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ABSTRACT
Universities o�en draw from their student body when conducting
human subject studies. Unfortunately, as with any longitudinal
human studies project, data quality problems arise from waning
compliance. While incentivemechanismsmay be employed to boost
compliance, these systems may not encourage all participants in the
same manner. �is paper couples students compliance rates with
other personal data collected via Fitbits, smartphones, and surveys.
Machine learning techniques are then employed to explore factors
that in�uence compliance. Having such insight, universities may
be able to accurately target students who will require intervention
and tailor their incentive mechanisms to accommodate a diverse
population. In doing so, data quality problems stemming from
drops in compliance can be minimized.
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1 INTRODUCTION
Walking onto any campus, one is bound to come across a bulletin
board with �yers seeking participants for various studies as univer-
sities o�en target their student body for human subject studies. �is
can be particularly useful with longitudinal studies as the students
are in close proximity to researchers, allowing for easier interaction
and communication if necessary. However, as with any long-term
study, compliance on behalf of the participants may dwindle as the
novelty of the study wears o� [9, 10]. Incentives may be imple-
mented to encourage participation, however, these incentives may
not motivate all students in the same way.

Recent studies involving mobile sensors such as Fitbits have
found ways to calculate compliance to a certain degree[7]. �e
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NetHealth study provided students with Fitbit Charge HRs to mon-
itor their health activity. Students were asked to keep their Fitbits
on as much as possible and sync their data on a regular basis. From
this, compliance scores were calculated for each student based on
the Fitbit heart rate monitor. �is paper discusses pairing these
scores with other personal data from the study and then employing
machine learning algorithms to explore factors that in�uence a
student’s level of compliance. With the ability to identify which
students are less likely to remain compliant, researchers will be
able to target interventions towards these students, potentially
preventing data loss due to non-compliance.

2 RELATEDWORK
Maintaining strong compliance on behalf of participants is a com-
mon problem for longitudinal studies [5, 9, 10]. Recent studies [5, 9]
point to issues ranging from study design to incidental constraints
stemming from technical quirks in tracking devices.

�e Fitbit Zip study’s [5] purpose was to identify problems in
longitudinal studies using physical tracking devices. A short pilot
was performed involving four participants, but technical problems
arose when the study was extended to 16 weeks and expanded to
50 users. �irty participants experienced technical issues with the
Fitbits or lost the device altogether. �e Fitbits were able to hold
30 days worth of data before needing to be synced. �erefore, the
researchers scheduled meetings with the participants every 28 days
to sync their Fitbits and conduct interviews. However, participants
generally ignored the meeting requests, causing their Fitbits to
overwrite data due to the postponed syncing.

�e Zip study demonstrates the importance of convenience on
behalf of the participants for maintaining higher compliance; but
convenience does not ensure compliance. �e NetSense study [9]
relied on monitoring a variety of communication media (Facebook,
SMS, e-mail, phone calls, etc.) unobtrusively to monitor the ca-
pacity of individuals to make and keep friends in a novel context
(high school students transitioning to college). �is was done by
giving incoming freshmen smartphones which could be monitored.
Students were asked to complete entrance surveys covering per-
sonality aspects and current social network status and from there,
on-going surveys were distributed online and via an app on the
phone. �is allowed all participation required by the study to be
managed directly from student’s phones. In spite of this apparently
convenient setup, compliance dropped over the course of the study
as students decreased their use of the the assigned phone and be-
came less responsive to completing surveys. While the authors
a�ribute this to students becoming busier (moving to sophomore
year) and becoming less interested in remaining compliant, they
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also note the absence of an ongoing incentive mechanism as a factor
contributing to the decline.

Incentive mechanisms are o�en employed as means of main-
taining compliance throughout longitudinal studies. Researchers
[6] surveyed a variety of incentive mechanisms geared toward
crowd-sensing. Incentives ranged from monetary to volunteer-
based to self-bene�cial. �e authors found several components
were required for an incentives mechanism to be considered suc-
cessful. Among these components were economic feasibility, how
the mechanism encourages high-quality data collection, ensuring
equal opportunity to all participants, scalability, area coverage, and
management. No single incentive mechanism was found to �t all
scenarios on the side of the researchers or participants. �e au-
thors believed an ideal system would consider each user’s pro�le to
determine the most appropriate incentive mechanism per user to
maximize compliance. NetHealth employs a static monetary model
of $35 a month to those who remain compliant and at one point
used a dynamic monetary model, o�ering compensation based on
students level of compliance. As a result, participant’s compliance
scores re�ect students responsiveness to these particular incentive
models.

3 DATA
�e NetHealth study involves an ongoing collection of survey,
phone, and Fitbit data on approximately 700 students who entered
the university in the Fall of 2015. All students received a Fitbit
Charge HR. Some received their Fitbit before arriving on campus,
others a�er arrival, and some as late as early in the Spring 2016
semester. Surveys administered to NetHealth participants include
self-report questionnaires covering di�erent aspects of an individ-
ual demographics, mental and physical health, and relations with
other students.
• Educational Background: Type of high school a�ended; average

grades; advanced placement courses; extra-circulars; and �elds
of interest.

• Personality: Big-Five personality test; self-e�cacy assessments
in areas of relationships, health, exercise, and diet.

• Family: Parents’ status; siblings; family’s educational and eco-
nomic status; religion.

• Activities: Hobbies; favorite exercise activities; use of tobacco,
alcohol, and drugs.

• Physical Assessment: Level of satisfaction in terms of happiness,
general health, body image, potential disabilities, and current
medications.

• Mental Health: Screening tests for depression and anxiety; recent
major life changes.

• Sleep: General sleep habits such as average time going to bed,
waking up, and hours of sleep; troubles falling asleep; how they
felt a�er waking up.

• A�itudes: Students political a�liation; stance on popular politi-
cal topics such as the legalization of marijuana.

• Technology: Devices students use to communicate with friends
and family; devices owned; usage of social media applications.

• Demographics: Gender; race; whether they are a US citizen.
�e phone data maps students social networks to determine each

student’s social ties and number of people they are regularly in

Table 1: Class distribution of students at an 80% compliance
threshold

Class Frequency
Compliant 213

Non-compliant 287

contact with based on SMS messages and voice calls. �is informa-
tion is used to approximate the degree, or number of friends each
student had, and the average degree of each student’s friends.

Fitbit metrics include, among other things, heart rate, active
minutes, steps, and minutes asleep. Heart rate ranges are based
on a percentage of a maximum heart rate that Fitbit estimates for
each user. For instance, Out of Zone, or what we refer to as Low
Range is the total number of minutes the users heart rate was below
50% of their estimated maximum heart rate, while High Range
is an aggregate of the Fitbit’s Fat Burn, Cardio, and Peak ranges,
beginning with a rate above 50% of a users estimated maximum [3].
Active minutes are calculated using metabolic equivalents (METs)
as these measure energy expenditure and are weight agnostic. Fitbit
measures active minutes by periods of 10 minutes or more for which
the user maintains a level at or above 3 METs [2].

Compliance rates are derived from the Fitbit data by counting
the number of minutes throughout the day the Fitbit detects a heart
rate as Fitbit will only record a heart rate if it’s on the wrist. �is
sum is divided by the total minutes in a day (1440) to produce a
daily compliance percentage. �ese daily percentages were then
averaged into an overall compliance score for each student based on
the 2015-2016 academic year and following Fall semester of 2016 (42
weeks total). Fall, Winter, Spring and Summer breaks were removed
from consideration due to �ndings that compliance issues and data
loss were most severe during these breaks, most likely caused by
Fitbit syncing issues, broken devices, or students forge�ing to sync
[7].

Each student was classi�ed as compliant or non-compliant based
on whether or not the student’s average compliance rate was above
or below an 80% threshold. Table 1 summarizes the class distribu-
tion, with non-compliant students accounting for about 15% more
of the population. For consistency, we only examined the initial
500 students who entered in the Summer and Fall of 2015. Based on
Figure 1, we note a fair amount of variance in scores falling below
the 80% mark, suggesting these students are still participating to
some degree instead of dropping out entirely. With each student
classi�ed, machine learning algorithms were applied to parse the
data and determine factors in�uencing a student’s compliance.

4 METHODS
�e NetHealth repository contains data covering a diverse set of
traits and behaviors contributing to a users personal pro�le. Given
this wide data set, feature selection methods were used to narrow
the feature space. �e �rst step was to use random forests [1], which
would rank the variables based on their contribution to classifying
a student. A random forest was ��ed using 100 trees with a Gini
impurity criterion, which ranked the features across twenty-�ve
runs, ��ing a new random forest on each iteration. Variables that
did not contribute to the model were given scores of 0 and removed
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Figure 1: Histogram of all student’s average compliance
scores across the entire study

Table 2: Top Features Derived from RFE by Category

Personality Traits Fitbit Metrics (Averages)
Extraversion Steps
Neuroticism Minutes Asleep
Agreeableness Sedentary Minutes
Openness Active Minutes

Conscientiousness Low Heart Rate Minutes
High Heart Rate Minutes

from consideration. A new series of twenty-�ve runs was then
performed on the remaining variables. �is process continued until
all variables remaining in the model had a score of greater than
zero.

Having removed a large portion of noise from the data, a re-
cursive feature elimination (RFE) model [4] was run to determine
the optimal set of remaining features to use. Using the same ran-
dom forest classi�er with 10-fold cross validation, two separate
instances were run, with one scoring the model by classi�cation
accuracy and the other by area under an ROC curve (AUROC).
�e RFE models produced optimal models with over 100 features,
however, as Figures 2 and 3 show, the majority of this accuracy is
accounted for with less than 20 features. �is subset of features
showed three categories: Personality traits (Big-Five), Fitbit met-
rics, and self-e�cacy scales. �e self-e�cacy scales were removed
from further consideration given the category was considered a
less stable aspect of a person’s pro�le. Speci�cs for these categories
are provided in Table 2.

Decision trees were then dra�ed for each category to see how
the features a�ected compliance rates. Visualizations showing

Figure 2: RFE plot showing the optimal number of features
for the model based on classi�cation accuracy.

Figure 3: RFE plot showing the optimal number of features
for the model based on AUROC.

compliance trends over the study were also created to see how
factors increased or decreased compliance over time.

5 ANALYSIS
5.1 Decision Trees
To investigate the major factors (personality and Fitbit metrics), de-
cision trees [8] were dra�ed to explore which aspects of personality
traits and Fitbit metrics a�ected whether a student was compliant
or not. �ese trees were constructed using only personality traits
and Fitbit metrics respectively with a Gini impurity spli�er. Deci-
sion trees were also split via information gain, however, this did
not change the structure of the trees.

�e personality traits decision tree in Fig. 4 breaks compliance
factors into several paths, leading to the majority of participants
being classi�ed as compliant or non-compliant. Each level of a
personality trait is based on a score of 1-5 calculated from the Big
Five Personality Assessment.

�e tree �rst separates students by level of extraversion, spli�ing
at the 24th percentile. �e distributions in nodes B and C show
students who are more introverted ([A, B]) with stronger signs of
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Figure 4: Decision tree showing personality traits as splitting factors for classifying participants as compliant or non-
compliant. Averages and standard deviations for each metric are shown in the top right, while each node shows the splitting
threshold as a score and percentile, gini impurity, number of samples, and participants of that sample belonging to compliant
and non-compliant classes respectively ([compliant, non-compliant]).

compliance than extroverts ([A, C]). �e tree then splits these more
introverted students by their Openness score, with students who
are less open ([A, B, D]), showing stronger compliance. Students
who are more open ([A, B, E]), however, show a near even distribu-
tion between the two classes. �is group is further split on their
levels of neuroticism, with high compliance favoring those with
low neuroticism scores ([A, B, E, H]) and those with average to high
scores ([A, B, E, I]) showing only minor signs of non-compliance.
Focusing on the other half of the tree, extroverts are split by their
levels of conscientiousness with those in the 20th percentile ([A, C,
F]) being predominantly non-compliant. �ose with higher levels of
conscientiousness ([A, C, G]) are fairly balanced and are separated
again by the same factor, this time spli�ing at the 90th percentile.
�ose above the threshold ([A, C, G, K]) show moderate signs of
compliance, while those below ([A, C, G, J]) show moderate signs
of non-compliance.

�e decision tree for the Fitbit metrics in Fig. 5 proved di�cult
to parse due to the overlapping nature of the metrics, i.e. low/high
heart range minutes and sedentary/active minutes. �is le� only a
few factors to split on: minutes asleep, steps, heart range minutes,
and active minutes, with minutes asleep and active minutes provid-
ing the only signi�cant splits. �e tree showed that students who
were more active (fewer sedentary minutes) ([A, C, D]) had higher
compliance rates than those less active ([A, C, E]) and students who
slept longer had higher compliance rates than those who slept less
([A, B]).

5.2 Compliance Trends Over Study
To see how these factors in�uenced compliance throughout the
study, daily compliance scores were computed for each student and
then averaged across all students for each day. �ese averages were
then broken down into subgroups based on median-splits for each
personality trait score ranging from 1-5. �e Fall 2015 semester uses
personality scores taken from the �rst survey students completed
in early Summer or Fall of 2015, while the Spring 2016 and Fall 2016

Figure 5: Decision tree showing Fitbit metrics as splitting
factors for classifying participants as compliant or non-
compliant. Averages and standard deviations for each met-
ric are shown in the top le�, while each node shows the split-
ting threshold as a score and percentile, gini impurity, num-
ber of samples, and participants of that sample belonging to
compliant and non-compliant classes respectively ([compli-
ant, non-compliant]).

semesters use scores taken from a later survey completed in early
2016.

Fig 6 shows compliance trends for each semester based on level
of extraversion. Across the three semesters, those more introverted
showed stronger signs of compliance overall, however, compliance
decreased at a rate similar to those who are more extroverted. Only
in the third semester is there a signi�cant change with both groups
starting at roughly the same score with introverts increasing their
compliance rates while extroverts declined.

Fig 7 shows compliance trends for each semester based on level
of conscientiousness. �e �rst two semesters show similar slopes,
with Spring 2016 having a stronger decline than Fall 2015, but those
more conscientious have higher levels of compliance. �e Fall 2016
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Figure 6: Average daily compliance scores by level of extraversion across the Fall 2015, Spring 2016 and Fall 2016 semesters.

Figure 7: Average daily compliance scores by level of conscientiousness across the Fall 2015, Spring 2016 and Fall 2016
semesters.

semester, however, shows almost no di�erence between the two
groups.

Fig 8 shows compliance trends for the semester based on level
of openness. �e �rst semester shows li�le di�erence between the
groups. �e Spring 2016 semester has similar slopes between the
two groups, however, those who are less open maintained a higher
average compliance than those more open. A similar di�erence
appears in the Fall 2016 semester, however, those who were less
open had a positive slope while those who were more open had a
negative slope.

Compliance trends were not included for neuroticism and agree-
ableness due to their relatively low signi�cance. Only small groups
with extreme levels of neuroticism di�ered in compliance. �ose be-
low the 7.4 percentile (N=44) had above average compliance while
those above the 98.5 percentile (N=24) had below average rates.
Agreeableness had a similar trend where only those below the 6.2
percentile (N=31) had below average compliance.

6 DISCUSSION
Based on the feature analysis, 20 features emerged as the strongest
factors predicting compliance with 6 Fitbit metrics, 5 personality
traits, and the remaining features being self-e�cacy scales, with

the la�er removed from analysis given their less stable nature. �e
inclusion of almost all the Fitbit metrics raised some initial concerns
regarding whether there was a bias present as the classes Compliant
and Non-compliant were derived from a Fitbit metric. However,
because several of the remaining features were non-Fitbit metrics,
but still related to health status, this could validate the Fitbit metrics
being ranked highly, as they too represent overall health.

As the personality traits decision tree shows, participants with
higher extraversion have lower compliance. �is could be because
they are more social, seeing the Fitbit as a distraction and thus
lowering compliance rates. �ose who are more open may quickly
become bored with the study, having moved on to other things.
Participants less social and less open to trying new things could
be less distracted overall, which may make it easier for them to
remember to wear the Fitbit. Participants less social, but more open
may not be distracted by others but could be more distracted by
new activities or grow bored of the study quickly. Because we
�nd that higher openness leads to lower compliance, but lower
extraversion leads to higher compliance, it is understandable that
this combination of traits could sway participants to be compliant
and non-compliant. At this point, students are then measured by
neuroticism, �nding that those with lower neuroticism tended to be
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Figure 8: Average daily compliance scores by level of openness across the Fall 2015, Spring 2016 and Fall 2016 semesters.

more compliant than those with higher levels. Since students with
lower levels of neuroticism are less likely to be in a negative state,
they may be less distracted by feelings of anxiety, fear, loneliness,
etc. Participants who are more social and less organized are likely
to have lower compliance, which could result from being too busy
and forge�ing to sync/wear their Fitbit. Participants who are more
social, but have high levels of conscientiousness are more likely to
keep with the study, meaning they can be distracted by others, but
remain mindful of staying compliant with the study.

As for the Fitbit tree, minutes asleep and sedentary minutes
were the only metrics providing signi�cant distinction between
compliant and non-compliant students. Be�er compliance from
sleeping more and being more active could be the result of students
who are generally healthier being more interested in wearing their
Fitbits. Given the Fitbit is a health tool, it would logically follow that
those interested in their health would use their Fitbit more, leading
to be�er compliance scores. �is raises another concern in that
students with high compliance may not be as interested in wearing
the Fitbit for the sake of remaining compliant to the study than
they are wearing it for its intended purpose: tracking their personal
health. To investigate this further, other compliance metrics could
be factored into how compliance is scored, such as how frequently
participants sync their data, as this is another aspect of the study
re�ecting compliance.

7 CONCLUSIONS
Determining factors that in�uence compliance can aid researchers
in targeting those more susceptible to non-compliance and tailoring
their incentive mechanisms accordingly. Doing so can minimize
data quality issues when a portion of the participants’ compliance
may start to wane. �is data is unique in that each participant is as-
signed a score based on their level of compliance to the study. With
this, students were classi�ed as either compliant or non-compliant
using an 80% threshold. A�er a feature analysis, two categories
emerged as the strongest in�uences of compliance: personality
traits and Fitbit metrics. Analysis of the personality traits showed
participants level of extraversion, openness, and conscientiousness
to predict compliance. As for the Fitbit metrics, those who slept
more and were more active tended to be more compliant than those
who slept less and were less active.

8 FUTURE RESEARCH
As mentioned in the Discussion section, the next step is to address
the issue of Fitbits acting as both a compliance indicator and health
information device, which may bias a subgroup of students toward
its use. To gain a more accurate picture of compliance, factoring in
how o�en students sync their Fitbit and phone data could serve as
a stronger indicator of compliance, as students need to sync this
data frequently to still be considered compliant within the study.
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