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Summary
Bipolar disorder is a common mental illness characterized by unusual changes in mood
and energy and is regarded as one of the most important causes of disability world-
wide. Smartphones provide a unique platform for unobtrusive disease monitoring
and management and are almost constant companions to their users. By replacing
traditional paper-based self-assessments with a smartphone-based system, users can
unobtrusively collect and monitor their own data. Modern smartphones additionally
enable pervasive collection of detailed objective data that can track a wide range of
human behaviors relevant to monitoring mental illness. Digital data collection has
the additional advantage of making data available for immediate analysis by humans
and computers, which can support disease monitoring and treatment tasks in and
between outpatient consultations at their treatment center. Automated analysis of
smartphone-based data can potentially detect early warning signs and predict dis-
ease outcomes, which can facilitate early intervention and thus potentially mitigate
severity of affective episodes and prevent costly hospitalizations.

The overall objective of the PhD has been to establish methods and algorithms for
analysis of behavioral smartphone data from patients with bipolar disorder aiming
at pattern recognition and prediction of recurring depressive and manic symptoms
by applying data mining and machine learning techniques. This report presents a
summary of research conducted during the author’s PhD studies and includes three
research manuscripts. We show that by applying hierarchical Bayesian regression
models we are able to forecast subjective mood up to seven days ahead based on
short self-assessment histories. Using the same hierarchical modelling approach, we
can produce daily estimates of clinical severity ratings of depression and mania from
self-assessments. We also show how to utilize uncertainty in the estimated severity
ratings to compute individual scores indicating risk of relapse. Finally, we show how
simple features of objective smartphone data can discriminate between patients with
bipolar disorder and healthy control individuals during different affective states.

Based on the current research, we are confident that predictive analysis based on
data collected with smartphones has the potential to improve disease monitoring and
treatment in bipolar disorder. To accomplish this goal, predictions must be accurate,
interpretable and actionable. Modern machine learning techniques have proved un-
paralleled in revealing complex patterns and achieving high predictive accuracy in
a wide range of domains. To unlock the potential of advanced methods and drive
research forward, detailed datasets from large groups of patients are needed.



ii



Resumé (Danish)
Bipolar lidelse er en udbredt psykisk sygdom kendetegnet ved usædvanlige svingninger
i stemningsleje og energi og anses på verdensplan for at være en af de vigtigste årsager
til funktionsnedsættelse. Smartphones udgør en enestående platform for ubesværet
monitorering og forvaltning af sygdom, som medbringes nærmest overalt. Ved at
erstatte papirbaserede selvevalueringer med en smartphone-løsning, kan brugere ind-
samle og monitorere deres data ubesværet. Moderne smartphones gør det endvidere
muligt at indsamle detaljerede, objektive data, som kan spore en lang række adfærd,
der er relevante for monitorering af psykisk sygdom. Digital dataindsamling har den
yderligere fordel, at data er tilgængelig for analyse af mennesker og computere med
det samme, hvilket kan understøtte monitorering og behandling af ambulante pa-
tienter. Automatiseret analyse af smartphone-baserede data kan potentielt afdække
tidlige advarselstegn og forudsige symptomer, hvilket kan give mulighed for tidlig
intervention og potentielt afbøde sværhedsgraden af affektive episoder og forebygge
kostbare indlæggelser.

Det overordnede formål med Ph.d.-studiet har været at etablere metoder og algo-
ritmer til analyse af adfærdsmæssige smartphone-data fra patinter med bipolar lidelse,
med henblik på mønstergenkendelse og prædiktion af tilbagevendende symptomer på
depression og mani. Denne rapport præsenterer et sammendrag af forskning udført
under Ph.d.-studiet og inddrager tre forskningsartikler. Vi påviser ved brug af hi-
erarkiske, Bayesianske regressionsmodeller, at det er muligt at forudsige subjektivt
stemningsleje op til syv dage frem baseret på en kort historik af selvevalueringer. Med
den samme hierarkiske tilgang kan vi endvidere generere daglige estimater af klinisk
sværhedsgrad af depression og mani ud fra selvevalueringer. Vi viser også hvordan
usikkerhed i estimaterne kan anvendes til at beregne individuel risiko for tilbagefald.
Endelig viser vi hvordan simple mål fra objektive data kan skelne mellem patienter
med bipolar lidelse og raske kontrolpersoner i forskellige affektive tilstande.

På baggrund af den fremlagte forskning er vi overbeviste om, at prædiktiv anal-
yse baseret på smartphonedata har potentiale til at forbedre monitorering og be-
handling af bipolar lidelse. For at opnå dette skal prædiktioner være nøjagtige, for-
tolkelige og handlingsorienterede. Moderne maskinlæringsmetoder har vist sig at
være uovertrufne til at afdække komplekse mønstre og opnå høj præcision på tværs
af mange forskellige domæner. For at indfri potentialet fra avancerede metoder og
drive forskningen fremad er der behov for at indsamle detaljerede datasæt fra store
patientgrupper.
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CHAPTER 1
Introduction

1.1 Background and motivation
Bipolar disorder, also known as manic-depressive illness, is a common and complex
mental illness with an estimated prevalence of 1-2%, and is regarded as one of the
most important causes of disability worldwide [1, 2]. It is characterized by unusual
shifts in mood and energy with episodes of depression, (hypo)mania and mixed mood,
intervened by periods of neutral mood (euthymia) [3]. Depressive episodes are char-
acterized by sadness, decreased activity, disturbed sleep, poor concentration, loss of
interest or enjoyment and feelings of hopelessness and worthlessness, while symptoms
of mania include elevated or irritable mood, increased energy, inflated self-esteem,
pressure of speech, impulsiveness and reduced need for sleep [4]. Suffering from
bipolar disorder can result in an inability to cope with life’s ordinary demands and
routines and is associated with a high degree of comorbidity, functional impairment
and increased risk of suicide [5]. Among people with bipolar disorder, life expectancy
is decreased with 8 to 12 years [6, 7]. According to the World Health Organization
(WHO), about 60 million people are affected by bipolar disorder worldwide, while an
estimated 300 million people are affected by unipolar disorder (depression) and the
burden of depression and other mental health conditions is on the rise globally [4].
This imposes an increasing burden on health care services and there is therefore a need
for better and more efficient treatment methods with a focus on outpatient treatment
and prevention to mitigate major affective episodes and avoid costly hospitalizations.

Treatment of bipolar disorder today consists of a combination of pharmacological
and psychological treatment accompanied by psychoeducation to teach strategies for
coping with the disorder and managing symptoms [8]. There are currently no objective
tests to assess bipolar disorder, so the diagnostic process relies on subjective informa-
tion and clinical evaluation using rating scales [9]. Periodic clinical evaluations using
clinical rating scales, such as the Hamilton Depression Rating Scale (HDRS) [10] and
the Young Mania Rating Scale (YMRS) [11], are currently used as the golden stan-
dard for assessing the severity of depressive and manic symptoms. This subjective
evaluation involves a risk of recall bias, individual observer bias and decreased illness
insight mainly during affective episodes [12, 13, 14, 15, 16]. Therefore, in addition to
clinical evaluations, patients may be asked to carry out daily self-assessments to track
day-to-day behavior in between outpatient visits to the clinic. Frequent sampling of
behaviors and experiences in a natural environment can help to reveal dynamic pro-
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cesses, increase accuracy and reduce recall bias [17, 18]. It can also be useful for
identifying and managing particular behaviors that influence the course of illness and
thus provide increased disease insight.

Smartphones provide a unique platform for disease monitoring and management
[19, 20] and are ubiquitous in modern society. In 2018 a median of 76% of adults
across 18 advanced economies reported to have smartphones [21]. These are computa-
tionally powerful devices and nearly constant companions in people’s everyday lives.
By replacing traditional paper-based self-assessments with a smartphone-based solu-
tion, users can unobtrusively collect and review their data. Data can also be made
available to clinicians immediately, who can then monitor a group of patients in real-
time and intervene if they observe any alarming behaviors. Modern smartphones
additionally enable pervasive collection of detailed objective data from build-in sen-
sors and usage logs that can be utilized to track a wide range of human behaviors,
which are potentially relevant to mental illness monitoring, such as physical and social
activity, social rhythm, mobility and sleep patterns [22, 23, 24, 25, 26, 27]. Discovery
of objective measures of bipolar disorder symptoms that could assist in diagnosis and
treatment would potentially be a major breakthrough.

Digital data collection with smartphones has the additional advantage of making
data available for immediate automatic analysis by algorithms, that can help sup-
port disease monitoring and treatment tasks in and between outpatient consultations.
Machine learning techniques can reveal patterns in data that would be otherwise im-
practical or impossible for humans to find. Machine learning additionally provides
tools to derive statistical models from data, which can be used to make predictions
about unobserved outcomes [28]. Automated analysis of data from patients with bipo-
lar disorder can potentially help detect early warning signs and predict symptoms of
depression and mania and thus support disease monitoring and provide additional
disease insights. Accurate predictions could furthermore be utilized to facilitate early
intervention strategies and thus reduce the severity of affective episodes and poten-
tially prevent costly hospitalizations.

1.2 The RADMIS project
The PhD is part of the RADMIS project: Reducing the rate and duration of Re-
ADMISssions among patients with unipolar and bipolar disorder using smartphone-
based monitoring and treatment [29]. The two ongoing RADMIS randomized clinical
trials (RCTs) aim to investigate whether the use of a smartphone-based monitor-
ing and treatment system, including an integrated feedback loop between patients
and clinicians, reduces the rate and duration of re-admissions more than standard
treatment in unipolar disorder and bipolar disorder. Additionally, the study aims to
investigate if the use of a smartphone-based system reduces the severity of clinically
rated affective symptoms and the number of affective episodes in unipolar disorder or
bipolar disorder, respectively. The specific objective of the PhD has been to establish
methods and algorithms for analysis of behavioral data aiming at pattern recognition
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and disease prediction of recurring depressive and manic symptoms by applying data
mining and machine learning techniques.

The RADMIS research group is comprised of partners from Psychiatric Center
Copenhagen (Rigshospitalet), Technical University of Denmark (DTU) and Monsenso
ApS, who since 2010 have collaborated closely on the design, implementation, and
clinical evaluation of data-driven smartphone-based treatment of mental health. Prior
work done by RADMIS researchers has developed and tested a smartphone-based
system for the treatment of bipolar disorder (the MONARCA system) [30, 31, 32].

1.3 Contributions and outline
This summary report is based on research conducted during the PhD studies and
includes three research manuscripts (see the full list of publications in the front-matter
section) enclosed in appendices A, B and C, respectively:

• Article A, titled “Forecasting Mood in Bipolar Disorder from Smartphone Self-
assessments with Hierarchical Bayesian Models”, examines the feasibility of
forecasting daily subjective mood based on daily self-assessments collected from
patients with bipolar disorder with a smartphone-based system. The PhD can-
didate performed all analyzes presented in the manuscript and prepared the
first draft. The manuscript has been submitted for publication in the Journal
of Medical Internet Research.

• Article B, titled “Daily Estimates of Clinical Severity in Bipolar Disorder from
Smartphone Self-Assessments”, studies the feasibility of producing daily esti-
mates of clinical severity ratings based on smartphone self-assessments from
patients with bipolar disorder. The PhD candidate performed all analyzes
presented in the manuscript and prepared the first draft. The manuscript is
unpublished.

• Article C, titled “Objective smartphone data as a potential diagnostic marker
of bipolar disorder”, investigates the use of objective smartphone data reflect-
ing behavioural activities to classify patients with bipolar disorder and healthy
control individuals. The PhD candidate prepared smartphone data for analysis,
designed and performed the classification analysis and drafted the description
of the predictive classification analysis presented in the manuscript. The article
was published in the Australian & New Zealand Journal of Psychiatry.

The report is organized in 4 chapters: Chapter 2 presents data collection and
statistical methods central to the research, and does not represent any original work
by the author. Chapter 3 presents the main objectives and principal results of the
three included research articles. Chapter 4 provides a brief discussion of the over-
all discoveries presented in Chapter 3, including advantages, limitations, and future
perspectives of the research. Finally, the chapter presents conclusions and closing
remarks.
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CHAPTER 2
Materials and

methods
2.1 Data description
Data collection in the RADMIS RCT [29] commenced in 2016 and is still ongoing at
the time of writing this report. Therefore the PhD work have primarily relied on data
from previous trials lead by RADMIS researchers and in particular the MONARCA
II RCT (2014-2018) [32] investigating the effect of smartphone-based monitoring in
patients with bipolar disorder. The MONARCA II RCT included patients with a di-
agnosis of bipolar disorder who had previously been treated at the Copenhagen Clinic
for Affective Disorder for a follow-up period of 9 months. The patients were random-
ized to either using a smartphone-based monitoring system for daily self-monitoring
(the intervention group) or to treatment as usual (the control group). Data from
the intervention group (N=84) constituted the primary data basis for the analyzes
presented in research articles A and B and is described in detail in the following
sections.

In the RADMIS trials, data is collected with smartphones using the Monsenso
system, which was designed and in close collaboration with clinicians and in an inter-
active process with patients with unipolar and bipolar disorder. The Monsenso system
is developed by Monsenso ApS and is based on the MONARCA system, which was pre-
viously developed and tested by RADMIS researchers and applied in the MONARCA
II trial [30, 31]. The Monsenso smartphone application is highly configurable and
supports user input of daily self-assessments, setting of reminders, delivery of custom
push notifications. It is capable of pervasively collecting a wide range of objective
data from the device sensors and usage logs and also provides visualizations of the
user’s data to support disease monitoring and management. The system includes an
integrated feedback loop between patients and clinicians, that enables clinicians to
monitor data from a group of patients in real-time through a secure web application.
Additionally, the system is designed to support smartphone-based Cognitive Behav-
ioral Therapy (CBT) content [29]. A picture of the Monsenso smartphone application
is presented in Figure 2.1.
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Figure 2.1: The Monsenso smartphone application used for data collection in the
RADMIS trial. The picture shows the screens for providing a self-assessment and
the daily mood score. The Monsenso system is based on the MONARCA system,
which was developed and tested by RADMIS researchers. The image is used with
permission from Monsenso ApS.

2.1.1 Clinical ratings
During the follow-up period of the MONARCA II RCT [32], study participants were
periodically evaluated by trained psychiatrists on clinical rating scales for measuring
the severity of depression and mania using the Hamilton Depression Rating Scale
(HDRS) [10] and Young Mania Rating Scale (YMRS) [11]. Each rating scale consists
of a series of items that are scored and added up to summarize the current severity
of symptoms with higher scores indicating more severe symptoms. A score of 13 or
more on either scale is classified as an depressive or manic episode, respectively. It
is possible to score high on both scales at the same time constituting what is known
as a mixed episode. Clinical ratings with HDRS and YMRS are treated as valid on
the day of the rating as well as the 3 preceding days, thus each rating is attributed a
total of 4 days for the purpose of analysis.

2.1.2 Self-assessments
In addition to periodic clinical evaluations, study participants assigned to the inter-
vention group were instructed to complete daily self-assessments on their smartphones
through the Monsenso application. The self-assessment consisting of a questionnaire
including the items listed in Table 2.1 where four of the items (mood, activity, sleep
and medicine) were mandatory. Specifically, mood was scored on a scale from -3,
to 3 including -0.5 and 0.5, where negative values indicate various degrees of depres-
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Attribute Description Value
Activity* Level of physical activity. -3 to 3
Alcohol Alcoholic beverages consumed. 0 to 10+
Anxiety Level of anxiety. 0 to 2
Irritable Level of irritability. 0 to 2
Cognitive difficulty Level of cognitive discomfort. 0 to 2
Medicine* Medicine adherence 0 to 2
Mixed mood Experienced mixed mood. 0 to 1
Mood* Experienced mood. -3 to 3
Sleep* Hours of sleep. #hours
Stress Level of stress. 0 to 2

Table 2.1: The ten items of the daily self-assessment questionnaire in the MONARCA
II RCT. The four items marked with an asterisk (*) were mandatory. The table is
adapted from article A.

sion, positive values indicate mania and zero indicates neutral mood (euthymia). In
addition to these items, users could save a daily note along with the self-assessment.
The smartphone application enabled setting and receiving reminders and users were
allowed to provide self-assessments retrospectively for up to 2 days in case forgot to
do it daily. Additionally, users could track their own data history in the application.

2.1.3 Sensor data
In addition to self-monitoring, the smartphone application was setup to collect ob-
jective data from sensors and usage logs in the device. The data included location
coordinates, screen on-off events, step counts, call and SMS logs, battery information
and data from light and proximity sensors. These data were collected at different
intervals and stored in a raw, semi-structured format. Therefore, they required addi-
tional preprocessing and aggregation to for example a daily level before being suitable
for interpretation and analysis (see Section 2.1.6).

2.1.4 Voice data
The smartphone application was also configured to extract voice features from phone
conversations. A large number of voice features describing characteristics of the
voice such as pitch and energy were extracted from the raw audio signal directly on
the smartphone device using the openSMILE toolkit [33] and the extracted features
were then transmitted to a secure server. Changes in speech have been suggested as
important measures of depression and mania in bipolar disorder and voice features
are therefore an interesting subject for analysis. The use of voice data to classify
depression and mania in bipolar disorder was studied in the author’s master’s thesis
and later published [34], but is not included in this report.
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2.1.5 Data processing
The Monsenso system managed collecting and transferring data from the participants’
smartphones to a central database on a secure server. The data was then exported
from the database in a raw, semi-structured document format and processed on a
computer with an encrypted hard drive located in a locked office. In order prepare the
data for analysis, it was preprocessed, transformed and stored in a table-like structure
by applying a series of custom Python scripts. The subjective self-assessment data
was extracted and stored without any further processing, while the objective sensor
and phone usage data required more intricate preprocessing (see Section 2.1.6). The
clinical ratings were provided by the clinic in a spreadsheet format and merged with
the smartphone data to create a coherent dataset. Additional processing and analyzes
were performed using the Python programming language and Jupyter Notebooks with
data analysis packages NumPy [35], Pandas [36], the Scikit-learn machine learning
library [37], the XGBoost Python package [38], probabilistic programming library
Stan [39] and visualization package Matplotlib [40].

2.1.6 Behavior extraction from objective data
In order to be suitable for analysis, the raw objective smartphone sensor and usage
data needed to be preprocessed and aggregated to a daily level. The aim of prepro-
cessing was to generate features describing relevant human behaviors, such as social
and physical activity, smartphone usage, mobility and sleep patterns.

As features describing social activity, the number of incoming and outgoing SMS
messages were counted. The number of incoming, outgoing and missed phone calls
were also counted and simple statistics describing the distribution of call durations
were computed, including minimum, maximum, mean and total duration in minutes.
The step counter (pedometer) was used as a measure of physical activity. Because
steps were counted cumulatively and occasionally reset to zero, some processing was
required to compute step counts in daily intervals. As a measure of smartphone
usage, the number of screen-on events where counted and screen-on duration was
measured by computing the times between each screen-on event and the next screen-
off event. Then statistics describing the distribution of screen-on durations were
computed, including minimum, maximum, mean and total duration in minutes.

Probably the richest source of objective smartphone data is location, which was
used to compute mobility patterns, inspired by the methods presented in [25, 41].
Location measured by a Global Positioning System (GPS) consists of points described
by coordinates accompanied by a timestamp and provide on their own little meaning.
Therefore, it is useful to identify spatio-temporal clusters of points representing stops,
and sequences of points between the stops representing paths of travel. The length of
paths can then be computed and summed to represent the distance traveled. Stops
can further be clustered to form locations that are visited several times and time spent
at each location can be computed to identify important locations of interest, such as
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home and work. Thus, a wide range of behaviors can be extracted from location data,
representing mobility but also social rhythm.

Several methods for estimating sleep from smartphone data exist [42, 41], but it
remains very difficult without access to additional information. Probably the simplest
method is to identify periods of inactivity (no interactions with the smartphone)
during normal sleep hours and use that as a proxy for sleep duration. However, this
method leads to biased results for people who do not frequently interact with their
smartphone and does not work in case of odd circadian rhythms. More sophisticated
methods aim to predict sleep duration directly from objective features or estimate
bedtime and wake-up time and use that to infer sleep duration.

Simple objective features based on SMS messages, phone calls and screen on-
off events were used to classify patients with bipolar disorder and healthy control
individuals in article C. The use of more complex objective features has not yet been
explored with the MONARCA II dataset and is an interesting future research project.

2.1.7 Challenges
Data collection from smartphones does not come without challenges. Probably the
biggest issue was missing data. It is not uncommon for users to forget to or refrain
from answering the daily self-assessments. Even with automatic reminders in the
app and the option to answer retrospectively up to two days, most users fail to
provide complete self-assessment histories for extended periods of time. Furthermore,
not all self-assessment items are mandatory, and consequently some self-assessments
are incomplete. The objective sensor data is also sometimes missing. This may be
because the smartphone was turned off or the user decided to disable one or more
sensors, for example to make the battery last longer. Often the sensor data is not
sampled with regular frequency but is only collected when there is some activity on
the smartphone. For example, screen on-off events are only logged when they happen
and location data is only recorded if the location of the device changes. Thus, it can
be difficult to determine if sensor data is missing by mistake or because there was no
interaction with the smartphone. Additionally, users cannot be expected to carry the
smartphone on their person all the time. It is quite normal for people to leave their
smartphone on a table or in a bag, at home or at work. It can also be impractical
to bring the smartphone to certain activities such as sports. In this case the sensor
data is not actually missing, but it does not capture all the user’s activities either.
Therefore, we must assume that the objective sensor data only provides a partial
picture of the user’s behavior – we simply don’t know what we don’t know. Both
subjective and objective data might also be missing because of software error in
either the smartphone application or on the server side, or because of network issues
(in the latter case, the application is configured to start syncing data when it regains
connectivity). When the data is missing due to technical problems, it is often missing
in a systematic way that is easy to recognize. The missing data can however not
always be recovered, even after the issue is resolved.
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A different kind of challenge concerns the subjectivity of the self-assessments and
clinical ratings. Users can be biased in their answers and for example rate their mood
or physical activity in different ways relative to their own experience and normal
behavior. Another well-known phenomenon is recall bias, causing individuals to have
difficulties remembering previous events or emotions accurately. Depressive or manic
symptoms can affect recall and lead to biased answers and decreased illness insight.
Additionally, individuals may experience a certain emotional state for an extended
period, wherein other emotions will be transient, but can affect answers at a given
point in time. Individual differences can be accounted for in statistical analysis to
some extent, but relying on subjective information will inevitably result in some noise
in the data.
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2.2 Statistical methods

2.2.1 Supervised machine learning
In supervised machine learning the goal is to learn a mapping from inputs x to
outputs y given a training set of input-output pairs, {(xi, yi)} [28]. Each input xi is
typically a vector of numerical values representing a single observation, such as a basic
measurement or a complex structure, like an image or a string of text. Similarly, the
output yi can take many forms, but many machine learning methods assume either
a categorical or continuous output. When yi is a categorical variable with values
from a finite set of categories or classes the machine learning problem is known as
classification and when yi is a continuous value the problem is known as regression. If
yi is a discrete variable with a relative ordering of the possible outcomes, the problem
is sometimes referred to as ordinal regression, which can be seen as an intermediate
between classification and regression.

One way of formalizing supervised machine learning is through function approxi-
mation. Assuming there exist an unknown function f such that y = f(x), the objec-
tive of learning is to estimate the function f from a training set of known examples
of x and y:

ŷ = f̂(x) . (2.1)

where we use the hat symbol to denote an estimate. The goal of obtaining f̂ often is
to make predictions on new observations of x, known as generalization, with as little
error as possible. To generalize to new examples, the estimated function must make
assumptions about the mapping from inputs to outputs (such as similar inputs have
similar outputs) also known as inductive bias. The expected generalization error can
be estimated by computing the prediction error on an independent test set not used
for fitting the model.

Many different machine learning methods of varying complexity exist for estimat-
ing f and which one(s) to choose depends on the nature of the problem as well as
additional requirements, such as interpretability, time and resources. Besides super-
vised learning there also exists other types of machine learning, such as unsupervised
learning and reinforcement learning, but they are outside the scope of this thesis.
Please see [28] for more information about machine learning in general.

2.2.2 Bayesian inference
It is often useful to reason about the uncertainty in estimated values in terms of
probability theory [28]. We can assume a probabilistic view of supervised learning by
considering the outputs y as samples from a probability distribution representing the
conditional probability of all possible values of y given the inputs x:

y ∼ p(y|x, θ) . (2.2)



12 2 Materials and methods

Here we are also explicitly conditioning on the unknown parameters θ of the sampling
distribution. The objective of learning then becomes to estimate θ as closely as
possible given the observed data.

By applying the rules of probability, conclusions about the unknown parameters
can be inferred in terms probability statements, conditional on the observed values of
y and implicitly conditional on any observed values of x. This process is also known
as Bayesian inference [43]. To make inference about the unknown parameters, θ, we
begin with a probability model defining the joint probability distribution of θ and the
observed data, y, which is equal to the product of the sampling distribution and the
prior distribution of the parameters: p(θ, y) = p(y|θ)p(θ). Now we can simply apply
Bayes’ rule to infer the posterior distribution of θ given the observed data, y:

p(θ|y) = p(θ, y)
p(y)

= p(y|θ)p(θ)
p(y)

= p(y|θ)p(θ)∫
p(y|θ)p(θ) dθ

. (2.3)

Since the term p(y) does not depend on θ, it can be considered as a constant and
ignored, resulting in the unnormalized posterior distribution, which is proportional
to the posterior distribution:

p(θ|y) ∝ p(y|θ)p(θ) . (2.4)

The observed data, y, affect the inference only through the term p(y|θ), which here
is known as the likelihood function and is considered as a function of θ with fixed y.
Note how with no prior opinion about the value of θ, i.e. with a uniform (constant)
prior, p(θ) ∝ 1, the posterior distribution is simply proportional to the likelihood of
the data given the parameters.

As mentioned above, the goal of supervised learning is to make predictions on
unobserved instances of y, also known as predictive inference. The probability dis-
tribution of an unobserved outcome, ỹ, given the observed data, y, is defined by the
posterior predictive distribution:

p(ỹ|y) =
∫

p(ỹ|θ)p(θ|y) dθ . (2.5)

What this says is that the probability of ỹ given y is a weighted average of the
probability of ỹ given all plausible values of θ given y, essentially averaging over all
possible values of θ, why this is also called Bayes model averaging.

As mentioned earlier in this section, to apply Bayesian inference we need to define a
joint probability model of θ and y. This includes specifying the sampling distribution
(likelihood function), p(y|θ), relying on assumptions about the process that generates
y, and the prior distribution, p(θ), indicating our prior belief about θ before observing
the data, which can be informative or not.
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θ1 θ2 … θJ−1 θJ

y1 y2 … yJ−1 yJ

Figure 2.2: The structure of a hierarchical model with hyperparameters ϕ and indi-
vidual group parameters θj for groups j = 1 : J . The group-level parameters interact
through a common population distribution, letting the measured data of each group
inform the parameters of all the groups. The illustration is adapted from figure 5.1
in [43].

2.2.3 Hierarchical Bayes for multi-task learning
When analyzing multiple related sets of data, a simple approach is to pool all the data
together and learn one common model. A major drawback of this method is the risk of
disregarding important differences among the datasets. The other extreme approach
is to model each dataset separately. However, you risk missing commonalities that
could otherwise help inform the models. When it is reasonable to assume that models
are similar across the datasets, it makes sense to fit all the models in parallel while
using a shared representation that allows for partial pooling. Especially when the
individual datasets are too small to learn meaningful models separately. This idea
of improving generalization by utilizing similarities of related tasks as an inductive
bias is known as multi-task learning (MTL) [44]. While several MTL methods exist,
a popular approach is to use hierarchical Bayes.

In a hierarchical Bayesian model, each group (task), indexed by j = 1 : J , has its
own set of parameters, θj , which is considered a sample from a common population
distribution with hyperparameters ϕ, tying the groups together [43]. This yields the
posterior distribution of the hierarchical model:

p(θ, ϕ|y) ∝ p(y|θ)p(θ|ϕ)p(ϕ) =
J∏

j=1
p(yj |θj)p(θj |ϕ)p(ϕ) . (2.6)

In this hierarchical structure, data from each group can contribute to estimating
the (hyper)parameters of the population distribution and groups with small sample
size can burrow statistical strength from other groups with larger sample size. An
illustration of a hierarchical model is presented in Figure 2.2.

The variance of the population distribution determines the amount of pooling in
the hierarchical model by controlling how similar the group-level parameters are. A
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population distribution with zero variance corresponds to complete pooling while a
noninformative uniform distribution leads to a model with no pooling at all. An
informative population distribution will promote parameters to be similar, but not
identical, corresponding to partial pooling and thereby acting as a means of regular-
ization. By inferring the variance of the population distribution as part of the model,
the appropriate amount of pooling can be determined by the data.

There are two posterior predictive distributions of interest in the hierarchical
model. One concerns unobserved outcomes for a known group, j, while the other
concerns unobserved outcomes for an unknown group from the same population. In
the first case, predictions are based on posterior samples of the group’s parameters, θj .
In the second case, predictions are based on a new set of group parameters, θ̃, sampled
from the population distribution given posterior samples of the hyperparameters, ϕ.

2.2.4 Hierarchical linear models
Linear regression is a simple and widely used model in statistics and supervised ma-
chine learning [28]. The ordinary linear regression model assumes a linear relationship
between inputs and outputs, y(x) = α + βT x + ϵ, with a normal distributed error,
ϵ ∼ Normal(0, σ2). Using the probability notation from earlier, this is equivalent to
the following sampling distribution:

y|x, θ ∼ Normal(y|α + βT x, σ2) , (2.7)

where θ = (α, β, σ2) are the parameters of the model (the intercept, the regression
weights and the variance).

We can extend the hierarchical model with linear regression at the group level by
using a normal linear model for the likelihood of each group, j:

yj |αj , βj , σ2 ∼ Normal(yj |αj + βT
j xj , σ2) , (2.8)

and common population distributions:

αj |µα, τα ∼ Normal(αj |µα, τα) (2.9)
βj |µβ , τβ ∼ Normal(βj |µβ , τβ) , (2.10)

where the unknown hyperparameters, ϕ = (µ, τ2), (the population means and vari-
ances) and the sample variance, σ2, are assigned independent normal priors. In this
model, the population variances, τ2, determine the amount of pooling across groups,
which is inferred from the observed data. The hierarchical linear regression model is
presented as a Bayesian network in Figure 2.3.

Ordered logistic regression is an ordinal regression method for modelling a discrete
variable with a relative ordering of the possible outcomes [28]. For y belonging to one
of K ordered categories, we can interpret y as a incomplete measurement of a latent
continuous linear predictor, z = βT x. By introducing a sequence of K + 1 ordered
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yjixji

αj βj σ2

µα τα µβ τβ

Observation i

Individual j

Figure 2.3: Bayesian network showing the hierarchical linear regression model. Indi-
vidual regression intercept αj and weights βj are drawn from population distributions
parameterized by µα, τα and µβ , τβ , This allows the model to account for individual
differences while constraining individual parameters to be similar across the popula-
tion. The diagram is reused from article A.

cutpoints, c, we assign y = k with high probability if ck−1 < z < ck, assuming
c0 = −∞ and cK = ∞. This corresponds to the following sampling distribution:

y|x, θ ∼ OrderedLogistic(y|z, c) , (2.11)

where θ = (β, c) are the parameters of the model (the regression weights and the
sequence of cutpoints).

Like the hierarchical linear regression model presented above, we can construct a
hierarchical ordered logistic regression model by assigning a set of parameters, θj , to
each group with common population distributions:

βj |µβ , τβ ∼ Normal(βj |µβ , τβ) (2.12)
cj |µc, τc ∼ Normal(cj |µc, τc) , s.t. ck−1 < ck , (2.13)

where the unknown hyperparameters, ϕ = (µ, τ2), (the population means and vari-
ances) have normal priors.

In practice, we reparameterized the hierarchical models using an equivalent, non-
centered parameterization [45]:

θj = µ + θ′
j τ (2.14)

θ′
j ∼ Normal(0, 1) , (2.15)

where each θ′
j is sampled independent of µ and τ , and θj is computed in a deterministic

manner, making sampling more efficient especially for small values of τ . We found
this method worked well with our data and made the models converge much faster.
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2.2.5 Stan
The hierarchical Bayesian models were fitted using the statistical modeling platform
Stan [39]. Stan provides tools for specifying Bayesian models in a probabilistic pro-
gramming language and performing inference in the models with Hamiltonian Monte
Carlo sampling. The key steps of the Stan algorithm after specifying the model are:
providing data and model input; computation of the posterior density; parameter
tuning and sampling; and convergence monitoring and summaries [43]. The outputs
of the inference are posterior samples of model parameters and generated quantities
along with an inferential summary for monitoring convergence of the model. Gener-
ally, the models were fitted using 4 sampling chains and 5,000 iterations, where the
first half was warm-up, resulting in 10,000 posterior samples, which we found to be
sufficient for the models to converge. Stan code for the hierarchical Bayesian linear
and ordinal regression model is included in Appendix D.

2.2.6 Time series forecasting
Forecasting can be described as the task of predicting the future based on relevant
information from the past and the present [46]. Hence it differs from predicting
outcomes that occur close in time to the observed predictor variables, which can
instead be called detection. Forecasting is only feasible if it is reasonable to assume
that there is a relation between the available history of information and the future
outcome of interest. In the context of disease monitoring, forecasting is interesting
as accurate forecasts of symptoms ahead of time could be utilized as a tool to enable
early intervention and possibly help prevent relapse.

Figure 2.4: Time series forecasting is the task of predicting future outcomes given
relevant information from the past and the present. The window size, w, defines the
size of the history of observed predictor variables and the horizon, h, is how far into
the future the target variable is predicted. The illustration is reused from article A.
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In time series forecasting, data is observed at discrete time intervals and the goal
is to predict outcomes at later time steps based on a history of observed data. A
typical forecasting task is illustrated in Figure 2.4. We denote by w the size of the
data history used in the forecast and by h the horizon of how far into the future
the target variable is predicted. Many different strategies for time series forecasting
exist [47, 46]. Among the simplest methods is to apply the most recently observed
outcome as the forecast. An alternative is to use the mean of previously observed
data or the recent history as an estimate. These simple methods can be considered
naïve forecasts and act as useful baselines for evaluating more complex models.

A widely-used strategy relies on identifying time-dependent patterns, such as sea-
sonality and trend, in the observed data and extrapolate these into the future. This
approach can be effective when sufficient data is available to reveal such patterns and
when making long-term forecasts. Another strategy is to apply standard supervised
learning methods from the machine learning literature to predict the outcome of in-
terest based on relevant, available information, such as previous observations of the
target variable along with additional predictor variables. Applying this approach, we
can describe a forecast model using the notation of supervised learning:

ŷt+h = f̂(yt, . . . , yt−w−1, xt, . . . , xt−w−1) (2.16)

where t denotes the time step. A benefit of this strategy is that it easy to include
additional predictor variables, however, it might not be as good at capturing long-term
time-dependent patterns and is therefore often better suited for short-term forecasts.

To properly evaluate the predictive performance of a time series forecast, it is
important to only use information available in advance of the forecast time to fit
the model [46]. Thus, the training error or the error on a randomly sampled test
set are not good estimates of the generalization error. This must be considered
when designing the experiment used to evaluate the forecast model. Time series
cross-validation it a method specifically for evaluating forecasts. In time series cross-
validation the data is partitioned into a sequence of consecutive test sets. For each
test set, the corresponding training set consists of data observed prior to the test
set. Thus, no future data is used to fit the forecast model and the training sets grow
larger over time. Finally, the cross-validation error is computed across all the test
sets. Since it is not feasible to construct reliable forecasts on very small training sets,
the earliest test sets are sometimes left out of time series cross-validation.
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CHAPTER 3
Research

3.1 Objectives
The overall objective of the PhD research has been to establish methods and algo-
rithms for analyzing behavioral smartphone data from patients with bipolar disorder
and apply machine learning techniques to predict symptom outcomes with the aim
of improving disease monitoring and treatment tasks. Among the core research areas
have been to utilize daily smartphone based self-assessments, including self-reported
mood scores, to develop an online mood forecast as well as to relate self-reported infor-
mation to clinical severity ratings of depression and mania. Another important task
has been to analyze automatically generated smartphone sensor and usage data to
generate features reflecting behavioral activities and relate these to disease outcomes
of bipolar disorder. Throughout the research, there has been emphasis on applying
interpretable methods, as traceability and interpretability are central to adopting new
technology in the health industry. Assuming a Bayesian data analysis approach [43]
provides methods for reasoning about uncertainty and supports interpretable models
such as linear regression. It also provides methods for analyzing data in a hierarchi-
cal structure, such as repeated measurements from a group of similar subjects, and
has therefore been a common theme throughout the work. This chapter summarizes
research conducted during the PhD and presents the principal results of the included
research articles enclosed in appendices A, B and C.

In article A we studied the feasibility and technical foundation of forecasting self-
reported mood scores based on daily smartphone self-assessment data by applying
hierarchical regression models to account for individual differences. We hypothesized
that an accurate, online mood forecast can help improve disease monitoring and en-
able early intervention, and thus help reduce the severity of affective episodes and
prevent hospitalizations. Several prior studies have utilized smartphone data to detect
current mood [48, 25, 49, 50, 51, 52, 23], but we found that only a few studies exam-
ined forecasting future mood [53, 54]. We found that our proposed methods were able
to forecast mood several days ahead with low error compared to pooled and separate
baseline models. The main results of article A are summarized in Section 3.2.2.

The aim in article B was to study the feasibility of generating daily estimates of
clinical severity ratings of depression and mania based on smartphone self-assessment
data. We hypothesized that automatic estimates of clinical symptom severity and
risk of relapse scores can support disease monitoring and treatment tasks between
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outpatient visits to the clinic. We found that our approach of applying hierarchi-
cal regression models was able to estimate clinical severity ratings with low error
compared to baseline methods and we demonstrated how samples from the posterior
predictive distribution of the Bayesian model can be utilized to compute individual
risk of relapse scores. To our knowledge, this is the first study that aims to pre-
dict scores of clinical severity from smartphone self-assessment data in patients with
bipolar disorder. The main results of article B are summarized in Section 3.2.3.

The objective of the pilot study presented in article C was to investigate if objec-
tive smartphone sensor and usage data representing different user behaviors can be
utilized to discriminate between patients with bipolar disorder and healthy control
individuals and thus potentially represent objective diagnostic markers in bipolar dis-
order. The study included classification of patients with bipolar disorder and healthy
control individuals. Interestingly, the study found differences in objective smartphone
data between the groups overall and between different affective states. Section 3.2.4
summarizes selected results from article C.

3.2 Principal results

3.2.1 Descriptive statistics
The analyzes in articles A and B were based on data collected during the MONARCA
II RCT [32]. The intervention group of the RCT included a large population of
patients (N = 84) diagnosed with bipolar disorder, consisting of of 61.9% females
and ages between 21 and 71 years (mean = 43.1, SD = 12.4). A total of 280 clinical
evaluations an 15,975 daily smartphone-based self-assessments including subjective
mood scores were collected during the 9 month follow-up period of the RCT along
with smartphone sensor and usage data. The participants in the study presented
primarily with low severity of depressive and manic symptoms during the follow-up
period, resulting in low severity ratings on the Hamilton Depression Rating scale
(HDRS) [10] and the Young Mania Rating Scale (YMRS) [11]. The mean HDRS
rating was 7.56 (SD = 6.29) and 20.4% of ratings were greater than or equal to
a threshold value of 13. The mean YMRS rating was 2.85 (SD = 4.17) and 5.0%
of ratings were greater than or equal to a value of 13. Similarly, the self-reported
mood scores had a mean score of -0.14 (SD = 0.48) and most mood scores were
close to zero indicating euthymia (−1 < mood < 1 = 89.64%) with only few values
indicating depression (mood ≤ −1 = 8.68%) and even less values indicating mania
(mood ≥ 1 = 1.68%).

With each clinical rating being valid for up to 3 days prior to the evaluation, there
were 764 observations of clinical severity ratings associated with daily self-assessments.
The joint and marginal distributions of the clinical severity ratings (HDRS and
YMRS) and self-reported mood scores are presented in Figure 3.1. The left plot
clearly shows a negative correlation between HDRS ratings and mood (r = −0.40,
P < .001), meaning that high HDRS ratings often coincide with a feeling of depressed
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Figure 3.1: Joined and marginal distributions of clinical ratings and self-reported
mood scores. Data is expected to primarily occupy the areas of the scatter plots with
white background: a negative mood score is expected to indicate a high HDRS rating,
a positive mood score is expected to indicate a high YMRS rating, and HDRS and
YMRS ratings are rarely high at the same time, indicating mixed mood. The plot is
reused from article B.

or neutral mood. Similarly, the center plot shows that YMRS ratings and mood have
a positive correlation (r = 0.22, P < 0.001), meaning that high YMRS ratings often
coincide with a feeling of elevated or neutral mood. The plot to the right shows that
HDRS and YMRS have a weak positive correlation (r = 0.13, P = 0.02) and were
only rated high at the same time in a few instances, indicating mixed mood.

3.2.2 Mood forecast
We applied pooled, separate and hierarchical regression models to forecast daily mood
based on a history of self-reported data (article A). The optimal window size of
the data history used in the forecast was identified in a cross-validation experiment,
evaluating one-day (h = 1) forecast models with window sizes from 1 to 7 days
(w = 1 : 7). The best result in terms of root mean squared error (RMSE) was
achieved using w = 4 days, which was then used in subsequent analyzes.

The results of two time series cross-validation experiments comparing forecast
models with h = 1 and w = 4 are presented in Table 3.1. The leave-all-out cross vali-
dation experiment (left column) simulates a scenario where a group of subjects start
monitoring at the same time, and training sets of increasing size are pooled across
subjects. The leave-one-out experiment (right column) simulates a situation where
each subject joins monitoring with limited training data which is pooled with data
from an existing population (see Appendix A for more details on the experiments). In
both experiments the proposed hierarchical models achieved the best results, demon-
strating the advantage of partial pooling of the data to include information from the
population while accounting for individual differences. The pooled models generally
performed better than the separate models in these experiments, most likely because
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Leave-all-out Leave-one-out
Model R2 ↑ RMSE ↓ R2 ↑ RMSE ↓
Last observed 0.342 0.376 0.151 0.385
Pooled mean -0.007 0.465 -0.009 0.419
Pooled ridge 0.450 0.344 0.340 0.339
Pooled XGBoost 0.455 0.342 0.343 0.338
Separate mean 0.213 0.412 -0.443 0.502
Separate ridge 0.345 0.375 -0.471 0.506
Separate XGBoost 0.302 0.388 -0.682 0.541
Hierarchical Bayesian linear 0.511 0.324 0.347 0.337
Hierarchical Bayesian ordinal 0.495 0.330 0.343 0.339

Table 3.1: Results of mood forecast leave-all-out time series cross-validation (left) and
leave-one-out time series cross-validation (right). The hierarchical Bayesian linear
regression model achieves the best results. The pooled models are better than the
separate models overall. The table is reused from article A.

the individual training sets were too small to fit meaningful models able to generalize
to new data. Overall, the regression models performed better than naïve baseline
models, showing the benefit of including information from additional subjective pre-
dictor variables in the mood forecast.

Figure 3.2 shows results from forecasting mood 1 to 7 days ahead using data
histories of 4 days. As expected in forecasting, the errors increase when forecasting
further ahead in time. The proposed hierarchical models achieved the lowest error for

Figure 3.2: Results of forecasting mood up to seven days ahead. The RMSE was
evaluated in time series cross-validation experiments for w = 4 and h = 1 through
7. As expected, the RMSE increases when forecasting further ahead. The proposed
hierarchical models achieved consistently lower RMSEs than the baseline models. The
plot is reused from article A.
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every value of the forecast horizon, h. Even at h = 7 the best performing regression
models achieved lower errors than the naïve baselines. We find it remarkable how a
relatively short self-assessment history of 4 days is informative of mood up to a week
ahead in time. This verifies that substantial mood changes in bipolar patients often
occur gradually over several days or weeks rather from one day to the next.

3.2.3 Daily estimates of clinical severity ratings
In article B, we applied pooled, separate and hierarchical regression models to es-
timate clinical ratings of the severity of depression (HDRS) and mania (YMRS)
symptoms. The predictive performance of the models was evaluated in a K = 100
cross-validation experiment, where in each iteration data from one randomly sampled
clinical evaluation (corresponding to the day of the evaluation and 3 prior days) from
each subject was held out and the remaining data was used to fit the models (see
Appendix B for details).

HDRS YMRS
Model R2 (SD)↑ RMSE (SD)↓ R2 (SD)↑ RMSE (SD)↓
Pooled naïve mean -0.02 (0.03) 5.99 (0.37) -0.04 (0.05) 4.18 (0.70)
Pooled Ridge 0.37 (0.10) 4.68 (0.48) 0.02 (0.15) 4.03 (0.60)
Pooled XGBoost 0.44 (0.10) 4.40 (0.41) -0.04 (0.21) 4.11 (0.53)
Pooled Bayesian 0.36 (0.12) 4.72 (0.51) 0.00 (0.21) 4.04 (0.56)
Separate naïve mean 0.47 (0.11) 4.29 (0.47) -0.00 (0.33) 4.00 (0.53)
Separate Ridge 0.47 (0.12) 4.30 (0.49) 0.04 (0.30) 3.92 (0.54)
Separate XGBoost 0.27 (0.15) 5.03 (0.49) -0.38 (0.50) 4.64 (0.45)
Hierarchical Bayesian 0.57 (0.10) 3.85 (0.47) 0.12 (0.31) 3.74 (0.46)

Table 3.2: Results of K=100 cross-validation experiments showing predicted coeffi-
cient of determination (R2) and root mean square error (RMSE) on the HDRS (left)
and YMRS (right) datasets, respectively. The table is reused from article B.

The cross-validation results are presented in Table 3.2. Because of low variance in
the data, the errors are generally small and the naïve models perform rather well. Still
the proposed hierarchical Bayesian regression models achieved the best results when
predicting both HDRS and YMRS and were significantly better than the separate
mean models in both cases according to independent t-tests (P < .001). Overall, the
separate and hierarchical models performed better than their pooled counterparts,
showing the importance of accounting for individual differences in the data. The
HDRS models generally achieved lower errors than the YMRS models, however, we
believe this is mainly due to low variance in the observed YMRS data and not because
YMRS ratings are inherently more difficult to predict than HDRS ratings.

We hypothesized that in practical settings it is more useful to identify individuals
with high risk of relapse rather than predicting the value of clinical severity ratings
exactly. By utilizing samples from the posterior predictive distribution provided by
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Figure 3.3: Receiver operating characteristic (ROC) curves presenting the results of
predicting relapse risk scores evaluated as a binary classification problem. In both the
HDRS case (left) and YMRS case (right), the hierarchical Bayesian regression model
outperforms pooled and separate mean models. The plot is reused from article B.

the Bayesian approach, we were able to compute the probability that an unobserved
severity rating, ỹji, exceeded a predefined threshold value of 13 on the original clinical
rating scales: Pr(ỹji ≥ 13). This statistic can be interpreted as the probability that
an individual is experiencing severe symptoms and can thus be utilized as a personal
score indicating the risk of relapse. We applied this method to the results of the
hierarchical model from the cross-validation experiment described above.

The ability to correctly assign high risk of relapse scores to observation of clinical
severity ratings greater than 13 was evaluated as a binary classification task. Results
are presented with receiver operating characteristic (ROC) curves in Figure 3.3, illus-
trating the trade-off between true positive rate (TPR) and false positive rate (FPR).
In terms of area under the curve (AUC), the hierarchical model performs better than
naïve mean baselines at identifying high risk instances in both the HDRS and YMRS
case. Note how the pooled mean model will always predict the same value (the mean
of the population) in every instance, corresponding to an AUC of 0.5. The sepa-
rate mean models assign a value to each individual independently, which is slightly
better in the HDRS case. The hierarchical regression model includes information
from additional predictor variables and benefits from partial pooling of data from the
population to account for individual differences and thus achieves the best results.

3.2.4 Classification based on objective smartphone data
In article C, we used objective smartphone data reflecting behavioral activities to clas-
sify patients with bipolar disorder and healthy control individuals. The data used in
this analysis was collected during a pilot study investigating the use of automatically
generated objective smartphone data as an electronic diagnostic behavioral marker
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in patients with bipolar disorder, performed prior to the MONARCA II RCT. Data
was collected from 29 patients recruited from The Clinic for Affective Disorder, Psy-
chiatric Centre Copenhagen, Denmark, between 2013 and 2014, and from 37 healthy
control individuals recruited from the Blood Bank at Rigshospitalet, Copenhagen
University Hospital, Denmark, between 2015 and 2016. Patients were evaluated fort-
nightly on HDRS and YMRS and the healthy control individuals were evaluated once
at inclusion. Both groups collected smartphone data throughout the 12 week study
period (see Appendix C for additional details about this pilot study).

The objective smartphone data included features reflecting social activity and
phone usage: number of outgoing and incoming text messages and phone calls, the
duration of phone calls, the number of times the screen was turned on, the duration
the screen was turned on. The objective features were first aggregated to a daily level
and then data from the day of the clinical evaluation and the 3 prior days was averaged
to describe the 4-day period the clinical evaluation referred to. Additional available
smartphone data, such as location and voice data, was not included in the analysis
at this point due to the need for additional preprocessing. Class labels of euthymia,
depression and mania were generated from the HDRS and YMRS severity ratings
with a threshold value of 13. The classification accuracy of a Gradient Boosting
classifier from the Scikit-learn machine learning library [37] was evaluated in 10-fold
cross-validation experiments. To mitigate class imbalance in the dataset, we used
random oversampling (sampling of the minority class with replacement) to construct
a balanced training set in each iteration.

Classes TPR↑ TNR↑ PPV↑ NPV↑ AUC↑
BD, overall versus HC 0.92 0.39 0.88 0.52 0.66
Euthymic state versus HC 0.90 0.56 0.85 0.67 0.73
Depressive state versus HC 0.79 0.50 0.71 0.60 0.64
Manic state versus HC 0.47 0.89 0.69 0.76 0.75

Table 3.3: Classification of patients with bipolar disorder (BD) versus healthy control
individuals (HC) based on automatically generated objective smartphone data. The
table is adapted from article C.

The results of four different binary classification cross-validation experiments are
presented in Table 3.3. The results indicate that objective smartphone data differed
between patients with bipolar disorder and healthy control individuals, and that it
was possible to discriminate between the groups with rather high true positive rate
(TPR) and positive predictive value (PPV) but a low true negative rate (TNR) and
negative predictive value (NPV). Interestingly, it was possible to discriminate between
the patients with bipolar disorder and healthy control individuals regardless of the
affective state.

Please refer to the full articles included in the appendices A, B and C for more
detailed results and specific discussion of the research presented in this summary.
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CHAPTER 4
Discussion

4.1 Main findings
The research summarized in this report has explored and analyzed data collected from
a large population of patients with bipolar disorder collected through a smartphone-
based system. The overarching aim has been to relate the smartphone data to disease
outcomes measured both subjectively by the patients and clinically using clinically
validated rating scales for severity of depression and mania. In particular, the main
outcomes of interest have been to: A) forecast self-reported mood in the coming days
based on self-reported data histories, B) estimate clinical severity ratings of depres-
sion and mania based on self-assessments and utilize uncertainty in the estimates to
compute individual risk of relapse scores, and C) utilize objective smartphone sensor
and usage data to discriminate between bipolar patients and healthy control individu-
als, overall and across different affective states. In all three studies, we found positive
evidence that the smartphone-based data related to the respective disease outcomes,
suggesting data collected via smartphones indeed contains relevant information about
symptoms of bipolar disorder that is worth monitoring and studying. In particular,
we found significant correlations between smartphone-based self-reported mood scores
and clinical severity ratings of depression and mania in patients with bipolar disorder
(article B), which confirms electronically self-reported mood is a valid indicator of
symptom severity of depression and mania in patients with bipolar disorder [55, 56,
57]. Together with mood changes, the latest version of the Diagnostic and Statisti-
cal Manual of Mental Disorders (DSM-V) acknowledges activity level as one of the
core features of hypomania and mania [58], and physical activity is therefore another
interesting target for continuous monitoring.

In the predictive analyzes presented in articles A and B, we were able to forecast
self-reported mood up to seven days ahead and estimate clinical severity ratings
using hierarchical regression models based on self-reported data. In both cases, our
proposed method achieved low error compared to common baseline methods and,
unsurprisingly, self-reported mood was found to be the strongest predictor of future
mood as well as clinical severity ratings. While these results are innovative and
encouraging, the practical benefit in a clinical setting for disease monitoring and for
enabling early intervention has still to be examined further. In practical settings, it
is not only important to provide accurate predictions, but they should also add new
information and be actionable in order to enable early intervention and help direct
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resources to where they are most needed. Therefore, medium to long-term prognosis
or aggregate risk scores combining multiple data that can be used to identify critical
cases might be more useful than providing accurate daily symptom score estimates.
However, we believe that understanding how smartphone data relates to daily disease
outcomes is an important step on the way towards this goal.

4.2 Advantages
The present research is based on data collected from patients diagnosed with bipolar
disorder participating in clinical studies and the clinical evaluations were conducted
by experienced researchers with specific knowledge about bipolar disorder. In contrast
to other studies that rely on data collected from non-clinical subjects, like students
or volunteers recruited online, the patients in our dataset and their symptoms are
clinically well characterized. Moreover, the size of the patient population in the
MONARCA II RCT [32] is large (N = 84) compared to prior clinical studies.

The smartphone-based system used to collect data (the Monsenso system) was
customized for the studies and developed in close collaboration with clinicians with
feedback from users to ensure high usability and ease of learning [59, 60]. Smartphones
offer a unique platform for disease monitoring as users can ubiquitously record and
review data replacing the need for traditional paper-based self-assessments. Thus,
smartphones provide an opportunity to collect data unobtrusively outside the clinical
setting, which has been shown to increase accuracy and reduce recall bias [17].

We found that our proposed method of using hierarchical Bayesian models to an-
alyze data from a population of patients with bipolar disorder (articles A and B) was
advantageous compared to approaches that either pool data across the population or
analyze each individual dataset separately. We believe this confirms the need to apply
models that are suited to account for individual differences in the data and provide
personal predictions pointed out in previous work [25, 51, 54, 24, 61]. Additionally,
by the means of parameter sharing, the hierarchical approach is able to deal with the
cold start problem that occurs when analyzing small individual datasets and enables
reasoning about new individuals belonging to the same population. Thus, we believe
hierarchical modelling, and more generally multi-task learning, is an appropriate ap-
proach in affective computing when dealing with groups of individuals with common
characteristics.

4.3 Limitations
The participants of the MONARCA II RCT [32] experienced a low number of affective
episodes during the study period, resulting primarely in low clinical severity ratings
of depression and mania symptoms. Similarly, the majority of daily self-reported
mood scores were close to zero indicating a neutral mood. The relative low variance
in the data led to some limitations in the subsequent analyzes. In the mood forecast
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task presented in article A, the low variance of self-reported mood meant that simple
baseline models were able to achieve low forecast errors and the regression models had
a tendency to extrapolate mood form previous days and gradually regress towards
the mean of the data. While this forecast behavior succeeds in achieving low error,
it largely fails to identify dramatic changes in mood and its utility in a practical
monitoring setting can therefore be limited. Similarly in article B when estimating
clinical severity, the naïve mean models fitted the data well because of low variance
in the data and the generally low severity ratings made it difficult to evaluate the pro-
posed methods ability to correctly identify high risk individuals. In the classification
task presented in article C, the low prevalence of affective episodes led to imbalanced
classes, which for many machine learning algorithms is a problem and can lead to
biased models. Various methods exist to correct for class imbalance, by for example
undersampling the majority class or oversampling the minority class, neither of which
are great solutions if one class is represented by only a few examples.

As described in section 2.1.7, we experienced problems with missing data, lim-
iting the amount of data available for analysis. The proposed forecasting method
in article A relies on a data history of consecutive observations, hence expanding
the window size would reduce the number of training examples in cases where an
intermediate observation was missing. Clinical severity rating estimation in article B
required self-assessments to be available on the days of the clinical evaluations and
data from at least 3 clinical evaluations from an individual in order to construct a
training set and a test set, which reduced the number of individuals with sufficient
amounts of data for analysis.

Finally, besides the many advantages of applying a Bayesian approach, specify-
ing and fitting the hierarchical models with Stan [39] can be a challenging and time
consuming task. The method of defining the full statistical model and choosing hyper-
parameters offers a lot of flexibility but is also cumbersome for an inexperienced user.
Additionally, fitting complex hierarchical models is computationally intensive and
can take hours and sometimes days to complete. This process becomes increasingly
challenging when performing cross-validation experiments. Higher level interfaces to
Stan providing common models, such as RStanArm [62] currently available for the
statistical computation environment, R, could perhaps help speed up parts of the
process and make iterations faster.

4.4 Perspectives
We believe that there are several interesting perspectives and directions for future
research in adoption of smartphone-based systems and automatic data analysis in
monitoring and treatment of mental disorders including bipolar disorder and depres-
sion:

• Predictive analysis of smartphone-based data can be used to detect early warn-
ing signs of relapse in clinical treatment. The use of smartphone data and
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automatic analyzes could be integrated in a clinical setup, where clinicians can
monitor and supervise a group of patients as part of outpatient treatment. This
can enable early intervention and potentially reduce the severity of symptoms
and degree of treatment and even prevent major affective episodes that could
lead to costly hospitalizations. A mood forecast prototype based on the work
in article A has already been implemented as part of the RADMIS trial [63] in
order to study its practical application. However, symptom prediction and espe-
cially forecasting must be used with care and disease prognosis should preferably
be made available only to health care professionals rather than being presented
directly to patients as prospects of illness might become self-fulfilling.

• Another use of machine learning within smartphone-based treatment of mental
disorders (and health technology in general) is to encourage behavioral change
by providing insights regarding unhealthy behaviors and recommending alter-
native activities. An important part current treatment of affective disorders is
to learn how to recognize personal warning signs and develop personal coping
strategies through cognitive behavioral therapy (CBT). This could be supported
by generating data driven insights and automatically trigger warnings when de-
tecting alarming behaviors such as reduced physical activity or too little sleep,
or by recommending specific exercises.

• Sensor technology in modern smartphones enables tracking of an increasingly
wide range of human behaviors that are potentially relevant for monitoring men-
tal health [27]. Even more detailed behaviors can be captured with wearable
devices such as wristbands and fitness trackers, which are becoming increas-
ingly ubiquitous. Objective behavioral features derived from sensor data could
help augment or potentially eliminate the need for momentary self-assessment
and thus reduce subjective bias and at the same time improve the user expe-
rience of monitoring systems. In particular, diagnosis and monitoring of af-
fective disorders such as depression and bipolar disorder today relies entirely
on subjective information and judgment and lacks objective tests. Thus, accu-
rate objective measures have the potential to revolutionize how we assess these
mental disorders. We have already examined the use of simple objective smart-
phone measures in article C and previously explored the use of voice features
extracted from phone calls [34]. In future research, we plan to include richer
sensor modalities such as location and provide a more thorough analysis of the
use of objective voice features in bipolar disorder.

• Modern machine learning techniques, such as deep neural networks, require
large amounts of training data to fit predictive models, but have proved un-
paralleled in revealing complex patterns and achieving high predictive accuracy
in a wide range of domains [64]. However, most studies involving predictive
methods within bipolar disorder have relied on rather simple, classic machine
learning and statistical methods. The potential of new advanced methods will
only be unlocked with truly large scale studies able to provide data of the neces-
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sary quantity and quality to fit complex models. This could however potentially
bring new insights to field and improve predictive accuracy.

4.5 Conclusions
We set out to research methods and algorithms for analysis of behavioral smartphone
data from patients with bipolar disorder and depression aiming to detect and predict
manic and depressive symptoms. This report has presented a summary of research
conducted during the author’s PhD studies and presented the principal results of
three included research manuscripts.

We have shown that by applying hierarchical Bayesian regression models we were
able to forecast subjective mood from 1 to 7 days ahead based on a short history
of self-assessments. The proposed hierarchical methods achieved low error compared
to pooled and separate baseline models. Using the same hierarchical modelling ap-
proach, we were able to successfully produce daily estimates of clinical severity ratings
of depression and mania from self-assessments and we showed how uncertainty in the
estimated values can be used to produce individual scores indicating risk of relapse.
We also found that it is possible to utilize simple features of objective smartphone
data to discriminate between patients with bipolar disorder and healthy control indi-
viduals during different affective states. Finding relationships between more complex
objective features and symptoms of depression and mania has great potential and
needs to be studied further.

Based on the results of the present research, we are confident that predictive
analysis based on subjective and objective smartphone data has potential to improve
disease monitoring and treatment tasks in bipolar disorder and enable early inter-
vention. To accomplish this goal, predictions must be accurate, interpretable and
actionable. While this is not achieved in full, we believe that the research presented
here contributes in the right direction.

A strength of the research is that it is based on data from patients diagnosed
with bipolar disorder participating in a trial conducted by experienced researchers
within the field. The smartphone-based system used in the studies was developed
through several field trials in close collaboration with clinicians and patients. There
has, however, also been challenges along the way. Data collection in the two RADMIS
RCTs [29] was delayed and did not commence until late in the PhD and is still ongoing
today. Therefore, the PhD research was primarily based on data from previous trials
conducted by RADMIS researchers, in particular the MONARCA II RCT [32], which
was concluded in 2018. The data analyzes have also been challenged by missing data
and low variance in the primary symptom outcome scores, which have made it difficult
to produce definite statistical results. Thus, high quality datasets collected from large
groups of patients with symptoms are required to drive the research forward.

The application of smartphones in disease monitoring and treatment in outpatient
clinics has some immediate benefits. Smartphones are ubiquitous in modern society
and provide a unique platform for pervasive data collection and offer an improved
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user experience compared to traditional paper-based self-assessment. Digital data
collection is also much more convenient, as it makes data available for analysis by hu-
mans and computers immediately. Smartphones additionally provide a way to deliver
immediate feedback to users based on their data whereas today data is only evaluated
periodically in routine outpatient consultations with a risk of overlooking important
patterns due to recall and observer biases. Whether the use of a smartphone-based
system can improve treatment of bipolar disorder and depression in terms of primary
disease outcomes, including mitigating the severity of affective episodes and prevent-
ing hospitalizations, is still unknown and answering this question is the main objective
of the continued research in the RADMIS project.
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Abstract	
Background:	 Bipolar	 disorder	 is	 a	 prevalent	 mental	 disease	 imposing	 a	 high	
societal	 burden.	 Accurate	 forecasting	 of	 symptom	 scores	 can	 be	 used	 to	 improve	
disease	 monitoring,	 enable	 early	 intervention	 and	 eventually	 help	 prevent	 costly	
hospitalizations.	While	several	studies	have	examined	the	use	of	smartphone	data	to	
detect	mood,	only	few	studies	deal	with	forecasting	mood	one	or	more	days	ahead	
of	time.	
Objective:	 The	 objective	 of	 this	 work	 is	 to	 examine	 the	 feasibility	 of	 forecasting	
daily	 subjective	 mood	 based	 on	 daily	 self-assessments	 collected	 from	 bipolar	
disorder	patients	via	a	smartphone-based	system	in	a	randomized	clinical	trial.	
Methods:	We	apply	hierarchical	Bayesian	regression	models,	a	multi-task	learning	
method,	 to	account	 for	 individual	differences	and	 forecast	mood	up	 to	 seven	days	
ahead	 based	 on	 15,975	 smartphone	 self-assessments	 from	 84	 bipolar	 disorder	
patients	 participating	 in	 a	 randomized	 clinical	 trial.	We	 report	 the	 results	 of	 two	
time-series	 cross-validation	 one	 day	 ahead	 prediction	 experiments	 corresponding	
to	two	different	real-world	scenarios	and	compare	the	outcomes	to	commonly	used	
baselines	methods.	We	then	apply	the	best	model	to	evaluate	a	seven-day	forecast.	
Results:	The	best	performing	model	used	a	history	of	4	days	of	self-assessments	to	
predict	future	mood	scores	with	historical	mood	being	the	most	important	predictor	
variable.	 The	 proposed	 hierarchical	 Bayesian	 regression	 model	 outperformed	
pooled	 and	 separate	 models	 in	 a	 one-day	 forecast	 time	 series	 cross-validation	
experiment	 and	 achieved	 predicted	𝑅" = 	0.51	and	𝑅𝑀𝑆𝐸	 = 	0.32	for	mood	 scores	
on	 a	 scale	 of	 -3	 to	 3.	 When	 increasing	 the	 forecast	 horizon,	 forecast	 errors	 also	
increase	and	the	forecast	regresses	towards	the	mean	of	the	data	distribution.	
Conclusions:	We	found	that	our	proposed	method	can	forecast	mood	several	days	
ahead	with	low	error	compared	to	common	baseline	methods.	The	applicability	of	a	
mood	forecast	in	clinical	treatment	of	bipolar	disorder	is	also	discussed.	
	
	
Keywords:	bipolar	 disorder;	mood;	 early	medical	 intervention;	machine	 learning;	
forecasting;	Bayesian	analysis;	hierarchical	model;	multi-task	learning.	
	
	 	



Introduction	
Bipolar	 disorder	 is	 estimated	 as	 one	 of	 the	 most	 important	 causes	 of	 disability	
worldwide	 [1,	 2].	 Bipolar	 disorder	 is	 characterized	 by	 recurrent	 episodes	 of	
depression,	(hypo)mania	and	mixed	episodes	intervened	by	periods	of	euthymia	[3]	
and	with	a	high	degree	of	comorbidity,	functional	impairment	and	increased	risk	of	
suicide	[4].		The	World	Health	Organization	(WHO)	estimates	that	about	60	million	
people	 are	 affected	 by	 bipolar	 disorder	 worldwide	 and	 that	 the	 burden	 of	
depression	and	other	mental	health	 conditions	 is	on	 the	 rise	globally	 [5].	 	Clinical	
treatment	of	bipolar	disorder	 includes	symptom	monitoring,	early	 identification	of	
subsyndromal	 symptoms	of	 depression	 and	mania	 and	 intervention	 to	 prevent	 or	
reduce	the	severity	of	affective	episodes.	
	
In	 this	 paper,	 we	 analyze	 daily	 self-assessments	 including	 mood	 scores	 collected	
from	 bipolar	 disorder	 patients	 through	 a	 smartphone-based	 system.	 	 Ecological	
momentary	assessments	(EMA)	reflect	 the	methods	used	to	collect	assessments	of	
individuals’	 real-time	 states	 repeatedly	 over	 time	 during	 naturalistic	 settings,	 and	
may	 reduce	 recall	bias	 [6].	 	Today	a	median	of	76%	of	adults	across	18	advanced	
economies	reported	having	a	smartphone	 [7],	and	many	people	use	a	smartphone	
daily	 [8].	 	 	 The	 rapid	 evolution	 and	 ubiquity	 of	mobile	 networks	 have	 resulted	 in	
increasing	 growth	 of	 e-mental	 health	 technologies,	 including	 electronic	 platforms	
offering	tolls	for	remote	self-monitoring	[9].	By	using	daily	smartphone-based	self-
monitoring	 potential	 recall	 bias	 in	 self-reported	 patient	 data	 is	 minimized.	 Thus,	
smartphones	 extend	 the	 use	 of	 EMA	 beyond	 its	 classical	 use	 for	 self-reports	 and	
offer	 the	 opportunity	 to	 collect	 fine-grained	 data	 unobtrusively	 and	 outside	 the	
clinical	 settings	 [10].	 	 By	 replacing	 paper-based	 self-assessments	 of	 traditional	
treatment	methods	with	a	smartphone-based	system,	users	can	ubiquitously	enter	
and	 review	 their	 own	 data	 and	 share	 it	 with	 clinicians	 who	 can	 intervene	 if	
something	 appears	 alarming.	 	 Thus,	 smartphones	 provide	 a	 unique	 platform	 for	
monitoring	and	managing	depression	and	mania	[11,	12,	13].		Furthermore,	modern	
smartphones	provide	the	means	for	collecting	rich	sensor	data,	which	is	believed	to	
capture	 valuable	 behavioral	 information	 that	 can	 be	 related	 to	 disease	 outcomes	
[14].		Digital	self-reporting	and	data	collection	has	the	additional	benefit	of	making	
data	 available	 for	 automatic	 analysis	 immediately,	 which	 can	 help	 support	
continuous	disease	monitoring.	
	
We	find	it	useful	to	distinguish	between	mood	detection,	i.e.	predicting	mood	based	
on	data	from	the	same	day,	and	mood	forecasting,	i.e.	predicting	mood	one	or	more	
days	 ahead	 based	 on	 historical	 data.	 Smartphone-based	 mood	 detection,	 is	 well	
studied	but	 remains	 a	 difficult	 problem.	 Several	 papers	 have	 examined	 the	 use	 of	
passive	smartphone	data,	such	as	location,	communication	logs	and	device	usage,	to	
detect	or	classify	daily,	self-reported	mood	labels	[15,	16,	17,	18,	19,	20,	21].	A	few	
recent	 studies	 address	 mood	 forecasting,	 which	 is	 a	 more	 challenging	 task	 than	
mood	detection,	 since	 the	 causal	 chain	 between	 cause	 and	 outcome	 is	 longer	 and	
because	of	the	uncertainty	inherently	associated	with	future	events.	DeepMood	is	a	
solution	for	forecasting	severely	depressed	mood	from	self-reported	histories	using	



a	Recurrent	Neural	Network	[22].	They	found	that	long-term	historical	information	
up	to	14	days	improves	the	accuracy	of	forecasting	depressed	mood	classes	and	that	
mood	 the	 previous	 day	 is	 the	 most	 important	 predictor	 when	 forecasting	 severe	
depression	 one	 day	 ahead.	 A	 limitation	 of	 this	 method	 is	 that	 it	 needs	 labeled	
observations	 every	day	 in	 a	14-day	history	 in	order	 to	make	predictions.	Another	
study	 employs	 a	 selection	 of	 multi-task	 learning	 (MTL)	 techniques	 to	 train	
personalized	models	 for	predicting	 future	mood,	 stress,	 and	health	one	day	ahead	
[23].	 They	 found	 that	 using	 MTL	 to	 account	 for	 individual	 differences	 provides	
substantial	performance	improvements	over	traditional	machine	learning	methods.	
By	utilizing	a	clustering	of	users	based	on	age,	gender	and	personality,	a	new	user	
needs	 only	 to	 be	 assigned	 to	 a	 cluster	 in	 order	 to	 enable	 prediction	 on	new	data,	
when	 labeled	 data	 from	 a	 population	 of	 similar	 users	 is	 available	 to	 fit	 the	 initial	
model.	
	
A	major	challenge	when	reviewing	work	on	mood	prediction	and	behavior	tracking	
is	that	researchers	often	have	different	data	collection	strategies	and	apply	custom	
modelling	 and	 labeling	 approaches,	 consequently	 making	 results	 difficult	 to	
compare	 and	 sometimes	 contradicting	 [14].	Another	problem	 is	 that	most	 studies	
involve	 healthy	 subjects	 (i.e.,	 not	 diagnosed	 patients),	 and	 it	 is	 therefore	 hard	 to	
generalize	 to	 patients	 suffering	 from	 affective	 disorders.	 Nonetheless,	 some	
common	 observations	 stand	 out.	 	 Several	 studies	 found	 that	 personalized	models	
generally	outperform	generic	models	when	 sufficient	data	 is	 available	 [16,	19,	23,	
24,	 25],	 demonstrating	 the	 importance	 of	 accounting	 for	 individual	 differences	 in	
the	 data.	 This	 can	 be	 accommodated	 by	 applying	 MTL,	 which	 provides	 a	 way	 of	
improving	generalization	by	 learning	several	related	tasks	simultaneously	[26].	By	
considering	 each	 individual	 of	 a	 population	 its	 own	 task,	 MTL	 techniques	 can	
produce	personalized	predictions	in	a	straight	forward	manner.	
	
Our	 study	 differs	 from	 the	 prior	work	 in	 a	 number	 of	ways.	Where	many	 studies	
collect	 data	 from	 non-clinical	 subjects	 (like	 students	 and	 volunteers	 recruited	
online),	 our	 data	 is	 collected	 in	 a	 randomized	 clinical	 trial	 from	patients	who	 are	
diagnosed	and	treated	for	bipolar	disorder.	Moreover,	to	the	best	of	our	knowledge,	
the	 size	 of	 our	 patient	 population	 (N=84)	 is	 significantly	 larger	 than	 any	 prior	
clinical	 studies.	 We	 also	 found	 that	 even	 though	 most	 studies	 record	 subjective	
mood	 on	 a	 continuous	 or	 ordinal	 scale,	 the	 prediction	 task	 is	 often	 reduced	 to	 a	
classification	 problem	 by	 binning	 the	 values	 into	 two	 or	 more	 classes,	 such	 as	
neutral,	depressed	and	manic.	In	this	work,	we	treat	mood	prediction	as	a	regression	
problem,	which	 is	more	 direct	 given	 the	way	data	 is	 collected	 and	 interpreted	 by	
users.	Finally,	rather	than	mood	detection,	we	address	the	more	challenging	task	of	
mood	forecasting,	and	we	apply	a	hierarchical	Bayesian	modelling	approach,	which	
is	a	popular	method	of	MTL	able	to	account	for	individual	differences	in	the	data.	
	
The	 main	 objective	 of	 this	 work	 is	 to	 examine	 the	 feasibility	 and	 technical	
foundation	 of	 forecasting	 daily	 mood	 scores	 in	 bipolar	 disorder	 based	 on	 daily	
smartphone	self-assessments.	We	hypothesize	that	utilizing	these	data	to	establish	
an	accurate,	online	mood	forecast	solution	can	help	improve	disease	monitoring	by	



providing	additional	insights	that	enable	early	intervention	and	thus	eventually	can	
prevent	relapse	of	affective	episodes	and	burdensome	and	costly	hospitalizations.	

Methods	

Data	description	
Data	used	in	the	present	study	was	collected	between	September	2014	and	January	
2018	during	the	MONARCA	II	randomized	clinical	trial	[27]	investigating	the	effect	
of	 smartphone-based	monitoring.	All	patients	with	a	diagnosis	of	bipolar	disorder	
who	 had	 previously	 been	 treated	 at	 the	 Copenhagen	 Clinic	 for	 Affective	Disorder,	
Copenhagen,	Denmark	in	the	period	from	2004	to	January	2016	and	who	at	the	time	
of	 recruitment	 were	 being	 treated	 at	 community	 psychiatric	 centers,	 private	
psychiatrists	 and	 general	 practitioners	 were	 invited	 to	 participate	 in	 the	 trial.	
Patients	were	included	in	the	study	for	a	nine-month	follow-up	period	if	they	had	a	
bipolar	 disorder	 diagnosis	 according	 to	 ICD-10	 using	 the	 Schedules	 for	 Clinical	
Assessments	 in	 Neuropsychiatry	 (SCAN)	 [28]	 and	 previously	 were	 treated	 at	 the	
Copenhagen	Clinic	 for	Affective	Disorder.	 Patients	with	 schizophrenia,	 schizotypal	
or	delusional	disorders,	previous	use	of	the	MONARCA	system,	pregnancy	and	lack	
of	Danish	 language	skills	were	excluded.	Patients	with	other	comorbid	psychiatric	
disorders	and	substance	use	were	eligible	for	the	trial.	 	As	part	of	the	MONARCA	II	
trial,	 patients	 were	 randomized	 to	 either	 using	 a	 smartphone-based	 monitoring	
system	(the	Monsenso	system)	for	daily	self-monitoring	(the	intervention	group)	or	
to	 treatment	 as	 usual	 (the	 control	 group).	 Patients	 included	 in	 the	 intervention	
group	collected	daily	smartphone-based	self-monitoring	data	and	were	included	in	
the	 analyses	 in	 the	 present	 report.	 Inclusion	 and	 exclusion	 criteria	 were	
investigated	and	assessed	by	two	clinical	researchers	(MFJ).	
	
Study	 participants	 were	 provided	 with	 an	 Android	 smartphone	 application	
configured	 for	 the	 study	 and	 instructed	 to	 complete	 daily	 self-assessments	
consisting	of	a	questionnaire	including	the	items	listed	in	Table	1.	Specifically,	mood	
was	scored	on	a	scale	of	-3,	-2,	-1,	-0.5,	0,	0.5,	1,	2,	3,	where	negative	values	indicate	
various	 degrees	 of	 depression,	 positive	 values	 indicate	 mania	 and	 zero	 indicates	
neutral	mood	(euthymia).	
	 	



	
Table	1.	Items	of	the	daily	self-assessment	questionnaire.	
Attribute	 Description	 Value	
Activity		 Level	of	physical	activity.		 -3	to	3	
Alcohol		 Alcoholic	drinks	consumed.	 0	to	10+	
Anxiety		 Level	of	anxiety.		 0	to	2	
Irritable		 Level	of	irritability.		 0	to	2	
Cognitive	difficulty	 Level	of	cognitive	discomfort.	 0	to	2	
Medicine		 Medicine	adherence.	 0	to	2	
Mixed	mood		 Experienced	mixed	mood.		 0	to	1	
Mood			 Experienced	mood.		 -3	to	3	
Sleep		 Hours	of	sleep.		 #hours		
Stress			 Level	of	stress.		 0	to	2	
	
Additionally,	 participants	 of	 the	 study	 were	 periodically	 evaluated	 by	 trained	
psychiatrists	 on	 clinical	 rating	 scales	 for	 depression	 and	 mania:	 the	 Hamilton	
Depression	Rating	 Scale	 (HDRS)	 [29]	 and	 Young	Mania	Rating	 Scale	 (YMRS)	 [30].	
Each	rating	scale	consists	of	a	series	of	questions	that	are	scored	and	added	up	to	
summarize	 the	 current	 state	 of	 the	 patient	 with	 higher	 scores	 indicating	 more	
severe	 symptoms.	All	 clinical	 assessments	were	 conducted	by	 clinical	 researchers,	
who	 were	 blinded	 to	 all	 smartphone-based	 data.	 Thus,	 data	 on	 severity	 of	
depressive	and	manic	symptoms	was	collected	rater-blinded.	Both	rating	scales	are	
clinically	validated	and	generally	accepted	as	accurate	measures	of	 illness	severity	
in	bipolar	disorder.	

Data	preprocessing	
Two	of	the	self-assessment	items	were	preprocessed	prior	to	the	analysis.	Because	
the	 answer	 to	 the	 medicine	 item	 is	 categorical	 by	 design	 (medicine	 not	 taken,	
medicine	 taken,	 medicine	 taken	 with	 changes),	 we	 encoded	 it	 as	 two	 exclusive	
binary	 variables	 indicating	 if	 medicine	 was	 not	 taken	 (medicine	 omitted)	 or	 if	
medicine	 was	 taken	 with	 changes	 (medicine	 changed).	 Additionally,	 we	 did	 not	
expect	 sleep	 duration	 to	 have	 linear	 effect	 on	mood,	 why	 the	 sleep	 variable	 was	
replaced	with	two	new	features	by	subtracting	the	individual	mean	and	splitting	the	
result	 into	 a	 negative	 and	 positive	 component	 (sleep	 negative	 and	 sleep	 positive)	
indicating	 decreased	 or	 increased	 sleep	 relative	 to	 the	 mean.	 Finally,	 we	 have	
normalized	all	self-assessment	variables	by	their	allowed	minimum	and	maximum	
value.	We	 also	 experimented	with	 forward	 filling	missing	 data	 from	 the	 previous	
day,	but	found	that	very	little	additional	data	was	gained,	so	we	left	this	step	out	of	
the	final	analysis	presented	in	this	work.	

Forecasting	
Forecasting	is	the	task	of	predicting	the	future	given	available	information	from	the	
past	and	the	present	[31,	32].	For	forecasting	to	be	feasible,	it	should	be	reasonable	
to	assume	 that	 the	history	of	 recorded	 information	somehow	relates	 to	 the	 future	
events	of	interest.	A	typical	forecasting	task	is	illustrated	in	Figure	1.	We	denote	by	
w	the	size	of	the	history	used	in	the	forecast	and	by	h	the	horizon	of	how	far	into	the	



future	the	target	is	predicted.		In	our	particular	case	of	using	daily	self-reports	both	
w	and	h	are	measured	in	days.	
	
Figure	1.	Forecasting	is	the	task	of	predicting	the	future	given	relevant	information	
from	the	past	and	the	present.	The	window	size,	w,	is	the	size	of	the	history	defining	
the	predictor	variables	and	the	horizon,	h,	is	how	far	in	the	future	the	target	variable	
is	predicted.	

	
	
Several	 methods	 for	 producing	 forecasts	 exist	 [32].	 The	 simplest	 forecasting	
methods	use	only	historic	information	about	the	target	variable	and	do	not	take	into	
account	any	other	information	but	are	designed	to	utilize	time	dependent	patterns,	
such	as	seasonality	and	trend,	to	extrapolate	observed	data	into	the	future.	Another	
approach	 is	 to	 apply	 standard	 regression	 or	 classification	 models	 to	 predict	 the	
variable	 of	 interest	 based	 on	 relevant	 information,	 such	 as	 prior	 (lagged)	
observations	of	 the	 target	variable	along	with	additional	predictor	variables.	 	This	
approach	has	the	benefit	of	allowing	the	use	of	a	variety	of	different	methods	from	
the	machine	learning	and	statistical	inference	literature,	but	may	not	be	as	good	at	
capturing	 long-term	 time	 dependent	 patterns.	 For	 short-term	 forecasts	 or	 data	
without	 long-term	 time	 dependence,	 however,	 this	 might	 not	 be	 a	 problem.	 For	
these	reasons,	we	chose	to	apply	the	latter	approach	in	this	work.	
	
Special	 care	 should	 be	 taken	 when	 evaluating	 the	 performance	 of	 a	 forecast.	 A	
genuine	 forecast	 uses	 only	 data	 available	 at	 the	 forecast	 time,	 and	 thus	 no	 future	
data,	to	estimate	its	parameters	[32].	Consequently,	the	size	of	 in	sample	residuals	
(training	 error)	 is	 not	 a	 reliable	 indicator	 of	 the	 true	 forecast	 error.	 The	 forecast	
performance	can	only	be	determined	by	fitting	the	model	on	training	data	observed	
prior	to	the	test	data.		This	needs	to	be	considered	when	designing	the	experiment	
used	 to	 evaluate	 the	 forecast	 model,	 such	 as	 cross-validation.	 Time	 series	 cross-
validation	 addresses	 this	 by	 splitting	 the	 data	 into	 a	 sequence	 of	 consecutive	 test	
sets.	The	corresponding	training	sets	consist	only	of	data	observed	prior	to	each	test	
set.	 Thus,	 no	 future	 information	 is	 included	when	 constructing	 the	 forecasts.	 The	
cross-validation	error	is	then	computed	across	all	the	test	sets.	Because	we	consider	
data	 from	multiple	 individuals,	we	apply	two	different	time	series	cross-validation	
in	our	experiments:	
	



• Leave-all-out	 time	 series	 cross-validation:	 Each	 individual's	 data	 is	
partitioned	into	a	sequence	of	T	consecutive	similar	sized	test	sets.	Then	the	
test	 sets	 are	 pooled	 across	 all	 individuals.	 The	 corresponding	 training	 sets	
consist	 of	 all	 data	 observed	 prior	 to	 each	 test	 set,	 resulting	 in	𝑇 − 1	
test/training	set	pairs	(the	first	test	set	has	no	prior	data).	

	
• Leave-one-out	 time	 series	 cross-validation:	 Each	 individual's	 data	 is	

partitioned	 into	a	 training	set	and	a	subsequent	 test	set.	The	 training	set	 is	
then	pooled	with	all	data	from	all	other	individuals,	resulting	in	a	number	of	
test/training	set	pairs	equal	to	the	number	of	individuals,	J.	

	
These	 two	 experiments	 correspond	 to	 two	 different	 scenarios:	 Leave-all-out	 time	
series	 cross-validation	 simulates	 a	 situation	 where	 a	 group	 of	 patients	 starts	
monitoring	at	the	same	time	without	any	additional	historical	data,	while	leave-one-
out	time	series	cross-validation	simulates	a	situation	where	each	participant	starts	
monitoring	when	data	is	already	available	from	a	population	of	similar	individuals.	

Hierarchical	Bayesian	models	
When	analyzing	data	 consisting	of	multiple	 related	 sets	of	measurements,	 such	as	
individuals	in	a	population,	a	basic	approach	is	to	completely	pool	all	the	data	into	a	
common	 model,	 assuming	 all	 sets	 have	 similar	 properties.	 A	 drawback	 of	 this	
method	is	you	risk	losing	important	information	at	the	individual	level.	To	overcome	
this	 problem,	 an	 alternative	 approach	 is	 to	 model	 each	 set	 of	 data	 separately,	
assuming	all	sets	are	independent.	However,	you	might	miss	information	about	how	
the	individual	sets	relate	to	each	other	at	the	population	level.	Especially	when	each	
individual	dataset	is	too	small	to	construct	a	meaningful	separate	model,	it	is	useful	
to	include	information	from	the	population	to	make	analysis	feasible.	A	hierarchical	
(multi-level)	Bayesian	model	is	an	intermediate	solution	allowing	partial	pooling	of	
the	data,	thus	providing	a	compromise	between	the	completely	pooled	and	separate	
models	 [33,	 34].	 The	 hierarchical	 approach	 captures	 the	 overall	 characteristics	 of	
the	population	while	allowing	individual	differences	and	enables	modeling	of	small	
related	datasets,	each	getting	a	gradually	more	personalized	model	as	more	data	is	
collected	and	included	in	the	training	set.	Additionally,	it	allows	for	reasoning	about	
previously	unobserved	individuals,	assuming	they	come	from	the	same	population,	
which	helps	to	overcome	the	cold	start	problem.	Applying	a	Bayesian	approach	has	
the	 additional	 benefit	 of	 providing	 uncertainty	 in	 all	 model	 parameters	 and	
predictions,	 allowing	 for	 improved	 interpretability.	 Because	 of	 these	 desirable	
properties,	we	apply	hierarchical	models	 in	our	analysis.	 In	particular,	we	explore	
the	 use	 of	 hierarchical	 implementations	 of	 both	 linear	 and	 ordinal	 regression	
models.	
	
	 	



Figure	 2.	 Bayesian	 network	 of	 a	 hierarchical	 linear	 regression	 model.	 Individual	
regression	 intercept	𝛼1 	and	 weights	𝛽1 	are	 drawn	 from	 population	 distributions	
parameterized	by	𝜇4 ,	𝜏4 	and	𝜇6 ,	𝜏6 ,	This	allows	the	model	to	account	for	individual	
differences	 while	 constraining	 individual	 parameters	 to	 be	 similar	 across	 the	
population.	

	
	
Ordinary	 linear	regression	 is	a	method	for	predicting	the	outcome	of	a	continuous	
variable,	modeled	as	the	linear	combination	of	the	model	parameters	and	predictor	
variables.	 Hierarchical	 Bayesian	 linear	 regression	 can	 be	 expressed	 by	 assuming	
each	individual	set	of	parameters	are	drawn	from	a	common	population	distribution	
(Figure	 2).	 For	 individual	𝑗 = 1: 𝐽 ,	 observation	𝑖 = 1:𝑁 ,	 target	 variable	𝑦1= 	and	
predictor	variables	𝒙1=:	
	

𝑦1= = Normal(𝛼1= + 𝛽1G𝒙1=, 𝜎)	
	
where	αL	and	𝛽1 	are	sampled	from	population	distributions:	
	

𝛼 ∼ Normal 𝜇4, 𝜏4 	
𝛽 ∼ Normal(𝜇6, 𝜏6)	

	
and	the	population	means	𝜇4 ,	𝜇6 	and	variances	𝜏4 ,	𝜏6 	as	well	as	the	standard	error	𝜎	
have	independent	Normal	priors.	
	
Ordinal	regression	(sometimes	referred	to	as	ordinal	classification)	is	a	method	for	
predicting	a	discrete	variable	that	has	a	relative	ordering	of	the	possible	outcomes.	
Thus,	it	can	be	thought	of	as	an	intermediate	between	regression	and	classification.	
An	 example	 of	 ordinal	 regression	 is	 ordered	 logistic	 regression.	 For	 an	 outcome	
belonging	 to	 one	 of	𝐾 	categories,	 y1= ∈ 1: 𝐾 ,	 ordered	 logistic	 regression	 is	
determined	 by	 a	 latent	 continuous	 variable,	𝑧1= = 𝛽1G𝒙1= ,	 along	 with	 a	 sequence	 of	
𝐾 + 1	ordered	 cutpoints𝒄1 ,	 such	 that	𝑐TUV < 𝑐T 	and	𝑐X = −∞,	𝑐Y =∞	by	 definition.	
If	𝑧1= 	falls	between	two	cutpoints,	𝑐TUV	and	𝑐T ,	the	outcome	is	predicted	to	belong	to	



the	corresponding	category,	𝑦1= = 𝑘,	with	high	probability.	This	type	of	model	can	be	
justified	by	assuming	the	category,	𝑦1= ,	 is	an	incomplete	measurement	of	the	 latent	
variable	𝑧1=:	
	

𝑦1= ∼ OrderedLogistic(𝑧1=, 𝒄1)	
	
Hierarchical	 Bayesian	 ordinal	 regression	 can	 be	 expressed	 by	 assuming	 each	
individual	 set	 of	 model	 parameters	 is	 drawn	 from	 a	 common	 population	
distribution:	
	

𝛽1 ∼ Normal 𝜇6, 𝜏6 	
𝒄1 ∼ Normal(𝜇d, 𝜏d)	

	
with	 independent	 Normal	 priors	 on	 the	 population	 parameters	𝜇6 ,	𝜏6 ,	𝜇d ,	𝜏d 	along	
with	 ordering	 constraints	 on	𝜇d 	and	𝒄1 .	 In	 practice,	 we	 reparameterize	 the	
hierarchical	models	to	achieve	more	efficient	sampling	[35].	A	practical	difference	of	
using	ordinal	regression	over	linear	regression	is	that	ordinal	regression	can	never	
produce	predictions	 (or	uncertainties)	outside	 the	 range	of	 the	 training	data.	This	
can	 be	 an	 advantage	when	 the	 target	 variable	 represents	 a	 bounded	 scale	where	
values	outside	the	scale	does	not	have	any	meaning.	Ordinary	linear	regression	does	
not	provide	 this	guarantee,	 thus	 the	ordinal	model	 can	 lead	 to	more	 interpretable	
outcomes.	
	
We	use	the	statistical	modeling	platform,	Stan	[36],	to	specify	and	perform	inference	
in	 the	 hierarchical	 models.	 Generally,	 the	 models	 were	 fitted	 using	 4	 sampling	
chains	and	5,000	iterations,	where	the	first	half	was	warm-up	and	parameter	tuning,	
resulting	 in	 10,000	 posterior	 samples.	 Our	 prior	 believe	 was	 that	 self-reported	
mood	 would	 be	 the	 strongest	 predictor	 of	 future	 mood,	 hence	 the	 population	
parameters	 corresponding	 to	mood	were	 assigned	 less	 restrictive	 priors	 than	 the	
other	 population	 parameters,	 which	 were	 assigned	 more	 restrictive	 priors	 to	
introduce	regularization.	The	Stan	code	of	the	hierarchical	models	and	more	details	
on	the	priors	is	included	in	Multimedia	Appendix	1.	To	provide	appropriate	baseline	
results	 for	 comparison,	 a	 suite	of	naïve	and	standard	machine	 learning	 regression	
models	from	the	Scikit-learn	machine	learning	library	[37]	and	the	popular	XGBoost	
Python	package	 [38]	are	also	evaluated.	These	models	are	 fitted	both	with	pooled	
and	separate	data	where	applicable.	

Ethical	considerations	
The	trials	were	approved	by	the	Regional	Ethics	Committee	in	the	Capital	Region	of	
Denmark	(H-2-2014-059)	and	 the	Danish	Data	protection	agency	(2013-41-1710).	
The	 law	on	handling	of	 personal	data	was	 respected.	 Prior	 to	 commencement	 the	
trials	were	registered	at	ClinicalTrials.gov	(NCT02221336).	Electronic	data	collected	
from	the	smartphones	were	stored	at	a	secure	server	at	Concern	IT,	Capital	Region,	
Denmark	(I-suite	number	RHP-292	2011-03).	The	trial	complied	with	the	Helsinki	
Declaration	of	1975,	as	revised	in	2008.	



Results	

Descriptive	statistics	
The	dataset	 consists	 of	 15,975	daily	 self-assessments	 and	280	 clinical	 evaluations	
from	84	participants.	The	population	consisted	of	52	females	(62%)	and	ages	21	to	
71	years	(mean=43.1,	SD=12.4).	Figure	3	presents	the	distribution	of	self-reported	
mood	 scores	 across	 all	 individuals	 in	 the	 dataset	 (mean=-0.14,	 SD=0.48).	 The	
majority	of	observed	mood	scores,	y,	are	centered	around	zero	indicating	euthymia	
(−0.75 < 𝑦 < 0.75 = 89.64%)	 with	 only	 few	 values	 indicating	 depression	 (𝑦 <
−0.75 = 8.68%)	 and	 even	 fewer	 values	 indicating	 mania	 (𝑦 > 0.75 = 1.68%).	 As	
expected,	 the	 self-reported	mood	 scores	 and	HDRS	 are	 negatively	 correlated	 (𝑟 =
−0.40, 𝑃 < .001)	 and	 self-reported	mood	and	YMRS	are	positively	 correlated	 (𝑟 =
0.22, 𝑃 < 0.001).	
	
Figure	3.	Distribution	of	all	self-reported	mood	scores	(left)	and	of	individual	mean	
mood	scores	(right).	The	mood	scores	are	generally	close	to	zero	indicating	neutral	
mood	with	only	a	few	exceptions	indicating	depressed	or	elevated	mood.	

	
	
Figure	 4	 shows	 correlations	 of	 self-assessment	 items	 with	 self-reported	 mood	
lagged	for	up	to	seven	days.	Self-reported	mood	has	positive	auto-correlation	for	the	
entire	 duration	 of	 1-7	 days.	 Additionally,	 activity	 has	 a	 positive	 correlation	 with	
mood	 for	a	 few	days,	 indicating	high	activity	 levels	 coincides	with	elevated	mood,	
and	 anxiety	 has	 a	 small	 negative	 correlation	 with	 mood,	 indicating	 anxiety	 often	
coincides	 with	 negative	 mood	 scores.	 The	 remaining	 self-assessment	 items	 show	
small,	 diminishing	 correlations	 with	 lagged	 mood.	 A	 seasonality	 analysis	 of	 self-
reported	mood	revealed	no	significant	monthly	or	daily	seasonality	in	the	data	and	
is	left	out	for	brevity.	
	
Figure	4.	Mean	of	individual	correlations	of	self-assessment	items	and	mood	lagged	
up	 to	 seven	days.	Non-zero	 correlations	 indicate	 that	 items	have	 some	 relation	 to	
mood	on	subsequent	days	that	can	be	utilized	for	mood	forecasting.	



	

Window	size	selection	
To	 find	 the	optimal	window	size,	w,	 for	 forecasting	mood,	we	evaluated	a	one	day	
forecast	 with	 window	 sizes	 from	 one	 to	 seven	 days.	 Each	 window	 size	 was	
evaluated	 in	 a	𝑇 = 24	leave-all-out	 time	 series	 cross-validation	 experiment	 with	
data	partitions	of	size	one	week.	The	predicted	coefficient	of	determination	(𝑅")	and	
root	mean	squared	error	(RMSE)	were	computed	across	all	the	test	sets.	
	
Figure	5	shows	the	RMSE	of	the	cross-validation	for	𝑤 = 1	through	7	and	ℎ = 1.	The	
errors	 of	 the	 naïve	 mean	 models	 are	 almost	 constant,	 varying	 only	 due	 to	 the	
difference	in	datasets	available	for	different	values	of	w.	The	hierarchical	Bayesian	
linear	regression	model	achieved	the	 lowest	RMSE	of	all	models	 for	every	window	
size	with	the	best	result	at	𝑤 = 4	days,	which	we	then	used	in	the	following	analysis.	
	
Figure	 5.	 Window	 size	 selection	 results.	 The	 RMSE	 was	 evaluated	 in	 time	 series	
cross-validation	experiments	for	𝑤 = 1	through	7	and	ℎ = 1.	The	lowest	RMSE	was	
achieved	by	the	hierarchical	linear	model	at	𝑤 = 4.	

	

Model	checks	and	feature	importance	
To	 evaluate	 how	well	 the	 proposed	 hierarchical	 linear	 and	 ordinal	models	 fit	 the	
data	distribution,	we	trained	them	on	the	entire	dataset	of	participants	with	at	least	
two	data	points	for	𝑤 = 4	and	ℎ = 1	(𝑁 = 5881).	The	hierarchical	models	achieved	



similar	 fit	 with	 in	 sample	𝑅" = 0.56 	and	 in	 sample	𝑅𝑀𝑆𝐸 = 0.29 .	 We	 then	
performed	 posterior	 predictive	 checks	 by	 testing	 the	 ability	 of	 the	 models	 to	
replicate	 (predict)	 the	 observed	 distribution	 of	 future	 mood	 from	 the	 observed	
history	 of	 predictor	 variables.	 In	 particular,	 we	 computed	 the	 ratio	 of	 observed	
mood	 values	 and	 replicated	 mood	 values	 less	 than	 -0.75	 and	 greater	 than	 0.75,	
respectively.	The	hierarchical	linear	model	replicated	93%	of	the	small	values	while	
the	ordinal	model	replicated	65%	of	the	small	values.	The	hierarchical	linear	model	
replicated	73%	of	the	 large	values	while	the	ordinal	model	only	replicated	24%	of	
the	large	values.	Thus,	the	hierarchical	linear	model	is	better	at	capturing	the	tails	of	
the	distribution	whereas	the	ordinal	model	underestimates	extreme	values.	
	
The	 importance	 of	 a	 predictor	 variable	 in	 a	 linear	 regression	 model	 can	 be	
measured	 as	 the	 absolute	 value	 of	 the	 t-statistic	 of	 its	 regression	 weight,	𝛽,	
computed	 as	 the	 mean	 weight	 scaled	 by	 its	 standard	 error:	𝑡6 = 𝛽/𝑆𝐸(𝛽)	[39].	
Table	 2	 presents	 the	 mean	 absolute	 t-statistic	 of	 the	 individual-level	 regression	
weights	 in	 the	 hierarchical	 Bayesian	 linear	 regression	 model	 for	 each	 of	 the	
predictor	variables	in	a	four-day	history.	This	shows	that	self-reported	mood	is	the	
most	 important	variable	 for	predicting	mood	the	next	day,	which	 is	not	surprising	
considering	mood	has	a	strong	auto-correlation	(Figure	4).	
	
Table	2.	Predictor	variables	sorted	by	overall	 feature	 importance	measured	by	the	
mean	absolute	t-statistic	(standard	deviation	in	parenthesis)	of	the	individual-level	
regression	parameters	in	the	hierarchical	Bayesian	linear	regression	model	for	𝑤 =
4	and	ℎ = 1.	Self-reported	mood	is	the	most	important	variable	for	predicting	mood	
on	the	following	day.	
	 |𝑡|	
Predictor	 𝑥t	 𝑥tUV	 𝑥tU"	 𝑥tUu	
Mood																	 4.53	(3.35)	 2.34	(0.55)	 0.47	(0.28)	 2.78	(0.18)	
Anxiety														 2.78	(0.05)	 0.71	(0.02)	 1.29	(0.01)	 0.76	(0.00)	
Irritable												 2.74	(0.11)	 1.22	(0.01)	 0.95	(0.01)	 1.30	(0.00)	
Mixed	mood											 2.09	(0.06)	 2.51	(0.02)	 1.96	(0.01)	 0.52	(0.01)	
Medicine	changed					 0.36	(0.10)	 0.08	(0.01)	 2.15	(0.01)	 0.64	(0.00)	
Sleep	positive							 1.65	(0.01)	 0.72	(0.00)	 0.37	(0.00)	 0.16	(0.00)	
Cognitive	difficulty	 1.48	(0.09)	 0.58	(0.02)	 0.19	(0.00)	 1.57	(0.00)	
Alcohol														 0.67	(0.02)	 0.77	(0.01)	 1.56	(0.01)	 0.87	(0.00)	
Medicine	omitted					 0.13	(0.01)	 1.31	(0.00)	 0.60	(0.00)	 0.14	(0.00)	
Stress															 1.22	(0.12)	 0.91	(0.02)	 0.71	(0.01)	 0.28	(0.01)	
Activity													 1.04	(0.03)	 1.14	(0.02)	 0.49	(0.01)	 1.14	(0.01)	
Sleep	negative							 0.41	(0.01)	 0.52	(0.00)	 0.48	(0.00)	 0.52	(0.00)	
	

Time	series	cross-validation	results	
The	 results	 of	 leave-all-out	 and	 leave-one-out	 time	 series	 cross-validation	
experiments	for	𝑤 = 4	and	ℎ = 1	are	presented	in	Table	3.	In	both	experiments	the	
naïve	 pooled	mean	model	 scores	 a	 predicted	𝑅"	close	 to	 zero	 because	 it	 does	 not	
explain	 any	 variance	 in	 the	 data.	 A	 predicted	𝑅"	greater	 than	 zero	 indicates	 that	



some	 variance	 is	 explained	 while	 a	 negative	𝑅"	is	 worse	 than	 the	 pooled	 mean	
model.	The	last	observed	model	simply	repeats	the	last	observed	mood	value,	which	
performs	considerably	better	than	the	mean	model	and	represents	a	solid	baseline.	
	
The	 leave-all-out	 time	 series	 cross-validation	 experiment	 was	 evaluated	with	𝑇 =
24	and	data	partitions	of	size	one	week,	resulting	in	𝑇 − 1 = 23	iterations	of	cross-
validation.	 The	 hierarchical	 Bayesian	 linear	 model	 achieved	 the	 best	 result	 with	
predicted	𝑅" = 0.511	and	predicted	𝑅𝑀𝑆𝐸 = 0.324,	beating	the	naïve	baselines	and	
pooled	and	separate	regression	models.	The	hierarchical	Bayesian	ordinal	model	is	
a	close	second	best.	The	leave-one-out	time	series	cross-validation	experiment	was	
evaluated	for	each	individual	with	the	first	two	weeks	of	data	pooled	with	data	from	
the	rest	of	the	population	in	the	training	set	and	evaluated	on	the	next	22	weeks	of	
data	 from	 that	 individual,	 resulting	 in	𝐽 = 58	iterations	 of	 cross-validation.	 The	
hierarchical	 Bayesian	 linear	 model	 achieved	 the	 best	 predicted	𝑅" = 0.347	and	
predicted	𝑅𝑀𝑆𝐸 = 0.337,	but	 is	very	similar	 to	 the	best	pooled	regression	models,	
indicating	the	hierarchical	model	does	a	lot	of	pooling	as	well.	The	separate	models	
fail	to	generalize	to	the	held-out	test	data	in	this	experiment,	achieving	negative	𝑅"	
scores,	 because	 the	 training	 sets	 contains	 only	 two	 weeks	 of	 data.	 Overall,	 the	
hierarchical	and	pooled	models	performed	better	than	the	separate	models	and	all	
regression	 models	 generally	 outperformed	 the	 naïve	 baseline	 models	 when	
sufficient	data	was	available.	
	
Table	3.	Results	of	leave-all-out	time	series	cross-validation	(left)	and	leave-one-out	
time	 series	 cross-validation	 (right).	 The	 hierarchical	 Bayesian	 linear	 regression	
model	 achieves	 the	 best	 results.	 The	 pooled	models	 are	 better	 than	 the	 separate	
models	overall.	
	 Leave-all-out	 Leave-one-out	
Model	 𝑅" a	 RMSE	¯b	 𝑅"	a	 RMSE	¯b	
Last	observed																	 	0.342	 0.376	 	0.151	 0.385	
Pooled	mean																			 -0.007	 0.465	 -0.009	 0.419	
Pooled	ridge																		 	0.450	 0.344	 	0.340	 0.339	
Pooled	XGBoost																 	0.455	 0.342	 	0.343	 0.338	
Separate	mean																	 	0.213	 0.412	 -0.443	 0.502	
Separate	ridge																 	0.345	 0.375	 -0.471	 0.506	
Separate	XGBoost														 	0.302	 0.388	 -0.682	 0.541	
Hierarchical	Bayesian	linear		 	0.511	 0.324	 	0.347	 0.337	
Hierarchical	Bayesian	ordinal	 	0.495	 0.330	 	0.343	 0.339	
a	Coefficient	of	determination	(𝑅"):	higher	is	better.	
b	Root	mean	squared	error	(RMSE):	lower	is	better.	

Seven-day	forecast	
So	far	we	have	focused	on	evaluating	a	one	day	forecast,	but	it	is	also	interesting	to	
forecast	mood	on	a	more	distant	horizon.	Figure	6	shows	the	mean	RMSE	of	cross-
validation	 for	𝑤 = 4 	and	 ℎ = 1 	through	 7.	 The	 hierarchical	 Bayesian	 linear	
regression	model	 achieves	 the	 lowest	RMSE	 of	 all	models	 for	 every	 value	 of	h.	 As	
might	be	expected,	the	error	generally	grows	with	the	size	of	the	horizon.	The	errors	



of	the	naïve	mean	models	are	almost	constant,	varying	only	due	to	the	difference	in	
datasets	 available	 for	 different	 values	 of	 h.	 But	 even	 at	ℎ = 7	the	 best	 regression	
models	are	able	to	outperform	the	mean	models,	meaning	they	are	able	to	capture	
useful	information	from	prior	self-assessments.	
	
Figure	 6.	 Results	 of	 forecasting	 mood	 up	 to	 seven	 days	 ahead.	 The	 RMSE	 was	
evaluated	 in	 time	 series	 cross-validation	 experiments	 for	𝑤 = 4	and	ℎ = 1	through	
7.	As	expected,	 the	RMSE	 increases	when	 forecasting	 further	ahead.	The	proposed	
hierarchical	models	achieved	consistently	lower	RMSEs	than	the	baseline	models.	

	

Discussion	

Principal	Results	
In	this	study,	we	have	analyzed	smartphone-based	self-assessment	data	from	a	large	
population	 of	 84	 bipolar	 disorder	 patients	 with	 the	 purpose	 of	 forecasting	
subjective	 mood.	 The	 initial	 data	 analysis	 showed	 that	 the	 majority	 of	 observed	
mood	 scores	 are	 close	 to	 zero,	 indicating	 weak	 or	 no	 symptoms	 among	 the	
population	 for	 most	 of	 the	 study	 period.	 Still	 we	 found	 a	 significant	 negative	
correlation	 between	 self-reported	 mood	 and	 HDRS	 (𝑟 = −0.40,	𝑃 < .001)	 and	 a	
significant	 positive	 correlation	 between	 self-reported	 mood	 and	 YMRS	 (𝑟 = 0.22,	
𝑃 < .001).	This	confirms	prior	findings	[40,	41,	42],	suggesting	subjective	mood	is	a	
valid	 indicator	 of	 mental	 state	 in	 bipolar	 disorder	 and	 thereby	 also	 a	 clinically	
relevant	 feature	 for	 daily	 monitoring	 and	 forecasting.	 We	 did	 not	 observe	 any	
substantial	seasonality	or	long-term	trend	of	subjective	mood,	indicating	that	time-
series	 models	 designed	 to	 utilize	 such	 time-dependent	 patterns	 [32]	 are	 not	
appropriate	 for	 mood	 forecasting.	 However,	 the	 recorded	 mood	 scores	 do	 show	
auto-correlation	 several	 days	 ahead.	 Thus,	 we	 employed	 a	 multiple	 regression	
approach	based	on	a	history	of	predictor	variables	to	forecast	future	mood	scores.	In	
particular,	 we	 proposed	 using	 a	 hierarchical	 Bayesian	 model	 to	 perform	 MTL,	
enabling	personalized	predictions	while	considering	common	characteristics	of	the	
population.	 The	 hierarchical	 approach	 additionally	 makes	 it	 possible	 to	 reason	
about	individuals	for	whom	we	have	observed	little	data,	thus	overcoming	the	cold	
start	problem.	
	



Employing	a	regression	model	approach	to	produce	a	forecast	required	us	to	find	an	
appropriate	 window	 size	 defining	 the	 predictor	 variables	 included	 in	 the	 model.	
With	 perfect	 data	 and	 a	 model	 robust	 to	 overfitting,	 increasing	 the	 window	 size	
should	 never	 result	 in	 a	worse	model,	 since	 any	 added	 non-informative	 variables	
could	 simply	 be	 ignored.	 In	 a	 real-world	 application,	 however,	 increasing	 the	
window	size	often	results	 in	 fewer	 training	examples	because	of	missing	data	and	
similarly	 requires	more	data	 to	 enable	prediction	on	new	 instances.	 Thus,	 finding	
the	 optimal	 window	 size	 is	 a	 trade-off	 that	 depends	 on	 data	 quality	 and	 model	
robustness.	 In	 our	 experiment,	we	 found	 that	 including	 a	 history	 of	 up	 to	 4	 days	
improved	the	prediction	error,	but	with	more	complete	data	there	is	no	reason	the	
window	size	could	not	be	increased	even	further.	For	instance,	Surhara	et	al.	found	
that	their	model	for	classifying	depression	benefited	from	long	data	histories	up	14	
days	 [22],	 although	 it	 is	 our	 experience	 that	 collecting	 complete	 self-assessment	
histories	over	an	extended	period	is	very	difficult.	
	
By	 inspecting	 the	 inferred	 regression	 parameters	 of	 the	 hierarchical	 Bayesian	
model,	we	found	historical	mood	to	be	the	most	important	predictor	of	future	mood.	
This	 result	 is	 not	 surprising	 since	 substantial	 changes	 in	 mood	 often	 occur	 over	
several	days	and	thus	future	mood	is	likely	to	be	similar	to	mood	in	the	immediate	
past.	Consequently,	the	forecast	is	inclined	to	extrapolate	mood	from	previous	days	
and	 gradually	 regress	 towards	 the	 mean	 of	 the	 data	 as	 uncertainty	 grows	 when	
forecasting	 further	 ahead.	While	 this	 forecast	 behavior	 succeeds	 at	 achieving	 low	
error,	its	utility	in	a	practical	monitoring	setting	must	be	studied	further.	We	see	this	
as	an	interesting	topic	for	future	research.	
	
The	 proposed	 hierarchical	 linear	 and	 ordinal	models	 achieved	 the	 best	 predictive	
performance	 in	 time	 series	 cross-validation	 experiments.	 In	 leave-all-out	 cross-
validation	the	hierarchical	Bayesian	linear	regression	model	achieved	the	best	result	
(𝑅" = 0.511,	𝑅𝑀𝑆𝐸 = 0.324)	with	 the	hierarchical	Bayesian	ordinal	model	being	a	
close	 second.	 In	 leave-one-out	 cross-validation	 the	 hierarchical	 Bayesian	 linear	
regression	 model	 also	 achieved	 the	 best	 result	 (𝑅" = 0.547,	𝑅𝑀𝑆𝐸 = 0.337),	 but	
was	much	closer	to	the	performance	of	the	best	pooled	models.	These	results	show	
how	 the	 hierarchical	 approach	 solves	 the	 cold	 start	 problem	 by	 including	
information	 from	 the	 population	 when	 little	 individual	 data	 is	 observed	 and	
gradually	becoming	more	personalized	as	more	data	becomes	available.	In	contrast	
to	 previous	 work	 we	 found	 that	 pooled	 models	 outperformed	 separate	 models	
indicating	the	individual	datasets	did	not	contain	sufficient	information	to	produce	
accurate	 forecasts.	 Thus,	 the	 separate	 models	 were	 biased	 and	 consequently	 it	
proved	more	 useful	 to	 disregard	 individual	 differences	 and	 include	 data	 from	 the	
population	 in	 a	 general	 model.	 The	 hierarchical	 models	 succeeded	 in	 finding	 a	
compromise	 between	 the	 pooled	 and	 separate	 approach	 by	 regularizing	 the	
personalized	models	with	data	from	the	population.	
	
In	 forecasting	mood	several	days	ahead,	 the	hierarchical	models	 likewise	achieved	
the	best	results.	As	expected,	the	forecast	error	increased	when	forecasting	further	
ahead,	 however,	 we	 observed	 that	 the	 best	 regression	 models	 performed	 better	



than	 the	naïve	mean	models	 for	up	 to	 seven	days	ahead.	 It	 is	 a	 remarkable	 result	
that	 a	 short	 self-assessment	 history	 of	 just	 a	 few	 days	 can	 forecast	mood	 several	
days	ahead	of	time,	the	most	important	reason	being	that	substantial	mood	changes	
often	happen	gradually	over	a	horizon	longer	than	seven	days.	

Limitations	
We	 observed	 low	 prevalence	 of	 severe	 symptoms	 in	 our	 data	 sample	 leading	 to	
some	 limitations.	 Because	 the	mood	 values	 have	 low	 variance,	 regression	models	
will	tend	to	regress	towards	the	mean	of	the	data,	and	naïve	mean	models	are	able	
to	 achieve	 low	errors	 relative	 to	 the	 full	 range	of	 the	mood	 scale.	 It	 prevented	us	
from	assessing	how	well	the	proposed	method	performs	in	a	population	with	more	
severe	symptoms	and	neither	can	we	assess	how	well	the	forecast	is	at	anticipating	
severe	cases.	
	
A	major	motivation	 of	 our	 research	 and	 the	MONARCA	 II	 study	 is	 to	 establish	 an	
online	 mood	 forecasting	 solution	 to	 improve	 monitoring	 and	 enable	 early	
intervention	 in	 bipolar	 disorder	 [27].	 However,	 it	 is	 still	 not	 clear	 how	 an	 online	
forecast	system	 is	affected	by	 interventions,	 since	 the	 intervention	can	change	 the	
future	outcome	and	thus	the	future	training	data,	which	could	lead	to	a	biased	model	
that	 underestimates	 future	mood	 scores.	 Thus,	 it	would	 be	 crucial	 to	monitor	 the	
performance	 of	 an	 online	 system	 continuously	 using	 held	 out,	 unbiased	 data	 for	
validation.	

Perspectives	
The	 mood	 forecast	 presented	 in	 this	 paper	 have	 used	 a	 history	 of	 self-reported	
features	 as	 input.	 However,	 several	 research	 projects	 have	 been	 investigating	 the	
use	of	sensor-based	and	automatically	collected	data	as	input	for	mood	prediction.	
Sensor	technology	in	modern	smartphones	enables	tracking	of	variety	of	behavioral	
features	 such	 as	 physical	 activity,	 location	 and	 sleep	 along	 with	 logs	 of	
communication	 and	 device	 usage.	 Even	more	 detailed	 data	 can	 be	 captured	 with	
wearables	 such	 as	 wristbands	 and	 fitness	 trackers.	 Such	 sensor-based	 features	
could	be	used	to	augment	or	even	reduce	self-assessment	in	mood	prediction	tasks	
and	thus	reduce	the	need	to	prompt	users	for	daily	self-assessments.	There	is	great	
potential	 in	 utilizing	 objectively	 collected	 sensor	 data	 in	 semi-automatic	 mood	
detection	and	forecasting.	
	
Mood	 prediction	 and	 forecasting	 can	 be	 used	 as	 early	 warning	 signs	 in	 clinical	
treatment.	This	could	be	useful	in	e.g.	a	telemedicine	setup	in	which	trained	nurses	
or	 other	 clinical	 personnel	 supervise	 patients	 in	 outpatient	 treatment.	 This	 could	
help	catch	early	onset	of	major	depressive	or	manic	phases	which	can	be	addressed	
and	 handled	 early,	 which	 again	 could	 reduce	 the	 severity	 of	 symptoms	 and	 the	
degree	 of	 treatment.	 Hence,	 the	 need	 for	 re-admission	 could	 be	 reduced.	 The	
authors	 are	 currently	 working	 on	 implementing	 an	 online	 forecasting	 system	
evaluated	as	part	of	the	RADMIS	trials	[43]	in	order	to	study	its	practical	application,	
including	 investigating	 if	 such	 a	 system	 could	 potentially	 reduce	 readmission	 and	
hospitalization.	



	
In	this	paper,	we	have	examined	the	technical	foundation	of	mood	forecasting	aimed	
at	improving	continuous	disease	monitoring.	However,	for	a	patient	the	prospect	of	
experiencing	 depressed	 or	 elevated	mood	 in	 the	 future	might	 lead	 to	 changes	 in	
behavior	and	state	of	mind	and	in	the	worst	case	become	a	self-fulfilling	prophecy.	
Therefore,	 online	 mood	 forecasting	 should	 be	 used	 with	 care	 and	 applied	
exclusively	as	a	monitoring	and	early	intervention	tool	for	professionals	rather	than	
being	presented	directly	to	users.	

Conclusions	
Continuous	symptoms	monitoring	and	early	detection	are	important	components	in	
the	 treatment	 of	 patients	 with	 bipolar	 disorder.	 Smartphones	 provide	 a	 unique	
platform	for	self-assessment	and	management	of	depression	and	mania	and	has	the	
additional	benefit	of	making	data	available	for	immediate	analysis.	In	this	work,	we	
have	examined	the	feasibility	of	establishing	a	mood	forecast	system	based	on	self-
assessments	to	provide	additional	insights	and	enable	early	intervention.	We	found	
that	 our	 proposed	method	 of	 applying	 hierarchical	 Bayesian	 regression	models	 is	
able	 to	 consistently	 outperform	 commonly	 used	 machine	 learning	 methods	 and	
forecast	subjective	mood	up	to	seven	days	ahead.	
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Multimedia Appendix 1: Stan code

This multimedia appendix includes the Stan code of the hierarchical linear re-
gression and ordinal regression models (see below). In practice, the Stan code
was wrapped in Python classes and used a string Template to customize the
code. In particular, the numerical parameters of the hyperpriors were adjustable
and the generated quantities section could be left out for increased sampling
speed when it was not required. The Python classes additionally provided a
scikit-learn style interface for for fitting the model and making predictions as
well as automatic caching of the compiled Stan model.

Priors

Because of our prior believe that current and previous observations of mood
would be the strongest predictor of future mood, the population parameters
of the hierarchical models corresponding to mood were assigned wider priors
and the other population parameters were assigned narrower, more restrictive
priors. In the hierarchical linear regression model, mean parameters, µ, corre-
sponding to mood were assigned Normal(0, 1) priors and population variance
parameters, ⌧ , were assigned Normal(0, 0.1) priors. Mean parameters, µ, not
corresponding to mood were assigned Normal(0, 0.1) priors and population vari-
ance parameters, ⌧ , were assigned Normal(0, 0.01) priors. In the hierarchical
ordinal regression model, mean parameters, µ, corresponding to mood were
assigned Normal(0, 10) priors and population variance parameters, ⌧ , were as-
signed Normal(0, 1) priors. Mean parameters, µ, not corresponding to mood
were assigned Normal(0, 1) priors and population variance parameters, ⌧ , were
assigned Normal(0, 0.1) priors.

Additionally, our prior believe was that observed variables closer in time to
the predicted future mood were more important, thus each prior was scaled with
1/lag of the corresponding predictor variable, i.e. for window size 4 (w = 4),
population priors corresponding to predictor variables from the current day
were scaled with 1/1, priors corresponding to the previous day were scaled
with 1/2, priors corresponding to two days ago were scaled with 1/3 and priors
corresponding to three days ago were scaled with 1/4. This helped to further
regularize the model.



// Hierarchical linear regression model

data {

int<lower=1> N; // number of examples

int<lower=1> D; // number of predictors (dimensions)

int<lower=1> J; // number of groups

int<lower=1,upper=J> tid[N]; // group identifier index vector

row_vector[D] X[N]; // example vectors

real y[N]; // target vector

}

parameters {

real mu_a; // intercept mean

real<lower=0> tau_a; // intercept deviation

vector[D] mu_b; // coefficient means

vector<lower=0>[D] tau_b; // coefficient deviations

real alpha_raw[J]; // intercepts

vector[D] beta_raw[J]; // coefficients

real<lower=0> sigma; // noise scale

}

transformed parameters {

real alpha[J];

vector[D] beta[J];

for (j in 1:J) {

alpha[j] = mu_a + tau_a * alpha_raw[j];

beta[j] = mu_b + tau_b .* beta_raw[j];

}

}

model {

mu_a ~ normal(0, 1);

tau_a ~ normal(0, 1);

mu_b ~ normal(0, 1);

tau_b ~ normal(0, 1);

for (j in 1:J) {

alpha_raw[j] ~ normal(0, 1); // normal(mu_a, tau_a)

beta_raw[j] ~ normal(0, 1); // normal (mu_b, tau_b)

}

sigma ~ normal(0, 1);

{

vector[N] z;

for (i in 1:N)

z[i] = alpha[tid[i]] + X[i] * beta[tid[i]];

y ~ normal(z, sigma);

}

}

generated quantities {

vector[N] log_lik;

for (i in 1:N)

log_lik[i] = normal_lpdf(y[i] | alpha[tid[i]] + X[i] * beta[tid[i]], sigma);

}



// Hierarchical ordinal regression model

data {

int<lower=1> N; // number of examples

int<lower=1> D; // number of predictors

int<lower=2> K; // number of classes

int<lower=1> J; // number of groups

int<lower=1,upper=J> tid[N]; // group identifier index vector

row_vector[D] X[N]; // examples

int<lower=1, upper=K> y[N]; // targets

}

parameters {

ordered[K-1] mu_c; // cutpoint means

real<lower=0> tau_c; // cutpoint deviations

ordered[K-1] c_raw[J]; // cutpoints

vector[D] mu_b; // coefficient means

vector<lower=0>[D] tau_b; // coefficient deviations

vector[D] beta_raw[J]; // coefficients

}

transformed parameters {

ordered[K-1] c[J];

vector[D] beta[J];

for (j in 1:J) {

c[j][1] = mu_c[1] + tau_c * c_raw[j][1];

for (k in 2:(K-1))

c[j][k] = fmax(c[j][k-1] + 1.0e-5, mu_c[k] + tau_c * c_raw[j][k]);

beta[j] = mu_b + tau_b .* beta_raw[j];

}

}

model {

mu_c ~ normal(0, 1);

tau_c ~ normal(0, 1);

mu_b ~ normal(0, 1);

tau_b ~ normal(0, 1);

for(j in 1:J) {

c_raw[j] ~ normal(0, 1);

beta_raw[j] ~ normal(0, 1); // normal(mu_b, tau_b);

}

for (i in 1:N)

y[i] ~ ordered_logistic(X[i] * beta[tid[i]], c[tid[i]]);

}

generated quantities {

vector[N] log_lik;

for (i in 1:N)

log_lik[i] = ordered_logistic_lpmf(y[i] | X[i] * beta[tid[i]], c[tid[i]]);

}
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Abstract

The current golden standard for assessing the severity of symptoms
of bipolar disorder is periodic evaluations using validated clinical rat-
ing scales. Frequent automatic estimation of clinical symptom severity
can help support disease monitoring and treatment tasks between outpa-
tient visits. The present study aims to study the feasibility of producing
daily estimates of clinical severity based on smartphone self-assessments
from a group of patients with bipolar disorder. We demonstrate how
the estimates can be utilized to compute individual daily risk of relapse
scores. Using 280 clinical severity ratings from 84 patients along with
self-assessments we applied a hierarchical Bayesian modelling approach
capable of providing individual estimates while learning characteristics of
the population. The proposed method was evaluated in cross-validation
experiments and compared to näıve baselines and common machine learn-
ing methods. The depression severity model achieved a mean predicted
R2 of 0.57 (SD=0.10) and RMSE of 3.85 (SD=0.47) on the Hamilton De-
pression Rating Scale while the mania severity model achieved a mean pre-
dicted R2 of 0.12 (SD=0.31) and RMSE of 3.74 (SD=0.46) on the Young
Mania Rating Scale. In both cases, self-reported mood was the most im-
portant predictor variable of all the self-assessment items. Smartphone
self-assessments can be used to automatically estimate clinical severity
of depression and mania in patients with bipolar disorder and identify
individuals with high risk of relapse.

Introduction

Bipolar disorder is a common and complex illness with an estimated prevalence
of 1-2%, and is regarded as one of the most important causes of disability world-
wide [1, 2]. It is characterized by recurrent episodes of depression, (hypo)mania
and mixed episodes intervened by periods of euthymia [3] and with a high de-
gree of comorbidity and functional impairment [4]. Bipolar disorder is associated
with an elevated risk of mortality due to suicide and medical comorbidities such
as cardiovascular disease and diabetes [5, 6, 7], and among people with bipolar
disorder, life expectancy is decreased 8 to 12 years [8, 9]. In clinical practice,
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there are major challenges in diagnosing and treating bipolar disorder [10]. Pa-
tients with bipolar disorder are often misdiagnosed, and the correct diagnosis
can be delayed for several years after illness onset [11, 12, 13]. Currently, due
to the lack of objective tests, the diagnostic process and the clinical assess-
ment of the severity of depressive and manic symptoms relies on subjective
information, clinical evaluation and rating scales [14]. Periodic clinical evalua-
tions using clinical rating scales such as the Hamilton Depression Rating Scale
(HDRS) [15] and the Young Mania Rating Scale (YMRS) [16] are currently
used as the golden standard for assessing the severity of depressive and manic
symptoms in patients with bipolar disorder. Each of these rating scale consists
of a series of items that are scored and finally added up to produce a total
score summarizing the current severity of affective state of the patient. This
subjective evaluation involves a risk of patient recall bias, other recall distor-
tions, decreased illness insight (mainly during affective episodes) and individual
observer bias [17, 18, 19, 20, 21]. Furthermore, clinical evaluations are time
consuming and require a specialist who is trained in using the rating scales to
produce consistent and reliable results.

Additionally, patients may be asked to perform daily self-assessments to
track day-to-day behavior in between clinical evaluations. Modern smartphones
provide a unique platform for fine-grained real-time disease monitoring and man-
agement and a convenient means of self-assessment that have traditionally been
carried out on paper [22, 23, 24]. A smartphone-based monitoring system en-
ables users to ubiquitously record and review their own data, receive reminders
and even share data with carers and clinicians. From the perspective of health
care providers, it provides efficient, online monitoring of a group of patients and
enables intervention in case any alarming behavior is observed. Electronic self-
monitoring has the additional benefit of making data available for immediate
and automatic analysis that can help support monitoring and treatment tasks
between outpatient visits.

Correlations between self-reported mood scores and clinical severity ratings
in patients with bipolar disorder have already been demonstrated by previous
work [25, 26, 27]. To our knowledge this is the first study that aims to predict
scores of clinical severity directly from combinations of smartphone-based self-
assessed data in patients with bipolar disorder. In related work, detection of
daily self-reported mood from smartphone sensor and usage data is well stud-
ied [28, 23, 29, 30] but remains a difficult problem due to noisy data. In [31],
Grünerbl et al. classify affective states and change labels derived from clinical
ratings and phone interviews of patients with bipolar disorder from a combina-
tion of smartphone sensor modalities and argue that detecting deviations from
the normal state is more important than the recognition of a particular state in
practical applications. Several studies in the field of affective computing have
highlighted the need for personalized models to account for individual differ-
ences in order to achieve good predictive performance [29, 30, 32, 33]. However,
a separate analysis is not feasible until sufficient data about each individual is
available. Hierarchical Bayesian modelling is popular approach for providing
individual models while burrowing statistical power from the population and
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is especially useful when the individual datasets are too small to be analyzed
separately [34].

The main of objective of the study is to examine the feasibility of produc-
ing daily estimates of clinical severity scores of depression and mania based
on smartphone self-assessments collected from a group of patients with bipolar
disorder participating in a randomized controlled trial (RCT). Additionally, we
demonstrate how uncertainty in the estimated quantities can be used to com-
pute individual, daily risk of relapse, useful for identifying high risk individuals
who need urgent assistance. We hypothesize that daily estimates of clinical
severity scores extended with computation of individual relapse risk scores are
more interpretable and actionable results than summarizing the self-assessments
directly and can be a valuable tool in continuous disease monitoring and treat-
ment of patients with bipolar disorder.

Materials and Methods

Patients and study design

Data used for this study was collected between September 2014 and January
2018 during the MONARCA II RCT investigating the effect of smartphone-
based monitoring in patients with bipolar disorder [35]. All patients with a
diagnosis of bipolar disorder who had previously been treated at the Copen-
hagen Clinic for Affective Disorder, Copenhagen, Denmark in the period from
2004 to January 2016 and who at the time of recruitment were being treated at
community psychiatric centers, private psychiatrists and general practitioners
were invited to participate in the trial. The clinic is a specialized outpatient
clinic with a catchment area consisting of the Capital Region in Denmark cor-
responding to 1.4 million people. Patients with a newly diagnosis of bipolar
disorder or with treatment-resistant bipolar disorder were referred to the clinic.
The staff consists of specialists in psychiatry, psychologists, nurses, and a so-
cial worker, all with specific experience and knowledge regarding bipolar disor-
der. Treatment at the clinic comprises a two-year program including combined
evidence-based psychopharmacological treatment and supporting therapy, in-
cluding group psychoeducation [36]. Patients were included in the study for
a nine-month follow-up period if they had a bipolar disorder diagnosis accord-
ing to ICD-10 using the Schedules for Clinical Assessments in Neuropsychiatry
(SCAN) [37] and previously were treated at the Copenhagen Clinic for Affec-
tive Disorder. Patients with schizophrenia, schizotypal or delusional disorders,
previous use of the MONARCA system, pregnancy and lack of Danish language
skills were excluded. Patients with other comorbid psychiatric disorders and
substance use were eligible for the trial. As part of the MONARCA II trial, pa-
tients were randomized to either using a smartphone-based monitoring system
(the Monsenso system) for daily self-monitoring (the intervention group) or to
treatment as usual (the control group). Patients from the intervention group
who successfully provided smartphone-based self-monitoring data were included
in the analyses in the present report.
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Data description

The dataset consists of 280 clinical evaluations from 84 patients. Each clini-
cal evaluation includes ratings for severity of depression and mania using the
Hamilton Depression Rating Scale (HDRS) [15] and the Young Mania Rat-
ing Scale (YMRS) [16], respectively. All clinical assessments were conducted
by researchers (MFJ), who were blinded to all smartphone-based data. Thus,
data on severity of depressive and manic symptoms were collected rater-blinded.
On both rating scales, low severity ratings indicate weak symptoms while high
severity ratings indicate severe symptoms. A score of 13 or more on either scale
is classified as a depressive or manic episode, respectively, while a high score
on both scales at the same time constitutes a mixed episode. Clinical ratings
with the HAMD and the YMRS are considered to be valid on the day of the
evaluation as well as the 3 previous days, thus each rating is attributed a total
of 4 days in the dataset.

In addition to periodic clinical evaluations, participants were instructed to
carry out daily self-assessments via a smartphone application configured for
the study [23]. The smartphone application enabled users to set and receive
reminders and users were allowed to provide self-assessments retrospectively for
up to 2 days in case they forgot do so daily. The self-assessment questionnaire
included the following items: activity level (scored from -3 to +3); alcohol
consumption (number of units from 0 to 10+); anxiety level (scored from 0
to 2); irritability level (scored from 0 to 2); cognitive problems (scored from 0
to 2); medicine adherence (not taken/taken/taken with changes); mixed mood
(yes/no); mood (scored from -3 to +3 including -0.5 and +0.5); sleep duration
(in hours); and stress level (scored from 0 to 2).

Data preprocessing

Three of the self-assessment variables required preprocessing prior to analysis.
We split the mood variable into a negative and positive component, mood neg-
ative and mood positive, allowing for non-linear relationships with the clinical
severity ratings as we expected negative mood to be associated mainly with
severity of depression (HDRS) and positive mood to be associated mainly with
severity of mania (YMRS). Additionally, we hypothesized that the relationship
between symptom severity and sleep duration is linear as sleeping a lot or very
little can both represent warning signs. To encode this, we subtracted the in-
dividual mean of the sleep variable and split the result into a positive and a
negative component, sleep negative and sleep positive. The Medicine variable
is categorical by design with categories: medicine not taken, medicine taken,
medicine taken with changes. Therefore the answers were encoded with two ex-
clusive binary variables indicating if medicine was not taken, medicine omitted,
or if medicine was taken with changes, medicine changed. Finally, we normalized
all variables by their allowed minimum and maximum values to allow for eas-
ier selection of model hyperparameters and interpretation of the inferred model
weights.
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It is a common problem for users to occasionally forget to fill in their daily
self-assessment, resulting in missing values in the dataset. In most cases, self-
assessments are either missing or complete, but in a few instances, they are only
partially missing. To avoid discarding rows with only a few missing values, we
experimented with filling in values from the previous day, which is a popular
method for dealing with missing values in time series data [38]. However, it
resulted in very few additional complete observations and we therefore decided
to leave this step out for simplicity.

Statistical methods

When analyzing several related sets of measurements, such as data from individ-
uals in a population, the two extreme approaches are to either pool the datasets
in a one-size-fits-all solution or analyze them separately, which is only possi-
ble when sufficient data is available (also known as the cold start problem). A
hierarchical Bayesian approach provides an intermediate solution that enables
personalized models while learning the characteristics of the population [39].
In a hierarchical Bayesian regression model, individuals have their own set of
regression intercept and weights, αj , βj , sampled from a common population
distribution parameterized by population-level means µ and variances τ deter-
mining the amount of pooling:

αj , βj ∼ Normal(µ, τ) (1)

yji ∼ Normal(αj + βTj xji, σ) , (2)

where yji is the ith observation of the target variable for individual j, xji are the
corresponding predictor variables and σ is the standard error. This hierarchical
tying together of parameters means that data from the population helps regular-
ize the individual-level weights. An additional benefit of the Bayesian approach
is that it expresses uncertainty in all the model parameters and predictions
through their posterior distributions, which is important for interpretability of
the model. For more details, a complete description of the hierarchical Bayesian
model is provided in the SI.

We use Stan [40] to specify and perform inference in the hierarchical Bayesian
model and compare the predictive results with pooled and separate näıve base-
lines and common machine learning methods: Ridge Regression from the scikit-
learn machine learning library [41] and XGBoost regression from the XGBoost
Python package [42]. Details of the Stan setup is also included in SI. To esti-
mate the predictive performance of the models we designed a cross-validation
experiment where in each iteration we hold out one randomly sampled clinical
evaluation (consisting of up to 4 days of data) from each individual and use
the remaining data to fit the models. This procedure is repeated K times and
the predicted coefficient of determination (R2) and root mean squared error
(RMSE) is computed on the held-out data in each iteration.
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Computing risk of relapse

Applying a Bayesian approach provides a probability distribution of unobserved
outcomes given previously observed data (the posterior predictive distribution),
which can be utilized to reason about uncertainty in the predictions. Specifically,
samples from the posterior predictive distribution can be used to compute the
probability that an unobserved outcome, ỹji, exceeds a predefined threshold, T :

Pr(ỹji ≥ T ). (3)

When estimating scores of clinical severity, by applying a threshold T = 13
we can interpret this probability as the risk that an individual is experiencing
severe symptoms and utilize it as a personal score indicating the risk of relapse.
In some practical applications, it may be more relevant to accurately identify
high risk individuals than it is to estimate the exact value of the severity score.

Ethical considerations

The MONARCA II RCT was approved by the Regional Ethics Committee in
the Capital Region of Denmark (H-2-2014-059) and the Danish Data protec-
tion agency (2013-41-1710). The law on handling of personal data was re-
spected. Prior to commencement the trial was registered at ClinicalTrials.gov
(NCT02221336). Electronic data collected from the smartphones were stored
at a secure server at Concern IT, Capital Region, Denmark (I-suite number
RHP-292 2011-03). The trial complied with the Helsinki Declaration of 1975,
as revised in 2008.

Results

Descriptive statistics

The MONARCA II dataset consists of 280 clinical evaluations along with 15,975
daily self-evaluations from 84 patients assigned to the intervention group. Ages
ranged from 21 to 71 years (mean=43.1, SD=12.4) and the population had
61.9% females. Most patients presented with rather low severity of depressive
and manic symptoms during the study period resulting in low HDRS and YMRS
ratings. The mean HDRS rating was 7.56 (SD=6.29) and 20.4% of ratings were
greater than or equal to 13. The mean YMRS rating was 2.85 (SD=4.17) and
5.0% of ratings were greater than or equal to 13. Similarly, the majority of the
self-reported mood scores were close to zero (mean=-0.14, SD=0.48), indicating
neutral mood (euthymia).

6



Figure 1: Distributions of clinical ratings of symptom severity and self-reported
mood scores. A negative mood score is expected to indicate a high HDRS rating
and a positive mood score is expected to indicate a high YMRS rating. HDRS
and YMRS ratings are rarely high at the same time (indicating mixed mood).
Consequently, data is expected to primarily occupy the white background areas
of the scatter plots.

After filling back the clinical severity ratings 4 days there were 764 ob-
servations with associated self-assessments. Figure 1 shows the relationships
between the clinical severity and self-reported mood scores. We see that gener-
ally a high HDRS rating corresponds to an experience of neutral or depressed
mood (r = −0.40, P < 0.01) while a high YMRS rating corresponds to neutral
or elevated mood (r = 0.22, P < 0.001). Only in a few instances were HDRS
and YMRS rated high at the same time, indicating a mixed episode (r = 0.13,
P = 0.02).

Model estimates

The fit of the hierarchical Bayesian regression model was evaluated on the en-
tire dataset of clinical ratings combined with completed self-assessments for all
participants with at least two data points (N=433). The HDRS model achieved
an R2 of 0.84, meaning that the model accounted for 84% of the variance in
the data, and a residual root mean squared error (RMSE) of 2.41. The YMRS
model achieved an R2 of 0.81 and a residual RMSE of 2.07.

The distributions of inferred population-level mean, µ, and variance, τ , pa-
rameters in the hierarchical Bayesian regression HDRS and YMRS models are
summarized in Table 1. The absolute t-statistic of the mean parameters, com-
puted as the mean scaled by the standard error of the parameter: tµ = µ̄/SE(µ),
is included as a measure of variable importance, following the intuition that
larger absolute weights and lower variance implies importance [43]. This shows
that negative mood was the most important predictor variable in the HDRS
model while positive mood was the most important predictor and in the YMRS
model. A visual representation of the population-level parameters is presented
in Figure 2.

Figure 5 in the SI presents the effect size of each self-assessment variable
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HDRS
µ τ

Predictor Mean (SD) 95% CI |t| Mean (SD) 95% CI
Intercept 6.43 (0.66) 5.13 7.73 9.67 4.10 (0.50) 3.23 5.19
Mood negative -9.11 (1.40) -11.94 -6.43 6.51 0.56 (0.40) 0.02 1.50
Sleep negative -6.48 (1.66) -9.72 -3.19 3.89 0.42 (0.31) 0.02 1.16
Mixed mood 2.11 (0.67) 0.79 3.42 3.15 0.44 (0.32) 0.02 1.20
Anxiety 2.26 (0.86) 0.58 3.96 2.63 0.38 (0.28) 0.02 1.06
Medicine changed -1.81 (0.71) -3.19 -0.40 2.55 0.35 (0.27) 0.01 0.99
Cognetive difficulty 1.09 (0.73) -0.35 2.48 1.50 0.43 (0.32) 0.02 1.19
Mood positive -2.80 (1.94) -6.59 0.94 1.44 0.42 (0.32) 0.02 1.19
Sleep positive 2.83 (2.05) -1.09 6.90 1.38 0.41 (0.31) 0.02 1.15
Activity 0.53 (0.61) -0.66 1.71 0.88 0.50 (0.35) 0.02 1.29
Stress 0.56 (0.73) -0.86 1.99 0.76 0.50 (0.36) 0.02 1.32
Alcohol 0.59 (1.01) -1.39 2.54 0.59 0.41 (0.31) 0.02 1.15
Medicine omitted 0.52 (0.97) -1.38 2.42 0.54 0.37 (0.28) 0.01 1.04
Irritable 0.05 (0.74) -1.41 1.49 0.06 0.59 (0.42) 0.02 1.57

YMRS
µ τ

Predictor Mean (SD) 95% CI |t| Mean (SD) 95% CI
Intercept 3.10 (0.68) 1.79 4.46 4.59 4.35 (0.50) 3.48 5.40
Mood positive 12.83 (1.90) 9.09 16.53 6.75 0.57 (0.42) 0.02 1.57
Mood negative 3.42 (1.30) 0.87 5.99 2.63 0.66 (0.46) 0.03 1.68
Irritable 1.31 (0.69) -0.05 2.68 1.90 0.71 (0.47) 0.04 1.73
Mixed mood 1.02 (0.62) -0.20 2.21 1.65 0.54 (0.36) 0.03 1.34
Stress 1.15 (0.70) -0.21 2.54 1.65 1.24 (0.53) 0.12 2.18
Sleep positive -2.69 (1.84) -6.30 0.84 1.46 0.40 (0.30) 0.01 1.12
Activity -0.78 (0.56) -1.88 0.30 1.39 0.63 (0.41) 0.03 1.52
Medicine changed 0.46 (0.71) -0.99 1.81 0.64 0.80 (0.48) 0.05 1.76
Cognetive difficulty 0.41 (0.69) -0.92 1.78 0.59 0.94 (0.54) 0.05 1.99
Anxiety 0.18 (0.80) -1.40 1.73 0.23 0.69 (0.48) 0.03 1.76
Sleep negative 0.30 (1.50) -2.63 3.26 0.20 0.43 (0.32) 0.02 1.17
Alcohol 0.05 (0.93) -1.77 1.86 0.06 0.39 (0.30) 0.02 1.11
Medicine omitted -0.02 (0.90) -1.78 1.75 0.02 0.41 (0.31) 0.01 1.15

Table 1: Weight table showing the mean, standard deviation (SD) and 95% cred-
ible interval (CI) of the population-level parameters in the HDRS model (top)
and YMRS model (bottom). The population-level regression weight means,
µ, are summarized in the leftmost columns and sorted by variable importance
computed as the absolute t-statistic of the mean parameter. The corresponding
variances, τ , are summarized in the columns to the right and can be interpreted
as the amount of pooling of the given variable in the hierarchical model.
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Figure 2: Distributions of the population-level regression parameters, µ, and
variances, τ , in the hierarchical HDRS model (top) and YMRS model (bottom).
In both models, self-reported mood has the largest absolute weight and group
variance.

computed as the product between individual-level weights of the hierarchical
Bayesian HDRS and YMRS models and the observed data. Because the dataset
is sparse, i.e. many values are zero, the effects are often small and, consequently,
substantial effects represents outliers.

Cross-validation results

The predictive performance of the hierarchical Bayesian model was evaluated in
a K=100 cross-validation experiment on all data where participants had com-
plete observations of clinical ratings and self-assessments from at least three dif-
ferent clinical evaluations (N=329). In each iteration, data from one randomly
sampled clinical evaluation from each user was held out and the remaining data
was used to fit the models. Table 2 presents the cross-validation results where
the hierarchical Bayesian model is compared to näıve pooled and separate mean
models along with pooled and separate ridge regression and XGBoost regression
models. Because of low variance in the data, the näıve mean models performed
relatively well. Still the hierarchical Bayesian regression model achieved the
best performance and is significantly better than the separate mean model in
both the HDRS and YMRS case according to independent t-tests (P < 0.001).
Overall, the separate models performed better than their pooled counterparts.
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HDRS YMRS
Model R2 (SD)↑ RMSE (SD)↓ R2 (SD)↑ RMSE (SD)↓
Pooled näıve mean -0.02 (0.03) 5.99 (0.37) -0.04 (0.05) 4.18 (0.70)
Pooled Ridge 0.37 (0.10) 4.68 (0.48) 0.02 (0.15) 4.03 (0.60)
Pooled XGBoost 0.44 (0.10) 4.40 (0.41) -0.04 (0.21) 4.11 (0.53)
Pooled Bayesian 0.36 (0.12) 4.72 (0.51) 0.00 (0.21) 4.04 (0.56)
Separate näıve mean 0.47 (0.11) 4.29 (0.47) -0.00 (0.33) 4.00 (0.53)
Separate Ridge 0.47 (0.12) 4.30 (0.49) 0.04 (0.30) 3.92 (0.54)
Separate XGBoost 0.27 (0.15) 5.03 (0.49) -0.38 (0.50) 4.64 (0.45)
Hierarchical Bayesian 0.57 (0.10) 3.85 (0.47) 0.12 (0.31) 3.74 (0.46)

Table 2: Results of K=100 cross-validation experiments showing predicted coef-
ficient of determination (R2) and root mean square error (RMSE) of the HDRS
(left) and YMRS (right) models, respectively. The hierarchical Bayesian model
achieves the best overall performance in both cases and can predict the clinical
severity ratings within 4 points of RMSE on the original scale.

Predicted risk of relapse scores

The prediction results from the cross-validation experiment presented in the
previous section was used to compute risk of relapse scores Pr(ỹji ≥ T = 13).
The ability of the model to correctly assign high risk to instances with high
ratings can be evaluated as a binary classification problem with severity ratings
equal to or greater than the threshold T constituting the positive class. Figure 3
presents receiver operating characteristic (ROC) curves of the HDRS and YMRS
models illustrating the trade-off between true positive rate (TPR) and false
positive rate (FPR), comparing the hierarchical Bayesian regression model to the
näıve pooled and separate mean models. The pooled mean model corresponds
to a model that either classifies all instances as low risk or high risk, achieving
an area under the curve (AUC) of 0.50 in both the HDRS and YMRS case. The
separate mean model independently classifies each individual as either high or
low risk based on observed values of the ratings and achieved an AUC of 0.67 in
the HDRS case and AUC of 0.49 in the YMRS case. The hierarchical Bayesian
regression model was able to account for information in the self-assessments as
well as individual differences and achieved the highest AUC of 0.89 in the HDRS
case and 0.84 in the YMRS case.

Discussion

In the present study, we have analyzed clinical severity ratings of depression
(HDRS) and mania (YMRS) along with daily smartphone self-assessments in-
cluding self-reported mood in a population of 84 patients with bipolar disorder
participating in the MONARCA II RCT. As hypothesized, our data analysis re-
vealed a negative correlation between HDRS and self-reported Mood (r = −0.40,
P < 0.001) and a positive correlation between YMRS and Mood (r = 0.22,
p < 0.01). This confirms previous work [25, 26, 27], and suggests that self-
reported mood is a valid indicator of symptom severity in patients with bipolar

10



Figure 3: Results of predicting relapse risk scores evaluated as a binary classifi-
cation problem and presented in receiver operating characteristic (ROC) curves.
In both the HDRS case (left) and YMRS case (right), the hierarchical Bayesian
regression model outperforms pooled and separate mean models.

disorder and thereby a clinically relevant feature for monitoring and analysis.
Next, we found that the proposed approach of applying hierarchical Bayesian

regression models was able to fit the data distributions well and accounted for
more than 80% of the variance in the data (HDRS: R2 = 0.84, YMRS: R2 =
0.81). Using the absolute t-statistic of the population-level regression weights as
a measure of variable importance, decreased and increased self-reported mood
were the most important variables for predicting the severity of depression and
mania. This is not surprising since sampling of self-reported mood from the
patients was designed to collect indicators on the patient’s affective state and
thus should reflect the clinically rated symptoms. Other important variables in
the HDRS model were decreased sleep and feelings of mixed mood and anxiety
while in the YMRS model only mood ranked important (see Table 1).

To assess the predictive performance of the hierarchical Bayesian model com-
pared to pooled and separate baseline models, we performed cross-validation
experiments of HDRS and YMRS, respectively. The results presented in Ta-
ble 2 showed that we were able to estimate clinical severity ratings using regres-
sion models based on smartphone self-assessments. The hierarchical Bayesian
model achieved the best performance in predicting HDRS (R2 = 0.57 (0.10),
RMSE = 3.85 (0.47)) and was significantly better than the separate mean model
(P < 0.001). Similarly, the hierarchical Bayesian model was best at predicting
YMRS (R2 = 0.12 (0.31), RMSE = 3.74 (0.46)) and was significantly better
than the separate mean model (P < 0.001). Overall the YMRS models did not
account for much of the variance in the data, indicated by the low R2 scores.
We believe this is mainly because of low variation in the observed YMRS data
and that YMRS ratings are not more difficult to recognize automatically than
HDRS ratings when sufficient data is available.

In practical settings of disease monitoring, detecting individuals with a high
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risk of relapse is important in order to enable intervention. Therefore, a sensitive
indication if a symptom severity rating is above a critical threshold might be
more useful than estimating the exact value of the severity rating itself. Thus, we
demonstrated how uncertainty in the estimated severity ratings can be utilized
to compute individual daily risk of relapse scores by considering samples from
the posterior predictive distribution of the hierarchical Bayesian model. In
both the HDRS and YMRS case, using hierarchical Bayesian approach achieved
substantial improvements over näıve pooled and separate mean models. Figure
3 shows the trade-off between true positive rate and false positive rate in the
HDRS and YMRS models for identifying high risk individuals. This shows
that including self-assessments in a regression model provided additional useful
information for estimating the level of the clinical severity ratings and hence the
relapse risk scores, which is a promising result.

The findings that a combination of fine-grained daily self-assessment items
can be used to estimate clinical severity ratings are interesting and innovative.
Daily longitudinal self-monitoring of mood symptoms gives valuable informa-
tion of mood fluctuation experienced by patients with bipolar disorder. Long-
term monitoring of symptoms has been an essential part of the monitoring and
treatment of bipolar disorder for decades [44] and rapidly evolving smartphone
technologies have made is possible to monitor symptoms more continuously.
This can be clinically relevant for detection of prodromal symptoms before the
first or recurrent depressive or manic episodes [45]. In the latest version of the
Diagnostic and Statistical Manual of Mental Disorders (DSM-V), increased ac-
tivity level or energy is acknowledged as one of the core features of hypomania
and mania together with mood changes [46]. Several studies using factor anal-
ysis have described activation and not mood state as the primary symptom in
manic episodes [47, 48]. However, in the present study we found mood to be
the most important predictor variable for estimating HDRS and YMRS severity
ratings while activity presented with low importance in both models. Further-
more, sleep disturbances and anxiety has been identified as an early symptom
of depression and mania [49, 50] which is in line with our findings in the HDRS
model while sleep and anxiety are less important in the YMRS model. Nonethe-
less, variation in mood, sleep, anxiety and activity levels are central symptoms
in bipolar disorder and in the prodromal period before onset of bipolar disor-
der [51]. The four symptoms are possible to monitor by daily self-evaluation and
subjective experiences of symptoms are very valuable information and necessary
for detecting prodromal symptoms in individuals with high risk of developing
bipolar disorder and for monitoring symptom and preventing new episodes in
patients with bipolar disorder.

Advantages

The patients included from the RCT in the present study were clinically well
characterized and were receiving treatment or had received treatment at the
Copenhagen Clinic for Affective Disorders, Denmark. The clinical evaluations
were conducted multiple times during follow-up by experienced researchers with
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a specific knowledge within bipolar disorder. The smartphone-based system
used in the present studies (the Monsenso system) was developed by the authors
and has been shown easy to use with a high usability, usefulness, ease of learning
to use and interface quality – also when compared with other smartphone-based
systems [22, 52]. The use of smartphones for real-time fine-grained monitoring
reduced the risk of recall bias. The proposed hierarchical Bayesian modeling ap-
proach is well suited for analysis of small related datasets, especially when the
individual datasets are too small to analyze separately. Additionally, the linear
regression method and ability to express uncertainty in all estimated quantities
makes the model easy to interpret, which is essential in a clinical setting. Over-
all, the findings from the present study are found to be generalizable to patients
with bipolar disorder not presenting with affective episodes who are willing to
use a monitoring tool during prolonged time periods.

Limitations

The dataset used in this study primarily contained low ratings of clinical severity
indicating most participants did not experience severe symptoms of depression
or mania during the study period. Similarly, most of the self-reported mood
scores were close to zero (indicating euthymia) and had low variance. Conse-
quently, the näıve mean models fit the data well and achieved good performance
in the prediction task. However, the best regression model was still significantly
better than the mean models showing that it is possible utilize self-reported data
to produce more accurate estimates of the clinical ratings of symptom severity.
Furthermore, the absence of high ratings makes it difficult to reason about how
good the models are at detecting extreme cases, which are naturally the most
critical in a monitoring and intervention application.

Perspectives and future implications

Smartphones have become an ubiquitous technology in modern society and can
be utilized to provide improved and personalized disease management and mon-
itoring. Smartphone-based self-assessment makes data available for immediate
analysis and can enable new tools for improved disease monitoring. In partic-
ular, accurate, daily estimates of symptom severity could help identify critical
cases and enable timely intervention. Additionally, advances in sensor tech-
nology and algorithms is making it possible to extract a growing range of in-
creasingly accurate behavioral features directly from sensor data. Utilizing these
automatically generated features to infer symptom severity scores could be used
to eliminate the need for frequent, intrusive self-assessments and improve the
user experience of disease monitoring systems going forward.
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Conclusions

In the present study, clinical ratings of the severity of depression and mania
were estimated from smartphone-based self-assessments collected from patients
with bipolar disorder participating in an RCT. We found that our approach of
applying a hierarchical Bayesian model was able to estimate severity of depres-
sion and mania with low error compared to commonly used baseline methods
and within 4 points of RMSE on the original HDRS and YMRS rating scales.
Furthermore, we showed how uncertainty in the estimates can be utilized to
compute personal relapse risk scores suited for identifying critical cases of pa-
tients experiencing severe symptoms of bipolar disorder and that our approach
achieved substantial improvements over pooled and separate mean models. The
results presented in this work show that it is feasible to produce daily estimates
of clinical severity ratings of depression and mania from smartphone-based self-
assessments, which can be used to improve and automate continuous disease
monitoring and treatment of bipolar disorder.
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Supplementary Information

Complete hierarchical Bayesian regression model

For individual j = 1 : J , observation i = 1 : N , target variable yji and predictor
variables xji:

yji ∼ Normal(αj + βTj xji, σ)

where αj and βj are sampled from population distributions:

αj ∼ Normal(µα, τα)

βj ∼ Normal(µβ , τβ)

with independent normal priors on µ, τ and σ. A Bayesian network of the
hierarchical Bayesian regression model is presented in Figure 4.

yjixji

αj βj σ

µα τα µβ τβ

Observation i

Individual j

Figure 4: Bayesian network of a hierarchical linear regression model. Individual
regression intercept αj and weights βj are drawn from population distributions
parameterized by µα, τα and µβ , τβ , This allows the model to account for
individual differences while constraining individual parameters to be similar
across the population.

Stan details

The pooled and hierarchical Bayesian models were fitted using the statistical
modeling platform Stan [40]. Stan provides tools for specifying statistical mod-
els in a probabilistic programming language and performing inference in the
models. The outputs of the inference are posterior samples of model parame-
ters along with an inferential summary. The models in this work were fitted
using 4 sampling chains and 5,000 iterations where the first half was warm-up.
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Effects

Figure 5: Effect plots of the HDRS model (left) and YMRS model (right) com-
puted on the entire dataset. The effect is computed as the product between
individual-level weights of the hierarchical Bayesian HDRS and YMRS models
and the observed data. Because the dataset is sparse, i.e. many values are
zero, the effects are often small and, consequently, substantial effects represents
outliers.
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Introduction

Bipolar disorder (BD) is characterized by changes in mood 
with episodes of depression, (hypo)mania and mixed epi-
sodes with intervening periods of euthymia (Phillips and 
Kupfer, 2013). Core clinical features of BD include changes 
in psychomotor activity and behavioural activities, and epi-
sodic shifts in energy, activity, sleep and other behavioural 
aspects that may be quantified objectively (Beigel and 
Murphy, 1971; Faurholt-Jepsen et al., 2012; Kuhs and 
Reschke, 1992; Kupfer et al., 1974; Mitchell et al., 2008; 
Popescu et al., 1991; Sobin and Sackeim, 1997). More spe-
cifically, changes in social activity (Weinstock and Miller, 
2008), i.e., engaging in social relations, as well as physical 
activity (Faurholt-Jepsen et al., 2012; Kuhs and Reschke, 

1992; Kupfer et al., 1974) represent the central aspects of 
BD that may be possible to measure objectively.

Objective smartphone data as a 
potential diagnostic marker of bipolar 
disorder

Maria Faurholt-Jepsen1 , Jonas Busk2,3, Helga Þórarinsdóttir1, 
Mads Frost4, Jakob Eyvind Bardram2,3, Maj Vinberg1 and  
Lars Vedel Kessing1

Abstract

Objective: Currently, the diagnosis in bipolar disorder relies on patient information and careful clinical evaluations and 
judgements with a lack of objective tests. Core clinical features of bipolar disorder include changes in behaviour. We 
aimed to investigate objective smartphone data reflecting behavioural activities to classify patients with bipolar disorder 
compared with healthy individuals.

Methods: Objective smartphone data were automatically collected from 29 patients with bipolar disorder and 37 
healthy individuals. Repeated measurements of objective smartphone data were performed during different affective 
states in patients with bipolar disorder over 12 weeks and compared with healthy individuals.

Results: Overall, the sensitivity of objective smartphone data in patients with bipolar disorder versus healthy indi-
viduals was 0.92, specificity 0.39, positive predictive value 0.88 and negative predictive value 0.52. In euthymic patients 
versus healthy individuals, the sensitivity was 0.90, specificity 0.56, positive predictive value 0.85 and negative predictive 
value 0.67. In mixed models, automatically generated objective smartphone data (the number of text messages/day, the 
duration of phone calls/day) were increased in patients with bipolar disorder (during euthymia, depressive and manic 
or mixed states, and overall) compared with healthy individuals. The amount of time the smartphone screen was ‘on’ 
per day was decreased in patients with bipolar disorder (during euthymia, depressive state and overall) compared with 
healthy individuals.

Conclusion: Objective smartphone data may represent a potential diagnostic behavioural marker in bipolar disorder 
and may be a candidate supplementary method to the diagnostic process in the future. Further studies including larger 
samples, first-degree relatives and patients with other psychiatric disorders are needed.
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Currently, due to the lack of objective tests, the diag-
nostic process as well as the clinical assessment of the 
severity of depressive and manic symptoms in BD relies 
on patient information and information from relatives, 
clinical observations and evaluations, and clinical rating 
scales (Phillips and Kupfer, 2013). Thus, the reliance on 
patient information and clinical evaluations raises issues 
including recall bias, decreased illness insight and dif-
ferences in assessment experience (Cassidy, 2010). 
Therefore, objective methods for diagnosis and illness 
activity monitoring would be a tremendous clinical 
advantage.

Mobile health (mHealth) refers to health services deliv-
ered by mobile devices, such as mobile phones, mobile 
monitoring devices, personal digital assistants (PDAs) and 
other wireless electronic devices (World Health 
Organization (WHO), 2011). mHealth is a relatively new 
area within health care, and the use of sensors embedded 
within mobile monitoring devices could provide opportuni-
ties for new areas of research, development and treatment. 
A report by the WHO in 2011 stated ‘the use of mobile and 
wireless technologies to support the achievement of health 
objectives (mHealth) has the potential to transform the face 
of health service delivery across the globe’ (WHO, 2011). 
Currently, approximately one-third of the world’s adult 
population owns and uses a smartphone, and it has been 
estimated that by the year 2020 this proportion will increase 
to 80% (ChargeItSpot, 2016). Data suggest that more than 
half of smartphone users seek health-related information on 
their phone, and more recently the use of sensors embedded 
within mobile devices to monitor behavioural aspects has 
provided new areas of research. A digital marker has been 
defined as consumer-generated physiological and behav-
ioural measures collected from digital tools that can be 
used to explain, influence and/or predict health-related out-
comes (The Medical Futurist, 2018). Smartphones have 
been suggested as an easy and inexpensive way to monitor 
daily illness activity in BD including daily data on social 
and physical activity (Bardram et al., 2013; Faurholt-Jepsen 
et al., 2015). The use of smartphones to monitor BD pro-
vides unique opportunities to collect large amounts of fine-
grained data in an unobtrusive, passive and continuous way 
in the long term and outside of clinical settings and could 
lead to the identification of new behavioural digital mark-
ers and digital phenotyping of BD (Glenn and Monteith, 
2014; Hidalgo-Mazzei et al., 2016b; Insel, 2017; Monteith 
et al., 2015).

Within major depressive disorder and schizophrenia, 
few preliminary pilot studies, feasibility studies and case 
reports including automatically generated objective smart-
phone data, i.e., information on phone usage, mobility and 
voice features, have been published (Burns et al., 2011; 
Dang et al., 2016; Doryab, 2014; Wahle et al., 2016; Zhang 
et al., 2016). One of these studies investigated differences 
in voice features between patients with schizophrenia and 

healthy control individuals (HC) and suggested that several 
voice features may be able to discriminate between patients 
with schizophrenia and HC. Findings from studies includ-
ing patients with major depressive disorder and collecting 
automatically generated objective smartphone data suggest 
that the overall concept of digital diagnosis is accepted 
positively by the patients (Burns et al., 2011; Dang et al., 
2016; Doryab, 2014). Only one of the pilot studies investi-
gated the use of data on acceleration, WiFi and GPS in 
combination with self-reported depression survey data for 
the delivery of a tailored cognitive behavioural therapy 
intervention (Wahle et al., 2016). However, the use of auto-
matically generated smartphone data as an additional diag-
nostic behavioural marker in these populations has not been 
investigated. Recently, there has been an increased interest 
in the use of both self-monitored and automatically gener-
ated objective smartphone data within BD. Few observa-
tional studies (Faurholt-Jepsen et al., 2014, 2015, 2016a, 
2016c; Gideon et al., 2016), pilot studies (Abdullah et al., 
2016; Alvarez-Lozano et al., 2014; Beiwinkel et al., 2016; 
Grünerbl et al., 2015; Karam et al., 2014; Muaremi et al., 
2014; Palmius et al., 2016), feasibility studies, case reports 
(Guidi et al., 2015; Hidalgo-Mazzei et al., 2016a; Saunders 
et al., 2017; Vanello et al., 2012) and study protocols 
(Faurholt-Jepsen et al., 2016b, 2017; Hidalgo-Mazzei 
et al., 2015; Kessing et al., 2017; Ritter et al., 2016) using 
automatically generated objective smartphone data have 
been published. Studies by Our previous studies (Faurholt-
Jepsen et al., 2014, 2015, 2016a, 2016c) and those of others 
(Abdullah et al., 2016; Beiwinkel et al., 2016; Guidi et al., 
2015) suggest that the automatically generated objective 
smartphone data reflected by communication logs, screen 
activation, location and voice features may reflect illness 
activity in BD and discriminate between affective states. 
However, these studies included rather small samples and 
did not include HC, and thus the use of automatically gen-
erated objective smartphone data as a potential diagnostic 
behavioural digital marker discriminating between BD and 
HC has not been investigated and is unknown.

The aim of this pilot study was to investigate whether 
objective smartphone data could discriminate between 
patients with BD and HC including analyses of sensitiv-
ity and specificity, and thus potentially represent a poten-
tial diagnostic behavioural digital marker in BD. We 
hypothesized that automatically generated objective 
smartphone data would be able to discriminate (1) 
between patients with BD during euthymia compared 
with HC, (2) between patients with BD during depressive 
state and manic or mixed state, respectively, compared 
with HC, and (3) between patients with BD overall com-
pared with HC.

We have previously reported on the association between 
smartphone data and illness activity among patients with 
BD included in this report, i.e., not including HC or com-
parisons between patients with BD and HC. In that study, 
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we found that objective smartphone data reflect illness 
severity in BD and differ between affective states (Faurholt-
Jepsen et al., 2016c).

Materials and methods

This pilot case–control study investigated the use of auto-
matically generated objective smartphone data as an elec-
tronic diagnostic behavioural marker in patients with BD 
compared with HC.

The study was approved by the Committee on Health 
Research Ethics of the Capital Region of Denmark (H-7-
2014-007 & H-2-2011-056) and the Danish Data Protection 
Agency (2013-41-1710). Smartphone data were stored at a 
secure server at Concern IT, Capital Region, Denmark 
(I-suite no. RHP-2011-03). The participants were offered to 
loan a smartphone free of charge by the study. Written 
informed consent was obtained from all participating sub-
jects. The study complied with the Declaration of Helsinki.

We developed a software (‘MONARCA’) for smart-
phones to monitor self-assessed items and objective activi-
ties prior to this study (Bardram et al., 2013).

Study participants

Patients with BD. The patients were recruited from The 
Clinic for Affective Disorder, Psychiatric Centre Copenha-
gen, Denmark from October 2013 to December 2014. The 
inclusion criterion was BD diagnosis according to ICD-10 
using Schedules for Clinical assessment of Neuropsychia-
try (SCAN; Wing et al., 1990). The exclusion criteria were 
the lack of Danish language skills and pregnancy. In order 
to collect data during different affective states, the patients 
participated for a 12-week study period during the very 
early phase of their course of treatment at the clinic and 
received various types, doses and combinations of psycho-
pharmacological treatment during the study. The patients 
were invited to participate in the study following referral to 
the clinic. Clinical and socio-demographic data were col-
lected at inclusion. Analyses on the smartphone data and 
the association with illness activity in BD collected as part 
of this study have been published elsewhere (Faurholt-Jep-
sen et al., 2016c).

HC. As part of the study investigating stress in healthy 
individuals, a group of HC were recruited consecutively 
from the Blood Bank at Rigshospitalet, Copenhagen Uni-
versity Hospital, Denmark, by approaching blood donors 
in the waiting room on random occasions from September 
2015 to August 2016. The inclusion criteria were as fol-
lows: women and men over the age of 18 years, no history 
of psychiatric illness and no first-generation family history 
of psychiatric illness and use of an Android smartphone as 
the regular mobile phone. The exclusion criteria were as 
follows: lack of Danish language skills and pregnancy. 

The HC participated in the study as part of a larger cohort 
study (Kessing et al., 2017). In this study, baseline data 
from HC were included in the analyses.

Since it was not possible to collect automatically gener-
ated objective smartphone data from iPhones at the time of 
the study, patients with BD and HC not willing to use 
Android smartphones during the study were excluded.

Settings and assessments
The study was conducted at The Clinic for Affective 
Disorder, Psychiatric Centre Copenhagen, Denmark.

Clinical assessments. Patients with BD. The BD diagnosis 
according to ICD-10 was confirmed using SCAN (Wing 
et al., 1990). The severity of depressive and manic symp-
toms was clinically rated fortnightly using the Hamilton 
Depression Rating Scale-17 items (HDRS-17; Hamilton, 
1967) and the Young Mania Rating Scale (YMRS; Young 
et al., 1978) for the 12-week study period.

HC. The absence of any psychiatric diagnoses according 
to ICD-10 was confirmed using SCAN (Wing et al., 1990). 
The severity of depressive and manic symptoms was clini-
cally rated at inclusion using the HDRS-17 (Hamilton, 
1967) and the YMRS (Young et al., 1978).

All participants were instructed to carry their smart-
phones with them during the day and to use it for usual 
communicative purposes. Participants did not receive eco-
nomic compensation for participating in this study.

Smartphone data. The MONARCA software used to monitor 
subjective and objective activities of BD was developed in 
our previous study (Bardram et al., 2013). After inclusion, 
the participants were instructed to use the MONARCA soft-
ware for smartphones for self-evaluations on a daily basis 
during the study period. At the time of the study, the follow-
ing objective smartphone data were available and automati-
cally collected around the clock: the number of outgoing and 
incoming calls and text messages/day, the duration of phone 
calls (min/day), the number of times the smartphones’ screen 
was turned ‘on/off’ per day (reflecting the number of times 
the participants interacted with the smartphones), the dura-
tion the smartphone screen was ‘on’ per day. The particular 
smartphone data included in this report were due to technical 
aspects available in both cohorts (patients with BD and HC) 
at the time of the study. In addition, data on voice features 
during phone calls were collected, but due to the need for 
more advanced and technical statistical modelling data on 
the use of voice features for discriminating between patients 
with BD and HC and discriminating between affective states 
will be presented in future reports.

The researchers conducting the clinical assessments did 
not have access to the objective smartphone data and were 
therefore blinded to these data at the time of the clinical 
assessments. An overview of data collection during the 
study is provided in Table 1.
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Statistical analysis

The statistical analyses were defined a priori. To investigate 
differences in smartphone data between BD and HC, two-
level linear mixed-effects regression models, which allow 
for variation of the outcome variables both within subjects 
(intra-individual variation) and between subjects (inter-
individual variation), were employed since patients were 
investigated multiple times during different affective states. 
Level one represented individual repeated measures of 
objective smartphone data within each group (BD and HC) 
and level two represented between-subject variations (vari-
ations between BD and HC). Analyses comparing objective 
smartphone data between patients with BD (including dif-
ferent affective states) and HC were conducted. The linear 
mixed-effects regression models included a random inter-
cept and the specification of individual participant as a ran-
dom effect to accommodate correlations within each 
individual in the outcome variables over time. Covariates 
including age and gender were specified as the fixed effects. 
First, unadjusted linear mixed-effects regression models 
with levels of objective smartphone data as the dependent 
variables were conducted. Second, linear mixed-effects 
regression models with levels of smartphone data as the 
dependent variables adjusted for age and gender as the pos-
sible confounding factors were conducted. There is no con-
sensus on how to report the performance on hierarchical 
linear models. In this paper, we used the Snijders and 
Bosker’s method (Snijders and Bosker, 1994).

In patients with BD and HC, the averages of the auto-
matically generated objective smartphone data were taken 
for the days the outcome measures (HDRS-17 and YMRS) 
were referring to (the current and past 3 days). Automatically 
generated objective smartphone data from patients as well 
as HC were represented by 4 days from each rating and with 
the number of ratings ranging between 1 (HC) and 7 (BD). 
A depressive state was defined as an HDRS-17 score ⩾ 13 
and a YMRS score < 13. A manic or mixed state was 
defined as a YMRS score ⩾ 13. A euthymic state was 
defined as an HDRS-17 score < 13 and a YMRS score < 13.

To calculate the classification accuracy of the objective 
smartphone data, machine learning techniques (scikit-learn 
gradient boosting classifier) were used. In many cases, we 
observed class imbalance; one class was represented by a 
large amount of examples (euthymia and depression), while 
the other was represented by a few examples (mania). To 
mitigate this problem, random oversampling, sampling the 
minority class with replacement, was used to create a bal-
anced training set before learning the classifier. The gradi-
ent boosting classifier combines an additive sequence of 
simple decision tree classifiers into a single stronger classi-
fier. At each iteration, a tree is generated from a subsample 
of the training data and using a random subset of features to 
ensure maximal degree of independence among the trees 
and prevents overfitting (Breiman, 2001). Model evalua-
tion was done by 10-fold cross-validation. The sensitivity, 
estimating the probability that a test will identify ‘disease’ 
among those with ‘disease’, was calculated as true positive/
positive, and the specificity, estimating the fraction of those 
without ‘disease’ among those with a negative test result, 
was calculated as true negative/negative. Area under the 
curve (AUC) was used as a metric to assess the perfor-
mance of a model and the tradeoff between the sensitivity 
and specificity. The proportions of positive and negative 
results that were true positive and true negative were 
reflected by the positive predictive value (PPV), calculated 
as true positive/true positive + false positive, and the nega-
tive predictive value (NPV), calculated as true negative/
true negative + false negative, and these metrics were used 
to describe the performance of the automatically generated 
objective smartphone data as a diagnostic test.

As no prior study has compared automatically generated 
objective smartphone data among patients with BD and 
HC, we were not able to make statistical power analyses 
prior to the study since potential effects are unknown. The 
hypotheses tested in this pilot study were made initially 
before data analyses and based on our prior findings within 
BD patients (Faurholt-Jepsen et al., 2016c). Although out-
comes and covariates were specified prior to the analyses, 
the machine learning analyses were conducted post hoc. 
Consequently, we find it most correct to account for multi-
ple testing in the statistical models (Bonferroni correction 
conducting 10 comparisons). p-values below 0.005 in indi-
vidual models were considered statistically significant. 
Data were entered using Excel and EpiData®, Stata version 
12.1 (StataCorp LP, College Station, TX, USA) was used 
for statistical analyses, and Python with the scikit-learn 
library was used for classification analysis.

Results

Background characteristics

A total of 51 patients with a diagnosis of BD and 72 HC were 
invited to participate in the study, of which 32 (62.7%) 

Table 1. Data collection during the study including patients 
with bipolar disorder (BD; n = 29) and healthy control individuals 
(HC; n = 37).

BD HC

 Euthymia Depression Mania  

Hamilton 
Depression Rating 
Scale

+ + + +

Young Mania 
Rating Scale

+ + + +

Smartphone data + + + +
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patients and 37 (53.4%) healthy control individuals agreed to 
participate. The main reasons for declining to participate 
were as follows: (1) it would be too time consuming and (2) 
a preference of iPhone. Three patients dropped out immedi-
ately after inclusion (changed their minds regarding partici-
pation), and thus a total of 29 patients participated in the 
study. None of the participants dropped out during the fol-
low-up period. A total of 10.3% of the patients’ visits with 
the researcher were missing, thus leaving a total of 182 clini-
cal ratings available. The present results are based on 29 
patients with BD clinically evaluated fortnightly during the 
12 weeks and different affective states and a group of 37 HC 
and represent a total of 219 clinical ratings (182 from BD and 
37 from HC). Apart from three participants, all the included 
participants wished to use their own smartphone during the 
study. Furthermore, socio-demographic characteristics 

including the severity of depressive and manic symptoms 
according to affective states represented by raw and unad-
justed mean scores on the HDRS-17 and YMRS are pre-
sented in Table 2.

Differences in automatically generated 
objective smartphone data in BD overall and 
during affective states compared with HC

Table 3 presents the results of linear mixed-effects regres-
sion models for differences in objective smartphone data 
between affective states (euthymia, depressive state, manic 
or mixed state) in patients with BD and HC. Results from 
the unadjusted and adjusted analyses were similar, and thus 
results from the adjusted analyses (adjusted for age and 
gender) are presented.

Table 2. Socio-demographic characteristics of patients with bipolar disorder (BD; n = 29) and healthy control individuals (HC; 
n = 37).a

BD HC

Age (years) 30.2 (8.8) 36.7 (13.6)

Female gender, % (n) 62.1 (18) 51.4 (19)

Number of depressive episodes 4 [2.6–5] –

Number of (hypo)manic episodes 2.5 [1–5] –

Bipolar disorder type I, % (n) 55.2 (16) –

Age at onset (years) 21.0 (6.7) –

Illness duration (years) 9.3 (6.2) –

Social status, % (n)

 Full-time employment 7.1 (2) 78.4 (29)

 Student 35.7 (10) 16.2 (6)

 Unemployed 32.1 (9) 2 (5.4)

 In relationship 51.7 (15) 59.5 (22)

Depressive state (n = 62)b

 HDRS-17 17.1 (3.7) –

 YMRS 3.7 (3.1) –

Manic or mixed state (n = 21)b

 HDRS-17 11.2 (4.0) –

 YMRS 16.9 (3.4) –

Euthymic state (BD, n = 99; HC, n = 37)b

 HDRS-17 7.0 (3.6) 0.19 (0.46)

 YMRS 2.7 (3.0) 0.08 (0.28)

HDRS-17: Hamilton Depression Rating Scale 17-item score; YMRS: Young Mania Rating Scale score; SD: standard deviation; IQR: interquartile range.
aData are mean (SD), median [IQR] or proportions (%, (n)) unless otherwise stated.
bn represents the total number of clinical assessments with repeated measurements per patient during the study period. Data are mean (SD) and 
unadjusted values.
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In the adjusted models, the duration of phone calls was 
increased during a euthymic state, a depressive state, a 
manic or mixed state and overall (B = 53.33, 95% confi-
dence interval (CI): [45.60, 61.05], p < 0.001, Snijders and 
Bosker’s estimate: 0.10), compared with HC.

The number of incoming text messages/day was 
increased during a manic or mixed state compared with 
HC. The duration the smartphone screen was on/day was 
decreased during a euthymic state (B = –72.44, 95% CI: 
[–112.70, –32.16], p < 0.001) and overall (B = –50.00, 95% 
CI: [–86.82, 13.19], p = 0.008, Sniders and Bosker’s esti-
mate: 0.060) compared with HC.

Analyses including models adjusted for employment 
status were omitted, due to high collinearity between the 
groups (BD or HC).

Sensitivity, specificity, PPV and NPV 
of automatically generated objective 
smartphone data

Table 4 presents the results of gradient boosting classifier 
models for sensitivity, specificity, PPV and NPV of objec-
tive smartphone data. In models classifying BD overall ver-
sus HC, there were a sensitivity of 0.92, a specificity of 

Table 3. Differences in automatically generated objective smartphone data between patients with bipolar disorder (BD; n = 29) and 
healthy control individuals (HC; n = 37).a

Modelb

 Coefficient 95% confidence interval p-valuec Snijders and Bosker

Outgoing text messages (numbers/day)

 Euthymic state/HC 2.94 [0.62, 5.27] 0.013 0.050

 Depressive state/HC 3.30 [0.82, 5.78] 0.009

 Manic or mixed state/HC 2.13 [–1.11, 5.38] 0.20

 BD, overall/HC 2.97 [0.77, 5.18] 0.008

Incoming text messages (numbers/day)

 Euthymic state/HC 2.76 [0.44, 5.08] 0.020 0.050

 Depressive state/HC 2.89 [0.49, 5.36] 0.021

 Manic or mixed state/HC 4.82 [1.62, 8.01] 0.003

 BD, overall/HC 3.02 [0.81, 5.24] 0.007

Duration of phone calls (min/day)

 Euthymic state/HC 49.96 [41.67, 58.24] <0.001 0.070
 Depressive state/HC 58.88 [49.50, 68.25] <0.001
 Manic or mixed state/HC 55.56 [43.51, 67.61] <0.001
 BD, overall/HC 53.33 [45.60, 61.05] <0.001

Screen is turned ‘on/off’ (numbers/day)

 Euthymic state/HC –2.69 [–33.36, 27.98] 0.86 0.060

 Depressive state/HC 10.23 [–21.88, 42.35] 0.53

 Manic or mixed state/HC 46.35 [5.00, 86.70] 0.024

 BD, overall/HC 6.80 [–22.65, 36.25] 0.65

Duration screen is ‘on’ (min/day)

 Euthymic state/HC –72.44 [–112.70, –32.16] <0.001 0.14
 Depressive state/HC –36.67 [–79.72, 6.37] 0.095

 Manic or mixed state/HC 12.24 [–43.06, 67.54] 0.664

 BD, overall/HC –50.00 [–86.82, –13.19] 0.008

aNumber of clinical assessments according to affective states: a depressive state – n = 62; a manic or mixed state – n = 21; a euthymic state – n = 99; 
healthy control individuals – n = 37.
bAnalyses adjusted for age and gender.
cp-values < 0.005 were considered statistically significant (Bonferroni correction).
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0.39, a PPV of 0.88 and an NPV of 0.52. In models classify-
ing patients with BD during euthymia versus HC, there 
were a sensitivity of 0.90, a specificity of 0.56, a PPV of 
0.85 and an NPV of 0.67.

In addition, exploratory analyses on the classification of 
affective states within BD based on combined objective 
smartphone data were conducted. A depressive state versus 
a euthymic state was classified with a sensitivity of 0.36, a 
specificity of 0.68, a PPV of 0.33 and an NPV of 0.65. A 
manic state versus a euthymic state was classified with a 
sensitivity of 0.37, a specificity of 0.92, a PPV of 0.47 and 
an NPV of 0.88.

Discussion

In this pilot study, we investigated differences in automati-
cally generated objective smartphone data as well as the 
sensitivity, specificity, PPV and NPV between patients with 
BD and HC. The results indicated that automatically gener-
ated objective smartphone data differed between BD and 
HC, and that these had a rather high sensitivity and PPV but 
a low specificity and NPV.

Interestingly and in accordance with our a priori hypoth-
eses, we found that the sensitivity and PPV of objective 
smartphone data were rather high in classifying BD overall 
and during euthymia versus HC. Furthermore, automati-
cally generated objective smartphone data on changes in 
communicative activities and the use of smartphone dif-
fered between patients with BD during euthymia, depres-
sive states, manic or mixed states and overall, respectively, 
and HC. However, not all of the automatically generated 
objective smartphone data differed between patients with 
BD and HC, and thus the findings in regard to the hypoth-
eses were both supportive and some rejected.

The most intriguing and novel results from this pilot 
study were that (1) the sensitivity and PPV in classifying 
BD overall and during euthymia compared with HC were 
relatively high; (2) several of the automatically generated 
objective smartphone data differed between patients with 
BD during a euthymic state and HC; and (3) several of the 

automatically generated objective smartphone data differed 
between patients with BD, regardless the affective state, 
and HC.

A diagnosis of BD needs careful clinical evaluation and 
judgement. This is the first report on the use of automati-
cally generated objective smartphone data as a potential 
diagnostic behavioural digital marker discriminating 
between BD and HC. The results from this study indicate 
that alterations in automatically generated objective smart-
phone data reflecting behavioural activities may represent a 
diagnostic behavioural digital marker of BD and could 
potentially represent a supplementary and assisting tool 
that could facilitate the clinical diagnostic process that cur-
rently, due to the lack of objective markers, relies on patient 
information and information from relatives, clinical obser-
vations and evaluations. However, in this study, the speci-
ficity and NPV were quite low. Thus, the tradeoff between 
the sensitivity and specificity reflected by the AUC should 
be considered in future studies and considerations on 
whether a high sensitivity could be important even though 
it could be at a cost of lower specificity and thereby the risk 
of false-positive classifications of patients with BD versus 
HC or false-positive classifications of affective states. 
Since still few studies have investigated the use of smart-
phones for monitoring in BD, more studies investigating 
this area more in depth both clinically and methodologi-
cally are needed. Large long-term cohort studies investigat-
ing the use of automatically generated objective smartphone 
data as a diagnostic marker, differentiating BD from HC 
and relatives at risk of BD and as a state marker, and dif-
ferentiating among euthymia, depression and mania are 
ongoing (Kessing et al., 2017).

Surprisingly, as can be seen from the results of this pilot 
study, regardless of the affective state, patients with BD 
received and sent more text messages than HC. This may 
reflect the fact that the social network including relatives 
and people caring for the patients may be activated by the 
patients’ condition. Patients may thus contact others and 
may be contacted more due to worrying, help and care. 
During manic or mixed states, patients with BD did not 

Table 4. Classification of BD versus HC based on automatically generated objective smartphone data.

Sensitivity (SD)a Specificity (SD)b PPV NPV AUC

BD, overall versus HC 0.92 0.39 0.88 0.52 0.66

Euthymic state versus HC 0.90 0.56 0.85 0.67 0.73

Depressive state versus HC 0.79 0.50 0.71 0.60 0.64

Manic state versus HC 0.47 0.89 0.69 0.76 0.75

BD: bipolar disorder; HC: healthy control individuals; SD: standard deviation; PPV: positive predictive value; NPV: negative predictive value; AUC: 
area under the curve.
Euthymic state: HDRS < 13 and YMRS < 13; depressive state: HDRS ⩾ 13 and YMRS < 13; manic state: YMRS score ⩾ 13.
aSensitivity = true positive/positive.
bSpecificity = true negative/negative.
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send more text messages than HC. However, during manic 
or mixed states, the duration of phone calls was increased 
so it may be that patients and their social network (includ-
ing relatives) experienced increased need for verbal com-
munication by phone calls and not by writing text 
massages. Also, during a manic or mixed state, the smart-
phones’ screen was turned ‘on’ (e.g. interacting with the 
smartphone by turning on the smartphones’ screen) more 
frequently compared with HC. However, the duration of 
time when the screen was turned ‘on’ was not increased. It 
may be that patients during a manic or mixed state had 
increased activity levels and restlessness reflected by turn-
ing the screen ‘on/off’ an increased number of times but 
not letting the screen ‘on’ for a prolonged period of time.
Future long-term and large cohort studies investigating the 
use of composite measures based on automatically gener-
ated objective smartphone data reflecting behavioural 
activities to discriminate between patients with BD and 
HC and to discriminate between affective states will hope-
fully provide more insight to the area, and investigate 
which combinations of smartphone data that will give the 
highest sensitivity, specificity, PPV and NPV so that the 
use of automatically generated objective smartphone data 
potentially can be clinically relevant for monitoring and 
treating patients with BD.

Currently, approximately one-third of the world’s adult 
population owns and uses a smartphone, and it has been 
estimated that by the year 2020 this proportion will increase 
to 80%.

Overall, since most people carry their phone with them 
during most of the day and that it has been estimated that by 
the year 2020 the proportion of the world’s adult population 
that owns and uses a smartphone will increase to 80% 
(ChargeItSpot, 2016), smartphones can allow for collection 
of data on behavioural aspect that otherwise would be diffi-
cult to access. Furthermore, fine-grained data can be col-
lected during real-time and naturalistic settings with a low 
level of intrusiveness without the need for people to interact 
with a software programme, minimizing the risk of missing 
data and fatigue during long-term monitoring. Accordingly, 
this type of automatically generated objective smartphone 
data has clear advantages in the monitoring of BD.

Limitations

Several clinical as well as methodological limitations to 
this study should be mentioned. Case–control studies carry 
an inherent risk of bias at different levels, such as selection 
bias, information bias and confounding, necessitating strict 
methodological requirements and thorough considerations 
of the study design and analyses. The patients included in 
the study consisted of those with bipolar I and bipolar II 
disorders treated in a highly specialized mood disorder 
clinic, during the very early phase of their course of treat-
ment. This may have contributed to the relatively low 

number of manic/mixed episodes as well as the relatively 
low symptom level during affective episodes. However, the 
patients were recruited during the beginning of their course 
of illness presenting with rather high levels of depressive 
and manic symptoms assessed using standardized clinical 
rating scales during the study period. In addition, patients 
were newly diagnosed with BD and this could have had an 
impact on the use of technology regarding support and 
information seeking. Thus, findings may be more specific 
to this group of patients, and future studies including 
patients during different stages of illness could provide 
more generalizable findings.

Furthermore, a potential confounding effect of psychop-
harmacological treatment cannot be ruled out. Defining and 
recruiting a proper control group in case–control studies is 
always difficult. The HC included in this study were 
recruited from the Blood Bank at Rigshospitalet, 
Copenhagen University Hospital, Denmark, and thus may 
represent a ‘super-healthy’ comparison group.

Along this line, a potential confounding effect of 
employment status cannot be excluded. However, analyses 
including models adjusted for employment status were 
omitted, due to high collinearity between the groups (BD or 
HC). Future observational studies could consider investi-
gating this aspect further and perhaps consider matching of 
groups on employment status. Many factors that are not 
related to the mental health status of the participants could 
also influence the results. People may vary considerably in 
how they interact with their phones and many people use 
other platforms to communicate with others including 
WhatsApp and Facebook messenger. To account for some 
of these differences, the statistical analyses were adjusted 
for age and gender. However, the unknown variability in 
phone usage should be addressed in future studies by 
including larger samples and adjusting the statistical analy-
ses for additional confounding factors.

The study included a rather small sample of patients and 
HC and did not include a power analysis prior to the study. 
However, each patient with BD was assessed several times 
during the follow-up, thereby increasing the statistical 
power. Future studies should include a priori power analy-
sis estimated when designing the study. Regarding the sta-
tistical analyses, although outcomes and covariates were 
specified prior to the analyses, the machine learning analy-
ses were conducted post hoc and consequently multiple 
testing was accounted for in the statistical analyses.

None of the included patients dropped out during the 
study, but patients who were unwilling to use an Android 
smartphone were excluded, since it was not possible to col-
lect automatically generated objective smartphone data 
from iPhones. Thus, the participating patients could repre-
sent a sample of particularly motivated patients not having 
problems with interacting with Android Smartphones and 
could introduce a potential bias as described by others 
(Montes et al., 2012; Spaniel et al., 2008).
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Using automatically generated objective smartphone 
data as diagnostic digital markers highlights a number of 
challenges with digital/mHealth, and this sort of smart-
phone system in particular. When using this kind of plat-
form, there are challenges regarding regular smartphone/
iOS update and the need for constant updating of software. 
There will be challenges regarding whether the validity 
evaluations of older versions can apply to newer versions. 
This is one of the key problems in digital health, and con-
siderations regarding this matter should be one of the key 
points to address in future studies. Furthermore, future 
studies including a priori power calculations investigating 
the sensitivity, specificity, PPV and NPV of automatically 
generated objective smartphone data in larger samples in 
BD comparing affective states, healthy relatives at risk of 
BD and HC are needed to evaluate the clinical utility. 
Including healthy first-degree relatives at risk of develop-
ing BD, as we are currently doing (Kessing et al., 2017), 
could provide further information on the use of objective 
smartphone data as an early predictive marker of later onset 
of BD and could provide important knowledge regarding 
the causality of changes in objective smartphone data in 
BD. Finally, few studies on the use of smartphone data as a 
marker of BD have been published and the thus the findings 
from this study are hypothesis generating and should be 
investigated further in future studies.

Conclusion

This pilot study demonstrated rather high sensitivity and 
PPV of objective smartphone data between BD and HC, but 
with low specificity and NPV. Furthermore, there were dif-
ferences in levels of automatically generated objective 
smartphone data reflecting behavioural activities in patients 
with BD (during euthymia, depressive and manic or mixed 
states and overall) compared with HC. Objective smart-
phone data may represent a potential diagnostic behav-
ioural digital marker and could potentially supplement, 
assist and facilitate the diagnostic process within BD, but 
further studies including larger samples are needed.
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APPENDIX D
Stan Models

This appendix includes the Stan code of the Hierarchical linear regression model and
the Hierarchical ordinal regression model, respectively. In practice, the Stan code is
wrapped in Python classes that use a string Template to customize the code. For
example, the numerical parameters of the hyperpriors can be adjusted and the gener-
ated quantities section can be left out when it is not required for increased sampling
speed. The Python classes additionally provide methods for getting and setting model
parameters, a scikit-learn style interface for fitting the model and making predictions
as well as automatic caching of the compiled Stan model.
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1 // Hierarchical linear regression model
2 data {
3 int<lower=1> N; // number of examples
4 int<lower=1> D; // number of predictors (dimensions)
5 int<lower=1> J; // number of groups
6 int<lower=1,upper=J> tid[N]; // group identifier index vector
7 row_vector[D] X[N]; // example vectors
8 real y[N]; // target vector
9 }

10 parameters {
11 real mu_a; // intercept mean
12 real<lower=0> tau_a; // intercept deviation
13 vector[D] mu_b; // coefficient means
14 vector<lower=0>[D] tau_b; // coefficient deviations
15 real alpha_raw[J]; // intercepts
16 vector[D] beta_raw[J]; // coefficients
17 real<lower=0> sigma; // noise scale
18 }
19 transformed parameters {
20 real alpha[J];
21 vector[D] beta[J];
22 for (j in 1:J) {
23 alpha[j] = mu_a + tau_a * alpha_raw[j];
24 beta[j] = mu_b + tau_b .* beta_raw[j];
25 }
26 }
27 model {
28 mu_a ~ normal(0, 1);
29 tau_a ~ normal(0, 1);
30 mu_b ~ normal(0, 1);
31 tau_b ~ normal(0, 1);
32 for (j in 1:J) {
33 alpha_raw[j] ~ normal(0, 1); // normal(mu_a, tau_a)
34 beta_raw[j] ~ normal(0, 1); // normal (mu_b, tau_b)
35 }
36 sigma ~ normal(0, 1);
37 {
38 vector[N] z;
39 for (i in 1:N)
40 z[i] = alpha[tid[i]] + X[i] * beta[tid[i]];
41 y ~ normal(z, sigma);
42 }
43 }
44 generated quantities {
45 vector[N] log_lik;
46 for (i in 1:N)
47 log_lik[i] = normal_lpdf(y[i] | alpha[tid[i]] + X[i] * beta[tid[i]],

sigma);
48 }



D Stan Models 97

1 // Hierarchical ordinal regression model
2 data {
3 int<lower=1> N; // number of examples
4 int<lower=1> D; // number of predictors
5 int<lower=2> K; // number of classes
6 int<lower=1> J; // number of groups
7 int<lower=1,upper=J> tid[N]; // group identifier index vector
8 row_vector[D] X[N]; // examples
9 int<lower=1, upper=K> y[N]; // targets

10 }
11 parameters {
12 ordered[K-1] mu_c; // cutpoint means
13 real<lower=0> tau_c; // cutpoint deviations
14 ordered[K-1] c_raw[J]; // cutpoints
15 vector[D] mu_b; // coefficient means
16 vector<lower=0>[D] tau_b; // coefficient deviations
17 vector[D] beta_raw[J]; // coefficients
18 }
19 transformed parameters {
20 ordered[K-1] c[J];
21 vector[D] beta[J];
22 for (j in 1:J) {
23 c[j][1] = mu_c[1] + tau_c * c_raw[j][1];
24 for (k in 2:(K-1))
25 c[j][k] = fmax(c[j][k-1] + 1.0e-5, mu_c[k] + tau_c * c_raw[j][k

]);
26 beta[j] = mu_b + tau_b .* beta_raw[j];
27 }
28 }
29 model {
30 mu_c ~ normal(0, 1);
31 tau_c ~ normal(0, 1);
32 mu_b ~ normal(0, 1);
33 tau_b ~ normal(0, 1);
34 for(j in 1:J) {
35 c_raw[j] ~ normal(0, 1);
36 beta_raw[j] ~ normal(0, 1); // normal(mu_b, tau_b);
37 }
38 for (i in 1:N)
39 y[i] ~ ordered_logistic(X[i] * beta[tid[i]], c[tid[i]]);
40 }
41 generated quantities {
42 vector[N] log_lik;
43 for (i in 1:N)
44 log_lik[i] = ordered_logistic_lpmf(y[i] | X[i] * beta[tid[i]], c[tid

[i]]);
45 }
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