study has
limitations. First, there is no unified definition of a remote digital
health study. As such, a broader definition could have yielded
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more studies of interest from our search strategy. Second, the
analysis is reliant on inconsistent criteria for the outcomes of
interest defined by the investigators of our study sample, such
as approaches to calculate study completion. In this study, we
grouped these criteria into 3 categories of outcome measures,
however, a comparison of study outcomes with full accuracy
was not possible. Third, the studies are classified based on
criteria and assumptions defined by the investigators (eg,
definition of task complexity), which we attempted to keep as
broad as possible based on available literature in the field.
Nevertheless, other variables as well as measures for the
classifications and definitions could be possible. Fourth, the
analyses were conducted based on a limited set of hypotheses
defined in this study; more hypotheses could also be possible.
Lastly, our study’s dual review approach, based on random
screenings, instead of a complete dual screening, may have led
to missing studies in our final study sample.

Conclusion
In this study, we describe a conceptual framework to introduce
criteria that affect remote digital health study participation from
a person-centered lens. We apply this framework to remote
digital health studies to explore hypotheses on the factors that
affect participation outcomes. The compiled data from our
scoping review reveal that targeting specific participant profiles,
the provision of incentives and nudges, or the reduction of study
complexity at any stage of the study may improve study
outcomes. Future remote digital health study planning requires
a focus on participant requirements, as well as broadening
scientific requirements to increase participation in studies. Our
proposed framework provides an initial structure to facilitate
remote digital health study planning, but we highlight the need
for systematic reporting guidelines to enable further assessments
and knowledge exchange.
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