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ABSTRACT

The COVID-19 pandemic continues to affect the daily life of college
students, impacting their social life, education, stress levels and
overall mental well-being. We study and assess behavioral changes
of N=180 undergraduate college students one year prior to the pan-
demic as a baseline and then during the first year of the pandemic
using mobile phone sensing and behavioral inference. We observe
that certain groups of students experience the pandemic very dif-
ferently. Furthermore, we explore the association of self-reported
COVID-19 concern with students’ behavior and mental health. We
find that heightened COVID-19 concern is correlated with increased
depression, anxiety and stress. We evaluate the performance of dif-
ferent deep learning models to classify student COVID-19 concerns
with an AUROC and F1 score of 0.70 and 0.71, respectively. Our
study spans a two-year period and provides a number of important
insights into the life of college students during this period.
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1 INTRODUCTION

The Coronavirus disease 2019 (COVID-19) has been disrupting the
daily life of most people in the world by causing emotional, psycho-
logical and physical harm. In order to limit its spread, a strong series
of measures were introduced, including curfews, lockdowns, stay-
at-home advisories and directives asking people to self-quarantine
and maintain social distance. Such measures have led to changes
in several domains, from redefining workplace flexibility to the
reshaping of college experiences of students. Specific to the college
experiences — a topic we address in this paper — schools and col-
leges pivoted to online modes of teaching and learning. The vast
majority of classes taught at colleges are being delivered online
via Zoom, with students and teachers joining remotely from home
or in some limited capacity from campuses. Such changes, how-
ever, have introduced or accentuated several stressors for students
and faculty alike against the backdrop of the pandemic. Studies
report that student’s mental health is worsening since the start of
the COVID-19 pandemic [21, 48] — the USA declared a national
emergency on March 13, 2020. While the pandemic heightened ex-
isting stressors for students, it also introduced many new concerns,
such as, social isolation [25], virtual fatigue [55], increased concern
for family members’ health (e.g., parents, grandparents, siblings),
financial well-being and concerns for at-risk classmates [7, 48, 62].
A lack of social interaction alone has been linked in the general
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population to a wide variety of poor mental and physical health
outcomes including depression, cardiac disease and early death [16].
It has been widely reported that many of these factors combine to
impact the mental health and well-being of young adults during
the pandemic.

In the study we report on in this paper, we seek to examine and
quantify for the first time how the mental health and behavior of
college students has changed during the COVID-19 pandemic in
comparison to their life just prior to the pandemic. The study is
driven by the following broad exploratory research questions:

e (Q1) How does students’ behavior change during the COVID-
19 period compared with a year prior to the pandemic? With
this question, we aim to explore the adjustment students
are making in their daily life during the pandemic. Behavior
change here refers to the change in a number of mobile
sensing features that we collect through students’ phones
across the two-year study; that is, in the pre-COVID-19 year
and first COVID-19 year.

e (02) Do all students react to the pandemic in a similar manner,
i.e., do students experience similar behavioral changes during
the pandemic? 1t is possible that some students might be
handling the pandemic differently than their counterparts
in terms of behavioral change as well as their mental health.
An insight into how students are reacting to the pandemic
may help us identify differing groups and provide tailored
support to them (e.g., digital interventions).

e (03) Is concern for COVID associated with the mental health of
students? We ask students several EMAs (ecological momen-
tary assessments) to capture their concern toward COVID.
We believe it is important to identify whether such COVID
concerns are related to student’s mental wellbeing.

e (0Q4) How does the cohorts’ COVID concern change as the pan-
demic progresses? We would like to investigate whether the
students have a consistently elevated concern about COVID
across the first COVID-19 year.

® (05) Based on the observation that COVID concern does indeed
have an impact on student’s mental health, viz. (Q3), can we
build a machine learning model to predict student’s COVID
concern? Such a model would enable us to detect students
who are more prone to mental health issues during the pan-
demic and provide a foundation for delivering proactive help
to them. For instance, the output of the model could be used
to opt people in for frequent check-ins with a mental health
network or peer support network.

While the majority of the existing studies investigating stu-
dents’ behavioral changes during COVID-19 exclusively use
self-reports, we utilize data from the real-time passive sensing
StudentLife app [57] to identify changes in student behavior. The
StudentLife app provides us access to behavioral and contextual
information through various built-in sensors, which are less vul-
nerable to self-report bias. Note, the smartphone app used in our
COVID student study has been validated and used in a number
of prior clinical studies [2, 58, 59]. We use baseline sensing data
from the mobile phones of N=180 undergraduate students for a year
prior to the pandemic (called the pre-COVID-19 baseline year from
March 2019 through February 2020) and compare it to the first 12
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months of the pandemic (called the first COVID-19 year from March
2020 through February 2021). We directly compare and contrast the
life of these 180 undergraduates during the pre-COVID baseline
year and COVID vyear. Such a large amount of longitudinal data
spanning two years in total allows us to draw important insights
and robust conclusions associated with behavioral change of these
students as a result of COVID-19. In addition, we use EMA to record
ground truth input on mental state and COVID-19 concern from the
students. We capture the self-reported level of depression, anxiety,
stress, social life and self-esteem using EMA across the complete
24 month study period. During the COVID year, we also collect
specific self-reports associated with students’ concern about the
ongoing COVID-19 crisis. Please note that we collect data from a
cohort of undergraduate students with a demographic attending
a selective university in the USA so we would urge the reader to
be cautious in their interpretation of the results discussed in this
paper, as we do not know exactly how well these results generalize
to other populations. In this paper, we report on analysis of the
data collected across the 24 months; the contributions of our work
are as follows:

e To the best of our knowledge, we present the first mo-
bile sensing study that investigates the objective behavioral
changes of students as a result of COVID-19 pandemic, com-
paring the 12 months prior to the pandemic and the first
12 months of COVID. We consider N=180 undergraduate
students and identify the changes in their behavior follow-
ing the emergence of COVID-19 in the USA in March 2020.
Specifically, as stated above, we consider the pre-COVID-19
baseline year and contrast it with the first COVID-19 year.

e While considering overall behavioral changes, we find that
students’ behaviors captured from passive sensing data
shifted and time spent engaging in multiple activities sub-
stantially reduced during the pandemic. For example, we
quantify that students are significantly less active (i.e., dis-
tance travelled decrease by 60%) during the first COVID-19
year but use their phone more (i.e., phone usage duration
increases by 15%).

o We identify two distinct groups of students in the study pop-
ulation who have differing experiences during the pandemic
in terms of behavioral changes and self-reported mental
health and COVID concerns. Using cluster analysis, we ob-
serve that certain groups of students are much worse off and
affected by COVID than their counterparts. These students
have higher COVID concerns, depression, anxiety, stress and
lower self-esteem. We also find that there are segments of stu-
dents whose behavioral change during COVID is completely
different from each other. For instance, while a cluster of stu-
dents uses their phone more during the pandemic, students
belonging to another cluster show a decrease in phone usage
duration. We observe similar differences in other behaviors,
such as, students’ bedtime, wake-up time, sleep duration and
still duration.

e We examine the relationship between COVID concerns and
mental health, identifying a number of significant correlation
(p-val < 0.05). Within our dataset, COVID-19 concern is
moderately correlated with Patient Health Questionnaire
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(PHQ)-4 (p=0.31), depression (p=0.35), anxiety (p=0.25) and
self-reported stress (p=0.25).

e We observe that the majority of the students have a consis-
tent COVID-19 concern, with 31% (N=56) of students always
reporting a heightened COVID concern throughout the first
COVID-19 year.

o Using students’ self-reported COVID concern as the ground
truth, we build a Fully Convolutional Neural Network that
classifies the participants into either a higher or lower
COVID concern class based on the mobile sensing data. We
report a weighted AUROC and F1 score of 0.70 and 0.71, re-
spectively. We also identify a number of important features
from the model.

We are now in the second year of the COVID-19 pandemic and
while many university students, faculty, staff and administrators
are hopeful that our campuses will eventually return to normal it
looks like we will be living with this pandemic and its variants for
sometime to come. In fact, we have little visibility of the end of
the pandemic with any certainty. As a result, we believe that the
contributions discussed in this paper remains very relevant going
forward in the next phase of the pandemic.

The structure of the paper is as follows. We start by discussing
the related work on the use of passive sensing during COVID-19 to
study behavior change in Section 2. Following this, we detail our
study design, ground truth and dataset in Section 3 and report on
the analysis on behavioral change of students in Section 4. Next,
we investigate how the participants differ in their COVID-19 expe-
riences and behavioral change by profiling them with the help of
clustering in Section 5. We then examine the relationship between
COVID-19 concern and self-reported depression, anxiety, stress,
social level and self-esteem in Section 6. We explore the change in
COVID-19 concern over time in Section 7. Following this, Section 8,
explores different deep learning models for predictive analysis of
COVID-19 concern, presenting our results and drawing insights
associated with important modelling features. We discuss our over-
all findings and implications and the limitations of our work in
Section 9 and 10, respectively. Finally, we present some concluding
remarks in Section 11.

2 RELATED WORK

Mobile sensing is widely used for passive assessment of human
behavior [19, 31, 32, 56]. Numerous studies find association between
mobile sensing and different aspects of mental health [43, 57, 61],
personality [12, 60], workplace behavior [11, 32, 35, 36], among
other things. There are a growing number of papers reporting
insights during the pandemic, however, the vast majority of these
studies are based on purely self-reported inventories. In contrast,
there are a smaller number of studies that use mobile sensing to
study human behavior and contact tracing. Mobile sensing offers
the advantage of passively collected contextual in-situ data, which
can be used to make objective inferences in naturalistic settings.
Capturing sensing data is particularly suited to assessing human
behavior during the pandemic. In our case, this allows us to track
students in our study and draw insights from their behavior in an
unobtrusive and in-situ manner.
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A number of mobile tracking apps have been used during
the COVID period in order to facilitate contact tracing primar-
ily through proximity sensing [29] to various degree of success
and acceptance around the globe. Using Bluetooth signals, mobile
apps can track and notify people if they have been in contact with
individuals exposed to the COVID-19 virus [18] with the goal of
helping to reduce the spread of COVID-19 in the general population.
Some studies use such Bluetooth proximity data and Call Detail
Records (CDR) to build contact networks for analyzing mobility of
large populations [23, 51]. While this is specific to mobility, only a
handful of other studies employ mobile sensing to study behaviors
of participants. In a study of N=20 young adults over a seven day
period pre- and during the COVID lockdown in Spain, Safiudo et
al. [45] report finding a 68% decrease in the average number of
steps per day, a 32% increase in smartphone use and a 7% increase
in sleep duration during the lockdown period. This reduction in ob-
jectively assessed physical activity during COVID is also supported
by other studies [38, 54]. One in particular from the United King-
dom, which tracked N=5395 participants from January 22 to June
17 2020, reports that the physical activity progressively decreased
through the early phases of the pandemic, with a 47% decrease in
the first full week of lockdown [30]. Huckins et al. [21] study N=217
undergraduate students using mobile sensing and compare their be-
havior from the past academic terms with their behavior during the
first academic term impacted by COVID-19 (i.e., Winter 2020 term
which started on January 6, 2020 and ended in the next 10 weeks).
Compared with prior academic terms, the authors find that during
the start of the pandemic, students were more sedentary, anxious
and depressed. Furthermore, they observe a decrease in locations
visited, decrease in physical activity and increase in phone usage.
In a follow-up study, Mack et al. [28] report that among the same
cohort of undergraduate students, increased anxiety and depression
were significantly associated with rising interest in coronavirus
and COVID fatigue search terms on Google.

In another line of work, Quer et al. [40] use passive sensing
data from wearables in combination with COVID-19 symptom data
to classify the participants into either a COVID-19-positive class
(N=54) or COVID-19-negative (N=279) class. With the sole use of
sensing data (i.e., heart rate, sleep and activity), the authors [40]
obtain an AUC of 0.72. The combination of both sensing and symp-
tom data leads to an AUC of 0.80 while classifying participants into
these two groups. Perhaps the closest work to ours is the study
done by Sun et al. [50]. The authors investigate passive sensing
based behavioral changes of N=1062 participants recruited from
Ttaly, Spain, Denmark, the United Kingdom and the Netherlands.
They compare the behavioral change in the data collected from
February 1, 2019 to July 5, 2020 across several time points: baseline,
pre-lockdown and during lockdown. The authors [50] report that
there is a decrease in mobility, an increase in the use of social media
applications, a decrease in heart rate and an increase in sleep dura-
tion during the lockdown periods. While our study also reports on
behavioral changes of participants, we consider the entire year’s
data right from the national emergency declaration in the USA
on March 2020 to February 2021 - the first COVID-19 year in the
United States. We compare the passively sensed behavior of that
period with a full year prior to March 2020 (i.e., our baseline period
is March 2019 to February 2020 — the pre-COVID-19 baseline year).
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In addition, our study cohort is made up of young college students
and therefore we offer insights into the behavioral change of a
non-clinical population; the study by Sun et al. [50] contains partic-
ipants having different medical conditions (e.g., major depressive
disorder, multiple sclerosis). While the work by Sun et al. [50] uses
parametric tests to compare the behaviors, we perform a variety of
analysis in addition to the statistical tests and prediction.

3 COVID STUDENT STUDY METHODOLOGY

In what follows, we discuss the design of our COVID college student
study, demographic information of the students that participated
in the study, the ground-truth and the features used during the
analysis.

3.1 Study Design

The two years of data collected, analyzed and discussed in this paper
comes from a continuing, long-term mobile sensing study that is
following N=220 college undergraduates at Dartmouth College
across their 4 years of college life using smartphone sensing and
self-report surveys.

Students were first recruited and consented just before they
joined the university in their first year or during the first academic
term of their first year attending the university (N=106 in 2017
and N=114 in 2018). We have been collecting and analyzing the
data since the start date. All the participants in the study install
the continuous mobile sensing app on their primary Android or
Apple phone. They are asked to keep it installed and running on
their phone for four years until they graduate college; this includes
semester time and breaks from the university, including the summer
period. The study is approved by Dartmouth College’s Institutional
Review Board (IRB). Participants are asked to answer a set of EMAs
once every week and they are compensated 10 dollars per week for
answering the EMAs, i.e., short surveys sent to their phone through
the app. Students also complete a set of longer yearly and pre-post
surveys.

The goal of this overarching four year long study is to better
understand students’ mental health and behavior through the lens
of their complete college experience. As such, we ask students
to self-report their anxiety, depression, self-esteem, social-levels
and stress-levels. Most of these self-reports are delivered as an
EMA through the mobile sensing application. The timeline of the
pandemic on campus was as follows. During the Winter term of
2020, the COVID-19 virus started to spread globally. On March 10,
2020, our university suggested taking final exams remotely and
asked all students to leave the campus as soon as possible. On
March 13, COVID-19 was declared a national emergency in the
United States. Winter term also ended on this exact date. In order to
explore the changes in student’s behavior during the pandemic, we
started pushing new COVID follow-up surveys to the participants
after IRB approval through the mobile app beginning March 18,
2020. This was in addition to the questions that were already being
delivered as EMAs since the start of the study. Note that the COVID
follow-up surveys were optional to answer for students. We discuss
the surveys in more detail in Section 3.3 below.
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3.2 Demographics

Out of the 220 participants, 180 completed at least one set of the
COVID EMAs. Table 1 shows the demographics of the 180 students
used in our analysis. The majority (68.9%, N=124) of our participants
identify as females. In terms of race, 61.1% (N=110) are White, 23.4%
(N=42) are Asians, 3.3% (N=6) are Black or African American, 2.8%
(N=5) are American Indian/Alaska Native and 6.1% (N=11) belong
to more than one race.

Table 1: Demographics of the participants. The table below
lists the demographic composition of the students in our
study.

Category Count Percentage
Sex

Female 124 68.9%
Male 56 31.1%
Race

White 110 61.1%
Asian 42 23.4%
Black or African American 6 3.3%
American Indian/Alaska Native 5 2.8%
More than one race 11 6.1%
Not reported 6 3.3%

3.3 Ground Truth

We collect self-reported data on the students’ depression and anxi-
ety scores, social levels, self-esteem and stress through EMAs. These
questions were asked once a week at random times. Students also
have the choice to open the app and answer the survey manually
at any time they prefer. Depression and anxiety are tracked using
the 4-item Patient Health Questionnaire (PHQ-4) for anxiety and
depression [24]. State self-esteem is measured with three questions
selected from the State Self-Esteem Scale, which includes a relevant
question from each of the following categories: social, appearance
and performance [27]. Stress is measured by asking “Are you feel-
ing stressed now?” with a 5-point Likert scale with response labels
ranging from “Not at All” to “Extremely.” Self-reported time spent
around others (social levels) is measured by asking "Have you spent
most of your time alone or with others today?" with a 5-point Likert
scale with response labels ranging from "Almost always alone" to
"Almost always with others".

In this study, we focus on self-reported stress, given the com-
plexities associated with measuring actual stress exposure. State
self-esteem is considered a person’s sense of their own worth or
value at the current moment. The Patient Health Questionnaire
(PHQ)-4 is frequently used as a brief measure with relatively good
diagnostic performance for depression and anxiety, being com-
prised of the PHQ-2 and Generalized Anxiety Disorder-2 (GAD-2).
As measured within this context, anxiety will be considered persis-
tent and excessive worry. Similarly, depression is multifaceted, but
we will focus on anhedonia and negative affect components, given
their gross diagnostic abilities of anxiety and depression in college
students [1]. Although focusing on these specific aspects of these
mental health metrics is likely to be limiting, they allow for quick



A Year in the Life of College Students during the COVID-19 Pandemic

and more frequent assessment while maintaining rough diagnostic
abilities. Note that we refer to PHQ-2 and GAD-2 as depression
subscale and anxiety subscale throughout this paper.

At the start of the pandemic we added COVID-19 specific EMAs
to understand the impact the current COVID-19 situation is having
on the student’s lives, social media usage, how supported they feel
and mental health. Psychologists in our research team developed
these short questions to take less than 1 minute of participants’ time
per week to maximize response rate. As mentioned, the COVID
surveys were optional based on our amended IRB agreement. Stu-
dents were asked to respond to the COVID related EMAs once a
week at a random time, similar to other existing EMAs, discussed
above. We list these COVID questions in Table 2. The first question,
"How concerned are you about COVID"? is the most broadly applica-
ble question and the main focus of our research moving forward.
Notably, many of these questions were highly co-linear, such that if
individuals were concerned about COVID, they also reported high
concern for their family, others, etc. A simple PCA analysis showed
that 8 of the 10 COVID questions (1-7, 10) loaded highly on the first
component accounting for 40.4% of variance, while two questions
(8 & 9) loaded highly on the second component, accounting for
14.1% of variance. Reliability measured in terms of Cronbach’s a
is 0.85 (lower confidence limit: 0.81, upper confidence limit: 0.87).
While these questions were developed before COVID-19 related
questions were publicly available from other groups, COVID-19
concern has been found to be related to a variety of factors in a
cross-sectional group, including economic strain and stringency of
self-quarantine behaviors [34]. By focusing on COVID-19 concern
we are able to capture many aspects of students’ lives, situations
and opinions with one question, that we use here as ground truth.

3.4 Features

The smartphone sensing application runs in the background on
both the iOS and Android phones. It passively collects data without
any user interaction, although users can open the app if they wish
to submit self-reports for the surveys without any prompt. The
data is stored in the mobile locally and when the phone detects
connection to the Internet, it uploads the data to HIPAA-compliant
AWS servers before clearing the data from the device. Some of the
features we collect are as follows:

Phone Usage. The mobile application records the number of
phone locks and unlocks that the participants make. We derive (1)
the number of phone locks and unlocks and (2) the average duration
between phone locks and unlocks. These features act as a proxy of
screen-time and phone usage. Researchers find that phone usage is
correlated with depressive symptoms and anxiety [44, 59].

Mobility. The application samples GPS every 10 minutes, with
the consideration of both energy conservation and data quality. We
use this information to derive (1) the number of unique locations
visited which are identified on the basis of DBSCAN [13], (2) dis-
tance travelled and (3) maximum distance from campus. Mobility
features from mobile phones relate to anxiety and depression, based
on several prior works [6, 44].

Physical Activity. We identify the activity that a participant is
involved in with the help of activity recognition API supported by
both i0OS and Android phones.
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Sleep. We derive sleep data from the phone. We compute (1)
bedtime, (2) wake time and (3) sleep duration based on the method
described in [8, 57]. Sleep data has a measurement error of +/- 32
minutes.

Semantic locations. We identify the home location of the par-
ticipants based on where the students spend the majority of their
time during the night. Also, we use a third party API [53] to at-
tach semantic meanings to the raw Geo-location data. Several re-
searchers report finding association between location types visited
and mental health [4, 20].

Audio plays. The mobile app polls the system to start an audio
session every 10 minutes. The system follows-up on the request
by letting the app know whether there is any audio-based media
(such as music, video) already playing on the phone. We use this
information to compute (1) number of audio plays and (2) duration
of audio plays. Prior research shows that people listen to music to
regulate arousal and mood [46], so we include this in our analysis.

Regularity. We also compute the regularity index for each sens-
ing feature using negation of approximate entropy [39]. Approxi-
mate entropy based regularity index considers the unpredictability
of changes over time-series data. Meaning, time-series with higher
uncertainty have higher irregularity. On the other hand, time se-
ries that are predictable have repetitive patterns, increasing their
regularity. Regularity indexes are commonly explored in mental
health sensing studies and many of them report finding a significant
association between the two factors [6, 37].

4 Q1: HOW DOES STUDENTS’ BEHAVIOR
CHANGE DURING THE COVID-19 PERIOD
COMPARED WITH A YEAR PRIOR TO THE
PANDEMIC?

We begin our analysis by first exploring the change in behavior of
the participants as a result of COVID. As we mentioned earlier in the
Study Design section, the study has been ongoing since September
2017. Because of the availability of this longitudinally vast data, we
are well-placed to perform a pre-post analysis investigating how
students’ behavior changes as they navigate through the pandemic.

In Figure 1, we visualize some passive sensing data collected since
March 2019. The data is averaged over all participants throughout
the year. The figures clearly show changes in students’ behavior
at the onset of the pandemic — we observe either a sudden uptick
or a rapid step-down of the plots beginning around March 2020.
COVID was declared a national emergency on March 13, 2020;
therefore, we consider this specific date as the dividing point for
our pre-post analysis. The vertical red line on the plot indicates this
division. We can see that the sleep duration increases immediately
following the national emergency declaration. Similarly, unlock
duration also increases. However, the total distance travelled and
walking duration decrease significantly. Perhaps what is interesting
is that while other behaviors’ trajectory seems to rise and fall, even
reaching up to pre-March baseline levels in some cases, walking
duration is down throughout the year and it barely reaches the
baseline towards the end of March 2021. Although these figures
are visually discriminating in terms of behavioral change, they are
not best suited to compare each and every feature. In addition, it is
also possible that the change in behavior beginning in March could
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Table 2: Ground truth. The table below lists the ground truths that we collect as EMAs from the participants.

Ground Truth Median Std. Range Distribution
COVID

1. How concerned are you about COVID-19? 4.00 148 1-7 !

2. How much has the COVID-19 situation impacted your 4.00 1.80 1-7

day to day activities in the last week?

to the COVID-19 situation in the last week?
Lk

&
™
™
"

1
3. How much have you changed your behaviors in response 4.00 1.82 1-7 :
I

4. How concerned are you for yourself regarding COVID-19? 3.00 1.44

5. How concerned are you for your classmates regarding COVID-19?  4.00 1.39 1-7

6. How concerned are you for your family regarding COVID-19? 4.00 152 1-7 ' ‘MH‘
7. How concerned are you about obtaining food, supplies, etc.? 2.00 1.53 1-7 M" e
8. How supported do you feel? 4.00 149 1-7 ‘“‘ﬂ‘ :
9. How much have you supported others? 4.00 1.36  1-7 "J‘h"
10. Is your social media usage: 5.00 146 1-7 m

1 (much less than normal) - 7 (much more than normal)
PHQ-4
1. Over the last 2 weeks, how often have you been 2.00 2.80 0-12 M“

bothered by the following problems?
Feeling nervous, anxious or on edge;
Not being able to stop or control worrying;
Feeling down, depressed or hopeless;
Little interest or pleasure in doing things;

Self Esteem
1. Right now, I worry about what other people think of me. 2.00 1.03  1-5 M .
2. Right now, I am pleased with my appearance. 3.00 1.02 1-5 'Ml”

3. Right now, I feel as smart as others. 3.00 0.97 1-5 ‘"Jm“

Social Level

1. Have you spent most of your time alone or with others today? 3.00 1.26  1-5

Stress

1. Are you feeling stressed now? 3.00 1.06 1-5
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Figure 1: Changes in behavior pre- and post-March 13, 2020. The figure shows how several sensing features change over time
as the COVID pandemic progresses in the United States (US). The vertical red line demarcates the period before and after
March 13, 2020 when national emergency was declared in the US. The x-axis shows the time period and the y-axis, the feature.
Note that the plot is drawn for weekly aggregated data, therefore, the horizontal bold blue line represents the overall average
whereas the shaded regions represent the range of values. Plots generated over the entire data collection period are shown in

the supplementary document.

simply be a result of other issues such as weather or the academic
calendar. After all, the same day that the US declared national
emergency, the university also ended its Winter semester. Therefore,
for a more robust approach at identifying the behavioral changes
that could be attributed to COVID, we take into consideration data
belonging to an entire year. Note that we had a technical issue on the
week of December 15, 2019 and only a handful of participants were
active, as a result there is a sharp peak/valley around December
2019 that is most visible in the sleep duration and unlock duration
plot. Please ignore the sudden peak and valley during that period,
as it is heavily skewed.

More specifically, we compare the average value of the pre-
COVID-19 baseline year with that of the first COVID-19 year. The
use of data belonging to these two different periods allows us to per-
form an apples-to-apples comparison. We do this comparison with
the help of Wilcoxon signed-rank test, as it is a non-parametric
version of the paired t-test. We plot the result of the Wilcoxon
signed-rank test in Figure 2; the y-axis contains the features that
are significantly different between the two periods. Note, that the
results being shown are statistically significant with a p-value of
less than 0.05 after correcting for multiple comparisons using the

Benjamini/Hochberg FDR correction procedure [3]. For the statisti-
cal test, we are only comparing daily averages. The divergent bars
in the figure denote whether a particular feature changes positively
or negatively during the first COVID-19 year (i.e., March 2020 - Feb
2021) compared to pre-COVID-19 baseline year (i.e., March 2019
- Feb 2020). The red dashed bars indicate a decrease, whereas the
green solid bars indicate an increase. The x-axis shows percentage
change, and the y-axis shows the name of the sensing behavior
or feature. The x-axis shows the percentage change rather than
absolute change in order to account for the differences in scales
among different features.

While investigating the features that changed during the first
COVID-19 year in comparison to the pre-COVID-19 baseline year,
we find that the rate of decrease of features is more pronounced than
the rate of increase. Some features that decrease with a higher rate
include number of unique locations visited (-65%), distance travelled
(-60%) and duration on bike (-50%). Similarly, number of phone
unlocks (-24%), duration in vehicles (-21%) and walking duration
(-33%) also decrease. On the other hand, there is an increase in time
spent at home (+38%), number of audio played (+24%), maximum
distance from campus (+21%), audio playing duration (+21%), phone
unlock duration (+15%) and duration spent in a still position (+7%).
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Figure 2: Features with significant differences between pre-COVID-19 baseline year vs first COVID-19 year. The figure shows
the features that changed significantly and the associated percentage change. Red dashed bars denote that the feature de-
creased, whereas the green solid bars denote the feature increased in value during the COVID period. The comparison is based
on the median value of the feature across the two time periods. The x-axis is the percentage change and the y-axis is the
feature name. All results presented in this figure meet the following criteria: significant with a p-value of less than 0.05 af-
ter correcting for multiple comparisons using the Benjamini/Hochberg FDR correction procedure. Full statistical results are

available in the supplementary document.

We also find that there is a small increase in sleep duration (+4%)
and sleep end time (+2%). An increase in sleep end time means the
participants wake up later than their baseline wake-up time. In
terms of regularity, we find that the COVID-19 year is more regular
than the pre-COVID-19 baseline year for a number of behaviors
such as visits to unique locations (+44%), running duration (+27.6%),
distance travelled (+25%) and unlock duration at home (+16.5%). It
is interesting to note that while the number of unlocks decreases
(-24%) during the pandemic period, the associated unlock duration
(+15%) increases (aka screen time). This indicates that students
are using their phones more in aggregate, with fewer but longer
sessions in comparison to the baseline year.

5 Q2:DO ALL STUDENTS REACT TO THE
PANDEMIC IN A SIMILAR MANNER?

In this section, we aim to better understand the behavior of the
participants. We use cluster analysis to profile participants and
generate descriptions of the clusters found. Participant profiling,
sometimes also known as building personas, allows us to identify
distinct groups of participants and draw inferences on the identified
groups. Because the behavioral profile of students in the same
group is similar, it helps us generate representative information for
students belonging to each group. An unsupervised approach, such
as, clustering, uses the inherent structure of the data to identify and
group together similar data points. Therefore, it is suitable in our

use-case where we want to identify and group together students
with similar behavior without the consideration of any prior labels.
We cluster and profile students in two facets:

o Based on self-reports. We segment students based on their re-
sponses to the weekly EMAs we ask during the first COVID-
19 year. We use the averaged response for the analyses.
Based on behavioral change. We segment students based on
the change in their behavior during the first COVID-19 year
when compared with the pre-COVID-19 baseline year. In
order to do this, we compute the difference between each
student’s first COVID-19 year features and pre-COVID-19
baseline year features. Then, we proceed with clustering and
subsequent analyses on the resulting data. Note, features
here refer to passive sensing data only.

Given this breakdown, we explore whether certain groups of
students in the study behave or deal with the pandemic differently
than the other groups.

5.1 Clustering Process

Considering that we have many features and self-reports, we begin
the procedure by first performing a Principal Component Analysis
(PCA) to reduce the dimensionality of the data. We target 90%
explanatory variance through principal components, retaining 19
features for behavioral mobile sensing data and 10 features for self-
reports. We cluster the students using the principal components.
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(a) Identifying clusters of participants based on behavioral change from baseline year.

Silhouette plot for K=2 Visualization of clustered data
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(b) Identifying clusters of participants based on EMA response during COVID year.

Figure 3: Silhouette plot and clustered data. The figure on
the left shows the silhouette plot when we cluster behav-
ioral change and self-report data with number of clusters (K)
= 2. The figure on the right is a representation of the clus-
tered data points with two PCA loadings/dimensions. The
vertical red dashed line represents the average silhouette
score, red stars represent the centroid and the blue and ma-
genta color indicate the data points belonging to two sepa-
rate clusters.

Specifically, we use K-means clustering as our clustering algorithm,
which aims to maximize the similarity within the data points in the
same cluster and minimize the similarity between the data points
in different clusters based on euclidean distance.

The key hyperparameter for K-means is K, the number of clusters
to generate. We use the Silhouette method [42] to identify the
optimal number of clusters K such that the data is segmented well
among the clusters. In case of behavioral change facet, we obtain
an average silhouette score of 0.11, 0.09 and 0.05 for K=2, 3 and 4,
respectively. Similarly, for self-report facet, we obtain an average
silhouette score of 0.18 for K=2, 0.14 for K=3 and 0.11 for K=4. In
both cases, we find that K=2 leads to the highest average silhouette
score. In Figure 3, we visualize the silhouette for K=2 for both
the facets of behavioral change and self-reports. The x-axis shows
the silhouette coefficient value, whereas the y-axis represents the
clusters. Each colored point within the clusters is indicative of one
data point. The average silhouette score is represented in the figure
by a vertical red dashed line. Numerous points within each cluster
score higher than the average silhouette score indicates that the
grouping consists of similar points. Next to the silhouette score plot,
we show a scatter plot of two principal components, color-coded
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based on the cluster they belong to after K-means clustering. The
red stars represent the centroid of each cluster.

After grouping students into clusters based on multiple facets,
we investigate how the data differ across each cluster and aim to
provide a descriptive summary of the students as represented by the
clusters. We do the clustering based on principal components and
then describe the clusters based on the original data (i.e., the self-
report, derived features) that we find to be significantly different
between the two clusters. We compare the data among the two
clusters based on the Kruskal-Wallis test. As we cannot make any
assumption about the normality of the values we consider, we use
the non-parametric Kruskal-Wallis test. The independent variable
for the test is the cluster the data belongs to and the dependent
variable is the behavioral feature/self-report. In Table 3 and 4, we
list the top significant behavioral features and self-reports. All
duration related features are in minutes and distances in miles.
Note, that the listed data are all statistically significant with a p-
value of less than 0.05 after correcting for multiple comparisons
using Benjamini/Hochberg FDR correction procedure.

Table 3: Profiling based on EMA. The table below shows the
differences between the clusters when participants are clus-
tered on the basis of their self-reports, as per the result of
Kruskal Wallis test. C1 and C; represents the mean scores of
two clusters, and mean refers to the mean of all the students.
The C.I. column indicates the 95% confidence interval for the
overall mean. Full statistical results are available in the sup-
plementary document. Statistical significance reported after
Benjamini/Hochberg FDR correction (*** p <.001, ** .001 <
p<.01,7.01< p<.05).

H statistic

Self-reports Cq C, Mean C.I

PHO-4 178 421 291  [258,324]  mmm5804™
Depression 0.94 218 152 [1.34, 1.68] - 60.76**
Anxiety 0.84 2.03 1.40 [1.22, 1.57] . 48,17
Stress 2.42 3.06 2.72 [2.61, 2.81] N 38.95%**
Self-esteem 12.00 11.16 11.60 [11.32,11.88] 18.02***
COVID-1 3.48 4.82 4.10 [3.94, 4.26] I 7530
COVID-2 4.04 5.32 4.64 [4.45, 4.82] . 46.01°*
COVID-3 3.64 4.86 4.21 [4.02, 4.39] . 43.69"*
COVID-4 267 395 327  [3.09,343] w5778
COVID-5 3.14 4.34 3.70 [3.55, 3.85] . 66.20%*
COVID-6 377 521 444  [4.26,4.61] w858
COVID-7 2.14 3.41 2.73 [2.55, 2.91] . 49.64**
COVID-9 3.98 4.50 4.22 [4.06, 4.38] 19.88***
COVID-10 4.64 5.30 4.95 [4.79, 5.10] M 21.92%**

5.2 Examining Clusters based on Self-reported
Differences

After performing the Kruskal-Wallis test, we find that social level
and COVID-8 question (i.e., How supported do you feel?) are no
longer significantly different between the two clusters. Therefore,
we list only the remaining significant self-reports in Table 3. The C;
and Cy columns are the average value of the associated self-report
within the clusters C; and Cy, respectively. The column identified
as mean is the average value of the corresponding self-report for
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all the students. We observe that students in cluster Cy (N=85, 47%)
report higher scores in all COVID questions than participants in
C; (N=95, 53%). In fact, cluster C; students score higher than the
average score for each of the COVID questions. Cluster Cy students
also score higher than cluster C; students in PHQ-4, depression
subscale, anxiety subscale and stress. The only self-report where
students in cluster C; score higher (mean=12.00) than students in
cluster Cy (mean=11.16) is self-esteem.

It appears that the algorithm finds similarity in grouping together
participants with higher scores in PHQ-4 and COVID questions.
Interestingly, students with lower PHQ-4 and COVID scores have
higher self-esteem than their counterparts. All in all, we find that
C; students are much worse off and affected by COVID than C,
students. Note that there is also a statistically significant difference
between the number of self-reports submitted by the students be-
longing to the different clusters (Kruskal Wallis; p-val=0.025, H
statistic=5.03). On average, students in cluster C; provided 65 self-
reports per person, whereas the ones in cluster Cy submitted 53
self-reports each. Meaning, students who are much worse off and
affected by COVID provide fewer self-reports than the remaining
students.

5.3 Describing Clusters on Behavioral Change

We observe that cluster Cy has the majority of the participants, i.e.,
N=94 (52%) whereas cluster C; has N=86 (48%) of the participants.
Table 4 reports some top significant features and how their values
differ among the clusters. Note, we report on aggregated features
for the entire 24-hour day. As we mentioned earlier, for behavioral
change facet, we subtract the first COVID-19 year features from
the pre-COVID-19 baseline year and then proceed with clustering.
This allows us to investigate the propensity with which the fea-
tures change for a certain group of students in comparison to other
groups. Negative numbers in Table 4 denote that the associated be-
havior decreases during the first COVID-19 year, whereas positive
numbers indicate an increase in the behavior.

We notice several differences between the clusters. Students in
cluster C; have an overall decrease in their phone usage duration
(mean=-7.93 minutes) compared with their baseline, whereas stu-
dents in cluster Cy show an increase in their phone usage duration
(mean=57.14 minutes). While the phone unlock duration differs
among the two clusters, the number of unlocks is decreasing for
the both of them, more so for students in cluster C; (mean=-36.20)
than for students in cluster Cz (mean=-15.74). While it may appear
surprising that there is an increase in phone unlock duration but a
decrease in number of phone unlocks for Cy, it is entirely possible
because students could be using their phone for a longer period of
time in a single go (i.e., unlock/lock); that is, there are fewer unlocks
of the phone but when the phone is unlocked usage lasts longer (i.e.,
more screen time). Contrast this behavior with when the students
are on campus. It makes sense that students might perform more
locks and unlocks while moving around campus for example, visit-
ing social places, cafeterias, gyms, in and around classes, talking
with friends they might meet around campus, etc. In terms of sleep,
we find that students in cluster C; go to bed earlier than baseline
(mean=-18.60 minutes) and wake up later (mean=36.38 minutes)
whereas students in cluster Cy stay up longer than they did in the
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Table 4: Profiling based on behavior change. The table be-
low shows the differences between the clusters when stu-
dents are clustered on the basis of the change in their sens-
ing data, as per the result of Kruskal-Wallis test. C; and Cy
represents the mean scores of two clusters, and mean refers
to the mean of all the students. The C.I. column indicates
the 95% confidence interval for the overall mean. Full statis-
tical results are available in the supplementary document.
Statistical significance reported after Benjamini/Hochberg
FDR correction (*** p <.001, ** .001 < p < .01, * .01 < p < .05).

Features Cq Cy Mean C.I H statistic
Phone unlock duration per day -7.93  57.14 2615  [17.53,34.77] M 74.14"*
Sleep start time -18.60 12.75  -2.18 [-10.78, 6.37] 1317
Number of phone unlocks per day -36.20 -15.74 -25.48 [-30.23,-20.74] I 29.44***
Sleep end time 36.38 -4.00 15.23 [3.09, 27.38] 17.67"

Sleep duration 55.20 -16.74 17.44  [0.44,34.2] . 30.93°**
Duration of audio plays per day 10.72 83.73  48.78 [35.85, 61.70] I 66.61"""
Still duration at home 95.09 -22.30 31.32 [9.24, 53.34] . 33.91***
Distance travelled per day -69.10 -9.74  -37.13  [-60.53,-13.74] 15.42"
Walking duration per day -76.89  -3436 -54.61 [-62.15,-47.05] W 3817
Still duration per day 113.13 4265 76.21  [66.21,86.21] NN 63.92"**

Regularity in duration on vehicle ~ -0.01  -0.16 -0.09  [-0.13,-0.05] o 11.99¢

past-year (mean=12.75 minutes) and wake up earlier (mean=-4.0
minutes). As a result, the sleep duration for students in cluster C;
increases (mean=55.20 minutes) whereas it decreases for students
in cluster Cy (mean=-16.74 minutes).

Students in both the clusters have an increase in audio play du-
ration (discussed in Section 3.4), although cluster C; has a larger
increase in audio play duration (mean==83.73 minutes) compared
to cluster C; (mean=10.72 minutes). Interestingly, still duration at
home increases for students in cluster C; (mean=95.09 minutes) but
decreases in cluster Cy (mean=-22.30 minutes). The distance trav-
elled decreases by a higher rate for students in cluster C; (mean=-
69.10 miles) than it does for participants in cluster Cy (mean=-9.74
miles). Similarly, walking duration also decreases by a higher rate
for cluster C; students (mean=-76.89 minutes) compared to C; stu-
dents (mean=-34.36 minutes). However, the overall still duration
increases for students in both clusters, more so for C; students
(mean=113.13 minutes) than for C; students (mean=42.65 minutes).
Students in cluster C; also have higher still duration than the aver-
age of all the students. Higher rate of decrease in distance travelled
and walking duration whereas higher rate of increase in still dura-
tion at the same time might indicate that cluster C; students used
to be more active in the past-year than Cy students. We investigate
this using only the data of pre-COVID-19 baseline and find that
although C; students are slightly more active in past-year than
Cgy students, the difference is not statistically significant (p-value >
0.05). However, when we focus only on COVID-19 year data, we
find a significant difference between the two clusters in their activ-
ity level (p-value = 0.02). We observe that the students in cluster
C; are more active even during COVID period compared to Cq
students (p-value=0.02). We also compare all the pre-COVID-19 fea-
tures of the two clusters and find that there is not any statistically
significant difference between the behaviors of students belonging
to the two clusters prior to the pandemic (p-value > 0.05).
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Figure 4: Correlation among different EMAs. The figure shows the correlation coefficient of all the EMAs that we collect. The
darker green the tint, the stronger the relation between the variables. White, blanked out grids indicate that the results are not
statistically significant (i.e., p-value is greater than 0.05). Full statistical results are available in the supplementary document.

6 0Q3:IS CONCERN FOR COVID ASSOCIATED
WITH THE MENTAL HEALTH OF
STUDENTS?

After clustering the students based on their self-reported responses
to the EMAs, we observe that students who score higher in PHQ-
4 and COVID questions are grouped together by the algorithm.
This begs whether these EMAs are related. The COVID questions
primarily ask students about their COVID concerns, its impact
on their behavior and whether the students feel supported during
the pandemic. We want to explore if these are somehow related
to the depression, anxiety and stress that students report during
the pandemic. To investigate the relationship among the EMAs,
we perform a correlation analysis. We use Spearman’s rank-order
correlation since the responses are measured in Likert scale, which
is ordinal in nature. We show the result of the correlation analysis in
Figure 4. Note, that the figure contains only statistically significant
results, i.e., all the presented correlations are significant with a
p-value of less than 0.05 after adjusting using Benjamini/Hochberg
FDR correction procedure. Non-significant and identity correlations
are blanked out and appear as a white space in the heatmap.

The x-axis and the y-axis represent the self-reports and the
values contained therein indicate the correlation coefficient. We
observe that the COVID-1 question (on the x-axis) is strongly corre-
lated with most of the other COVID questions: COVID-2 (p=0.57),
COVID-3 (p=0.55), COVID-4 (p=0.61), COVID-5 (p=0.71), COVID-
6 (p=0.7) and moderately correlated with most of the remaining
COVID questions: COVID-7 (p=0.37) and COVID-9 (p=0.35). We
also find that COVID concern (COVID-1) is moderately correlated
with change in social media usage, i.e., COVID-10 (p=0.34). Note
that the median score of COVID-10 responses is 5 (on a scale of
1-7, where 4 is normal), indicating that the majority of the par-
ticipants had an increase in their social media usage during the

pandemic. 104 participants responded with a score higher than 4,
while 76 participants responded with 4 or less. COVID-1 question
also has the strongest correlation with PHQ-4 (p=0.31) among all
the COVID questionnaires. It has moderate correlations with both
the depression sub-scale (p=0.35) and anxiety sub-scale (p=0.25)
and also with the stress question (p=0.25). Self-esteem is only pos-
itively correlated with COVID-8 (p=0.31) and COVID-9 (p=0.22).
Interestingly, it has a negative correlation with PHQ-4 (p=-0.35)
and stress (p=-0.29). Social level is weakly correlated with COVID-8
(p=0.17) and COVID-9 (p=0.17) only.

The correlation analysis shows that the COVID-1 question, "How
concerned are you about COVID-19?", appears to have moderate-to-
strong correlation with all the other remaining COVID questions.
In some manner, such correlation is expected, since the question
asks students about their COVID concern in a much broader sense.
While other questions get specific about how concerned students
are about their family members, or the availability of food, or the
support they receive, a direct question asking about their overall
concern can be assumed to at least capture some aspect of informa-
tion from all these more specific questions. Because of the broader
sense of the question, the COVID-1 question is also moderately
correlated with PHQ-4, its subscales and stress. Among all the other
specific questions about COVID, COVID-1 has the highest correla-
tion with PHQ-4 and both of its subscales on depression and anxiety.
Motivated by this important insight, we examine in section 8 whether
we can use passive sensing data solely from students’ phones to predict
a student’s response to the COVID-1 question; that is, whether we can
predict a student’s COVID concern from their phone data. Because
COVID concern is correlated with PHQ-4, depression, anxiety and
stress, we believe that it is an important problem to explore. If we
can predict COVID concern of students, we may be able to detect
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Figure 5: Overall COVID-1 response and percentage change. Figure (a) represents the change in COVID concern of participants
over time. The solid blue line represents the average value, whereas the shaded regions represent the range of values. Figure
(b) is the histogram of percentage change in students’ COVID-1 responses. The x-axis represents the absolute mean percentage

change and the y-axis is the count of students.

vulnerable student population and provide proactive help to them
during the pandemic (e.g., digital interventions).

7 Q4: HOW DOES THE COHORTS’ COVID
CONCERN CHANGE AS THE PANDEMIC
PROGRESSES?

From the earlier section, we learned that among all the COVID
related questions that we ask the students, COVID concern (i.e.,
COVID-1) has the strongest association with their mental health.
Knowing that it is an important factor in play for students’ mental
health during the pandemic, we want to explore how it changes
over time as the pandemic progresses. In Figure 5a, we visualize
student’s responses to COVID-1 question beginning on March 2020
all the way up to March 2021. As we can see on the plot, students
start with a highly elevated concern for COVID in March 2020.
The overall concern goes down after June 2020 but it still stays
consistent around 4 (on a range of 1-7). We observe a few peaks
during early September, mid-November, mid-December in the year
2020 and also at the start of the year 2021. COVID concern goes
to 3 or below for a few participants around March 2021. In terms
of the response rate of the participants, we have 4163 responses
to COVID-1 in total from 180 participants with each participant
submitting 23 self-reports on average. We observe that 56 out of
180 participants always report a heightened COVID concern of 4
or higher throughout the first year of COVID-19 pandemic.

Next, we explore the volatility in the COVID-1 responses of the
students. To do this, we generate the percentage change in each
student’s responses for the COVID-1 question in the order they are
received. Then we take an average of all the percentage changes to
arrive at the mean percentage change for each student’s COVID-1
response. The final number thus calculated represents how consis-
tent or variable students are in their self-reported COVID concern.
In Figure 5b, we show a histogram of mean absolute percentage
change of the students. The overall average percentage change is
8%. The majority of the students’ responses are consistent (N=128
have < 8% change) with only 29 students’ mean percentage change

being higher than 15%. In addition, when we consider the change
in response based only on the difference between the first COVID-1
self-report at the beginning of March 2020 and the final COVID-1
response at the end of March 2021, we find that majority of the
students (N=104) start with a higher COVID concern but by their
final response, they report a much lower COVID concern. However,
of the remaining 76 students, 33 have an increase in their COVID
concern in comparison to their initial self-report, whereas 43 stu-
dents’ report having the same concern they had when they started
out in March 2020.

8 Q5: CAN WE BUILD A MACHINE
LEARNING MODEL TO PREDICT
STUDENT’S COVID CONCERN?

In this section, we examine whether we can predict COVID concern
of the students based solely on their mobile sensing data. Under-
standing this is important for two reasons: 1) it could shed some
light into the relationship between behavioral features and COVID
concern and 2) if we can achieve satisfactory performance, such
a model could be useful as part of an early detection system to
identify vulnerable students and provide proactive help to them.
During the COVID-19 pandemic, behavior of individuals is quite
diverse, with some individuals rarely leaving their home and others
continuing on about their daily life as if little had changed. These
distinct behaviors are likely due to a variety of factors ranging from
COVID-19 case count in the local area, local laws and personality
traits. To optimally capture these differences with one single ques-
tions, we focus on the first question in the COVID-19 survey for
this predictive analysis, i.e., "How concerned are you about COVID-
19?". As mentioned in section 6, this broader COVID question is
correlated with depression, anxiety and stress; and, motivated by
this insight, we examine whether we can use passive sensing data
solely from students’ phones to predict a student’s response to
the COVID-1 question; that is, whether we can predict a student’s
COVID concern from their phone data. First, we approach this
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Figure 6: Architecture of Fully Convolutional Neural Network (FCNN). The figure shows the architectural overview of the deep
learning model that outperforms all the other models we try. The blue boxes represent the layers in the network; Conv1D is
referring to 1D convolutional layers and Dense, to fully connected layer.

problem as a simple binary classification problem, dividing the self-
reported COVID-19 concern into either higher or lower class using
amedian split. As discussed earlier in the paper, students responded
to the survey question using a Likert scale ranging from 1 to 7. The
median score is 4 and after dividing into two classes based on the
median, we have 2886 self-reports in the higher COVID concern
class, and 1277 self-reports in the lower COVID concern class.

As part of the pre-processing step, we impute the features that
we collect based on forward fill (firstly) and backward fill (if there
are still missing values) approach, which are a standard set of tech-
niques used to handle missing values in time series modeling. This
imputation approach carries the most-recent non-missing obser-
vation forward (or backward) and replaces the missing value with
it. After imputation, we standardize all the features within- and
between-person. In terms of modeling, we treat the predictive task
as a time series classification problem. As deep learning approaches
have done exceptionally well in sequential data, such as text, audio,
financial data and time series, we explore the utility of several state-
of-the-art deep learning time series classification models within
our dataset. Firstly, we convert our dataset into a time series suit-
able format. For each self-report, we take into account the last 7
days’ data with the granularity of an hour; that is, each sample/data
point contain 168 values for a single feature (i.e., 7 times 24 values).
Because there are 52 features in total, each data point is therefore
an array of size 168x52. We divide the dataset into train, validation
and test splits of 60:40. Meaning, we use 60% of the data to train
the model, and the remaining 40% of the data to validate (20%) and
test (20%) the model.

We ran several deep learning based models that have been pre-
viously shown to work well for a multivariate time series classifi-
cation task. These include, Time-Convolutional Neural Network
(CNN) [64], InceptionTime [22], Multi-Channel Deep Convolu-
tional Neural Network (MCDCNN) [65], Residual Neural Network
(ResNet) [63], Multi-Layer Perceptron (MLP), Time Warping Invari-
ant Echo State Networks (TWIESN) [52], Long short-term memory

Table 5: Prediction result. The table below lists results of dif-
ferent deep learning models performing predictions on the
COVID concern question. Note, all the reported metrics are
weighted to account for label imbalance, resulting in an F1-
score that is not between precision and recall.

Models ‘ Performance scores
‘ Precision ‘ Recall ‘ F1 ‘ AUROC
Time-Convolutional Neural Network (CNN) 0.54 0.74 0.63 | 0.50
InceptionTime 0.68 0.59 0.62 | 0.60
Multi-Channel Deep Convolutional Neural Network (MCDCNN) | 0.63 0.67 0.65 | 0.52
Residual Neural Network (ResNet) 0.73 0.57 0.60 | 0.64
Multi-Layer Perceptron (MLP) 0.54 0.74 0.63 | 0.50
Time Warping Invariant Echo State Network (TWIESN) 0.80 0.74 0.63 | 0.50
Long short-term memory (LSTM) 0.70 0.61 0.62 | 0.54
Fully Convolutional Neural Network (FCNN) 0.75 0.70 0.71 | 0.70

(LSTM) [49] and Fully Convolutional Neural Networks (FCNN) [63].
Models are evaluated using Area under the curve (AUROC), preci-
sion score, recall score and F1 score metrics. The performance of
these models is listed in Table 5. We observe that FCNNs outperform
other deep learning based approaches, obtaining a well-balanced
overall score across all the evaluation metrics; specifically, an AU-
ROC of 0.70, F1 score of 0.71 and precision and recall score of 0.75
and 0.70, respectively.

The architecture of our FCNN model is similar to the one pro-
posed by Wang et al. [63] - it consists of 3 1D convolution layers
and one dense output layer. The architecture is shown in Figure 6.
As shown in the figure, each convolutional block (or layer) is fol-
lowed by a batch normalization operation, with the result fed into
a rectified linear unit (ReLU) activation function. After the third
and final convolutional block, we perform global average pooling,
which averages the output of the final convolutional block over
the time dimension; thereby, flattening the output to one long vec-
tor that is passed through a fully connected layer to the output to
make the prediction. The fully connected (or dense) output layer at
the end uses a softmax function to return probabilities for the two
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Figure 7: Important features. The figure shows some of the most important features obtained from permutation feature im-
portance approach. The x-axis is the feature importance score. Note that the error bars represent the standard deviation of

the importance scores over 5 different runs of permutation.

classes. Figure 6 also shows the attributes of each layer. The input
to the model is a 3D tensor where each data point is of size 168x52.
If there were 100 data points, for instance, we would have an input
tensor of size 100x168x52. All convolutional layers use a stride of 1
and same padding (aka zero padding) so that the size of the output
after the convolution operation is the same as the input. The first
convolutional layer contains 128 filters with a kernel size of 8. The
second convolutional layer contains 256 filters with a kernel size
of 5, followed by the final convolutional layer, which contains 128
filters and kernel of size 3. There is no pooling or regularization
operation, other than the global average pooling prior to the dense
layer. We use a batch size of 8 and 200 iterations during the training
phase. Models are optimized using Adam optimization. For hyperpa-
rameters, we start with some baseline parameters and play around
with manual hyperparameter tuning, focussing on specific search
candidates. We do not perform any intense hyperparameter tuning,
such as, random search or Bayesian optimization approaches.

A natural next step after modeling is to understand which fea-
tures play an important role in prediction of COVID concerns for
students. This is particularly challenging in the case of deep mod-
els because they represent “black-box” techniques. Making deep
models more interpretable is an important and active research prob-
lem in the deep learning community. For our analysis, we use a
frequently implemented model agnostic and easy-to-understand
approach to investigate feature importance and interpretability.
Model agnostic approaches of interpretability do not depend on the
specifics or the technicalities of the model, but solely at their pre-
dictions/outputs. One of such approaches that we employ is termed
“permutation feature importance” [15]. This approach focuses on
a single feature at a time and randomly shuffles all its values. We
then compare the score of the model when predicting on the origi-
nal dataset (i.e., with no shuffling) versus when predicting on the
modified dataset (where a single feature has been shuffled).

Intuitively, this means that we are trying to break the relation-
ship between the feature and the target such that the change in
prediction score after the shuffle, should be indicative of how im-
portant that feature is for that particular model. We perform the
same process for each feature separately, where only one feature is
shuffled every single time. In addition, the permutation is repeated
for each feature 5 times. We report some of the most important
features based on this process in Figure 7. The x-axis represents
the feature importance score, whereas the y-axis shows the feature
name. The error bars represent the standard deviation of the scores
over the 5 permutations we perform for each feature. Based on
permutation feature importance technique discussed, we find that
the number of unique locations visited, duration spent at home,
running duration, audio play duration and sleep duration matter
the most when predicting student COVID concern.

9 DISCUSSION

9.1 Summary of results

Throughout this paper, we examine students’ behavior and how
it is influenced by the COVID-19 pandemic period, a period of
unprecedented societal change. While a number of studies have
investigated the behavioral changes of several population groups
during the COVID-19 pandemic, we consider the entire year’s data
right from the national emergency declaration in the USA in March
2020 to February 2021 — the first COVID-19 year in the United
States. We compare the pre-COVID-19 baseline year with an en-
tire first year of COVID-19, shedding light on several important
behavioral changes captured by the mobile sensing features; this
approach differentiates our study to other similar studies, because
we collect objective, longitudinal data spanning a two-year period.
We find that students’ behaviors shifted and time spent engaging
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in multiple physical and social activities substantially reduced dur-
ing the pandemic. Sensing features such as number of unlocks at
home, duration in vehicle and walking duration have a negative
change during the pandemic compared with that of the baseline
year. However, features such as time spent at home, total audio
playing duration and total unlock duration increase during the pan-
demic. Several of our findings that relate to the behavioral trends of
the students are supported by prior studies. For instance, consistent
with our finding that there is a drop in walking duration, duration
on bike and distance travelled, existing work that use objective
data report finding a decrease in physical activity levels during the
pandemic [21, 30, 38]. Similarly, the increase in phone usage and
sleep duration that we observe replicates work by other researchers
within populations they study [45, 50]. It is logical that people
would be socializing less (i.e., not going out as often as they used
to) if they are following social distancing directives and thus would
experience increased time spent at home and a longer duration
of being stationary. These students are less likely to be traveling,
leading to an expected decrease in walking duration, duration in
vehicle and distance travelled, as well as visits to unique locations.
As a result of not getting out of the house as much and be social
in-person, students may resort to the use of social media apps and
phones to keep themselves engaged with their friends and fam-
ilies, increasing the phone usage duration as we observe in our
analysis. Also, the self-reported responses for social media usage
(i.e., COVID-10 question) indicate that majority of the students in
our study had an increase in their social media usage during the
pandemic.

In addition to the broad analysis, we perform several analyses
that are unique to our work and has not been pursued by other
studies focussed on COVID-19. For instance, we cluster participants
based on their survey responses and mobile sensing data in order
to determine if there are certain groups of students who react dif-
ferently to the pandemic than their counterparts. When clustering
based on self-reports, we find that students who have a higher-
than-average PHQ-4, COVID responses and stress level, fall in one
cluster while students who score lower on all these self-reports
fall in the remaining cluster. We also find that students who fall
in the “low” cluster have higher self-esteem compared to students
in the “high” cluster. The result from this analysis suggests that
within our undergraduate student cohort, high COVID concern
(as obtained from the COVID questionnaire) is related to higher
depression, anxiety and stress. This is expected because COVID-19
is traumatic for many, with actual physical, social and economic
consequences. Studies show that COVID-19 is associated with men-
tal illness [14, 26], increasing depression and anxiety among several
populations including college students [7]. This is also observed
within our dataset, when we investigate the relationship between
the self-reports. Our correlation analysis shows that COVID con-
cern and PHQ-4 have a positive relationship. Specifically, COVID
concern is positively correlated with PHQ-4, its depression sub-
scale (PHQ?2), its anxiety subscale (GAD2) and stress. It is worth
mentioning that we observe a negative correlation of COVID-8
question (i.e., How supported do you feel?) with stress, anxiety and
depression. This finding is interesting, particularly, in context of
real-world stressors, such as, the COVID-19 pandemic as it may
relate with the idea of the ‘stress buffering hypothesis’. The idea
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suggests that social support relates to better mental health specifi-
cally in times of stress because people can feel like they have others
to support them during those challenging times [9]. Following this,
we cluster students based on their behavior change and observe
several differences between the clusters. While phone usage du-
ration increases for students in cluster 2, we find that students in
cluster 1 spend less time using their phone. Cluster 1 students go
to bed earlier, wake up later and sleep for longer durations com-
pared to their baseline behavior. However, cluster 2 students go
to bed later, wake up earlier and sleep for shorter duration than
they did in the pre-COVID baseline year. In addition, we explore
the change in COVID-1 responses of the students. We find that the
majority of the students are consistent in their COVID-1 responses
and most importantly, 31% of them report a heightened COVID
concern throughout the first COVID-19 year.

Motivated by our understanding that the COVID-1 question re-
flects students’ overall COVID-19 concern related to mental health,
we perform a predictive analysis of COVID concern. This further
highlights the uniqueness of our work. While prior analyses com-
pare changes to the baseline behavior, in the predictive analysis
work, we only consider behavior during the pandemic period. We
obtain a satisfactory result, achieving an AUC of up to 0.70. Using
the permutation feature importance technique, we identify fea-
tures that are important to our model. It is, however, important
to understand that feature importance values do not reflect the
intrinsic value of a feature towards prediction, it simply shows how
important the feature is for our particular model. We observe that
activity related features turn out to be important, along with phone
usage, visits to entertainment places, sleep and distance travelled.
In other words, how active or sedentary one’s life is, the phone
engagement and sleep plays a role in identifying COVID concern.
This also makes sense through the lens of mental health, since prior
research shows that mental health is related with physical activity,
phone usage and sleep [47, 59]. There is also a relationship between
mobility and mental health [33], and relatively recently researchers
report finding that the number of unique places frequented relates
to positive mental health [17]. Overall, our findings reveal a number
of interesting insights.

9.2 Implications

Our work offers several important implications. First, we find associ-
ation between different COVID experiences (based on self-reports)
with the student’s depression, anxiety, stress, self-esteem and social-
level. This sheds some light on how the pandemic impacts the
mental health of college students. Being able to understand the
concern and experiences of students can help mitigate behaviors
and factors that induce it and lower the associated negative effects.
In addition, to the best of our knowledge, the behavior change
analysis is the first of its kind comparing young adult population’s
pre-COVID-19 baseline year with their first COVID-19 year. Obser-
vations based on the clustering approach show how different groups
of young college students react to the pandemic. While existing
studies may have looked into how people, in general, are affected
by the pandemic, by profiling participants we are able to address
gaps in our understanding of how subgroups of specific populations
may respond to traumatic events differently. The lack of published
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studies identifying mental health or behavior clusters related to
COVID-19 behaviors highlights the need to identify such segments
within our populations and study them separately instead of gen-
eralizing findings towards all communities and populations. The
insights from such studies would be more far-reaching and useful
for each population segment, as public policies (such as improving
wellbeing, mental health) could then be targeted in a personalized
manner towards the segment of population under consideration
and their specific experiences. With the help of passive sensing
and other ubiquitous technologies, we may be able to identify the
population groups while being sensitive to the individual differ-
ences and provide more tailored help and suggestion as forms of
digital interventions. This adds another implication of our current
work — the findings may be applied to help make recommenda-
tions to individuals during time of crisis, such as a pandemic. For
instance, intervening Human Computer Interaction (HCI) designs
could make use of our findings to provide interventions, such as,
cognitive behavioral therapy (CBT) and suggestions for lifestyle
modification and self-care focusing on aspects, such as, moderating
phone usage, maintaining physical activity levels and sleep. This is
especially important because such variables have been found to be
related to mental health and well-being.

On a broader level, passive sensing devices, such as phones,
provide the ability to understand change in behavior as a result
of the pandemic as well as lockdowns and quarantines that come
along with it. As a result, they can not only be used to monitor
the consequences of future pandemics and the social distancing
measures as they are implemented, but can also be used to deter-
mine if behaviors return to baseline as the pandemic wanes and life
returns to normal. Therefore, future studies could make use of the
devices for public health promotion before as well as during and
after the pandemic. In addition, these ubiquitous devices provide
mobility and other behavioral information which can be used to
understand pandemic trends (e.g., COVID fatigue) and act proac-
tively. Sensing technologies can help us understand novel events
such as COVID-19 and can be implemented before researchers have
time to develop questions specific to the novel event. Perhaps more
importantly, we show that the data available from passive devices
can provide an estimate of how concerned someone is about the
COVID-19 pandemic. This is useful because, for one, it can be used
to detect students who might be more prone to mental health is-
sues during the pandemic (COVID concern has correlation with
depression/anxiety) allowing us to provide proactive help to them.
This could be achieved by integrating the application with college
health centers with participant consent. On a larger scale, since
pandemics lead to an increase in suicidal ideation, substance use
and depression [10, 41], such applications could also be useful in
identifying the most vulnerable people across an entire population.
We envision this as an early detection system that could provide
individualized suggestions to help people navigate difficult times,
or notify a provider with their consent so they can reach out to
the individual to provide assistance. Such an intervention system
is part of our future work. Finally, viewing large-scale changes in
behaviors that vary over time and across individuals with respect
to COVID-19 represents a critical perspective, such that behaviors
are not stationary and that the models to predict behaviors in the
future should be closely monitored for drift.
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A number of critically important issues surface when considering
the possible future integration of mobile sensing into predictive and
intervention systems (e.g., personalized intervention, looping in
student heath centers, etc). These include many design and systems
implementation issues, such as, transparency (i.e., the user is fully
informed about the app function and data usage), validity (i.e.,
issues such as predictive performance, replication of results and
importantly generalizability of predictive engines) and critically
important, privacy (i.e., designing systems that protect the privacy
of users). A large amount of future research and larger scale studies
are required to address these open challenges.

10 LIMITATIONS

Our work has several limitations, the most glaring of which is the
fact that the study is investigating a small sample of students with
specific demographics in one particular college in the USA. There-
fore, we would urge caution against making any sweeping general-
izations based on our results. We need to perform further studies
to validate whether we can obtain similar findings across different
populations (e.g., other universities). However, even though the
sample size is relatively small, we find significant relationships from
the data, which support our results. Given the limited demographic
representation in the current population, we likely underestimate
the number of clusters existing in across the entire population. We
believe that this reinforces the importance of the current cluster
analysis and suggest that other researchers should include similar
analyses in their work. Further, as we mention throughout the pa-
per, several of the results we observe are also obtained by earlier
researchers among different populations across different countries.
It is possible that we may have introduced self-selection bias by
studying only that population of students who choose to take part
in it. We also use self-reported responses to different inventories,
some of which are created in-house and are not validated effectively,
likely introducing several biases in the ground truth. Another limi-
tation relates to the reliability of APIs (Application Programming
Interface) and algorithms used by the mobile phones in this study:
we deduce the level of physical activity (e.g., steps, activities, mo-
bility, etc.) based off of data received from mobile phones without
detail knowledge of any inherent error in these measurement and
inference systems. For example, most behavioral studies like ours
use the output from i0S/Android activity recognition without the
companies reporting the actual performance metrics of these al-
gorithms. It would be helpful if Apple and Google published this
device/algorithm performance data on a regular basis. What we do
know is that these algorithms are trained using a massive amount
of data and likely offer population scale performance suitable for
in the wild studies like ours [5].

Some limitations of our work also open up opportunities for
future research. Although we use a standard empirical approach
for identifying optimal cluster arrangement, it may be preferable
to evaluate clusters or goodness of fit based on domain expertise. It
could be especially more crucial when studying a sensitive and im-
portant topic such as mental health. While our modeling approach
for prediction is sound, we have no way of identifying whether
the architecture has been overfitted for our specific dataset. We
handle overfitting as much as possible within our dataset, but we
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cannot know for certain if it is achieving high performance only
in our dataset. Similar studies need to be conducted in the field
to investigate whether the modeling approach can be generalized
to other similar problems. Finally, we would also argue that the
measures we use to collect the data are not sufficient to conduct a
thorough analysis of the results. Use of multimodal sensing (such as
wearables, phones, Bluetooth trackers, social media) along with the
combination of several other ground truths would lead to a more
holistic view of the participants’ behavior enabling us to make
strong conclusions.

11 CONCLUSION

In this paper, we studied the impact of COVID on behavioral
changes of undergraduate students with objective mobile sensing
data alongside several self-reported measures. We compared their
behavior in the year prior to COVID with their behavior during
the first year of COVID. With the initial analysis grouping every-
one together, we found that there is mostly a negative change in
student’s behavior, leading to a more sedentary lifestyle during the
first COVID-19 year. To better understand the changes, we investi-
gated whether there are certain subgroups of students that reacted
differently to the pandemic. Profiling students based on a clustering
approach revealed several distinct characteristics among subgroups
of students. We found that students with high COVID concern have
a heightened PHQ-4, anxiety, depression and stress. We identified
a particular group of students who are more concerning because of
their heightened COVID concern and high score in mental health
metrics. Correlation analysis corroborated our finding showing
that there is a moderate correlation between COVID concern and
PHQ-4, depression, anxiety and stress level of students. We also
trained a deep learning model to predict the COVID concern of the
students, obtaining an AUROC of 0.70.

We believe our findings pave the way for further research to
investigate how pandemics impact the mental health of young
adults at colleges. Importantly, we are now in the second year of
the COVID-19 pandemic and while many students are hopeful that
their lives will eventually return to normal in the near future, it
looks like we may be living with the pandemic and its variants for
sometime to come. In fact, we have little visibility of the end of the
pandemic with any certainty. As a result, we believe that the insights
from our work on finding connections between phones and human
behaviors associated with the pandemic remains very relevant
going forward, in particular for students, faculty, researchers and
university administrators who are now dealing with the challenges
associated with the next phase of the pandemic.
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