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ABSTRACT

Experiencing continued growth in demand for mental
health services among students, colleges are seeking
digital solutions to increase access to care as classes
shift to remote virtual learning during the COVID-19
pandemic. Using smartphones to capture real-time
symptoms and behaviours related to mental illnesses,
digital phenotyping offers a practical tool to help colleges
remotely monitor and assess mental health and provide
more customised and responsive care. This narrative
review of 25 digital phenotyping studies with college
students explored how this method has been deployed,
studied and has impacted mental health outcomes. We
found the average duration of studies to be 42 days
and the average enrolled to be 81 participants. The
most common sensor-based streams collected included
location, accelerometer and social information and these
were used to inform behaviours such as sleep, exercise
and social interactions. 52% of the studies included
also collected smartphone survey in some form and
these were used to assess mood, anxiety and stress
among many other outcomes. The collective focus on
data that construct features related to sleep, activity
and social interactions indicate that this field is already
appropriately attentive to the primary drivers of mental
health problems among college students. While the
heterogeneity of the methods of these studies presents
no reliable target for mobile devices to offer automated
help—the feasibility across studies suggests the
potential to use these data today towards personalising
care. As more unified digital phenotyping research
evolves and scales to larger sample sizes, student mental
health centres may consider integrating these data into
their clinical practice for college students.

INTRODUCTION

Against the backdrop of COVID-19, college mental
health services, like the rest of the field, are moving
online. While synchronous telehealth solutions
like telepsychiatry offer continuity of care, the
need for asynchronous solutions that can increase
access to care such as digital phenotyping is now
patent. The astounding number of college students
experiencing mental health problems is not new
to this period of COVID-19, with the 2019 Amer-
ican College Health Association National College
Health Assessment revealing that 13% of college
students seriously considered suicide within the
past year.' Reasons for this increase in students with
diagnosed mental health conditions, from 22%
to 36% from 2007 to 2017, remain unclear but
include a decrease in stigma leading to more help
seeking and increases in stress faced by students

among other contributing factors.> Now, a national
survey of college students in April of 2020 suggests
that the prevalence of anxiety, depression and social
isolation has only increased during the coronavirus
pandemic with 20% of students reporting that their
mental health has significantly worsened under
COVID-19.°

These early survey results show a growing mental
health crisis in college students and the urgent need
for mental health solutions adapted to an increas-
ingly remote lifestyle and ‘social distancing’. After
being sent home from colleges and their campus
mental health centres, 55% of students reported
they did not know where to go for mental health
help.® As colleges seek to understand how students
are coping, provide personalised care and offer
preventive mental health services—they will need
to use digital phenotyping. Defined as using data
from sensors and interactions on personal digital
devices to measure behaviour, digital phenotyping
is actually not a novel concept and has already
been used to offer new insights into college mental
health.**

College students are particularly well suited
to digital phenotyping as smartphone ownership
among college-aged adults is higher than any other
age group.” Students’ response rates to active data
prompts in previous digital phenotyping research
shows that students are accepting of and adherent to
digital phenotyping apps on their mobile devices.®
Additionally, a study of active data responses among
college students during the COVID-19 pandemic
demonstrates that students can adopt these tech-
nologies with ease and speed, allowing immediate
data collection and monitoring during rapidly
changing circumstances. This pilot studies demon-
strated that digital devices are already being used to
collect data on college student mental health over
time in a way that single time point surveys cannot.’
Further implementation of digital phenotyping in
colleges can identify the reasons that students may
be experiencing mental health problems as well as
offer timely treatments. Data from smartphones
paired with clinical assessment data can reveal
what behaviours or combination of behaviours are
correlated with mental health problems, getting at
the root of why colleges are seeing this number of
mental health problems. Then, personalised psychi-
atric interventions can be delivered to students’
smartphones when smartphone data reveals that the
student is struggling.

The potential of digital phenotyping is best
understood in terms of the data behind it.

Digital phenotyping generally involves constant
mobile sensing and collection of data through
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smartphones or other technology such as wearable smart-
watches. One of the greatest benefits to leveraging smartphones
in digital phenotyping studies is their ability to collect many
disparate variables concurrently. In general, data types are cate-
gorised as active or passive data. Active data are that in which
patient experience is captured through conscious user engage-
ment such as a student reporting thoughts of suicide; passive
data are that in which patient experience is captured without
conscious user engagement (ie, the user does not submit experi-
ential data explicitly) such as the phone recording that a student
has not slept in the past 36 hours.

While the ability of devices to collect this wide array of data
offer many potential benefits such as offering personalised
psychiatric care, encouraging preventive care and providing
the necessary context for self-help based just-in-time adaptive
interventions—the actual use of digital phenotyping in college
students and resulting insights from that data remain unclear.
In this review, we aim to summarise the current practices in
digital phenotyping for college student mental health in order to
describe how digital phenotyping can best serve college students
and to identify best practices.

METHODS

Articles were found from a search of Google Scholar records
(up to May 2020) with keywords including ‘college students’
or ‘college mental health’ and ‘digital phenotyping’, or ‘mobile
sensing’, or ‘passive sensing’. Articles were screened to ensure
that the population of interest was college students. Articles
which proposed studies or study methodologies but did not
include completion of a study or offer data were not included.
Studies that collected active data but no passive data were not
included, but those that collected only passive data were still
considered digital phenotyping and included in this analysis.
Because digital phenotyping studies vary widely, a systematic
review was not feasible. Instead, the 25 articles included present
a narrative review of the current practices of digital phenotyping
studies for college student mental health.

PRESENTATION

Devices: Smartphones

The ubiquity of smartphones allows for mobile sensing to be
applied on a large scale, particularly among the college popula-
tion wherein it is estimated that 96% of US adults ages 18-29
years own and operate smartphones regularly.” Despite this,
inconsistencies persist in how data are collected via smart-
phones among digital phenotyping research for college students.
Some studies made an effort to provide students with a study
phone in order to standardise the quantity and quality of data
being collected. However, students were less likely to carry a
secondary phone or switch to a new phone, leading to a disparity
in data quality among the group that used study phones as their
secondary device.® ' "' Other studies distributed study phones
to all participants,'* * or restricted participation to those indi-
viduals with android phones, excluding any iPhone operating
systems (I0S)."*%* This is because IOS systems prohibit apps
from running constantly in the background and the app approval
process to the Apple App Store is more challenging.

Devices: Wearables

One fundamental complication of using a mobile device to
collect passive data on an individual’s movement is that it
assumes that an individual will always have their mobile device
on their person as they move. Because this is not always the case,

wearable technology such as smartwatches and activity trackers
have also been employed by digital phenotyping studies to
capture passive data and construct features primarily related to
activity and sleep." '® 2° Data from wearables are thought to
be more accurate or capture more data, allowing more nuanced
feature constructions such as sleep efficiency and when sleep
was restless.”’ Wearables also offer physiological data features
such as heart rate and electrodermal activity. One study sought
to determine whether a wearable could detect heart rate enough
to make inferences about an individual’s depression, but they did
not find any significant correlation.” Studies using wearables for
physiological data streams found that reliable data were sparse
as external factors such as temperature, movement and humidity
interfered with accurate readings.'”” Additionally, wearables
had a short battery life. Some had to be charged every night,
running the risk that they would be forgotten or worn incor-
rectly thus leaving gaps or inconsistencies in data.”* >

N and length of study

Digital phenotyping research on college students seems to have
little to no consensus on the scope of each study in terms of
the duration of the study and the number of participants. Study
length varied from as short as 1week up to three college semes-
ters with an average of 42 days (excluding one study of unclear
duration).'* % Because these studies focus specifically on college
students, research is often constrained to the length of college
semesters. Many researchers have adopted a duration of 10
weeks as the standard duration, although there is no research
comparing how length of digital phenotyping studies impact
results.® 277 Likewise, the number of college students included
in these studies varies widely from as few as 15 to as many as
350 with an average of 81 participants (see table 1).%2** With no
consensus around participants or duration of study, the field of
digital phenotyping for college students lacks clear guidance on
best practices.

Data set

Further, the field of college digital phenotyping is defined by a
few key studies with publicly accessible data sets. Researchers
are making use of these existing data to run new analyses and
report new findings.'” > ' ¥ One of the more robust data sets
was gathered in 2011 and is still being analysed.'* The repeated
use old data runs the risk of using increasingly outdated and now
irrelevant information in a quickly evolving field to make predic-
tions and inferences of students today.

Active data

As mentioned, digital phenotyping often involves the collection
of both active and passive data. However, while passive data
streams fall into a few discrete categories, methods of collecting
active data cover a wide range. Thirteen, or 52% of studies in
this analysis included some active data collection. Generally,
active data collection involves ecological momentary assessments
(EMAs) distributed to a participant through their mobile device.
These often appear in the form of short surveys derived from
gold-standard clinical assessments or questions related to the
focus of the research, but other types of EMAs such as journals or
mobile photographic metres are also used.® 1718 2223 262930 The
administration of EMAs to participants’ devices varies from as
infrequently as once a week to as often as eight times a day with
little justification as to why these methods were used.® > *” The
variety of types of EMAs distributed, the specificity of survey
EMA questions, and the differences in frequency of EMAs
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Figure 1  Feature constructions from passive data streams.

provides little guidance for how these studies should be carried
out going forward and limits the generalisability of findings.

Passive data

Smartphones lend the unique opportunity to collect a variety
of passive data streams from a user which can then be used to
construct features (ie, knowing when someone’s phone was still
for a long time and there was no light can give insight to a partic-
ipant’s sleep patterns) (see (figure 1).

Identifying which of these data streams or combination of
data streams are predictors or signals of mental health problems
is often a challenge in digital phenotyping studies. The most
popular data streams have generally been location, accelerom-
eter and social information (see figure 2). Here we examine
which data streams are employed for different feature construc-
tions and which data streams are most widely accepted and most
useful in analysis.

Location

Location data were most commonly collected through a
mobile device’s global positioning system (GPS), returning
a stream of geographical coordinates. Seventy-six per cent
of studies in this analysis collected location data on partici-
pants, 7 12 14718 20 2325 2833 Ope common analysis of location
data includes location mapping or classifying specific location
coordinates as important locales such as a participant’s home,
classrooms and study spaces,® 1012 141618 23 25 27-33
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Figure 2 Most popular passive data streams collected.

Accelerometer

A smartphone’s accelerometer records the movement of
the phone and can be used to understand activity levels of a
participant and was collected by 64% of studies in this anal-
ysis® 713 13 16181922726 29303234 pocause reduced levels of activity
can be indicators of stress, depression or anxiety, previous
studies have correlated scores on clinical measurements in these
areas with accelerometer data to show that clinical outcomes can
be inferred from passive data sensing.® 1216 % 232 Accelerom-
eter data can also be used in conjunction with other features
to calculate an individual’s sleep habits (ie, the phone was
stationary).® 13 192323272930 Ope limitation of accelerometer data
from smartphones is that not everyone carries their phone with
them constantly, so the phone may not capture the true level of
activity of a participant.

Social Information

Given that changes in social behaviour are often both symptoms
and signs of many mental illnesses, interest in using smartphones
to gain insights into these domains has been high. Fifty-two per
cent of the studies in this analysis collected participants’ call
logs, and 48% collected participants’ SMS (texting) or email
activity to analyse the frequency and duration of calls, emails
and texts.72 24233234 o me studies have looked at communica-
tion data in conjunction with location data to understand social
behaviours and infer outcomes such as social anxiety, depression,
loneliness and even grade point average (GPA), !5 1618 1924253233
Most studies anonymised social data so that phone numbers
could not be found; however, some had participants submit
the phone numbers of their closest contacts to monitor those
social dynamics specifically.”® Social data streams can reveal
much about an individual’s social behaviour, but individuals
are far less willing to share these data given privacy concerns.*’
Additionally, smartphone operating systems are also recognising
privacy risks, with access to these social features among the first
to be revoked by Apple and Google. It is important to note that
these studies collected solely SMS messaging data and phone
calls through cell providers. This ignores any social communi-
cation through instant messaging apps (ie, iMessage, WhatsApp,
Facebook Messenger) or internet calling apps (ie, FaceTime,
WhatsApp, Skype). Internet-based apps have become popular in
recent years and their omission in previous digital phenotyping
research challenges the validity of these measures. However, due
to valid privacy concerns—it is not feasible to collect such data
in real time in a digital phenotyping manner.

Screen time

Correlations have been drawn between screen time and different
mental health problems, especially among college-age people,*
so gathering screen time data in digital phenotyping studies is
particularly relevant and was used by 40% of the studies in this
analysis, 'S 1718 21 2224 25 293034 1 some cases, screen time was
used to predict loneliness or happiness."® * However, more
commonly, screen time was used to construct sleep estimates
(sleep onset, duration and wake time) as the screen was likely off
for the duration of the sleeping period.!”%°3°

Screen lock and unlock events

Much like screen time, phone lock and unlock events can also be
telling of an individual’s phone use habits. Generally, these data
are gathered to calculate the number of phone checks per day
and the duration of phone sessions throughout the day in order
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to draw correlations between phone use behaviour and mental
health,21 232529 30

Bluetooth and microphone

Some digital phenotyping studies have also gathered Bluetooth
and microphone data from smartphones in an attempt to capture
duration and frequency of social interactions.® **** %’ Bluetooth
data show what other devices with Bluetooth active are nearby.
Assuming that another device with Bluetooth was a proxy for a
person, researchers can infer levels of social activity or instances
of co-location that an individual experienced. Inferring social
activity from Bluetooth data is dependent on the participant
as well as their acquaintances keeping their Bluetooth active
throughout the duration of the study which runs the risk that
social interactions may go unrecorded. Like Bluetooth, a phone’s
microphone can gather social behaviour by picking up on
ambient noise which can be then be categorised as either conver-
sation or voice and other ambient noises.® '* #22* 3 272939 (nder-
standing the quantity and frequency of social interactions can
inform clinical predictions around social anxiety and isolation,
depression, and stress.

Light sensor

Likewise, smartphones’ light sensor was also incorporated into
the feature construction for sleep.® ** % %7 2 3% Assuming that
most participants would sleep in the dark, the light sensor can
help narrow down the sleeping time frame for a participant as
well as their sleep onset and waking times.

App usage and browser history

Some digital phenotyping studies of college students collected
data on what apps and websites participants accessed on their
smartphone.'” 21 223* Apps and websites that students used were
recorded and categorised based on their primary function (ie,
entertainment, social media, finance, etc) in order to draw
correlations between scores on clinical assessments and phone
use behaviour.?! 223

DISCUSSION

This review highlights the collection of digital phenotyping
studies concerning college mental health in order to inform
the immediately pressing question of what role this technology
should have in care today in the COVID-19 era. Overall, the
direction of the field of digital phenotyping studies is prom-
ising. The focus on smartphone data streams reveals informa-
tion about sleep, activity and social interactions, highlighting the
collective potential to use these data to offer more personalised
and responsive mental health for college students.

However, the heterogeneity in the methods of studies reviewed
underscores the lack of standardised best practices and nascency
of this work. Most studies could be considered pilot studies
with an average of 81 participants per study and a duration
of 42days. The most popular patterns of passive data sensors
highlight the most promise for data streams including acceler-
ometer data, location data and screen use data. But because these
studies have generally focused on one or two specific mental
health conditions (eg, only anxiety for example) among college
students, there has not yet been a full investigation of how all of
the data streams may be combined to gain a more holistic view
of an individual’s mental health.

In conjunction with the heterogeneity of methods reviewed,
it is important to note that data reporting was also inconsistent
among studies reviewed. This limits the ability to compare these

studies as well as omits important information. For example,
most studies in this analysis did not include information about
adherence to the active data collection. Those that did report
adherence used a variety of measures. The lack of standardisa-
tion of reporting among remotely collected data is not a novel
problem. Guidelines exist for reporting these data and should be
considered for future digital phenotyping studies.’”

The results of this review demonstrate that it is both feasible
and acceptable to use digital phenotyping methods around
college mental health. This suggests that further pilot studies
may contribute less to the field as the new and next challenge lies
in drawing mental health inferences from these data as well as
using this information to improve clinical outcomes for students.
The inherent value in adding information such as sleep, social,
screen time, activity and location data into clinical formulations
and therapeutic plans is clear and in line with the biopsychoso-
cial model of mental health, but the complexity of such work as
alluded to remains. Thus, productive next steps include either
(1) A deeper phenotyping approach to attempt to glean insights
or (2) A broader phenotyping approach to find trends from
larger samples of students.

Such a deeper phenotyping approach could, for example,
capture new data streams like social media but will quickly raise
mounting ethical questions.’ For example, one study assessing
college students’ willingness to share key stroke data revealed
high levels of unacceptability.”” The second approach is to handle
complexity through a larger sample size, via a more unified
collaborative effort among colleges consisting of independent
studies with standardised procedures, digital phenotyping
methods and data reporting. Working together, this consortium
of institutions could provide a more comprehensive under-
standing of mental health among college students and provide
a sufficiently large and diverse sample to elucidate behavioural
signals from these data.

The ultimate goal of digital phenotyping with college students
is not only to understand why students experience these mental
health problems, but also offer more personalised and respon-
sive care—be that via an app, online programme or face-to-
face care. Based on the current evidence, digital phenotyping
can directly benefit student mental health today but not yet in
a fully scalable manner. As there were no clear trends in our
results that offered a reliable target just-in-time adaptive inter-
ventions (feedback loops utilzing digital phenotyping data to
trigger in-app interventions) —any smartphone or computer
programme offering fully automated care based on such data is
likely not optimised or accurate. Further sample sizes necessary
for reinforcement learning that could match individuals’ digital
phenotypes to responsive app interventions would require thou-
sands of students—something not seen in the current literature.

As COVID-19 continues to transform mental healthcare and
service delivery, colleges are well poised to benefit from digital
phenotyping. While these new data cannot yet automate care,
future research with standardised practices, reporting and larger
sample sizes are the next steps towards using digital phenotyping
to inform clinical treatment with college students.
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