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ABSTRACT
Pandemics significantly impact human daily life. People through-
out the world adhere to safety protocols (e.g., social distancing
and self-quarantining). As a result, they willingly keep distance
from workplace, friends and even family. In such circumstances,
in-person social interactions may be substituted with virtual ones
via online channels, such as, Instagram and Snapchat. To get in-
sights into this phenomenon, we study a group of undergraduate
students before and after the start of COVID-19 pandemic. Specifi-
cally, we track N=102 undergraduate students on a small college
campus prior to the pandemic using mobile sensing from phones
and assign semantic labels to each location they visit on campus
where they study, socialize and live. By leveraging their colocation
network at these various semantically labeled places on campus,
we find that colocations at certain places that possibly proxy higher
in-person social interactions (e.g., dormitories, gyms and Greek
houses) show significant predictive capability in identifying the
individuals’ change in social media usage during the pandemic
period. We show that we can predict student’s change in social
media usage during COVID-19 with an F1 score of 0.73 purely from
the in-person colocation data generated prior to the pandemic.
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1 INTRODUCTION
Pandemics change our lives on multiple levels. Individuals stay at
home and work from home in order to adhere to safety guidelines
and maintain social distance[5, 15, 41]. However, spending more
time at home does not change the fact that humans are innately
social. We hypothesize that while adhering to the shelter-in-place
guidelines leads to a sharp decrease in individuals’ face-to-face in-
teractions, their virtual interactions via social media should increase
to offset the loss of in-person interaction. We explore individual dif-
ferences in the shift from in-person social behavior to social media
usage during a pandemic. We find that although there is a general
increase in social media usage, the extent of this increase varies
widely across individuals. While some people experience a large
increase in social media usage compared to their pre-pandemic
norm, others report having only a slight change, if any.

425

https://doi.org/10.1145/3462244.3479888
https://doi.org/10.1145/3462244.3479888


ICMI ’21, October 18–22, 2021, Montréal, QC, Canada Wang et. al.

Prospectively identifying individuals that significantly increase
their social media usage during times of crisis is critically impor-
tant. Social media and other tech companies can adjust the prod-
uct to better target and serve these users. It is also important to
health agencies because significantly increased phone usage, partic-
ularly for social media applications, has been linked to poor mental
health outcomes, such as depression and generalized anxiety disor-
der [29, 65]. Therefore, we investigate factors that influence changes
in social media usage during a pandemic. However, our initial anal-
ysis shows that demographic information, such as, gender is not
significantly associated with a change in social media usage. The
change during pandemic has special characteristics: COVID-19 in-
hibits our free movement offline (i.e., in real life) giving impetus to
shifting to virtual interactions. Very few studies have investigated
how this shift is related to individuals’ longitudinal face-to-face
social interaction. To get insights into this shift, we propose to
understand how individuals are connected offline (hereon termed
“in-person”) during the pre-COVID-19 period.

How can we measure in-person social behavior? Traditional
methods are mainly dependent on participants’ self-report or one-
time survey [2, 23]. However, such an approach may be unreliable
and inaccurate because of issues stemming from bias, recall effect,
among other factors. Smartphones and other wearable sensors
provide access to behavioral and contextual information through
various built-in sensors which are objective in nature compared to
the subjective self-reports. The major smartphone sensors that are
used to measure localization are GPS,WiFi and Bluetooth. Although
Bluetooth has many advantages, it has various limitations in terms
of sensing social interactions [16]. First, Bluetooth proximity could
be noisy when devices sometimes fail to detect all nearby devices,
which is likely to happen when many devices are active at the
same time in the same location. Second, Bluetooth needs beacons to
recognize an individual’s identity. It requires additional pre-study
setups (e.g., distributing beacons to the participants and linking the
beacon ID to user IDs). Instead, the GPS is available with no extra
cost via apps. Therefore, in our study, we use mobile phone based
GPS tracking to passively and consistently calculate individuals’
geospatial social distance in real-time.

In this paper, we use colocation data computed from GPS sensing
before the COVID-19 period to predict the changes of social media
usage during the COVID-19 period, capturing the shift of social
behavior from in-person to virtual – we use the terms virtual inter-
actions and online interactions interchangeably in this manuscript.
We explore this shift of social behavior among undergraduate stu-
dents at Dartmouth College. We use longitudinal data from the
pre-COVID-19 period to investigate the change as a result of the
pandemic. Specifically, we leverage data from the 2020 academic
Winter term which started from Jan 06, 2020. In terms of the first 8
weeks of the Winter term, students enjoyed normal school life on
campus – studying, socializing and working on a tight-knit campus
in a small college town where all undergraduates live on campus.
We consider this period of the Winter term to be our baseline data
and as such we use it to compute colocations over the students’
in-person social behavior as part of their pre-COVID-19 “normal
lifestyle”. In week 9 of this Winter term (specifically, on March
2), the campus community confirmed its first case of a student
with COVID-19. In week 10, the World Health Organization (WHO)

officially declared COVID-19 a pandemic, and the vast majority
of undergraduate students returned home after their final exams.
Starting from week 11, we collected Ecological Momentary Assess-
ment (EMA) surveys remotely once a week to record the change
in students’ social media usage behavior. We perform analysis to
explore the correlations between the pre-COVID in-person colo-
cation and the change in social media usage and then finally, we
predict the change in social media usage with features generated
from the in-person colocation.

The contributions of this paper are as follows:

• To the best of our knowledge, this is the first paper to predict
increased social media usage during COVID-19 by utiliz-
ing in-person colocation sensing data from phones collected
prior to COVID-19. We believe it shines some light on in-
dividuals’ social behavior as they switch from in-person to
virtual interactions during the pandemic.

• We identify three on-campus semantic location categories
(viz. dormitory, greek houses and gym) where students’ colo-
cations are positively related to an increase in social media
usage during COVID-19.

• We show that colocation at places that may proxy higher
in-person social interactions have significant predictive ca-
pability in identifying the individuals’ change in social media
usage during COVID-19. By using only the time series of the
network degree 1 at these three semantic locations prior to
COVID-19, we can predict whether or not a student experi-
ences a significant increase in social media usage with an F1
score of 0.73.

The structure of the paper is as follows. We start by discussing
the related work on social behavior, mobile sensing, colocation
and then detail our study design, dataset, methods, models, results
and insights. We make some concluding remarks, implications and
discuss the privacy and ethical considerations of collecting sensitive
data in the discussion section.

2 RELATEDWORK
2.1 Social Behavior: Virtual and In-Person
Social behavior refers to a set of actions conducted by members of
the same species when they have interactions or exchanges [27, 54].
One fundamental social behavior is communication between each
other in a way that influences the members’ immediate or future
behavior [54, 58]. Social media platforms like Facebook, YouTube,
Instagram have become some of the most popular tools for social
interaction and information exchange online [22, 31, 35, 43, 49]. We
usually term this online social behavior as social networking as it
is particularly focused on connecting people remotely [39]. Studies
show that social networking platforms help people feel that they
belong to a community [59, 64].

One of the reasons for increased engagement in social network-
ing is colloquially termed as "fear of missing out", often abbreviated
as FOMO – "a pervasive apprehension that others might be having

1The number of edges that are incident to the node in a graph [14]. Here each node
represents a participant and an edge happens if two participants are colocated. Fur-
thermore, the degree represents the number of colocated students of one participant
in the graph.
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rewarding experiences from which one is absent" [50]. This phenom-
enon might be more severe during COVID-19, as individuals are
required or suggested to stay at home, possibly causing them to
experience subsequent separation from others. This would lead to
increased loneliness and a "fear of missing out" if people observe
others having a good time on social media platforms. Another thing
to note is that as COVID-19 has led several businesses and educa-
tional institutes to transition to an online only format, online social
behavior now rapidly extends to several different areas not just
limited to social networking. For instance, in-person social meet-
ings have transitioned to online, along with several facets of life,
spanning work [37, 38], medical help [32, 48, 62], internships [20],
and education [53].

2.2 Social Behavior and Mobile Sensing
Mobile phone and wearable sensing have been widely used for
passive and naturalistic assessment of individuals’ activity and be-
havior [12, 25, 30] as well as their health conditions. A number of
studies find relationships between mobile sensing data and mental
health, such as, anxiety [7, 8, 28, 55], depression [11, 45, 56, 67, 68],
mood change [24, 42], and other behavioral markers related to
mental health [47, 70], well-being and personality [46, 57, 69]. The
StudentLife study [67] implemented mobile sensing with college
students and demonstrated that students’ depression, stress, lone-
liness are associated with passive sensing behaviors such as con-
versation, sleep, activity, colocation. To date, there has been in-
creasingly influential work that examines social behaviors detected
from mobile sensors for accessing mental wellbeing or personality
disorders [8, 51, 70]. Researchers have also identified relationships
between the content that people share on social media and activity
sensed by mobile devices [12].

2.3 Colocation and Location Semantics
Facilitated by mobile sensing and GPS tracking, colocation stands
out as an interesting approach to observe connections between
individuals by utilizing accurate geospatial information. Coloca-
tion has been adopted by researchers in various human-computer
interface (HCI) designs such as collaborative web search [1], col-
laborative TV [10], multiplayer games [34] and other coopera-
tive or competitive interfaces [63, 72]. Furthermore, colocation
is widely used in physical proximity calculation [40], group detec-
tion/discovery [9, 66] and in analyzing location-based social activity
like inter-firm cooperation [19]. Reitmaier & Benz et al. [52] de-
sign and theorize the colocated interactions by showing how we
sensitized ourselves to theory from diverse intellectual disciplines.
Recent research reports that colocation is a proxy for real-world
social interactions [3, 6, 60, 61] and is also a strong indicator of
friendship [17]. The semantics of where colocation takes place may
reveal more about the in-person social connection [33]. Brown
and colleagues [9] explore group colocation behavior and find that
groups of individuals are more likely to meet at places that their
other friends have visited before, and that the type of place strongly
affects the propensity for groups tomeet there. This is to say that dif-
ferent semantics of locations have different meanings to individuals
and can also make different influences on the individuals [7, 28, 55].

As far as we know, there is not any research that focuses on using
colocation data to predict social media usage. This could be helpful
in numerous ways. First, it can help us understand the change in so-
cial behavior of colocated individuals and whether certain location
semantics are relevant to it. Next, because the colocation captured
from GPS tracks real-time group information, it can be leveraged
in applications and protocols, such as recommendation systems or
delay-tolerant forwarding in ad-hoc networks, to enhance the user
experience [71].

3 METHODOLOGY
3.1 Study Design
The current study began in September 2018 and tracked 102 college
undergraduates (approximately 10% of all new students admitted in
the same year) for four years. The students were asked to install a
continuous mobile sensing app on their primary Android or Apple
phone for the four years. The study is approved by the institution’s
Institutional Review Board (IRB) and participants are compensated
10 dollars per week for active participation. The Winter term of the
participating student’s second year at college coincided with the
initial phases of the COVID-19 pandemic.

Figure 1: Timeline of the Winter term and the important
dates in relation to the response to COVID-19. In this work
we calculate on-campus colocation based on the sensed GPS
data during week 1-8 of theWinter term (i.e., before the first
local COVID-19 case diagnosed near the campus).We collect
student’s self-reported change in social media usage after
the term ended.

Figure 1 shows the timeline of the Winter term and some of the
important dates related to COVID-19. Specifically, on March 2, 2020
(the beginning of the ninth week of the term), the first local COVID-
19 case was diagnosed near campus, raising significant awareness
among the students. On March 13, the Winter term’s final exam
ended and also, COVID-19 was declared a National Emergency
by the President of the United States. The college consequently
announced online-only learning for the then upcoming Spring term.
In order to understand students’ changes in social media usage
during the quarantine, beginning March 18, we started posting a
COVID-19 follow-up survey remotely to our mobile sensing app.
Students received notifications once a week asking, "Is your social
media usage?" with options rated on a 7-point Likert scale with 1
being "much less than normal", 4 being "normal", and 7 being "much

427



ICMI ’21, October 18–22, 2021, Montréal, QC, Canada Wang et. al.

more than normal". They also have the option to open the app and
answer the survey manually when it is most convenient for them.

3.2 Demographics
Many Dartmouth College students utilize their whole sophomore
year to get work experience through internships, volunteer on
community projects, perform field research, or attend study-abroad
programs, which is known as the D-Plan. Therefore, among the
102 enrolled participants, only 60 were on campus during the 2020
Winter term. It is worth noting that, because many other students
who were not enrolled in our study also departed college, we can
still consider the 60 individuals to represent 10% of the students on
campus.

In order to understand the link between students’ on-campus
colocation and the change in social media usage during COVID-19,
52 students are filtered based on the condition that: (1) they are on-
campus during the term and (2) they answer COVID-19 follow-up
questions about the change in social media usage (the survey was
optional so not everyone answered voluntarily). Table 1 shows the
demographics of the 52 students who we use in our analysis.

Table 1: Demographics of the participants (N=52)

Type Count Percent

Gender
Female 32 61.5%
Male 19 36.5%
Unknown or not reported 1 1.9%

Race
White 29 55.8%
Asian 17 32.7%
More than one race 3 5.8%
American Indian/Alaska Native 1 1.9%
Unknown or Not Reported 1 1.9%

3.3 Ground Truth
To get reliable ground truth, we collect multiple responses through
in-app Ecological Momentary Assessments (EMAs). We push the
survey once a week during the 3 weeks after COVID-19 was de-
clared a National Emergency and the social-distance and stay-home
policies mandated by local and national governments. We calculate
the mean of a student’s response as the ground truth for reducing
the potential variance between multiple responses. As previously
stated, we are particularly interested in the group that has experi-
enced a large rise in social media usage, which corresponds to a
score more than 6 on a 7-point Likert scale. We take a binary split
as illustrated by Figure 2. 27 have a mean score equal or higher
than 6, indicating more or much more social media usage, while
25 have a mean score lower than 6 out 7, indicating less, normal or
just slightly more usage.

3.4 Colocation from Mobile Sensing System
Our mobile sensing application runs in the background on both the
iOS andAndroid phones and passively collects the GPS data without

Figure 2: Change in Social media usage. The figure shows
change in social media usage reported by the participants.
The responses are based on a 7-point Likert based scale. Note
that the figure shows the average values reported by each
participant.

user interaction. The app first stores sensing data on the device
and uploads the data to our secure server whenever an Internet
connection is available. The GPS is sampled every 10 minutes, with
the consideration of both energy conservation and data quality.

Colocation refers to the fact that some participants are grouped
at one place with a very short distance separating them. As they
are situated close to one another, it can serve as a proxy for in-
teraction/isolation detection, and reflects the willingness of one
participant to conduct certain activities at the same place during the
same time with others. Although it could be argued that physical
proximity does not always mean actual interaction, prior research
shows striking evidence for the role of physical proximity as a pre-
dictor of collaborations at campus life [40], social groups formed
through face-to-face interactions [44], or even at inferring friend-
ship with high accuracy (95 percent) [17]. In addition, because we
are collecting longitudinal data, it could help us overcome some of
the limitations such as occasional factors [16].

We generate weekly on-campus colocation networks using the
GPS data from our mobile sensing app. We first cluster raw GPS
coordinates using density-based spatial clustering of applications
with noise (DBSCAN) [18]. We then consider the centroid of each
cluster as a significant location where a participant dwells for a
certain amount of time.We term an occurrence as a colocationwhen
two participants are within 15 meters of each other for more than
an hour. Note that the number of participants in our study is almost
10% of the total number of students of that particular batch/class
at the college. Therefore, for each participant, the likelihood that
s/he colocates with others is sampled by looking at whether or not
that participant was colocated with 10% of the students of the same
class year. Considering that it is difficult for a study to enroll all
the members in a community, our sampling approach, although
not able to capture the total colocation occurrences, provides a
reasonable and novel insight of the on-campus interactions from
smartphone sensing in the real world.

Campus life shows a strong day-of-week pattern due to the class
schedules. In order to reduce the day-of-week rhythm effect, we
aggregate the colocation observations within a week and calculate
the number of different people a student has colocated with, based
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on the following relation:

kwi =
N∑
j
xwi, j ; i , j, i, j ∈ P

where kwi represents the number of colocated students of partic-
ipant i in week w (i.e., the unweighted degree of node i in the
colocation network in week w ; xwi, j = 1 if there was a colocation
among participant i and j during week w , otherwise xwi, j = 0; P
represents the 52 participants in this study; w is the index of the
weeks ranging from 1 to 10. Figure 3 shows the mean of unweighted
degrees on each node in the colocation network (i.e., the number
of colocated students of each participant) during every week in the
term. We can see from the figure that colocation decreases drasti-
cally week 9 onward as that is when the first local COVID-19 case
was diagnosed near campus. The colocation further decreases in
week 10 after the students were asked to leave campus as soon as
possible. In order to obtain a pre-COVID-19 colocation network
that could act as a baseline representing student’s in-person social
interactions, we use the data fromweek 1 to week 8 in the following
analysis.

Figure 3: colocations at all the places on campus. The curve
represents average number of colocated students with the
participants. Confidence interval is of 95%.

3.5 Semantic Colocation
The semantics of locations help us to understand the motivation
behind physical proximity. Dartmouth College is located in a small
town in the United States. Unlike universities in big cities, the insti-
tution is located on a self-contained campus, the very place where
almost all student activity takes place. On-campus buildings are
associated with a primary function, such as classroom, library, gym,
cafeteria, social and others. There are almost no multi-functional
tall buildings on campus. Therefore, the GPS signal can indicate
the type of area the students are in. We use a campus-wide map to
label the buildings and areas within buildings. We associate them
with meaningful semantics, such as, study areas, classrooms (to
understand class attendance), leisure spaces (i.e., cafes, film theaters,
lounges), workout areas (i.e., gym, sports areas, outing club), dorms
(where students live and sleep), and so on. Note that, we exclude
the colocation in study areas caused by two students taking the
same course because it is not purely triggered by the willingness of

students themselves, i.e., we only take into account the after-class
colocation in study areas.

4 CORRELATION ANALYSIS
As we discussed in Section 3.4, we calculate the weekly colocation
network at various semantic locations on campus to understand
students’ contextual offline interactions. We first calculate the colo-
cation at all areas on campus. After that, we specifically consider
five essential areas that depict the different facets of campus life: (1)
study area, (2) food and leisure area, (3) Greek houses (i.e., fraterni-
ties and sororities where all party events occur), (4) dormitory areas
and (5) workout places. Note that computing colocation at all the
places on campus does not simply mean adding up the colocation
at each of these individual areas as the students could meet same
people in different places.

The aim of computing the colocation is to investigate how it
relates to the change in social media usage during COVID-19. For
each participant, we compute the mean of the degrees from week
1 to 8. The ground truth, as is shown in Figure 2, is not normally
distributed. Therefore, we compute Spearman’s correlation. The
results are shown in Table 2. We also note the adjusted p-value (by
using the Benjamini-Hochberg procedure [4] to regulate the false
discovery rate) for the reader’s reference.

Table 2: Correlation between pre-COVID on-campus coloca-
tion and the change in social media usage during COVID-19

Semantics Spearman’s r p-value

all 0.24 0.08
study 0.08 0.60
food and leisure 0.14 0.35
Greek houses 0.28 0.05*
dorm 0.40 <0.01**
gym 0.28 0.05*

* p <= 0.05; ** p <= 0.01; bold if FDR-adjusted p <= 0.05

The colocation at all places on campus, which is a proxy for
the willingness or likelihood of interactions with other students
on all activities, is positively associated with the increase in social
media usage during COVID-19 (marginally significant p-value of
0.08). However, there is no correlation between colocation in study
areas and food/leisure areas and changes in social media usage. The
colocation at Greek houses and gyms, however, positively correlates
to the change in social media usage (significant p-value of p=0.05).
Especially, the colocation at dorm areas (including the dorm of the
participant and the dorm of their friends and schoolmates) shows
the strongest positive association with a correlation of 0.4 and a
p-value of less than 0.01.

5 PREDICTIVE CLASSIFICATION MODEL
FOR CHANGE IN SOCIAL MEDIA USAGE

5.1 Overview of the Classification Problem
In this section, we show how we can predict the change in social
media usage during COVID-19 simply from the time series of on-
campus colocation during the term. We consider the problem of
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identifying an increase in social media usage as a binary classifi-
cation problem. Figure 2 in Section 3.3 shows a meaningful and
balanced division; that is, we divide the dataset into two classes: a)
those subjects with scores >= 6 (indicating "much more than" or
"more than" normal social media usage on the 7-point Likert scale)
and b) those with scores < 6 (indicating "slightly more than", "almost
equal to" or "less than normal" usage). Note, for simplicity, we call
these two groups group A and group B, respectively. The weekly
colocation time series of the two groups are plotted in Figure 4.
The blue curve represents the mean of group A whereas the or-
ange curve represents the mean of group B, both with a confidence
interval of 95%.

Figure 4: The comparison of the number of colocated people
(i.e., degree) during week 1 to week 8 between two groups
(group A: students who report "more than" or "much more"
social media usage than normal during COVID-19; group
B: students who report "slightly more than", "similar to" or
"less" socialmedia usage than normal). The curve represents
themeanwithin each groupwith confidence interval of 95%.

The weekly curves show distinguishable patterns for different
groups at Greek houses, dorms and gyms which is in accordance
with our observations in Section 4. However, the detailed weekly
time series give us greater insight into the differences between the
two groups at each semantic location and during different phases
in the term. At Greek houses and gyms, for example, we see that
group A begins with a higher degree at the beginning of the term
and subsequently drops to the very bottom right before the mid-
term exams. The red bounding boxes on the plots of Greek houses
and gym show a sharp increase in group A’s degree during week 5,
after the students were relieved from mid-term exams and began to
enjoy the transitional winter festival (at the end of the fifth week),
whereas such change appears to be less visible on group B. This

provides us confidence that for Greek houses and gyms, the slope
before and after the mid-term may be an important feature in this
classification problem. The colocation in dorms exhibits a different
pattern: both groups have a decrease in their degree during the
term, with group A experiencing a significantly steeper reduction.
This might mean that the slope of colocation at dorms throughout
the term could be useful in classification.

5.2 Predictive Method
A key goal of our study is to evaluate how accurate a machine
learning model can get at predicting a student’s online social media
usage during COVID-19 purely from the offline (or in-person) colo-
cation before the social distancing protocols kicked in. To answer
this question, we take two different approaches to build the pre-
dictive model: using handcrafted features and using automatically
generated features from the time series. In both the approaches, any
missing data is first imputed using K Nearest Neighbor algorithm.
We perform a 3-fold cross validation to evaluate the generalizability
of the model, which basically means that we train the classifier
using 67% of the data and perform prediction on the rest 33% of the
data for 3 times, with each data point used for validation once. An
inner 3-fold cross validation is set during each training session to
identify the optimal combination of hyper-parameters in the model.
Please keep in mind that each data point in our dataset represents
one user’s data. The same person’s data would not be on both the
training and testing sets. Finally, the whole process is repeated 5
times using different random seeds to avoid bias from the initial
seed selection. We use F1 score (i.e., 2×precision×r ecallprecision+r ecall ) to evaluate
the performance which conveys the balance between the precision
and the recall.

We describe the two approaches in Table 3. The first approach is
a very traditional approach that has been widely used in the com-
munity. We handcraft 13 features from the time series according to
our observation in Section 5.1. The 13 features include the mean
value, the maximum value and the slope on the curve at impor-
tant semantic locations. We then walk through a series of machine
learning algorithms and hyper-parameters, as is shown in Table 4,

Table 3: Features used to build the predictive model. In the
final dataset, each participant has one sample with the fea-
tures listed below and one binary label.

Approach Feature

handcrafting
features from
time series

(1) term-average degree @ all places, (2)
term-average degree @ Greek houses, (3)
term-average degree @ dorm, (4) term-average
degree @ gym, (5) max degree @ all places, (6) max
degree @ Greek houses, (7) max degree @ dorm,
(8) max degree @ gym, (9) slope week 1-4 @ Greek
houses, (10) slope week 4-5 @ Greek houses, (11)
slope week 1-8 @ dorm, (12) slope week 1-4 @
gym, (13) slope week 4-5 @ gym

automatically
generating
features from
time series

For each time series, 20,000 features using 10,000
random kernels generated by ROCKET.
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Table 4: Machine learning algorithms, hyper-parameters
and performance using 13 handcrafted features. We per-
form a 3-fold cross validation to evaluate the performance
of the model. F1 scores are reported.

Algorithm Hyper- parameter Values F1
KNN n_neighbors 5, 6, 7, 8, 9, 10 0.65
Linear SVC gamma 0.001, 0.01, 0.1, 1 0.71

C 0.001, 0.01, 0.1, 1, 10, 100
SVC gamma 0.001, 0.01, 0.1, 1 0.68
(RBF kernel) C 0.001, 0.01, 0.1, 1, 10, 100
Logistic
Regression
(l2)

C np.logspace(-4, 4, 20) 0.73

Random max_depth 3, 5, 7 0.56
Forest n_estimators range(10,101,10)

min_samples_split 3, 5
Gradient max_depth 3, 4, 5 0.68
Boosting
Tree subsample 0.5, 0.6, 0.8, 0.85, 0.9, 0.95,

1.0

learning_rate 0.01, 0.03, 0.05, 0.075, 0.1,
0.2

n_estimators range(10,101,10)
Neural hidden layers 1, 2, 3 0.71
Network hidden units 100, 200, 300

dropout rate 0, 0.25, 0.5

in order to find the best predictive model. Table 4 shows the per-
formance of each machine learning algorithm. Logistic Regression
with L2 regularization performs the best with an F1 score of 0.73.

In the second approach, we frame the problem as a multivariate
time series classification task and use a recently developed tech-
nique - Random Convolutional Kernel Transform (ROCKET) - to
automatically construct features from weekly colocation data [13].
ROCKET is a unique technique that creates a large number of con-
volutional kernels at random and extracts two features from each
convolution: the maximum value and the proportion of positive
values. ROCKET builds on the recent triumphs of Convolutional
Neural Networks (CNN) [21], specifically the 1D CNN [36], which
are routinely employed over 1D sources like audio and bio-signals.

However, unlike the kernels on deep neural networks which are
learned through back propagation [26], the kernels in ROCKET are
generated randomly and are not learned, which greatly speeds up
the computation of this transformation. ROCKET works well on
small datasets where traditional CNNs have hard time to converge.
The authors show that simple linear classifiers using random convo-
lutional kernels can achieve state-of-the-art accuracy with very low
computational expense [13]. We utilize three separate time series
to reflect colocation at Greek houses, dorms, and the gym. The
sequence length for the time series is equal to 8 because we have 8
weeks. We use kernels with a length of 2. For each time series, we
initialize 10,000 random kernels which lead to 20,000 features at
the end (since each kernel will generate 2 features: the maximum
value and the proportion of positive values). As suggested by [13],
we run simple Logistic Regression on each time series using the
20,000 features, yielding three models. We next stack the probability
outputs from these 3 models and train a second Logistic Regression

on them, yielding an final F1 score of 0.72. This demonstrates that
an autonomous pipeline may achieve comparable performance to
handcrafting features from time series for this task.

6 DISCUSSION
6.1 Result Interpretation
The colocation data combined with the semantic meaning of lo-
cations help us better understand students’ in-person social inter-
action prior to COVID-19. Our results indicate that colocation at
places such as dormitory, Greek houses and gym are significant
indicators to predict change in online social media usage during
COVID-19, while colocation at study and food areas are not. Al-
though all these five areas refer to the places that are most visited by
the students on campus, they reflect different purposes – students
visit each of these places for different reasons, as a result they have
different power in capturing the in-person social interactions. In
addition, according to Baker and Efstatiou’s [3] research, in some
crowded environments where multiple social groups are included,
proximity between individuals might not be an indicator of social
interaction. For example, "having a chat in a crowded cafe, or in-
teracting with different people during a networking session in a
conference, are common situations where proximity may not be suf-
ficient to correctly identify the people involved in an interaction"[3].
This might be a reason why colocations at food and study areas do
not contribute as much in our analysis. To be more specific, while
we are eating in a crowded restaurant or studying in the library, it
is likely that we are quietly sitting there, sometimes surrounded
by people we do not know. So even though we sit close to each
other and stay in the same place for a long time to finish our meals
or assignments, it does not necessarily mean that we have social
interactions in these spaces. Greek houses, on the other hand, are
where students join communities and take part in social activities.
Greek houses on this campus are popular and sponsor all drinking
parties on campus multiple nights per week. These events are open
to all undergraduates on campus and not just students that are
associated with the Greek system. In comparison to study or food
places, colocations at these places therefore are likely to be capture
real interactions. Similarly, dormitories are where students live,
hangout with friends and spend private time. So we could reason
that only close and trusted friends are more likely to be invited to
visit such places. Gym areas are where sports teams as well as other
students train, exercise, share interest and perform social activities
together. These might be the reasons why these three semantic
locations stand out in the correlation analysis.

6.2 Implications for Social Computing and HCI
Design

The computational methods discussed in the paper augment cur-
rent methods to improve understanding of social media usage. Our
approach highlights the importance of linking the change in online
social media usage to individuals’ in-person social behavior in se-
mantic locations. People’s lives changed considerably adhering to
the “Stay Safe, Stay Home” policies at the college, local, and national
levels. It is important to know in advance who will be more relying
on social media so that developers can adapt their tools to better
serve the user if certain scenarios reoccur in the future. For example,
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social networking companies can better target users and provide
more accurate information or suggestions if knowing the need in
advance. In addition, researchers in social science may find the re-
sults interesting because it reveals the connection between virtual
and in-person interactions, especially under the COVID-19 circum-
stance. Our prediction also suggests the benefit of using ROCKET,
which could relieve researchers from handcrafting features based
on different locations and time series, while achieving similar per-
formance on this task. This also implies that researchers can include
their own multi-model time series and ensemble them before gen-
erating the final output. We anticipate that this colocation-based
classifier will be integrated into other prediction models produced
by organizations such as social networking in order to better target
and assist certain individuals when in-person social activities are
constrained due to non-subjective factors.

6.3 Privacy and Ethical Considerations
Given the greater ethical and privacy concerns in this field, the
exploitation of passive sensing technologies could result in major
problems. We have taken great effort to protect the privacy of our
participants. According to the IRB’s requirements, we organize two
teams: a technology team that solely collects data without knowing
the identity of the participants, and an enrollment team that assists
with recruiting and communicates with students without access
to raw data. In addition, all the sensing data is decoupled from
demographic data and is associatedwith only a random study ID. All
the GPS data are transferred from the phones to our secure backend
server through encrypted network protocols. Furthermore, wemask
the identifiable raw GPS colocation occurrence with semantics
(i.e., type of locations such as study area, gym, dorm, etc.) for the
purposes of data sharing among research teams.

6.4 Limitations
One concern in our study is that the sample size. As a result, there
might be doubts regarding how the small N can represent the com-
plete community and their in-person social interactions in its en-
tirety. However, the campus in our study is a small community
with around 1000 freshmen enrolled each year, and we recruit 100+
students as participants in our study, which in theory would sam-
ple 10% of the colocation. During the sophomore year, roughly half
of the students would study abroad which makes our N=52 still
samples close to 10% on-campus colocation. Although not perfect, a
similar sampling approach can also be seen in some other research
[6, 61], where authors do not recruit the complete student body in
the whole community, but the colocation model built still has good
performance. These prior results inspired us and we think the same
method could be effective to explain the sample size representation
to the whole community.

Next, the ground truth, aka the change in social media usage,
is self-reported and prone to subjectiveness and recall bias. The
optimal approach, of course, is to acquire this information directly
from the smartphone. However, while Android allows us to monitor
ongoing processes, iOS is somewhat restricted, and there is no
way to access the utilization of other apps on the phone. Because
the vast majority of our participants use iOS, passively gathering
this information is impossible. It’s worth noting that an app can

undoubtedly tell when it’s operating. As a result, we believe that
if any social media business wants to validate this study, they can
easily test it using GPS data and app activity acquired from users.

Finally, the result in this study derives from a college in a small
college town; the location features computed in our system may
not apply to other campuses in big cities where the semantics are
more complex and cross-campus interactions are more frequent. We
suggest researchers run the model on their own data, which could
be collected in even different types of settings such as companies,
residential communities, hospitals or age care facilities to examine
the replicability of this interesting finding.

7 CONCLUSION
In this paper, we study the impact of the advent of COVID-19 on
changes in social interaction behavior of undergraduate students
as they move from college to learning from home. We compute
colocation based on data collected from GPS sensors to capture the
long-term in-person physical proximity of students before COVID-
19. We then try to predict the change in students’ online social
media usage during COVID-19 based on the computed colocation
data. First, we find that even though the average online media
usage are significantly increased during COVID-19, not everyone
experiences the same level of change. Students can be divided into
two groups: one group experiences a large increase in social media
usage during COVID-19, while the other group experiences a slight
increase or no change at all in online social media usage during
COVID-19. To better understand the differences between these
groups, we analyze the students’ in-person social activities before
COVID-19, which refers to the first 8 weeks of the Winter term.
We construct their social network with their physical proximity
data obtained from GPS combined with the semantic locations. This
allows us to dynamically depict their in-person social interactions.
We find that three semantic locations are important features to later
predict change in students’ online social media usage. These three
locations are the dormitory area, gym area and Greek houses (where
all party events occur). Students who have more connections with
these three places before COVID-19 are more likely to experience
a significant increase in online media usage during COVID-19. The
machine learning algorithm achieved an F1 score of 0.73 simply by
using the features derived from the colocation time series at these
three semantic locations.
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