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Background
Personal Health Technology
• the future of health is digital
Digital Phenotyping
• collection of a wide range of health and behavioral 

data
Research & Innovation
• need for a shared platform for collection, 

management, securing, and analyzing health data
• in research projects (in CACHET)
• in innovation w. industry
Secure and Approved Data Management
• DTU as “data controller”
• Secure hosting
• Regulatory (GDPR)



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



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
- …



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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ORIGINAL ARTICLE

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. 



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
• ...
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Open mHealth

• 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-
cisco, CA 94143, USA.
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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. Bardram18



Shimmer

• Can pull health data from popular third-
party APIs like Runkeeper and Fitbit.

• Converts data into OMH valid schemas
• Supports

– Fitbit
– Google Fit
– iHealth
– Jawbone UP
– Misfit
– Moves
– RunKeeper
– Withings



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)
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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)




