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ABSTRACT
The ubiquity of wearable fitness trackers offers extensive
opportunities for research on personal health. However, barriers specific to these trackers such as device abandonment
and non-adherence often lead to substantial losses in data.
As such, further research into adherence behaviors may derive the insights necessary to address these challenges and
lead to more effective long-term studies. This paper serves
to explore this approach: investigating the adherence behaviors of 617 college students belonging to a three-year
observational study in which participants were monitored
via Fitbit Charge HRs. Using this data, our objective was to
assess the association between early adherence behaviors
and device abandonment/long-term adherence. Adherence
behavior from as early as participants’ first 10 days in the
study correlated with device abandonment and adherence
over the next three years. Participants with unsatisfactory
adherence in their first 30 days were twice as likely to abandon their devices and were, on average, 11% less adherent
each month. The findings in this paper identify the stability
of adherence behaviors, feasibility of their early detection
and motivate the need to address non-adherent study participants early. Throughout these results, we discuss how
the insights gathered from this work may shape the design
of future long-term studies to minimize user attrition and
promote prolonged engagement.
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1 INTRODUCTION
As wearable technology continues to evolve, the ubiquity
and unobtrusive nature of personal tracking devices serve as
invaluable tools for the fields of health and wellness [7, 20].
Providing continuous physiological and behavioral measurements in real-time and at scale, these devices can increase
the longevity and enhance the granularity of data collected
through observational and interventional studies. The wealth
of opportunities these studies provide are of fundamental importance to advancing our understanding of personal health
and well-being.
Accompanied by these studies’ benefits, however, are significant challenges that must be addressed; among them are
user attrition and non-adherence. As adherence on behalf of
participants often diminishes throughout studies, user abandonment leads to costly losses in data, which can reduce
sample sizes and introduce bias [3, 11, 17, 22]. As personal
health tracking studies lengthen from months to years to
decades, investigating approaches as to how these problems
may be mitigated is critical to ensuring the gathered data is
complete.
Therefore, the goal of this work was to derive insights
from user adherence behaviors which may be exploited to
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improve study designs. Specifically, we examined the stability of adherence behaviors and how early data may serve to
inform us of long-term behavior. We evaluate this stability
through two research questions:
RQ1: Are study participants with unsatisfactory adherence in their first 30 days of a study more likely to drop out
than those with satisfactory adherence?
RQ2: Will study participants with unsatisfactory adherence in their first 30 days of a study be less compliant throughout a study than those with satisfactory adherence?
These questions were assessed through a data set featuring 617 users’ daily fitness tracker usage as part of a three
year observational health study. To the best of our knowledge, this has been the longest continuous study monitoring
personal health through wearable fitness trackers, making it
the ideal data set for understanding long-term adherence behaviors. In addition to early adherence behaviors, we assess
the big-five personality traits, given prior work has observed
associations between these traits and adherence [1, 6, 12, 13].
As such, we adjust for and further examine this relationship.
Finally, we reevaluate our research questions, redefining
early adherence by participants first 10 days to assess how a
shorter interval affects likelihood of dropout and long-term
adherence.
Our contribution to the field of ubiquitous computing in
health care is the insight into the use and abandonment of
wearable fitness trackers. In particular, the identification of
adherence behaviors as a stable trait and the viability of their
early detection. By leveraging these findings, practitioners
and researchers can make modifications to study designs to
address non-compliant participants early in a study, minimizing user attrition and non-adherence, which we discuss
in greater detail toward the end of this manuscript.

attributed to abandonment, including poor aesthetics and
the device being uncomfortable or ill-fitting [3, 10, 15]. Functionality was found to play a role as well with concerns of
data inaccuracies, limited insights, and the failure of devices
to support evolving personal goals [2, 3, 11].
Patterns of usage was also a common theme among usability studies, finding that users who remained in a study
long-term typically held to a certain type of pattern [5, 17, 18].
An analysis of these patterns resulted in five common types
of user: try-and-drop, slow-starter, experimenter, intermittent
user, and power user. The consistency of these usage patterns suggested they may be exploited by different types of
interventions to boost adherence.
Such findings emphasize the importance of gathering insights about participant’s adherence behaviors early in a
study. To the best of our knowledge, no prior research has
investigated whether early adherence behaviors can predict
likelihood of abandonment and long-term adherence.
3 CONTEXT - LONGITUDINAL STUDY
To provide the reader with a background on the study from
which our analyses were conducted, the following section
outlines the study’s objectives, recruitment practices and all
interventions conducted on the study population.
Objectives
The NetHealth study conducted at the University of Notre
Dame features an ongoing collection of demographic, psychometric, social network and physical activity data with
the intent of modeling the co-evolution of health behaviors and social networks [21]. To monitor health behaviors,
participants were issued a Fitbit Charge HR. To ensure completeness in the data collected, participants were asked to
wear the device as much as possible and sync their device
every four to seven days.

2 RELATED WORKS
Wearable fitness trackers have provided a unique opportunity for researchers to gather information on personal health.
However, a large proportion of studies have reported poor adherence. A long-term observational study of 711 participants
monitoring adherence found a “slow exponential decay” of
use: reporting 73.9% of participants still engaged after 100
days and only 16% after 320 days [11]. Even in shorter studies, dropout rates have been reported as high as 75% within
the first two months [3, 8, 17, 22]. With only a handful of
participants remaining engaged in these long-term studies
until the end, insights gained from the data become limited
and difficult to generalize.
Beyond quantitative measures, researchers have investigated why users abandon their activity trackers. Commonly reported reasons for discontinued use have included
technical device issues, losing the device and forgetfulness
[4, 9, 14, 15, 22]. Aspects of a device’s design have also been

Recruitment of the participants
Participants included 698 individuals who entered the university as first-year students over the course of the 2015-2016
academic year. Participants’ ages ranged from 17 to 19 years.
This initial cohort of participants was split across three tiers
based on when they entered the study (Figure 1). Three
hundred and ninety-one tier 1 students were recruited via
interest surveys, e-mail, and a Facebook page in June 2015.
Selection was on a first come, first served basis in keeping
with the overall demographic distributions of the university.
Ninety-seven tier 2 students were then recruited in November and December 2015, nominated by existing participants
in the study. Finally, 210 tier 3 students were recruited via
email in April 2016.
Across the 698 enrolled participants, 65 participants were
removed from consideration as they were not issued Fitbits,
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Figure 1: Consort diagram of NetHealth recruitment.

Table 1: Demographic overview of study cohort.

Interventions for maintaining participation
Across the three year study period, in an effort to maintain
adherence and retain user participation, the following interventions were conducted on the study population:

n (%)
n (%)
Sex
617 (100) Race
617 (100)
Male
303 (49) Foreign*
39 (6)
Female 314 (51) Latino
78 (12)
Black
37 (6)
Asian
58 (9)
White
405 (66)

- Provide incentives: Monetary incentives were provided on
a monthly basis during the study. For the first two months
of the study, a uniform compensation strategy was implemented with participants paid $20 each month. Starting
in the third month (November 2015), an compliance-based
strategy shown to improve participant’s adherence was
implemented [19]. Participants were paid $20 for having
at least 80% adherence, $15 for 50-80%, $10 for 30-50% and
no payments were received for less than 30% adherence.
One year into the study (September 2016) students were
given the option to participate in a one week step challenge where they would be given monetary incentives for
completing daily step goals. Participants could choose between two incentive schemes: standard and risky. Each
student began the week with $10. The standard scheme
compensated an additional $1 each day the student met
their step goal with a payout range of $10-$17. The risky
scheme compensated an additional $2 each day participants met their step goal but lost $1 every day they did
not meet it, with a payout range of $3-$24.
Finally, after a year into the study (December 2016), three
workshops were scheduled to check-in with students to
ensure their device was working properly, offering compensation of $5 for attendance.
- Implement a reminder system: A monthly email (e-newsletter)
was sent to participants with study updates including reminders to sync their devices, office hours, information
about technical support, and payments. To help participants remember to sync their Fitbit, an automated SMS

*Foreign race refers to international students, participants that were not born or raised in the USA.

with reasons ranging from participants declining them to
dropping the study before the device could be issued (Figure
1, level 4). Among the participants who received Fitbits, 16
were further removed, with 11 providing no Fitbit data and
5 providing no sex or race data (Figure 1, level 5). To provide an overview of the study cohort, Table 1 outlines basic
demographic statistics.
Participant support
For participants who encountered technical issues or had any
questions regarding the study, office hours were held twice
a week each semester. An email address was also provided
which participants could contact with any questions or to
setup a meeting if they were unable to make office hours.
During the seasonal breaks, participants could only reach
support via email unless still on campus, meaning device
issues in these time periods often went unresolved until the
participant returned to campus.
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service was introduced in the sixth month of the study
(February 2016) which sent monthly reminders to participants.
- Provide adherence feedback: Participants had access to their
adherence scores by logging into the study adherence portal which provided their current adherence score for the
month and daily scores for the past 60 days.
- Additional strategies: Throughout February and March of
the second year, to boost adherence, phone calls were made
to non-adherent and unresponsive participants to set up
times to meet and fix any issues with devices.

200
Number of students

175
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125
100
75
50
25
0

4 METHODS
We begin this section providing details on the data chosen
to address the research questions driving this manuscript.
Following this, we outline the analyses necessary to appropriately address each question.

0

20
40
60
80
Average compliance for first 30 days

100

Figure 2: Distribution of participants average adherence for
their first 30 days in the study.

Data
Among the data gathered throughout the NetHealth study,
we selected daily adherence scores, big-five personality traits,
and demographics for our analysis.

higher scores indicating the participant was more representative of that trait. As personality was assessed in participants’
entrance survey, first semester survey and sixth semester
survey, personality traits were treated as time-varying covariates; updated after each consecutive assessment to capture
any changes in personality. For participants with missing
personality assessments, fill-forward/backward imputation
was utilized, allowing these imputed values to most closely
reflect participants true scores at the time.

Adherence behaviors. Adherence data was derived from
participants Fitbits. As Fitbits’ recorded participants’ heart
rates every minute the device was worn, daily adherence
scores could be calculated through the sum of minutes in a
day a heart rate was detected, divided by the total number
of minutes in a day (1440).
Throughout previous NetHealth study analyses, satisfactory adherence was defined by wearing the Fitbit 19 out of
24 hours (80%) each day as this threshold has been shown to
provide a good indication of activity and sleep [21].
Given the goal of this research was to address whether
early adherence behaviors are indicative of long-term adherence and dropout, we defined early adherence as participants’ first thirty days in the study, labeling each participant
as satisfactory or unsatisfactory based on this 80% adherence
threshold. Specifically, a participant was labeled satisfactory
if they had at least 80% adherence on average across their
first thirty days and labeled unsatisfactory if they fell below
this 80% average. A distribution of early adherence scores is
provided in Figure 2, with a median early adherence score
of 81% (σ = 22%).

Demographics. Finally, we included sex and race with both
variables taken from each participant’s first survey.
Modeling time to dropout (RQ1)
The first research question asked was whether participants
with unsatisfactory adherence in their first 30 days of the
study would be more likely to dropout (RQ1). Participants
were deemed “dropped” if they ceased providing Fitbit data
before the study ended. A participant’s first month of 0% adherence was designated as the month in which they dropped
the study, provided all consecutive months were also 0%.
A discrete-time survival analysis approach was taken to
modeling participants time to dropout, with three separate
models constructed. The first model considered early adherence, defined as a binary feature based on participants
adherence habits throughout their first 30 days in the study.
A total of 322 participants were labeled as satisfactory early
adherence and 295 as unsatisfactory. The second model examined the big-five personality traits and the third model
considered early adherence and big-five while also adjusting
for sex and race. The big-five personality traits were treated
as time-varying covariates, while early adherence, sex, and
race were static.

Big-five Personality Traits. As part of the NetHealth study,
participants completed surveys before arriving on campus
for their first year and then once per semester.
From these surveys, we utilized the big-five personality
traits: extroversion, agreeableness, conscientiousness, neuroticism, and openness, as prior work had linked these traits
to variations in adherence [1, 6, 12, 13]. Personality assessments resulted in a score between 1-5 for each trait, with
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400
Number of students
remaining in the study by tier

Modeling monthly adherence (RQ2)
The second research question we addressed was whether
participants with unsatisfactory adherence in their first 30
days would be less compliant throughout the study compared
to participants with satisfactory adherence in their first 30
days (RQ2).
For this analysis, all participants who had dropped out
of the study were removed in order to examine adherence
behaviors outside of abandonment. This removed 316 participants, with the remaining 301 participants then partitioned
by the 80% adherence threshold. Doing so labeled 198 students as having satisfactory early adherence and 103 with
unsatisfactory early adherence.
Linear mixed effects models were employed to appropriately model the time-varying dependent variable of monthly
adherence. Three models were again constructed using the
same three sets of variables from the survival analysis. We
note that because a participant’s first 30 days in the study
were used to calculate the early adherence variable, each
participant’s first month of adherence was omitted from this
analysis to avoid violating assumptions of the mixed effects
model.
Finally, for the survival analysis and mixed effects models,
statistical significance was defined as P < .05. All analyses
were conducted using Python 3.6 and R 3.4.
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5 RESULTS
In this section, we first provide an overview of participant
dropout rates and then address our findings from the two
research questions motivating this manuscript. We then end
with results from a supplementary analysis in which we
modify the time window for determining early adherence.

Jan
2018

Jan
2016

Jul

Jul
Jan
2017
Time span of three academic years

Jan
2018

Figure 3: Participants who withdrew from the study across
three years stratified by tier, visualized by number (top) and
percentage (bottom).

adherence was associated with increased likelihood of dropping out of the study (aOR: 2.05; 95% CI: 1.61, 2.63) compared
to satisfactory early adherence. Regarding the big-five personality traits, higher levels of extraversion were associated
with increased likelihood of dropping out (aOR: 1.30; 95%
CI: 1.10, 1.54). For agreeableness, conscientiousness, neuroticism, openness, race and sex, no significant associations were
observed for likelihood of dropping out.

Dropout
Over the three year study period, 316 participants dropped
from the initial cohort of 617 participants (Figure 3). Participants either left voluntarily as they were no longer interested in participating in the study or deemed “dropped”
after several months of non-adherence. Among the 387 tier
1 participants, 209 dropped over the course of three years.
For the tiers who entered the study later, 56 of the 95 tier
2 participants dropped and 51 of the 135 tier 3 participants
dropped.

Monthly adherence (RQ2)
Having addressed factors associated with likelihood of dropout,
a subsequent analysis was conducted for the 301 participants who did not drop the study to examine adherence
behaviors outside of abandonment. Results from the linear
mixed effects models are outlined in Table 3 with coefficients representing change in average adherence for a given
month. Unsatisfactory early adherence was associated with
lower monthly adherence (aCoef: -11.08; 95% CI: -15.10, 7.06) compared to satisfactory early adherence, visualized in
Figure 4. Regarding the big-five personality traits, increased

Time to dropout (RQ1)
The findings from the discrete-time survival analysis are
presented in Table 2. We note odds ratios (ORs) above 1.0
suggest an increased likelihood of dropping out and ORs
below 1.0 suggest a decreased likelihood of dropping out.
In the unadjusted and adjusted models, unsatisfactory early
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Table 2: Results from the discrete-time survival analysis (RQ1)
Unadjusted*
(n = 617)
OR (95% CI)
First 30 days adherence
Satisfactory (≥80%)
reference
Unsatisfactory (<80%) 2.13 (1.69, 2.68)
Big-five Personality Traits
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness

Unadjusted†
(n = 572)
OR (95% CI)

Adjusted‡
(n = 572)
aOR (95% CI)
reference
2.05 (1.61, 2.63)

1.33 (1.12, 1.58)
0.81 (0.64, 1.02)
0.80 (0.63, 1.00)
1.04 (0.86, 1.26)
1.04 (0.83, 1.30)

1.30 (1.10, 1.54)
0.85 (0.67, 1.07)
0.80 (0.63, 1.00)
1.09 (0.89, 1.34)
1.00 (0.80, 1.24)

*includes only early adherence group, † includes only big-five personality traits
all variables from the unadjusted models along with sex and race

‡ includes

Table 3: Results from the linear mixed effects model (RQ2)
Unadjusted†
(n = 293)
Coef (95% CI)

Unadjusted*
(n = 301)
Coef (95% CI)
First 30 days adherence
Satisfactory (≥80%)
reference
Unsatisfactory (<80%) -13.98 (-18.10, -9.85)
Big-five Personality Traits
Extraversion
Agreeableness
Conscientiousness
Neuroticism
Openness

Adjusted‡
(n = 293)
aCoef (95% CI)
reference
-11.08 (-15.10, -7.06)

-3.46 (-5.30, -1.63)
2.79 (0.61, 4.97)
2.79 (0.66, 4.93)
-1.03 (-2.87, 0.80)
-5.04 (-7.12, -2.96)

-3.20 (-4.99, -1.41)
2.73 (0.58, 4.89)
2.75 (0.64, 4.87)
-0.88 (-2.73, 0.97)
-4.54 (-6.59, -2.48)

*includes only early adherence group, † includes only big-five personality traits
‡ includes all variables from the unadjusted models along with sex and race

Table 4: Results from the 10 Day analysis
Discrete-time survival analysis
Unadjusted*
Adjusted†
(n = 617)
(n = 572)
First 10 days adherence
OR (95% CI)
aOR (95% CI)
Satisfactory (≥80%)
reference
reference
Unsatisfactory (<80%) 1.82 (1.45, 2.28) 1.71 (1.34, 2.20)

Linear mixed effects
Unadjusted*
Adjusted†
(n = 301)
(n = 293)
Coef (95% CI)
aCoef (95% CI)
reference
reference
-7.23 (-11.59, -2.86) -7.19 (-11.26, -3.11)

*includes only early adherence group variable, † adjusted for big-five personality traits, sex and race

extraversion (aCoef -3.20; 95% CI: -4.99, -1.41) and openness
(aCoef -4.54; 95% CI -6.59, -2.48) were also associated with
lower monthly adherence. We observed associations between
higher monthly adherence and agreeableness (aCoef 2.73; 95%
CI: 0.58, 4.89) and conscientiousness (aCoef 2.75; 95% CI: 0.64,
4.87), respectively. Finally, no significant association was

observed between neuroticism, sex, or race and changes in
monthly adherence.
Can we predict adherence in a shorter time? - A 10
day analysis
Given the significant findings from our two research questions, we wanted to determine whether a shorter window
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Figure 4: Average adherence across three years for participants who did not drop the study. Interventions conducted to boost
adherence and issues encountered are highlighted to provide context for major shifts in adherence

for early adherence would still provide a strong indication of
future adherence and likelihood of dropout. Therefore, we
repeated the analysis for our two research questions using
only the first 10 days participants were in the study. Separating the 617 participants for the survival analysis by the
adherence threshold resulted in 316 participants with satisfactory early adherence and 301 with unsatisfactory early
adherence. Among the 301 participants who did not drop
the study, 186 participants had satisfactory early adherence
and 115 had unsatisfactory early adherence. Effects of early
adherence were not as strong compared to those from the
30 day analysis, however, significant associations were still
present for likelihood of dropout (aOR: 1.82; 95% CI: 1.45,
2.28) and long-term adherence (aCoef -7.19; 95% CI: -11.26,
-3.11), see Table 4.

association seems obvious enough, it no doubt carries important implications. Specifically, the stability of adherence
behaviors can be incorporated into long-term study designs
through recruiting participants on a rolling-basis.
By introducing an early identification process into study
designs, researchers can identify participants most likely
to comply long-term. Through this probationary period, researchers can decide, based on the type of study, whether
they wish to proceed only with those who show the most
promise for future adherence, or if bias is of concern, concentrate retention efforts on those they identify as at risk of
non-adherence or abandonment. Further, by gauging adherence early, investigators can more appropriately determine
how many additional participants should be recruited based
on the percentage of their current study population considered at risk.
While the notion of recruiting participants only to remove
them after a month’s observation may seem unappealing, for
studies spanning multiple years, this is a small investment
for reducing abandonment and non-adherence long-term.
Overall, a rolling-recruitment approach would prove most
effective when tailored toward the nature, budget, and goals
of the given study.

6 DISCUSSION
In this section, we reflect on the findings from our two research questions, addressing their implications and how they
may be exploited towards more effective long-term study
designs involving wearable devices. We then extend our discussion to insights based on the NetHealth study and how
these may further supplement future study design.

Big-five personality traits. By including personality traits
in our model to adjust for previously known factors associated with adherence, we provide evidence supporting prior
work and offer additional insights towards effective future
study design [1, 6, 12, 13].
Outlining each of the big-five personality traits, we find
Extraversion was negatively correlated with adherence, suggesting highly extroverted participants would be less compliant than those more introverted. Given an extrovert is more
motivated by social interactions, the motivations for maintaining adherence may be less important to them as opposed

Insights from RQ1 & RQ2
The following highlights how our findings from the research
questions posed in this paper might be leveraged to increase
the effectiveness of long-term study designs in retaining
participants.
Early adherence behaviors. The findings from RQ1 and
RQ2 provide evidence for the stability of adherence behaviors: an individual who begins a study with high adherence
is more likely to carry on with high adherence than an individual with poor adherence and vice versa. While this
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to introverts. Openness was also negatively correlated with
adherence which may be in part due to those with higher
levels of openness being less likely to stick with a routine,
making Fitbit maintenance a lower priority. Conscientiousness was positively correlated with adherence, an intuitive
finding as conscientious participants are more likely to take
their obligations to a study seriously. And finally, agreeableness was also positively correlated with adherence, another
intuitive finding as adherence is considered a facet of agreeableness [16].
The associations between personality and adherence provide further evidence that limiting a sample to only those
who are most compliant may introduce a bias. As such, it
may be necessary when retaining only highly compliant participants, to administer personality assessments in order to
test for such a bias.
In studies where personality attributes may be less important to the findings, such as device testing, investigators
would likely benefit from assessing both personality and
early adherence to ensure minimal participant attrition.

and non-adherence from participants. However, given the
non-compliant nature of participants who dropped the study,
non-response was a common barrier, resulting in few responses. Among those collected, commonly cited issues included frustration with technical issues such as the Fitbits
breaking. While such issues could be fixed by attending
weekly-held office hours, this observation suggests that when
attempting to maintain adherence, minimizing participants
responsibilities may be of greater importance than incentives. As such, investigators would benefit from thoroughly
testing devices and data collection platforms, possibly even
with test participants, prior to starting the study to ensure
technical issues are kept to a minimum.
Regarding dropout, some participants left as they lost interest in the study or no longer wanted to wear the Fitbit.
Given this lack of interest, interventions may have been
more effective if they had instead emphasized the importance of participation and value participants provided to the
study. For example, sharing completed research with participants throughout the three years may have been a stronger
motivator for engagement than monetary-incentives as participants could directly observe the greater benefits of their
participation.

Insights from the NetHealth study
Although outside the scope of the research questions posed
in this manuscript, we find the results of the NetHealth study
offer additional valuable insights to supplement future longterm studies.

Limitations
While interventions may have been necessary to maintain
participants’ engagement, they also prevented the observation of unbiased adherence behaviors, potentially limiting
the generalizability of our results. However, the seemingly
ineffective nature of these interventions and consistency of
a 10% gap in adherence between satisfactory and unsatisfactory groups may be representative of only minimal bias
introduced.
As variation in socioeconomic background for NetHealth
participants was minimal and all participants were observed
in the same environment, additional studies across different
age groups and backgrounds are necessary before determining the extent to which these results can be generalized.
However, we should emphasize the value in first studying a
college cohort. As universities commonly draw upon their
student bodies for research, the current findings are more
readily applicable to a population already utilized in a large
percentage of observational studies.

Strategies for maintaining adherence. Throughout the
three years of the NetHealth study, several different strategies were implemented to maintain adherence. Despite these
attempts, adherence scores, on average, continued to diminish through each intervening period, suggesting these events
did little to motivate participant engagement. Given the majority of these interventions were based on additional monetary incentives, participants in this cohort may not have
found these incentives worthwhile.
The exception to these interventions, however, was the
distribution of new Fitbit Charge HR 2’s through August
and September 2017 which increased adherence scores by
20%, on average, and maintained higher adherence scores
throughout the remainder of the study. This suggests that
for device-dependent studies, introducing updated models
may be an effective approach for maintaining long-term
adherence as it reignites the novelty of the device. However,
such an approach is likely to be highly expensive. Therefore,
finding cost-effective ways in which to exploit novelty such
as software updates featuring new interfaces or additional
functions may prove beneficial to maintaining adherence.
We aim to address how individuals may have been motivated by these different interventions in future work.
Documented reasons for dropout and non-adherence.
The NetHealth study documented several reasons for dropout
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7 CONCLUSION
The innovations in wearable technology stand to provide the
field of personal health and well-being with objective, highly
granular, long-term data. However, prior attempts at these
large-scale and long-term studies have suffered from two
primary limitations: user abandonment and non-adherence.
In this manuscript, we sought to address these limitations
by investigating the stability of adherence behaviors. Our
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findings suggested participants’ adherence behaviors from
as early as 10 days were indicative of their likelihood of
abandonment and future adherence behaviors. By exploiting
this stability through modifications to study designs, such
as the adoption of a rolling-recruitment, investigators may
be able to mitigate data loss through the early identification
of participants at risk for non-adherence or abandonment.
In turn, boosting adherence to wearable devices among atrisk populations and ultimately, providing opportunities for
prolonged engagement in personal health.
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