Computers in Human Behavior Reports 19 (2025) 100769

Contents lists available at ScienceDirect

#= COMPUTERS IN
1 HUMAN BEHAVIOR

REPORTS

Computers in Human Behavior Reports

journal homepage: www.sciencedirect.com/journal/computers-in-human-behavior-reports

ELSEVIER

Check for

StudentSense: Primary outcomes of a smartphone digital phenotyping study &
of university students in Australia

a,”

Tianyi Zhang , Melissa Russell °@®, Vassilis Kostakos @, Simon D’Alfonso *

@ School of Computing and Information Systems, The University of Melbourne, Parkville, VIC, Australia
Y School of Population and Global Health, The University of Melbourne, Parkville, VIC, Australia

ARTICLE INFO ABSTRACT

Keywords:

University students
Smartphone sensing
Mental Health

Digital pheontyping
Depression
Psychological wellbeing

University students face increasing mental health challenges, yet traditional assessment methods often lack
timeliness and contextual relevance. This study presents StudentSense, a digital phenotyping investigation
examining associations between smartphone-sensed behavior and psychological wellbeing over a 17-week ac-
ademic semester. A total of 151 students from the University of Melbourne participated, providing continuous
passive smartphone data (e.g., screen activity, app usage, location, keyboard, and on-screen text) and self-
reported assessment data, including the Depression Anxiety Stress Scales (DASS-21), Mental Health
Continuum-Short Form (MHC-SF), College Student Subjective Wellbeing Questionnaire (CSSWQ), and UCLA
Loneliness Scale (ULS-8). We used Monte Carlo subsampling correlation analysis to explore relationships be-
tween behavioral and psychometric variables. Findings showed that levels of depression, anxiety, stress, and
loneliness declined following the examination periods. Screen usage was positively correlated with the reported
level of a loneliness item, while time spent at significant locations (e.g., university, home) was negatively
correlated with depression. Students reporting higher wellbeing and extroversion reported more positive uni-

versity experiences.

1. Introduction

Psychological wellbeing is a key indicator of one’s overall quality of
life, encompassing emotional wellbeing, affective states, and mental
health status. Mental health disorders can have serious effects, signifi-
cantly impacting individuals’ thoughts, emotional control, and
behavior, especially for young adults, such as university students, whose
minds and bodies are still developing. Studies show a significant in-
crease of Disability-Adjusted Life Years, a measure used to quantify the
overall burden of disease (GBD 2019 Mental Disorders Collaborators,
2022), in conditions such as depression (Barker et al., 2019; Mojtabai
etal., 2016), anxiety (Barker et al., 2019) and stress (Beiter et al., 2015).
Given these potential consequences, there is an urgent need to address
mental illness and promote psychological wellbeing among young
adults, especially among college and university students.

College students often experience high levels of academic stress
which can lead to psychosomnatic symptoms and affective issues (Coiro
et al., 2017). Recent research highlights the strong association between

academic stress and poor mental wellbeing for college students
(Barbayannis et al., 2022). A 2023 report (American College Health
Association, 2023) revealed that 50.8 % of the students reported expe-
riencing high levels of loneliness, and 23.4 % reported serious psycho-
logical distress. These psychological challenges are not isolated;
numerous international studies have consistently demonstrated that
psychological wellbeing are critical issues for university students. A
study (Diehl et al., 2018) found that approximately 35 % of university
students experience moderate to severe loneliness. Similarly, another
study (Ibrahim et al., 2013) reported that depression rates among uni-
versity students are significantly higher than those in the general pop-
ulation. Also, depression is relatively prevalent among university
students, with rates exceeding those of the general 18-24-year-old
population (Eisenberg et al., 2007). Additionally, anxiety is more com-
mon among female university students and occurs at higher rates than in
the general population (Eisenberg et al., 2007). Furthermore, stress, a
major factor impacting students’ quality of life, has been found to be
prevalent across various academic disciplines, similar to depression
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(Ribeiro et al., 2018).

Mental health concerns are a critical component of psychological
wellbeing, yet they are often overlooked among university students
(Browne et al., 2017). In a World Health Organisation (WHO) study of
college students across eight countries, more than one third of the stu-
dents tested positive for a common lifetime disorder (Auerbach et al.,
2018). Other studies have also reported the growing prevalence of
mental health issues among college students globally, including in the
US (Lipson et al., 2019), China (Wu et al., 2020), and Australia (Browne
et al., 2017). Despite experiencing significant mental health problems,
many students do not seek help or utilize mental health services. A study
(Eisenberg et al., 2011) found that only around 30 % of students with
high or very high level of distress had sought professional assistance.
Similarly, another study (Stallman & Shochet, 2009) identified skepti-
cism about treatment effectiveness and a lack of perceived urgency as
key barriers preventing college students from seeking help. Among in-
ternational students, help-seeking attitudes and intentions for suicidal
ideation are even lower (Clough et al., 2019). Thus, it is crucial to
provide students with up-to-date information on their mental health and
offer guidance on seeking help including behavioral suggestions.

Monitoring and regulating affective states is essential for the early
detection of potential mental health issues, serving as both a preventive
measure and a means of ongoing mental wellbeing assessment (Bhullar
et al., 2014). Affective states such as loneliness, anxiety and frustration
significantly influence psychological wellbeing and daily behaviors,
impacting college students’ mental health (Campbell et al., 2022; Knapp
et al., 2024). Distinct from mental health disorders, monitoring affective
states serves as a proactive step toward understanding and promoting
psychological wellbeing. In terms of mental health issues, traditional
clinical visits and therapy sessions have limitations. To begin with,
existing clinical practices are often inefficient at detecting early stages of
mental illness (Spinazze et al., 2019). These standard methods rely on
scheduled, face-to-face interactions with clinicians, conducted at fixed
times and locations, leaving patients’ everyday behaviors largely un-
observed once the session ends. Furthermore, patient recollections of
behaviors psychological states are subject to recall limitations and
subjectivity biases. As a result, there is a potential opportunity for
technology that can seamlessly and comprehensively measure and
monitor behaviors and psychological health, detect potential mental
health issues, and inform intervention.

Digital phenotyping offers a promising means to monitor the be-
haviors of university students, behaviors which may to a large extent
indicate their psychological health. The information collected can also
determine the presence of, or predict, the onset of mental health issues.
Broadly speaking, digital phenotyping (Torous et al., 2016), also termed
personal sensing (Mohr et al., 2017), refers to the emerging field within
digital (mental) health that involves the mining of an individual’s digital
footprint to monitor and analyze their behaviours, activities and
health-related patterns. This use of ubiquitous computing technology
could offer valuable psychological insights for groups of interest.

Compared to other digital devices used for data collection, smart-
phones are economical, convenient, and widely available. For college
students in particular, smartphones serve dual purposes for both enter-
tainment (Fook et al., 2021) and education (Hossain & Ahmed, 2016; Yu
& Conway, 2012, pp. 831-839), extending beyond their original func-
tions of communication and social interaction. In 2021, it was estimated
that up to 99.7 % of college students owned a smartphone (Chen et al.,
2023), with nearly all students bringing and using their smartphones in
class (Kim et al., 2019). This trend likely continues today, given the
ubiquitous presence of smartphones. As a primary means for students to
access the Internet, smartphones offer a range of hardware and software
sensors capable of capturing the social and academic lives of university
students, including geolocation, social media usage, and screen in-
teractions. This versatility allows smartphones to provide a deeper un-
derstanding of student behaviors and contexts, potentially offering more
comprehensive insights than other devices.

Computers in Human Behavior Reports 19 (2025) 100769

Since the emergence of digital phenotyping in the 2010s, studies
have been conducted on various clinical cohorts (Cornet & Holden,
2018) including those with depression (MacLeod et al., 2021), anxiety
(MacLeod et al., 2021), and bipolar disorder (Faurholt-Jepsen et al.,
2015). However, outside of the clinical context, the application of digital
phenotyping to the study of psychological wellbeing in non-clinical
cohorts such as university student populations merits further investi-
gation, particularly in relation to experiences of university life, weekly
affective patterns, and sustained changes in mental wellbeing. Although
previous studies (Boukhechba et al., 2018; Wang et al., 2014) have
explored smartphone-sensed behaviors in relation to mental health
among university students, many are limited by one or more of the
following constraints: narrow psychological measures, short data
collection periods, small sample sizes, limited sensor modalities, and
homogenous student cohorts. Our study design addresses these limita-
tions by expanding on multiple fronts, including the use of more diverse
psychological measures, a larger sample size, a broader range of both
conventional and novel smartphone sensors, and the inclusion of both
international and domestic students enrolled at an Australian university.

To this end, in 2023 we conducted the StudentSense study at the
University of Melbourne, in order to investigate associations between
the mental health and wellbeing of a university student cohort, their
semester activities, academic experience and performance, and their
smartphone/Internet usage data. This paper reports on the main out-
comes of this study, including statistical/graphical descriptions of key
information. To gain insights into the associations between features
derived from smartphone data and various psychological outcome
measures that were administered, we employed an exploratory/confir-
matory correlation analysis. Smartphone-collected location and screen
features were found to be closely related to reported loneliness and
depression levels. We discovered that students’ evaluation of their uni-
versity experience correlated with depression, loneliness and extrover-
sion personality traits. Additionally, our findings revealed inter-
correlations between students’ sleep patterns, the number of academic
assessments and weekly measured affects.

2. Related work

This section discusses previous literature with regards to two aspects
of our investigation into a cohort of university students: (1) smartphone
sensing and psychological health (§2.1), and (2) academic experience
(§2.2). Section §2.3 highlights the novelty of our StudentSense study.

2.1. Smartphone sensing and psychological wellbeing

Previous digital phenotyping studies of college/university students
have established preliminary associations between smartphone data,
students’ psychological wellbeing, and their academic experience. The
first smartphone digital phenotyping study of a tertiary student cohort
was StudentLife (Wang et al., 2014), which tracked 48 university stu-
dents over 10 weeks. The study explored various aspects of psycholog-
ical wellbeing, including mental health and affective states. The
StudentLife study found that students’ depression and stress were
negatively correlated with their sleep and conversation frequency.
Additionally, reported loneliness levels negatively correlated with in-
door mobility, distance travelled, and time spent in physical activity. An
increase in workload was associated with a decrease in positive affect.
These findings highlight the close relationship between university stu-
dents’ behaviors, mental health status, affective states, and academic
experiences.

Similar mobile tracking studies add to the initial results of Studen-
tLife. The DemonicSalmon study (Boukhechba et al., 2018), which fol-
lowed 72 university students for two weeks, explored their behaviors in
relation to psychological wellbeing. The study found that students who
felt more depressed and anxious experienced fewer positive affects,
more negative affects, made less calls, and spent more time at home with
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low mobility levels. Nepal et al. (Nepal et al., 2024) found that behav-
ioral patterns captured through smartphone sensing, such as mobility
and social activity, were significantly associated with students’ mental
health and resilience over time. Drawing form a subset of this dataset,
the First-Gen study (Wang et al., 2022) specifically examined mental
health among first-generation university students and found that their
stress and anxiety levels were positively related to smartphone screen
unlocks, fewer visited locations, irregular sleep, and less physical ac-
tivity as measured via smartphone. Both First-Gen and DemonicSalmon
also found that students’ behaviors related to academic experiences,
such as class attendance and academic performance, were associated
with their psychological wellbeing. Also, a two-phase study collecting
data from undergraduates demonstrates that passive smartphone
sensing and campus Wi-Fi metadata can accurately predict individual
depressive symptoms in university students (Ware et al., 2020).
Further studies have shown that college students’ mental health
problems are associated with behaviors including increasing phone
usage (Wang et al., 2018), low mobility or geolocation movement
(Ben-Zeev et al., 2015; Wang et al., 2018), increasing time spent at home
(Chow et al., 2017), poor sleep (Ben-Zeev et al., 2015; Melcher et al.,
2023), and speech duration (Ben-Zeev et al., 2015). Additionally,
several related structural datasets have emerged over the past decade
(Tlachac et al., 2025). For instance, the GLOBEM dataset (Xu et al.,
2022) was the first publicly available multi-year passive sensing dataset,
which spans four 10-week academic periods from 497 participants.

2.2. Academic experience

Course experience has been found to be an important factor
impacting the psychological states and mental wellbeing of university
students. Academic stress from summative assessments (Fritz et al.,
2021; Yusoff, 2011) has been revealed to affect students’ psychological
wellbeing, potentially causing serious issues such as academic burnout
and anxiety, which can lead to post-traumatic symptoms and stress
disorder symptoms (Tomaszek & Muchacka-Cymerman, 2022).

Studies also show that university students’ behaviors, such as sleep
quality and insomnia, are significantly correlated with academic stress
(Gardani et al., 2022; Carrio’n-Pantoja et al., 2022), anxiety (Hamilton
et al, 2021; Carrio'n-Pantoja et al, 2022), and depression
(Carrio’n-Pantoja et al., 2022). Additionally, exam failures were asso-
ciated with both short and long sleep duration, as well as with insomnia
complaints (Vedaa et al., 2019).

However, most studies focusing on student behaviors and their
psychological states have collected data through self-reported ques-
tionnaires (Melcher et al., 2020). Digital phenotyping offers more
objective and comprehensive means to gather information about be-
haviours and psychological states, providing the opportunity for a more
precise and robust un-derstanding of the relationship between academic
experience and psychological wellbeing.

2.3. Research gap

Despite prior research exploring mobile sensing among college stu-
dent cohorts, there remains a research gap in the limited exploration of
smartphone sensors. Past studies predominantly focused on the hard-
ware sensors of GPS, accelerometer, and microphone (Straczkiewicz
et al., 2021) to study and monitor mental health and wellbeing, while
software sensors such as application usage, communication traces, and
network usage were underexplored and underestimated. Also, sensors
such as application notifications, displayed text, and keyboard usage
were rarely explored (Cornet & Holden, 2018). These software sensors
can provide not only information about user contexts but also insights
into the interaction between humans and computers.

Reports (Sanci et al., 2022; Watkins, 2021) highlight the need for
more improved information systems to support the mental health,
wellbeing, and academic performance of university students. In line
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with these reports, it is necessary to conduct digital phenotyping studies
that objectively and continuously collect a broader range of smartphone
data over extended periods from larger cohorts of university students.
Additionally, there is a strong need to investigate measures of student
academic experience and their relationship with student behavior and
mental health. Given these rationales, the main purpose of this paper is
to build upon previous similar work in the field of digital phenotyping
by exploring smartphone sensing data, psychometric measures, and
their associations, with a focus on gaining insights into the smartphone
usage patterns, behaviors and mental health of university students. In
doing so, several particular contributions are made. First, our study in-
volves various sensors that have been investigated little in combination.
Second, our study incorporates an array of psychometric measures,
including novel ones that have not yet been included in prior digital
phenotyping studies. Finally, our study adds to the limited literature on
digital phenotyping in Australian (university) contexts and involves a
relatively sizeable cohort.

3. Method

Over the course of 17 weeks, we collected smartphone data and self-
report questionnaires from 151 students. Apart from the quantitative
data obtained from smartphone sensors and questionnaires which will
be reported in the following sections, we also gathered qualitative tex-
tual information that will be subject to in-depth analysis in future work.
This textual information came via a new screen text sensor, which
captures the screen content on one’s phone, and some free text questions
in the self-report questionnaires. In this study, we make the assumption
that the student participants engage actively with their smartphones at
least once daily and that their smartphones connect to the Internet for
several days per week.

3.1. Participants

Among the 191 participants who consented to participate, 151 in-
dividuals successfully completed the study, while 40 participants
dropped out. Most participant dropouts did not respond to follow-up
emails or complete the data collection setup, while a few cited specific
reasons such as changing smartphones or conflicts of interest. Prior to
commencing data collection, we advertised our study for six months,
targeting students at the University of Melbourne. Written consent was
obtained from participants, who were informed of their right to with-
draw from the study at any time.

To be considered eligible for inclusion in this study, participants had
to meet all of the following criteria.

e Enrolled as a student at the University of Melbourne
e Use of an Android smartphone as main phone (as our mobile sensing
platform only operates on the Android system)
Capable of understanding the study instructions and completing the
study survey

Participants who met any of the following criteria were deemed
ineligible for participation:
Unable to converse in or read English proficiently
Encountering technical problems that prevented the smartphone
sensing app from functioning properly on their mobile device

3.2. Study design

Eligible participants were provided with a Plain Language Statement
detailing the study, including an explanation of the smartphone sensing
application setup, assessment scheme, and smartphone collection rules.
As illustrated in Fig. 1, they were instructed to complete assessments at
three time points (start, middle, and end of the study), follow setup in-
structions for the smartphone sensing application, and submit weekly
self-reported assessments throughout the study. Participants were
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Test/Quiz/Assignment

Significant events

[[] Teaching Period
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Sleep
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]

l

Formal Passive Data Collection (17 weeks)

Fig. 1. StudentSense study design. A four-day testing phase was prior to the 17-week formal smartphone data collection to validate participant eligibility. Two sets of
bi-weekly EMAs were alternately administered. Mid-semester questionnaires were distributed in week 7, with participants given one week to complete them.

encouraged to promptly report any potential issues to the study’s
responsible researcher.

The study spanned 17 weeks, covering the entire second semester at
the University of Melbourne. Formal data collection for each participant
commenced precisely at the beginning of the semester (July 2023) and
concluded at the end of the exam period (November 2023). Key dates
during the study period included the mid-semester period, occurring
during weeks 6-8, which typically coincided with mid-semester tests in
certain subjects. Week 10 marked a non-teaching period, while week 14
was designated as the Study Without Teaching Vacation period. The
examination period spaned weeks 15-17, with students completing their
exams by week 17. Towards the study’s conclusion, academic perfor-
mance data (i.e. student grades) were obtained for the 112 coursework
students who had granted consent for us to access this data.

A testing phase of four days preceded formal data collection, during
which test data was collected to ensure the smartphone sensing software
functioned effectively with participants’ smartphones and gathered
sufficient data. Participants whose devices produced inadequate or no
data due to technical issues were excluded from the study.

While in-person assistance was available, the majority of communi-
cation throughout the study occurred virtually via online meetings and
emails. The smartphone sensing application periodically transmitted
collected data securely to a central database hosted within the Univer-
sity of Melbourne’s research cloud.

3.3. Self-reported psychological/behavioral assessments

Participants were required to complete several assessments at
different points in the study: pre-semester to establish baselines, mid-
semester, and post-semester to conclude their participation. The base-
line assessments included.

e the Big Five Inventory (BFI), a self-report inventory designed to
measure the Big Five (OCEAN) dimensions of personality (John
et al., 1991)

the short version of UCLA Loneliness Scale (ULS-8) (Hays & DiMat-
teo, 1987)

the short form of Depression, Stress and Anxiety Scales (DASS-21)
(Lovibond & Lovibond, 1995)

the Mental Health Continuum Short Form (MHC-SF) (Lamers et al.,
2011), categorizing mental health into three states: flourishing (high
wellbeing and positive emotions), moderate, and languishing (a
sense of stagnation and emptiness) (Guo et al., 2015).

The DASS-21 and ULS-8 assessments were re-administered at the
mid-point and end of the semester, specifically at the conclusion of the
8th and 17th weeks, respectively. During the completion assessments,
participants also completed the Smartphone Addiction Scale (SAS)
(Kwon et al., 2013), the College Student Subjective Wellbeing Ques-
tionnaire (CSSWQ) (Renshaw & Bolognino, 2016), and a series of
debriefing questions regarding their experience with AWARE-Light
(Table 3).

As the CSSWQ is a novel scale that focuses on college students, it will
be one of the focuses of our subsequent analyses. The MHC-SF assesses
longer-term emotional, psychological, and social wellbeing (Keyes,
2002), in contrast to stress or anxiety scales that capture short-term
states. As it reflects more trait-like and relatively stable characteristics,
we only administrated it at the beginning of the semester as a baseline
measure. Furthermore, our interest lies in assessing the Smartphone
Addiction Scale (SAS) at the end of the semester as a whole, rather than
monitoring its change over time.

Additionally, participants received weekly ecological momentary
assessments (EMAs) every Sunday after 16:00 for the duration of 17
weeks. Participants were informed that each set of EMAs would expire
after 2 days. The EMA questionnaires included the International Positive
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Table 1
Distribution of smartphone sensing features collected from battery sensor,
keyboard activities, location traces, and calls.

Number of valid
participant data
entries

Sensor Feature Mean Std

Battery Time of phone being 121.2 67.4 129

charged

Keyboard  Average time of a typing 5.7 3.6 60

session (seconds)

Locations  The average period of 618.3 399.7 98
staying at the most

significant locations

(minutes)

The average period of 4159  302.4
staying at significant

locations (minutes)

The minimum period of 323.8 2821
staying at significant

locations (minutes)

The maximum period of 6629  393.1
staying at significant

locations (minutes)

Time spent at home 548.2  338.0
(minutes)

Calls The average period of 70.0 99.6 131
outgoing calls (seconds)
The average period of 73.4  106.6
incoming calls (seconds)

Table 2
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participants may have received email notifications prompting them to
manually synchronize the data, although such instances were relatively
rare.

It is worth noting that adjustments to the device settings are neces-
sary to enable the keyboard and screen reader functionalities. Specif-
ically, accessibility settings must be turned on to allow these two sensors
to collect data. However, for some phone brands, participants may opt to
disable accessibility settings, or lack the authority to enable them.

3.5. Smartphone data

We collected smartphone sensing data from several sensors. The
software sensors include.

application usage: logs each instance of applications displayed on the

device.

battery levels: tracks the charge status and level of the device’s

battery

e communication: records details of calls and messages (incoming,
outgoing, missed)

e screen activity: monitors when the screen is on, off, locked, or
unlocked

e keyboard input: captures keyboard interactions, with masking op-
tions available for participants

e text appearing on the screen for a list of applications.
The hardware sensors included:

Bluetooth

Description of Smartphone Addiction Scale (SAS) and College Student Subjective Wellbeing Questionnaire (CSSWQ) results.

Questionnaire Feature Mean Min Max SD IQR Scale range
SAS Level of smartphone addiction 29.9 10 57 9.6 15.5 10-60
average-item respsonse for College Gratitude 6.0 1.0 7.0 1.0 1.3
average-item respsonse for College Student Wellbeing total 5.2 1.1 7.0 1.1 1.3
CSSWQ average-item respsonse for Academic Efficacy 5.0 1.0 7.0 1.3 1.8 1-7
average-item respsonse for Academic Satification 4.9 1.0 7.0 1.4 1.5
average-item respsonse for School Connectedness 4.9 1.3 7.0 1.2 1.5

and Negative Affect Schedule Short Form (I-PANAS-SF) (Thompson,
2007) and five additional questions related to university events and
sleep quality. Every second week the five items of the World Health
Organization Well-Being Index (WHO-5) (Topp et al., 2015) were also
given. All psychometric assessments and EMAs were implemented on
the Qualtrics web platform and distributed to participants via email or
phone messages.

3.4. Mobile sensing platform: AWARE-light

AWARE-Light! (van Berkel et al., 2023) is an open-source platform
designed to collect mobile sensor data and administer in-situ question-
naires for research purposes. After being set up on their phone,
AWARE-Light gives participants the choice to disable/enable data
collection at the level of individual sensors. During the data collection
process, participants had the option to manually synchronize data by
accessing the application and pressing the sync button. Additionally, the
application automatically synchronized data stored on the smartphone
with a remote database when connected to the Internet, even if users
were not actively interacting with the application. The extent of inter-
action with AWARE- Light varied depending on participants’ prefer-
ences and the types of phones they used. In cases where AWARE-Light
was incompatible with or not properly set up on certain phones,

! https://awareframeowrk.com

e GPS geolocation
e Network connectivity.

Detailed technical information about each sensor can be found at the
AWARE-Light website .” Participants were informed that they had the
option to enable or disable any sensor according to their willingness to
share data at any point during the study.

As illustrated in Fig. 2, raw data provided by each sensor can be used
to derive features reflecting various behaviors and pieces of contextual
information, while self-reported questionnaires measure different di-
mensions of mental health, basic information, and evaluations. Subse-
quently, both active and passive data can be fed into statistical models to
explore associations.

3.6. Privacy

Two of the sensors primarily involved capturing personal informa-
tion in text form. The first is the keyboard sensor, which records typing
inputs. These inputs were either captured as the actual characters or
masked symbols (e.g. all alphabetic characters replaced by a special
character), depending on the participant’s preference. If a participant
chose not to share the character content and the characters were
replaced with masking symbols, then this still allowed the timestamp of

2 https://www.awareframework.com/sensors/
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Table 3

Mean, standard deviation, and interquartile range of debriefing question results.
Scores range from 1 to 5 where 1 represents the lowest level of agreeability or
comfort, and 5 indicates the highest level.

Topic Feature Mean SD IQR

If future studies could create a final 4.4 09 1.0
summary of associations between my

phone usage and mood changes, I would

like to see it.

Evaluations

If future studies could give me daily 3.9 1.2 2.0
feedback about my behaviour, I am
interested in receiving the information.

I was concerned about my privacy using 3.6 1.3 2.0
the app.
It was easy to learn to use the app. 3.5 1.2 1.0
I understand how the app works. 3.4 1.2 1.0
I felt comfortable using the app. 3.3 1.2 15
Using the app made me more conscious 3.0 1.4 20
of the way I use my smartphone.

Comfort of data Comfort of being collected battery data 4.2 1.2 2.0

collection Comfort of being collected screen data 3.9 1.2 20

Comfort of being collected network data 3.8 1.2 2.0
Comfort of being collected application 3.6 1.3 20
usage data
Comfort of being collected wifi data 3.6 1.4 20
Comfort of being collected 3.5 1.4 3.0
communication traces
Comfort of being collected touch data 3.1 1.5 3.0
Comfort of being collected keyboard 2.3 1.5 3.0
data
Comfort of being collected text 2.3 1.6 3.0

displaying on screen

each press to be recorded. The second sensor is the screen reader, which
captured textual information displayed on the screen. Our tracking
scope was limited to a list of selected applications rather than capturing
all contents appearing on all apps. Specifically, the screen reader tracked
content displayed on the screen when one of the following selected apps
or application types was actively displaying: Twitter, Facebook, Reddit,
Pinterest, Tumblr, Chrome, Google, Firefox, as well as application types
News/Magazines and Books/Reference.

To protect participant privacy, we took several measures to prevent
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re-identification. Participants were assigned random identifiers linking
their assessment results and smartphone data, stored separately from
personal information. Data transmission used SSL-secure connections,
and sensitive data such as phone numbers, Bluetooth names, keyboard,
and screen content were hashed or encrypted to ensure security.

The study was approved by the University of Melbourne’s Office of
Research Ethics and Integrity (approval number: 2024-26643-60526-9).
All participants provided informed consent prior to participation, and
their privacy and confidentiality were rigorously protected throughout
the study.

3.7. Recruitment and incentives

For recruitment, we began advertising the study four months in
advance through university notice boards, flyers, and posters. One week
before the official semester start date, participants were asked to install
the study software for a test phase. Only those participants whose
phones were collecting data properly during this phase were included in
the final sample for the official study.

We provided reimbursement to participants for their participation in
the research. Participants received gift cards of varying amounts based
on the number of questionnaires completed and the software properly
running on their smartphones. Digital Mastercards amounts ranged from
$50 to $200 and were calculated as follows.

e $50 for successfully running AWARE-Light and completing ques-
tionnaires at the start of the study

o $25 for completing questionnaires in the middle of the study

e $40 for successfully running AWARE-Light and completing ques-
tionnaires at the end of the study

e $5 for completing each weekly EMA

3.8. Statistical analysis

Data cleaning. We performed data cleaning on smartphone sensor
data according to the following criteria.

Smartp Positive
hone Mental /Negati

addictio | wellbeing ve
n affects

College Significant

wellbeing events

Academic
assessment

Information
exposure

Communication

Fig. 2. Overview of smartphone sensors and psychological measures in the StudentSense dataset, used for feature extraction and data analysis.
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e Corrupted data, including missing, duplicate, incorrect, and incom-
plete entries, were removed.

e Valid lists of participants were selected for each analysis involving a
sensor.

Specifically, passive data was aggregated on a daily basis. A partic-
ipant’s passive data was deemed suitable for analysis if they had data for
at least 60 out of 119 days for the following sensors: screen activities,
battery levels, keyboard, locations, and applications used. These sensors
were assumed to be triggered on at least half of the days throughout the
semester for a typical smartphone user.

Feature generation. We utilized the Rapids tool (Canzian &
Musolesi, 2015; Doryab et al., 2018; Vega et al., 2021) to generate some
of the smartphone features. For each participant, sensor data from
smartphones was averaged on a daily basis across valid collection days.
Instances of basic metrics computed included the number of incoming
calls received, total distance travelled, and the count of phone unlocks.

For most of the psychometric measures and affective states, we used
the total scores. For the DASS, we used the totals for each of its three
dimensions: depression, stress and anxiety. For the MHC-SF, no specific
score distribution is reported, as the scale’s categorization requires more
complex rules than simple score divisions.

Data analysis. For describing the data, we used mean, standard
deviation (SD) and interquartile range (IQR) to be the evaluation met-
rics. Since most of the smartphone sensor data is widely ranged, these
metrics can show the central tendency, spread, and overall distribution
of the data.

For analysis involving questionnaire data, we conducted Spearman
correlation analysis on participant groups at the intersection of each
smartphone sensor and questionnaire. Table A.2 displays the number of
included participants for each combination of smartphone sensor and
psychometric measure.

Digital phenotyping data mining is an exploratory endeavour and
there is a lack of clear indication from previous work to suggest that a
limited, definitive set of hypotheses be focused on for testing. Given the
many smartphone-derived features that we generated and the large set
of resulting {smartphone feature, psychometric result} pairs that we
were interested in investigating, we adopted a split-half validation
approach to our analysis in order to address methodological issues
resulting from excessive statistical testing. Such an approach involves an
exploratory half and a confirmatory half (Fife & Rodgers, 2022). Each
participant group was randomly divided into two sub-groups, with half
of the participants assigned to each subgroup for the two types of cor-
relation analysis. For example, exploratory analysis between baseline
depression scale and battery features was based on data from 63 par-
ticipants, while the other 64 participants were used for confirmatory
analysis. At this stage our interest lies in exploring all features that
significantly correlate with psychometric features in general, with re-
sults contributing to the formation of hypotheses that may be tested in
future confirmatory analyses.

To analyze the relationship between passively collected sensor fea-
tures and psychometric evaluations conducted at the beginning, middle,
and end of the semester, we employed the following approach of Monte
Carlo resampling without replacement to mitigate the randomness
associated with partitioning the participants, thereby providing more
precise and robust results. This approach addresses issues arising from
one-time division of participant groups, such as outliers, randomness,
and small sample sizes. For each feature combination, we randomly
divided the participants into two groups and applied exploratory anal-
ysis to the first group. This process was repeated n = 10,000 times, and
the average correlation and p-value were calculated. We stored the in-
formation for the second group during the 10,000 iterations of group
division. We then focused on the feature pairs showing significant re-
sults in the exploratory testing and explored them further in the
confirmatory testing. Importantly, there were no overlaps of participant
data between the exploratory and confirmatory groups in each iteration
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of group division. Exploratory correlation analysis was conducted before
confirmatory correlation analysis, and confirmatory testing was only
applied to those feature pairs that showed significant results in the
exploratory phase.

Two more categories of features pairs were also explored with the
split-half validation approach:{psychometric result, psychometric
result} and {academic performance, psychometric result}. A compre-
hensive list of pairs explored in this exploratory investigation is pro-
vided in Appendix Table A.5.

To analyze the relationship between weekly EMA features and
smartphone sensor features, we employed Spearman correlation,
choosing not to use Monte Carlo resampling without replacement due to
the aggregated nature of the data, where each point represents a week’s
average across all participants.

Subsequently, all statistically significant (p < 0.05) correlation re-
sults with effect size of at least medium strength according Cohen’s
standard (Goulet-Pelletier & Cousineau, 2018) (equal to or above 0.3) in
the exploratory phase were subjected to confirmatory testing. At the
confirmatory phase, this threshold was once again used to determine
notable results, and we applied Benjamin-Hochberg correction with a 5
% false discovery rate. (Garc’ia-Petez, 2023).

4. Results

This paper focuses on providing a holistic description (§4.2) of and
investigating associations between certain smartphone-inferred student
behaviors/contexts and the questionnaires (§4.3). Focused investigation
into sensors and usage of their data to investigate psychometric pre-
diction models will be reported in future studies.

4.1. Demographics

Among the 191 participants who signed the consent form, 151 par-
ticipants completed the study. Out of the 148 participants who provided
demographic information, 58 % identified as female, 39 % identified as
male, and 3 % identified as non-binary. Participant ages range from 18
to 52 with a mean of 25 (Fig. 3c). In terms of the distribution of par-
ticipants’ home countries, approximately 62.8 % of participants were
from Asia, 27.0 % from Australia, 4.7 % from Europe, 2.7 % from Africa,
2.0 % from North America, and 0.7 % from South America. Regarding
language, 48 % of participants reported English as their primary lan-
guage (Fig. 3a).

Fig. 3 provides an overview of participants’ basic student informa-
tion, including years of enrollment, employment hours, and course
types. Participants’ employment hours varied, with the majority work-
ing for less than 20 h per week (Fig. 3d). Most of the students were in
their first or second year of enrollment (Fig. 3e). Of the 148 participants
who reported their demographic information, 49 were undergraduate
students and 90 were Masters by coursework graduate students
(Fig. 3b). Each of these students was doing one to five subjects for the
semester (the standard being four). The remaining nine participants
were PhD students. While the PhD students were included in the
descriptive analysis, they were excluded from the correlational analysis
due to their academic schedules not aligning with the standard univer-
sity semester structure.

4.2. Data description

Among all the sensors employed, quality/missingness data metrics
were calculated across five of them: screen status, geolocation, appli-
cation usage, battery status, and keyboard usage. These sensors were
selected because they passively collect data without requiring direct
interaction from participants, thus were expected to gather data
consistently for most days. Calls and messages are treated differently/
separately, as an absence of such data for a given period could simply
mean that there was no such activity.
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Fig. 3. Demographics information among 148 participants in the StudentSense dataset.

We quantified the collected passive data on a daily granularity level.
For instance, if data was received for all five sensors on 119 days, it was
considered non-missing data; if data was received for three of the five
sensors on 119 days and O days for the remaining sensor, it was
considered as 40 % missing data. With such granularity of calculation, it
was determined that 37 % of the days had missing data among the
sensors: screen status, geolocation, application usage, battery status, and
keyboard usage. This missing data came from both technical reasons and
participants manually turning off data collection for certain sensors.

Out of 151 participants who completed the study, the response rates
for the questionnaires at the three time points of the semester were as
follows: 148 participants (98.0 %) completed the baseline question-
naires, 143 (94.7 %) completed the midterm questionnaires, and 139
(92.1 %) completed the final questionnaires. The averaged response rate
for the 17 weekly EMAs was 90.4 %.

4.2.1. Smartphone sensor data

Application usage. In this study, we examined the applications that
participants actively engaged with during the research period. An
application was deemed “actively used” if it was accessed by a partici-
pant at least once, as opposed to merely running in the background. Out
of 2,402 applications identified, information retrieval tools such as
search engines and browsers, notably Google (n = 111) and Chrome (n
= 105), were used by more than two-thirds of the participants
(Appendix Figure A.1). Additionally, many participants had installed
and utilized functional tools like Google Maps (n = 106), Google Mobile
Service (n = 100), and Google Wallet (n = 61). Notably, specific ap-
plications popular among our student cohort include Okta Verify (n =
86), PTV (Public Transport Victoria) (n = 70), and Canvas Student (n =
69). These applications are responsible for identification verification,
transportation services, and academic platform access, respectively.

Our analysis revealed that Instagram (n = 348,002, Mean = 3,412,
SD = 4,815, IQR = 3,164), WhatsApp (n = 251,432, Mean = 3,411, SD
= 5,724, IQR = 4,008), and Facebook (n = 112,765, Mean = 1,226, SD

= 2,071, IQR = 1,427) are the most popular applications, with the
highest frequency of accesses during the study period. These applica-
tions also delivered notifications most frequently, with WhatsApp
delivering a mean of 790 notifications (SD = 3,735, IQR = 43.5) during
the study period, Instagram delivering a mean of 163 notifications (SD
= 537, IQR = 13), and Facebook delivering a mean of 155 (SD = 537,
IQR = 12). Although there were significant variations in usage among
different participants for these apps, the findings suggest a high level of
engagement by many university students with these social media
platforms.

Keyboard. Based on the mean character typing amount, social ap-
plications are the most commonly used, underscoring that keyboards are
primarily utilized for social and communication purposes. Table A.3 in
the Appendix displays the applications with the highest typing usage
which varies greatly among participants. For instance, Tumblr, a
microblogging and social networking software used by three partici-
pants, had the highest keyboard typing amounts (approximately 848
types per day), indicating maximum output from these users. WhatsApp,
Facebook, and Instagram, among the most popular apps among uni-
versity students, also showed significant typing activities. Similarly,
other frequently used apps such as Discord, Messenger, and WeChat
witnessed high typing sessions. We note that 25 participants disabled
keyboard data collection at different times during the study so the actual
keyboard usage (access amount) in these applications is likely higher
than our recorded data suggests.

Screen. Regarding screen usage, participants unlocked their smart-
phones 46 times (Mean = 46.3, SD = 28.9, IQR = 35.7) and used their
phones for approximately 4.1 h per day (Mean = 4.1 h, SD = 2.2 h, IQR
= 2.8 h) on average, with each session lasting 8 min on average (Mean =
8.1 min, SD = 7.5 min, IQR = 6.9 min). The average maximum duration
of screen unlocked episode is an hour (Mean = 60.9 min, SD = 34.4 min,
IQR = 40.3 min) and the minimum is 1 min (Mean = 1.0 min, SD = 3.6
min, IQR = 0.2 min).

Communication. We observed significant variations in the duration
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of phone calls made by participants per day collected from telephony
throughout the study (Mean = 6.6 min, SD = 15.4 min, IQR = 5.3 min),
indicating diverse phone communication patterns for various purposes.
It should be noted that prior literature (Hendrickson & Rosen, 2017)
indicates that international students, who form a large percentage of our
cohort (Fig. 3a), often opt to use social media applications for making
calls instead of traditional phone services. Hence, phone and SMS figures
may under-represent true communication quantities. Additionally, our
data show that the total number of outgoing calls during the study
period (n = 8,387, Mean = 69.3, SD = 84.7, IQR = 74.0) was roughly
double that of incoming (n = 4,960, Mean = 40.7, SD = 51.6, IQR =
46.8) or missed calls (n = 4,109, Mean = 32.0, SD = 40.4, IQR = 32.0).
This pattern suggests that university students are more likely to initiate
calls than to receive or miss them.

Rapids generated features. The highlighted smartphone sensor
features generated are summarized in Table 1, providing a holistic view
of participants’ behaviors with their devices throughout the study. On
average, participants spent approximately 10 h per day at the most
significant locations such as home, work, or university, with the time
spent ranging from a minimum of 7 h to a maximum of 11 h. Specifically,
the average time spent at home was 9 h. Furthermore, the standard
deviation in call features reveals substantial variability in communica-
tion patterns among participants, including differences in call duration
and overall phone call usage.

4.2.2. Participant-reported psychometrics

We observed consistent changes in self-reported DASS-21 scores at
the beginning, middle, and end of the semester. Reported depression,
anxiety, and stress showed incremental changes from baseline to
midterm, with a consistent decrease between midterm and semester
completion. Out of a total score of 21, the mean depression scores at
baseline, midterm, and completion were 5.93, 5.68, and 4.69, respec-
tively. The mean anxiety scores at the three time points were 5.62, 4.95,
and 4.76, respectively, while the mean stress scores were 7.72, 7.59, and
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6.44, respectively. Additionally, the average loneliness score, as
measured by the ULS-8 (ranging from 8 to 32), dropped from baseline
(Mean = 18.12) to midterm (Mean = 16.57) and remained stable at the
end of the semester (Mean = 16.24).

The DASS subscales (depression, anxiety, and stress) have each been
categorized into five severity levels: normal, mild, moderate, severe, and
extremely severe. As shown in Fig. 4, the proportion of participants
reporting normal and mild levels of depression, anxiety and stress
increased over the time, while the proportion reporting extremely severe
ratings decreased.

Among the three subscales, 42 %, 52 %, and 36 % of participants
reported depression, anxiety, and stress levels above mild, respectively
at the beginning of the semester. These figures slightly adjusted to 38 %,
44 %, and 33 % by mid-semester and decreased to 28 %, 43 %, and 26 %
by the end. Anxiety was the most frequently reported at extremely se-
vere levels compared to depression and stress (Fig. 4), indicating a
higher susceptibility among students to anxiety than depression and
stress.

For the MHC-SF scale, our study found that 61 % of participants were
categorized as moderate, 34 % as flourishing, and only 5 % as lan-
guishing. Regarding CSSWQ, participants generally rated their univer-
sity experience positively on the CSSWQ scale, with average scores
exceeding 70 % (Table 2). Regarding the Smartphone Addiction Scale
(SAS), which is reported with an average score of 29.9 out of 60
(Table 2), the majority of participants demonstrated a relatively normal
level of smartphones usage. Only a small proportion displayed signs of
excessive addiction.

Debriefing scores indicate overall feasibility, validity, and accept-
ability of the study among participants, as summarized in Table 3.
However, privacy concerns were notably higher regarding the collection
of keyboard data and on-screen text, understandably reflecting sensi-
tivity towards the personal and semantic content accessed and generated
on smartphones.

Normal
0 Mild
" Moderate
E . Severe
50 Extremely
3 = Severe
S
¥ a0
[
a
-
5 30
=
[
-E 20
3
Z 0
0
baseline mid-term completion
Low
Normal
0 % Moderate
- W High
c
[
2
g 60
£
[
a
-
0 40
n
[
-]
E 20
z
o | B

baseline mid-term completion

d
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measures at three points of the university semester: baseline, mid-term, and completion.
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4.2.3. Weekly participant-reported questionnaire data

Throughout the 17-week study period, an average of 136 partici-
pants completed the weekly questionnaires, either at the end of each
week or at the beginning of the following week. The data metrics are
summarized in Table A.4, where questionnaires that were not completed
were counted as missing data. Note that in terms of the 17-week period,
week 10 represents a university non-teaching period, week 13 repre-
sents the last teaching week, week 14 represents a study-without-
teaching vacation week, and week 15-17 represent weeks in which
examinations were held. PANAS results show that students’ positive
affects (Fig. 5a) were steadily higher than negative affects (Fig. 5b)
throughout the semester, with an overall trend of opposite fluctuations.
Concurrently, Fig. 6 highlights peaks in assessments during weeks 6 and
13; on average each participant had about two ongoing assessments
during these peaks. Note that assignments may span multiple weeks, so
the sum of the weekly assignments or assessments over 17 weeks may
not provide meaningful insights.

Another two periodic measures, general mental wellbeing as
measured (fortnightly) by the WHO-5 scale, and average weekly sleep
quality, saw a low point in week 6 of the semester, which corresponds to
a high point of the number of assessments. A noticeable improvement in
both sleep and WHO-5 mental wellbeing was observed during the non-
teaching period, followed by a sharp decrease over the next five weeks.
Towards the end and after the exam period, participants reported
significantly improved sleep (Fig. 7a) and mental wellbeing (Fig. 7b),
reaching peak levels at the end of the exam period, in line with the
assessment schedule. We note that many students would have finished
their own exams before the final week of the examination period, which
probably explains the increase in average cohort wellbeing prior to the
complete end of the examination period.

4.2.4. Academic performance

Out of the 122 students who consented to share their academic
performance data, we will focus on the 112 who are coursework stu-
dents. Specifically, 53 % of them were enrolled in the standard four
subjects during the semester, while 23 % took three subjects, 10 % took
two subjects, 8 % took five subjects, 5 % took six subjects, and less than
1 % took seven subjects.

Additionally, we collected Weighted Average Marks (WAMs) before
and after the semester to compare any changes in students’ academic
performance. Approximately 46 % of students experienced an increase
in their WAMSs after the semester, while 36 % observed a decrease, with
the remaining 18 % commencing the semester as first-year students.

4.3. Statistical analysis

The results of the exploratory analysis are reported across three
topics: the associations between smartphone features and the various
self-report measures throughout the semester (§4.3.1), the associations
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Fig. 6. Number of weekly assessments averaged among 136 participants over
17 weeks.

between student wellbeing and mental health measures (§4.3.2), and the
correlations between students’ weekly behaviors and affective states
(84.3.3). Additionally, we examined the correlations between students’
academic performance at the end of the semester and their smartphone-
inferred behaviours over the semester; however, no significant results
were found in this area.

4.3.1. Student behaviors and mental health status

Table 4 presents the moderate correlation results (r; > 0.3, p < 0.05)
from the exploratory-confirmatory correlation analysis. Below is a
descriptive summary of the key correlation results observed in both the
exploratory and confirmatory phases.

e Screen usage

— A positive correlation was found between the maximum duration
of screen unlocking in a day and reported loneliness item level
before the semester began: “I am unhappy being so withdrawn.”

e Location

— The average duration of staying at significant locations in a day
negatively correlates with the reported depression at the end of
semester.

— The maximum durations of stays at significant locations in a day
negatively correlates with the reported depression at the end of
semester.

— The minimum durations of stays at significant locations in a day
negatively correlates with the reported depression at the end of
semester.
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Table 4
Spearman correlation results between smartphone sensor features and psychometrics measures.
Sensor feature Psychometrics feature Exploratory Confirmatory Sensor Questionnaire
rs p- IS p-
value value
The maximum time of screen being Item 7 reported loneliness (ULS) before the semester starts: I am 0.348 0.043 0.349 0.043 Screen ULS
unlocked in a day unhappy being so withdrawn
The average period of staying at Reported depression (DASS) at the end of semester —0.382  0.034 —0.385  0.030 Locations ~ DASS
significant locations
The maximum period ofstaying at Reported depression at the end of semester -0.374  0.042 -0.374  0.038
significant locations
The minimum period ofstaying at Reported depression at the end of semester —0.397  0.027 —0.399  0.024
significant locations
Time spent at the most significant Reported depression at the end of semester —0.366  0.048 —0.366  0.045

location

— Time spent at the most significant locations in a day negatively
negatively correlates with the reported depression at the end of
semester.

4.3.2. Psychometrics and student evaluations

We investigated the correlation between student wellbeing CSSWQ
and other psychometrics including DASS, ULS, SAS, BFI and MHC-SF.
The findings, as shown in Table 5, indicate the following significant
correlations.

e Students reported higher depression at the end of the semester ten-
ded to have a lower university student subjective wellbeing score.

e Students reported higher loneliness scores at the end of the semester
tended to have a lower university student subjective wellbeing score.

e Students with higher levels of Extroversion tended to report a higher
university student subjective wellbeing score.

4.3.3. Weekly behaviors and affective states

In our study, we also investigated the relationships among weekly
reported sleep status, academic assessments, and positive/negative
affect. The significant correlations, as shown in Table 6, are as follows.

Table 5

Spearman correlation results between CSSWQ and psychometric measures.
Measure Exploratory Confirmatory

TS p-value rg p-value
DASS (Depression dimensions) at end —0.495 <0.01 —0.496 <0.01
of semester

ULS loneliness at completion —0.486 0.001 —0.486 0.001
BFI (Extroversion dimension) 0.403 0.007 0.404 0.007

e Students who reported better sleep quality tended to have fewer
academic assessments in that week.

o Students who reported better sleep quality generally have more
positive emotions during that week.

5. Discussion

Our study has examined the smartphone usage and behavior, mental
health, and wellbeing of university students in terms of digital pheno-
typing. We collected continuous passive sensing data and self-reported
questionnaire/psychometric measures from a cohort of Australian uni-
versity students over an academic semester. The feasibility and accept-
ability of collecting such sensitive data among university students is
supported by the debriefing questionnaire results and the overall success
of the data collection endeavour. The smartphone sensor data captures
students’ daily behavior, including location trajectories, digital traces,
communication patterns, and smartphone usage. The questionnaire data
provides insights into students’ perceptions and affects during the study
period. Descriptive analysis and statistical models reveal the

Table 6
Spearman correlation resultsamong weekly reported questionnaire scales.
Feature 1 Feature 2 Ts p-
value
Sleep number of academic —0.53  0.03
assessment
Sleep positive affect 0.57 0.02
Sleep negative affect -0.24 035
number of academic positive affect -0.11 0.68
assessment
number of academic negative affect 0.06 0.82
assessment
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interconnection between data obtained through these two methodolo-
gies, thereby applying digital phenotyping to assess university students’
mental health and wellbeing.

Variations in sensing platforms, feature extraction methods,
geographic settings, and study timelines can introduce inconsistencies
that complicate interpretation, making cross-study comparisons chal-
lenging due to substantial methodological heterogeneity. Consequently,
we caution that observed discrepancies across studies may reflect
methodological differences rather than true behavioral variation and
should be interpreted with care.

5.1. Primary findings

Statistical analysis. Our correlation results suggest that certain in-
sights can be gained into students’ mental health by observing certain
smartphone-inferred behaviors. Specifically, the positive correlation
between the maximum duration of screen unlocks per day and the re-
ported loneliness levels prior to the semester’s start suggests that stu-
dents experiencing higher levels of loneliness tend to spend more
concentrated time on their smartphones. This aligns with previous
findings that link increased smartphone usage to greater loneliness (Bian
& Leung, 2015; MacDonald & Schermer, 2021).

Additionally, we found that students who spent more time at sig-
nificant locations report fewer depressive symptoms. This finding aligns
with previous research indicating a negative correlation between
depression and various location-based features, such as the number of
significant places, mean length of stay at clusters, number of clusters,
and location count (Shin & Bae, 2023). Other studies have also identified
similar negative correlations between these location-based features and
depression levels (Canzian & Musolesi, 2015; Wang et al., 2022).

The results may seem counterintuitive, particularly considering
findings that more time spent at home, which is often a significant place
for individuals, is associated with higher levels of depression (Saeb et al.,
2015). However, this phenomenon might be especially pronounced for
the student cohort of our participants, whose significant locations are
often restricted to school and libraries. Increased opportunities for social
events within school or a focus on engaging academic tasks could
potentially mitigate feelings of depression in this group. Given that the
depression was reported at the end of the semester after exams, it is
hypothesized that students who spent a lot of time at academically or
personally meaningful locations (such as the university, home, or li-
brary) may have maintained stronger academic routines or support
systems, that could contribute to lower depression levels related to ac-
ademic stress or performance. This may also suggest that environmental
engagement (frequent movement and visiting multiple locations) may
play a meaningful role in post-exam psychological recovery.

Also, we observed that the depression levels measured at midterm
and these location features showed statistically significant weak nega-
tive correlations (between 0.1 and 0.2). This trend, although not
meeting our standards for inclusion in the main report, aligns with the
overall pattern of a negative correlation between location-based features
and depression.

Students who rated their university experience more positively
exhibited lower levels of depression and loneliness. This finding is
consistent with past research indicating that positive evaluations of
university life are inversely related to mental health issues (Fagih &
Nasab, 2023). Our results suggest that the College Student Subjective
Wellbeing Questionnaire (CSSWQ) not only reflects academic experi-
ences but also correlates with students’ personality and mental well-
being, particularly with self-perceptions of being withdrawn. This
means that those who expressed dissatisfaction with their university
experience may be more susceptible to experiencing mental health is-
sues or even mental illnesses. This underscores the importance of
addressing students’ mental health needs for fostering a conducive
learning environment. Our one notable finding regarding the BFI per-
sonality assessment and CSSWQ suggests that efforts to improve the
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university wellbeing/experience of more introverted students merit
attention.

5.1.1. Preliminary observations

At the start and midterm of the semester, while the majority of
participants reported normal levels of depression, anxiety, and stress, a
significant portion still experienced symptoms beyond mild severity,
underscoring the prevalence of these mental health problems among
university students (Asif et al., 2020; Ibrahim et al., 2013). Across the
reporting time points, there was a noticeable decrease in students’ levels
of depression, anxiety, and stress, by the post-semester point.

Note that many students had completed their midterm assessments
by Week 8 and their final exams by Week 17, a post-assessment period
typically marked by a reduction in academic pressure. This timing likely
contributed to the observed decline in psychological distress at the end
of the semester. We acknowledge the limitation of assessing these
measures specifically at Weeks 8 and 17, but this was unavoidable due to
the diversity of our participant cohort, which included students from
different departments with varying assessment schedules. This limita-
tion could be mitigated in future studies by implementing more frequent
assessment time points.

Prior research has documented similar trajectories of after-exam
release of stress. This decreasing trend corresponds with the findings
from the StudentLife study (Huckins et al., 2020) which showed that
post-exam period saw declines in the symptoms in depression and anx-
iety. For instance, a study (Sano et al., 2018) measured university stu-
dents’ physiological stress via wearable sensors and found their stress
peaked during exams and decreased after academic demands subsided.
Similarly, past studies (Wuthrich et al., 2021) have found that students’
stress decreased once exams conclude.

There are studies with findings indicating increasing depression,
anxiety and stress throughout university semesters (Barker et al., 2018;
Garett et al., 2017; Pitt et al., 2018; TimelyCare, 2023). These studies
typically sampled from a single cohort or department (Pitt et al., 2018)
and utilized frequent measurement points (Barker et al., 2018; Garett
et al,, 2017) or analyzed platform usage data (TimelyCare, 2023),
thereby allowing them to capture the escalation in distress. In contrast,
our study with assessments only at semester midpoint and end across
multiple departments may have missed mid-semester peaks, leading to
different descriptive trends.

Simultaneously, students reported reduced feelings of loneliness
throughout the semester, potentially due to enhanced social interactions
through academic collaboration, school activities, peer engagement,
and club events. This observation is consistent with previous studies
showing that students tend to report lower levels of loneliness at the end
of the semester compared to the beginning (Hopp et al., 2022; Thomas
et al., 2020), suggesting that engagement in university life may help
alleviate feelings of loneliness over time. Prior research has indicated
that feelings of loneliness can exacerbate stress perception (Stoliker &
Lafreniere, 2015). Thus, the observed decrease in loneliness may explain
the relatively lower incidence of extreme stress compared to depression
and anxiety.

5.2. Limitations and future directions

Our study is subject to several limitations. Firstly, our inclusion
criteria required participants to use smartphones with the Android
operating system, thereby excluding users of other smartphone plat-
forms, notably iOS systems. Also, technical issues, such as software in-
compatibility with the data collection tool, namely AWARE-Light,
resulted in missing data for some participants. Although we attempted to
mitigate this issue by screening out participants with a significant
amount of missing data, achieving perfect data completeness was not
feasible. Furthermore, while our study cohort is larger than most of the
previous investigations, it is limited to a single university and tracks
changes over only one semester. The generalizability of our findings
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could be enhanced by collecting data from diverse tertiary education
institutes.

Additionally, the DASS-21 and CSSWQ instruments are designed to
assess psychometrics over specific time frames, namely a week and a
month, respectively. In our study, we investigated the correlations be-
tween these psychometric measures and sensor features averaged over
an entire semester. While there is no established guideline on the
optimal time window for such analyses, future research should consider
generating smartphone sensing features based on shorter timeframes,
such as one or two weeks, immediately preceding the psychometric
assessments.

For future research, we intend to investigate this data further, such as
the relationship between screen reader data and students’ mental health
status, as well as the associations between the weekly EMA results and
smartphone-derived behaviour/context information divided into
weekly segments. The exploration of sleep can also involve analyzing
smartphone/wearable-inferred sleep quantities in relation to self-
reported sleep measures. Furthermore, there are opportunities to
develop machine learning models and conduct causal analyses.

6. Conclusion

Our study has delved into the daily behaviors of 151 university
students over the course of a semester, examining how these behaviors
intersect with their mental health and wellbeing through smartphone
passive sensing and questionnaire delivery. By discerning mental health
status from students’ daily activities, our research aims to contribute to
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understanding, regulation, and early detection of mental health issues
among students using smartphone data. Of note, we found that the
maximum daily screen unlock duration was positively correlated with
reported level of loneliness, while the time spent at significant locations
was negatively associated with reported level of depression. Shedding
light on the correlation between behaviors and mental health can be
particularly beneficial for individuals with lower mental health literacy,
with the goal of assisting them to identify periods in which help seeking
would be appropriate.
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Table A.1
Weekly EMA Questions
Item Question
1 How many tests/quizzes have you had this last week?
e 0 o1 2 3 e 4 or more
2 How many assignments have been due this last week?
o0 o1 °2 *3 ® 4 or more
3 How well was your sleep in the past week?
e Very bad o Not well o Neutral o Well o Very well
4 If there were any significant events related to your study experience during the past week, please explain.
5 If there were any other significant events during the last week that may have impacted your mood, behaviour, or phone usage, please explain.
Table A.2
Group size for the exploratory/confirmatory factor analysis
Sensor/Questionnaire Baseline Midterm Completion Total
Battery 127 124 123 129
Screen 124 121 121 126
Locations 96 95 93 98
Applications foreground 67 66 65 69
Keyboard 58 57 56 60
Calls 129 124 123 131
Messages 128 123 122 130
Total 148 143 139 -
Table A.3

Distribution of typing amounts for apps with the highest typing activity per day per participant

Application Mean SD IQR Number of participants using the application
Tumblr 848.7 1067.8 1160.3 3
WhatsApp 602.3 744.1 976.5 47
Facebook 465.6 700.7 531.6 47
Line 455.0 407.4 493.9 3
Grindr 317.6 129.2 155.5 3
WhatsApp (Business) 316.8 179.0 179.0 2
Instagram 308.1 414.8 297.2 53
Telegram 243.0 403.3 253.3 10
Discord 240.1 752.5 63.1 20
Pawshake 230.7 226.6 226.6 2
ColorNote 186.4 226.6 267.2 3
Zalo 178.1 25.5 25.5 2
Soul 175.4 0 1
Microsoft OneNote 170.9 0 1
Jack’d 166.7 0 1
Skype 165.9 0 1
Snapchat 120.0 182.6 82.8 12
Brave 104.0 132.1 128.7 7
Google Messages 101.3 139.1 130.2 26
Pureprofile 101.2 0 1
Google Voice 93.8 0 1
WecChat 90.8 187.53 78.7 10
QQ 89.7 0 1
Table A.4
The number of participants who completed weekly questionnaire
Week 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
Participants number 142 144 140 141 139 139 143 136 135 136 131 128 131 133 135 132 136
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Table A.5
Explored features for the exploratory-confirmatory analyses

Computers in Human Behavior Reports 19 (2025) 100769

Set 1 Set 2

Number of Labels

feature pairs

depression/axiety/stress averages/gain/completion debriefing items/averaged items (17) 153 DASS, Debriefing
score (9) questions
loneliness averages/gain/completion score (9) debriefing items/averaged items (17) 153 ULS, Debriefing questions
Total score of Smartphone Addiction Scale (1) debriefing items/averaged items (17) 17 SAS, Debriefing questions
Total score of MHCSF (1) debriefing items/averaged items (17) 17 MHCSF, Debriefing
questions
Age, year of enrollment and working hours (3) debriefing items/averaged items (17) 51 demographics,
Debriefing questions
Personalities of Extraversion, Agreeableness, debriefing items/averaged items (17) 85 BFI, Debriefing questions
Conscientiousness, Neuroticism and Openness (5)
depression/axiety/stress averages/gain/completion CSSWQ total (1) 9 DASS, CSSWQ
score (9)
loneliness averages/gain/completion score (9) CSSWQ total (1) 9 ULS, CSSWQ
Total score of Smartphone Addiction Scale (1) CSSWQ total (1) 1 SAS, CSSWQ
Total score of MHCSF (1) CSSWQ total (1) 1 MHCSF, CSSWQ
Age, year of enrollment and working hours (3) CSSWQ total (1) 3 demographics, CSSWQ
Personalities of Extraversion, Agreeableness, CSSWQ total (1) 5 Debreifing questions,
Conscientiousness, Neuroticism and Openness (5) CSSWQ
Smartphone charging and discharging time and depression, anxiety, stress, loneliness, personality, student experience and 312 Battery, psychometrics
battery consumption rate (6) debriefing questions measured, at baseline, mid-term and completion (52)
Counts and durations of screen unlocks (7) depression, anxiety, stress, loneliness, personality, student experience and 319 Screen usage,
debriefing questions measured, at baseline, mid-term and completion (52) psychometrics
Travelled distance, time spent in location clusters, depression, anxiety, stress, loneliness, personality, student experience and 1040 Locations, psychometrics
and moving speed (20) debriefing questions measured, at baseline, mid-term and completion (52)
Application usage time and access for different depression, anxiety, stress, loneliness, personality, student experience and 4680 Application usage,
application categories (90) debriefing questions measured, at baseline, mid-term and completion (52) psychometrics
Typing touches, typing speed, session count and text  depression, anxiety, stress, loneliness, personality, student experience and 520 Keyboard usage,
length (10) debriefing questions measured, at baseline, mid-term and completion (52) psychometrics
Call duration/counts, message counts (39) depression, anxiety, stress, loneliness, personality, student experience, and 2028 Communication,
debriefing questions measured, at baseline, mid-term and completion (52) psychometrics
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