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Outline of Talk

Copenhagen Center for Health Technology

• background & vision
• research & innovation
Digital Phenotyping in Mental Health

• background
• systematic review of correlations between ‘objective’ 

features and depression
Outlook

• technology for digital phenotyping
• standards for mobile health (mHealth)



Strategic Partnership

Technical University of Denmark
• Electrical Engineering
• Computer Science
• Nano-technology
• Management Engineering
• ...

Faculty of Health Sciences @ 
University of Copenhagen
• Biomedical Sciences
• Public Health
• ...

• all hospitals in Greater Copenhagen
• 1.8 mio. people
• 12 hospitals
• ~ 1.000 GPs

• all nursing homes++ in Copenhagen City
• 600.000 inhabitants
• primary care



Strategic Goals

#1 – RESEARCH

• initiate and host new research projects and initiatives
across partners

#2 – GROWTH & INNOVATION

• fuel and support health innovation, entrepreneurship
and commercial growth in GCPH

#3 – VISIBILITY

• increase visibility and impact of research in health 
technology in GCPH



CONFIDENTIAL18

Personalized technology
Engaging, patient-centric, and 
participatory technology can 
deliver interventions tailored to 
the individual and sustain 
engagement “beyond-the-pill” 
outside traditional care settings.

Digitalization
The ubiquity of digital health and 
communication technology drive 
new models for virtual and 
semi-automated doctor-patient 
contact.

Health IoT
Pervasive, mobile and wearable 
technology for sensing and 
engaging with patients create a 
unique platform for personalized 
health delivery

Big data analytics
Computing power and advanced 
analytics and learning algorithms 
drive insight and prediction of 
patient behavior, treatment, and 
care costs

Technology Opportunities

Chronic diseases management
Accounting for 2/3 of all 
healthcare spend worldwide – 
and increasing – chronic disease 
management is and will be the 
main focus of health.

Preventive and predictive health
Obesity, lack of physical activity 
and unhealthy lifestyle are the 
major factors for health problems 
and needs to be addressed early

Regulatory
Legal and regulatory demands for 
protecting patient privacy, data, 
and safety will be enforced 
heavily as digital and 
personalized health emerge

Evidence & outcome-based 
health
New business models both for 
suppliers and vendors will be tied 
to clinical evidence and real-world 
patient outcome (efficiency)

Healthcare Challenges
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Global Burden of Disease 2004

Burden of disease: DALYs
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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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”Mental health will be the largest
burden for society in the 2020s” –
WHO 2012



The Smartphone

• Ubiquitous
• Unobtrusive
• Intimate
• Powerful
• Sensor-rich
• Connected – always!

”... the mobile phone has become the most 
ubiquitous piece of technology in our recent 
history” – Oliver et. al. 2015

“Smartphones offer huge potential to gather precise, 
objective, sustained, and ecologically valid data on 
the real-world behaviors and experiences of millions
of people where they already are” – Miller, 2015



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

MEDICINE
- Prescriptions
- Adherence
- Effect

DIGITAL PHENOTYPE

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. 

”Even though smartphone 
technology promises to 
transform many aspects of 
health care, no area of medicine
is likely to be changed more by 
this technology than
psychiatry.” [T. Insel, 2017]



EVIDENCE?



MONARCA
• Bipolar disorder (manio-depressive)
• EU STREP project | 2010-2014 | 13 partners 
• Copenhagen team

– The Copenhagen Clinic for Affective Disorder, Rigshospitalet, 
Psychiatric Center Copenhagen, 

– The Pervasive Interaction Technology Laboratory (PIT Lab), IT 
University of Copenhagen

• MONARCA system
– Self-assessment

• mood | sleep | stress | medicine | …
– Auto-assessment

• physical activity | mobility | social activity | phone usage
– Feedback

• visualizations | medication | actions-to-take | triggers | early-warning-
signs | impact factors

– Mood forecast
• predict mood for next 5 days



Clinical Evidence

Clinical evaluations have shown strong 
correlations between
– self-rated and clinically-rated mood
– objectively collected data and clinically-

rated mood

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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Table 3. Correlations between automatically generated objective 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

Incoming calls (no./day)
HDRS-17 0.022 !0.010 to 0.054 0.18 0.024 !0.009 to 0.057 0.15
YMRS 0.060 0.016–0.100 0.007 0.062 0.018–0.110 0.006
Duration of incoming calls (sec/day)
HDRS-17 19.96 4.12–35.80 0.014 17.15 1.00–33.30 0.037
YMRS 28.54 5.17–51.90 0.017 30.38 7.04–53.71 0.011
Incoming text messages (no./day)
HDRS-17 !0.037 !0.18 to 0.14 0.61 !0.029 !0.17 to 0.11 0.69
YMRS 0.087 !0.10 to 0.28 0.37 0.10 !0.088 to 0.290 0.29
Outgoing calls (no./day)
HDRS-17 0.031 !0.047 to 0.110 0.44 0.030 !0.050 to 0.110 0.46
YMRS 0.15 0.045–0.250 0.005 0.15 0.043–0.250 0.006
Duration of outgoing calls (sec/day)
HDRS-17 28.27 10.15–46.40 0.002 26.33 7.68–44.98 0.006
YMRS 23.87 !3.08 to 50.83 0.083 24.97 !2.11 to 52.04 0.071
Outgoing text messages (no./day)
HDRS-17 0.014 !0.16 to 0.19 0.88 0.022 !0.15 to 0.19 0.80
YMRS 0.22 !0.006 to 0.450 0.057 0.24 0.019–0.470 0.034

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.
bAnalyses on all study participants; total N = 61.
cAdjusted for age and sex.

Table 4. Correlations between automatically generated objective dataa collected using smartphones and sub-items on the HDRS-17 and YMRS,
respectivelyb

Unadjusted Adjustedc

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

Incoming calls (no./day)
YMRS sub-item 1 (mood) 0.27 !0.30 to 0.56 0.075 0.27 !0.022 to 0.57 0.070
YMRS sub-item 2 (activity) 0.30 0.086–0.520 0.006 0.30 0.085–0.52 0.006
Duration incoming calls (sec/day)
HDRS-17 sub-item 1 (mood) 32.34 !62.51 to 127.19 0.50 16.64 !79.05 to 112.34 0.73
HDRS-17 sub-item 8 (psychomotor retardation) 162.69 !23.88 to 349.26 0.087 147.30 !40.38 to 334.98 0.12
HDRS-17 sub-item 9 (psychomotor agitation) !14.25 !218.80 to 190.30 0.89 !19.66 !223.52 to 184.19 0.85
YMRS sub-item 1 (mood) 134.52 !22.90 to 291.94 0.094 145.76 !11.31 to 302.82 0.069
YMRS sub-item 6 (speech) 85.74 !10.81 to 182.30 0.082 93.41 !2.98 to 189.79 0.058
Duration outgoing calls (sec/day)
HDRS-17 sub-item 1 (mood) 60.95 !49.61 to 171.52 0.28 46.97 !65.53 to 159.48 0.41
HDRS-17 sub-item 8 (psychomotor retardation) 221.50 5.97–437.02 0.044 201.03 !17.68 to 419.73 0.072
HDRS-17 sub-item 9 (psychomotor agitation) 171.10 !61.01 to 403.21 0.15 170.31 !62.11 to 402.73 0.15
YMRS sub-item 1 (mood) 112.01 !70.08 to 294.10 0.23 121.14 !61.67 to 303.95 0.19
YMRS sub-item 6 (speech) 58.81 !51.52 to 169.13 0.30 64.54 !46.40 to 175.49 0.25
Outgoing calls (no./day)
YMRS sub-item 1 (mood) 0.54 !0.17 to 1.24 0.13 0.53 !0.18 to 1.23 0.14
YMRS sub-item 2 (activity) 0.64 0.13–1.15 0.014 0.63 0.12–1.14 0.016
Outgoing text messages (no./day)
YMRS sub-item 1 (mood) 0.88 !0.60 to 2.36 0.24 0.92 !0.55 to 2.40 0.22
YMRS sub-item 2 (activity) 1.49 0.38–2.59 0.008 1.52 0.42–2.62 0.007

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.
bAnalyses on all study participants; total N = 61.
cAdjusted for age and sex.
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Electronic biomarker in bipolar disorder

“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.”

M Faurholt-Jepsen et al. Smartphone data as an electronic biomarker of illness 
activity in bipolar disorder. Bipolar Disorders, 2015.
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Voice analysis as an objective state marker in bipolar disorder
M Faurholt-Jepsen1, J Busk2, M Frost3, M Vinberg1, EM Christensen1, O Winther2, JE Bardram2 and LV Kessing1

Changes in speech have been suggested as sensitive and valid measures of depression and mania in bipolar disorder. The present
study aimed at investigating (1) voice features collected during phone calls as objective markers of affective states in bipolar
disorder and (2) if combining voice features with automatically generated objective smartphone data on behavioral activities
(for example, number of text messages and phone calls per day) and electronic self-monitored data (mood) on illness activity
would increase the accuracy as a marker of affective states. Using smartphones, voice features, automatically generated objective
smartphone data on behavioral activities and electronic self-monitored data were collected from 28 outpatients with bipolar
disorder in naturalistic settings on a daily basis during a period of 12 weeks. Depressive and manic symptoms were assessed
using the Hamilton Depression Rating Scale 17-item and the Young Mania Rating Scale, respectively, by a researcher blinded
to smartphone data. Data were analyzed using random forest algorithms. Affective states were classified using voice features
extracted during everyday life phone calls. Voice features were found to be more accurate, sensitive and specific in the classification
of manic or mixed states with an area under the curve (AUC) = 0.89 compared with an AUC= 0.78 for the classification of depressive
states. Combining voice features with automatically generated objective smartphone data on behavioral activities and electronic
self-monitored data increased the accuracy, sensitivity and specificity of classification of affective states slightly. Voice features
collected in naturalistic settings using smartphones may be used as objective state markers in patients with bipolar disorder.

Translational Psychiatry (2016) 6, e856; doi:10.1038/tp.2016.123; published online 19 July 2016

INTRODUCTION
Observer-based clinical rating scales such as the Hamilton
Depression Rating Scale 17-item (HAMD)1 and the Young Mania
Rating Scale (YMRS)2 are used as golden standards to assess the
severity of depressive and manic symptoms when treating
patients with bipolar disorder. However, using these clinical rating
scales requires clinician–patient encounter. Further, the severity of
depressive and manic symptoms is determined by a subjective
clinical evaluation in a semi-structured interview with the risk of
individual observer bias. Developing objective and continuous
measures of symptoms’ severity to assist the clinical assessment
would be a major breakthrough.3,4 Methods using continuous and
real-time monitoring of objectively observable data on illness
activity in bipolar disorder that would be able to discriminate
between affective states could help clinicians to improve the
diagnosis of affective states, provide options for early intervention
on prodromal symptoms, and allow for close and continuous
monitoring and collection of real-time data on depressive and
manic symptoms outside clinical settings between outpatient
visits.
Studies analyzing the spoken language in affective disorders

date back as early as 1938.5 A number of clinical observations
suggest that reduced speech activity and changes in voice
features such as pitch may be sensitive and valid measures of
prodromal symptoms of depression and effect of treatment.6–12

Conversely, it has been suggested that increased speech activity
may predict a switch to hypomania.13 Item number eight on the
HAMD (psychomotor retardation) and item number six on the
YMRS (speech amount and rate) are both related to changes in
speech, illustrating that factors related to speech activity are

important aspects to evaluate in the assessment of symptoms’
severity in bipolar disorder. Based on these clinical observations
there is an increasing interest in electronic systems for speech
emotion recognition that can be used to extract useful semantics
from speech and thereby provide information on the emotional
state of the speaker (for example, information on pitch of the
voice).14

Software for ecologically extracting data on multiple voice
features during phone calls made in naturalistic settings over
prolonged time-periods has been developed15 and a few
preliminary studies have been published.16–20 One study extracted
voice features in six patients with bipolar disorder type I using
software on smartphones and demonstrated that changes in
speech data were able to detect the presence of depressive and
hypomanic symptoms assessed with weekly phone-based clin-
icians administrated ratings using the HAMD and the YMRS,
respectively.17 However, none of the patients in the study
presented with manic symptoms during the study period, and
the clinical assessments were phone-based. Another study on six
patients with bipolar disorder showed that combining statistics on
objectively collected duration of phone calls per day and
extracted voice features on variance of pitch increased the
accuracy of classification of affective states compared with solely
using variance of pitch for classification.18,19 The study did not
state if and how the affective states were assessed during the
monitoring period.
In addition to voice features, changes in behavioral activities

such as physical activity/psychomotor activity21–24 and the level of
engagement in social activities25 represent central aspects of

1Psychiatric Center Copenhagen, Rigshospitalet, Copenhagen, Denmark; 2DTU Compute, Technical University of Denmark (DTU), Lyngby, Denmark and 3The Pervasive Interaction
Laboratory, IT University of Copenhagen, Copenhagen, Denmark. Correspondence: Dr M Faurholt-Jepsen, Psychiatric Center Copenhagen, Rigshospitalet, Blegdamsvej 9, DK-
2100 Copenhagen, Denmark.
E-mail: maria@faurholt-jepsen.dk
Received 25 January 2016; revised 4 April 2016; accepted 5 May 2016

Citation: Transl Psychiatry (2016) 6, e856; doi:10.1038/tp.2016.123

www.nature.com/tpVoice & Mood

Collection of voice features in naturalistic setting
• N=28 | 12 weeks 
• 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

“Voice features collected in 
naturalistic settings using 
smartphones may be used as 
objective state markers in patients 
with bipolar disorder. ”

M Faurholt-Jepsen, J Busk, M Frost, M Vinberg, EM Christensen, O Winther, JE 
Bardram, LV Kessing (2016,). Voice analysis as an objective state marker in bipolar 
disorder. Transl Psychiatry. Macmillan Publishers Limited. 
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Systematic Review

• Systematic review 
– behavioral features

• collected from mobile and wearable devices

– depressive mood symptoms
– patient w. affective disorders

• major depression
• bipolar disorder

Review

Correlations Between Objective Behavioral Features Collected
From Mobile and Wearable Devices and Depressive Mood
Symptoms in Patients With Affective Disorders: Systematic Review

Darius A Rohani1,2, MSc; Maria Faurholt-Jepsen3, DMSc; Lars Vedel Kessing3,4, DMSc; Jakob E Bardram1,2, MSc,
PhD
1Embedded Systems Engineering, Department of Applied Mathematics and Computer Science, Technical University of Denmark, Kongens Lyngby,
Denmark
2Copenhagen Center for Health Technology, Technical University of Denmark, Kongens Lyngby, Denmark
3Copenhagen Affective Disorder Research Centre, Psychiatric Centre Copenhagen, Rigshospitalet, Copenhagen, Denmark
4Faculty of Health and Medical Sciences, University of Copenhagen, Copenhagen, Denmark

Corresponding Author:
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Technical University of Denmark
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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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Methods

• 2,644 unique papers identified

• 929full papers screened

• 46papers included

• Studies divided into
– clinical (i.e. diagnosed)
– non-clinical (”healthy individuals”)



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



non-clinical



clinical



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. 

?!



PART III 
OUTLOOK



CARP – CACHET Research Platform

Standardization
• part of open international standards
• FHIR, IEEE 1752, ORK, ORS, ...

Sharing
• multi-study platform
• analysis of data across multiple studies 

Privacy & Security
• enabling privacy & security as part of platform (GDPR)
• secure local hosting @DTU Computerome

Multi-project platform used in
• REAFEL
• BHRP
• PhyPsy Trial
• ...



Goal

• mHealth is emerging as a 
patchwork of incompatible
applications serving narrow, 
albeit valuable, needs, and 
thus could benefit from more 
coordinated development

• Open architecture
– standardized interfaces
– standardized components
– standardized data formats

www.sciencemag.org    SCIENCE    VOL 330    5 NOVEMBER 2010 759

POLICYFORUM

           C
hronic diseases like diabetes, asthma, 
and obesity account for 46% of global 
disease burden ( 1). The traditional 

model of episodic care in clinic and hospi-
tal-based settings is suboptimal for improv-
ing chronic disease outcomes ( 2). Mobile 
communication devices, in conjunction with 
Internet and social media, present opportuni-
ties to enhance disease prevention and man-
agement by extending health interventions 
beyond the reach of traditional care—an 
approach referred to as mHealth ( 3). How-
ever, mHealth is emerging as a patchwork of 
incompatible applications (“apps”) serving 
narrow, albeit valuable, needs, and thus could 
benefi t from more coordinated development 
( 4). A public-private partnership to define 
and instantiate an “open” mHealth architec-
ture (described below), in the context of eco-
nomic incentives and enabling policies, could 
support medical discovery and evidence-
based practice about managing and prevent-
ing chronic disease.

Why mHealth?
Development and treatment of chronic dis-
eases take place in daily life outside of tra-
ditional clinical settings. To determine and 
adjust treatment for these diseases, clini-
cians depend heavily on patient reports of 
symptoms, side effects, and functional status. 
Typically, patients report at clinic visits that 
are months apart, and recall accuracy can be 
highly variable ( 5). mHealth makes it feasi-
ble for patients to collect and share relevant 
data at any time, not just when they happen 
to visit a clinic, allowing more rapid conver-
gence to optimal treatment. For example, a 
patient with epilepsy can self-report on drugs 
and dosages taken and the number and sever-
ity of seizures and side effects. The app sends 
this data in real time to the clinician, who can 
look for patterns of response and guide the 
patient to titrate his medications over weeks 
instead of months.

        mHealth apps can contribute to a rapid, 

        learning health system,         but this may be dif-
fi cult if each app is built as a closed appli-
cation with its own proprietary data format, 
        management,         and analysis. Such a “stove-
pipe” or “siloed” approach fundamentally 
limits the potential of mHealth by impeding 
data-sharing with other apps and with elec-
tronic and personal health records (EHRs 
and PHRs). Ineffi ciencies and lack of inno-
vation plague health information technol-
ogy (IT) systems that are closed and rigid 
( 6). For example,         a patient who is diabetic, 
        hypertensive,         and suffering from depres-
sion is unlikely to sustain use of multiple, 
        siloed,         noncommunicating,         disease-specifi c 
apps that each monitor diet and medications. 
An open architecture built around shared 
data standards and the global communi-
cation network already in place to support 
interoperable voice and data transfer can 
promote the scaling,         coherence,         and power 

of mHealth. Such an architecture should 
complement broader ongoing developments 
for scalable and sustainable health informa-
tion systems,         including various national ( 7, 
         8) and international ( 9,          10) initiatives.

Open Architecture Benefi ts
In an open architecture, components have 
well-defi ned, published interfaces that allow 
interconnection and use in ways other than 
as originally implemented or intended ( 11). 
They allow interested parties to expand the 
functionality of the system without modify-
ing existing components.

Open architectures act as innovation infra-
structure much like transportation, telecom-
munications, and fi nancial systems. Although 
not perfect (for example, because of weak-
ness in built-in security), the Internet’s open 
architecture sparked unprecedented cycles of 
innovation across all sectors of the economy. 

Open mHealth Architecture: 
An Engine for Health Care Innovation

HEALTH CARE DELIVERY

Deborah Estrin 1 * and Ida Sim 2  

Standardized interfaces and shared 

components are critical for realizing 

the potential of mobile-device–enabled 

health care delivery and research.

*Author for correspondence: destrin@cs.ucla.edu

1Department of Computer Science, University of California, 
Los Angeles, Los Angeles, CA 90095, USA.  2Department of 
Medicine, University of California, San Francisco, San Fran-
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mHealth architecture: Stovepipe versus Open. The narrow waist of the open hourglass will include at least 
health-specifi c syntactic and semantic data standards; patient identity standards; core data processing func-
tions such as feature extraction and analytics; and data stores that allow for selective, patient-controlled shar-
ing. Standards should be common with broader health IT standards whenever possible.
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OMH Schemas

• A set of JSON standard for 
various mHealth data points

• Semantic standardization

• Design principles
• Templates
• Library

(c) Jakob E. Bardram42



Standardization

• IEEE P1752 – Open mHealth is now part of an IEEE standardization effort

• Standardization of
– schemas
– end-point APIs

• Relation to other (IEEE) standards
– HL7 / FHIR
– ISO/IEEE 11073 Personal Health Data (PHD)



Outline of Talk

Copenhagen Center for Health Technology

• background & vision
• research & innovation
Digital Phenotyping in Mental Health

• background
• systematic review of correlations between ‘objective’ 

features and depression
Outlook

• technology for digital phenotyping
• standards for mobile health (mHealth)




