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ABSTRACT

The increasing use of electronic forms of communication presents

new opportunities in the study of mental health, including the

ability to investigate the manifestations of psychiatric diseases un-

obtrusively and in the setting of patients’ daily lives. A pilot study to

explore the possible connections between bipolar affective disorder

and mobile phone usage was conducted. In this study, participants

were provided a mobile phone to use as their primary phone. This

phone was loaded with a custom keyboard that collected metadata

consisting of keypress entry time and accelerometer movement.

Individual character data with the exceptions of the backspace key

and space bar were not collected due to privacy concerns. We pro-

pose an end-to-end deep architecture based on late fusion, named

DeepMood, to model the multi-view metadata for the prediction

of mood scores. Experimental results show that 90.31% prediction

accuracy on the depression score can be achieved based on session-

level mobile phone typing dynamics which is typically less than

one minute. It demonstrates the feasibility of using mobile phone

metadata to infer mood disturbance and severity.
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1 INTRODUCTION

Mobile phones, in particular, “smartphones” have become near ubiq-

uitous with 2 billion smartphone users worldwide. This presents

new opportunities in the study and treatment of psychiatric illness

including the ability to study the manifestations of psychiatric ill-

ness in the setting of patients’ daily lives in an unobtrusive manner
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Figure 1: A sample of the collected data in time series.

and at a level of detail that was not previously possible. Contin-

uous real-time monitoring in naturalistic settings and collection

of automatically generated smartphone data that reïňĆect illness

activity could facilitate early intervention and have a potential use

as objective outcome measures in efficacy trials [2, 6, 18].

While mobile phones are used for a variety of tasks the most

widely and frequently used feature is text messaging. To the best of

our knowledge, no previous studies [3, 19, 21, 37, 40, 46] have in-

vestigated the relationship between mobile phone typing dynamics

and mood states. In this work, we aim to determine the feasibility

of inferring mood disturbance and severity from such data. In par-

ticular we seek to investigate the relationship between the digital

footprints and mood in bipolar affective disorder which has been

deemed the most expensive behavioral health care diagnosis [35],

costing more than twice as much as depression per affected indi-

vidual [29]. For every dollar allocated to outpatient care for people

with bipolar disorder, $1.80 is spent on inpatient care, suggesting

early intervention and improved prevention management could

decrease the financial impact of this illness [35].

We study the mobile phone typing dynamics metadata on a

session-level. A session is defined as beginning with a keypress

which occurs after 5 or more seconds have elapsed since the last

keypress and continuing until 5 or more seconds elapse between

keypresses
1
. The duration of a session is typically less than one

minute. In this manner, each participant would contribute many

samples, one per phone usage session, which could benefit data

analysis and model training. Each session is composed of features

that are represented in multiple views or modalities (e.g., alphanu-
meric characters, special characters, accelerometer values), each of

which has different timestamps and densities, as shown in Figure 1.

Modeling the multi-view time series data on such a fine-grained

session-level brings up several formidable challenges:

1
5-second is an arbitrary threshold we set which can be changed and tuned easily.
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Figure 2: The architecture of DeepMood with a Multi-view Machine layer for data fusion.

� Unaligned views : An intuitive idea for fusing the multi-view
time series is to align them with each unique timestamp. However,
features de�ned in one view would be missing for data points
collected in another view. For example, a data point in special
characters has noaccelerationin accelerometer values ordistance
from last keyin alphanumeric characters2.

� Dominant views : One may also attempt to do the fusion by
concatenating the multi-view time series per session. However,
the views usually have di�erent densities in a session, because
the metadata are collected from di�erent sources or sensors.
For example, character-related metadata collected following a
person's typing behaviours are much sparser than accelerometer
values collected in the background which have 16 times more data
points in our dataset. Dense views could dominate a concatenated
feature space and potentially override the e�ects of sparse but
important views.

� View interactions : The multi-view time series from typing dy-
namics contains complementary information re�ecting a per-
son's mental health. The relationship between the digital foot-
prints and mood states can be highly nonlinear. An e�ective
fusion strategy is needed to explore feature interactions across
di�erent views.
In this paper, we propose a deep architecture based on late fusion,

named DeepMood, to model mobile phone typing dynamics, as
illustrated in Figure 2. The contributions of this work are threefold:
� Data analysis (Section 2): We obtain interesting insights re-

lated to the digital footprints on mobile phones by analyzing the
correlation between patterns of typing dynamics metadata and
mood in bipolar a�ective disorder.

� A novel fusion strategy in a deep framework (Section 3) :
Motivated by the aforementioned challenges that early fusion
strategies (i.e., aligning views with timestamps or concatenating
views per session) would lead to the problems of unaligned or
dominant views, we propose a two-stage late fusion approach for
modeling the multi-view time series data. In the �rst stage, each

2This is for privacy concerns, because malicious person may be able to unscramble
and recover the texts using such information.

view of the time series is separately modeled by a Recurrent Neu-
ral Network (RNN) [34, 44]. The multi-view metadata are then
fused in the second stage by exploring interactions across the out-
put vectors from each view, where three alternative approaches
are developed following the idea of Multi-view Machines [9],
Factorization Machines [39], or in a fully connected fashion.

� Empirical evaluations (Section 4) : We conduct experiments
showing that 90.31% prediction accuracy on the depression score
can be achieved based on session-level typing dynamics which
reveals the potential of using mobile phone metadata to predict
mood disturbance and severity. Our code is open-sourced at
https://www.cs.uic.edu/~bcao1/code/DeepMood.py.

2 DATA
The data used in this work were collected from the BiA�ect3 study
which is the winner of the Mood Challenge for ResearchKit4. Dur-
ing a preliminary data collection phase, for a period of 8 weeks, 40
individuals were provided a Galaxy Note 4 mobile phone which
they were instructed to use as their primary phone during the study.
This phone was loaded with a custom keyboard that replaced the
standard Android OS keyboard. The keyboard collected metadata
consisting of keypress entry time and accelerometer movement
and uploaded them to the study server. In order to protect partici-
pants' privacy, individual character data with the exceptions of the
backspace key and space bar were not collected.

In this work, we study the collected metadata for participants
including bipolar subjects and normal controls who had provided
at least one week of metadata. There are 7 participants withbipo-
lar I disorder that involves periods of severe mood episodes from
mania to depression, 5 participants withbipolar IIdisorder which
is a milder form of mood elevation, involving milder episodes of
hypomania that alternate with periods of severe depression, and 8
participants with no diagnosis per DSM-IV TR criteria [28].

Participants were administered the Hamilton Depression Rating
Scale (HDRS) [48] and Young Mania Rating Scale (YMRS) [53] once

3http://www.bia�ect.com
4http://www.moodchallenge.com
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