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ABSTRACT
Mental health problems are highly prevalent and appear to
be increasing in frequency and severity among the college
student population. The upsurge in mobile and wearable wire-
less technologies capable of intense, longitudinal tracking of
individuals, provide valuable opportunities to examine tem-
poral patterns and dynamic interactions of key variables in
mental health research. In this paper, we present a feasibility
study leveraging non-invasive mobile sensing technology to
passively assess college students’ social anxiety, one of the
most common disorders in the college student population. We
have first developed a smartphone application to continuously
track GPS locations of college students, then we built an ana-
lytic infrastructure to collect the GPS trajectories and finally
we analyzed student behaviors (e.g. studying or staying at
home) using Point-Of-Interest (POI). The whole framework
supports intense, longitudinal, dynamic tracking of college
students to evaluate how their anxiety and behaviors change
in the college campus environment. The collected data pro-
vides critical information about how students’ social anxiety
levels and their mobility patterns are correlated. Our primary
analysis based on 18 college students demonstrated that social
anxiety level is significantly correlated with places students’
visited and location transitions.
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INTRODUCTION
Social anxiety is a widespread problem among college stu-
dents, associated with impairment in academic functioning and
relationships, and avoidance of many of the opportunities that
college can offer. The American College Health Association
reported that 40% reported feeling “overwhelming anxiety”
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at least once in the preceding year [1]. Among these mental
health disorders, social anxiety is one of the most common
disorders among college students.

Unobtrusive monitoring and modeling of real-time fluctua-
tions in mental illness including symptoms of social anxiety,
are conducted through surveys, skin temperatures, heart rate,
etc. Such methodologies are often employed in a clinical
laboratory setting, which consumes resources and time. To
assess mental health disorders in a non-invasive fashion, engi-
neers and scientists have worked to understand mental health
through in situ data collection and analysis. The emergence of
mobile sensing technologies shows promise in understanding
of the relationship between human behavior and mental health
status.

Mobile phones have become ubiquitous in daily life. By taking
advantage of the various sensors embedded in commodity mo-
bile phones, a rich set of data can be collected for researchers
to analyze and relate one’s daily life to mental health status as
a way to study human emotions. Data from accelerometers,
light sensors, gyroscopes, GPS, and other indicators provide
a rich set of features that can shine a light on how mental
health issues are associated with unique patterns in daily living.
Among these sensors, GPS is one of the most commonplace
sensors in commercially available mobile phones. The GPS
trajectories of college students not only show where they have
been, but also provides crucial information about daily life
and behavior. This includes how long they spend on campus,
how frequently they visit bars or clubs, or how frequently they
visit the home of a relative. Thus, we are motivated to study
the feasibility of leveraging mobile technologies to passively
monitor college students’ daily behavior in order to gain fur-
ther insight into the relationship between social anxiety and
these everyday behaviors.

Recently, seminal works [3, 14] have already started the inves-
tigation of using smartphone-based behavior sensing to collect
users’ health-related behavior data and correlate with their
mental health status or stress levels. We take five steps that
are also employed in these works: (1) recruiting participants
and deploying a mobile application for data collection, (2) col-
lecting data such as GPS locations, recognized activities, or
self-reported data from participants during the study, (3) as-
sessing participants’ mental health status using validated clini-
cal measures, (4) extracting meaningful features/metrics from
participants’ data (e.g., number of distinct locations visited dur-
ing the study), and (5) correlating these features/metrics with
participants’ mental health status (e.g., Pearson correlation
between number of distinct locations and clinically validated

mailto:Permissions@acm.org
http://dx.doi.org/10.1145/2971648.2971761


measures). The above studies have already defined a new line
of research and also demonstrated a set of methodologies that
researchers could follow.

Proposed Study
In this paper, as a complementary data source, we propose
a feasibility study to investigate the correlation between
smartphone-sampled GPS locations and social anxiety. Uti-
lizing the aforementioned approach, we perform the study as
follows.

Data Collection and Pre-processing
Participants are high or low socially anxious college students
recruited from undergraduate psychology courses who receive
course credits and money as compensation. Then, participants’
social anxiety levels are assessed in the pre-screening process
using the Social Interaction Anxiety Scale (SIAS) [9]. SIAS
is a well-validated measure of trait social anxiety that assesses
individuals’ level of distress and anxiety in a variety of so-
cially evaluative situations (e.g., when meeting a stranger).
The study lasted 10 days, during which participants’ GPS lo-
cations were passively collected. Participants also completed
brief questionnaires about mood and affect at random times
each day. Given the GPS trajectories of each participant, we
grouped common locations visited by the participant with a
meaning, such as “home” or “work.” These grouped signifi-
cant locations were labeled using the Points-of-Interest (POI)
information provided by Foursquare [15]. In total, five loca-
tion types were labeled: “home,” “work (study),” “religious,”
“food & leisure,” and “transportation.”

Metric Definition and Correlation Analysis
After pre-processing the data, we defined two types of metrics
based on the labeled location trajectories. The first metric is
the time that a participant spent in one type of location during
the study period. The second metric is the frequency that each
participant transits from one type of location to another. We
measure each participant using these metrics, and perform a
correlation analysis using these metrics and the participant’s
pre-assessed SIAS score. The correlation and significance
analysis results indicate that participants’ social anxiety level
correlates with their mobility patterns. In other words, it is
feasible to utilize mobility patterns to assess social anxiety
levels.

Contributions
We make the following contributions in this paper.

1. We investigated the feasibility of studying the impact of so-
cial anxiety on mobility patterns. To the best of our knowl-
edge, this paper is the first work studying the correlation
between social anxiety and mobility patterns, by addressing
the semantics (i.e., POI information) of locations.

2. Compared to existing studies characterizing a user’s mobil-
ity pattern using the diversity and complexity of GPS trajec-
tories, we propose to represent human mobility patterns by
incorporating the semantics of the trajectory. Specifically,
given the GPS trajectories and POI information, two novel
metrics were defined—the first metric is the time that the
participant stayed in different locations and the frequency
of transitions between these locations.

3. A real-world study with 18 participants was organized for
data collection. The correlation and significance analysis
results indicate that the visiting patterns among “home”,
“work,” and “religious” locations might be related to the
social anxiety of college students.

RELATED WORK
There has been a significant body of work dedicated to mon-
itoring and understanding human mental health status. Con-
sidering the research question of our study, we review the
related literature from two main perspectives: 1) mental health
monitoring frameworks, and 2) location-based sensing and
analysis for human behavior.

Mental Health Monitoring
Psychological research on anxiety and depression has mostly
relied on laboratory-based methods. Ecological Momentary
Assessment (EMA) has been used to investigate socially anx-
ious individuals’ reactions to positive experiences and their
ability to differentiate emotions. It found important differ-
ences in the social-emotional daily lives of anxious individuals
and demonstrated the feasibility of this methodology to in-
vestigate social interaction and emotional regulation in the
context of psychopathology [7, 8]. These studies relied on
repeated sampling at discrete time intervals on a palmtop PC.
Thus, data is limited by timing and objective bias. With the
development of mobile sensing, a growing number of studies
have been conducted by using personal smartphones and wear-
able sensors [10, 14, 3, 2, 5]. The StudentLife study uses a
continuous sensing app [14] to monitor students in a smart-
phone programming class over the course of the semester and
identified strong correlations between sensing data and PHQ-9
measures. Another study uses an app called Purple Robot to
detect location, movement, phone usage, and other activities
to assess a user’s likelihood of depression [10]. In Canzian
et al. [3], mobility trajectories sensed from smartphones also
have a demonstrated correlation with the PHQ-8 depression
measure.

Location-based Sensing
Location data have been used in some of the mental health
monitoring studies described above. Each of these studies [10,
14, 3, 2, 5] explored the trajectories of GPS locations to cor-
relate with human mental health status. Outside the mental
health domain, as one of the most important indicators of
human behaviors and daily life patterns, GPS locations are
used to analyze and predict disease outbreak and transmis-
sion [12, 13, 17, 6, 4]. In these studies, GPS locations are
used to track the movement and interactions between different
objects. However, none of these studies explores the deeper
information associated with GPS locations: the social context
for the individuals. In other words, the geographical level
analysis of GPS locations can only reveal the movement or in-
teraction information, but loses the social context of locations
by shallowly explaining the appearance at a certain location to
be just an appearance. For example, if someone appears in a
particular GPS location, the state-of-the-art work can only use
this to infer the mobility of the person. However, the location
class (e.g. restaurant, coffee shop, church) is potentially more



indicative of an individual’s behaviors and social contexts. As
a result, we hypothesize that presence in a location is not a
good enough indicator to infer social interactions and that
more information is needed about the context of a location.

In this section, we introduce the design of our study and
data collection procedures. Then, we present the data pre-
processing approach and study metrics. Finally, we discuss
the setting of our analysis.

Study Organization and Data Collection
Participants are undergraduate students with varying levels
of social anxiety recruited from undergraduate psychology
classes who receive course credit as participation incentives.
A subset of participants received monetary compensation. The
decision to recruit university students was based on two rea-
sons: (1) there are high rates of social anxiety among young
adults, and (2) recruiting young adults in a university setting
provides a relatively homogeneous sample in terms of life
phase, psychological stressors, and life experiences, thereby
eliminating a wide variety of potential nuisance factors.

Figure 1. The cumulative distribution of SIAS scores for recruited par-
ticipants

After receiving approval from the Institutional Review Board
at our university, 18 participants were recruited. We first pre-
assessed the social anxiety of each recruited participant using
the Social Interaction Anxiety Scale (SIAS [9]). The SIAS
measurement contains 20 items rated from 0 to 4. Generally,
a higher SIAS score (specifically, higher than 40) indicates
a higher risk of having social anxiety concerns; a low score
indicates lower risk for social anxiety concerns. Figure 1
shows the cumulative distribution of SIAS scores among the
18 participants in our study. Our 18 participants’ SIAS scores
have a mean of 38.39 and a standard deviation of 14.85.

Next, we explained the study to participants, participants con-
sented, and we installed a custom mobile app on their personal
smartphone. As shown in Figure 2, participants were informed
that the application passively collected the GPS location infor-
mation every 150 seconds and uploaded it to an Amazon Web
Services S3 server. The study length was 10-days. When the
experiment was completed, researchers could then access all
participants’ raw GPS data for the further analysis.

Figure 2. Data collection framework.

GPS Data Pre-processing and Feature Extraction
Given each participant’s GPS trajectories, we first clustered
the GPS trajectories by spatial and temporal locality, and then
removed GPS points where the participant stayed less than 5
minutes (e.g., roads used for travel). Further, we labeled each
location cluster in trajectories using the POI information (e.g.,
residence area, office area, campus area, and restaurants) ob-
tained from Foursquare. With POI, we labeled the trajectories
using five types of locations:

• Work: For the college students in this experiment, work
locations are mostly within the campus with the exception
of dormitories.

• Food & Leisure: This location set includes restaurants,
grocery stores, and shopping centers.

• Transportation: Train and bus stations.

• Religious: Catholic and Christian churches.

• Home: Some participants have multiple home locations. In
this study, we do not distinguish between them.

According to each participant’s labeled GPS trajectories, we
created two metrics to represent their mobility patterns:

1. Cumulative Staying Time in each type of location: Given
a type of location and a specific participant, this metric
characterizes the total time that the participant spent in one
type of location during the study. For example, the total
time a participant stayed in all “home” locations during
the study might include her own apartment, her parents’
house to which she returned every week, and her partner’s
apartment that she stayed overnight on occasion.

2. Transition Frequency from one type of locations to an-
other: Given a specific participant and two types of loca-
tions (e.g., “home” and “work”), this metric characterizes
the frequency that the participant transited from one type of
location to another. This metric applies unidirectionally; for
example, the transition frequency of “home”→“work” and
the transition frequency of “work”→“home” are different.



Table 1. Correlation and Significance Analysis of Mobility vs. SIAS
Score: Pearson Correlation (with p-values) between participants’ SIAS
Scores and time spent in specific types of locations. Additionally, the
normalized mean (x̄) and standard deviation (σ ) of participants’ stay at
each location is shown.

Cumulative Staying Duration Pearson p-Value x̄ σ

Work 0.03 0.91 .37 .26
Transportation 0.11 0.68 .04 .10
Religious -0.44 0.06 .04 .16
home 0.14 0.57 .46 .27
Food & Leisure 0.12 0.65 .10 .14

Given the five types of locations and the two metrics, we ex-
tracted a total of 25 features (i.e., Cumulative Staying Time in
the five locations as well as the transition frequencies between
any two different types of locations) for each participant using
her labeled location trajectories.

Data Analysis
The goal of our study is to investigate (1) if extracted features
(i.e., Cumulative Staying Time and Transition Frequency) are
correlated with the pre-assessed SIAS score, and (2) if the
extracted features can predict SIAS scores. To achieve the
goal, we performed two sets of analysis:

• Correlation and Significance Analysis — In this study,
we first estimated the Pearson correlation between each fea-
ture and SIAS score, to see if they are correlated positively
or negatively, as well as the strength of correlation. To
further verify the significance of the correlation among the
recruited participants, we also calculated the significance
level.

• Linear Regression Analysis — In this study, we first per-
formed linear regression using extracted features as predic-
tors and SIAS score as the target. We used two types of
linear regression — Least Square Error (LSE) estimator and
Least Absolute Shrinkage and Selection Operator (LASSO).
The coefficient of each feature indicates the importance of
the feature in the regression. Note that we are particularly
interested in the coefficients learned by LASSO, when a
limited number of samples are given for regression [16].

RESULTS AND ANALYSIS
In this section, we present the results of our analysis investigat-
ing the relationship between SIAS scores, Cumulative Staying
Time, and Transition Frequency.

Correlation and Significance Analysis — Table 1 shows the
Pearson correlations between Cumulative Staying Time and
the SIAS score, as well as the corresponding p-Value. It
appears the time spent in religious locations is negatively cor-
related with SIAS, which could mean that people who attend
religious services are less likely to develop social anxiety, or
that people with social anxiety are less likely to want to attend
religious services, perhaps given their social nature. However,
the p-value indicates that this result is not significant. The
correlation to other locations appears weak. Thus, we cannot
conclude that Cumulative Staying Time in their locations is
correlated with social anxiety levels.

Table 2. Correlation and Significance Analysis of Mobility vs. SIAS
Score: Pearson Correlation (with p-values) between each participant’s
SIAS Scores and her transition frequency from one significant location
to another.

Transitions Pearson p-Value

Work→ Food & Leisure -0.412 0.088
Work→ Transportation 0.088 0.725
Work→ Religious -0.656 0.002
Work→Home -0.013 0.959
Food & Leisure→Work 0.421 0.080
Food & Leisure→ Transportation 0.010 0.966
Food & Leisure→ Religious 0.0003 0.998
Food & Leisure→ Home -0.050 0.841
Transportation→Work 0.090 0.722
Transportation→ Food & Leisure 0.046 0.855
Transportation→ Home 0.099 0.693
Religious→Work -0.575 0.012
Religious→ Food & Leisure 0.160 0.524
Religious→ Transportation 0.094 0.709
Religious→ Home -0.636 0.004
Home→Work 0.002 0.991
Home→ Food & Leisure -0.077 0.759
Home→ Transportation 0.134 0.595
Home→ Religious -0.521 0.025

Table 3. LSE and Lasso weights for cumulative staying time of POI
locations. λ = 4.4 corresponds to the minimum MSE with 10-fold cross
validation.

Locations WLSE WLasso WLasso
(λ = 0.1) (λ = 4.4)

Work 34.2745 -0.3118 0
Transportation 45.6317 9.8432 0
Religious -4.2888 -38.5820 -12.5284
Home 34.9082 0 0
Food & Leisure 43.0769 7.5765 0

Table 4. LSE and Lasso weights for transitions from one POI location to
another. λ = 3.4 corresponds to the minimum MSE with 10-fold cross
validation.

Transition WLSE WLasso WLasso
(λ = 0.1) (λ = 3.4)

Work→ Food & Leisure 51.8166 0.9826 0
Work→ Transportation 93.6872 0 0
Work→ Religious 32.5070 -8.2215 -1.0637
Work→Home 25.5635 0 0
Food & Leisure→Work -50.0034 0 0
Food & Leisure→ Transportation 25.6898 -2.2673 0
Food & Leisure→ Religious 5.1067 0 0
Food & Leisure→ Home -0.4174 0 0
Transportation→Work -89.9101 -2.2751 0
Transportation→ Food & Leisure -26.7613 0 0
Transportation→ Home -37.3759 0.8583 0
Religious→Work -34.7113 -0.6419 0
Religious→ Food & Leisure 0 7.2377 0
Religious→ Transportation 84.2753 10.4818 0
Religious→ Home 0 7.7794 -4.3684
Home→Work -25.3932 0.0634 0
Home→ Food & Leisure 0 -0.6911 0
Home→ Transportation 0 3.8580 0
Home→ Religious -8.3211 0 0



Table 2 shows the results of Pearson correlation (with p-values)
between transition frequencies and SIAS. Transitions between
"Work" and "Home" to / from "Religious" locations are signif-
icantly correlated with social anxiety scores. These transitions
are not surpising given that religious service attendance has
been demonstrated to predict an increased well-being across a
number of studies [11].

Linear Regression Analysis — Table 3 shows the linear re-
gression analysis results when using Cumulative Staying Time
in all five locations as predictors and the SIAS score as the
target. The results include the coefficients of each location us-
ing both LSE and LASSO. Specifically, we address the results
of LASSO using two λ = 0.1 and 4.4. Note that the minimal
Mean Square Error was achieved when λ = 4.4. The result
demonstrates the negative relationship between visiting reli-
gious locations and social anxiety level, which is similar to
the correlation and significance analysis. The importance of
religious locations becomes clearer when using LASSO. Reli-
gious location is the single variable with a non-zero coefficient
when λ = 4.4. Compared to the results based on LASSO and
LSE, we conclude that LSE model might be over-fitting due to
the low sample size. It appears that the visiting patterns to “re-
ligious” locations is an important variable of linear regression
in our study.

In addition to cumulative staying time, Table 4 shows the linear
regression analysis results when using transition frequencies
between two types of locations as predictors and the SIAS
score as the target. When using LASSO with λ = 3.4, the
minimal mean square error was achieved. In such case, only
transitions between “home” and “religious” are with non-zero
coefficients. This trend is as the same as in the corresponding
significance analysis.

Limitations of Our Study — Due to the small number of
recruited participants and their relatively simple life cycles
as college students, the data we collected is biased. A larger
sample size is needed to make valid inferences from the data.
Further, roughly 6 of our 18 participants who frequently visited
religious locations and who also have low social anxiety scores
might have dominated the results.

CONCLUSION
With the increasing prevalence of social anxiety disorder and
other mental health concerns, novel techniques for assess-
ing psychological state have become increasingly important.
Combined with the ubiquity of mobile phones and their in-
creasingly powerful sensors, we can acquire a rich array of
data from which we can derive a person’s psychological or
emotional state.

In this paper, we present a feasibility study assessing college
students’ social anxiety through GPS-based localization. Com-
pared to existing studies characterizing mobility with GPS
trajectories, we proposed to represent mobility by incorporat-
ing the semantics of the trajectory, such as a person’s home
or preferred leisurely location. We presented a study of 18
participants, demonstrating the significance that a person’s risk
for social anxiety correlates with their GPS trajectory. Further
work will investigate the importance of location semantics in

a larger population and extend the approach to other mental
health disorders.
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