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ABSTRACT
Major depressive disorder is a complex and common mental
health disorder that is heterogeneous and varies between
individuals. Predictive measures have previously been used
to predict depression in individuals. Given the complexity,
heterogeneity of major depressive disorder in individuals,
and the scarcity of labelled objective depressive behavioural
data, predictive measures have shown limited applicability
in detecting the early onset of depression. We present a
developed system that collects similar smartphone sensor
data like in previous predictive analysis studies. We discuss
that anomaly detection and entropy analysis methods are
best suited for developing newmetrics for the early detection
of the onset and progression of major depressive disorder.

CCS CONCEPTS
• Human-centered computing → Ubiquitous and mo-
bile computing; • Applied computing → Life and medi-
cal sciences.
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1 INTRODUCTION
Major Depressive Disorder(MDD) is one of the most common
mental health disorder, globally affecting about 300 million
people [16]. MDD is known to increase the risk of poor stud-
ies and job performance [14], the risk of suicide in extreme
cases, and also worsens the outcome of conditions such as
Parkinson’s disease [12] and Heart diseases [17], leading to
a negative impact in the well-being of individuals.

Notwithstanding the increased public awareness and the
availability of effective pharmacological and cognitive be-
haviour therapies, MDD affecting many individuals goes
undetected and untreated. The ability to detect the early on-
set of MDD in individuals will have significant impact on
addressing MDD. The current advancement in smartphone
sensing, Experience Sampling Method (ESM) and human be-
haviour modelling using affective computing, multi-modal
data fusion and machine learning algorithms [5, 18, 19] has
enabled the instrumentation smartphones to unobtrusively
detect MDD in individuals beyond laboratory confinements.
Previous studies [5, 6, 18, 19] have used Predictive Anal-

ysis (PA) and statistical analysis to study the association
between digital biomarkers and MDD. However, the appli-
cability of these methods to early detection of MDD is lim-
ited due to the scarcity of objective depressive behavioural
data from affected individuals, thus the PA results in low
predictive and statistical power. Moreover, PA predicts the
future with an assumption that the future will be as it was
in the past, which is unrealistic[4] in complex challenges
like MDD, whose symptoms is highly heterogeneous and
varies between individuals[8]. In addition, these previous
studies have relied on assessments of depression such as the
Patient Health Questionnaire (PHQ) [15], and the Beck De-
pression Inventory (BDI) [1]. These depression assessments
are subjective, have not changed in the last 30 years [19],
and were created largely by clinical consensus and not based
on empirical evidence[9]. Even with these limitations, these
methods remain the gold standard for assessing the progress
of MDD in individuals.
We present preliminary work towards the development

of a system for early detection of the onset of depression.
We collect similar data; smartphone sensor data, PHQ-9, BDI
and BIG-5[13] as previous studies[5, 6, 18, 19], however, we
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take a different approach in analysing the data using entropy
analysis [2, 3, 10],and anomaly detection[11] to develop new
methods and metrics that are insightful in understanding
the complex vectors of MDD for early detection of the onset
and progression of MDD.

2 RELATEDWORK
Several studies have carried out investigations of the sta-
tistical significance and correlation of digital biomarkers in
detecting and predicting metal health disorders. Systematic
literature reviews [5, 18] have shown that digital biomarkers
presented in Table 1 have shown promising results on the
detecting mental health diseases.

In a 9-week study[19] that enrolled 43 female and 40 male
college undergraduates (N=83, mean age = 20.13, std=2.31),
participants’ digital biomarkers including sleep duration,
physical activity, phone unlock duration, stationary time,
conversation time, GPS coordinates, were collected using a
smartphone application. As a ground truth for depression,
the smartphone application administered self reported PHQ-
8, and PHQ-4 questionnaires at defined intervals. The study
used regression analysis and ANOVA to conclude among
others, that students with higher scores of PHQ-8 are more
likely to use their phones at study places (r=0.391, p<0.001)
when compared to all day phone usage(r = 0.282, p = 0.010) ,
have irregular sleep patterns, and visits fewer places.
A similar study[6] conducted with 79 participants (58 fe-

males, and 21 males, aged 18-25) collected physical activity,
and GPS coordinates and self reported PHQ-9 scale using
smartphone application. Features comprising Location vari-
ance, Time spent moving, total distance, average moving
speed were computed from the GPS coordinates data. In ad-
dition, the GPS locations where clustered using DBSCAN
clustering analysis, and number of unique locations and loca-
tion entropy of each unique location cluster were extracted.
A combination of PHQ-9 scores and the GPS data features as
predictors, showed significantly higher predictive power in
predicting depression with Support Vector Machine (SVM)
classifier than using PHQ-9 scores alone or GPS data features
alone as predictors.

3 SYSTEM DEVELOPMENT AND DATA
COLLECTION

We developed a smartphone sensing application called Me
for Android using the AWARE framework [7]. Me unobtru-
sively and passively collects contextual smartphone sensor
data shown in Table 1 without interrupting or prompting the
user. Me is privacy-aware and does not collect any personal
information such as text, voice, telephone numbers, content
of applications or web pages visited, except for meta data; for
example, the time the screen was locked or unlocked, what
application was launched at what a time, and when messages

Figure 1: Screenshot of a self report questionnaire on theMe
application

were received. The Me application saves the collected sen-
sor data locally on the phone. The data is then transferred
on a secured and encrypted connection to a secure MySQL
database hosted in the cloud.

In addition to the sensor data, the Me app schedules PHQ-
9, BDI, and BIG-5 questionnaires based on the frequencies
defined in Table 1. When the questionnaire is due, Me shows
a notification as seen in Figure 2. The user then taps the
notification to open the questionnaire as seen in Figure 1.
After providing answers to the questionnaire, the user clicks
on the Submit button to save the answers provided. As a
remedial measure, Me also shows the questionnaire within
the application’s main menu, hence the user could access the
questionnaire in case they miss the notification. Me does not
implement any feedback or data visualisation mechanism
at this stage, since presenting such feedback to participants,
may cause a change in the behavior we are studying.



Table 1: Data collected with the Me application

Sensor Data Description Frequency

GPS Location Latitude, Longitude coordinates

Every 5 minutesPhysical Activity Walking, Running, biking, in Vehicle
Light Intensity of ambient light
Noise Intensity of ambient noise
Screen Interaction Screen locks, unlocks, touch, scroll up and down

Continuous monitoring

Battery Battery level changes, battery charges and discharges
Application Time, name of applications that are launched
Notifications Time, application name of the notification
Calls Time of call, call type (incoming, Outgoing, missed)
Messages Time of SMS message, message type (received , sent)

Self Reports Description Frequency

BIG-5[13] 50 item personality trait questionnaire Beginning of the study
Mood A mood rating questionnaire Morning, afternoon, evening
Sleep Start and end date and time of sleep session Morning
PHQ-9[15] 9 item depression test questionnaire Beginning of the study and every two weeks
BDI [1] 21 item depression test questionnaire Once at onset and every week

Figure 2: Notification for scheduled self report question-
naire on the Me application

4 CONCLUSION AND FUTUREWORK
Next, we have planned to run a longitudinal study for 3
months with 120 participants (40 not depressed, 40 depressed
and 40 high-risk). In this study, the Me application will be
used to collect the data described in Table 1. At the end of the
study, participants will be invited to a post study debriefing
session where they will be asked to reflect and comment on
statistics and visualizations of their own data, with a semi-
structured interview. This reflection will provide valuable
information from participants to be used in our analysis, for
example to annotate days where the understanding of the
data is unclear.

With this study, we plan to collect a wide range of differ-
ent contextual smartphone sensor data as possible since our
analysis methods are post-hoc - we do not concretely know
which collected variables will help to produce useful metrics
in our analysis. Our approach to the analysis of the data is to

create an anomaly detection[11] and entropy analysis meth-
ods for monitoring the early onset and progression of MDD.
Anomaly detection methods find non conforming patterns
to expected behavior in data, is applicable to unlabelled or
non-annotated data, taking into consideration the internal
structure of the data. Entropy analysis [2, 3, 10] measures
the degree of complexity ,uncertainty, and disorder of an ob-
served behavior with the passage of time. Instead of PA, our
methods will be better suited to detect unexpected growth of
anomalous behavior and the deterioration of behaviors such
as daily routines, activities, actions, social interactions, over
time thus detecting the early onset and progression of MDD.
For instance, scenarios that might trigger the detection of
anomalous behaviour are;

• Texting in extraordinary hours: unusual phone in-
teraction at extraordinary hours of the day, inferred
from contextual sensor data such as time of day, appli-
cation launches, screen lock and unlock, touch inter-
actions and number of SMS messages.

• Physical and social isolation: disappearance of phys-
ical activity, reduced exercising, and social interaction,
calling and texting inferred from contextual sensor
data such as GPS locations, Physical activity, noise
intensity and light intensity.



• Sleep changes: unusual changes in sleep time, wake
up time, and sleep duration inferred from GPS loca-
tion, physical activity, screen lock and unlock, touch
interactions ,noise intensity and light intensity

In conclusion, we presented our preliminary work and
future directions on developing a system aimed at detecting
MDD at the early stages. With our developed Android smart-
phone application, We plan a longitudinal study to collect
a wide range of dataset to build anomaly detection and en-
tropy analysis methods to ultimately develop new metrics
for detecting the early onset and progression of depression.
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