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OUTLINE OF TALK
• MONARCA – an adventure in ubiquitous computing 

research in mental health

• Looking back at 10 years of research
– technologies
– technical evidence
– clinical evidence

• Looking ahead at the next 10 years of research
– from apps to platforms
– from sensing to intervention
– from pilot studies to clinical uptake
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COPD, chronic obstructive pulmonary disease.

a This category also includes other non-infectious causes arising in the perinatal period apart from prematurity, low 
birth weight, birth trauma and asphyxia. These non-infectious causes are responsible for about 20% of DALYs shown 
in this category.

Figure 27: Ten leading causes of burden of disease, world, 2004 and 2030
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Opportunities for UbiComp in mental health?
• “A continuous multimodal monitoring is of 

particular importance for preventing mental 
disorders. A relevant example is prevention of 
clinical depression. An early assessment of risk
factors or an early detection of negative vital signs
could significantly reduce this cost through early
prevention.” (2010)

• Idea
– mobile sensing
– ecological momentary assessment
– mood / episode prediction
– psycho-education
– clinical evaluation
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Summary 
Objectives: The aging of the population cre-
ates pressure on the healthcare systems in 
various ways. A massive increase of chronic 
disease conditions and age-related illness are 
predicted as the dominant forces driving the 
future health care. The objective of this paper 
is to present future research demands in per-
vasive healthcare with the goal to meet the 
healthcare challenges by paving the way 
for a pervasive, user-centered and preventive 
healthcare model.  
Methods: This paper presents recent meth -
odological approaches and proposes future 
research topics in three areas: i) pervasive, 
continuous and reliable long-term monitoring 
systems; ii) prevention through pervasive 
technology as a key element to maintain life-
long wellness; and iii) design and evaluation 
methods for ubiquitous, patient-centric tech-
nologies. 
Results: Pervasive technology has been 
identified as a strong asset for achieving the 
vision of user-centered preventive healthcare. 
In order to make this vision a reality, new 
strategies for design, development and evalu-
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ation of technology have to find a common 
denominator and consequently interoperate. 
Moreover, the potential of pervasive health-
care technologies offers new opportunities 
beyond traditional disease treatment and 
may play a major role in prevention, e.g. moti-
vate healthy behavior and disease prevention 
throughout all stages of life. In this sense, 
open challenges in future research have to be 
addressed such as the variability of health in-
dicators between individuals and the manner 
in which relevant health indicators are pro-
vided to the users in order to maximize their 
motivation to mitigate or prevent unhealthy 
behaviors. Additionally, collecting evidence 
that pervasive technology improves health is 
seen as one of the toughest challenges. Prom-
ising approaches are recently introduced, 
such as “clinical proof-of-concept” and bal-
anced observational studies.  
Conclusions: The paper concludes that per-
vasive healthcare will enable a paradigm shift 
from the established centralized healthcare 
model to a pervasive, user-centered and pre-
ventive overall lifestyle health management. 
In order to provide these new opportunities 
everywhere, anytime and to anyone, future re-
search in the fields of pervasive sensing, per-
vasive prevention and evaluation of pervasive 
technology is inevitably needed.  

1. Introduction  
Before the 20th century, medical care was 
delivered at home, through visits from 
 mobile family physicians who packed the 
necessary medical technology into a doc-
tor’s bag. In the 20th century rare and ex-
pensive resources, such as heavy technol-
ogy and specialist providers, had to be cen-
tralized in hospitals to make their utiliza -
tion effective [1]. Nowadays, the ageing of 
the population exerts pressure on the 
healthcare systems in various ways: increas-
ing of chronic diseases and co-morbidity, 
problems of compliance to medication and 
lifestyle guidance among the elderly, and 
the need for long-term care and assistance 
of elderly people [2]. According to [3], a 
massive increase of chronic disease con-
ditions and age-related illnesses are pre-
dicted as the dominant forces driving the 
future health care. Driven by quality and 
cost issues, the healthcare systems have to 
change radically in the near future from 
current healthcare professional-centric sys-
tems to distributed networked healthcare 
systems in which the individual becomes an 
active partner in the care process [4]. Ac-
cording to [5], there is the need to move 
from managing illness to maintaining well-
ness. In this transformation, pervasive tech-
nologies will play a major role [6]. Research 
on pervasive computing technologies for 
healthcare does not aim to replace tradi-
tional healthcare but is rather directed to-
wards paving the way for a pervasive, user-
centered and preventive healthcare model.  

1.1 Pervasive Healthcare 
 Definition 

Pervasive healthcare may be defined from 
two perspectives: i) as the application of 
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MONARCA
• MONARCA System

– a personal health technology supporting the treatment of 
patients suffering from bipolar disorder (manio-
depressive)

• EU STREP project w. 13 European partners
– academic, industrial, clinical
– 2010 – 2013 

• Copenhagen team
– The Copenhagen Clinic for Affective Disorder, University 

Hospital of Copenhagen (”Rigshospitalet”)
– IT University of Copenhagen
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User-centered Design
• Patients and clinicians at the University Hospital of 

Copenhagen.
• Bi-weekly design sessions over 12 months, each with 3 

hours duration
• ~3 patients, ~3 clinicians and ~3 designers.

• Design session consisted of:
• sketching and brainstorming
• lengthy discussions about features
• feedback on iterative prototyping

G Marcu, JE Bardram, S Gabrielli. A Framework for Overcoming 
Challenges in Designing Persuasive Monitoring Systems for Mental 
Illness. In Proceedings of Pervasive Health 2011, p.1-10, 2011
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SYSTEM FEATURES
• Self-assessment (participatory sensing)

– mood | sleep | stress | medicine | …
• Auto-assessment (opportunistic sensing)

– physical activity | mobility | social activity | 
phone usage | voice

• Feedback
– visualizations | medication | actions-to-take | 

triggers | early-warning-signs | impact factors
• Mood forecast

– predict mood for next 5 days

13

Bardram JE, Frost M, Szanto K, Marcu G. The MONARCA self-assessment system: a 
persuasive personal monitoring system for bipolar patients. In: Proceedings of the 2nd ACM 
SIGHIT International Health Informatics Symposium. IHI ’12. ACM; 2012:21-30.
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DOUBLE LOOP

14

Bardram JE, Frost MM. Double-Loop health technology: 
Enabling socio-technical design of personal health 
technology in clinical practice. In: Designing Healthcare 
That Works: A Sociotechnical Approach. ; 2017.
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Clinical Trials

2010

MONARCA v.1 MONARCA v.2

Clinical Trial #1 Clinical Trial #2

Randomized Clinical Trial #1

2012 2015

1. Patient (usefulness & usability)
2. Technical (mood forecasting)
3. Diagnosis / Monitoring 

(self-assessment vs. clinical rating)
4. Treatment (efficacy in treatment)

16



A Decade of Ubiquitous Computing Research in Mental Health April 2019

Usefulness & Usability
Clinical evaluations have shown that the 
MONARCA system

– have a very high compliance rate (87-
95%)

– is considered very useful and very 
usable by patients and clinicians

– helps patients better manage their 
disease

– helps clinicians in better patient 
treatment
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P48 m 29 4 iPhone 15 -1 Student 0 n/a n/a 65 50 57 76 87 4.00 0
P49 f 50 4 Nokia 20 0 Unemployed 59 95 2.88 40 26 38 65 68 3.80 1
P55 m 29 2 Nokia 13 0 Shipping 59 95 2.97 99 60 60 60 100 3.87 0
P57 f 35 4 SonyE. 15 0 Accountant 62 100 3.00 90 76 86 84 88 4.00 0
P58 f 34 2 Samsung 10 0 Teacher 43 69 2.04 98 96 97 97 98 3.31 6
P59 f 38 4 Nokia 13 -1 Unemployed 43 69 2.77 98 74 92 75 80 3.77 0
P61 f 34 4 iPhone 14 0 Self-employed 59 95 2.34 68 64 68 94 94 3.56 1
P63 f 20 5 HTC 9 0 Student 0 n/a n/a 22 8 14 36 57 3.38 0
P64 f 51 2 Nokia 14 1 Pensioner 59 95 2.22 77 77 77 100 100 3.87 15
P66 m 45 4 SonyE. 12 0 Student 50 80 3.00 70 61 69 87 88 3.80 51
P67 m 37 5 iPhone 15 1 Ph.D. student 0 n/a n/a 53 46 52 86 88 3.78 11
P70 m 37 4 iPhone 15 -1 Musician 0 n/a n/a 49 47 49 95 95 4.00 2
Avr. 36 14 36 87 2.65 69 57 63 80 87 3.76 7

Table 1. Participation in the MONARCA trial study. From left: participation ID; demographic data; and data from the normal paper-based self-
assessment forms, and usage data for the 14 weeks trial study of the MONARCA system.

CSUQ item Description avg. sd.
OVERALL Overall satisfaction 2.60 1.01
SYSUSE System usefulness 1.93 0.42
INFOQUAL Information quality 3.32 1.10
INTERQUAL Interface quality 2.71 0.93

Table 2. The CSUQ usability results on a Likert scale from 1–7:
1=Highly agree; 7=Highly disagree.

reported (activity is missing), and we see a slightly lower de-
gree of compliance (2.65 out of 3.00 is 88%).

Finally, looking at the use of the website, it is quite evident
that this is not used by most of the participants. P66, P64 and
P67 show moderate use. The extensive use by P66 is due to
this patient being interested in the data visualization, where
he accessed the website constantly, just to look at the graphs.

System Usability
Table 2 shows the usability scores as measured by the IBM
Computer System Usability Questionnaire (CSUQ) on a 7-
point Likert scale from ‘Strongly Agree’ (1) to ‘Strongly Dis-
agree’ (7). From these scores we can conclude that the overall
usability of the system is good (OVERALL = 2.60) and the
users found the system very useful (SYSUSE = 1.93). This
reflects a low score in simplicity, comfortability and learn-
ability, and efficiency. The information quality score is lower
(INFOQUAL = 3.25) which can be ascribed to problems with
the error messages of the system, which scored 5.33, and did
not help users fix the problems they may have experienced.
Finally, the system scores well in interface quality in general
(INTERQUAL = 2.86), but the study showed that it did not
have all the functions and capabilities that patients expected.

System Perceived
Usefulness Usefulness
avg. sd. avg. sd.

Disease Mgmt. 3.16 1.55 2.16 1.02
Self-assessment 2.21 1.06 1.73 0.72
Visualization 2.22 1.39 1.66 0.78
Alarms 2.34 1.44 2.13 1.88
Triggers 3.59 1.31 2.71 1.02
Early Warning Signs 3.44 1.18 2.36 0.78
Actions to take 3.25 1.52 2.34 0.88
Medication 4.30 1.50 3.17 1.51
Website 3.00 1.70 2.63 1.76

Table 3. Questionnaire results on ‘System Usefulness’ as used in the trial
period and ‘Perceived Usefulness’ in the future. Users reported on a 1–7
point Liket scale on the question of “The MONARCA system is useful
for ...”: 1=Highly agree; 7=Highly disagree.

This was also mentioned in the interviews, and we will return
to this in the discussion below.

Usefulness and Perceived Usefulness
In the usefulness questionnaire we asked 38 questions di-
vided into 10 categories, using the 7-point Likert scale. The
categories and average scores are shown in Table 3. The
usefulness of the system for disease management during the
trial scored 3.16. This means that patients agree (though not
strongly) that MONARCA helped them in managing their
bipolar disorder. This category addressed wether the patients
became better at managing their disease (2.92), wether they
were made more aware of their disease (2.50), the specific
usefulness of the application for disease management (3.33),
the usefulness of the website (4.33), and if the application

Session: Mental Health CHI 2013: Changing Perspectives, Paris, France
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P48 m 29 4 iPhone 15 -1 Student 0 n/a n/a 65 50 57 76 87 4.00 0
P49 f 50 4 Nokia 20 0 Unemployed 59 95 2.88 40 26 38 65 68 3.80 1
P55 m 29 2 Nokia 13 0 Shipping 59 95 2.97 99 60 60 60 100 3.87 0
P57 f 35 4 SonyE. 15 0 Accountant 62 100 3.00 90 76 86 84 88 4.00 0
P58 f 34 2 Samsung 10 0 Teacher 43 69 2.04 98 96 97 97 98 3.31 6
P59 f 38 4 Nokia 13 -1 Unemployed 43 69 2.77 98 74 92 75 80 3.77 0
P61 f 34 4 iPhone 14 0 Self-employed 59 95 2.34 68 64 68 94 94 3.56 1
P63 f 20 5 HTC 9 0 Student 0 n/a n/a 22 8 14 36 57 3.38 0
P64 f 51 2 Nokia 14 1 Pensioner 59 95 2.22 77 77 77 100 100 3.87 15
P66 m 45 4 SonyE. 12 0 Student 50 80 3.00 70 61 69 87 88 3.80 51
P67 m 37 5 iPhone 15 1 Ph.D. student 0 n/a n/a 53 46 52 86 88 3.78 11
P70 m 37 4 iPhone 15 -1 Musician 0 n/a n/a 49 47 49 95 95 4.00 2
Avr. 36 14 36 87 2.65 69 57 63 80 87 3.76 7

Table 1. Participation in the MONARCA trial study. From left: participation ID; demographic data; and data from the normal paper-based self-
assessment forms, and usage data for the 14 weeks trial study of the MONARCA system.

CSUQ item Description avg. sd.
OVERALL Overall satisfaction 2.60 1.01
SYSUSE System usefulness 1.93 0.42
INFOQUAL Information quality 3.32 1.10
INTERQUAL Interface quality 2.71 0.93

Table 2. The CSUQ usability results on a Likert scale from 1–7:
1=Highly agree; 7=Highly disagree.

reported (activity is missing), and we see a slightly lower de-
gree of compliance (2.65 out of 3.00 is 88%).

Finally, looking at the use of the website, it is quite evident
that this is not used by most of the participants. P66, P64 and
P67 show moderate use. The extensive use by P66 is due to
this patient being interested in the data visualization, where
he accessed the website constantly, just to look at the graphs.

System Usability
Table 2 shows the usability scores as measured by the IBM
Computer System Usability Questionnaire (CSUQ) on a 7-
point Likert scale from ‘Strongly Agree’ (1) to ‘Strongly Dis-
agree’ (7). From these scores we can conclude that the overall
usability of the system is good (OVERALL = 2.60) and the
users found the system very useful (SYSUSE = 1.93). This
reflects a low score in simplicity, comfortability and learn-
ability, and efficiency. The information quality score is lower
(INFOQUAL = 3.25) which can be ascribed to problems with
the error messages of the system, which scored 5.33, and did
not help users fix the problems they may have experienced.
Finally, the system scores well in interface quality in general
(INTERQUAL = 2.86), but the study showed that it did not
have all the functions and capabilities that patients expected.

System Perceived
Usefulness Usefulness
avg. sd. avg. sd.

Disease Mgmt. 3.16 1.55 2.16 1.02
Self-assessment 2.21 1.06 1.73 0.72
Visualization 2.22 1.39 1.66 0.78
Alarms 2.34 1.44 2.13 1.88
Triggers 3.59 1.31 2.71 1.02
Early Warning Signs 3.44 1.18 2.36 0.78
Actions to take 3.25 1.52 2.34 0.88
Medication 4.30 1.50 3.17 1.51
Website 3.00 1.70 2.63 1.76

Table 3. Questionnaire results on ‘System Usefulness’ as used in the trial
period and ‘Perceived Usefulness’ in the future. Users reported on a 1–7
point Liket scale on the question of “The MONARCA system is useful
for ...”: 1=Highly agree; 7=Highly disagree.

This was also mentioned in the interviews, and we will return
to this in the discussion below.

Usefulness and Perceived Usefulness
In the usefulness questionnaire we asked 38 questions di-
vided into 10 categories, using the 7-point Likert scale. The
categories and average scores are shown in Table 3. The
usefulness of the system for disease management during the
trial scored 3.16. This means that patients agree (though not
strongly) that MONARCA helped them in managing their
bipolar disorder. This category addressed wether the patients
became better at managing their disease (2.92), wether they
were made more aware of their disease (2.50), the specific
usefulness of the application for disease management (3.33),
the usefulness of the website (4.33), and if the application

Session: Mental Health CHI 2013: Changing Perspectives, Paris, France

2632

Bardram JE, Frost M, Szanto K, Faurholt-Jepsen M, Vinberg M, Kessing 
LV. Designing mobile health technology for bipolar disorder: a field trial 
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Figure 5. Enhancement of the Mood Forecast from the clinician’s patient

overview web page, seen in Figure 3. The dotted line represents today;

mood scored to the left are self-reported historic data, whereas the 5

days mood scores on the right are forecast.

6 MONTHS FIELD DEPLOYMENT
In order to evaluate MONARCA 2.0, it was deployed for a
small 6-month field trial from March to August, 2012, in-
volving 6 patients. The purpose of this study was to verify
the redesign of the system, and to investigate if the new data
mining functionality would find relevant impact factors and
make sensible forecasting. This should prepare for a larger
trial with more patients. The use of the system was approved
by the Danish National Committee on Health Research Ethics
and the security and data handling was approved by the Dan-
ish Data Protection Agency. Informed consent was obtained
from all patients.

In this section we discuss the findings from this initial field
deployment of MONARCA 2.0, focusing on (i) the general
system usage and performance, (ii) the analysis of the data
collected and its ability to identify impact factors and fore-
cast mood, and (iii) the patients’ and clinicians’ feedback on
usability and usefulness of using MONARCA 2.0 based on a
set of interview during the trial period.

System Usage and Performance
During the field trial, the system collected self-reported data
in 511 days and sensor data in 563 days. This gives an total
55.6% uptime of the Android app. In total 1,043 mb of data
was collected. In order to gauge the battery consumption of
the system, we measured and compared the battery perfor-
mance over a 24 hour period on 1) an out-of-the-box HTC
Desire S phone, 2) a phone with MONARCA 1.0 installed,
and 3) a phone with MONARCA 2.0 installed. During the 24
hours, the consumption was respectively 12%, 32%, and 68%
of the total battery power. For the measurements to be com-
parable, the phone was not used in the measurement period.
This means that energy consumption will be higher when ac-
tually used. But the energy consumption is sufficiently low
for the patients to use the phone during a normal day of ca. 16
hours without having to recharge the phone. In the trial, there
were a few cases where patients ran out of power, but only
when they had used the phone excessively for phone calls. In
general, the energy consumption did allow the patients to use
the phone throughout a day without the need for recharging.

In the trial of MONARCA 1.0, we tested the adherence rate
of the patients’ self-reporting, i.e. to what degree a patient
would fill in the self-report each day. In the original study
we found an adherence rate of 87%, taking into consideration
the days where the system was actually working [2]. When
performing the same analysis of MONARCA 2.0, we found

Data features 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Activity 3 1 1 1 0 0 0 0 0 0 0 0 0 0
Stress 1 1 2 0 1 0 1 0 0 0 0 0 0 0
Sleep 0 1 0 3 2 0 0 0 0 0 0 0 0 0
Phone Usage* 1 0 3 0 0 0 1 0 0 0 0 1 0 0
Social Activity* 0 2 0 1 0 0 1 0 1 0 1 0 0 0
Irritability 0 0 0 0 2 2 0 1 1 0 0 0 0 0
Cognitive Problems 0 1 0 1 0 1 1 0 1 0 0 0 1 0
Physical Activity* 1 0 0 1 0 0 1 0 1 1 0 1 0 0
Alcohol 0 0 0 1 0 1 1 2 0 0 0 0 1 0
Warning Signs 0 0 0 0 1 1 0 1 1 1 0 0 1 0
Mobility* 0 0 0 0 0 1 0 2 0 1 1 1 0 0
Mixed Mood 0 0 0 0 0 0 1 1 1 0 0 0 0 3
Medicine Changed 0 0 0 0 0 0 0 1 0 0 2 1 1 1
Medicine Taken 0 0 0 0 0 0 0 0 0 0 0 2 2 2

Table 2. Ranking of the correlation between Impact Factors (features)

and the mood score. The objective features are marked with *.

an adherence rate of 91%, which is slightly better but equiva-
lent. It should be noted that these high adherence rates are in
itself a major achievement of the system, since self-reporting
typically have very low rates of adherence.

Analyzing the use of the web site, we found that none of the
patients logged in. This confirms previous findings that pa-
tients do not want to use a web interface; they prefer to have
all features on the Smartphone. The clinicians monitoring the
patients logged in on a regular basis with 286 logins.

Data Sampling and Analysis
The data (both subjective and objective) collected during the
trial was subject to two types of analysis. First, we investi-
gated how data features correlate with the mental state of a
patient. Second, we analyzed the performance of the mood
forecasting, with a specific focus on how accurate the mood
can be inferred using only the objective data set.

Analyzing Impact Factors
We repeated the experiment done during the design phase us-
ing the Chi-Squared method on the new data set, now includ-
ing both objective and subjective features. We applied the
method on each individual patient’s data, and analyzed the
rankings with respect to the mood score as the class.

As shown in Table 2, (self-reported) Activity, Stress, Sleep
and Phone Usage are among the 4 highest ranked parameters.
For example, Activity is ranked in the top 4 for all 6 patients,
and Phone Usage is ranked in the top 4 for 4 out of 6. Al-
though the parameters of Activity, Stress, and Sleep still are
amongst the highest ranking, the table also shows that 2 out of
4 objective features, namely Phone Usage and Social Activity
are among the parameters that are highly correlated with the
participants’ mood score.

We repeated the method of inferring mood from the features
with the same set of learners used in the design phase analy-
sis. This time, we created two data sets for each patient. The
first one include all 14 subjective and objective features, while
the second contained only the 4 objective features. We ran the
cross-validation on both data sets with the selected learners
and compared the output results. From the mood estimation
model built with both objective and subjective features, we
observed an average min MAE (mean absolute error) of 0.40,

Mood Forecasting
• Mood Forecasting

– mean-absolute-error (MAE) is between 0.06 
and 0.66 (�3 scale)

– in 4 out of 6 cases, MAE is lower w. only 
objective data

– i.e. mood forecasting can be done using only 
objective data

• Impact Factors – Top 5
– Activity | Stress | Sleep 
– Phone Usage* | Social Activity*

18

while this value from the model built with only objective fea-
tures is 0.45. Hence, although the combination of objective
and subjective features gave slightly better results, we still
got a pretty close estimation of the mood using only objective
features.

Analyzing Mood Forecast
In order to analyze the mood forecast, we first built models
with both subjective and objective features and then com-
pared it with the models built only from objective features.
We used the same set of learners as in the design phase anal-
ysis, and analyzed how the base learners performed on each
data set. The main metric is again the mean absolute error
(MAE) between the actual and the forecast value. In order to
compare the performance of the two models – the one built
with subjective and objective and the one with only objective
data – we looked at the MAEs calculated for the 5 days, and
computed the minimum and maximum values between them.
This helped us determine the closest (minMAE) and the fur-
thermost (maxMAE) predicted mood scores in each model.

We observed that the forecast mood values in the models with
only objective data are closer to the actual reported mood
scores. In other words, the mean absolute error in 5 days fore-
cast is on average lower than the corresponding value in the
models including both subjective and objective data. Figure 6
shows that both minimum and maximum MAEs are lower or
equal in the objective models for at least 4 out of 6 patients.

Feedback from patients and clinicians
When interviewing patient, they reported that the redesign
had improved the overall usability and usefulness of the sys-
tem. For example, they found the improved self-assessment
form highly useful, especially the fact that they could add
1/2-point mood score. As stated by patient P57; “the 1/2

point scale allows me to keep track of little details that mean

a lot to me; these small changes can be early indicators that

something is under way.” Also the personalization of the
self-assessment form by adding additional individual features
were reported to be key for the patients to manage their dis-
ease. However, the limitations in the scale were a limiting
factor. As P59 stated; “I would like to keep track of the num-

ber of cigarettes I smoke a day, but I cannot enter more that

10. It is annoying that you can’t define your own scale.”

Both patients and clinicians appreciated the new objective
sensor-based information available in MONARCA 2.0. Pa-
tients especially mentioned the benefits of the new objective
features. For example, patients reported that it gave them an
insight into the circumstances of their disease to see the vi-
sualization of the correlation between e.g. social interaction
and mood. However, some patients were not completely con-
vinced of the accuracy of the collected data. For example,
P64 reported that his mobility level was constant whether he
was staying in his apartment or traveling long distances with
the train.

The structure of the impact factor screen was deemed intu-
itive by the patients, and the use of colors consistent with the
visualization screen made it very coherent. The output fos-
tered a process of reflection, which at times challenged the

Figure 6. Minimum MAE and maximum MAE for the 5-day mood fore-

cast. For most patients, both minMAE and maxMAE are lower in the 5

days forecast model with only objective features compared to the corre-

sponding model built with both the objective and subjective features.

patients’ own insight into their illness, informing them of in-
terconnections which the patients were not aware of. Given
the impact factors were built based on the patients’ objective
and subjective data, there were issues with getting meaningful
output when the system did not work properly.

All patients reported that the Live Wallpaper was easy to com-
prehend and provided a subtle overview of the impact factors
generated by the system. The patients did however express
difficulties with interacting with the bubbles if their interface
were filled with shortcuts and widgets. The phone is becom-
ing a highly personalized tool for many users, and some of
the patients reported that the MONARCA wallpaper did not
allow them to have other things there. For example, P58 re-
ported that she would like to have her newborn baby there,
just like her friends.

The clinicians’ reactions to the forecast were mixed in the
beginning of the trial. They seemed to be hesitant to take
actions based on an inferred forecast. For instance, when a
patient’s forecast pointed towards a depressive state, they did
not know if they should call the patient, change their medi-
cation, or wait a few days to verify the actual change in the
state. They ended up using the forecast as an of indicator to
watch, but basically relied on their own clinical experience in
handling patients.

Frost M, Doryab A, Faurholt-Jepsen M, Kessing L, Bardram JE. Supporting 
disease insight through data analysis: Refinements of the MONARCA self-
assessment system. In: UbiComp 2013 - Proceedings of the 2013 ACM 
International Joint Conference on Pervasive and Ubiquitous Computing.
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Clinical Correlations
• Clinical Study

– N=61 | 6 m | 19 m  
– HDRS-17 (depression) and YMRS (manic)
– 400+ clinical ratings (monthly)

• Results
– significant correlations between self-rated 

mood and  HDRS & YMRS
– significant correlations between social 

activity and clinical ratings on both HDRS & 
YMRS

• especially when grouping into 
‘affective states’ (3 states)
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the YMRS, whereas the duration of outgoing
calls/day correlated positively and significantly
with scores on the YMRS and borderline signifi-
cantly with scores on the HDRS-17.

There was a significant positive correlation
between the duration of incoming calls/day and
scores on the HDRS-17 in both the unadjusted
model and the model adjusted for age and sex
(unadjusted model B = 19.96, 95% CI: 4.12–35.80,
p = 0.014; adjusted model B = 17.15, 95% CI:
1.00–33.30, p = 0.037), indicating that for every
score that increased 10 points on the HDRS-17 in
the adjusted models there was an increase in the
duration of incoming calls/day of 171.5 (10.0;
333.0) sec. Further, there was a significant positive
correlation between the duration of incoming calls/
day and scores on the YMRS in both the unad-
justed model and the model adjusted for age and
sex (unadjusted model B = 28.54, 95% CI: 5.17–
51.90, p = 0.017; adjusted model B = 30.38, 95%
CI: 7.04–53.71, p = 0.011), indicating that for
every score that increased 10 points on the YMRS
in the adjusted models there was in increase in the
duration of incoming calls/day of 303.8 (70.4;
537.1) sec.

Table 4 presents the results from models
regarding automatically generated objective data
and sub-components of the level of clinically
rated depressive and manic symptoms, as repre-
sented by scores on sub-items on the HDRS-17
and the YMRS, respectively. For the HDRS-17,
items concerning mood (sub-item 1), psychomo-

tor retardation (sub-item 8) and psychomotor
agitation (sub-item 9) were selected, and for the
YMRS, items concerning mood (sub-item 1),
activity (sub-item 2) and speech (sub-item 6)
were selected. These items on the clinical rating
scales were selected because they represent cen-
tral and objectively measurable parts of depres-
sion and mania. Scores on the activity item on
the YRMS (sub-item 2) correlated positively and
significantly with the automatically generated
objective data in relation to the number of
incoming and outgoing calls/day and the number
of outgoing text messages/day. Scores on the
psychomotor retardation item on the HDRS-17
(sub-item 8) correlated positively and signifi-
cantly with the duration of outgoing calls/day in
the unadjusted model and borderline significantly
in the adjusted model.

Table 5 presents the results from models regard-
ing the automatically generated objective data and
affective states by the HDRS-17 and the YMRS
categorized into the subcategories of asymptomatic
(HDRS-17 and YMRS ≤7), mild depression/
hypomania (HDRS-17 and YMRS 7–14) and mod-
erate to severe depression/mania (HDRS-17 and
YMRS ≥14). For the HDRS-17, patients with mod-
erate to severe depression showed a significantly
higher duration of outgoing calls/day than did
asymptomatic patients in both the unadjusted and
the adjusted models (unadjusted model B = 452.17,
95% CI: 149.56–754.78, p = 0.003; adjusted model
B = 421.57, 95% CI: 111.55–731.60, p = 0.008).

Table 2. Correlations between self-monitored dataa collected using smartphones and depressive and manic symptoms measured using the HDRS-
17 and YMRS, respectivelyb

Unadjusted Adjustedc

Coefficient 95% CI p-value Coefficient 95% CI p-value

Mood (scale: !3 to +3)
HDRS-17 !0.055 !0.067 to !0.042 <0.001 !0.058 !0.071 to !0.045 <0.001
HDRS-17 sub-item 1 (mood) !0.38 !0.45 to !0.30 <0.001 !0.38 !0.46 to !0.31 <0.001
YMRS 0.39 0.016–0.062 <0.001 0.039 0.017–0.062 <0.001
YMRS sub-item 1 (mood) 0.38 0.24–0.53 <0.001 0.38 0.24–0.53 <0.001
Sleep (hours/night)
HDRS-17 !0.017 !0.048 to 0.014 0.28 !0.02 !0.052 to 0.011 0.21
YMRS !0.047 !0.088 to !0.005 0.027 !0.047 !0.088 to !0.006 0.026
Activity (scale: !3 to +3)
HDRS-17 !0.037 !0.053 to !0.020 <0.001 !0.042 !0.059 to !0.025 <0.001
YMRS 0.047 0.022–0.072 <0.001 0.048 0.023–0.072 <0.001
Stress (scale: 0 to +5)
HDRS-17 0.047 0.029–0.065 <0.001 0.046 0.027–0.064 <0.001
YMRS 0.012 !0.013 to 0.033 0.34 0.012 !0.013 to 0.037 0.35

CI = confidence interval; HDRS-17 = Hamilton Depression Rating Scale–17 item; YMRS = Young Mania Rating Scale.
aAverages of the smartphone data were analyzed for the current day and three days before ratings with the HDRS-17 and YMRS, as
these rating scales address symptoms over the last four days.
bTotal N = 30.
cAdjusted for age and sex.
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For the YMRS, patients with mania showed a sig-
nificantly higher number of incoming calls/day than
did asymptomatic patients in both the unadjusted
and the adjusted models (unadjusted model
B = 0.95, 95% CI: 0.076–182, p = 0.033; adjusted
model B = 0.97, 95% CI: 0.10–1.84, p = 0.029).
Additionally, patients with mania showed a border-
line significantly higher number of outgoing text
messages/day than did asymptomatic patients in
both the unadjusted and the adjusted models.

Overall, further adjustment for the randomiza-
tion group (intervention group or control group)
in each of the models presented in Tables 2–5 did
not change the estimates.

Discussion

In the present longitudinal study, we investigated
correlations between smartphone data and the
level of depressive and manic symptoms, respec-
tively, using repeated measurements in outpatients
with bipolar disorder. In accordance with our a
priori hypotheses, we found that automatically
generated objective data on changes in speech,
social and physical activities and self-monitored
data collected using smartphones correlated with
the level of depressive and manic symptoms
assessed with the HDRS-17 and the YMRS,
respectively.

This is the first study investigating both auto-
matically generated objective data and self-moni-
tored data collected using smartphones in relation
to the level of clinically rated depressive and manic

symptoms in a larger study of patients with bipolar
disorder.

The most intriguing and novel results from the
present study were that (i) several of the automati-
cally generated objective data correlated with
scores on the HDRS-17 and the YMRS, and (ii)
the levels of automatically generated objective data
were able to discriminate between affective states
(asymptomatic versus moderate to severe depres-
sion or mania), suggesting that such automatically
generated objective data may be used as electronic
biomarkers for the longitudinal evaluation and
monitoring of illness activity in patients with bipo-
lar disorder.

Interestingly, in addition to the results for the
automatically generated objective data, the present
study showed that patients with bipolar disorder
were able to validly evaluate a number of symp-
toms of illness activity on a daily basis using the
MONARCA I system, e.g., their daily electronic
self-monitored data correlated with their scores on
the HDRS-17 and the YMRS.

Notably, the length of self-monitored sleep did
not correlate with the level of depressive symp-
toms. Bipolar depression often presents with more
atypical symptoms than does unipolar depression
(32). Thus, patients with bipolar depression may
suffer from both increased and decreased sleep
length. This could explain why there was neither a
positive nor a negative correlation between self-
monitored sleep length and depressive symptoms.
As expected, in the case of mania, patients with
manic symptoms reported lower sleep length.

Table 5. Correlations between automatically generated objective data a collected using smartphones and affective states according to the HDRS-17
and YMRS presented as categorical data b, respectivelyc

Unadjusted Adjustedd

Coefficient 95% CI p-value Coefficient 95% CI p-value

Incoming calls (no./day)
Asymptomatic versus mania 0.95 0.076–1.82 0.033 0.97 0.10–1.84 0.029
Duration incoming calls (sec/day)
Asymptomatic versus hypomania 729.51 334.87–1124.13 <0.001 768.10 374.34–1161.86 <0.001
Outgoing calls (no./day)
Asymptomatic versus hypomania 2.09 0.38–3.80 0.016 2.08 0.37–3.80 0.017
Duration outgoing calls (sec/day)
Asymptomatic versus moderate to severe depression 452.17 149.56–754.78 0.003 421.57 111.55–731.60 0.008
Asymptomatic versus hypomania 623.15 173.63–1072.67 0.007 641.53 190.41–1092.65 0.005
Outgoing text messages (no./day)
Asymptomatic versus mania 4.14 !0.38 to 8.67 0.073 4.42 !0.10 to 8.95 0.055

CI = confidence interval; HDRS-17 = Hamilton Depression Rating Scale–17 item; YMRS = Young Mania Rating Scale.
aAverages of the smartphone data were analyzed for the current day and three days before ratings with the HDRS-17 and YMRS, as
these rating scales address symptoms over the last four days.
bScores on the HDRS-17 or YMRS ≤ 7 were defined as asymptomatic. Scores on the HDRS-17 or YMRS from 7 to 14 were defined as
mild depression or hypomania. Scores on the HDRS-17 or YMRS ≥ 14 were defined as moderate to severe depression or mania.
cAnalyses including all study participants; total N = 61.
dAdjusted for age and sex.
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“Smartphones provide an easy and objective
way to monitor illness activity and could serve as 
an electronic biomarker for depressive and 
manic symptoms in patients with bipolar 
disorder.”
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Voice Feature Analysis
• Collection of voice features in naturalistic setting

– N=28 | 12 w  
– HDRS-17 (depression) and YMRS (manic)
– 179 clinical ratings (fortnightly)
– openSMILE (emolarge)

• Classification results (user-specific models), accuracy 
(s.d.)

– depressive state : 70% (0.13)
– manic state : 61% (0.04)

• Classification accuracy were not significantly increased 
when combining voice features with automatically 
generated objective data
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user-independent models. The mean accuracy for classification of
a depressive state versus a euthymic state based exclusively on
voice data was 0.70 (s.d. 0.13) with a sensitivity of 0.64 (s.d. 0.25),
and for a manic or mixed state versus a euthymic state the
accuracy was 0.61 (s.d. 0.04) with a sensitivity of 0.71 (s.d. 0.09).
Table 3 also presents the results of accuracy for classification of
affective states using voice data in user-independent models. The
accuracy for classification of a depressive state versus a euthymic
state based exclusively on voice data was 0.68 (s.d. 0.006) with a
sensitivity of 0.81 (s.d. 0.008), and for a manic or mixed state
versus a euthymic state the accuracy was 0.74 (s.d. 0.005) with a
sensitivity of 0.97 (s.d. 0.002). Table 3 also presents the specificity
for all models. The corresponding ROC curves including AUC on
classifications of a depressive and a manic or mixed state based on
the user-independent models are presented in Figures 1a and b.
The models classifying a depressive state versus a euthymic state
had an AUC of 0.78 and models classifying a manic or mixed state
versus a euthymic state had an AUC of 0.89.

Combined voice features and automatically generated objective
data for classification of affective states
Table 4A presents the results for classification of affective states
using a combination of voice features and automatically
generated objective data in user-dependent models, as well as
user-independent models. The data set combining voice features
and automatically generated objective data is different in size
from the original data set on classification models using voice
features exclusively, since automatically generated objective data
were not always available for each data point in the voice data set.
The results from models trained on voice features alone for every
given data set are therefore also presented.
As can be seen from Table 4A, the accuracy, sensitivity and

specificity were not increased when combining voice features with
automatically generated objective data compared with exclusively
using voice features.

Combined voice features and daily electronic self-monitored data
for classification of affective states
Table 4B presents the results for classification of affective states
using a combination of voice features and daily electronic self-
monitored data in user-dependent models, as well as user-
independent models. As with the data presented in Table 4A, the
data set combining voice features and daily electronic self-
monitored data is different in size from the original data set on
classification models using voice features exclusively, since
electronic self-monitored data were not always available for each
data point in the voice data set. The results from models trained
on voice features alone for every given data set are therefore also
presented.

As can been seen from Table 4B in the user-independent
models, combining voice features and daily self-monitored data
increased the accuracy, sensitivity and specificity compared with
exclusively using voice features (see column in Table 4B).

Combined voice features; automatically generated objective data;
and daily electronic self-monitored data for classification of
affective states
Table 4C presents the results for classification of affective states
using a combination of all features, that is, voice features,
automatically generated objective data and daily electronic self-
monitored data in user-dependent models, as well as user-
independent models. As with the data presented in Tables 4A and
B, the data set combining voice features automatically generated
objective data and daily electronic self-monitored data is different
in size from the original data set on classification models
exclusively using voice features, since automatically generated
objective data and electronic self-monitored data were not always
available for each data point in the voice data set. The results from
models trained on voice features alone for every given data set are
therefore also presented.
As can be seen from Table 4C, combining voice features,

automatically generated objective data and self-monitored data
increased the accuracy, sensitivity and specificity in three out of
four analyses compared with exclusively using voice features.
Comparing the combined data sets in Tables 4B and C, it can be
seen that adding automatically generated objective data seems to
give a small increase in accuracy, sensitivity and specificity
compared with using and combination of voice features and
daily self-monitored data.

DISCUSSION
In accordance with our hypotheses, we found that affective states
in patients with bipolar disorder were classified by models based
exclusively on voice features extracted during real-life phone calls
in naturalistic settings. The analyses showed that voice features
were more accurate in classifying manic or mixed states with an
AUC= 0.89 compared with an AUC= 0.78 for the classification of
depressive states.
Further, combining voice features and electronic self-monitored

data increased the accuracy, sensitivity and specificity of classify-
ing affective states slightly (Table 4B). Combining data on voice
features and electronic self-monitored data with automatically
generated objective data in the analyses also increased the
accuracy, sensitivity and specificity of classifying affective states
(Table 4B compared with Table 4C). Findings from the present
study suggests that collecting data on alterations in speech
accurately and with a high sensitivity can classify manic or mixed
states in bipolar disorder, but less accurately classify depressive

Table 3. Classification of affective states based on voice features

Accuracy (s.d.)a Sensitivity (s.d.)b Specificity (s.d.)c

User-dependent modelsd

A depressive statee versus a euthymic statef (n= 13) 0.70 (0.13) 0.64 (0.25) 0.75 (0.23)
A manic or mixed stateg versus a euthymic statef (n= 3) 0.61 (0.04) 0.71 (0.09) 0.50 (0.08)

User-independent modelsd

A depressive statee versus a euthymic statef 0.68 (0.006) 0.81 (0.008) 0.56 (0.008)
A manic or mixed stateg versus a euthymic statef 0.74 (0.005) 0.97 (0.002) 0.52 (0.01)

Abbreviations: HAMD, Hamilton Depression Rating Scale 17-item; YMRS, Young Mania Rating Scale. Data are mean and s.d. aDefined as accuracy= (true
positive+true negative)/ (positive+negative). bDefined as sensitivity= true positive/positive. cDefined as specificity= true negative/negative. dUser-dependent
models: building a model from each individual patient. User-independent models: building a common model from all patients. eDefined as a HAMD score ⩾ 13
and a YMRS score o13. fDefined as HAMDo13 and YMRSo13. gDefined as a YMRS score ⩾ 13.

Voice analyses in bipolar disorder
M Faurholt-Jepsen et al
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“Voice features collected in naturalistic settings 
using smartphones may be used as objective 
state markers in patients with bipolar disorder.” 
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Randomized Clinical Trial
RCT Hypotheses
• “Daily electronic monitoring using an online 

interactive Smartphone […] reduces the severity of 
depressive and manic symptoms and stress, and 
increases social functioning, quality of life, adherence 
to medication and cognitive functioning.”

78 patients, randomized 1:1
• N=78 | bipolar disorder | 18–60 years
• intervention group = phone w. “active” MONARCA 

app
• placebo group = phone w. “passive” MONARCA app
• 6 month period

Daily electronic self-monitoring
of subjective and objective symptoms
in bipolar disorder—the MONARCA
trial protocol (MONitoring, treAtment
and pRediCtion of bipolAr disorder
episodes): a randomised controlled
single-blind trial
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ABSTRACT
Introduction: Electronic self-monitoring of affective
symptoms using cell phones is suggested as a
practical and inexpensive way to monitor illness activity
and identify early signs of affective symptoms. It has
never been tested in a randomised clinical trial whether
electronic self-monitoring improves outcomes in
bipolar disorder. We are conducting a trial testing the
effect of using a Smartphone for self-monitoring in
bipolar disorder.
Methods: We developed the MONARCA application for
Android-based Smartphones, allowing patients suffering
from bipolar disorder to do daily self-monitoring—
including an interactive feedback loop between patients
and clinicians through a web-based interface. The effect
of the application was tested in a parallel-group,
single-blind randomised controlled trial so far including
78 patients suffering from bipolar disorder in the age
group 18–60 years who were given the use of a
Smartphone with the MONARCA application (intervention
group) or to the use of a cell phone without the
application (placebo group) during a 6-month study
period. The study was carried out from September 2011.
The outcomes were changes in affective symptoms
(primary), social functioning, perceived stress, self-rated
depressive and manic symptoms, quality of life,
adherence to medication, stress and cognitive
functioning (secondary and tertiary).
Analysis: Recruitment is ongoing.
Ethics: Ethical permission has been obtained.
Dissemination: Positive, neutral and negative findings
of the study will be published.
Registration details: The trial is approved by the
Regional Ethics Committee in The Capital Region of
Denmark (H-2-2011-056) and The Danish Data
Protection Agency (2013-41-1710). The trial is registered
at ClinicalTrials.gov as NCT01446406.

INTRODUCTION
Bipolar disorder is a common and complex
mental disorder with a prevalence of 1–2%1 2

and accounts as one of the most important
causes of disability at age 15 –44 years world-
wide.1 Bipolar disorder is a long-term and
persistent illness with need for treatment over
many years.3 The disorder is associated with a
high risk of relapse and hospitalisation and
the risk of relapse increases along with the
number of previous episodes.4–6 Many
patients do not recover from previous psycho-
social function and the cognitive disturbances
are also prevalent during remitted phases.7 It
is well documented from randomised clinical
trials (RCT) that the risk of a new episode in
bipolar disorder can be reduced significantly
by treatment with lithium or other mood sta-
bilisers.8 Further, the prophylactic effect of
medical treatment may be enhanced by psy-
choeducation or cognitive behavioural
therapy.9 However, results from naturalistic
follow-up studies suggest that the progressive
development of the disease is not prevented
in clinical practice with the present treat-
ments.4–6 10 The major reasons for the
decreased effect of interventions in clinical
practice are delayed intervention for pro-
dromal depressive and manic episodes11 12 as
well as decreased medical adherence.13 –15

During the last decades, there has been an
organisational shift in paradigm from
inpatient to outpatient treatment in health-
care, and in bipolar disorder there is an
emerging shift in illness paradigm from a

Faurholt-Jepsen M, Vinberg M, Christensen EM, et al. BMJ Open 2013;3:e003353. doi:10.1136/bmjopen-2013-003353 1
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RCT Results
• Compliance = 93% (7% retrospective)
• Primary outcomes – changes in affective symptoms

– no significant effects of using a smartphone for daily self-
monitoring on depressive or manic symptoms

– subgroup analysis show that patients in the intervention 
group experienced significantly more depressive symptoms 
but fewer manic symptoms

• Secondary outcome
– increase in stress (but due to increase in depression)
– no effect in psycho-social functioning, quality-of-life, or 

coping
• Tertiary outcome

– no effect in medicine adherence

Faurholt-Jepsen M, Frost M, et al. Daily electronic self-monitoring in bipolar disorder using 
smartphones - the MONARCA I trial: a randomized, placebo-controlled, single-blind, 
parallel group trial. Psychological Medicine Cambridge University Press; 2015;1–14. 

Daily electronic self-monitoring in bipolar disorder
using smartphones – the MONARCA I trial: a
randomized, placebo-controlled, single-blind, parallel
group trial

M. Faurholt-Jepsen1*, M. Frost2, C. Ritz3, E. M. Christensen1, A. S. Jacoby1, R. L. Mikkelsen1,
U. Knorr1, J. E. Bardram2, M. Vinberg1 and L. V. Kessing1

1The Copenhagen Clinic for Affective Disorder, Psychiatric Centre Copenhagen, Rigshospitalet, Copenhagen, Denmark
2The Pervasive Interaction Laboratory (PIT Lab), IT University of Copenhagen, Copenhagen, Denmark
3Department of Basic Sciences and Environment, Faculty of Life Sciences, University of Copenhagen, Copenhagen, Denmark

Background. The number of studies on electronic self-monitoring in affective disorder and other psychiatric disorders is
increasing and indicates high patient acceptance and adherence. Nevertheless, the effect of electronic self-monitoring in
patients with bipolar disorder has never been investigated in a randomized controlled trial (RCT). The objective of this
trial was to investigate in a RCT whether the use of daily electronic self-monitoring using smartphones reduces depress-
ive and manic symptoms in patients with bipolar disorder.

Method. A total of 78 patients with bipolar disorder according to ICD-10 criteria, aged 18–60 years, and with 17-item
Hamilton Depression Rating Scale (HAMD-17) and Young Mania Rating Scale (YMRS) scores ≤17 were randomized to
the use of a smartphone for daily self-monitoring including a clinical feedback loop (the intervention group) or to the use
of a smartphone for normal communicative purposes (the control group) for 6 months. The primary outcomes were dif-
ferences in depressive and manic symptoms measured using HAMD-17 and YMRS, respectively, between the inter-
vention and control groups.

Results. Intention-to-treat analyses using linear mixed models showed no significant effects of daily self-monitoring
using smartphones on depressive as well as manic symptoms. There was a tendency towards more sustained depressive
symptoms in the intervention group (B = 2.02, 95% confidence interval −0.13 to 4.17, p = 0.066). Sub-group analysis
among patients without mixed symptoms and patients with presence of depressive and manic symptoms showed sig-
nificantly more depressive symptoms and fewer manic symptoms during the trial period in the intervention group.

Conclusions. These results highlight that electronic self-monitoring, although intuitive and appealing, needs critical con-
sideration and further clarification before it is implemented as a clinical tool.
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Introduction

Bipolar disorder is a long-term and heterogeneous ill-
ness with a continued need for treatment and natural-
istic follow-up studies suggest that the progressive
development of bipolar disorder is not prevented
with the present treatment options (Kessing et al.
2004; Baldessarini et al. 2010). Major reasons for the
insufficient effect of present treatment options in

clinical practice are delayed intervention for prodromal
depressive and manic symptoms as well as decreased
adherence to mood stabilizer treatment (Kessing et al.
2007; Morriss et al. 2007). During the last decade
there has been an emerging shift in illness paradigm
from a focus on affective episodes in bipolar disorder
to an increasing focus on inter-episodic mood insta-
bility (MacQueen et al. 2003; Bonsall et al. 2012).
Many patients with bipolar disorder continue to ex-
perience subsyndromal mood swings on a daily
basis, with euthymic patients with bipolar disorder
suffering more from mood instability than healthy sub-
jects (Paykel et al. 2006; Henry et al. 2008; Bonsall et al.
2012). Mood instability at a subclinical level is reported
to be associated with impaired global functioning and
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Status

� High compliance, useful & usable

� Mood forecasting & clasification promising

� Correlations to clinical ratings

� Clinical evidence on treatment
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Mental Health Tech is gaining a lot of momentum
• Quite a lot of technologies have been designed

– in research projects
– as commercial applications

• A number of clinical researchers are using and evaluating mental health tech
– pilot studies
– randomized clinical trials
– meta-studies of RCTs

• Governmental and Regulatory bodies are picking up
– US : National Institute of Mental Health (NIMH) / Federal Drug Administration (FDA)
– UK : National Health Services (NHS)
– DK : Danish Health Authority 
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What have been designed?
• Systematic review of technologies (not studies!)

– as published in peer-reviewed literature
– 2009-2019 
– mobile & wearable technologies (‘ubicomp’)
– severe mental illness (SMI) as defined by ICD-10

• Results
– 45 systems – 32 clinical | 13 non-clinical

• “Typology”
– sensing
– clinical assessment
– predictive modelling
– intervention models
– user interaction
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I. INTRODUCTION

Mental health represents a huge disease and societal burden
[62] and the episodic nature of traditional healthcare models
is considered to be sub-optimal to improve chronic mental
conditions [22]. ’Anytime and everywhere’ ubiquitous tech-
nology was seen early on as an opportunity for addressing
continuous monitoring, diagnosis, and care of mental health
conditions, thereby enabling an extension of care delivery
beyond the reach of traditional healthcare. In particular, mobile
and wearable technologies with their ability to track behav-
ioral, physiological and contextual signals has been seen as
a potential enabler of a continuous symptom monitoring and
personalized intervention [2], [32].

This year it is ten years since smartphones1 became widely
available as an open platform and have since then been used
for creating novel personalized health applications. The early
mobile phones with sensing capabilities had already sparked
the inspiration of some pionering UbiComp researchers [35],
[47] who saw the opportunity for improving mental healthcare.
Subsequently, there was a growing interest in exploiting the
advantages of mobile and wearable technologies to unobtru-
sively sense and analyze human behaviour, assess and predict
mental health status, and to deliver feedback and intervention
when needed in mental health [2].

In this paper, we look back on the last decade of Ubicomp
research in mental health. We do this by focusing on the
different technologies and systems, which have been built
and evaluated. Hence focus is more on technical contributions
rather than clinical studies. Initially, we present a review of
45 systems presented over the years and investigate which
disease they are designed for, and their technical features
in terms of sensing, prediction, intervention, and clinical
assessment. Then we present the results of an interview with
nine core researchers in the field asking for their retrospective
and prospective view on the status of ubicomp research for
mental health. Combining this input with our review helps
us discuss current challenges in terms of technology, study
reproducibility, and clinical evidence and adoption, as well as
provide an outlook for future research for the next decade.

1The first iPhone appeared in 2007 and the first stable Android phone in
2009

II. METHODS

In contrast to a traditional systematic literature review of
published papers – which is the standard approach in medical
sciences – this review focuses on research-based technologies
and systems for mental health. Hence, the “unit” of the review
is not a study but a technology or a system, which has been
published in one or more papers.

We used a snowballing approach to the review. Snowballing
refers to using the reference list of a paper and the citations to
the paper to identify additional papers [67]. Using the refer-
ences and the citations respectively is referred to as backward
and forward snowballing. In this review, we identified an initial
“seed” set of nine technologies to be the starting point (marked
in bold in Table I). We also carefully reviewed other systematic
review papers to look for systems to include [18], [17], [51],
[49], [56]. Once we had a list of technologies, we contacted a
set of core researchers (listed in the acknowledgement) in the
field to ask for verification of the list and annotations.

The review was conducted by applying the following in-
clusion criteria: (i) research-based technologies published in
scientific peer-reviewed papers; (ii) mobile and wearable tech-
nology; (iii) technologies for severe mental illness (SMI) as
defined by ICD-10 on “Mental and behavioural disorders” [44]
including schizophrenia, affective/mood disorders (incl. de-
pression and bipolar disorder), neurotic and stress-related
disorders (incl. stress, PTSD, phobia and anxiety), disorders of
psychological development (incl. autism and ADHD), aging-
related mental disorders (Alzheimer’s, dementia), and sub-
stance abuse. Technologies focusing on more general mental
well-being and technologies only evaluated on healthy subjects
were also included, but treated separately. An iterative coding
process was then applied to label; (i) the year the system was
first published, (ii) disease classification (according to ICD-
10) and specific disorder(s), (iii) geographical region (US, EU,
Asia, Australia); (iv) technology topic and type of technology
(mobile, wearable), and (v) the size of the clinical study in
terms of number of participants (N) and duration (T) in days.
The review was done in late 2018 and early 2019.

III. RESULTS

Table I shows the list of identified technologies represented
as a) systems with a clear SMI focus (upper section of Table I)
and b) systems focusing on general mental well-being and/or
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TABLE I
UBIQUITOUS COMPUTING SYSTEMS AND TECHNOLOGIES IN MENTAL HEALTH. SYSTEMS USED AS SEED ARE MARKED IN BOLD.

System (N=42) Year ICD10 SMI Disorder(s) Region Topics Technology Study (N/T) References

Clinical focus ( N=32 )

PsychLog 2010 NEU Stress, PTSD EU SEN;INT WEAR;MOB 100 / 270 [25]
LifeShirt 2010 SKIZ;MOOD Skizophrenia, Bipolar US SEN WEAR 28 / 1 [41]
Empath 2011 MOOD Depression US SEN MOB 1 / 14 [16]
Mobilyze! 2011 MOOD Depression US SEN;PRE;CAS MOB 7 / 56 [9]
A-CHESS 2011 SUB Alcohol abuse US SEN;INT MOB 280 / 365 [29]
MONARCA 2012 MOOD Bipolar EU UI;SEN;PRE MOB 12 / 98 [5], [4]
Moodbuster 2012 MOOD Depression EU UI;INT;CAS WEAR 52 / 30 [61]
MOSOCO 2012 DEV Autism US INT;UI MOB 12 / 49 [21]
AGATE 2012 SUB Alcohol abuse US UI;INT MOB 105 / 56 [59]
StudentLife 2013 MOOD Depression US SEN;CAS MOB 48 / 70 [66]
MoodRhythm 2013 MOOD Bipolar US SEN;INT;UI MOB 7 / 28 [63], [40]
MONARCA2 2014 MOOD Bipolar EU SEN;PRE MOB 12 / 48 [26], [27]
BigBlackDog 2014 MOOD Depression US SEN MOB 3 / 120 [20]
ParentGuardian 2014 DEV ADHD US SEN;UI MOB 10 / 14 [45]
PSYCHE 2015 MOOD Bipolar EU SEN WEAR;MOB 26 / 1 [28]
PurpleRobot 2015 MOOD Depression US SEN;UI;CAS MOB 18 / 14 [50]
MoodTraces 2015 MOOD Depression EU SEN;PRE;CAS MOB 28 / 14 [10]
Dem@Care 2015 ORG Dementia EU SEN;UI WEA n/a / n/a [8]
Mindful Moods 2015 MOOD Depression US CAS;SEN MOB 13 / 30 [60]
LifeRhytm 2016 MOOD Depression US SEN;PRE;CAS MOB 79 / n/a [23]
SIMBA 2016 MOOD Bipolar US SEN;PRE;CAS MOB 13 / 360 [7]
AMoSS 2016 MOOD Bipolar EU SEN;CAS MOB;WEAR 50 / n/a [54]
NEVERMIND 2016 MOOD Depression EU SEN;UI WEAR;MOB 15 / n/a [36]
MOOS 2016 MOOD Depression EU SEN;INT;CAS MOB 126 / 14 [64]
CrossCheck 2016 SKIZ Schizophrenia US SEN;PRE MOB 21 / 180 [65]
SleepSight 2016 SKIZ Schizophrenia EU SEN MOB;WEAR 16 / 56 [33]
MOBERO 2016 DEV ADHD EU UI;CAS MOB 13 / 14 [57]
DEMOS 2016 MOOD;NEU Depression, Anxiety US SEN;CAS MOB,WEAR 72 / n/a [12]
MedLink 2016 MOOD Depression US UI;CAS;INT MOB 11 / 56 [14]
PocketSkill 2018 DEV;MOOD;

NEU;PDIS
Depression, Anxiety, Bor-
derline, PTSD, Bipolar

US UI;INT;CAS MOB 73 / 28 [55]

BEIWE 2018 SKIZ Skizophrenia US SEN;PRE MOB 17 / 90 [6]
RADAR 2018 MOOD Depression EU UI;SEN MOB,WEAR 66 / n/a [58]
Non-clinical focus ( N=13 )

EmotionSense 2010 N/A Emotional state EU SEN;PRE MOB 18 / 10 [47]
MoodSense 2011 N/A ‘Daily mood’ ASIA SEN;PRE MOB 25 / 30 [37]
Mobile Sensing
Platform

2011 MOOD Depression US SEN WEAR 8 / 10 [46]

StressSense 2012 NEU Stress US SEN;PRE MOB 14 / 3 [38]
MoodMiner 2012 N/A ‘Daily mood’ ASIA SEN MOB 15 / 30 [39]
AMON 2012 N/A Emotion, Mood, Stress US SEN MOB n/a / n/a [1]
Funf, Affectiva,
MotionLogger

2015 N/A Sleep, Stress, Mental
Health

US SEN MOB;WEAR 66 / 30 [52], [53]

MoodPrism 2016 N/A ‘Emotional well-being’ AUS SEN;UI MOB 11 / 30 [48]
iHOPE 2016 MOOD;NEU Depres., Anxiety, Stress ASIA SEN;PRE MOB 28 / 14 [31]
Fine 2016 MOOD Depression EU SEN MOB 4 / 7 [15]
EmotiCal 2017 N/A ‘Daily mood’ US SEN;UI;PRE;INT MOB 60 / 21 [30]
SHIM 2017 N/A ‘Mental well-being’ EU INT MOB 28 / 14 [11]
AWEAR 2018 DEV Dementia EU SEN MOB;WEAR 5 / 7 [43]

only studied with healthy subjects (bottom section of Table I).
Within each category, systems are listed in chronological order
based on when the first scientific paper describing the system
was published, as listed in the last column.

A set of interesting finding emerged from this review.
Firstly, in total 45 systems were identified of which 32 had a
clear SMI focus and was subject to clinical evaluation, whereas
13 systems had a non-SMI focus (labeled as ‘N/A’ in Table I)
or were not subject to clinical evaluation. It has often been
argued that it is difficult to do technology research while
also ensuring proper clinical evaluation [3], [2], so it is very
positive to find that the majority of the systems (76%) was

clinically evaluated.

Secondly, analyzing which SMI diseases the systems fo-
cuses on, Table II shows the distribution according to the
ICD-10 classification. We see that the majority of systems
have been targeting mood (affective) disorders such as de-
pression and bipolar disorder (56%). Systems in this group
includes Moodbooster and Mobilize! focusing on depression,
and MONARCA and MoodRythm focusing on bipolar dis-
order. The three diseases classifications of (i) schizophrenia,
(ii) neurotic and stress-related disorders, and (iii) disorders
of psychological development (e.g. Autism and ADHD) each
have a similar number of systems (9-11%), whereas only a
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Fig. 2. Historical overview of the number of systems and their technology
focus.

of technologies – an early wave in 2010-12, and the second
one in 2013-2016 that have gained a more momentum. We
speculate that a third 2017-wave might be building.

IV. DISCUSSION

The review of the 45 systems above have revealed that
Ubicomp research in mental health has opened a myriad of
opportunities that hold a promise to radically change clinical
practice, including:

• mitigating the gap between the demand and the provision
of mental health services

• enabling a historical shift from traditionally episodic to
technology-supported continuous mental healthcare

• providing new flexible and more personalized mental
health services and interventions

• improving accessibility to mental health services with
respect to reduced costs and geographical constraints

The last decade has brought a solid proof-of-concept for
a series of technologies and we are slowly witnessing their
initial clinical implementations. However, despite this sig-
nificant body of research, recent systematic reviews (both
technological [49] and clinical [24]) as well as our interviews
with the domain experts (see sidebar) strongly suggest that
in practice we are still far from the continuous technology-
enabled mental healthcare model. Consistent with the literature
review, the interviews highlighted the need to address technical
issues, reproducibility of studies, and clinical evidence and
adoption as the key challenges towards enabling the vision
of extending mental healthcare delivery beyond the traditional
healthcare model.

A. Technical Challenges

Advances in miniaturization and computational power of
mobile and wearable devices also comes with problems in the
quality of sensor data, specifically data gaps, noisy readings
and a lack of precision. This comes from the fact that most
of the sensors, in particular those embedded in smartphones,
are not purposefully designed for behavioral modelling and

for mental health applications. As pointed out by Osmani,
modern smartphone manufacturers increasingly restrict access
to sensors or they require a special permission, which is a trend
that has been recently manifested by both iPhone and Android
platforms. Although Android has been a preferable platform
in the mobile sensing research as witnessed in our review,
it may not be the case in the future. Such restrictive policies
mainly aim to protect the user, however they limit the research
and understanding of potential value that the smartphones
can bring in mental health. Custom sensing devices might
be a viable path in the future to overcome some of these
challenges, though we may need to repeat some of the previous
research that relied on smartphones (as argued by Schueller)
and address a potential social stigma (indicated by Osmani).

The lack of guidelines about the data collection (e.g., an
optimal set of sensors, sampling rates, or data structure)
also contributes to inconsistencies in the collected data [49].
Furthermore, Musolesi added that we are also missing rigorous
metrics, experimental protocols and benchmarks datasets to
compare the algorithms. Only now after a decade of using
smartphones and wearables in monitoring mental health con-
ditions, there are pioneering efforts in establishing common
agreements in defining data metrics (such as [22] and [19]).
It will be increasingly important to expand such initiatives in
order to validate findings across research studies conducted in
different settings.

B. Reproducibility

Challenges in developing predictive algorithms and under-
standing their reproducibility directly stem from the tech-
nical issues discussed above, yet it entails more complex
challenges beyond the technical issues. Reproducibility was
emphasized by five research leaders (Campbell, Mohr, Mu-
solesi, Shueller, Torous) who raised doubts in generalizability
of results achieved in small-scale studies.

Schueller points to one of the basic challenges in predic-
tive modelling – the fact that different sub-populations may
exhibit different patterns of smartphones use that can, in turn,
impact findings. More fundamental methodological problem
is related to a gap between UbiComp and clinical research,
which was raised by Coyle. The challenges of combining
hypothesis driven clinical research with the more exploratory
approach in UbiComp was also discussed by Schueller and
Mohr in [42]. In addition, Mohr criticize conventions in the
scientific community and the fact that computer science does
not encourage validation studies.

Developing predictive models and assessing their replicabil-
ity highly depends on the acquisition of reliable ground-truth
information in the mental health context. Unlike in many other
medical domains, psychiatrists do not have tools (such as an
X-ray or MRi in orthopedics) to diagnose the patient’s mental
health diseases, and diagnosis is often a difficult and time-
consuming process with potential inter-subjective variability
across psychiatrists. Moreover, a number of studies reported
a low variability in symptoms during the study – e.g. a
number of manic episodes is typically small in comparison
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TABLE II
SMI FOCUS OF SYSTEMS ACCORDING TO ICD-10. SINCE SOME SYSTEMS

SUPPORTS MORE THAN ONE ICD-10 CODE, THE SUM I GREATER THAN
100%.

Label ICD-10 N %

ORG F00-F09 Organic, including sympto-
matic, mental disorders

1 2%

SUB F10-F19 Mental and behavioural dis-
orders due to psychoactive
substance use

2 4%

SKIZ F20-F29 Schizophrenia, schizotypal
and delusional disorders

4 9%

MOOD F30-F39 Mood (affective) disorders 25 56%
NEU F40-F48 Neurotic, stress-related and

somatoform disorders
5 11%

BEH F50-F59 Behavioural syndromes as-
sociated with physiological
disturbances and physical
factors

0 0%

PDIS F60-F69 Disorders of adult personal-
ity and behaviour

1 2%

RETA F70-F79 Mental retardation 0 0%
DEV F80-F89 Disorders of psychological

development
5 11%

CHLD F90-F98 Behavioural and emotional
disorders with onset in child-
hood and adolescence

0 0%

N/A Unspecified mental disorder
or healthy subjects

8 18%

few systems address substance abuse, organic disorders (e.g.,
Alzheimer’s, dementia), and disorders of adult personality
(e.g., borderline). No systems address behavioural syndromes
(e.g., eating or sleeping disorders), mental retardation, or
childhood and adolescence disorders.

Thirdly, by using a method of thematic labeling, the review
revealed five types of technology ‘topics’, addressed by dif-
ferent systems:

• Sensing (SEN) – technologies focusing on collection of
data both from mobile and wearable sensors, feature
extraction from low-level data, as well as collection of
data from users in the form of surveys, questionnaires,
and ecological momentary assessments (EMAs).

• Clinical Assessment (CAS) – technologies for clinical
assessment of disease stages, including questionnaires
(e.g., PHQ9 or WHO5), patient-reported outcome (PRO)
or medication compliance.

• Predictive modelling (PRE) – technologies relying on
collected data (active user inputs and/or passive sensor
data) for higher-level feature extraction, modelling, and
prediction of significant parameters and disease forecast-
ing (e.g., mood forecasting in depression).

• Intervention models (INT) – technologies providing sup-
port for intervention, i.e. provides an active component
that guides the patient in self- or blended care. Examples
include support for cognitive behavioral therapy (CBT),
psychoeducation, or behavioral activation.

• User Interaction (UI) – technologies addressing the
design of user interfaces for SMI diseases, including
interface models for data collection, visualization, and
analysis, as well as interface models for ecological mo-
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Fig. 1. Technology topics and the number of systems focusing on each
technology in percentage. Since most systems focus on more than one
technology, the sum is greater than 100%.

mentary assessment (EMA), psycho-education, commu-
nication, and intervention approaches.

These five topics can be viewed as a technology stack as
illustrated in Figure 1. At the lowest level is data collection
(sensing), which can be used for clinical assessment and/or
predictive modelling, which can be also used for intervention
and guidance to the patient. Indeed, 84% of the reviewed
systems were built on top of sensing technologies, followed
by approximately one-third of the systems (24–36%) that have
been addressing prediction, user-interface design, intervention,
and clinical assessment (Figure 1). Note that the user interface
is a separate technology topic, which typically cuts across the
other topics. For example, a system like MOBERO [57] for
children with ADHD focused on clinical assessment while
addressing the design of UI for children.

Fourthly, Table I shows that the majority of the systems
relied on smartphones (91%). Approximately a third of the
systems included wearable (28%) technologies independently
or combined with smartphones. Due to its open nature, An-
droid was a pre-dominant platform. More than half of the
systems (54%) were US-based, 37% were EU-based, and the
rest (9%) from Asia/Australia.

Figure 2 shows a historical outline of the 45 systems. Seen
from a historical perspective, it is interesting to notice that
research in mobile technologies for mental health emerged
early after the advent of very first smartphones1. For example,
non-clinical studies of Psychlog [25] and StressSense [38]
focusing on stress detection, and MoodSense [37] for mood
sensing were published in 2010-12. Similarly, the first clini-
cal studies using Mobilyze! for depression tracking [9] and
MONARCA for bipolar mood sensing and prediction [5],
[4] were published a few years later in 2011 and 2012,
respectively. Considering the number of systems and corre-
sponding publications per year, one may notice two ‘waves’
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revealed five types of technology ‘topics’, addressed by dif-
ferent systems:

• Sensing (SEN) – technologies focusing on collection of
data both from mobile and wearable sensors, feature
extraction from low-level data, as well as collection of
data from users in the form of surveys, questionnaires,
and ecological momentary assessments (EMAs).

• Clinical Assessment (CAS) – technologies for clinical
assessment of disease stages, including questionnaires
(e.g., PHQ9 or WHO5), patient-reported outcome (PRO)
or medication compliance.

• Predictive modelling (PRE) – technologies relying on
collected data (active user inputs and/or passive sensor
data) for higher-level feature extraction, modelling, and
prediction of significant parameters and disease forecast-
ing (e.g., mood forecasting in depression).

• Intervention models (INT) – technologies providing sup-
port for intervention, i.e. provides an active component
that guides the patient in self- or blended care. Examples
include support for cognitive behavioral therapy (CBT),
psychoeducation, or behavioral activation.

• User Interaction (UI) – technologies addressing the
design of user interfaces for SMI diseases, including
interface models for data collection, visualization, and
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These five topics can be viewed as a technology stack as
illustrated in Figure 1. At the lowest level is data collection
(sensing), which can be used for clinical assessment and/or
predictive modelling, which can be also used for intervention
and guidance to the patient. Indeed, 84% of the reviewed
systems were built on top of sensing technologies, followed
by approximately one-third of the systems (24–36%) that have
been addressing prediction, user-interface design, intervention,
and clinical assessment (Figure 1). Note that the user interface
is a separate technology topic, which typically cuts across the
other topics. For example, a system like MOBERO [57] for
children with ADHD focused on clinical assessment while
addressing the design of UI for children.

Fourthly, Table I shows that the majority of the systems
relied on smartphones (91%). Approximately a third of the
systems included wearable (28%) technologies independently
or combined with smartphones. Due to its open nature, An-
droid was a pre-dominant platform. More than half of the
systems (54%) were US-based, 37% were EU-based, and the
rest (9%) from Asia/Australia.

Figure 2 shows a historical outline of the 45 systems. Seen
from a historical perspective, it is interesting to notice that
research in mobile technologies for mental health emerged
early after the advent of very first smartphones1. For example,
non-clinical studies of Psychlog [25] and StressSense [38]
focusing on stress detection, and MoodSense [37] for mood
sensing were published in 2010-12. Similarly, the first clini-
cal studies using Mobilyze! for depression tracking [9] and
MONARCA for bipolar mood sensing and prediction [5],
[4] were published a few years later in 2011 and 2012,
respectively. Considering the number of systems and corre-
sponding publications per year, one may notice two ‘waves’
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Sensing & Mood Symptoms
• Systematic review 

– behavioral features
• collected from mobile and wearable devices

– depressive mood symptoms
– patient w. affective disorders

• major depression
• bipolar disorder

• 2,644 unique papers identified
– 929 full papers screened
– 46 papers included

• Studies divided into
– clinical (i.e. diagnosed)
– non-clinical (”healthy individuals”)
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Abstract
Background: Several studies have recently reported on the correlation between objective behavioral features collected via
mobile and wearable devices and depressive mood symptoms in patients with affective disorders (unipolar and bipolar disorders).
However, individual studies have reported on different and sometimes contradicting results, and no quantitative systematic review
of the correlation between objective behavioral features and depressive mood symptoms has been published.
Objective: The objectives of this systematic review were to (1) provide an overview of the correlations between objective
behavioral features and depressive mood symptoms reported in the literature and (2) investigate the strength and statistical
significance of these correlations across studies. The answers to these questions could potentially help identify which objective
features have shown most promising results across studies.
Methods: We conducted a systematic review of the scientific literature, reported according to the preferred reporting items for
systematic reviews and meta-analyses guidelines. IEEE Xplore, ACM Digital Library, Web of Sciences, PsychINFO, PubMed,
DBLP computer science bibliography, HTA, DARE, Scopus, and Science Direct were searched and supplemented by hand
examination of reference lists. The search ended on April 27, 2017, and was limited to studies published between 2007 and 2017.
Results: A total of 46 studies were eligible for the review. These studies identified and investigated 85 unique objective behavioral
features, covering 17 various sensor data inputs. These features were divided into 7 categories. Several features were found to
have statistically significant and consistent correlation directionality with mood assessment (eg, the amount of home stay, sleep
duration, and vigorous activity), while others showed directionality discrepancies across the studies (eg, amount of text messages
[short message service] sent, time spent between locations, and frequency of mobile phone screen activity).
Conclusions: Several studies showed consistent and statistically significant correlations between objective behavioral features
collected via mobile and wearable devices and depressive mood symptoms. Hence, continuous and everyday monitoring of
behavioral aspects in affective disorders could be a promising supplementary objective measure for estimating depressive mood
symptoms. However, the evidence is limited by methodological issues in individual studies and by a lack of standardization of
(1) the collected objective features, (2) the mood assessment methodology, and (3) the statistical methods applied. Therefore,
consistency in data collection and analysis in future studies is needed, making replication studies as well as meta-analyses possible.

(JMIR Mhealth Uhealth 2018;6(8):e165)   doi:10.2196/mhealth.9691
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Table 1. Summary of the included studies with nonclinical samples of participants.

Mood scaleStudy duration
(days)

Participant age
(years), mean (SD)

Participants (N=1189), nTechnology usedReference

FemaleMale

10p mood3621.1 (2.2)225Android; FunfAsselbergs et al, 2016 [15]

BRUMSb14N/Aa19Android; EmotionStoreBaras et al, 2016 [40]

Mood42N/A225Android; FunfBecker et al, 2016 [41]

PHQ-9c7022.51037AndroidBen-Zeev et al, 2015 [42]

CES-Dd1085.3 (4.1)44Multisensor (waist)Berke et al, 2011 [43]

PHQ-8e71311315Android; MoodTracesCanzian and Musolesi, 2015 [9]

BDI-21fN/A57298234Phone recordsCho et al, 2016 [44]

DASS-21g1719.8 (2.4)3735AndroidChow et al, 2017 [45]

BDI-2156N/A2717AndroidDeMasi et al, 2016 [46]

PHQ-9721.822316Digi-Walker PedometerEdwards and Loprinzi, 2016 [47]

PHQ-9N/A18-25h5821Android or iOS;
LifeRhythm

Farhan et al, 2016 [17]

Affect balance12N/A2020Fitbit flexMark et al, 2016 [48]

rPOMSi728.4 (2.8)36Windows M. 6.5;
MyExperience

Matic et al, 2011 [16]

PHQ-830N/AN/A25jAndroidMehrotra et al, 2016 [49]

DASS21342211AndroidMestry et al, 2015 [14]

BDI-21719.55 (3.2)2910ActigraphPillai et al, 2014 [50]

PHQ-91428.9 (10.1)208Android; Purple robotSaeb et al, 2015 [7]

PHQ-970N/A1038Android; StudentlifeSaeb et al, 2016 [39]

PHQ-970N/A1038Android; StudentlifeWang et al, 2014 [51]

PHQ-970N/AN/A37jAndroid; StudentlifeWang et al, 2015 [52]

aN/A: not applicable.
bDepression subscale of Brunel Mood Scale.
cPHQ-9: Patient Health Questionnaire-9
dCES-D: The Center for Epidemiological Studies Depression Scale.
ePHQ-8: Patient Health Questionnaire-8
fBDI-21: Becks depression inventory.
gDASS-21: Depression Anxiety Stress Scales.
hStudy reported participant age as a range, rather than mean.
irPOMS: reduced Profile of Mood States.
jTotal number of participants; number of male and female participants not specified.
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Table 2. Summary of the included studies with clinical samples of participants diagnosed with unipolar (UD) or bipolar (BD) disorder.

Mood scaleStudy duration
(days)

Participant age
(years), mean
(SD)

Clinical
diagnosis

Participants (N=3094), nTechnology usedReference

FemaleMale

SRM II-5b2825-64aBD52Android;
MoodRhythm

Abdullah et al, 2016 [53]

7p mood150N/ABDN/Ad18cAndroid; MonarcaAlvarez-Lozano et al, 2014 [11]

HDRSe36547.2 (3.8)BD58Android; SIMBABeiwinkel et al, 2016 [22]

Group difference1442.8 (11)UD1310ActigraphBerle et al, 2010 [54]

10p mood1483UD10iOS; EmpathDickerson et al, 2011 [55]

CES-Dg20>18fUD33AndroidDoryab et al, 2016 [18]

Group difference345.2 (12)UD128ActiheartFaurholt-Jepsen et al, 2012 [56]

HDRS-17345.6 (11.1)UD117ActiheartFaurholt-Jepsen et al, 2015 [57]

HDRS-178430.3 (9.3)BD199Android; MonarcaFaurholt-Jepsen et al, 2016 [58]

HDRS-179033.4 (9.5)BD125Android; MonarcaFaurholt-Jepsen et al 2014 [10]

HDRS-1718229.3 (8.4)BD4120Android; MonarcaFaurholt-Jepsen et al, 2015 [26]

HDRS-178430.2 (8.8)BD1811Android; MonarcaFaurholt-Jepsen et al, 2016 [6]

Group difference4634.4 (10.4)BD2314ActigraphGershon et al, 2016 [59]

IDS-C-30h741.0 (11.2)BD2715ActigraphGonzales et al, 2014 [60]

7p mood8433-48BD82AndroidGrünerbl; 2015 [61]

mood state9836BD10AndroidGuidi et al, 2015 [20]

Group difference1442.9 (10.7)UD1114ActigraphHauge et al, 2011 [62]

Group difference139.9 (15.6)BD75ActigraphKrane-Gartiser et al, 2014 [63]

Group difference746.3UD13131261Actigraph (hip)Loprinzi and Mahoney, 2014 [64]

Group difference8735.1UD05Armband;
SenseWear Pro

Miwa et al, 2007 [65]

7p mood7618-65BDN/A6cAndroidMuaremi et al, 2014 [66]

MADRSi774 (6)UD4316ActigraphO’Brien et al, 2016 [8]

−3:3 moodj90N/ABD50AndroidOsmani et al, 2013 [19]

QIDS-SR16k6044 (14)BD279Android; AMoSSPalmius et al, 2016 [67]

Group difference1444.6 (11)BD77ActigraphSt-Amand et al, 2013 [68]

Group difference749 (13)UD1314ActigraphTodder et al, 2009 [69]

aStudy reported participant age as a range, rather than mean.
bSRM II-5: Social Rhythm Metric II-5.
cTotal number of participants; number of male and female participants not specified.
dN/A: not applicable.
eHDRS: Hamilton Depression Rating Scale.
fAll participants in study above 18 years of age.
gCES-D: The Center for Epidemiological Studies Depression Scale.
hIDS-C-30: Inventory for Depressive Symptomatology, Clinical-rated.
iMADRS: Montgomery-Åsberg Depression Rating Scale.
j−3:3 mood: 7-point mood scale ranging from −3 to 3.
kQIDS-SR16: Quick Inventory of Depressive Symptomatology-Self Reported.
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Feature Categories

non-significant

missing

significant
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However, ...
1. Standardized data collection and features extraction methods

– the way that physical activity, social activity, and mobility 
features based on accelerometer and GPS data are extracted 
should be standardized across studies. 

2. Standardized mood assessment tools
– a wide range of clinical (n=11) and nonclinical (n=9) mood 

rating scales were used
– hard to compare correlations across studies when such different 

scales are used. 
3. Standardized statistical correlation methodology

– studies applied more than 11 different methods for correlation 
values, with different time windows. 

?!
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Meta-review of Efficacy
• 18 RCTs
• 22 apps
• 4-24 weeks intervention
• 7 different depression scales (!)

40

The efficacy of smartphone-based mental health interventions for
depressive symptoms: a meta-analysis of randomized controlled trials

Joseph Firth1,2, John Torous3,4, Jennifer Nicholas5,6, Rebekah Carney1, Abhishek Pratap7,8, Simon Rosenbaum5,6, Jerome Sarris1,9

1NICM, School of Science and Health, Western Sydney University, Campbelltown, Australia; 2Faculty of Biology, Medicine and Health, Division of Psychology and Mental
Health, University of Manchester, Manchester, UK; 3Department of Psychiatry and Division of Clinical Informatics, Beth Israel Deaconess Medical Center, Boston, MA, USA;
4Harvard Medical School, Boston, MA, USA; 5Black Dog Institute, University of New South Wales, Sydney, Australia; 6Faculty of Medicine, School of Psychiatry, University of
New South Wales, Sydney, Australia; 7Sage Bionetworks, Seattle, WA, USA; 8Department of Biomedical Informatics and Medical Education, University of Washington, Seattle,
WA, USA; 9Department of Psychiatry, University of Melbourne, Professorial Unit, The Melbourne Clinic, Melbourne, Australia

The rapid advances and adoption of smartphone technology presents a novel opportunity for delivering mental health interventions on a popu-
lation scale. Despite multi-sector investment along with wide-scale advertising and availability to the general population, the evidence support-
ing the use of smartphone apps in the treatment of depression has not been empirically evaluated. Thus, we conducted the first meta-analysis of
smartphone apps for depressive symptoms. An electronic database search in May 2017 identified 18 eligible randomized controlled trials of 22
smartphone apps, with outcome data from 3,414 participants. Depressive symptoms were reduced significantly more from smartphone apps
than control conditions (g50.38, 95% CI: 0.24-0.52, p<0.001), with no evidence of publication bias. Smartphone interventions had a moderate
positive effect in comparison to inactive controls (g50.56, 95% CI: 0.38-0.74), but only a small effect in comparison to active control conditions
(g50.22, 95% CI: 0.10-0.33). Effects from smartphone-only interventions were greater than from interventions which incorporated other human/
computerized aspects along the smartphone component, although the difference was not statistically significant. The studies of cognitive training
apps had a significantly smaller effect size on depression outcomes (p50.004) than those of apps focusing on mental health. The use of mood
monitoring softwares, or interventions based on cognitive behavioral therapy, or apps incorporating aspects of mindfulness training, did not
affect significantly study effect sizes. Overall, these results indicate that smartphone devices are a promising self-management tool for depression.
Future research should aim to distil which aspects of these technologies produce beneficial effects, and for which populations.

Key words: Smartphone technology, mental health interventions, depression, e-health, mhealth, apps, cognitive training, mood monitoring,
cognitive behavioral therapy, mindfulness training

(World Psychiatry 2017;16:287–298)

Depression is now recognized as a leading cause of global

disability, impacting over 300 million people around the

world1. In countries like the US, 9% of the population may

have depression at any one time2. Beyond the personal suffer-

ing, depression is associated with unemployment, poor physi-

cal health, impaired social functioning and, in its most severe

forms, suicide3. Thus, the disorder carries a high cost for both

the individual and the society, particularly when considering

the economic burden incurred through clinical care and lost

productivity4.

Depression is a potentially treatable condition, with a range

of available medications and psychological interventions that

are supported by robust clinical evidence. While the choice of

pharmacotherapy or psychotherapy depends on many factors,

for most individuals with mild or moderate depression they

may be nearly equivalent5.

However, there are many barriers towards both of these

treatment methods. For instance, access to mental health care

remains limited, as almost half of the world’s population lives

in countries where there is less than one psychiatrist per

100,000 people6, and continued shortage in mental health care

staff is expected for both the near and long term future7,8.

Additionally, medications and psychotherapies may carry

some level of stigma (particularly among younger people),

which further limits their effectiveness9,10.

Furthermore, although these therapies demonstrate high

clinical efficacy for reducing symptoms, they may not always

bring about full and sustained remission in those treated. Finally,

many people experience either subclinical depression or resid-

ual depressive symptoms even after achieving clinical response

to treatment. Therefore, novel primary and/or adjunctive meth-

ods for reducing depression on a population scale are urgently

needed.

Digital technologies may represent a novel and viable solu-

tion. Mobile phones are among the most rapidly adopted in-

novations in recent history, and smartphone ownership con-

tinues to increase in both developed and developing coun-

tries11. Through providing ubiquitous Internet connectivity,

along with the capacity to download and run externally cre-

ated applications (“apps”), smartphone technology presents

an opportunity to transform mobile phones into devices which

could provide global, cost-effective and evidence-based men-

tal health services on demand and in real time12.

This clear therapeutic potential has triggered a wave of in-

terest and investment in mental health apps from govern-

ments, technology companies, advocacy groups, and research

groups internationally13,14. But in the enthusiasm to realize the

potential of apps for depression, it has become difficult to sep-

arate actual efficacy from overzealous aspirational claims15.

With thousands of mental health apps readily available through

Apple or Google marketplaces, finding a useful tool supported

by robust evidence to manage one’s depression is clearly a chal-

lenge for a lay person16,17. The increasing media promotion and

accessibility of apps for mental health now presents a “duty of

World Psychiatry 16:3 - October 2017 287
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Figure 2 Meta-analysis of the effects of smartphone interventions on depressive symptoms. Box size represents study weighting. Diamond represents overall effect size and 95% CI.
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”In conclusion, the evidence to date indicates that 
mental health interventions delivered via smartphone 
devices can reduce depressive symptoms.”

“... it was difficult to establish the single most effective 
components of smartphone interventions, or determine 
which populations these interventions are best suited for.”



LOOKING AHEAD...
... from apps to platforms
... from sensing to intervention
... from pilot studies to clinical uptake
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Digital Phenotyping
“Continuous and unobtrusive 
measurement and inference of 
health, behavior, and other 
parameters from wearable and 
mobile technology”

• Jain, S. H., Powers, B. W., Hawkins, J. B., & Brownstein, J. S. (2015). 
The digital phenotype. Nat Biotech, 33(5), 462–463. 

• Insel, T. R. (2017). Digital phenotyping: Technology for a new science 
of behavior. JAMA, 318(13), 1215–1216. 

DIGITAL PHENOTYPE

Phone 
Sensors

Health 
Sensors

Phone 
Interaction

Voice & 
Speech App UsageEMA

BIOSIGNALS
- Glucose
- Blood pressure
- Weight
- …

COGNITION
- Reaction time
- Attention
- Memory
- …

BEHAVIOR
- Physical Activity
- Location
- Social Activity
- … 

MEDICAL
- Diagnosis 
- Medicine
- Mood
- …
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CARP – CACHET Research Platform
• Standardization

– part of open international standards
– Open mHealth
– FHIR, IEEE 1752, ORK, ORS, ...

• Sharing & Reuse
– application-specific support / development (API)
– multi-study / multi-project platform
– analysis of data across multiple studies 

• Privacy & Security
– enabling privacy & security as part of platform (GDPR)
– secure local hosting @DTU Computerome
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Type of mHealth Apps / Data
• Psychiatry

– Cognitive assessment
– Mood sampling (e.g. PHQ9)
– Activity
– ...

• Cardiovascular
– BP, HR, HRV, ..
– ECG, RR, 
– O2
– physical activity

• Diabetes
– blood glucose

• Generic
– location
– weight, height, ...
– step count
– met / cal
– temperature
– medication
– surveys
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CARP Mobile Sensing in Flutter
• CARP Mobile Sensing

– framework
– sensing packages (e.g. ECG, CGM)
– app

• CARP Backend
– firebase, CARP, ..

• Open mHealth schemas
– in Flutter

• Research Package
– Research Kit in Flutter
– (like Research Stack for Android)
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MUBS: A Näive Bayes Recommender 
System for Behavioral Activation
• Behavioral Activation (BA)

– Activating patients to do more activities in six core 
categories

• Daily activity recommendation
– just-in-time adaptive intervention

• Features
– activity,  difficulty, category
– time, day, weather, location, physical activity

!(#$|&') =
!(#$)∏+,-. ∑0,-

|12| !(3+0|#$4+)
!(&')
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RADMIS Project – RCT on Efficacy
• Randomized Clinical Trial (RCT)

– #1 – reducing the rate and duration of readmission among patients
– #2 – reducing severity of depression and mania
– #3 – improve behavioral functions
– blinded randomized trial (N= 200+200)

• Partners
– Psychiatric Center Copenhagen
– Technical University of Denmark
– Monsenso

• Technology development
– Data collection
– Mood forecasting
– Cognitive Behavioral Therapy (CBT)

48
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Summing up...
• MONARCA :: ubiquitous computing in mental health

– self-assessment is usable and useful (patients & clinicians)
– double-loop treatment setup
– promising technical results
– ... but no clinical evidence 

• Looking back at 10 years of impressive research
– 45 ubicomp technologies – mostly on sensing
– 46 studies on correlations – but comparison were difficult
– clinical evidence is mixed – but emerging across studies 

• Looking ahead at the next 10 years of research
– CARP platform :: mobile sensing app development in Flutter
– MUBS :: designing technologies for intervention
– RADMIS :: clinical efficacy in terms of reducing readmission
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