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3CLEAR DIAGNOSIS · TARGETED TREATMENT · STRENGTHENED RESEARCH

Personalised Medicine 
for the benefit of patients

The Danish healthcare system has unique possibilities  
of realising the potential of Personalised Medicine. 

For many years, the Danish healthcare system has systematically collected data  
and knowledge about the Danish population's diseases and treatment. It has helped  
us better understand which treatments that work, and which that do not work. 

It is through the research we conduct with the many that we can make a difference  
for the individual.

We owe it to the patients to use this position of strength.

The Danish people expect a healthcare system that offers them the best possible 
treatment. 

Even though we have come far, there are still many diseases that we do not know 
enough about. It makes it a challenge to diagnose and treat patients appropriately  
and quickly.

We have to recognize that not all medicines work for every patient. Arthritis or cancer 
patients, for example, sometimes have to try out a number of different treatments  
and may experience a multitude of side effects along the way. There are also diseases 
whose cause we cannot explain, which makes it difficult to find the appropriate treatment. 

It does not have to be this way in the future.

With Personalised Medicine we can develop new treatments through the use of  
knowledge and new technologies. By using genetic knowledge about the disease  
and the individual patient, we can diagnose diseases more precisely and target  
treatment more accurately.

The advances are happening right now, especially on the international scene.  
In Denmark, the healthcare system and research environment are working to gain  
new knowledge and achieve better results for patients. But the activities lack  
coordination, and we wish to build a stronger collaboration. 

If the Danish people are to benefit fully from new technologies and other advances,  
we must collaborate across the nation – both in the healthcare system and the research 
environment. Diagnosis, treatment, research, infrastructure, ethics and safety must be 
developed hand in hand. 
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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 Phenotyping : What?
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Digital Phenotyping : When?

Preventive
• promoting healthy lifestyle

• early detection

• preventive measures

Treatment
• continuous monitoring

• context-aware treatment

Patient 
trajectoryRehabilitation

• proactive monitoring

• early warning signs

• just-in-time treatment

Chronic Disease 
Management
• early warning signs

• self-care (“empowerment”)

• treatment adherence

Diagnostics
• symptom detection & 

correlation

• prediction of illness



Self-assessment
Sensor	data
Questionnaires

Advanced	data	analysis
Machine	learning
Predictive	analytics

Digital Phenotyping in Mental Health



RADMIS
• Background

– Mental health is becoming the leading burden of disease (WHO)

• Aim
– Reducing the rate and duration of re-admission among patients 

with unipolar and bipolar disorder 

• Partners
– Psychiatric Center Copenhagen

– DTU Compute

– Monsenso

• Supported by the Innovation Fund Denmark (IFD)

• Technology development
– Data collection

– Mood forecasting

– Cognitive Behavioral Therapy (CBT)

• Randomized Clinical Trial (RCT)
– blinded randomized trial (N= 200+200)

– primary : rate of re-hospitalization and duration of hospitalizations.

– secondary: severity of depression (HDRS) and mania (YMRS)  & 
functional assessment (FAST)



RADMIS
• Smartphone-based monitoring & cognitive behavioral 

treatment (CBT)

• Monitoring
– self-assessment – mood | sleep | stress | medicine | …

– sensor data – physical activity | mobility | social activity | 
phone usage |  voice features

• Predicting
– mood forecast

– relapse of depression

• Intervention
– visualizations | medication | actions-to-take | triggers | 

early-warning-signs 

– psycho-education

– context-aware CBT | behavioral activation | thought 
parking
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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
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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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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


