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Summary
In-active behavior, lack of interest in activities, constant feeling of hopelessness, and
guilt characterize depressive symptoms. Twenty percent experience depressive symp-
toms during their life and only 1 out of 4 receive proper treatment.

Behavioral Activation (BA) is a simple therapy method for depressive symptoms.
It focuses solely on behavior, in order to support planning and enacting in pleasant
activities – moving your body moves your mind.

Smartphones are ubiquitous sensing devices capable of capturing the behavior of
their owner. Therefore, they can be a prime tool for BA therapy. We investigated
how smartphones can be used in BA therapy. First, we showed that sensing of
vigorous activity, time at home, and screen-on duration are reliable features to detect
depressive symptoms. Then, we teamed up with the Psychiatric Center Copenhagen,
Rigshospitalet and patients to develop a smartphone app called Moribus to assist
the clinic’s current BA therapy program. Instead of registering activities and mood
symptoms on paper, they were able to register on Moribus and receive visual analytic
feedback. We ran a clinical feasibility study on eight of their BA patients. Overall,
they stated that they preferred Moribus and gained valuable insights from the visual
analytic tool.

Moribus was able to accelerate therapy sessions, but only for the “lucky few”
patients that received treatment. To provide a tool independent of the clinic, we used
data from Moribus in order to build a recommender model that can suggest specific
activities personalized from past behavior. We ran a new design process with patients
to incorporate the model in an app: MUBS. We ran an 8-week long study of MUBS on
17 patients. The patients that used MUBS had a significant reduction in depressive
symptoms. The app helped them become aware of the smaller positive things in life
and enabled them to plan more pleasant activities.

The PhD thesis showed that computational tools can be a perfect medium to
assist patients with depressive symptoms to achieve better well-being.
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Resumé (Danish)
Depressive symptomer er karakteriseret ved inaktiv adfærd, mangel på interesse, kon-
stant følelse af håbløshed og skyldfølelse. Gennem livet oplever 20 procent af alle
mennesker depressive symptomer, og kun 1 ud af 4 modtager korrekt behandling.

Adfærdsaktivering (AA) er en terapiform, som udelukkende fokuserer på adfærd.
Det overordnede formål er at få den enkelte person til at planlægge og udføre lystbe-
tonede aktiviteter – bevægelse af kroppen bevæger psyken.

Smartphones er spækket med sensorer, som gør dem i stand til at måle en brugers
adfærd. Dette gør smartphones til et oplagt værktøj til brug for AA terapi.

I denne PhD afhandling har vi undersøgt, hvordan man kan bruge smartphones
til AA terapi. Først viste vi, at der var en pålidelig sammenhæng mellem depressive
symptomer og hhv. hård fysisk aktivitet, tiden du tilbringer hjemme og mængden
af smartphone brug. Derefter tog vi kontakt til Psykiatrisk Center København på
Rigshospitalet, og gennem et såkaldt brugercentreret design har vi sammen med pa-
tienter og klinikere skabt appen Moribus. Appen har til formål at assistere klinikkens
nuværende AA terapiforløb. I stedet for at registrere aktiviteter og stemningsleje på
papir, kan det nu gøres i appen. Moribus blev testet i et klinisk pilotstudie med
otte patienter. Overordnet set foretrak de Moribus, og de visuelle analyseværktøjer i
appen gav dem værdifuld indsigt i deres adfærd.

Moribus gør det muligt at forbedre terapi, men det er stadig kun de heldige, som
allerede er indskrevet, der får hjælp. Vi brugte aktivitetsdata fra Moribus til at bygge
en anbefalingsmodel, der kan komme med forslag til specifikke aktiviteter personlig-
gjort ud fra tidligere registrerede aktiviteter. En automatisk anbefalingsmodel vil
gør det muligt at tilbyde AA uden om klinikken. Vi kørte et nyt designforløb med
patienter for at integrere anbefalingsmodellen i en ny app: MUBS. Vi testede MUBS i
et 8 ugers langt klinisk forsøg på 17 patienter. Patienterne der brugte MUBS havde en
signifikant reduktion i depressive symptomer. MUBS gjorde, dem opmærksomme på
de helt små positive aktiviteter i livet. Derudover fik MUBS dem til at planlægge og
udføre flere lystbetonede aktiviteter i hverdagen.

PhD afhandlingen viser, at digitale værktøjer er vejen frem for at hjælpe patienter
med depressive symptomer til at opnå en bedre trivsel.
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Preface
This Ph.D. thesis was prepared at the Department of Health Technology at the Tech-
nical University of Denmark in fulfillment of the requirements for acquiring a Ph.D.
degree in Assistive Technologies for Mental Health. The thesis was done under su-
pervision of Professor Jakob E. Bardram, and Clinical Professor MD DMsc Lars V.
Kessing, and includes 5 published scientific articles, 2 scientific articles in submission,
and 2 popular scientific articles.

The thesis begins a chapter with an historical perspective. This serves the purpose
of directing the audience attention towards the importance of the chapters theme. I
hope that the audience will find this dissertation as enlighten as the PhD project
has been for me. To be responsible within all aspects from developing, to evaluating
a tool for patients experiencing depressive symptoms, has been a life transcending
journey. This covers everything from organizing workshops with patients, designing a
prototype, program it, develop and embed theoretical models, enroll patients, conduct
end-interviews, and use qualitative and quantitative analysis methods to understand
use and clinical outcome. Therefore, I would love to indulge in discussion within all
these aspects with any interested reader.

Kongens Lyngby, November 15, 2019

Darius Adam Rohani
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CHAPTER1
Introduction

The act of cutting a vein open to let blood flow out, known as bloodletting, has
been the longest practiced medical procedure in history. Bloodletting was believed
to cure everything from migraine to smallpox and was a first-choice of treatment for
centuries [78]. Today, targeted medical procedures for a majority of conditions have
replaced bloodletting to offer more personalized treatments to each patient. Unfortu-
nately, in the domain of mental health where there is a wide range of disorders, the
first-line of treatment is pharmacotherapy. This practice draws dangerous parallels
to the history of bloodletting, as the induced chemical drugs are affecting the brain
in all sorts of ways and their effect is not completely understood.

• • •

1.1 Context and Motivation
Depression is a mental health condition characterized by week-long episode of changes
in mood, interests and pleasure [149]. The changes involve depressed mood, and a lack
of interest and pleasure in things that are normally enjoyable. Depressive episodes
can be accompanied with one or more episodes of mania in which case it is defined
as a bipolar disorder. Both conditions are known by the umbrella term affective- (or
mood-) disorder [43]. Lifetime prevalence of depression and depressive symptoms is
20% and is projected for the next 10 years as one of the leading causes of disability
and disease burden worldwide [123, 99]. This includes both (i) societal, with lost
productivity among US workers estimated to cost the economy 500 billion a year [27],
and (ii) interpersonal costs with increased risk of severe disorders such as diabetes,
cancer, and Alzheimer [153] and accounting for 50% of all suicides worldwide [147].

Treatment options for depression consist of antidepressant medication (or more
broadly; pharmacotherapy), psychotherapy, or a combination [149]. Pharmacother-
apy, is the first-line of treatment for patients due to its long history of documented
efficacy [4], and easy accessibility in primary care [161]. However, the drug effect
is first seen after 2 weeks of use [156], while side-effects, usually sexual dysfunction,
weight gain, and sleep disturbance, occurs throughout the period of drug use [66].
Furthermore, as found by a large multi-center study [93], the chances that the first
type or dosage of prescribed drugs will have an effect on the depressive symptoms is
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low (36%). Usually several years with careful monitoring of symptom response and
adverse effects is needed before an optimal drug type and dosage is found [70].

Psychotherapy is done with a trained therapist (e.g., psychologist or psychiatrist)
in either face-to-face sessions with the patient or group sessions with multiple patients.
Cognitive Behavioral Therapy (CBT) is the most used psychotherapy method within
a majority of mental disorders, including depression and depressive symptoms. The
reason lies in its short-term consultations, problem-solving technique and clinical effi-
cacy [125, 86]. As a drug-free treatment with no adverse effects, CBT has repeatedly
been demonstrated to show similar effects to pharmacotherapy [149]. Further, follow-
up effects are evident even a year post-treatment [88]. Despite the evidence-based
findings, pharmacotherapy is still found as the most used treatment [161]. Face-to-
face CBT requires a big pool of qualified and trained clinical staff. The consultations
are time-consuming, provided at a high cost, and accessibility is low [131]. Several
improvements have been investigated as a result of these barriers. First, Jacobsen
et al. [92] showed that the behavioral component of CBT, what he called Behavioral
Activation (BA) for depression had the same outcomes as the full CBT. BA is a
more straightforward approach, requiring less consultation time, and can be deliv-
ered by nurses or junior clinical staff. Second, Linde et al. [110] demonstrated that
remote psychotherapy, in the form of video and phone call consultations, or self-help
guided instructions (four or less therapy sessions), was comparable to face-to-face
psychotherapy. Third, several research groups have used the ubiquitous nature of
smartphones with its processing power and embedded sensors to assist in three pri-
mary fields within affective disorders; (i) Treatment or intervention, (ii) self- tracking
and management, and (iii) Diagnosis [165].

These mobile Health-related (mHealth) systems have been mentioned as the “the
Swiss army knife of the 21st century” [189, pp. 269] due to eight prominent advanta-
geous: Capacity, 24/7 availability, Equity, immediate support, anonymity, tailored
approach, system linking, and lower cost [146, Table 1]. However, after a decade
of smartphone-based studies on affective disorders, we are still juggling in an unset-
tled landscape with minor impact. An unsettled landscape that now counts more
than 10,000 mental health apps available in digital distribution platforms [185, 183].
Although patients are expressing the interest in using these apps to support their
mental disorder [111], less than 10% do so [188]. Recent initiatives and taxonomies
have started to assist patients and clinicians in the navigation of these apps [85]. Ad-
ditionally, in an act of desperation, researchers have provided re-conceptualizations
to guide and support future mHealth system development [132, 152, 165]. They
mention, (i) the importance of personalization [172]. A majority of the designed in-
terventions are based on simple self-help documentations easily accessible through
the app, or other one-way methods where the patient is self-managing and has to
take action without direct guidance. (ii) To validate the mHealth system on patients
with a metal disorder [165]. Several large studies have been conducted using partic-
ipants with no prior history of any mental disorder, i.e., non-clinical samples. This
is of concern since major differences in psychosocial functioning exists between non-
clinical samples and patients with affective disorder [42]. A difference that is evident
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even after two years of symptom free behavior [42]. Furthermore, behavioral pat-
terns as measured through smartphone sensors or other wearable, were also different
between the two groups [A.2]. (iii) To utilize Human-Computer Interaction (HCI)
research principles [83]. In the last decade only few (16/139 ∼ 11.5%) HCI research
studies were conducted as clinical feasibility studies [165]. The inherent differences
in conducting research between HCI and clinical researcher proves troublesome [29].
However, adopting HCI principles within health has been demonstrated as an im-
portant asset in the design of mobile systems [15]. This includes the involvement of
clinicians and clinical patients throughout the design and development process. A
fruitful interdisciplinary collaboration can achieve better engagement, contribute to
refining designs to improve effectiveness and acquire data to better understand user-
engagement and experience [100, 165].

The fact that depression is projected as the leading cause of disability, that cur-
rently experience a treatment gap of 56.3% [102] has called the attention of a larger
Commission constituting The World Psychiatric Association and Lancet Psychia-
try [26]. In a recent report, they conclude that within the next decade a major
penetration of computer technology into psychiatric clinic is needed to turn the tide.
They refer to this as ‘Digital Psychiatry’. Therefore, incorporating the above men-
tioned suggestion will be a critical step towards successful ‘Digital Psychiatry’.

In this dissertation we followed the recommended guidelines in the design, develop-
ment and evaluation of two mHealth app systems. The systems support BA therapy
by facilitating activity- monitoring, scheduling, and subjective ratings of depression,
and activity outcomes. In the first system, Moribus, the patients could access visual
relations between their behavior and depressive symptoms to be shared with their
therapist during BA consultations. The second system, MUBS, featured an intelligent
activity recommendation module to assist and support the patient independent of
therapy.

1.2 Problem Statement
BA, a smaller therapy component of CBT, was recently found statistically similar
to pharmacotherapy and better than the cognitive component in CBT for treatment
of depressive symptoms [50]. BA focus solely on behavior, to plan and enact on
pleasant activities. A straightforward method, which makes BA a suitable treatment
options for patients in all stages of depression [58]. BA is classified as a low-intensity
intervention, with minimal therapy contact [22]. Together with empirical support
as a stand-alone treatment option, makes BA a viable option as a guided self-help
treatment [176].

As smartphones have been argued as an ideal platform for mHealth [189, 77], it
might be a promising candidate to facilitate a guided BA self-help treatment. We
defined the main research question of the dissertation as follow.
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RQ: What is the feasibility of mobile and pervasive health technology for
the treatment and care of depressive symptoms using a behavioral
activation approach?

In our approach to answer the overall research question, we defined a set of sub-
questions. In the mHealth literature on depression there was an predominant interest
on the smartphone’s capabilities to observe and diagnose as the primary system func-
tion [165], utilizing the embedded sensors and internet access. A natural first step
was therefore, to investigate the relationship between sensor data and depressive
symptoms and what role it plays for BA. Secondly, in order to incorporate the core
ingredients of BA [91] into a mHealth system, it was important to understand the
technical and User Experience (UX) designs of such a system. Lastly, it was essential
to investigate whether the system was used as intended by patients and whether the
system was beneficial for the target group. As our target group were patients that ex-
perience depressive symptoms, a clinical feasibility study was conducted. Clinical, as
it involves ‘real’ clinically diagnosed patients, in a clinical setting where recruitment
was done at a mental health department with clinical personnel involved in all stages
of the study. Not to be confused with large scale clinical studies that are defined as
Randomized Controlled Trial (RCT)’s with a control group to assess causal relation-
ships. To summarize, the concrete sub-questions that guided the research were as
follow:

RQ 1: What is the relationship between mHealth sensor data and depres-
sive symptoms?

RQ 2: What is the technical and UX design of mHealth for Behavioral
Activation treatment of depressive symptoms?

RQ 3: What is the clinical feasibility of mHealth tools for Behavioral
Activation treatment of depressive symptoms?

1.3 Research Methods
Guided by Bardram’s ‘Fish model’ [11], the methods applied in the research was
balanced between both theoretical and empirical work. We adopted the Triangulation
model, as presented by MacKay and Fayard’ [116], to outline the range of activities
within each work field. The outline is shown in Figure 1.1.

The figure provides an overview on how research from the three domains are con-
tributing each other. As an example, the design of Moribus was a result of theoretical
work in both prior recorded activity data (‘Schema’) and literature review on sensor
data from people with depressive symptoms (‘Sensor’), as well as, User-Centered
Design (UCD) based on workshops with patients.
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Figure 1.1: An overview of the dissertation. The circular objects represents meth-
ods used, while the rectangles are the contributions. The color-coded
fields separates the contribution within theory, design and observa-
tion, and outlines the dissertation in their respective chapters. * UCD:
User-Centered Design, TRS: Transcription of BA activity data, PICO:
Patient problem Intervention, Comparison, and Outcome, NB: Naive
Bayes, Study: represents the non-randomized feasibility study method-
ology used.

1.3.1 Theory: Data-driven insights
In line with RQ 1, the overall goal was to understand whether and how collected
data from either subjective activity registrations or sensors can facilitate statistical
insights for use in mHealth systems. Three distinct activities were carried out as a
theoretical foundation for the two mHealth systems. In the first activity, ‘Schema’,
we collected activity schemas, which has been filled in by patients typically over a
4-week period and had been used in BA consultations. The schemas was acquired
from the clinical team at the Psychiatric center Copenhagen, Rigshospitalet after
receiving informed consent from the patients, and had been filled in following the BA
schema filling approach, as instructed by the treatment manual of Lejeuz et al. [104].
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Patients were asked to write down their activities on an hourly basis, and score each
with a subjective score of the ‘Pleasure’ (i.e. “how enjoyable was the activity?”), and
‘Mastery’ (i.e., “the level of perceived accomplishment”). We transcribed the activities,
and categorized it into seven Activity Category (AC)’s. We used a combination
of exploratory (post-hoc) data analysis and statistical modelling to infer patterns
between activities and the corresponding pleasure score [A.1].

In the second activity, ‘Sensor’, we followed the Patient problem Intervention,
Comparison, and Outcome (PICO) worksheet guidelines [167] and initiated a system-
atic review of studies that measured the correlation between objective sensor data
and subjective reported depressive symptoms. The search was done within ten larger
scientific literature databases and limited to studies published between 2007 and 2017,
i.e., from the beginning of the smartphone era. We reported our findings using the
Preferred Reporting Items for Systematic reviews and Meta-Analyses (PRISMA) re-
porting methodology [130].

In the last activity, ‘Recommendation’, we collected 5,606 registered activities
from two separate mHealth user studies [B.1][177]. Hence, the connective line from
the empirical work of Moribus as seen in Figure 1.1. Contrary to the first activity,
data-driven insights were now used within a built probabilistic Naive Bayes (NB)
machine-learning algorithm. The NB algorithm was modeled as a recommender sys-
tem to classify activities as either enjoyable or neutral. In this way the data-driven
insights was transformed into actionable activity suggestions. We compared between
a generalized model (i.e., pooled all participants together as one entity), and a per-
sonalized model (i.e., each user modelled and validated separately), and benchmarked
the NB algorithm with a Support Vector Machine (SVM) algorithm, random guessing,
and a ‘dumb’ classifier that always classifies the activity as neutral.

1.3.2 Design: UX and Technical
In line with RQ 2, the goal was to design and develop mHealth technology that imple-
ments a BA approach to assist patients with depressive symptoms. The process was
separated into the development of two separate systems. In a first system (Moribus),
the application was designed to be used adjunct to BA therapy1. Particularly, the
goal was to replace the handwritten activity schedules, and thereby leverage statisti-
cal insights from the digital entries for the convenience of the patient and therapist
during consultations. The second system (MUBS) was an extension of the first by
adding an intelligent module to recommend enjoyable activities personalized to the
patient. The intelligent module was designed as a supporting tool that mimics the
therapeutic guidance that happens during a consultation.

During development we followed an experimental HCI approach as guided by
Hornbæk [89]. For both versions this included (i) an ideation phase in the interdis-
ciplinary team; (ii) an iterative UCD strategy including workshops, and UX design

1Where a system is used as a tool for clinicians in their therapy. Also referred to as blended
treatment
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meetings with both low fidelity paper mockups and high fidelity interactive proto-
types; (iii) and an implementation part. For Moribus we focused on a design that
accommodated exhaustive hourly sampling of activities. We included statistical mod-
els from the BA schemas [A.1] in the design, as a visual analytic tool for the patient
and therapist. For MUBS we integrated the recommender model [A.3] in the design.

1.3.3 Observations: Clinical Studies and Feasibility
In line with RQ 3, the goal was to perform a clinical study in order to evaluate
the feasibility of the technology in real patient use, applying both quantitative- and
qualitative analysis.

To follow best practice in health-related research within HCI [101] we did a non-
randomized single-arm clinical feasibility study of Moribus and MUBS, recruiting 15
and 28 clinical diagnosed affective disorder patients respectively. The systems were
used daily for 4 and 8 weeks, respectively. The mixed method evaluation consisted
of a quantitative analysis of usage patterns, and a qualitative analysis from semi-
structured interviews and usability questionnaires distributed in the end of the study.
The HCI based evaluation helped us understand requirements and context, how pa-
tients interact with our applications, and explore the strengths and challenges associ-
ated with the different incorporated design features [165]. We ran the study on MUBS
more than a year after we finished the Moribus study. Hence, the findings from the
HCI evaluation of Moribus were incorporated into the design and evaluation of MUBS,
as also illustrated in Figure 1.1.

1.4 Research Contribution
The research contributions covers theoretical-, design-, and empirical work. In the
theoretical work we developed models to explain how behavioral data relates to de-
pressive symptoms. In the design phase we contribute two mHealth systems utilizing
BA techniques. Our empirical work contribute a clinical feasibility study for each
system.

1.4.1 Theoretical
During this thesis we developed and published three different theoretical models that
describes the relationship between behavior, depressive symptoms, and ‘Pleasure’. In
the first model we initiated a exploratory data analysis on 2,480 transcribed activities.
We used the designed Activity Category (AC)’s [C.1] to label and create statistical
models to explain activity data in relation to perceived ‘Pleasure’. The model demon-
strated personalized patterns within the type of activities done, e.g., P3, contrary to
the others, had largest pleasure for social based activities [C.2]. We expanded the
model with higher-order statistics [A.1]. For instance, we found that the optimal
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amount of social activity was 2 hours for P3. The model on transcribed activities
contributed the efficacy of digitalizing BA activity scheduling. It was able to find
patterns within the behavioral trait that could assist the therapist and user.

The second model contributed a mathematical model ‘weighted directionality of
the correlation’ to combine the findings of prior work on sensor data and depres-
sion [A.2]. The model compares correlation between objective behavioral features
collected by mobile and wearable technology, and depressive symptoms as measured
by different rating scales. We ran the model on studies that used clinical patients,
and studies using non-clinical (i.e., undiagnosed) participants [A.2, Figure 2, 3]. We
show that a feature such as the daily duration of the smartphone (i.e., Screen active
duration) is positively correlated with the degree of depressive symptoms across all
studies and on both clinical and non-clinical participants, while a feature such as the
amount of send text messages (i.e., SMS send) show contradicting correlations for
the clinical sample.

The two models contribute to knowledge that can be conveyed to the patient to
assist in understanding their behavior and how it affect their mood, what we refer to
as sensemaking. As a natural extension, we contributed a third model that provides
automatic sensemaking. The model was designed as a personalized content-based NB
recommender system to suggest enjoyable activities [A.3]. We demonstrated that the
model was able to correctly classify an activity as enjoyable or neutral in over 70% of
the cases. Furthermore, the personalized version of the model was key to recommend
the right activity, as it outperforms a generalized model.

1.4.2 Design
As part of this thesis we designed two mHealth system. In the first system, Moribus,
we contributed an mHealth app to be used adjunct to BA therapy [B.1]. The system
was designed as an hourly-based activity planning and registration tool. Moribus
featured several design choices to support hourly sampling in BA. We designed six
AC labels to yield faster activity scheduling [C.1], and implemented the theoretical
model on activity [A.1] as a visual analytic tool in the system. In order for the
patient to understand the different AC, we added ten typical example activities for
each category. The activities were digitalizing from a list of pleasant activities as
generated by the work of Lewinsohn & Macphillamy [118].

In the second system, MUBS, we contribute an mHealth app to be used stand-alone
as a self-help app that uses principles from BA [B.2]. It follows similar design as
Moribus, but adds the intelligent content-based recommender model [A.3] to assist
the user in planning and performing specific activities. The recommended activi-
ties were personalized to the user based on thumbs up and down ratings from com-
pleted activities. Novelty was supported by including all activities from Lewinsohn &
Macphillamy [118] and expanding with work by Mørch & Rosenberg [135], totalling
384 pleasant activities. To promote planning, we added a ‘Difficulty-score’. It rep-
resented the effort it takes to initiate the activity. Furthermore, to support a more
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balanced lifestyle, we added a progress visualization. The progress was represented
as a staircase with three levels for each AC.

1.4.3 Empirically
Empirically we completed two clinical feasibility studies of the systems. The study
involved clinical patients diagnosed with affective disorder.

Prior to a clinical evaluation, we ran a simulation study on Moribus [C.2]. We
used the hand-written BA activity data [A.1] to simulate a normal usage situation.
The study demonstrated the feasibility of moving BA activity registration to mHealth
technology. We found that the AC’s were sufficient to cover all activities. Moreover,
the design of the activity registration interface facilitated fast planning and registering
of activities.

Moribus was evaluated with clinical patients in a 4-week clinical feasibility study,
which contribute the feasibility of using the mHealth technology for BA in everyday
use by patients [B.1]. The study show that patient found the visual analytic tool
useful for learning about their behavior and its effects on mood. Quantitative analysis
revealed highly individualized usage patterns. For example, some patients preferred
to do the activity registrations in the evenings, while others did it just after an activity
was performed.

The activity data from Moribus contributed the training of a NB content-based
recommender model. The model was subject to a simulation study using data from
Moribus patients, and the catalog of pleasant activities [A.3]. We simulated the model
across the Moribus study period. We illustrated how recommended activities from
the catalog changed as the patient used the system. The simulation study demon-
strated how novelty could be introduced in a recommender algorithm for mHealth
technologies like MUBS.

In a 8-week long feasibility study of MUBS the patient reported high usability
and usefulness [B.2]. The patient had a statistical significant reduction in depressive
symptoms. Of all the registered activities, over 60% were picked from the catalog
of pleasant activities. They found it as an inspirational source to introduce more
pleasant activities in their everyday life. Recommended activities were adopted very
differently by the patients. It seemed like patients who were full time employed or
had a busy schedule in general, did not need recommendations, while patient with
more depressive symptoms found the recommendations more useful.

1.5 Scientific Publications in Thesis
In Figure 1.1, each activity is annotated with a citation to relevant scientific publi-
cations. This section briefly outline these main publications, which are included as
part of the Thesis.
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Data-driven learning in high-resolution activ-
ity sampling from patients with bipolar depres-
sion: Mixed-methods study. In: JMIR mental
health, 2018

[A.1]

We ran statistical data analyses on 2,480 transcribed activities from patient in
BA therapy. The paper contribute the efficacy of digitalizing BA activity scheduling.

Correlations between objective behavioral fea-
tures collected from mobile and wearable de-
vices and depressive mood symptoms in pa-
tients with affective disorders: Systematic re-
view. In: JMIR mHealth and uHealth, 2018

[A.2]

A systematic literature review was the first of its kind on the correlation between
objective behavioral features collected by mobile and wearable technology, and the
assessment of depressive symptoms as measured by different rating scales and ques-
tionnaires. The central contribution of this work came from combining correlations
of the same behavioral features across all studies to present joint visualization for
non-clinical and clinical patient.

Recommending Activities for Mental Health
and Well-being: Insights from Two User Stud-
ies. In: [Submitted] IEEE Transactions on
Emerging Topics in Computing - Special Sec-
tion on New Frontiers in Computing for Next-
Generation Healthcare Systems , 2019

[A.3]

A probabilistic NB recommender model was developed and tested on 5,605 regis-
tered activities from two different populations of non-clinical [177], and clinical [B.1]
patients. This research sheds light on recommendations for mental health.

Personalizing Mental Health: A Feasibility
Study of a Mobile Behavioral Activation Tool
for Depressed Patients. In: Proceedings of the
13th EAI International Conference on Perva-
sive Computing Technologies for Healthcare,
2019

[B.1]

The paper on Moribus explains the entire design, development and evaluation
process to assess the feasibility of a activity registration tool to be used adjunct to
BA therapy. The evaluation was a mix between qualitative and quantitative results.
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Supporting Behavioral Activation in Mental
Health by Mobile Activity Recommendations.
In: [Submitted] ACM CHI Conference on Hu-
man Factors in Computing Systems, 2020

[B.2]

The paper on MUBS explained the design, development and evaluation process of
an BA app to be used independent of the clinic. The evaluation was focused on the
qualitative feedback.

1.6 Thesis Overview
The dissertation continues with background information on BA therapy and mobile
technology for mental health. The latter features a summary of the state-of-the-art
mHealth applications supporting BA. The next four chapters follows the Triangula-
tion model as illustrated in Figure 1.1. Chapter 3 present three different approaches
to leverage insights between data and depressive symptoms. Chapter 4 explains how
we designed the two mHealth systems. The chapter covers our UCD approach from
sketching, and prototyping the systems. Chapter 5 covers the implementation and
deployment of the systems. The chapter includes the software architecture of the
implemented systems. Chapter 6 describes the clinical feasibility studies that we
performed on the developed systems. It explains the study design, recruitment, the
process, and findings. Chapter 7 discuss our theoretical, design, and empirical con-
tribution in relation to our presented research questions. The chapter follows with a
discussion on the limitations of the dissertation, and suggests future steps. Chapter 8
concludes the dissertation with a summary of the work.
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CHAPTER2
Background and

Related Work
In the very existence of life, education - in its various forms - has been a fundamental
necessity of life. From the primitive man that was taught to accomplish practicalities
such as hunt, use weapons, and secure shelter to the theoretical education of religious
ceremony and worship by priests and shamans [134]. Mediation of knowledge has
evolved ever since from the first school-group type learning in the Chinese system
of education (∼ 1600 B.C.), to Greek education that was the first case of knowledge
for the sake of knowledge offered to all instead of the privilege of the few [134], to
newer history with class-room type of education. Today, the educational system have
changed remarkable due to the influence of technology [35]. Not only does it erase
geographically and socio-economically issues in accessibility, technology also expanded
the possibility to mediate knowledge by different types of media and sources.

• • •

The penetration of technology within psychology and the treatment of depression
is in a much earlier phase than the education changes. Now we are starting to see
the first examples of technologies being integrated into mental health services; such
as the MindSpot clinic in Australia that delivers online CBT treatment for anxiety
and depression [181]; and the Monsenso mHealth solution offered at the Centre for
Telepsychiatry in the Region of Southern Denmark [37]. Usually they are designed
as double-loop systems where patients are doing self-monitoring of their symptoms
while the clinical staff have a web-portal to access the data and provide feedback and
assistance if deemed necessary [17].

2.1 Behavioral Activation
Regardless of region and gender, the key symptoms of depression are worldwide ex-
pressed as: “Depressed mood/sadness”, “Problems with sleep”, “Fatigue, loss
of energy”, “social isolation”, “appetite problem”, “crying a lot”, “headaches”,
“loss of interest”, “general aches and pains” and “suicidal thoughts” [82]. The
list continues and people who have experienced depressive symptoms usually describe
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them as: “the worst thing they have ever been through, as falling into a deep black
hole of mental pain and hopelessness” [122].

The highlighted symptoms are the ones defined as a diagnostic criterion for de-
pression in the Diagnostic and Statistical Manual, fifth edition (DSM-5). DSM-5 is a
widely accepted nomenclature for the classification of depression which states that:

“The individual must be experiencing five or more symptoms during the
same 2-week period and at least one of the symptoms should be either (1)
depressed mood or (2) loss of interest or pleasure” [9, §MDD.A].

Evidence-based research points at psychotherapy as the efficient choice of treat-
ment [50, 74]. It is based on conversational therapy and the broad definition is
given as:

“Psychotherapy is the informed and intentional application of clinical
methods and interpersonal stances derived from established psychological
principles for the purpose of assisting people to modify their behaviors,
cognitions, emotions, and/or other personal characteristics in directions
that the participants deem desirable” [199, pp. 218].

It does not involve intake of medication or surgical application, even though alter-
ations in the brain are evident [74]. Psychotherapy covers thousands of different
methods, from which CBT is the most used to treat depressive symptoms. It was the
the work of Aaron T. Beck supported with empirical evidence for the combination of
cognitive therapy and behavioral approaches that changed the mental health services
method of treating depression [18]. He formalized a set of clear treatment principles
that made the therapy process widely accessible. An example with the principles
behind CBT is displayed in Figure 2.1.

It is a problem-solving technique that focuses on the “here-and-now” [18]. Taking
the example from Figure 2.1, the therapist would start by identifying the overall goal,
and subsequent ask about the current barriers. If the patient is experiencing severe
depression they initiate BA principles, as in this example, make smaller activity plans,
e.g, create a list of items needed. If the patient is missing some football shoes the
therapist would help schedule an activity of buying some new football shoes. In
the cognitive therapy the focus surrounds the patients dysfunctional attitudes. In a
careful balance of empathizing with the patients emotional experience (e.g., “I can
understand that you feel that the others might be better than you”), the therapist
needs to identify the patients faulty cognition’s and steer towards an enhancement
of pleasant emotions (e.g., “What league are they playing? Having an extra player
always benefits a team”). As might be evident from this small example, CBT is a
methodology that depends on the skills of the therapists, which again induce cost in
terms of training and employment [160]. Jacobson et al. [92] did a component analysis
of CBT in order to isolate and compare the BA component against the cognitive
component and the full CBT. A sample of 149 clinical participants, were randomly
allocated to one of the three treatment groups. Treatment consisted of at least 12
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Thoughts

Feelings Behaviors

Situation
Did not go to football practice

I am so worthless
Never get things done
The other will be better
They will laugh at me

Sad, depressed, fearful, 
anxious, hopeless, 

miserable

Lays in bed in despair
Cries

Throws things

I can join next week,
when im more 
prepared. Its a 

beginner team. I can
run fast

No strong or 
distrubing feelings. 
Midly concerned.

Excited for next week

Texts a friend to join. 
Make a list of things to 

bring. Watch 
inspirational video clips 

Figure 2.1: The triangular structure displays the principles of CBT. A precise ex-
ample is given. The red boxes illustrate a common scenario, while the
green is a result of re-structuring thoughts behavior.

consultations. They were not able to find any statistical significant difference in
depressive outcomes, as measured by Beck Depression Inventory (BDI) and Hamilton
Rating Scale for Depression (HRSD), between the three groups. Same observation
was seen after a 6-month follow-up. The study was a milestone within psychotherapy
since the BA component, is a more straightforward approach that requires less time
in the clinic, and can be delivered by junior mental health workers with less intensive
and costly training [160].

The origin of BA dates back to the work of Lewinsohn [107]. While Aaron T. Beck
with CBT treat cognitive changes (e.g., feeling of guilt, or feeling of social isolation)
as the primary causal effect in depression, behavioral theory views these feelings
as secondary clarifications of a general unpleasant feeling state (dysphoria); “I am
feeling bad”, or “I am not likeable”, respectively [107]. Behavioral theory states that
depressive behavior of dysphoria, or other somatic symptoms or/and low activation
is a result of a low rate of response-contingent positive reinforcements [107].
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Positive reinforcements are positive responses or outcomes based on an event or
activity that makes the activity more likely to reoccur. Response-contingent indi-
cates that the positive reinforcements is depending on the action of the surrounding
environment [122]. For instance the event of “upgrading” your academic status from
PhD student to postdoc might result in loss of social reinforcement (e.g., loss of work
mates in the transition to a new project). BA thrives on our conception of plea-
sure and accomplishments. BA treatment aims at increasing exposure to positive
consequences of healthy behavior, to increase re-occurrence and thereby reduce the
time spent on feeling depressed and carry negative thoughts [105]. The possibility of
acquiring positive reinforcements depends on three conditions [107]:

1. The number of potential reinforcements.

2. The available reinforcement from the environment.

3. The acquired educational skill-set to emit behavior that elicit reinforcement.

The most typical treatment procedure, as guided by Martell and Lejuez [105, 122],
follows three overall steps for 10-12 sessions each up to an hour long. First, the patient
needs to be able to identify reinforcers for depressed and non-depressed behavior. This
is done by asking the patient to carefully, during their everyday life, note down - on a
paper-based weekly schedule (see [105, Figure 2] for an example) - their activities in
detail (hour-by-hour). For each activity they are also told to write a rating (between
1-10) on the perceived ‘Pleasure’. This is continued for several weeks to acquire an
overview of daily routines. The weekly paper schedules are shared with the therapist
and together they locate activities that promote healthy behavior and, in same level
of detail, plan next weeks activities accordingly. The instruction for this is simple;
follow the plan strictly.

The process of identifying and scheduling activities for the patient is done through
a series of tasks. This includes first to understand overall goals and behavior that
are valuable to the patient, which may have been present in a previous period of life
(i.e., before the depressive symptoms). Activities planned would then be small sub-
goals that redirect the patient back to the everyday life that they want to accomplish.
Second, rank activities in terms of ‘Mastery’ or perceived difficulties (see [105, Figure
5] for an example) to understand what activities are easier to initiate and pursue.
Last, create a set of sub-goals for each activity including specifying measurable success
criteria, such as frequencies. For example, instead of a passive activity such as “see
my brother”, it should be stated in a more active manner like “see my brother twice
a week”.

Figure 2.2 provides an overview of BA therapy and its core ingredients. The
ingredients follow the presented treatment outline of Martell and Lejeuz [105, 122],
and include those identified by two academic experts and one CBT expert [91].

BA has repeatedly, through large RCT’s, found to be as effective as pharma-
cotherapy and CBT [50], with slower rate of relapse and recurrence of depressive
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Figure 2.2: The core ingredients in BA therapy. Each action is attached with the
appropriate facilitator, either the clinician or the patient.

symptoms [51], and lower therapeutic costs [160]. This, together with the primitive
paper-based ways of engaging and motivating patients during their BA treatment
(see [105, Figure 8-10] for examples), has set the stage for mHealth technology as a
potential good way to explore new approaches to support BA.

2.2 mHealth technology supporting Behavioral
Activation

Over 10,000 mHealth applications for mental health exists in the digital distribution
platforms [186], and a majority of those are developed in a non-clinical setting without
support from research [165]. Several independent organizations have started to index
and organize these applications to guide potential users towards high-quality apps
suited for their intention. These includes PsyberGuide1 that is operated by University
of California, Irvine and at Feinberg School of Medicine, Northwestern University, and

1https://psyberguide.org/

https://psyberguide.org/
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MindApps2 which is a Danish site operated by The Centre for Telepsychiatry in the
Region of Southern Denmark.

A fraction of these operate with principles from CBT and BA. A majority (89.73%)
of these are not evidence-based, and display low level of adherence to the core ingredi-
ents of CBT and BA [91]. The intention of this section is to present and provide the
reader with an overview of the most relevant mHealth systems supporting BA, which
has been studied and published in a scientific research environment. To do so, we
defined three categories, each with two subcategories, to classify the different types
of mHealth systems. The categorization is visualized in Figure 2.3, with an example
application for each.

As smartphones is within reach 90% of the time [48], the main benefit of mHealth
technology is the improved accessibility of support in terms of both providing infor-
mation and intervention to the patient. Having access to the system ‘in-the-moment’
can reduce inconsistent recollection of past behavior3. Furthermore, the improved
ability to scale psychiatric support beyond the normal constrains of time and costs
associated with patients meeting their therapist on a regular basis. The last category
in Figure 2.3 ‘Providing BA therapy with mHealth’ is defined by its ability to provide
actionable feedback to the user. The actionable feedback is technology-enabled and
not dependent on clinical involvement. Such systems could be a possible solution to
reach patients with stigma towards the clinic. Patients may prefer the anonymity
of using a mobile app and feel more comfortable reporting symptoms and behavior,
thereby increasing treatment-seeking behavior [184]. In the following sections we
present the example apps shown in Figure 2.3, and introduce our own contributions.

2.2.1 Self-educational
Kauer et al. was one of the first to demonstrate the effect of self-monitoring symptoms
of depression with a mobile application [97]. In a large RCT with 118 youth and young
adults using an app for up to 4 weeks had an statistical significant reduction of de-
pressive symptoms due to, what they mention as, increased emotional self-awareness.
Applications within BA emerged much later. HeadGear [46] was developed to reduce
depressive symptoms through a 30-days challenge plan. The challenges consisted of
Behavioral Activation (BA) tasks (i.e., a mindfulness exercise, activity planning, or
goal-setting). A single-arm feasibility pilot study with 84 non-clinical participant was
conducted for 5-weeks. The participants had a significant reduction in depressive
symptoms as measured by the Patient Health Questionnaire (PHQ) 9.

In Aptívate! [45] the participants used a daily calendar to schedule and keep
track of activities and daily mood. Activities were generated based on identified
values within five life areas (e.g., career and education, relationships, and health).
Examples of values would be: “have family dinners twice a week” or “call my children

2https://mindapps.dk
3This is also known as reconstruction bias

https://mindapps.dk
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Figure 2.3: mHealth applications categorized into 3 main areas, each with two sub-
categories. The definition is given in the squared boxes, while example
applications are listed in the outer part. *Application contributed in
the PhD.

three times a week”. A badge reward-system was implemented to motivate continued
use. A pilot RCT feasibility study with treatment as usual (i.e., no app) as control was
conducted for 8 weeks with 42 non-clinical participants. The participants allocated
to Aptívate! had significant reduced depressive symptoms over time compared to
control, and on average completed 21.73 activities with a 50% retention rate.

2.2.2 mHealth adjunct to BA therapy
Besides the contribution of Moribus [B.1], no other single-loop app has been designed
to support CBT or BA in therapy. The closest applications, which there is numerous
good examples of [190], are related to the Static ‘Self-educational’ category. Self-
monitoring apps have the potential to improve communication between the patient
and the clinician during consultations:
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“Apps help prompt my clients to log things like their mood or whether they
exercised or drank alcohol or slept well, so that I can have an accurate
picture of their week, as opposed to them trying to reconstruct things
on paper the day before therapy or during therapy, which is much less
reliable” [143, pp. 64]

A good example is the T2 Mood Tracker app developed by the National Center for
Telehealth and Technology, USA [33]. The app was designed to help users monitor
and track their health within six predefined areas (anxiety, depression, stress etc.)
as well as custom areas such as pain and sleep. These areas contained several op-
posite adjectives (e.g., tired vs energetic within the depression area) where the user
choose the most representative with a continuous slider. The clinicians gather these
symptom data between clinic visits to review those data and thereby improve on the
consultations.

In the BA application the participants could register and reflect on important
behaviors in order to increase everyday activation. The app had a database of 54
activities (e.g., “Read the newspaper”, or “Take a walk with a friend”), as well as
the support to add new ones [115]. The therapist had access to the data through a
web portal, and could send short text messages to the participants. Each week the
participant received personal feedback from their therapist. A RCT study compared
a full BA treatment consisting of ten face-to-face consultations (n = 46) against the
app as adjunct to BA treatment with only four face-to-face sessions (n = 47) [114].
Both condition had a significant improvement in depressive symptoms as measured by
BDI. There was no difference between the two conditions, even though the mHealth
condition reduced the therapist time with an average of 47%.

2.2.3 Providing BA therapy with mHealth
In ‘closed-loop’ systems, the user receive actionable feedback directly inside the ap-
plication. Feedback that would otherwise be given by therapist or equivalent. The
feedback is usually completely data-driven and two different methods define the two
different subcategories of such systems. Either a One-way or Two-way personalized
system. The former usually involves a specific action plan depending on the received
data. An example of this is demonstrated in the proposal of the emHealth applica-
tion [198]. They used a decision tree and SVM machine learning algorithm to predict
the level of depression (between zero and five) based on questionnaire data within
aspects of family life, self-promotion burden, work pressure etc. Dependent on the
level of depression a set of feedback possibilities were available. In level 0, the partic-
ipants receive music therapy. In level 5 the user receive encouragement and praise,
with suggestions to cultivate a variety of hobbies [198].

The One-way mHealth system BlueWatch was used in a 12-week single-arm us-
ability study (N = 5) [69]. The system was designed as a self-guided app to improve
well-being. It used the mood survey data recorded by the patient to unlock specific
feedback oriented content. The content included educational material and BA activ-
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ities such as creating to-do lists and monitoring daily activities. An example where
the provided feedback was personalized to the user was seen in the Two-way Moss
system [193]. Based on passive sensor data to collect information on time spent at
home, the number of steps taken etc. they provided appropriate interventions within
four categories (i.e., social activity, physical activity, relaxation, and mindfulness).
Furthermore, the activities in each category were personally fitted each user through
past ratings and how many times the activity have been cancelled. The categories
were presented on the main screen of the app as circles. When a user selected a circle
they received the top three personally fitted activities. With an 8-week single-arm
feasibility study (N = 12) they showed a statistical significant drop in depressive
symptoms as measured by the PHQ scale.

In summary, we can draw following conclusions on the related systems:

• None of the systems satisfy all the eight BA components presented by Huguet
et al. [91]. For instance, Wahle et al. [193]’s Two-way system with personalized
feedback does not support activity scheduling.

• There is a sparse selection of mHealth systems designed to be used with ther-
apist during consultations. Of the few that exist, the Ba application does
a good job in activity scheduling and qualitative reflections on past behavior.
Unfortunately, the app does not focus on data-driven insights, and provides a
single quantitative visualization of the frequency of activities [115, Figure 2].

• Wahle et al. [193] was the only Two-way system to provide personalized feedback
to the users. However, the recommended actions - the specific activities - were
chosen solely on the user’s past rating. The system did not leverage information
about the activity, and hence new ‘unseen’ activities (that carry no informa-
tion) were never true recommendation. This approach does not follow standard
recommendation methodologies such as collaborative- or content-based filter-
ing [59]. In these cases, as an example, an activity would be recommended
because either a person that matches your preferences also liked that particular
activity, or from past activities the system knows that you enjoy that type of
activity in the given context.

To address the gap, the target of the thesis was to design, implement, and evaluate
two separate mHealth systems. The first, Moribus, to fill the gap within technology
adjunct to BA therapy [B.1]. The system features a visual analytic tool with detailed
personalized insights into relationships between behavioral patterns and depressive
symptoms. It supports both the patient and the therapist as the insights can be
leveraged by less-training clinical personnel including nurses and psychology trainees,
to assist in BA therapy. The second system, MUBS, is able to include those experiencing
stigma towards the healthcare system. It is a Two-way system with a content-based
recommender system [A.3] that provides personalized feedback to guide the patient
towards better well-being [B.2].
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CHAPTER3
Data-driven insights

In the area of Westminister, London in 1854 there was a severe cholera outbreak killing
more than 600 people within 10 days [174]. The later investigation by John Snow1

became a milestone within epidemiology. By collecting data on mortality reports,
visited homes of cholera victims, and locations of public water pumps, he was able to
create a “topography of the outbreak” [174]. The map substantiated his theory that
cholera was water rather than airborne.

“Each water company supplied alike both rich and poor, and thus there
was a population of 300,000 person of various conditions and occupations,
in intimately mixed together, and divided into two groups by no other
circumstances than the difference of water supply” [174, pp. 241]

• • •

Connecting various data types and communicating the insights in a clear way
– as done by John Snow’s map – is a good example of the possibilities of data-
driven insights. Possibilities that are beyond health outcome research, but targets all
domains within healthcare [76]. For patient-facing applications data-driven insights
are praised for (i) increased patient engagement, (ii) improved treatment adherence
rates, (iii) supporting physician-patient communication, and (iv) more effective and
efficient service by clinicians [76]. Particularly, within psychology, smartphones has
been mentioned as a key technology to facilitate data-driven insights [187] as they
poses the possibility of ubiquitously to gather and present behavioral data and self-
reported symptoms.

In the following sections, we present our theoretical contributions within data-
driven insights to support BA. The theoretical work was either drawn from smartphone-
based data, from the literature or data collected ourselves, or data collected from past
BA therapy sessions.

1An English Physician born in 1813 - not to be confused with later fictional characters
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3.1 Statistical methods for real-world BA activity
registrations

A large meta-analysis by Ekers et al. included 26 larger RCT studies on the effective-
ness of BA [58]. They highlight that BA is comparable to CBT and pharmacotherapy.
Furthermore, Torous et al. have argued for the advent of mHealth in psychiatry [187].
However, in a review of 12 BA apps, they found that there was low level of adherence
to the core methods of the BA models and questions the utility of these apps [91]. A
common ground would be an app, to be used adjunct to therapy, with BA ingredients
that naturally adhere to the core guidelines.

Towards the design of such an app, a first step was to develop a theoretical model
that translates activity data into statistical insights on behavior. An incentive to move
the activity registration part of BA therapy to a digital solution. Not only does a digi-
tal solution enable less experienced therapist to leverage these insights towards better
treatment, it is also (i) empowering patients in their own behavioral understanding,
(ii) less subjective to retrofitting of self-assessment data [15], and (iii) carries functions
such as notifications, and auto-filling that can improve adherence [55].

The work has been presented in [A.1]. Briefly, we collected paper-based activity
registrations from patients experiencing depressive symptoms. For each activity, the
patient registered a ‘Pleasure’ score. Two independent researchers transcribed the
activities to a digital form and labeled each with an AC. We ran several statistical
analyses to understand the details of current BA activity sampling and the kind of
insight that can be gained.

We collected 2,480 hours of self-reported activity data from seven patients that had
received BA therapy at the Psychiatric Center Copenhagen, Rigshospitalet. Among
several statistical significant insights derived from the transcribed data, we underline
a particular part of our theoretical model as shown in Figure 3.1 For each patient, we
took the global median from the daily average ‘Pleasure’. The days that had an daily
average ‘Pleasure’ above or below the global median was classified as ‘good days’, and
‘worse days’ respectively. For each day (d), we weighted the total hours of each AC
(C) with the fraction between the global median (G̃) and the daily average ‘Pleasure’
(P ). The calculation (wDist) is formalized in Equation 3.1.

wDistd,C =
∑
i∈t

Ad,t,C(x)
(∑

i∈t Pi/|t|
G̃

)

Ad,i,C(x) =

{
1 if x = C,
0 otherwise.

t = [8, 23]
C ⊆ {movement, work & edu.,...} (3.1)

t is the time of day (24h format), while A is the list of activities. All the weighted
distances (wDist) of each AC for each patient was then subject to a nonparametric
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Figure 3.1: Plots from four patients. The bar charts show the fraction of hours of
the seven AC. Positive values indicates a larger proportion of the AC
during ‘good days’, with the inverse indicating more of the AC during
‘worse days’. Results from the non-parametric Wilcoxon Signed-Rank
test on the fractions is shown with the attached P -value. Red indicates
a statistical significant result.

Wilcoxon Signed-Rank analysis, uncorrected for Multiple Comparisons (MC). We
chose the Wilcoxon Signed-Rank as we were dealing with within-subjects (correlated
samples) that did not follow a normal distribution, and we had two conditions (‘good
days’ and ‘worse days’).

Common to all patients we see that ‘Movement’ (i.e., all types of physical ac-
tivities) and ‘Social’ (i.e., activities involving other people) are positive (i.e., mostly
represented in ‘good days’), which are consistent with studies on physical [180] and
social activity [71] for depressive symptoms. Interestingly, we see that the distribu-
tions are personalized to each patient. For example, P6 has an over-representation of
‘Spare time’ activities in ‘worse days’ (n = 44 hours), contrary to ‘good days’ (n =
27 hours), which was statistical significant (Z(10) = −2.10, P = 0.04).

Therapists provide general guidelines in line with our findings. It is always good to
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schedule physical and social activities such as “take a small walk around the local lake”
or “call your mom and ask about her day”. However, as shown in the example, other
activity patterns are highly personalized. Hence, the theoretical model on activity
data suggests the feasibility for data-driven learning from self-tracked activities, which
could equip both the patient and therapist with knowledge on personal behavioral
traits and help the patient understand what activities impact mood.

3.2 Pooling correlation insights between sensor data
and mood

Increase in battery capacity, computational power, digital distribution platforms, mo-
bility, and embedded sensors has transformed smartphones from supporting voice
communication to advance across many applications domains. Smartphones blend
into everyday life and support social networking, education2, and financial tasks (e.g.,
payments, and transfers). As such, smartphones have become a mediator for behav-
ioral research. Particularly, affective disorders such as bipolar and depression are
examples of symptomatologies that affect behavior. Figure 3.2 gives an example of
the rich behavioral data that can be inferred from smartphones. GPS sensor data
from a participant using Moribus during the summer of 2017, provides exact informa-
tion on mobility, which can be cross-referred with the Foursquare API3 for location
information. In this case, the participant confirmed travel activities in respectively
west of Jutland and the northern Zealand of Denmark.

Numerous studies exists to track, monitor, classify, and even predict depressive
disorders from smartphone sensing (e.g., [170, 164, 60]). Notably, there are several
cases of contradictory results. As an example, Faurholt-Jepsen et al. [65] found
a statistically significant positive correlation between the number of outgoing SMS
messages and depression, whereas Beiwinkel et al. [20] found a statistically significant
negative correlation. Attempts, by systematic reviews, have been made to provide an
overview of the different studies on mobile recorded subjective and objective features
from users with affective disorders [52, 41, 158, 73]. Their focus is to summarize
what exist, what has been done, and what are the barriers. It follows a qualitative
study-by-study evaluation and does not try to answer what data relates most to de-
pressive symptoms. We ran a large systematic review to provide a more quantitative
comparisons of existing studies and find consensus on the most informative sensor
data regarding correlates with depressive symptoms.

The systematic reviews is published and detailed in [A.2]. We searched 10 liter-
ature databases, resulting in N = 46 papers. We combined the studies to provide
a detailed overview on the sensors, and methods used. For instance we identified
7 types of sensor data, what we refer to as Feature Category (FC) (Figure 3.3), 17

2https://kahoot.com/
3https://developer.foursquare.com/
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Figure 3.2: A map of Denmark with raw GPS coordinates as collected from a prior
non-anonimized version of Moribus.

different sensor modalities (see Table 3.1 for the relation), and from these 85 unique
objective features were recorded.

In the further analysis to investigate the correlation between behavioral objective
features and depressive mood symptoms, we carefully split the analysis for research
findings using non-clinical undiagnosed participants (n = 20, usually recruited from
universities) and clinically diagnosed patients (n = 26, usually recruited from psy-
chiatric clinics). The heterogeneity across the studies was too severe to perform any
direct meta-analysis on the correlation values. In all aspects of a correlation analysis,
the studies utilized different- (i) depression assessments, (ii) apparatus and frame-
works impacting the measured features, and (iii) analytic methods. Therefore, to
compare the correlation analysis, we derived a theoretical model (wD) that takes into
account the correlation directionality weighted with the study sample size. The model
definition is presented in details in [A.2].

Below we highlight some of the results for the clinical sample presented in [A.2]:

• Negative correlation between the number of cellphone tower ID’s encountered
and depressive symptoms

• Positive correlation between the duration of the smartphone screen being on
and depressive symptoms

• Negative correlation between vigorous activity as measured by the accelerometer
and depressive symptoms
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Subject Social Physical
Activity Location Environm. Device Bio

FM radio signal [124]
Pedometer [57]

Camera [194] [8]

Accelerometer
[47, 121,

155,
129,
178]

[21, 8, 19, 47,
60, 121, 124, 1,
20, 24, 62, 72,

75, 80, 84, 103,
112, 144, 148,

178, 182]

Call log

[38, 56,
136,
128,

195, 20,
64, 63,
65, 80]

Microphone
[150, 49,
61, 80,

81]

[150, 21,
23, 1,
136]

SMS log
[194, 20,
64, 63,

65]
Multiple-sensors [21,

195] [150] [61]

GPS [195, 60, 163,
164, 20]

[21, 56,
195, 34,
40, 60,

163,
164, 1,

80]
Bluetooth [195]

GSM [20, 63,
65]

Notification [126]
ECG [62, 64] [62, 64]
Wifi [21] [136,

128]

smartphone
screen

[136,
195, 8,

126,
128,

164, 3,
63, 65]

App
[136,
126,

128, 3]
Internet [136,

128] [56]

Table 3.1: An overview of studies that contributed to the correlation between ob-
jective features and subjective assessment of depression or equivalent.
The search was done in 2017, and is distributed in a 17 × 7 matrix with
sensor modality and FC, respectively. Environment covers data such as
humidity, temperature, and atmospheric pressure.
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Figure 3.3: Each pie chart represents a category of features. The size of each pie
chart indicates the number of different features included in the different
studies. Green color reflects the number of features that statistically
significantly correlated with depressive mood symptoms, red indicates
statistically non-significant correlations, while grey indicates missing
information.

• Indecisive correlation between number of SMS sent and depressive symptoms

• Indecisive correlation between the distance moved and depressive symptoms

3.3 Method for recommending personalized activities
Our theoretical papers in Section 3.1 and 3.2 focused on smartphones as a medium
to self-track activities, and the recording of passive sensor data that can infer on
the users current depression stage. The next step in our theoretical research was
to investigate the capabilities of computerized sensemaking to provide actionable
feedback. A smartphone is a pervasive technology that can be accessed to receive
personalized and timely support, treatment and intervention when most needed. As
smartphones enable collection of self-tracked- and passive sensed behavior, they allows
for statistical and probabilistic techniques to automatically extract and learn from
these data sources – what we showed in [A.1]. This is referred to as Machine Learning
(ML) [94]. Three hundred studies, identified in a newer review paper, within mental
health have used ML [171]. Based on these they conclude that “ML demonstrate the
potential to improve the efficiency of clinical and research processes and to generate
new insights into mental health and well-being” [171, pp. 10].

A majority of the studies are focused on advanced diagnosis and detection while
only a few have designed a ML algorithm to provide intelligent feedback to the user.
Hollis et al. [87, 177] used a linear regression algorithm to predict tomorrow’s mood.
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Inputs were historical mood data and the type of activity done. Therefore, they could
estimate what type of activity to introduce in the model to shift the mood forecast in
a positive direction. The estimated type(s) was then recommended to the user. The
recommendations were, however, not specific activities. A core ingredient in BA is to
schedule exact activities, as specificity significantly increases the probability of users
enacting those activities, [173]. As presented in Section 2.2.3, the MOSS system [193]
recommends activities. However, the recommendations were only based on past rat-
ings, which does not follow state-of-the-art recommendation system methodology.

In our research, we have exploited state-of-the-art recommender research by de-
veloping a theoretical probabilistic multinomial NB classifier to model past activities
as a bag-of-words4 to predict mood outcome. The work has been published and pre-
sented in [A.3]. Briefly, we gathered activity, mood, and ‘Pleasure’ score data from
two previous user studies containing 1,684 [B.1] and 3,921 [87] activity entries with
corresponding mood and ‘Pleasure’ score from clinical- and non-clinical patients. The
analysis was done offline, with the data split in a ‘training’ and ‘test’ set to estimate
the performance of predicting what activities were enjoyable or otherwise. The split
was done with incremental ‘training’ size to see how fast the model converges. As in-
dependent variables for the two models we used the specific activity text (A1) and the
corresponding labeled AC (A2). The ‘Pleasure’ score was transformed to a binary
dependent variable (C) indicating an enjoyed activity (C1) or otherwise (C2). We
created a matlab (version R2018B) analysis pipeline to pre-processed the activities
(e.g., removing stop-words, and porter stemming), as detailed in [A.3]. Subsequently,
the activities were transformed to a bag-of-words (dD). For the NB model we used the
naive assumption5 on the Bayes theorem, and hence our recommendation estimate
was based on the conditional probability model seen in Equation 3.2.

P (Cj |D) =
P (Cj)

∏F
i=1 P (Ai|Cj)

P (A1, A2)
(3.2)

The highest posterior probability for the two cases was selected as the outcome of the
recommender model.

We compared our NB model with a SVM model, a generalized model where we
pooled all participants, and a baseline model where we classified activities based on
the most represented class6. To statistically compare the models we used a non-
parametric permutation test with tmax based correction for MC [28]. We control for
the MC problem as we are comparing the models on each sample (ci), using a repeated
measures t-statistic. The t-test for one of the samples (ci) is shown in Equation 3.3.

t(Nrep − 1) = µs√
1/Nrep

∑Nrep

j=1 (ci(j) − µs)2/
√

Nrep

, µs = 1
Nrep

Nrep∑
j=1

ci(j) (3.3)

Several findings were uncovered from the clinical patients:
4The act of splitting activity entries into separate words
5that all our input features are mutually independent, conditioned on our outcome variable C
6Which is equivalent to the prior probability
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(a) (b)

Figure 3.4: (a) The error rate as a function of training size of the different models
for the clinical sample. SE is shown as a shaded interval. (b) training
and test error is visualized for P5 on the NB model.

• The model converged fast dropping to 25% error rate (1 minus the fraction
of test samples classified correctly to the total number of test samples) for the
personalized version with the plateau situated after around 40% training sample
size7 (Figure 3.4). Figure 3.4b shows an example from P5. 40% training sample
size corresponds to 100 activities.

• When comparing the personalized with the generalized model, we see a statis-
tical significant difference after 15% training sample size (M = 45, SD = 16
activities) on both the NB and SVM model.

• Using a Kullback-Leibler divergence analysis on 90% training sample size to
test the information gain of adding activity text or AC to the prior probabil-
ity, we see contradicting results among the patients with some favoring activ-
ity text and vice versa. On a general level (for the NB model) the activity
text (DKL(P (C|A1)||P (C)) = 0.017) carried more information than the AC
(DKL(P (C|A2)||P (C)) = 0.001).

• By extracting knowledge from the trained ML model (NB model with 90% train-
ing sample size), we were able to conclude model-based insights: Figure 3.5a
shows weightings of the AC feature, while Figure 3.5b shows a word cloud for
the trained bag-of-words. The size represents stronger weightings. For instance
we can argue that P1 favors ‘Daily-living’ based activities, and enjoy activities
that includes words such as ‘cosiness’, ‘radio’, and ‘university’.

740% of the data is used to train the model



32 3 Data-driven insights

• We incorporated a database of 320 pleasurable activities [119]. With the database
we explored, through a simulation study, the effect of introducing novelty in
the recommendation models. With training data from P1 and P4 we simulated
the type of recommendations they received at three different time-points during
the study.

Initially the generalized model performed best. This is equivalent to a real-world
scenario where a recommender model simply does not have sufficient data to draw
any reliable recommendations8. However, the error rate was swiftly reduced as more
activities were used as a training sample. On average, after 58.92 (SD = 20.96)
activities, the personalized model was favoured (M = 45, SD = 16 for the clinical
patients only). We implemented the model in the MUBS system to test the performance
and feasibility in a clinical study, as presented in [B.2].

3.4 Summary
In this chapter, we presented three different theoretical models to leveraging patient
generated data for BA support:

• A statistical model for analyzing patient self-reported activity data.

• A theoretical model for analyzing correlation between passive mobile sensors
and depressive symptoms.

• An activity recommender model based on activity data sampled from mHealth
technology.

These contributions demonstrate the feasibility of moving a significant portion of
BA therapy to a mHealth system. First, through the potentials of statistical analysis
on hand-written notes on behavior, the activity registration part can be supported.
Then,by using digitally registered activities, the analysis was expanded to demon-
strate the feasibility of supporting activity scheduling, which is then second part of
BA. Finally, by modelling self-registered activities in a NB recommender classifier,
we were able to predict activities as either enjoyable or neutral. Through a simula-
tion study we demonstrated how the trained model could assist in the scheduling of
activities through recommendations.

Our theoretical contribution in this chapter depicts the potential of statistical
methods on BA data and sensor data. However, transforming them into a usable,
useful, and clinical valid system, which is mediated in a suitable manner to a fragile
target group, is another important consideration. In the next chapter we present the
process of designing and implementing a suitable mHealth system that supports BA.

8In recommender terms this is also known as the cold-start problem
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(a) (b)

Figure 3.5: NB weightings of the features trained on 90% sample size. (a) The
ratio of the likelihood function for the AC. (b) Word cloud showing
terms (after pre-processing) highly associated with recommended and
non-recommended (neutral) activities for P1 and P4. The size of the
unique words represents the fraction value. The words are presented
after pre-processing and Porter stemming. Therefore, words such as
‘race biking’ has been transformed to its root form: ‘racebik’.
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CHAPTER4
Designing mHealth

systems
Coloplast1 is the leading company for development and distribution of products for
intimate needs - primarily Ostomy care2. In 2015 Forbes Magazine pointed out
Coloplast to be the 4th most innovative company in Europe [68]. Years before this
nomination however, the company spent millions of dollars during a two year period
on the design of a product they had high hopes for. They redesigned the bag to be
twice a durable. Yet, the entire project was discarded. They forgot to include ostomy
patients during the design and missed the fundamental fact that the patients had no
intention of wearing a bag, potentially with stool and urine, for more than a couple
of days3.

• • •

Understanding the design for a smartphone application for BA treatment of depressive
symptoms, is one of the most relevant processes of building a system. Lack hereof,
may even produce harmful apps [138]. iBipolar, as an example, advised people in the
middle of a manic episode to drink hard liquor to help them to sleep [6]. To design and
develop a quality app the designers have to bridge the connection with the patients
and with the clinical providers within the designated mental treatment [185].

This chapter describes the design and development process of Moribus [B.1], and
MUBS [B.2]. Although the chapter is outlined in chronological order of the processes,
it is important to note that the standalone MUBS app was designed and developed
after the feasibility study of Moribus.

4.1 Design of mHealth applications
mHealth technology provides interventions and/or support that is accessible, engag-
ing, and potent. Although this belief is shared among many researchers, it is not

1https://www.coloplast.dk/
2A pouch situated outside the body to collect bodily waste from the large intestine
3A story by Coloplats’s Vice President for Technology Hanne Everland
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necessary true. Depending on the design choices different throughput and usage is
seen [36]. In essence a successful design is characterized by good usability. A standard
(ISO 9241-210:2019) defines usability as:

The extent to which the system can be used by specified users to achieve
specified goals with effectiveness, efficiency, and satisfaction in a context
that is specified by us

Additionally good usability should ensure that the app interface has a low learning
curve (learnability), and be memorable so the user can return to the app without
the need to re-learn the interaction (memorability) [139]. Good usability is not an
adequate term when designing a product. One has to consider the entire UX [32].
Houde and Hill defined the experience with a triangular model [90]:

Role What function does it serve? Is the technology useful to the user’s life.

Look and feel What does the user look at, feels, and hears when using it? The
concrete sensory experience.

Implementation How does it work? The technique and components used to make
the technology perform its function(s)

It is a very dynamic, complex and subjective phenomenon. For instance the UX of
snowboarding:

“depends upon the weight and material qualities of the board, the bindings
and your boots, the snow conditions, the weather, the terrain, the temper-
ature of air in your hair, your skill level, your current state of mind, the
mood and expression of your companions” [32, pp. 424]

Incorporating and understanding good usability and UX within mHealth - to achieve
user satisfaction - requires the adaptation and use of HCI research. HCI studies
the interaction between users and computers (e.g., software, apps or hardware) and,
naturally, spans multiple disciplines [54].

Within mHealth systems for mental health and depression, HCI research has been
emphasized as an important contribution [165]. Analysis of mHealth systems have
shown that they suffer from over-engineering [152], low engagement [111], and poor
adherence [7]. Problems that might be identified and addressed using HCI design
methods. Such methods helps to (i) gather detailed clinical usage data, engagement
and reports of UX, (ii) understand requirements and context, and how people interact
with the technology, and (iii) explore the strengths and challenges associated with
different design choices [165].

In this section we will describe our HCI design approach which resulted in high-
fidelity prototypes for Moribus and MUBS. The subsequent technical implementation
of these prototypes and the deployment to both the Google Play Store and iOS App
Store is described in Chapter 5.
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4.2 Ideation phase
There are several constraints that need to be considered when designing for men-
tal health and depression. One is the regular access to end-user [53]. As a fragile
user group we had to carefully plan out when and where to involve the patients in
the design process. Therefore, prior to involving the user, we utilized our regular
access to the clinic and therapists experienced in BA (see [C.1] for a description of
the participating stakeholders). While introducing HCI research into the clinic was
mentioned as a beneficiary, it also carries challenges when collaborating across a
multidisciplinary team. Prior research describes the experiences as both (1) difficult
due to the different technical backgrounds [137], such as clinicians concerns with the
pitfalls of introducing technology into practice; and (ii) The difference in research
background [29]. For instance end-users are considered the primary ‘experts’ by de-
signers, while clinicians considers, themselves, as the ‘experts’. With that in mind,
we facilitated bi-weekly meetings with the clinic, which continued between and after
patient involvement. See [B.1, B.2] for details. In short, we carefully explained the
intended design process to make the clinicians aware of the motivations and methods
used. Rather than a two-arm RCT study to assess a causal clinical outcome, we
planned a feasibility study of the technology - to gain insight in different aspects of
the technology interaction, and whether it works as intended.

4.2.1 Personas and Scenarios
To identify user goals and needs, we initiated a storytelling process. Based on a
persona4, we all prepared a scenario5 for a future mHealth system. Ideas for the
future mHealth system was based on prior work done in the team [16]. One of the
presented scenarios is shown in Figure 4.1. The scenarios were shared and discussed,
and we identified several noteworthy objectives for a smartphone system supporting
BA:

• Some overall goal(s) need to be established by the patient. These should be a
reflection of common activities that are capable during periods with no depres-
sive symptoms. The phone should be able to asses and support in the progress
of reaching the goal(s).

• Follow me, and not your condition - The phone should provide clear agendas
or plans that can be followed with least amount of effort.

• The phone should support the activation of following general recommendations:
(1) Sleep - get up from bed early; (2) Hygiene - take a shower; (3) Food - have
a nutritious diet; (4) Outside - get out the door; and (5) Social - establish
some social contact.

4A fictive character representing a personification of a real user
5A mini story that reflects a situation the persona might be in, and how a possible technology

would assist
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Figure 4.1: Scenario from design meeting 25.10.2016.

Towards the design of a standalone mHealth system we had to understand the
role of technology in BA therapy. Our initial theoretical work [A.1] showed positive
evidence on the feasibility of designing a digital platform supporting BA. Not only
was it shown to be realizable based on a high activity registration compliance, but the
statistical analysis provided additional insights than regular face-to-face consultations.
With the suggesting that a digital solution could assist the psychologist in BA therapy
sessions, we sought to design a smartphone app to support BA in therapy. Based on
these findings the next step would be the design of a standalone smartphone system
capable of inferring on the collected data to recommend exact activities to enact on.

4.2.2 Low-fi prototyping
Through an iterative design-process with the interdisciplinary team, we sketched the
initial design proposals on paper-based mockups. For Moribus we digitalized the BA
paper-based weekly schedule [A.1, Figure 1]. This is referred to as the ‘Calendar’
function of the app and is the core part of the BA method.

The first low-fi prototypes of MUBS were created based on insights from the design
and feasibility study of Moribus [B.1]. This includes the change of an hourly activity
assessments to a more adaptive morning, afternoon, evening structure. A structure
that resembles classical to-do apps with a list of daily tasks. As MUBS was intended for
users outside of the clinic, and not in collaboration with a therapist, it was streamlined
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to the general population, with terminology change from depression to well-being,
and symptom management to lifestyle management. MUBS had to bypass the stigma
usually present when developing for a specific clinical target group. A great example
of this is the peeler example by Norman [142, pp. 244]. Furthermore, opposite to
Moribus, a goal was needed, and initial design focused on the balance between the
five general behavioral guidelines listed in previous section. See Figure 4.4 for three
early sketches of MUBS.

A central part of HCI design principles is the involvement of the end-user in a
UCD process. It was a strong asset in the design of both of our applications. We
used UCD in an iterative process where we used the user inputs to refine our design
choices and re-scheduled new meetings for new rounds of insights.

4.3 User-centered design
UCD comes from HCI and was originally a software design method for developers
and designers but is applicable for all kinds of product developments. The goal
of UCD is to ensure that the users needs are met, that the resulting product is
understandable and usable, it fulfill the desired task, and the experience of use is
positive and enjoyable [142]. UCD methods ensures that the focus rests with the
end-user, the people that are eventually going to be the core users of the product,
by involving them in the design process. The level of involvement can range from
minimal contact where clarifying questions are unraveled by a given point in the
process, or maximal contact throughout the design process. The latter was used
in the development of our two apps where the users where involved in the initial
design phase but also during prototyping and in subsequent field studies, evaluation
and interviews. In the initial design phase we invited patients to full-day workshops
where we began an early evaluation of design concepts, and targeted the five usability
heuristics mentioned in Section 4.1.

4.3.1 Workshop
We held two hours workshop days in the design phase for each app. See the method
section of [B.1, B.2] for details. Figure 4.2 shows pictures from some of the work-
shops. We carefully planned out a workshop agenda, and assigned a facilitator. See
Appendix E for the protocol of part 1 of one of the MUBS workshops. As suggested by
both Doherty et al. [53] and Bardram & Frost [14] we followed the Patient-Clinician-
Designer Framework [120] to structure the discussions and considerations during the
workshops. The framework includes the needs and perspectives of clinicians and de-
signers thereby mediating co-design with patients. Lets take an example where a
patient expresses a desire to include a chat-room functionality in the system. The
patient wants suggestions from fellow patients on actionable decisions. The PCD
framework then includes the clinicians concern of acceptance by asking: “Does the
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system encourage patients to make decisions without consulting a clinician?”. Al-
though the aim is not a positive answer to that question, it assists in reaching a
shared consensus. Together they might guide the design towards chat-rooms that are
only open at specific times when a clinicians is online and can participate.

Moribus Workshops We recruited three affective disorder patients; two bipolar
and one major depressive disorder. Together with the designers and clinicians we
were seven participants including one facilitator. The main goal of the workshops
was to;

gain insights on the design of hourly activity planning and registration on
a smartphone

The room was decorated with example data visualizations (i.e., screenshots of apps
within healthcare, such as the SleepTight app [39, Figure 3]), tangible hardware (i.e.,
smartwatches, and smartphones with different form factors), and inspiration ideas
of interactive opportunities (i.e., screenshots of the phone unlock journaling where
one can rate mood from the lock-screen [200, Figure 1]. Furthermore, we provided
materials for stimulating the design of various different low-fi prototypes such as A4-
sized papers with empty app screens, color pens, pencils, large poster papers, scissors,
and tape. We initiated by an introductive presentation of the general goals of the
app from both technical and clinical perspectives. Then we presented the design goal
of activity scheduling and prior work in the field. This was followed by a brainstorm
session where all participants used post-it notes to write three challenges and positive
things about activity schedules. These were discussed, which led to the next task
of hands-on low-fi prototyping. We split in two groups, and drew out ideas of a
smartphone app with activity registration. We used all the available materials to cut
and glue prior ideas and new mockups together (see Figure 4.3 for some examples). All
mockups were gathered together on the large poster papers, and presented between
the groups. Ideas and feedback on the next workshop were used to progress from
sketches to wireframes to interactive prototypes.

MUBS Workshops We recruited four new patients; three with bipolar and one with
major depressive disorder, and a new designer. In total we were 12 participants. The
main goal of the workshops was to;

gain insights on the design for registering daily tasks, the feedback meth-
ods, and the role of the recommender model

Similarly to the first workshop, the room was decorated and filled with inspirational
material. In addition, images and descriptions of the different personas we places
on the wall of the room (Appendix E, Figure 1), and we had music running in the
background on low volume. Prior to the workshop we received demographic infor-
mation on the participating patients, and carefully organized the workshop and the
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(a) (b)

Figure 4.2: Two images from two different workshops. The participants have been
anonymized through a silhouette technique.

additional modification, i.e., music, as one of the patients was a musician. We ini-
tiate with an introduction of the overall goal of the app, theoretical knowledge of
BA, and lessons learned from the design and development of Moribus. The work-
shop was facilitated with to main activities. The participants were split in three
groups but reshuffled between the two main activities. First activity was an active
ideation phase by the participants. They were (i) told to create visualizations that
could motivate registrations, and (ii) sketch interaction ideas on how users of the
app system are suppose to register completed tasks. Second activity was a discussion
and debate on three existing low-fi prototypes developed during the multidisciplinary
team meetings (Section 4.2.2). The second workshop ran in three parts, (i) group
discussions and brainstorm on new low-fi sketches (see Figure 4.4) focused within
two areas, visualizations of daily tasks, and the recommended activities. (ii) An
individual mind-mapping session to create a dialog within concrete questions. The
questions had suggested answers, and were put up across the room. The participants
had to vote for the favorite suggestion for each question, and could add comments
and ideas by attaching colored post-it notes to the questions. (iii) With inspiration
from the mind-mapping session, we ended the workshop with an idea sharing session.
In pairs the participants sketched different visualizations of historical data, and how
the visualizations could mediate a sense of progress.

Implication of the patient group Throughout the workshops we were observant
of the different symptoms expressed by the patients. Some patient were more domi-
nating, talking faster and for prolong period, while others exhibited more depressive
symptoms and did not actively engage in the larger debates. As we were well aware of
these behavioral scenarios we deliberately chose to do smaller group session and make
informal one-on-on conversations in an attempt to receive inputs from all patients.
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Figure 4.3: Design sketches Moribus. From left, an overview idea of self-assessment
graphs covering sleep, physical activity, social activity, mood, and types
of activities done. Then an early version of the ‘Calendar’ labeled with
the AC and social context. In the top right, a way to register ‘Pleasure’
and ‘Mastery’ from the notification. Lower right, an idea of how to
present the daily plan.

Figure 4.4: Design sketches MUBS. Illustrating on various way to present the daily
plan. The two left operates on the idea to have a ‘daily goals’ that is
accomplished when the star is colored, and all the leaves are marked,
respectively.
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Figure 4.5: A flowchart showing some of the main functions in the systems. The
dark grey illustrates features that are only implemented in MUBS. This
includes the Routine functionality, and the recommender model. While
the white is features only in Moribus, such as the ‘Calendar’ function.

4.3.2 Prototype iteration

In the interdisciplinary team we utilized the feedback and insights derived from the
UCD activities to develop digital mockups, what we refer to as high-fidelity proto-
types. See [C.1, Figure 2] for some examples on Moribus. The prototypes were
developed in Justinmind6 (vs 8.2.1). With drag-and-drop of UI components, and
simple If This Then That (IFTTT) conditioned statements we were able to produce
interactive prototypes. Through an iterative design process we finalized the design
of Moribus and MUBS. The final design and the features are explained in [B.1, B.2],
and shown as a flow chart in Figure 4.5. Functionalities implemented in both sys-
tems are illustrated with a patterned background. Table 4.1 provide an overview and
description of the features implemented in each system.

6https://www.justinmind.com/

https://www.justinmind.com/
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Feature Description Relevance for patient Relevance for clinic

Activity
Category

Six distinct classes covering
all types of activities, as in-
spired from [145] and termi-
nology within mental health
and BA [135]

Able to quickly register an
activity without writing text

Get information on what
type of activities the patient
usually indulge in

Pick list A catalog of 384 (only 60
in Moribus) pleasurable activ-
ities by work of Lewinsohn
& MacPhillamy [119] and
Mørch and Rosenberg [135]

A source of inspiration to
plan enjoyable activities. In
Moribus it served as examples
to understand the different
categories

With less patient contact
they want to be able to pro-
vide the patient with gen-
erally recommendable activ-
ities

Difficulty
points

In a range between 1-3 it de-
fines the effort it takes to per-
form an activity [B.2]

To be able to prioritize eas-
ier activities during period
with depressive symptoms
and vice versa

To understand the perceived
effort of the patient to enact
on basic activities

Visual ana-
lytic tool

A page in the app that pro-
vides summary statistics of
the registered activities [B.1]

Gain data-driven insights.
To explore the relation be-
tween activities, and mood
and/or ‘Pleasure’ rating to
improve self-awareness on be-
havior

To assist in their understand-
ing of the patient, and find
more complex relation be-
tween activities and depres-
sive symptoms

Pyramid A visualization of the
progress in all six activity
categories[B.2]

To discover what type of ac-
tivities that have been ne-
glected

To facilitate the feeling that
a balance within the differ-
ent life areas is important to
get better

Recommen-
dation

An implemented NB
model [A.3] to recommend
10 personalized activities.
Four of the activities have
been done before, while six
are novel. Novel activities
are drawn from the 384 item
catalog

To get inspired by activities
that the system intended for
the patient

With activities that are rel-
evant for the given user, it
could improve motivation to
plan and initiate the activity

Table 4.1: An overview of the core design features in Moribus and MUBS.

4.4 Summary
This chapter provided an overview of the UX and HCI design methods applied in
the design of the two mobile apps; Moribus and MUBS. We followed a UCD process
to maximize usability of our target user population. Through a total of 4 workshops
across the two systems, we discovered the importance of a simple UI, and the utiliza-
tion of a point system to motivate the initiation of more difficult tasks. Patients were
in general favourably disposed towards the use of these technologies, and expressed
an desire for sensemaking between mood, ‘Pleasure’ and types of activities done. We
also found that users were not fond of (i) recommendations being ‘pushed’ to their
list of daily tasks, or (ii) daily goals with a pre-specified requirements of the number
of activities that needs to be completed. Instead, they preferred a more passive –
manual selection – design choice.
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Depression
In 1965, Engineer Gordon Moore observed that microchip capacity seemed to double
every 18-24 months, equivalent to a fast increase of computational processing power.
The observation became known as Moore’s law and is to some degree still observed
today1. Similar scaling is seen in software- capabilities, architecture and applica-
tions [96]. The fast paced technological progress carries severe implications for re-
search. It enables HCI studies of exciting new technologies such as smartwatches [30]
and virtual reality [10], but it ‘closes’ the relevance of others, as technology is quickly
outdated. Although recent studies have shown that depressive symptoms can be
inferred from the amount of SMS sent [A.2], it might be unimportant due to the sig-
nificant drop in SMS usage [2]. The choice between a large scale RCT study spanning
several years, versus a single-arm feasibility study spanning weeks might be crucial
in the choice of study design for the interaction of technology.

• • •

We experienced the technological progress in the implementation between Moribus
and MUBS. As a consequence, the one year older MUBS system was built with a different
configuration than Moribus, even though it served as a natural next-version system.

5.1 Moribus
The system serves two purposes. From a practical point of view, to target the in-
creased treatment gap, Moribus shifted parts of BA therapy to a digital smartphone
system. It provides hourly activity planning and registration with access to visual
analytic tools. These tools displayed statistical relationships between the users activ-
ities and corresponding mood, ‘Pleasure’ and ‘Mastery’. As such, Moribus facilitated
sensemaking and insights into one’s behavior. Insights that served the purpose of
improving the patients understanding of their depressive symptoms, and support the

1https://medium.com/predict/moores-law-is-alive-and-well-adc010ea7a63
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clinicians during therapy sessions. Below we demonstrate a little scenario of the
intentions behind Moribus:

1. During initial therapy, the clinicians install Moribus on the patient’s phone, and
tell them to user the app for (i) planning activities a day ahead, (ii) register
what you did every hour, and (iii) register your daily mood.

2. The patient uses the app for two weeks and access the visual analytic tools in
an effort to understand relations between behavior and symptoms.

3. The patient meets with the clinician. Together, with the data from Moribus,
they locate activities that were positive or negative reinforcers, and discuss
future behavioral goals. Based on the discuss they use Moribus to plan the
following two weeks.

4. With the recommendation of the clinician to “shut down your brain, and just
follow the plan” the patient uses Moribus and starts feeling the impact of digital
aided BA therapy.

From a theoretical point of view, we were interested in building a database of
behavioral data. Data on completed activities and their corresponding rating, and
context. No similar database exists, but was needed to build an advanced algorithm
to detect positive and relevant activities personalized for each user. An algorithm
that was added to a next-version of Moribus presented in Section 5.2.

5.1.1 User Interface
As explained in details in paper [B.1], the patients are presented with an hourly
schedule as they enter the app. The schedule is shown with a pie-distribution of the
types of activities as categories by AC. Through a navigation menu the patient can
enter other functionalities (e.g., the visual analytic tools). Screenshots from the app
are visualized in Figure 5.1.

5.1.2 Software architecture
An overview of the software architecture is provided in Figure 5.2. We handled the
passive sensor data, and the subjective recorded activity together with mood data
separately. The sensor data was collected into a JSON file and securely transmitted
to the Amazon Web Services (AWS) Simple Storage Service (S3). As we carefully
explain in [B.1], we do not store any patient identifiable data. Instead the patient is
represented by a 4-digit PIN. Figure 5.3 shows the file structure within AWS.

The subjective data was stored in a local SQLite database. This gives us the
opportunity to read and write to the database independently of network data and
utilize SQL queries for the visual feedback tools. A quick overview is provided in
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Figure 5.1: The Moribus mobile user interface. The home screen (A), shows a pie
chart summarizing planned and done activities within each category
(A1), and a list of planned or registered activities (A2). (B) shows
the page for creating an activity, while (C) illustrates the pages for
rating an activity with ‘Pleasure’ (C1), and ‘Mastery’ (C2). The visual
analytic page (D) summarizes historical completed data. The bar chart
displays the average score of ‘Mastery’ (red) and ‘Pleasure’ (blue) for
each activity category. The bubble chart shows the average ‘Pleasure’
score for each activity category across time. The line graph displays the
reported mood scores over time.

Figure 5.4. It illustrates the origin of each field in the activity database and how it
is used to display the bar chart in the visual analytic tool.

5.1.3 Implementation
We searched existing mobile sensing toolkits to fulfill the requirements of sampling
sensor data. Particularly, we were interested in (i) a toolkit supporting both An-
droid and iOS, (ii) up-to-date maintenance, (iii) support of GPS, and device based
data sampling, and (iv) preferable written as a cross-platform framework in a sin-
gle programming language. A larger analysis of the different frameworks was out of
scope for the dissertation. Instead we provide an overview of the different toolkits in
Appendix F.

We chose Sensus [197] because it integrates well with a cross-platform developing
toolkit named Xamarin, which is based on .NET technology [154]. Working with
a cross-platform developing toolkit has two main advantageous. First, all code was
written within the same development environment. Second, even though the app is
native on both Android and iOS, the code is almost identical for both platforms. In
this way, developing apps in both Android and iOS was possible in a much shorter
time frame and within a smaller developing team.

We used the Shared Asset Project (SAP) method in Xamarin. This implied that
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Figure 5.2: The software architecture of Moribus. In the upper level we have the
mobile device, and a browser link to a Google Forms questionnaire on
PHQ-8 and WHO-5.

the shared- code and assets were used in both the iOS (Xamarin.iOS) and Android
(Xamarin.Android) .Net libraries during compilation. The Xamarin library features
several UI classes. Lets take the case of a switch component. During compilation
the Xamarin C# compiler would generate an Intermediate Language (IL). Here, in
the individual renders, the switch is mapped to a UISwitch on iOS and Switch on
Android. For iOS, the compiler then uses the Apple compiler on a Mac to generate
native iOS machine code (like the Obj-C compiler), while on Android the IL runs
the Mono runtime framework that uses the Java engine to generate native Android
code [154]. In this way the shared code base manages to produce native looking UI
components in the app. To accomplish an overall native and familiar experience to
Android and iOS users we furthermore addressed the design guidelines defined by
Apple2 and Android3.

Unlike typical frameworks, Sensus was configured as an entire system. Researchers,
without any programming requirements, could configure so-called sensing plans. In

2https://developer.apple.com/design/human-interface-guidelines/ios/
3https://material.io/design/

https://developer.apple.com/design/human-interface-guidelines/ios/
https://material.io/design/
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Figure 5.3: The data structure of the stored sensor data in AWS. This example
shows the location folder with its list of JSON files.

Figure 5.4: An illustration how activity data is stored in Moribus, and how it is
used to show the bar chart.

the sensing plan the researcher has the ability to choose what sensors to sample from
and schedule surveys. Subsequently they can distribute the plan to the users. As we
were only interested in the sensing framework, we followed an bottom-up approach.
We downloaded the source code of Sensus and initiated the implementation on top
of the Sensus sensing framework, discarding the unnecessary UI components and
sensing plan configurations. To most efficiently share as much code as possible we
followed a Model-View-ViewModel (MVVM) architecture where we separated the
code in a Model (carrying data and fixed values), a View (the UI components), and a
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ViewModel (the interface between the Model and the View). The code can be found
in the CACHET GitHub repository4.

The implementation of Moribus was successfully published to the Google Play
store5 and iOS app store6 in August 2017.

5.2 MUBS
The goal of MUBS was to develop an app that - independent from the clinic - sup-
ports users experiencing depressive symptoms. The term ‘independent’ was used to
emphasize that the app automatically, without the assistant of the clinic, provided
actionable feedback personalized to the user. The feedback was designed as an activ-
ity recommender. Similar to Step 4 in the Moribus scenario, the recommender was
able to classify and propose positive activities to assist in the planning of enjoyable
future activities. A typical scenario of the MUBS is outline as:

1. In the evening the user opens MUBS and plans a task for the next day. They
have only one particular task for tomorrow: “Eating dinner with my mom”.

2. Their planned day looks empty as the planning page is organized within morn-
ing, afternoon, and evening. Therefore, the user is interested to schedule an
activity for the morning. In the recommender page, the user inputs tomorrows
date, and specifying a morning activity.

3. Ten different activity recommendations is instantly shown in MUBS. Due to their
lower energy level, they pick a recommended activity with a difficulty score of
one: “Make a cup of coffee and read two articles in my favorite newspaper”.

4. Next morning the user wakes up and opens MUBS. They inspect the plan and
follow their scheduled morning.

5. Before bedtime the user registers today’s planned activities as “Done” and rates
them both with a thumbs up. Afterwards, the user inspects the pyramid visu-
alization and see that there has been less focus on ‘Practical’ activities. As a
consequence the user enters the recommender page, requests an afternoon ac-
tivity and filters to only show ‘Practical’ activities. the user picks one of the
activities and add it to their schedule.

5.2.1 User Interface
Screenshots for the implemented application are visualized in Figure 5.5. The bottom
tab bar features four menus as explained in [B.2]. Briefly, we provide a summary of the

4https://github.com/cph-cachet/radmis.Moribus.app
5Was removed on October 2018 due to new policies on phone log sensing
6https://apps.apple.com/us/app/moribus-adf%C3%A6rdsaktivering/id1271348746

https://github.com/cph-cachet/radmis.Moribus.app
https://apps.apple.com/us/app/moribus-adf%C3%A6rdsaktivering/id1271348746
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Figure 5.5: The MUBS mobile user interface. From left to right: The main screen
with an overview of planned and done activities. The planning page
where you can search or create your own. The page that is displayed
when you create your own activity. The routine tab, where the user
can create reoccurring activities on a weekly basis. The inspiration
page with three activities within activity categories that the user is
recommended to focus on. Pressing one of them gives a list of ten
recommended activities within the selected category.

different menus. ‘Overview’, has information for the selected day. The activities are
shown in a list separated in planned and done activities, which is further separated
in morning, afternoon and evening. With the red plus sign, the user is able to
either search a catalog of activities (Figure 5.5 2nd) or select a recommended activity.
The recommended activity is calculated by the NB machine-learning algorithm as
described in [A.3].

In the activity catalog, when the user searches for an activity that does not exist,
they get the option to create their own (Figure 5.5 3rd). The ‘Inspiration’ menu
features three suggests categories of activities for the day (see Listing 5.1). When
pressed, it redirects the user to the recommended activities filtered by the chosen
category. The ‘Insights’ menu displays past days registrations as a calendar. The
days are colored according to the registered mood. A recap of the registered activities
is shown when a day in the calendar is selected. The ‘Routine’ tab is a way to plan
recurrent activities. A routine activity will automatically get added to the planned
activities for the respective days.

5.2.2 Software architecture
An overview of the software architecture is provided in Figure 5.6. Xamarin has been
replaced with the a cross-platform developing toolkit called Flutter7, developed by
Google. It was in an early beta-stage during the development of MUBS. As it was

7https://flutter.dev/

https://flutter.dev/
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Figure 5.6: The software architecture of MUBS. In the upper level we have the mobile
device, the backend, and 3rd party integration.

developed by Google it had well documented integration with the backend service
Firebase8, and the Google Cloud Platform (GCP) to host and execute functions.
The latter was the main reason to use Flutter, as GCP could host the recommender
model [A.3]. To record data from the phone sensors, we used our newly developed
framework that supports Flutter and data storage in Firebase. The framework is
called CARP, and is now publicly available in the dart repository [13]. In reference
to Appendix F, it supports the three displayed features. We chose to remove phone
log sensing as Google Play changed their policy as of October 20189. Google does
not allow the sensing of phone logs (calls and sms) unless its a core functionality
of the app. The recorded sensor and device probes are shown in Figure 5.6. Every
sampled data point is streamed to a Firebase database. The database structure for
the sampled probes is provided in the GitHub page of CARP10.

In Table 5.1 we provide an overview of the externally implemented functions within

8https://firebase.google.com/
9https://android-developers.googleblog.com/2018/10/providing-safe-and-secure-

experience.html
10https://github.com/cph-cachet/carp.sensing-flutter/wiki/B.-Sampling-Data-Formats

https://firebase.google.com/
https://android-developers.googleblog.com/2018/10/providing-safe-and-secure-experience.html
https://android-developers.googleblog.com/2018/10/providing-safe-and-secure-experience.html
https://github.com/cph-cachet/carp.sensing-flutter/wiki/B.-Sampling-Data-Formats
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the GCP. The functions are directly linked to the Firebase database and the mobile
app, and offers a way to develop app functionality that does not compromise the
phone’s resources. Three functions covered by calcDailyRec, itemRecommend, and
dailySentence are elaborated on as they constitute a significant part of the app.

calcDailyRec is run every night. It queries all done activities for the past 7 days
and calculates the average difficulty points gathered for each AC. Listing 5.1 displays
a snippet from the function.

The calculated average (line 23) is compared to a average of the past six days where
the seventh day (‘today’) has values of 0 (line 24). The three categories that have the
highest negative deviation (line 29) will be returned as suggestions in the inspiration
tab menu. As an example, if the user does a single physical activity (e.g., swimming)
of 3 difficulty points every Wednesday, s/he will have a deviation of zero up to 6 days
after. On the next Wednesday the deviation is -3 and will be displayed as a suggested
activity for that day. The average values are compared to indexed values in levels of
1-3 (see Figure 5.7) to estimate the placement on the pyramid – our analogy of user
progress. The index values are derived from 4 weeks of gathered activity data in the
Moribus field study [B.1]. It was based on a linear combination between the average
rating of ‘Mastery’ for an AC and the amount of activity within the AC, where a
low ‘Mastery’ together with a large quantity of the AC corresponded to a high index
value. As an example, if you do a ‘Work & Edu’ type activity with a difficulty level
1 everyday (index = 7/7 = 1), you will be in level 2 on the pyramid (1.39>1>0.93).

itemRecommend uses the NB algorithm presented in [A.3]. We combined the likeli-
hood function of words (as illustrated in Figure 3.5b) with the likelihood function for

Name Trigger Description

sendWelcomeEmail User created A welcome message is sent to the user’s email
sendByeEmail User deleted A confirm message is given to a deleted user

sendConsentEmail Consent
approved A copy of the consent form is sent

createMood User created A ‘submit your mood’ activity is added to the
planned activities

createRoutine ‘rout’ = True in
activity The activity is replicated 8 weeks ahead of time

itemRecommend Request recom-
mendation

Calculates the probability of ’thumbs up’ on all
activities from the catalog (that have not been
done before) and all previously done activities,

and submits the top 10 activities to the app

weeklyPHQa Daily 10 am
Checks whether 14 days have passed. If so,

creates a planned activity to fill out PHQ and
WHO-5

calcDailyReca Daily 03 am Calculates daily suggested AC to plan out

dailySentencea Daily 07 am
Based on the done activities, the function
calculates whether you increased in ‘level’.

Based on the ‘level’, a sentence is submitted as a
notification message.

a Added as a daily cron-job triggered by https://cron-job.org

Table 5.1: An overview of the functions hosted on GCP.

https://cron-job.org
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1 const activityRef = db.collection(`users/${userRecord.email}/activities/`);
2 var queryRef = activityRef.where('done', '==', true);
3
4 // Calculate for each category:
5 outResult = queryRef.get().then((snapshot) => {
6 snapshot.forEach((item) => {
7 // For yesterday (because now its 3 a.m.):
8 var inputDate = new Date(item.get('day'));
9 // Gather the points to calculate the current MA from the past week (7

days) later on:
10 if (inputDate.getTime() <= todayD.getTime() && inputDate.getTime() >=

sevenD.getTime()) {
11 var timeDiff = Math.abs(inputDate.getTime() - todayD.getTime());
12 var diffDays = Math.ceil(timeDiff / (1000 * 3600 * 24));
13 movingAvgRaw[diffDays][item.get('ac')] += item.get('flower') + 1;
14 }
15 });
16
17 for (j = 0; j < 6; j++) {
18 addNew = movingAvgRaw[0][j]; // 0 represents diffDays, which is

difference of days, and present time is ofcourse 0.
19 addOld = movingAvgRaw[7][j];
20 for (i = 1; i < 7; i++) {
21 sum += movingAvgRaw[i][j];
22 }
23 movingAverageOld[j] = (sum + addOld) / 7;
24 movingAverageNew[j] = (sum + addNew) / 7;
25 sum = 0;
26 }
27 for (i = 0; i < 6; i++) {
28 // Difference based on Old vs New MA:
29 dangerMA[i] = movingAverageNew[i] - movingAverageOld[i];
30 }
31 }

Listing 5.1: Moving Average calculation.

the AC (an example shown in Figure 3.5a). The combined likelihood was then post-
weighted with the likelihood function conditioned on the current context: time of day
(morning, afternoon, or evening), and the day (weekday, or weekend). This made it
possible to derive the posterior probability on whether the specific user will rate the
activity with a thumbs up or thumbs down of any activity. We chose to present the
user with the four activities with highest posterior probability previously completed,
along with top six activities from the catalog of 384 activities that have not been
done before. We drew inspiration from the EmotiCal app that has five historical and
five new activity types [87, 177]. In this way we accommodate two scenarios. A case
of familiarization, and a case of novelty.

dailySentence is hosted as a cron-job by https://cron-job.org. It runs every
morning at 07 a.m. to generate a personalized morning notification. The generated

https://cron-job.org


5.2 MUBS 55

>0

>1.02

>1.53

>0

>0.49

>0.73

>0

>0.93

>1.39

>0

>0.49

>0.73

>0
>0

>0.73

>0.79

>1.10 >1.18

Figure 5.7: A breakdown of the different average valued difficulty points necessary
in each level. The cut-off values are illustrated on top of their designated
stair-case level on the pyramid. Level 1 and 2 have been shaded in lighter
colors to show the subdivisions.

sentence is based on a tier-system. The lowest tier (tier-5) is during in-activity, while
the higher tiers are are achieved when there has been an improvement in levels from
one day to the next for any of the AC. The tier-system is stored in Firebase Storage.
An overview of the tier-system is given in Table 5.2. If there was no improvement, we
first checked if there was any done activities (tier 4). If not, we randomly selected a
tier 5 message as the morning notification. If there was an improvement, a top-down
approach checked if the user was in the top level of all AC’s. If not, we went to the
requirements for tier 1 and so forth.

5.2.3 Implementation
Developing in Flutter was done in the Dart programming language, while functions
in GCP were written in JavaScript. With the Flutter framework all of the code base
was shared between Android and iOS. Flutter uses its own rendering engine, and the
code is compiled to native code.

The entire UI is built by individual widgets that are either stateless (no internal
state is changing) or stateful. They can be created from scratch to create unique
looking visual components, or picked from a large set of widgets within the Material
design (native android style) or the Cupertino design (native iOS style) [151]. In this
way we can create native looking apps, however unlike Xamarin, whatever widget you
build in the Dart code base will be rendered the same in iOS or Android.

We chose to follow the Cupertino style mainly due to the bottom placed tab bar.
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Tier Title Sentence Repl

0
Highest

achievement
reached

Wow! Congratulations, you reached the highest
level in all life areas! You are showing a life that

is in perfect balance

1
Activity
category
hunter

Amazing, you succeeded to reach level 3 in the
entire [Repl] side of the pyramide

{left,
right}

2
You mastered

an activity
category

Your focus on [Repl] have payed of! You reached
the highest level An AC

3 You gained a
level

Your [Repl] life is improving rapidly, You
climbed levels! Congratulations An AC

4
An

accomplished
day yesterday

Yay! You registered and rated [Repl] activities
A count of

done
activities

5aa Routine
activities

In the Routine tab you can plan activities that
repeats every week or day. A great way to

schedule a nice long bath every sunday
a A total of 10 different quotes or hints exist in tier 5. One is selected by random.

Table 5.2: An overview of the implemented tier system.

As the app looks identical on both iOS and Android, we deliberately ignored the iOS
or Android styled widgets but chose the most simple and usable design.

The implemented MUBS system was published to the Google Play store11 and iOS
app12 store on February 2019.

5.3 Summary
Based on the UCD insights and the iterative design meetings, described in Chapter 4,
we implemented two mHealth systems for BA. The two system were developed one and
a half year apart, which resulted in separate implementation processes. A summary
of the two systems is given in Table 5.3

11https://play.google.com/store/apps/details?id=com.cachet.mubs01
12https://apps.apple.com/us/app/mubs-cachet/id1452891411

https://play.google.com/store/apps/details?id=com.cachet.mubs01
https://apps.apple.com/us/app/mubs-cachet/id1452891411
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Application
Setup Moribus MUBS

Google Play ✓a ✓
App store ✓ ✓
Developing toolkit Xamarin Flutter
Programming environment C# Dart
Sensing platform Sensus CARP
Backend AWS Firebase
Hosted functions GCP
Notification type Local Push Remote Push
Backend connection Receive Send & Receive
a Moribus was removed from Google Play due to the new reg-

ulations of data protection
Table 5.3: An overview of the MUBS and Moribus systems.
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CHAPTER6
Clinical Feasibility

6.1 Study Design
When we have to evaluate novel technology in its early stages it is argued that:

“A deep understanding of the how and why of the system use by its tar-
get users should be the central goal for evaluation of systems for health
behavioral change” [100, pp. 3069]

Therefore, following best practice within mHealth research in HCI, we ran two single-
arm feasibility studies to evaluate Moribus and MUBS. For both systems we collected
subjective and contextual data to investigate the usability, usefulness, and how it
supports BA. Specifically, for Moribus, we wanted to understand the relation between
activities and in what context they are done. These insights are valuable for therapists
to trace how activities effect mood and management of the depressive symptoms.

MUBS was designed as a supportive system working independently from the clinic.
As such, we were interested in understand how MUBS was used towards a better well-
being. Furthermore, as the first example of a BA system providing personalized
content-based recommendations, it would be interesting to know; (i) how the recom-
mendations were perceived, (ii) whether they were adopted, and (iii) understand the
specific characteristic behind the recommended activities that the patients chose to
enact on.

The research protocol for the two studies were reviewed and approved by the
Committee on Health Research Ethics of the Capital Region of Denmark (j. 17018289,
and H-19002943 respectively).

6.1.1 Participants
Usually, when conducting hypothesis-driven studies, the number of participants are
determent through a power analysis. A analysis that estimates the number of samples
needed to observe a statistical significant difference1 that is deemed meaningful [106].
However, in a feasibility study we want to understand how the system functions in
real life, so the recommended is to choose a number of participants similar to other

1also known as the effect size
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published studies [117]. Guided by similar studies, we attempted to recruit within
the range of 7-36 participants [20, 148, 157, 193, 15, 69].

Details on our recruitment process can be found elsewhere [B.1, B.2]. Briefly,
clinical staff in Psychiatric Center Copenhagen at Rigshospitalet and the psychother-
apeutic clinic at Nannasgade, Copenhagen N, informed eligible patients about the
study. The information was written as a Q&A document, and available both as a
flyer and online2,3.

In MUBS we expanded the number of recruitment channels to include an adver-
tisement on a national patient recruitment website4, and a article on medium (Ap-
pendix D.2). Figure 6.1 schematically illustrates the number of patients recruited
and continued for the duration of the studies.

We used the criterion’s, as presented in Table 6.1, to assess the eligibility of the
participants.

6.1.2 Apparatus
For the two studies we had to:

2http://www.cachet.dk/research/studies/moribus
3http://www.cachet.dk/research/studies/mubs
4http://www.forsoegsperson.dk/show_ad.php?showit=2654&add=posted

Moribus

MUBS 28

15

• Can’t manage
(Travels, new job)

• Requested cash
compensation

• Lack of response back

21

8 7

17

• Lack of financial
compensation

• Part of another
research study

• Privacy concerns

• Bug occurred in calendar
view

• Moved to another country
• Occupied with exam

period
• Lack of response back

7 1

7 4

Figure 6.1: A visualization of the number of patients recruited and dropouts along
the way.

http://www.cachet.dk/research/studies/moribus
http://www.cachet.dk/research/studies/mubs
http://www.forsoegsperson.dk/show_ad.php?showit=2654&add=posted
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Inclusion Exclusion

Clinical diagnosed with an affective disor-
der

Age below 18

Experienced an depressive episode within
the last year

Hospitalized

Own a Android or iOS smartphone
Sufficient Danish or English language skills
Previously or current enrollment in BA
therapya

a Only applicable for the Moribus study

Table 6.1: An overview of the study criteria.

• Design and develop a mobile app system, which made use of BA techniques,
backend services to store data, and high-order functions to derive statistical
output and classifications.

• Program the systems within the confinement of the regulations defined by both
Google Play and the iOS app store. Thereby, hosting the systems in a easy
accessible public app repository for an easy installation process for the patients.

• Identify, obtain and implement questionnaires to support the field study. In our
case, PHQ and WHO-5 to document any clinical changes during the study, as
well as the Post-Study System Usability Questionnaire (PSSUQ) [108] and CA-
CHET Unified Method for Assessment of Clinical Feasibility (CUMACF) [12]
to measure the satisfaction with the usefulness and usability of the systems.

• Develop a set of unbiased informative questions for the end interview to assess
the feasibility of the systems.

The studies were run on the patients own smartphone. The clinical change question-
naires were accessed through the app. For Moribus the questionnaires were accessed
through a link to an online Google Forms survey, while in MUBS they were integrated
in the app as a UI component. PSSUQ, and CUMACF were developed in Google
Forms and send as an e-mail invitation to fill out the survey after the study. The
end-interview was conducted in the clinic with a Nexus 5 Android phone running
the voice recording app Otter5. In few cases the patients were unable to meet in the
clinic. Here, we either called them directly through a mobile cell phone running Cube
ACR6 for voice recording, or Skype that has a built-in recording feature.

6.1.3 Procedure
We explained the study procedure for the systems in [B.1, B.2]. The main difference
was due to MUBS’s design as a tool independent of the clinic. As a consequence, we

5https://otter.ai/
6https://play.google.com/store/apps/details?id=com.catalinagroup.callrecorder

https://otter.ai/
https://play.google.com/store/apps/details?id=com.catalinagroup.callrecorder
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did not invite the patients to the clinic for initial setup but added in-app tutorials,
descriptions and help. An outline of the procedure is visualized in Figure 6.2.

6.2 Results
A summary of the demographics, usage data, and clinical findings for the two studies
is provided in Table 6.2. We direct the reader to [B.1, B.2] for a thorough exposition
of the results. Instead, we summarize the key findings for each study below.

6.2.1 Moribus
From the questionnaires, patients reported that they found Moribus useful to plan
and register activities as part of BA therapy. When processing usage data, we found
highly personalized patterns. In Figure 6.3 we visualize how the type of activities
registered (Figure 6.3a) as well as the corresponding ‘Pleasure’ and ‘Mastery’ was
different between patients (Figure 6.3b). Furthermore, both spatial and temporal
differences existed in how patients chose to register activities. P82 was home on all
occasions, while P88 registered 42% of the activities at home. Regarding time-of-day,
same individualized behavior is seen as shown in Figure 6.4. Some chose a routine
behavior of registering around the same time every day (P13, P92), while a more
sporadic behavior was the case for others (P82, P88).

Moribus

MUBSW1 W2 W3 W4 W5 W6 W7

Study setup at the clinic
1. Consent form signed
2. Installed app
3. Demographic interview

Study 
instructions
on phone

In-app registration:
1. Informed consent
2. Demographic question
3. PHQ + WHO5

In app:
PHQ + WHO5

Semi-structured
interview

Semi-structured
interview

CUMACF

PSSUQ + 
Usefulness

Figure 6.2: An overview of the study procedure. Every grey box represents one
day. CUMACF: CACHET Unified Method for Assessment of Clinical
Feasibility.
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Moribus 43±20 57 71±16 1,684 25±34 3.25±1.15 5.57±4.35 1.67, p = .15
MUBS 33±10 82 76±15 2,895 62±30 3.83±1.08 10.06± 6.42 -1.09, p < .01

Table 6.2: A summary of demographics, usage data, and clinical outcome in the two
studies. The calculated PHQ change is based on a repeated measures t
test for the Moribus data (before and after). While MUBS used a Linear
Mixed-Effects (LME) model to model all time points throughout the
study.

(a) (b)

Figure 6.3: (a) The distribution of the different activity categories registered. The
illustration has been copied from [B.1] (b) The average rating in ‘Plea-
sure’ and ‘Mastery’ for each activity category and each patient.

Through the semi-structured interviews we were particularly interested to know;
(i) how did they find Moribus usable in comparison to their previous experience with
BA paper-based tools; (ii) how they used the visual analytic tools and whether it
provided any useful insights towards better self-efficacy.

The patients were positive of the transformation from paper to a digital system.
They highlighted utilities such as the notifications, and the pie chart (Figure 5.1
A1) that made the experience better. P88 explained further how Moribus facilitated
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Figure 6.4: The distribution on when (24h) a patient went into Moribus and rated
an activity as done, with a corresponding mood and ‘Pleasure’ score.
The blue graph to the right illustrates the distribution across all pa-
tients.

registration in public:

“I don’t want to bring pen and paper with me to register activities... and
in front of people... on the phone it is much more anonymous” [P88]

All patients agreed that the visual analytic tool was a vital asset over the paper-based
version. As, a patient expressed:

“Under the statistics... I found the most valuable tool to analyze my
activities. It provides an understanding of which activities helps me, and
which gives problems that I need to be aware of - or completely avoid.”
[P82]

Of particular importance they highlighted the bar-chart illustrating the average ‘Plea-
sure’ and ‘Mastery’ for each activity category. They could then click to see what
activities - within a category - that had an influence on the average. P82 explained
how s/he became aware of the simple activity such as “Drinking a cup of coffee” had
a positive impact. Although they were fond of the visual analytic tool, they con-
cluded that the hourly activity registrations were tedious. The patients expressed it
as more information flowing into the system than the other way around. However, as
Moribus was designed to be part of BA therapy, it was an understandable reaction.
In therapy sessions, based on the activity data they wrote down, they receive more
direct support to plan specific activities. In the following study with MUBS we had
the opportunity to explore whether this view on Moribus was reduced with a system
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including a comprehensive list of inspirational activities, and a recommender model
to provide actionable feedback.

6.2.2 MUBS
The system was perceived as highly usable. We can not directly compare Moribus
and MUBS, since we did not run a Latin square design7, but comments on usability was
more pronounce in MUBS. It was repeatedly mentioned as an easy, straight-forward
and visually aesthetic app with the simplified overview of planned and done activities:

“Layout-wise it is pleasant. You have the morning, afternoon, evening...
Then you just simply add activities. I think it is nice and easily accessible,
and it gives an overview that is not to confusion. I am insanely unorga-
nized, and I need organization, so I really like to be able to access this
page” [P17]

We used a LME model to describe the time course of the submitted PHQ-8 score over
depressive symptoms. The fitted model showed a statistical significant reduction in
PHQ-8 that was weakened by a positive quadratic relation (Figure 6.5). The patients
added on average 3.00 ± 1.65 activities to their planned overview, totalling 2,895

7The same patient testing both systems

Figure 6.5: PHQ-8 as a function of time for the patients during the use of MUBS.
The grey graph show each individual while the highlighted is the fitted
model.
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activities. A large majority was selected from the catalog of 384 pleasant activities
(62%), while only 4% were picked from a personalized list of recommended activities.
Of the activities picked from the recommendations, 83% were rated with a thumbs
up, and a majority of these were difficulty 1 activities. The activities picked from the
catalog or created by oneself, were in general of higher difficulty (Figure 6.6).

In BA therapy the clinician supports and educates the patient to plan activities.
By having a schedule to follow it becomes easier for the patient to initiate the activity.
Without the same type of support, MUBS was still able to support this behavior as
54% of all completed activities were planned. On their own, patients became aware
of the benefit of planning:

“It worked best [MUBS] when I wrote it down either in the evening or the
following morning, what I had to do that day. I experience a more efficient
and better utilization of the day when I make the plan in advance” [P11]

Therapist also supports the patient to identify pleasant activities. Similar behavior
was supported by MUBS with the included catalog of pleasant activities, together with
the required reflection by a thumbs- up or down. As a patient explained:

“When I have a bad day, I scrolled the list [catalog of activities] I realized
that I had done good things such as applied creme on my hands, used
lavender-oil or something like that. It was nice to see, and it contributed
to the awareness that also such things are part of everyday life and take
up time” [P13]

In Moribus, the patient expressed the feeling that the system demanded more than
it provided. No patient considered MUBS as a burden or similar in their everyday life.
They emphasized the notification, and recommendations as source of feedback and
support:

“I feel that the recommendations are relevant Its also the reason why I feel
as if the app knows me. For instance, I have been very social lately, and
suddenly I see that it recommends me to spend some time alone. I was
surprised since I have been so active. In comparison to the first 14 days
where I was alone, I was like, yes, that is totally fine, it is good to be alone
sometimes. So that I have been”.

6.3 Summary
The clinical outcome of the two feasibility studies were as expected. Moribus was
designed as a tool in BA therapy. It was given to patient to write and log activities
on an hourly basis. As a tool, it did not have a clinical effect on depressive symptoms,
but it functioned as intended. It had a high- usability and compliance rate during
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Figure 6.6: The difficulty picked when registering activities from either the recom-
mendations, the list or custom.

the study, and the patient reported the activity registration as more convenient than
the paper-based version. Since the activity was registered digitally, we added a visual
analytic tool to show summary statistics of the registered activities. This functionality
was positively received, providing value to the patients in the understanding of their
behavior.

MUBS was designed as a stand-alone system to improve on well-being, without the
involvement of the clinical personnel. The system had a significant clinical effect on
depressive symptoms. On average the patient went from moderate levels of depression,
to mild. They used the system as intended with more than half of all activities being
planned beforehand. The catalog of 384 pleasant activities was highly praised and was
a source of inspiration to schedule more enjoyable activities in the patients everyday
life. The recommender model was also used as a source of inspiration, but less likely
that the patient directly scheduled an recommended activity. The recommended
activities were more applicable in situations where the patient had a larger free time-
gap as a result of either unemployment or spare time from vacation or between studies.
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CHAPTER7
Discussion

This dissertation was motivated by the increased number of people experiencing de-
pressive symptoms [149]. The increase in number of qualified clinical personnel does
not follow same levels [26]. While we can not “copy” people, we can copy and scale-
out digital solutions. Delivered care through smartphones has the potential to not
only scale indefinitely, but also to reach suburbs without access to clinics, and pro-
vide free of charge help [133]. We saw a great potential to incorporate BA therapy
into a mobile platform. BA is suitable since it requires minimal clinical contact, is
straightforward to understand, and has proven as effective as other larger therapy
methods [44]. Thus, to summarize our main research question, we were interested to
answer:

What is the feasibility of mobile and pervasive health technology for the
treatment and care of depressive symptoms using a behavioral activation
approach

We defined three sub-questions to guide our research work towards answering
the main research question. We present each sub-question separate and discuss our
findings and implications for future work.

RQ 1: What is the relationship between mHealth sensor data and depres-
sive symptoms? (Chapter 3)

In agreement with Torous et al. [187] we demonstrated the large potential that
data collected from smartphones have to empower patients and clinicians with novel
clinical tools. We saw that behavioral data carried strong personalized traits. For
example, in the hand-written activity data, P5 had registered 55% of all activities as
social-based, while P3 had 11% [A.1]. In the NB recommendation, the personalized
models performed best with individual insights such as P1 that had lower preference
for practical types of activities registered with words such as housework, wash, clean,
groceries, and cook (Figure 3.5) [A.3]. Similar observation was seen in Springer et
al. [177]. An expansion from a generalized model on behavior to individual regression
models on a per user basis improved the explained variance from R2 = .434 to R2 =
.515.

Set aside our data driven findings, personalization is already done in the clinic
by the clinicians. It is demonstrated in various ways from fine-tuning treatment,
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and inter-personal bonds, and selectively chose what information is more important
than others [201]. Therefore, our results serve as a confirmation rather than being
a unique finding – that personalization is also important when working with digital
BA support.

Although individual differences exist in the relationship between behavioral data
and depressive symptoms, there are still several connections that are applicable across
patients. The therapist would never hesitate to recommend: “Take a nice walk in
your nearby park”, as getting fresh air, moving and interacting with other people are
good things [122]. Mobile sensor data has the possibility to sense behavior in these
domains. We identified seven behavioral domains (e.g., social, physical activity, and
device interaction - Table 3.1) [A.2]. We found sensor data that showed consistent
relationship with depressive symptoms across different studies:

• There was a positive relationship between depressive symptoms and the dura-
tion of smartphone usage

• The more the patient was staying home, as measured by the GPS sensor, the
more severe depressive symptoms were reported

• Less physical activation of a patient, as measured by the accelorometer, resulted
in higher levels of reported depressive symptoms

The information is easily captured by the smartphones sensors, and can be a great
additional information for any therapeutic intervention on the phone. Particularly
for BA, as these sensor measures directly link to behavior, and can be used to guide
the therapy.

When modelling behavior one has to consider that there is numerous ‘hidden’
variables and relations. Different ‘Pleasure’ ratings for identical activities was seen in
the activity data. In the statistical analysis of the hand-written data we introduced
one type of second-order relation to the activity ratings. We showed that a day of
routine activities affects the activity ratings positively for the next day [A.1, Figure
5]. Similarly, sleep [A.2] has an influence on mood and the perceived pleasure of
doing things for several days, which is why self-assessments systems such as Monarca
include tracking of these parameters [15]. Simple graphical representations on the
combination of mood and sleep can then serve as support for behavioral sensemaking.

Understanding the type of data that relate to depressive symptoms suggest what
behavioral data we should record and how it can guide therapy. The next step is to
design the therapeutic intervention, as dictated by the next research question:

RQ 2: What is the technical and UX design of mHealth for Behavioral
Activation treatment of depressive symptoms? (Chapter 4-5)

Patients had several insightful opinions during the workshops and prototype ses-
sions. In line with Saunders et al. [166], patients acknowledged that smartphone data
matched with appropriate statistical methods can enhance clinical care and make



7 Discussion 71

time spent with psychiatrists more efficient. The idea of supporting part of or com-
plete therapeutic interventions on a digital system was positively received. Patients
immediately recognized several advantages such as registrations in public, and the
possibility of data-driven insights. Patients had several ideas on how to present the
data to leverage these insights. It was emphasized that:

• An mHealth system should show the relation between activities, mood and/or
‘Pleasure’ rating

Additional abstract ideas were highlighted where mood is associated with the amount
of different activities and how it is distributed. Visual analytic tools and sensor data
to facilitate sensemaking has been found beneficial in many ways [98, 127]. It guides
the patient to better understand his/her disorder, and provides a higher level of details
in the recollection of past events which, in turn, improves satisfaction during therapy
sessions.

Registering activities on a digital system was not considered a burden. The pa-
tients were willing to fill in activity information, even hourly-based as done on the
standard paper based method [122], as long as it was done with few taps:

• Activity registration should be done with few taps

This led to the design choice of organizing activities into categories. Selecting an AC
is a quick way of registering or planning activities instead of writing an activity text.
The finalized AC design to label activities has been a recurrent motif in our work [A.1,
A.3, B.1, B.2, C.1, C.2]. The change in terminology of American Time Use Survey
(ATUS) was done to frame it in clinical terms that are understandable by clinicians.
For instance, what ATUS defines as ‘Personal care activities’ with activities such
as ‘Sleeping’ and ‘Eating & drinking’ is in mental health referred to as ‘Daily living’.
This category is particularly interesting within mental health research as it is the main
factor affecting the quality of life [5]. Another example is the grouping of ‘Leisure and
sports’ in ATUS. In our work to identify feature categories of objective data associated
with depressive symptoms [A.2], physical activity was a highly studied feature (as we
show in Table 3.1). It was consistently shown to be reduced in depression – also by
another systematic review [169]. These considerations resulted in six AC’s that carries
clinical value. In our design we added an ‘other’ category to accommodate peculiarly
activities as well as private behavior that the patient can choose to not impact the
statistics from the six categories. We are aware that an ‘other’ categorization may
lead to patients classifying activities into this category if in doubt. This can be
avoided by designing custom categories as we saw in the EmotiCal system where the
users were able to choose two custom labels [177]. However, we deliberately chose to
keep a standard set of choices to be able to compare between participants as we did
in [A.1] and to open op for the possibility of introducing novelty into a recommender
feature as we demonstrated in [A.3]. In this case, unknown activities that might fit
a given user, has to have predefined AC’s within our design space when developing a
content-based recommender system.
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A patient mentioned the opportunity to:

• Receive inspirations of specific activities during planning

An opportunity that was welcomed by the clinicians as they tend to repeat similar
activity suggestions for patients. As mentioned in Table 4.1 we included Lewinsohn
& MacPhillamy [119] published list of pleasant activities as a result of their Pleasant
Event Schedule (PES) research in 1982. Here, the participants were told to create a
list of enjoyable activities, rank them, and introduce some of these activities in the
following week plan. The list was published without any ranking, and we manually
ranked all activities with a difficulty level. We discussed this choice with the patients,
and they agreed that a standard difficulty level was fine as long as it can be edited. In
our later empirical work, we learned that only few patients edited the level and were
satisfied with the standard values [B.2]. The list also served an important purpose
regarding our standardized AC. What is referred to as ‘Recognition rather than recall’,
and is one of 10 usability heuristics [140]. The workload of the patient would be
considerably lower by adding examples of activities within each AC. Although ‘Social’
activity might be easy to understand, a category such as ‘Daily living’ would be easy
when the patient reads the suggested activities (e.g., “get a warm shower”, or “prepare
a good meal”). Adopting a list of specific activities is not uncommon in BA technology.
Ly et al. [114] included a database of 54 activities that the patients could select from.
They prefer to select from the list, but commented the activities as being too few and
too simple [113]. From our empirical work we learned that a list of 384 activities was
well received, and the simple activities were quickly filtered out by the difficulty level,
when not applicable [B.2].

MUBS was designed as a standalone application to utilize BA methodology to as-
sist and guide the user towards better well-being. As such, the workshop and the
interdisciplinary design sessions, were focused on motivation, goal setting, feedback
design. There was a shared theme centered around:

• positive reward for doing activities

One group in the workshop mentioned encouraging notifications such as: “Yesterday
you were really active”, “Yesterday you took your medicine”, while another designed
a trophy system. Interestingly, one patient shared an approach s/he used. Prior
each day, the patient would spend the evening planning activities and assigning a
number of stars to each. The goal was to collect as many stars as possible. Hence,
more stars were allocated to tasks that were perceived as harder to initiate, as an
incentive to perform them. The star system draws several parallels to the ‘Mastery’
score in BA [104]. The collection of points was adopted in our work [B.2] as the term
‘Difficulty’ points. Similar gamification alike features have been implemented in other
well-being systems. For instance, Lin [109] used passive phone sensor to infer whether
the participants behaviour was within recommended standards (e.g., if they slept 8
hours) and gave points accordingly. The point system was a motivating factor for the
participant and enhanced the adherence to the system.
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Goal setting is a concept within BA and an important technique for behavioral
change [179]. Several standalone apps implements goal settings in various form. The
PRIME app [168] had a list of 36 goals to chose from, e.g., “deepen my relationship
with my family”, while in the HeadGear [46] app they had to reach the end of a ‘road’
through 30 daily tasks. Therefore there was an agreement that MUBS should include
a goal in its design:

• Implement goal setting

The clinicians argued, as an app defined to improve well-being and reduce depressive
symptoms, already had a self-appointed goal – to improve well-being. They referred
back to the five general recommendations and said that balancing these should be
a goal. The goal of a balance among the different areas led us to the design of a
stair-case model for all AC. We refer to this star-case model as a pyramid [B.2].

The designed systems were then subject to a clinical feasibility study, leading to
the third research question:

RQ 3: What is the clinical feasibility of mHealth tools for Behavioral
Activation treatment of depressive symptoms? (Chapter 6)

mHealth Technology as a tool for delivering or supporting therapy was a novel
concept for many of the patients. Early interaction with a system is particularly
difficult for patients experiencing depressive symptoms [159], which often results in
poor adherence to mHealth systems [188]. Furthermore, the visual interface has to
be tailored for a general audience with potentially limited numeracy and medical
knowledge [76], and be engaging, interactive, and allow for personalization [79]. The
number of factors, and barriers for the adoption of mHealth systems in everyday life
are plenty [196, 192].

In our two studies we could relate to these barriers. In Moribus we designed
hourly notifications to remind them and ease the process of registered ‘done’ activi-
ties. When inspecting the registration patterns (Figure 6.4), some users deliberately
chose to register all their activities for the day in the evening. For them the hourly
notifications were pointless. Minimizing all sorts of disruptive experiences is key for
patient engagement [31]. This also includes bugs in the software. One patient stopped
using Moribus after experiences errors in the calendar view. Some activity entries
were reported as moved from one day to the next.

Allowing for personalization had the benefit of breaking down some of the previous
listed barriers. The bubble chart in Moribus (Figure 5.1D3) displays the average
‘Pleasure’ for each AC as a function of time. The larger ‘Pleasure’, the larger bubble.
One patient mentioned how it helped to understand that going to the fitness was
most pleasurable in the evening, while another patient had no clue how to interpret
the figure. Instead, the patient found the bar-chart (Figure 5.1 D1) insightful:

• The patients found their own personal way to enhance the benefit of the system
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In the MUBS system, we saw how P5 used the daily reflection text-box that appears
during mood rating. The patient was very happy to use this reflection as a diary that
s/he could go back and see these small messages. A majority of the other patients
never used this feature, but most importantly, they were not bothered by it. The
same comment was given about other features in MUBS, including the Routine tab.
Some patients mentioned how they currently did not have a daily life characterized
by routine behavior but could see themselves use it once they had a job. Similarly
they mentioned how the ‘difficulty points’ and the structure of the AC enhanced their
use of MUBS to fit their personal situation and preferences:

• We experienced how the system allowed for personalization to improve on the
usability

In MUBS, we documented a statistical significant clinical effect on depressive symp-
toms. The patients got better. While we cannot pinpoint the reason, or prove a
causal effect, we can highlight some indicative data and subjective opinions.

The access to the 384 long catalog of pleasant activities was used by all patients
in the study. They became aware of the smaller everyday activities that they actually
engaged in, which is usually hidden in negative thinking [141]. The catalog also
helped the patient to cope with periods lacking activities with positive enforcement:

• The catalog of pleasant activities facilitated planning of more enjoyable activi-
ties in the patients everyday life

In depressive periods, patient looses decision making abilities and ideas for enjoyable
activities [26]. Several mental health apps lacks the ability to provide specific activ-
ities or actions to perform [109, 45, 46]. This is a significant weakness as specificity
increases the probability of users enacting those activities [173]. We believed that
the recommender model would be adopted more by the patients to schedule specific
personalized activity. However, we experienced how the catalog was supporting this
behavior, and the recommender model ‘only’, additionally to the catalog, added a
sense of connection to the patient that the app was tailored to them. First, the rec-
ommendations were not applicable for patients that were experiencing less depressive
symptoms and in general had a daily life characterized by routines. Second, when
the patients were experiencing depressive symptoms, it was easier to passively scroll
through the catalog than access the recommendations. Several patient expressed how
they would have liked a notification that recommended a specific activity to schedule.
This has also been proposed elsewhere [67]. While on the other side, in the workshops,
they expressed less desire for an app to start telling them what to do. An idea, which
we also touched upon briefly, would be to use the passive sensor data to ‘trigger’
a recommendation through notification, when the data suggest that the patient is
experiencing more severe depressive symptoms.

Another facilitating aspect of the positive outcome from the app was the ‘Diffi-
culty points’. The patients explained how they edited the activity and increased the
points to motivate the enacting of the activity. Once completed they felt rewarded,
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and whatever behavior that followed was unimportant as their feeling of guilt was
diminished.

• Collecting ‘Points’ and seeing the activity ‘done’, provided a feeling of reward
and improved self-efficacy

Last, the mere fact of planning activities the night before, or in the morning,
was repeatedly mentioned as most effective in regards to the utilization of the day.
Without planning an activity, it was easier to postpone activities they had in mind.
However, once it was written in the app they felt more obliged to follow the plan.

• By having a pre-scheduled plan of the day, was an incentive to follow it and
carry out the activities

This discussion highlights the feasibility of Moribus and MUBS as systems for BA
treatment of depressive symptoms. Although MUBS is designed to be used independent
of the clinic, we want to make it clear that we do not – by any means – claim that
MUBS can replace therapy sessions. Several of the patients had regular therapy session
during the study, and several research studies repeatedly advocate for the combination
of app usage and face-to-face therapy sessions [25]. However, MUBS might be a good
system to fill the gap while patients are waiting for treatment [102]. Recently, it was
shown that psychiatric patients that transfer from the kids & youth psychiatry clinic
to the adult psychiatry unit are not sufficient supported and is often experienced as
a no man’s land [95]. Perhaps MUBS could be a prime candidate in this situation?

7.1 Limitations
We developed digital tools for patients with affective disorder, and collaborated with
the Psychiatric Centre Copenhagen, Department of Affective Disorders, Rigshospi-
talet. Our inclusion criteria was patients who had experienced depressive symptoms.
Surprisingly, a consequence of this was an overrepresentation of patients diagnosed
with a bipolar disorder, both in the design meetings and the clinical evaluations. This
led to more mood-related discussions during the end interview.

In Moribus we never evaluated the system with therapists. The system was de-
signed as a tool to be used in a later consultation with a therapist, and – as a feasibility
study – it would have been natural to investigate how they, together, used Moribus.
Instead we kept the focus on the patient side of usage.

In MUBS we used time and day context-based filters. We did not include more
informative context information, that was otherwise available from the passive sensor
recordings, to post-filter the proposed activity recommendations. As an example of
the consequence, a patient commented on a received recommended activity: “go for
a walk with the dog”, even though the patient did not have a dog.

Last, we would like to emphasize a limitation concerning potential privacy issues
that the system has to be mindful of. In data-driven BA therapy with automatic
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activity recommendations, there is a need to report daily life activities. Else, the
system would have no idea what type of activities co-exist with your way of life,
and the model will not be able to recommend appropriate activities. This type of
intervention can open up to some privacy harms [175]. For this reason, there is a
chance people might be concerned [162, 191]. The issue was out of scope for this
dissertation but we welcome future work within ethical considerations in mHealth
systems for BA.

7.2 Future work
This dissertation presents the design and development of a mHealth system adhering
to the core BA ingredients. However there are still several treatment techniques
in therapy [122] that are not implemented in our systems, which could add great
value to our intervention. For instance, the therapists has techniques to break down
patient barriers on initiating activities. They would assist the patient to break down
the activity into smaller manageable sub-activities. To facilitate this support, we
could add an option next to the delete button called “Skipped”. The option could
then initiate a dialog that helps the patient to define less difficult sub-activities and
thereby reduce risk of hopelessness and discouragement.

As mentioned in the Limitations, the recommender model could be improved to
include more context-based information. Although the model has to be aware that the
intention of the patient might be to plan an activity for tomorrow, which represents
a different context. Furthermore, several patients asked for a more accessible method
to access or receive recommended activities. One method could be to directly attach
the output of the recommender model (i.e., the probability of the patient enjoying an
activity) on the catalog of activities. The patient can then sort and filter out the less
relevant – as determent by the model – activities.
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Conclusion

The objective for this Ph.D. research project was to investigate the feasibility of
a mHealth technology supporting Behavioral Activation (BA) methodology for the
treatment of depressive symptoms. Through our theoretical contributions, we have
shown how mHealth technology can be a perfect tool in depressive care and for BA
data. It can assist to (i) utilize its embedded sensors to find generic correlations
related to the patients’ depressive symptoms, (ii) use computational power, to provide
summary statistics of BA patterns, and (iii) use its connectivity capabilities to provide
machine-learning based personalized recommendations calculated from cloud-based
models.

We designed a mHealth smartphone app to support BA therapy, together with
patients. The app was subject to a 4-week clinical feasibility study. We demonstrated
that the patients were willing to use an app in their treatment, and that its visual
analytic tools provided several insights into their behavior.

With the gathered activity data from the study we were able to develop and
demonstrate a personalized recommender model. The model was able to suggest,
with over 70% accuracy, specific activities that a patient would find enjoyable to do.
We developed a second mHealth smartphone app that incorporates the personalized
recommender model to provide BA treatment without the need of face-to-face therapy.
Through a 8-week clinical feasibility study of the app, we saw high adherence to the
principles of BA. The patients planned activities based on a list of general suggestions
on pleasant activities, and from the recommended activities. The app improved their
self-efficacy and awareness of positive behaviour that they enact on. They introduced
more enjoyable activities in their everyday life and we observed a statistical significant
reduction of the patients’ depressive symptoms during the study.

A strength of this dissertation was our collaboration with the local psychiatric
clinic. We had access to the same user group that we were building for. In this
way, we were able to use clinical patients from the early design phase, to the final
evaluation of the systems.

Based on our contributions, both theoretical and empirical, we can conclude that
there is a strong incentive for mHealth technology in the treatment of mental disorders.
Both as a tool to be used adjunct to therapy sessions, but definitely also as a private
‘companion’ that can support you ubiquitously.
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Workshop [MUBS]
Part 1. Registrations within the app

DARIUS A. ROHANI, ANDREA QUEMADA LOPATEGUI, NANNA
TUXEN, MARIA FAURHOLT-JEPSEN, LARS V. KESSING, JAKOB E.

BARDRAM
Psychiatric Center Copenhagen, Department O, 6233, Rigshospitalet.

March 15, 2018

Setting

The workshop room will be decorated with inspirational images on the
wall and images of activity categories. The images are from CACHET’s
stock database, and features people, nature, achievements etc (see Figure
1). There will be one facilitator (DAR) and one person documenting (AQL).
The participants includes a software engineer, UX designers, a psychologist,
a medical doctor, and three patients diagnosed with bipolar disorder.

Coffee and cookies/healthy-alternatives will be prepared (DAR).

Figure 1: Inspiration pictures
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Music will be played during the workshop. A calming inspirational
theme that boosts the creativity of the participants.

Goal

The aim of this workshop is to gather knowledge about how the users of
the app (app name: MUBS) should register their daily tasks. The daily tasks
are defined as five + one activities that the users should do every day:

1. Get a good sleep

2. Take your medicine

3. General Hygiene

4. Get outside

5. Get in contact with someone else (social)

6. Register your mood, in the end of the day

To achieve the task, the workshop will be facilitated with two main activities.
First an active idea creation by the attendees, then a pros and cons on
existing idea sketches developed by DAR, AQL, JEB. The following section
gives a detailed description of the agenda.

Agenda

1. Cachet introduction

Author Jakob E. Bardram

Duration 3 minutes

Jakob will re-use his old introductory presentation he gave the last
workshop. It introduces an outline of the day, the goal, existing work and
inspirational slides of other health-related applications.

This is followed by each participant given a short presentation of their
hobbies and interests. A name tag is created and applied.

2. Behavioral Activation & MUBS

Author Darius A. Rohani

Duration 5 minutes
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Behavioral Activation (BA) is introduced. Then an introduction is given
about our previous/on-going BA app MORIBUS, with a talk of the things that
is challenging, what we learned, did not work, and needs to be changed.
This is then ended with a presentation of MUBS, with the five + one activities.

3. Inspirational break

Author Darius A. Rohani

Duration 4 minutes

The participants will make a short break, stand up, and walk among the
inspirational images that are placed on the walls around the room. Music
will be playing. (DAR) will explain this: "now stand up, look at the pictures
around the room, do you like it? Does it inspire you to be more active? Do
you want to be in that situation?". "Now we sit down and start the first
activity of the workshop".

4. Hands-on

Author Darius A. Rohani

Duration 2*15 minutes

Then we split in three groups, drawing a number from a bag, with the
participants given several semi-empty smartphone sketches as illustrated in
Figure 2

Visualization

The groups are asked to sketch two ideas/ways of illustrating - on the main
app screen - how they are progressing with the five + one activities. They
should have in mind that the goal of the visualization is to motivate the user
to do the activities.

They should think about two main things: The type of visualization
(graph, butterfly, flowers) and the data shown (last 7 days of the registration
of the activities - "Did I go out the door on Tuesday?", the amount of activities
done to reach a goal - "I did 3 out of the 6 things today, yeah!", the registered
time or context - "I already went out the door at 12 yesterday, nice").

Registration

The attendees are asked to sketch two ideas of how the users are suppose
to interact with the main screen to register that they did do the five + one
activities. The goal of this interaction should be an immediate feeling of
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Figure 2: A semi-empty phone sketch

achievement: Yes, I did it. Of course both the Registration and Visualization
parts and should be combined.

The ideas are shared and discussed among the participants, in order to
get all the thoughts out and learn as much as possible from each other.

The ’hands-on’ is ended.

5. 2nd break - energizer

Author Darius A. Rohani

Duration 4 minutes

Everyone close their eyes. We play some relaxing music (AQL). The
facilitator describes a very relaxing scenario for 1 minute. The second minute
the facilitator starts describing really extravagant objects in the relaxing
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scene. The participants are not longer relaxed and the facilitator is boosting
their creativity. The facilitator asks the attendees to open their eyes, stand
up, raise up their hands and let them fall x 3 times. Attendees are energized
and ready for the next activity.

4. Attendee comments

Author Darius A. Rohani

Duration 15 minutes

Three new groups are formed by facilitator giving a number from 1-3 to
each participant. They are presented with 3 sketches, as visualized in Figure
3, of ideas that have been developed by authors (DAR), (AQL), (JEB). One
sketch for each group, which rotates 2 times. The sketch is placed on a A3
sheet, and each group is asked to write pros/cons and idea comments down
for each sketch on the A3 sheet.

Figure 3: low-fi sketches of authors design ideas.

5. New sketchings [BONUS]

In case of more time, the attendees are handed out clean/empty phone
sketches and are completely free to draft ideas down together with the
participants.
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APPENDIX F
Sensing toolkits

Table F.1 provides a quick overview of the available mobile sensing toolkit during the
implementation of Moribus.

Name Organization Lang. Last
update Platform GPS Phone

log
Screen
events

Funf
Massachusetts

Institute of
Technology (MIT)

Java 11 Jan
2016 Android ✓ ✓ ✓

Sensingkit
Queen Mary
University of

London
Java/Obj.C 12 Nov

2018
Android,

iOS ✓ ✓ ✓

Sensus University of
Virginia C# Up-to-

date
Android,

iOS ✓ ✓ ✓

AWARE University of Oulu Java/Obj.C Up-to-
date

Android,
iOS ✓ ✓ ✓

PACO Google Java/Obj.C Up-to-
date

Android,
iOS

EmotionSense University of
Cambridge Java/Swift 20 Apr

2016
Android,

iOS ✓ ✓ ✓

ohmage
University of

California, Los
Angeles

Java/Obj.C 6 Aug
2018

Android,
iOS ✓

Purple Robot Northwestern
University Java 11 Apr

2016 Android ✓ ✓
Research

Stack Cornell University Java 27 Jan
2017 Android

Open data kit University of
Washington Java Up-to-

date Android

Table F.1: A list of free public toolkits for mobile sensing.
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Scientific Contribution
[A.1] Darius A Rohani, Nanna Tuxen, Andrea Quemada Lopategui,

Lars Vedel Kessing, and Jakob Eyvind Bardram. Data-driven learning in
high-resolution activity sampling from patients with bipolar depression:
Mixed-methods study. JMIR mental health, 5(2):e10122, 2018.

[A.2] Darius A Rohani, Maria Faurholt-Jepsen, Lars Vedel Kessing, and
Jakob E Bardram. Correlations between objective behavioral features col-
lected from mobile and wearable devices and depressive mood symptoms
in patients with affective disorders: Systematic review. JMIR mHealth
and uHealth, 6(8):e165, 2018.

[A.3] [SUBMITTED] Darius A Rohani, Aaron Springer, Victoria Hollis,
Jakob E Bardram, and Steve Whittaker. Recommending activities for
mental health and well-being: Insights from two user studies. IEEE Trans-
actions on Emerging Topics in Computing. Special Section on New Fron-
tiers in Computing for Next-Generation Healthcare Systems, 8(1):1–12,
2020.

[B.1] Darius A Rohani, Nanna Tuxen, Andrea Quemada Lopategui, Maria
Faurholt-Jepsen, Lars V Kessing, and Jakob E Bardram. Personalizing
mental health: A feasibility study of a mobile behavioral activation tool
for depressed patients. In Proceedings of the 13th EAI International Con-
ference on Pervasive Computing Technologies for Healthcare, Pervasive-
Health’19, pages 282–291, New York, NY, USA, 2019. ACM.

[B.2] [SUBMITTED] Darius A Rohani, Andrea Quemada Lopategui, Nanna
Tuxen, Alban Maxhuni, Maria Faurholt-Jepsen, Lars V Kessing, and
Jakob E Bardram. Supporting behavioral activation in mental health
by mobile activity recommendations. In Proceedings of the 2020 CHI
Conference on Human Factors in Computing Systems, CHI ’20, pages
3:1–3:13, New York, NY, USA, 2019. ACM.

[C.1] Darius A Rohani, Nanna Tuxen, Lars V. Kessing, and Jakob E.
Bardram. Designing for hourly activity sampling in behavioral activa-
tion. In Proceedings of the 11th EAI International Conference on Perva-
sive Computing Technologies for Healthcare, PervasiveHealth ’17, pages
431–435, New York, NY, USA, 2017. ACM.
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[C.2] Jakob E. Bardram, Darius A Rohani, Nanna Tuxen, Maria Faurholt-
Jepsen, and Lars V. Kessing. Supporting smartphone-based behavioral
activation: A simulation study. In Proceedings of the 2017 ACM Inter-
national Joint Conference on Pervasive and Ubiquitous Computing and
Proceedings of the 2017 ACM International Symposium on Wearable Com-
puters, UbiComp ’17, pages 830–843, New York, NY, USA, 2017. ACM.
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