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Recent growth in digital technologies has enabled the recruitment and monitoring of large and diverse populations in remote
health studies. However, the generalizability of inference drawn from remotely collected health data could be severely impacted by
uneven participant engagement and attrition over the course of the study. We report findings on long-term participant retention
and engagement patterns in a large multinational observational digital study for depression containing active (surveys) and passive
sensor data collected via Android smartphones, and Fitbit devices from 614 participants for up to 2 years. Majority of participants
(67.6%) continued to remain engaged in the study after 43 weeks. Unsupervised clustering of participants’ study apps and Fitbit
usage data showed 3 distinct engagement subgroups for each data stream. We found: (i) the least engaged group had the highest
depression severity (4 PHQ8 points higher) across all data streams; (ii) the least engaged group (completed 4 bi-weekly surveys)
took significantly longer to respond to survey notifications (3.8 h more) and were 5 years younger compared to the most engaged
group (completed 20 bi-weekly surveys); and (iii) a considerable proportion (44.6%) of the participants who stopped completing
surveys after 8 weeks continued to share passive Fitbit data for significantly longer (average 42 weeks). Additionally, multivariate
survival models showed participants’ age, ownership and brand of smartphones, and recruitment sites to be associated with
retention in the study. Together these findings could inform the design of future digital health studies to enable equitable and

balanced data collection from diverse populations.
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INTRODUCTION

To gain valuable insights into the etiology of depression and
identify effective treatments tailored to individuals, large diverse
cohorts-based studies are required to assess the underlying
temporal patterns in risk and protective factors of depression in
individuals'2. However, dynamic day-to-day changes in behavior
in naturalistic settings are not captured effectively by conventional
clinical assessments that rely on infrequent in-person assessments
and subjective retrospective reporting of symptoms>. Additionally,
reaching and recruiting a large and diverse cohort in a cost-
effective and timely manner continues to be challenging for
conventional clinical studies®.

Due to increasing ubiquity and cost-effectiveness, smartphones
and wearable devices, compared to medical devices, allow
researchers to monitor personalized daily behaviors and physiol-
ogy over time for large and diverse populations®”. Combined
with scalable data collection platforms, these technologies
provide high-fidelity multimodal behavior sensing capabilities®.

Several recent large-scale remote digital depression studies have
shown the feasibility of technology-based remote data collection
to assess individuals’ health and behavior®'2. For example,
sleep®, social interactions'®, and mobility’>~"” features derived
from digital apps, smartphones, or wearable devices, have been
demonstrated to be significantly associated with depressive
symptoms. Remote digital studies also offer an effective medium
to reach and recruit from larger and more diverse populations'®
thereby considerably lowering the costs and time for creating
cohorts of interest than conventional clinical studies®.

Although previous remote digital studies have shown the
feasibility and utility of leveraging smartphones and wearable
technology for assessing behavioral changes in naturalistic
settings, long-term participant retention and engagement remain
significant challenges'®2°. Moreover, differential recruitment and
retention of participants can lead to imbalanced cohorts and
biased data collection that can severely impact the generalizability
of findings?'~2%. For example, Pratap et al. found that four specific
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indicators (referral by clinicians, older age of participants,
compensation of participants, and having clinical condition [as
opposed to being healthy]) were significantly associated with
participant retention, and participant demographics were also
associated with long-term engagement patterns in a cross-study
evaluation of eight observational digital health studies conducted
between 2014-20192",

However, past studies investigated participant behavior and
retention in the study for short follow-up periods and were
primarily based on active tasks (surveys) completed by partici-
pants using a limited set of variables of interest?’2%, To leverage
digital health technology for assessing and managing complex
chronic conditions (e.g., psychiatric and neurological disorders),
gathering long-term day-to-day behavior change over the long
term is necessary. And to remotely engage large populations
effectively and equitably, there is a further need to understand key
risk factors that impact long-term participant engagement
(months to years) in remote digital studies, including the feasibility
of collecting active and passive data streams. Participants’
behaviors of answering surveys via the study app, such as time
spent responding to surveys and completing surveys in natur-
alistic settings, may also reflect the participants’ interest in
engaging in the study*~%’. Furthermore, there is a need to
understand the feasibility of collecting passive data via smart-
phones (e.g., Bluetooth and GPS data) and wearables (e.g., heart
rate and sleep data) in comparison to active task-based data (e.g.,
surveys) requiring active participation and with additional user
burden.

Here we present findings from a secondary analysis of data
collected from the Remote Assessment of Disease and Relapse-
Major Depressive Disorder (RADAR-MDD) study'®?® to evaluate
the potential factors impacting long-term participant retention
and engagement in a large, multinational cohort. Specifically, we
assessed three specific key questions using participant-level usage
data of study apps and wearables: (i) Is participant retention
associated with real-world factors (such as sociodemographics,
medium of data collection [smartphones and wearables], and
severity of depressive symptoms)? (ii) Are there potential patterns
in participants’ long-term engagement, including differences
between active and passive data streams collected via the study
apps and wearables? (iii) And if there are significant differences in
participants’ characteristics in the study across different long-term
engagement patterns?

RESULTS
Cohort characteristics

In total, we analyzed data from 614 participants recruited from
three recruitment sites (350, 146, and 118 participants from KCL,
CIBER, and VUMC, respectively) between November 2017 to April
2021. The cohort’'s median (range) age was 49 (18-80) years;
Supplementary Fig. 1 shows the age distribution). The majority of
the cohort is females (75.7%, N = 465) which is expected because
all enrolled participants had a current/prior history of depression,
and the prevalence of depression is known to be higher in females
than males?®732, A subset of 151 (25.1%) participants who were
iPhone users were provided with an Android smartphone to use
as their primary phone during the study. Differences in participant
characteristics across study sites were assessed by Kruskal-Wallis
tests>3. Participants recruited at the CIBER site had the highest
median age (54.0 [49.0, 61.0] years) across the three sites (KCL:
45.0 [30.0, 56.0] years and VUMC: 40.0 [26.0, 57.8] years)
(p<0.001). In addition, the CIBER site cohort also had a
significantly higher median baseline PHQ8 score (15.5 [10.0,
19.0]) than the KCL (9.0 [6.0, 13.0] scores) and VUMC (8.0 [6.0, 14.0]
scores) sites (p <0.001). For ethnicity, the majority of recruited
participants were white across KCL (84.3%) and VUMC (92.4%)
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sites. Ethnicity data was not collected for participants recruited at
the CIBER site. Table 1 summarizes sociodemographics and clinical
characteristics for the overall cohort with comparisons stratified by
sites. Briefly, the subcohort with a longer observation period
(94 weeks) (See Methods) had 313 participants with a median age
of 51.0 [37.0, 59.0] years, with the majority being females (75.1%,
N = 235). The full set of secondary cohort descriptive statistics is
summarized in Supplementary Table 1.

Participant retention

For the primary cohort analysis, the participant retention (survival
rate) at the end of the common maximum observation period of
43 weeks (described in Methods) as quantified using Phone-
Active, Phone-Passive, and Fitbit-Passive data streams were 54.6%
(N=335), 47.7% (N=293), and 67.6% (N=415), respectively.
Similarly, for the secondary cohort, the participant retention rates
in the 94 weeks measured by the three data streams were 48.2%
(N=151), 39.3% (N=123), and 54.0% (N=169), respectively.
Figure 1 displays the Kaplan-Meier survival curves that show
participant retention across two observation periods stratified by
three data streams.

To further assess the impact of multiple variables of interest
(age, gender, marital status, employment, children, education,
income, accommodation, the baseline PHQ8 score, comorbidity,
depression medication, phone status, smartphone brand, and
study site), we used three multivariate Cox Proportional-Hazards
models3* for Phone-Active, Phone-Passive, and Fitbit-Passive data
streams, respectively. All variables, except gender variable in the
Phone-Passive model, met the proportional hazards assumption.
We added a time interaction term to the gender variable to meet
the CoxPH model assumptions3>3¢. See Supplementary Table 2 for
the results of proportional hazard assumption tests and Supple-
mentary Figs. 2-4 for the scaled Schoenfeld residuals plots. Table
2 shows hazard ratio (HR) estimates and 95% confidence intervals
of all variables of the three models.

For each predictor, a HR estimate greater than 1 indicates the
variable is associated with a higher risk of participants not
contributing data to the study thus negatively impacting
participant retention in the study. Across the three data streams,
age was found to significantly affect participant retention in the
study. Compared with the youngest group (18-30 years old),
participants in older age groups tend to stay in the study for a
longer time. Participants in the oldest group (>60 years old) had
the lowest risks of stopping contributing data for all three data
streams (Phone-Active: HR = 0.56, p = 0.02; Phone-Passive: HR =
0.56, p =0.02; Fitbit-Passive: HR =0.42, p =0.01). Compared to
participants with their own smartphones, those using the study
provided Android phone had a statistically significantly higher risk
for not contributing phone data actively (HR =1.67, p = 0.03) and
passively (HR=1.65, p=0.03). Of note, participants using
Motorola (HR=0.26, p<0.001) and Samsung (HR=0.57-0.58,
p<0.001) branded phones also contributed both active and
passive phone data for significantly longer durations compared
with other brands of smartphones. Furthermore, compared with
the CIBER site, participants in the KCL and VUMC sites had the
lower risk of stopping sharing the Fitbit-Passive data (KCL:
HR =0.59, p=0.03, VUMC: HR = 0.40, p < 0.001).

Participants’ age also continued to significantly impact reten-
tion in the extended observation period (94 weeks) across all three
data streams assessed in the secondary cohort (Supplementary
Table 3).

Participants’ long-term engagement patterns in the study

Patterns in participants’ day-to-day data sharing were assessed
using an unsupervised K-means method®” across the three data
streams separately (Fig. 2a). In the primary observation period,
three subgroups showing distinct participant engagement
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Table 1.
Kruskal-Wallis tests.

A summary of characteristics of 614 participants in the RADAR-MDD study, with comparisons across the three study sites using

Characteristics Total KCL CIBER VUMC p value
Number of participants, n 614 350 146 118
Age (median [IQR]) 49.00 45.00 54.00 40.00 <0.001
[32.00, 58.75] [30.00, 56.00] [49.00, 61.00] [26.00, 57.75]
Female, n (%) 465 (75.7) 267 (76.3) 106 (72.6) 92 (78.0) 0.56
Marital status, n (%) 0.005
Single/separated/divorced/widowed 328(53.4) 185(52.9) 66 (45.2) 77 (65.3)
Married/cohabiting/LTR 286 (46.6) 165 (47.1) 80 (54.8) 41 (34.8)
Ethnicity, n (%) <0.001
White 404 (86.3) 295 (84.3) - 109 (92.4)
Black 14 (3.0) 11 (3.1) - 3 (2.5)
Asian 16 (3.4) 16 (4.6) - 0 (0)
Other 34 (7.3) 28 (8.0) - 6 (5.1)
Employed, n (%) 258 (42.0) 186 (53.1) 33 (22.6) 39 (33.1) <0.001
Having children, n (%) 304(49.5) 152 (43.4) 111 (76.0) 41 (34.8) <0.001
Years in education (median [IQR]) 16.00 17.00 11.00 16.50 <0.001
[13.00, 19.00] [14.00, 19.00] [9.00, 15.75] [14.00, 20.00]
Annual income, n (%) <0.001
<15,000 (£/€) 152 (24.8) 74 (21.1) 47 (32.2) 31 (26.3)
15,000-55,000 (£/€) 348 (56.7) 203 (58.0) 92 (63.0) 53 (44.9)
55,000 (£/€) 98 (16.0) 72 (20.6) 7 (4.8) 19 (16.1)
Accommodation, n (%) <0.001
Own outright/with mortgage 323 (52.6) 169 (48.3) 105 (71.9) 49 (41.5)
Renting 236 (38.4) 151 (43.1) 27 (18.5) 58 (49.2)
Living rent-free 46 (7.5) 29 (8.3) 10 (6.8) 7 (5.9)
Baseline PHQS8 score (median [IQR]) 10.00 9.00 15.50 8.00 <0.001
[7.00, 16.00] [6.00, 13.00] [10.00, 19.00] [6.00, 14.00]
Having comorbidities, n (%) 311 (50.7) 176 (50.3) 96 (65.8) 39 (33.1)
Taking depression medication, n (%) 400 (65.1) 206 (58.9) 133 (91.1) 61 (51.7)
Number of contact logs (median [IQR]) 4.00 5.00 3.00 2.00 <0.001
[2.00, 7.00] [3.00, 8.00] [2.00, 5.00] [1.00, 3.75]
Provided phone, n (%) 151 (25.1) 120 (34.9) 8 (5.7) 23 (19.5) <0.001
Brand of smartphone, n (%) <0.001
Motorola 240 (39.7) 171 (49.7) 30 (20.8) 39 (33.3)
Samsung 194 (32.1) 94 (27.3) 44 (30.6) 56 (47.9)
Other 171 (28.3) 79 (23.0) 70 (48.6) 22 (18.8)

Note, ethnicity data was not collected for participants recruited at the CIBER site.

patterns (C1: most engaged, C2: medium engaged, and C3: least
engaged), emerged across each data stream (Fig. 2b). Across the
three engagement clusters in each data stream (Phone-Active,
Phone-Passive, and Fitbit-Passive), we found notable differences in
participants’ behavior (survey response and completion times),
baseline depression symptom severity, and age (Fig. 3). Supple-
mentary Tables 5-7 provide further details for comparisons of all
variables across three clusters for all three data streams using the
Kruskal-Wallis tests.

Long-term engagement patterns across phone active, phone passive,
and wearable data streams. Participants in the most engaged C1
cluster (37.6% of the cohort; N = 231) completed a median (IQR) of
20.0 (18.0, 21.0) bi-weekly surveys as opposed to 4.0 (1.0, 6.0) for
those in the least engaged cluster (C3; 33.2% of the cohort;
N =204). Similarly, the data sharing patterns for passive data
streams showed significant differences. Participants (42.2% of the
cohort; N=259) in the most engaged C1 cluster of the Phone-
Passive data stream, shared phone-based passive data for a

Published in partnership with Seoul National University Bundang Hospital

median (IQR) of 283 (257.0, 298.0) days as opposed to 32 (4.0, 67.5)
days for the participants in the least engaged C3 cluster (33.7%;
N = 207). Similarly, for the Fitbit-based data gathered passively,
the most engaged C1 cluster with 66.3% participants (N = 407)
shared the data for median (IQR) 294 (274.0, 301.0) days compared
to just 18 (0, 67.0) days for the 17.6% participants (N = 108) in the
least engaged cluster (C3). Of note, we found a considerable
proportion of participants in the medium (C2) and least (C3)
engaged clusters of the Phone-Active data stream, despite
completing a lesser number of active surveys (13 and 4 bi-
weekly surveys, respectively), continued contributing passive data
from Fitbit for an average of 42 weeks. Figure 2c shows this
marked transition where 65.4% of participants (N =151) from the
C2 cluster and 44.6% of participants (N =91) from the C3 cluster,
based on the Phone-Active data stream, transitioned to the most
engaged C1 cluster of the Fitbit-Passive data stream.

Survey response and completion times. We also observed
prominent linkages between long-term engagement and the

npj Digital Medicine (2023) 25
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a) Primary cohort (N =614)

b) Secondary cohort (N =313)
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Participant retention in the RADAR-MDD study. The Kaplan-Meier survival curves for (a) the primary cohort (N=614) with an

observation period of 43 weeks, and (b) the secondary cohort (N=313) with a longer observation period of 94 weeks stratified by Phone-

Active, Phone-Passive, and Fitbit-Passive data streams.

survey response time (the time to respond to survey notifications)
and completion time (total survey completion time). Participants
in the most engaged C1 cluster of the Phone-Active data stream
had significantly shorter survey response time (73.7 [31.3, 215.8]
minutes) for the PHQ8 survey compared to 302.4 (122.3, 527.1)
minutes for the least engaged C3 cluster (Fig. 3a) (p < 0.001). This
finding is also consistent for subgroups in the Fitbit-Passive data
stream (Fig. 3a) and RSES survey (Supplementary Tables 5, 7). In
terms of survey completion time, participants in the least engaged
cluster (C3) of the Phone-Active data stream took significantly
longer (61.6 [46.1, 83.0] seconds) to complete surveys than those
in C1 (50.3 [37.9, 69.0] seconds) and C2 (49.4 [40.0, 67.0] seconds)
clusters (Fig. 3b) (p<0.001). Likewise, the finding of survey
completion time is consistent for the Fitbit-Passive data stream
(Fig. 3b) and RSES survey (Supplementary Tables 5, 7).

Baseline depression symptom severity. The baseline PHQ8 scores
of participants were significantly different across three subgroups
(C1, C2, C3) for all three data streams. Overall, participants in the
least engaged cluster (C3) had significantly higher severity of
depressive symptoms at enrollment (Fig. 3c). For example,
participants in C3 for the Phone-Active data stream had a 4
points difference in the median baseline PHQ8 score (13.0 [7.0,
17.0]) compared to participants in the most engaged cluster (C1)
with a median baseline PHQ8 score of 9.0 (6.0, 15.0) (p = 0.003).
Similarly, in participants in cluster C3 of Phone-Passive and Fitbit-
Passive data streams showed a statistically significant difference in
the baseline PHQ8 scores compared with the most engaged
cluster (C1) (Phone-Passive - C1: 9 [6.0, 15.0]; C3: 12 [8.0,17.0] and
Fitbit-Passive - C1: 9 [6.0, 15.0]; C3: 13 [9.0, 17.5]) (p < 0.001).

Sociodemographics. The age of participants was significantly
different across the 3 clusters of Phone-Active and Phone-Passive
data streams. For the Phone-Active data stream, participants in C1
cluster had a significantly higher median (IQR) age of 53.0 (34.0,
61.5) years than participants in C2 (45.0 [31.0, 55.5]) and C3 (48.0
[32.0, 57.3]) clusters (p=0.003). Similarly, for the Phone-Passive
data stream, participants in the most active C1 cluster had the
significantly highest median (IQR) age of 52.0 (36.5, 61.0) years
across the 3 clusters (C2: 46.5 [30.8, 56.3] years and C3: 46.0 [30.5,
57.5] years) (p = 0.01). For ethnicity (available for KCL and VUMC
sites), we found the proportion of white participants was
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significantly lower in the least engaged C3 group (77.8%) than
C1 (95.1%) and C2 (84.0%) clusters for the Phone-Active data
(p <0.001). Likewise, Phone-Passive and Fitbit-Passive data had
similar findings (Supplementary Table 11).

Phone brand, phone status, and “human-in-the-loop” (research team
contacting participants). We found the Phone-Passive data
collection to be significantly different across the smartphone
brands. In the Phone-Passive data stream, the proportion of
participants with Motorola brand phones in the least engaged C3
cluster (15%) was significantly lower than C1 (57.0%) and C2
(42.9%) (p <0.001) (Supplementary Table 6). Also, the proportion
of participants using study provided phones in the C3 cluster
(11.7%) was significantly lower than C1 (32.6%) and C2 (29.9%)
clusters (p <0.001) (Supplementary Table 6). Further, for Phone-
Active data stream, we found participants in the most engaged C1
cluster were contacted less frequently (3.0 [2.0, 5.0]) than those in
the C2 (5.0 [3.0, 7.0]) and C3 (5.0 [2.0, 9.0]) clusters (p<0.001)
(Supplementary Table 5).

For the secondary cohort with a longer observation period,
unsupervised clustering of 94 weeks of individual-level engage-
ment data showed 4 clusters (C1-C4) shown in Supplementary
Fig. 6. Results of the participant characteristics enriched in the 4
engagement clusters for the secondary cohort are similar to the
results of the primary cohort and are summarized in Supplemen-
tary Tables 8-10 for the three data streams, respectively.

DISCUSSION

We report findings regarding long-term participant retention and
engagement patterns from a large European multinational remote
digital study for depression'®2%, Our findings show a significantly
higher long-term participant retention than in past remote digital
health studies'®?'~2*. However, we show several factors, that can
significantly impact long-term participant retention and the
density of data collection in naturalistic settings. These range
from participants’ sociodemographics, and depression symptom
severity, to study app usage behavior e.g., survey response and
completion times. Here we contextualize our key findings in the
broader digital medicine context that may help inform the design
and development of remote digital studies. We also compare the
utility of using active and passive data collection for long-term
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Table 2. The estimates and 95% confidence intervals of hazard ratio (HR) of variables in the Cox models for assessing the impact of multiple variables
of interest on the participant retention time in the first 43 weeks of the study for Phone-Active, Phone-Passive, and Fitbit-Passive data streams,

respectively.

Variables Phone-Active Phone-Passive Fitbit-Passive
HR (95% Cl) p HR (95% Cl) p HR (95% Cl) p
Age <30 Reference - Reference - Reference -
30-39 0.8 (0.53-1.2) 0.28 0.81 (0.54-1.21) 0.30 0.7 (0.4-1.22) 0.21
40-49 0.75 (0.48-1.17) 0.20 0.76 (0.49-1.19) 0.23 0.5 (0.27-0.93) 0.03
50-59 0.73 (0.46-1.15) 0.18 0.74 (0.47-1.17) 0.20 0.59 (0.33-1.08) 0.09
>60 0.56 (0.34-0.93) 0.02 0.56 (0.34-0.93) 0.02 0.42 (0.22-0.81) 0.01
Gender Female Reference - - - Reference -
Male 0.85 (0.63-1.15) 0.29 - - 0.79 (0.54-1.18) 0.25
Marital status Single Reference - Reference - Reference -
Married 0.97 (0.72-1.31) 0.85 0.96 (0.71-1.29) 0.78 0.84 (0.58-1.23) 0.37
Employment No Reference - Reference - Reference -
Yes 0.86 (0.63-1.16) 0.32 0.85 (0.63-1.15) 0.28 0.75 (0.5-1.11) 0.14
Having children No Reference - Reference - Reference -
Yes 0.93 (0.66-1.31) 0.68 0.94 (0.67-1.32) 0.71 1.45 (0.93-2.26) 0.10
Years in education 1.01 (0.99-1.03) 0.19 1.01 (0.99-1.03) 0.21 0.99 (0.96-1.02) 0.49
Annual income (£/€) <15,000 Reference - Reference - Reference -
15,000-55,000 1.13 (0.82-1.57) 0.46 1.14 (0.82-1.59) 0.43 0.95 (0.64-1.42) 0.81
>55,000 0.98 (0.6-1.61) 0.95 1 (0.61-1.65) 0.99 0.75 (0.38-1.47) 0.40
Accommodation Own outright Reference - Reference - Reference -
Renting 1.14 (0.84-1.54) 0.40 1.14 (0.84-1.54) 0.41 0.84 (0.57-1.24) 0.38
Living rent-free 0.8 (0.46-1.39) 0.42 0.79 (0.45-1.38) 0.41 0.59 (0.29-1.21) 0.15
PHQS8 score 1.01 (0.98-1.03) 0.59 1.01 (0.99-1.03) 0.50 1 (0.97-1.03) 0.81
Having comorbidities No Reference - Reference - Reference -
Yes 0.88 (0.68-1.16) 0.37 0.88 (0.67-1.15) 0.33 1.17 (0.82-1.66) 0.39
Medication No Reference - Reference - Reference -
Yes 1.14 (0.86-1.51) 0.36 1.13 (0.86-1.5) 0.38 1.06 (0.72-1.55) 0.77
Study site CIBER Reference - Reference - Reference -
KCL 0.86 (0.59-1.26) 0.43 0.87 (0.59-1.27) 0.47 0.59 (0.38-0.94) 0.03
VUMC 1.49 (0.95-2.34) 0.09 1.54 (0.98-2.43) 0.06 0.4 (0.21-0.76) <0.001
Brand of smartphone Other Reference - Reference - Reference -
Motorola 0.26 (0.17-0.4) <0.001 0.26 (0.17-0.4) <0.001 0.56 (0.34-0.92) 0.02
Samsung 0.58 (0.43-0.79) <0.001 0.57 (0.42-0.77) <0.001 0.78 (0.53-1.16) 0.22
Phone status Own phone Reference - Reference - Reference -
Provided phone 1.67 (1.06-2.64) 0.03 1.65 (1.05-2.6) 0.03 1.61 (0.93-2.77) 0.09

(240-301) = 1.52 (0.95-2.42) (p = 0.08).

Note, in the Phone-Passive model, an interaction term of the “gender” variable with a split time variable (cut points are 130 and 240) was used to make the
variable meet the model assumption. HR of Male (1-129) = 0.67 (0.39-1.14) (p = 0.14), HR of Male (130-239) = 0.58 (0.34-0.99) (p = 0.05), and HR of Male

remote monitoring of behavior and health outcomes. Finally, we
share some of the participant engagement strategies deployed by
the RADAR-MDD consortium'® and data-driven insights to help
improve long-term participant engagement in future remote
digital studies.

One of the notable findings was that participants with higher
severity of depression at the time of enrollment contributed less
data both actively and passively. For example, participants in the
least engaged cluster (C3) had the highest depression severity at
the baseline and were up to 16 times less likely to share active or
passive data from smartphones and wearables. The finding
indicates that participants with higher depression symptom
severity may be at a higher risk of not engaging in fully remote
studies. A similar finding that the lowest engaged group had the
highest depression and anxiety scores was observed in a previous
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web-based mental health intervention study*®. Non-uniform
engagement in depression study apps, particularly by participants
with higher depression severity could bias the data collection
impacting the generalizability and robustness of generated
evidence. There is an urgent need for future research to develop
solutions that alleviate non-uniform data collection. First, mixed
methods research that aims to uncover the context behind
quantitative findings by using qualitative methods>° is needed to
understand issues that impact the engagement of people with
high depression severity. Second, co-designing study protocols
and apps with representative patient advisory boards can help
optimize the acceptability of the technology*®*'. Third, applying
“Human-in-the-loop”*?>*3* approaches can help the timely resolu-
tion of problems that are encountered by participants and may
reduce the risk of disengaging from the study. Finally, the present
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Fig.2 Participant long-term engagement patterns in the RADAR-MDD dataset. a Schematic representation of a participant’s 3 data streams
in the study. b Heatmaps of participant longitudinal engagement patterns, clustered using K-means clustering. In each heatmap, each row
represents a data-availability vector of one participant (described in Methods), and subgroups were arranged from the most engaged cluster
to the least engaged cluster (C1-C3). ¢ Sankey plots showing the proportion of common participants between clusters determined from
Phone-Active (green), Phone-Passive (brown), and Fitbit-Passive (pink) data streams. To match passive data streams, if a survey that was due
every two weeks was completed by a participant, 14 elements of the participant’s data-availability vector of Phone-Active corresponding to
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these two weeks are set to 1 (representing the participant was contributing active data) (See “Methods” for further details).
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Fig.3 Significant factors impacting the long-term engagement patterns. Significant differences in participants’ (a) survey response time, (b)
survey completion time, (c) baseline depression symptom severity, and (d) age across three long-term engagement patterns (Cluster 1, Cluster
2, and Cluster 3) for Phone-Active, Phone-Passive, and Fitbit-Passive data streams, respectively. Note: Cluster 1, Cluster 2, and Cluster 3
represent the most engaged, medium engaged, and least engaged patterns shown in Fig. 2b. The centerline of the boxplots shows the
median value of the factor across participants for each cluster, the box indicates the interquartile range (IQR) from the 25th (Q1) to 75th (Q3)
percentiles, and the whiskers represent points within Q1 — 1.5*IQR and Q3 + 1.5*IQR. All p values were calculated by Kruskal-Wallis tests.

study showed that passive data gathered from wearables has
greater contiguity and participant retention over the long term.
Focusing efforts on collecting multimodal passive data streams
without additional user burden may be a more effective and
acceptable marker of individual behavior in naturalistic settings**.
We discuss these strategies in further detail below.

We also observed participants’ time in responding to and
completing surveys is significantly associated with their long-term
engagement patterns. Participants with shorter survey response
and completion times tend to engage for the longer term
completing more surveys and wearing Fitbit for a significantly
longer period. Past studies have also reported that if participants
are more interested in the study, they are quicker to respond and
complete study-related assessments?>~2’. Further, survey response
and completion time may also be correlated with several other
factors, such as participants’ familiarity with smartphones and
study apps, life behaviors, and smartphone latency (battery and
memory). Such objective metrics on participants’ app-usage
behavior may be potentially useful for passively assessing the
quality of the active data and predicting long-term
engagement early.

Published in partnership with Seoul National University Bundang Hospital

In addition, nearly a quarter of participants were provided an
Android smartphone by the research team to be used as their
primary phone during the study observation period. However, the
study engagement data shows that participants using study
provided phones were more likely to stop sharing their phone
data (both active and passive data) compared with other
participants who used their own smartphones. One possible
reason for reduced engagement may be linked to participants not
using the provided phones as their primary phones in daily life.

Finally, we found that age is a significant indicator of participant
retention and engagement. Older participants have a lower risk of
disengaging from the study app (Table 2) and tend to contribute
more surveys and phone passive data (Fig. 3d) than the younger
participants. This finding is consistent with several previous
engagement studies.?’#>46

This study also demonstrated the feasibility of collecting active
and passive data streams for long-term behavior monitoring.
While there is growing interest amongst researchers in gathering
behavioral data without having to rely on episodic in-clinic
assessments that may be subject to recall bias*’, there is limited
empirical research quantifying the long-term participant engage-
ment differences between active (surveys) and passive data
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streams (smartphones and wearables). We compared the long-
term differences in the density of active and passive data collected
from surveys, smartphones, and wearable devices.

Passively gathered data from wearable devices showed the
highest long-term engagement (C1 in Fig. 2b and Supplementary
Fig. 6) and the highest participant retention rates (Fig. 1) over both
observation periods (43 weeks and 94 weeks). The finding clearly
shows that wearable devices with minimal participant burden
could help researchers collect high-density data over the longer
term. Another potential reason may be that the Fitbit app
provides participants with timely feedback about their sleep
quality and physical activity, which may increase their interest in
wearing Fitbit devices. We found a significant proportion of the
participants who completed fewer longitudinal surveys (C2 and C3
of the Phone-Active data stream) but contributed passive Fitbit
data for significantly longer (Fig. 2¢c). This illustrates the value of
wearable devices for long-term monitoring of participants who
cannot routinely actively engage in completing frequent health
surveys.

On the other hand, we found that the passive data gathered
from participants’ phones had the lowest retention rate in both
observation periods (Fig. 1). A potential reason for lower
compliance in passive data collection from smartphones could
be due to the relatively high consumption of battery and users’
data plan. The study app collected high-resolution passive data
frequently (e.g., GPS [every 10 min], Bluetooth [hourly], battery
levels [every 10 min], and phone usage [event trigger]). The
collection of highly granular passive data could have made some
participants stop the app from collecting passive data or uninstall
it. Future research is needed to understand the suitable balance
between passive data collection and phone battery consumption
acceptable to participants in their daily lives. Notably, we also
found that smartphone brands significantly affected the retention
and density of phone data collection. Smartphone brands may
have different policies on the duration for which an app can
collect granular passive data continuously. However, the sample
sizes of several categories of phone brands were limited in our
cohort. Additional research is needed to investigate intra-device/
brand differences within and across Android and iOS phones to
enable the robust and equitable collection of passive data. Finally,
a small but significant group of participants were not contributing
either active or passive data (Fig. 2c). Further research is needed to
understand the concerns of this subgroup to avoid the collection
of unbalanced data.

We discuss four strategies developed and adopted by the
RADAR-MDD consortium'® which may have helped increase long-
term participant retention and engagement in the RADAR-
MDD study.

“Human-in-the-loop”*?

The RADAR-MDD research team contacted participants for various
reasons, such as reminding 3-month assessments, any malfunction
in the Fitbit device, problems in study apps, and congratulating
participants for completing the 1-year milestone. Timely resolution
of technical issues and feedback and encouragement from the
research team may help keep participants in the study?.

Monetary incentives

Compensation for participant time and monetary incentives are
known to enhance engagement?>48, Although participants were
not offered compensation for completing surveys remotely and
sharing behavior data passively, existing monetary incentives
could increase participants’ willingness to remain engaged in the
study. For example, participants were given monetary incentives
for enrolling in the study, taking part in clinical assessments (every
3 months), and additional interviews (e.g., 1-year interview) (see
“Methods” section). This cyclical compensation (every 3 months
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and 1 year) could have indirectly incentivized participants to
remain in the study. Furthermore, participants were allowed to
keep the Fitbit device after the completion of the study which
could have impacted their motivation to join and remain engaged
in the study for a longer term.

Participant-centric design

Participants’ lack of familiarity with how to use digital technolo-
gies (study apps) and lack of intrinsic motivation (not familiar with
the value of the study) are two key barriers to long-term
engagement??. Therefore, participants and patients were invited
to provide input at all stages of the study process'®. A patient
advisory board comprising service users guided the early study
protocol and study app design stages to the implementation and
analysis phases. They contributed to improving the study design
and engagement motivation strategy and shaped how the
technology was used®. This approach, called “participant-
centered initiative”*°!, treats participants as partners in the
entire research cycle, which could provide a means to improve
participant retention and engagement in long-term digital health
studies. A recent study demonstrated that the “participant-centric
design” played an essential role in maximizing engagement in
remote app-based studies'®.

Recruiting participants with the target disease of interest

The inclusion criteria in the present study required all participants
to have at least one depressive episode in the last two years.
Therefore, the study contains an enriched population with a
specific clinical condition. Prior research has shown that partici-
pants with clinical conditions of interest in the study tend to
remain engaged for significantly longer?'?2. Experiences of having
depression may make participants aware of the benefits of
regularly completing the self-assessment and getting feedback
from clinical teams to realize their status of mental health??,

Although the incentives and recruitment strategies discussed
above increased participant retention in the present cohort, a
notable proportion of the cohort (17.59-33.71%) across active and
passive data streams did not remain engaged in the study over
the long-term (C3 clusters in Fig. 2b). Long-term participant
retention and engagement in remote digital studies, therefore,
remains an active area of research. Several potential solutions
could be learned from our findings. Participant characteristics,
such as younger age, more depressive symptoms at baseline, and
delayed responses to remote surveys, could act as early indicators
of a subgroup of participants at a higher risk of disengagement
from the study. Targeted engagement strategies including tailored
communication and increased “Human-in-loop” interactions could
be deployed to this subgroup. An alternative approach is to recruit
more heavily from participants matching the characteristics of the
low engagers, which may help reduce the overall data imbalance.

Also, a near-real-time analytical framework could be deployed
to monitor the incoming data for known socio-technical biases
continually. The system could triage participants who are falling
below an acceptable level of compliance to the study team in
terms of data quantity and quality. This could help just-in-time
identify potential causes of unbalanced data collection and allow
for timely and targeted interventions to re-engage participants at
the highest risk of drop.

Our findings should be viewed in the context of certain
limitations related to the data collection in a fully remote
European multinational remote digital study for depression. First,
the RADAR-MDD study used an open enrollment model to gather
data and did not stratify or randomize participant recruitment
based on sociodemographic characteristics, enrollment sites, etc.
For example, the overall cohort had significantly fewer partici-
pants older than 70 years, which can be related to known barriers
e.g., lower use of digital technologies and health problems>2-*,
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Further, the study population was predominantly white people
with the majority of females. While the higher proportion of
females in the present study cohort is aligned with previous
epidemiological and remote observational studies®™’ and a
known higher prevalence of depression in females than in
males?®=3%; the findings may not be generalizable to a more
diverse or non-depressed population. Future studies should use
randomized designs to investigate the causal impact of various
demographic and sociotechnical factors on participant retention
using a representative target population linked to the condition of
interest.

Second, the depression symptom severity in the study cohort
was measured using the PHQ8 survey. Although the PHQ survey is
a viable indicator of depression severity>®-%° and has been used in
a number of remote studies?®®'2, the PHQ survey was designed
for the rapid depression screen and not suggested for depression
diagnosis®>®*, Third, there were some changes during the course
of the study such as changes in versions of some surveys, fixing
technical bugs (e.g., missing notifications), and addition of surveys
made as well as different study start times across three sites that
could impact participant engagement. Fourth, the education
system, language, income levels, and currency are also different
across European countries and could lead to inconsistencies in the
comparison of participant responses to socio-demographic ques-
tions across sites. These potential differences limited our
interpretation of the different levels of participant engagement
across three sites. Fifth, the technical differences between the two
versions of Fitbit devices (Charge 2 and Charge 3) deployed in the
study were not tracked. Also, the present study was only based on
Android smartphone operating system. As a result, the impact due
to different versions of wearable devices and different smart-
phone operating systems on participant engagement is unclear.

Sixth, the specific impact of the number of contact logs on
participant engagement may be bidirectional. For example,
technical issues may decrease participant engagement with the
study app despite the study team reaching out. On the other
hand, reaching out to remind participants to complete an
assessment or congratulating them for reaching the 1-year
milestone may increase participant engagement. Also, participants
in the most engaged clusters had the lowest number of contact
logs, indicating that highly engaged participants did not need
additional reminders to complete assessments, and encountered
fewer technical issues.

Seventh, while participants were not paid for completing
remote surveys via smartphones or sharing passive data,
compensation was given for clinical assessments every 3 months,
which may also affect the generalizability of our findings in
cohorts without any incentives.

This study demonstrated that participant retention in the
RADAR-MDD study was significantly higher than in past digital
studies. Higher retention is likely linked to the deployment of
several engagement strategies such as “human-in-the-loop”,
monetary incentives, participant-centric design, and a targeted
clinical cohort. We found several notable indicators such as age,
depression severity, and survey response and competition times in
the study app significantly impacted the depth and density of our
data collection in fully remote research. Furthermore, passive data
gathered from wearables without participant burden showed
advantages in helping collect behavioral data with greater
contiguity and over a longer duration. Combined, these objective
engagement metrics could help identify and triage participants
with the highest dropout risk to tailored and just-in-time
engagement to enable equitable and balanced health data
collection from diverse target populations.
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METHODS
RADAR-MDD study design
Data used in this study was collected from the EU research
program RADAR-MDD, which aimed to investigate the utility of
smartphones and wearable devices to monitor depression
remotely and understand factors that could help predict relapse
in major depressive disorder'®. The study recruited 623 partici-
pants from 3 sites across 3 Europe countries (United Kingdom -
King’s College London [KCL]; Spain - Centro de Investigacién
Biomédican en Red [CIBER]; Netherlands - Vrije Universiteit
Medisch Centrum [VUMC]) and followed participants for up to 2
years'®. Nine participants recruited from a second site in Spain
were not included in the present analysis due to the small sample
size. All participants in this study were above 18 years old and had
a history of recurrent MDD with at least one episode within the
last 2 years that meets DSM-5 diagnostic criteria for diagnosis of
MDD. Additionally, in order to be enrolled in the study, the
participants were asked to use an Android smartphone as their
primary phone if they had one or were provided with one to use if
they did not.

The study used RADAR-base, an open-source platform, for
smartphone-based health data collection via two Android study
apps (active and passive monitoring apps)®. Participants were
asked to regularly complete self-reported surveys via the active
app'®. Additionally, participants’ daily behavior was gathered
passively using the Android passive monitoring app and a Fitbit
wearable (details below). The participants were also required to
complete some clinical assessments via research electronic data
capture (REDCap) surveys every 3 months. Participants’ socio-
demographics, medical history, lifetime depression history, and
baseline mental health status were also collected during the
participant enrollment session'®. Although participants were not
financially reimbursed for providing data via study apps and the
wearable, participants received £15/€20 for enrollment, £5/€10 for
clinical assessments (REDCap surveys) every 3 months, and £10/
€10 for every additional qualitative interview completed'®.
Furthermore, the “Human-in-the-loop”®® approach was used
during the observation period. The research team contacted
participants for various reasons, such as reminding clinical
assessments, technical issues (e.g., Fitbit broken, problems in
study apps, and phone issues), and congratulating participants on
reaching key study milestones (e.g., one year in the study). The
detailed study protocol and descriptions of the dataset have been
reported by Matcham et al.'®?%,

The first participant was enrolled in November 2017 and the last
participant was enrolled in June 2020, and the data collection was
finished in April 202128, As a result of this rolling enroliment, the
time in study for RADAR-MDD participants varies from 11 months
to 24 months. There were temporal differences in participant
recruitment across the three sites. The KCL site started participant
recruitment first (November 2017) followed by the CIBER site
(September 2018), and the VUMC enrolled participants later again
(February 2019)%,

The RADAR-MDD protocol was co-developed together with a
patient advisory board who shared their opinions on several user-
facing aspects of the study including the choice and frequency of
survey measures, the usability of the study app, participant-facing
documents, selection of optimal participation incentives, selection
and deployment of wearable device as well as the data analysis
plan'®%>_ All participants signed informed consent and the study
had been approved by all local Ethics committees'.

RADAR-MDD was conducted per the Declaration of Helsinki and
Good Clinical Practice, adhering to principles outlined in the NHS
Research Governance Framework for Health and Social Care (2nd
edition). Ethical approval has been obtained in London from the
Camberwell St Giles Research Ethics Committee (REC reference:
17/LO/1154), in Spain from the CEIC Fundacio Sant Joan de Deu
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(Cl: PIC-128-17) and in The Netherlands from the Medische
Ethische Toetsingscommissie VUmc (METc VUmc registratienum-
mer: 2018.012 - NL63557.029.17)

Primary data streams

For evaluating long-term participant retention and engagement in
the study, we classified the data collected by the study apps into
three distinct categories: (i) Phone active data - representing
active tasks completed by participants via the study app, (ii) Phone
passive data - continuous data streams gathered by the
smartphones without active input from participants, and (iii) Fitbit
passive data - continual physiological monitoring data collected
through a wrist-worn Fitbit device during the observation period.

Phone active data

A variety of episodic surveys were administered via the study app.
The complete list of surveys and deployment details are covered
in the study protocol’®. However, with the focus on present
research evaluating long-term engagement, we considered the
two longitudinal surveys, the 8-item Patient Health Questionnaire
(PHQ8%%) and Rosenberg Self-Esteem Scale (RSES®’), which were
conducted via smartphones remotely once every two weeks. The
completion windows for PHQ8 and RSES are both 3 days. Surveys
could not be completed once the window expired. If the
participants finished at least one of these two surveys, we
considered they were engaging in the active assessments part of
the study for the corresponding 2 weeks.

Phone passive data

The passive monitoring app unobtrusively and continuously
collected information on participants’ phone usage (e.g., battery
level logs, app use logs, and phone interaction data) and
surrounding information (e.g., ambient light, nearby Bluetooth
device count, and GPS location data)'®. We considered a
participant to be using their study phone and sharing the phone
passive data on a given day if at least one passive data point was
collected from their smartphone during the day.

Fitbit passive data

Participants were also required to wear a Fitbit Charge 2 or 3 wrist-
worn during the follow-up time to provide passive measures of
their sleep stages, steps, calorie consumption, and heart rate.
Similarly, if at least one data point from the Fitbit-based data
stream was available, we considered the participant to be wearing
the Fitbit at least once during that given day.

Primary outcomes

We defined two key metrics to assess the participant’s engage-
ment. (i) Duration in the study: the number of days between the
first and last day of data contributed by the participant in a
selected engagement observation period. (ii) Longitudinal data-
availability vector: a binary-encoded vector representing the
density of the participant’s contributed data in an engagement
observation period, where the i-th element of the vector
represents the i-th day in the study and is set to 1 if a data
point is contributed by the participant on that day or is set to 0
otherwise. To align the frequency of passive data streams (daily),
for the Phone-Active data, we set the 14 elements (2-week period)
of the data-availability vector to 1 in which a survey was
completed by a participant. We calculated these two metrics of
engagement for each of the three data streams (Phone-Active,
Phone-Passive, and Fitbit-Passive data), respectively.
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Variables of interest

A variety of factors may affect the duration and density of
participants’ engagement in remote digital studies?'%8%°, In this
engagement study, we considered a variety of factors including
participants’ socio-demographics, the study site, the smartphone
brand, baseline depression symptom severity, comorbidity,
depression medication, as well as app usage behavior (survey
response time and survey completion time) as variables of
interest. These are briefly described below.

Sociodemographics. Age, gender, ethnicity (not collected at the
CIBER site), education, marital status, income, and accommodation
type, were recorded in the enrollment session.

Study site. Participant recruitment site (KCL, CIBER, and VUMCQ).
Phone status. Participants who did not have an Android
smartphone were provided a study Android smartphone. This

information was recorded by the research team in the enrollment
session.

Smartphone brand. The brand of the participant’'s smartphone
used in the study was also recorded in the enrollment session.

Baseline depression symptom severity. Depressive symptom
severity was estimated by the PHQ8 survey administered through
the study app at the time of enrollment and every subsequent two
weeks. The PHQ8 contains 8 questions and the total score of PHQ8
ranges from 0 to 24 with increasing severity of depressive
symptoms®®. We considered the PHQ8 surveys completed at
enrollment to represent the participants’ baseline depression
severity.

Comorbidity and medication. The participant’s comorbidity infor-
mation related to 19 types of common comorbidities (listed in
Supplementary Table 12) was recorded in the enrolment session.
Also, participant use of depression medication was recorded at
enroliment. For the present analysis, we used a binary variable to
indicate whether the participant had comorbidities and whether
they were taking depression medication at the time of enrollment.

Survey response and completion time. Survey response time is
calculated as the time that elapsed between the notification
arrival time in the study app and the time at which participants
started responding to the survey. Survey completion time was the
total time participants spent completing the survey. Several
studies suggested that the response time and the speed of
answering questions could reflect the participants’ attitude
strength to the survey?>=?7, Therefore, we used these two metrics
to reflect participants’ interests and enthusiasm about the study
and test whether they are linked to long-term engagement
patterns. Both metrics were calculated for the two surveys (PHQ8
and RSES).

Statistical analysis

We used a survival modeling approach’® to assess participants’
overall duration in the study (retention). Survival models are
commonly used in medical research for exploring associations
between the time passed before some events occur and one or
more predictor variables”". The survival models were also used in
a recent participant retention study?'. In our participant retention
analysis, the event is the participant disengaging from the study
app (stopping contributing data to the study) and the elapsed
time is the duration in the study (described above).

Data harmonization. We conducted our survival analysis on two
separate observation periods. The first, referred to as our primary
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cohort, has an observation period of 43 weeks. This period
matches the number of weeks between the date the last patient
enrolled in RADAR-MDD (June 2020) and the end of data
collection in RADAR-MDD (April 2021). Therefore, it represents
the common maximum theoretical survival observation period for
all participants enrolled in the RADAR-MDD study. We used this
cohort for the presented primary analysis. We also defined a
secondary cohort with a survival observation period of 94 weeks.
This longer period of observation represents the maximum
survival observation period for 50% of participants enrolled in
the RADAR-MDD study. Using this secondary cohort, we aimed to
investigate even longer-term participant behavior patterns in
remote studies.

Participant retention analysis. We first used Kaplan-Meier curves’?
to measure the overall participant retention rates over the two
observation periods for three data streams, respectively. To further
assess the joint effect of multiple variables of interest on
participants’ retention in the study, we used the Cox
Proportional-Hazard (CoxPH) model®*. We considered the baseline
PHQ8 score, comorbidity, depression medication, socio-
demographics (age, gender, marital status, children, years in
education, annual income, and accommodation type), phone
status, phone brand, and the study site as predictor variables. If
the duration in the study of a participant is equal to the cutoff
observation period, we consider the participant to be engaged in
the study (no event). To minimize undue influence associated with
periodic disengagement (i.e., some participants stop engaging for
a while, then re-engage), the right-censoring method’? was used
for participants whose duration in the study was less than the
observation period. We relaxed the determination of the event by
considering 4 more weeks after the cut-off day. For example, if a
participant’s last active survey was completed on Week 30 within
the first 43 weeks (using the primary cutoff observation period),
but if they completed more active surveys between Week 44-
Week 47 (4-week extension), we still considered this participant
was engaged in contributing active data in the study (no event).
Otherwise, if there was no completed survey during 4 weeks after
the cut-off day, we considered this participant stopped contribut-
ing active data in the study (the event happened i.e, participant
stopped contributing Phone-Active data to the study). Note, the
same methodology was used to counter periodic disengagement
in the Phone-Passive, and Fitbit-Passive data. To assess the joint
effect of multiple variables of interest on retention, we used
separate CoxPH models for Phone-Active, Phone-Passive, and
Fitbit-Passive data across the two observation periods (43 weeks
and 94 weeks).

The CoxPH model provides an estimate of the hazard ratio (HR)
for each predictor. The HR of a predictor greater than 1 indicates
the variable is associated with a higher risk of participants not
contributing data to the study thus negatively impacting
participant retention in the study. The assumption of CoxPH
regression’?, i.e, HR for all predictors should be constant over
time, was tested using the scaled Schoenfeld residuals’®. For
predictors that violated the assumption, an interaction term of the
covariate with a split time variable was used3>-3°.

Clustering analysis

We used an unsupervised K-means clustering method”* to explore
potential latent patterns of participant long-term engagement in
the study using the longitudinal data-availability vector (defined
above). The elbow method was used to determine the optimal
number of clusters’>. The Kruskal-Wallis test was used to assess
any potential enrichment of variables of interest (described above)
across the clusters3, The same approach was applied to the three
data streams and across the two observation periods. Transitions
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of participants in clusters across the three data streams were
recorded and visualized by Sankey diagrams’®.

Reporting summary

Further information on research design is available in the Nature
Research Reporting Summary linked to this article.
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