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Starlab – Company Context

A private R&D company 
based in Barcelona (since 
2000) 	
Transforming Science into 
Technologies	
Developing new products 
and services with profound 
and positive social impact 
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The Electrical Brain
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Neuroscape, UCSF ©
Mishra J., Gazzaley A., 2015
Trends in Cognitive Sciences
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The need - subjective evaluation symptoms
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@aurelisofr

YOUR 
DAD 
WITH 

PARKINSONS

(5M PATIENTS
WORLDWIDE)

YOUR 
FRIEND 

WITH 
DEPRESSION

(240M PATIENTS
WORLDWIDE)

YOUR 
GRANDMA 

WITH 
ALZHEIMER’S

(90M PATIENTS
WORLDWIDE)

YOUR 
NEIGHBOR

WITH 
EPILEPSY

(50M PATIENTS
WORLDWIDE)

BRAIN HEALTH

20% world population
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The need - CNS drug development costs
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@aurelisofr

CNS HIGH RISK
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brain	
s.mula.on

biomarker	discovery

Starlab - Research Program
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Recording Electrical Activity

Starlab - Research Program on Biomarkers

BRAIN

@aurelisofr

EEG
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+

Machine	Learning

Starlab - Research Program on Biomarkers

@aurelisofr

EEG



Starlab Neuroscience 

Machine 
Learning in 
Health 
applications 
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Health Industry
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Health Industry

EHR
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Throughout	2019,	AI	and	machine	learning	will	further	evolve	human	and	machine	interacDon.	
More	specifically,	AI	will	begin	to	see	fruiDon,	parDcularly	in	the	imaging	diagnosDc,	drug	
discovery,	and	risk	analyDcs	applicaDons.

hLps://www.forbes.com/sites/reenitadas/2018/11/13/top-8-healthcare-predicDons-for-2019/#	

Roadmap Health Industry

https://www.forbes.com/sites/reenitadas/2018/11/13/top-8-healthcare-predictions-for-2019/#
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Health AI Publications
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39 
applications

4

3

2014

2019 MayMachine	learning	in	Health	(top	6	specialiDes):	Neurology,	Psychology,	and	Pathology

@ Bertalan Meskó
The Medical Futurist
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Roadmap in Digital Brain Health
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39 
applications

4

3

2014

2019 May

@ Bertalan Meskó
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Roadmap in Digital Brain Health
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18%	FDA	approved	AI	applicaDons:	Neurology,	and	Psychology

Biological	Psychiatry:	From	subjecDve	diagnosis	to	data-driven	diagnosis
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Digital Markers: Purpose?

1717
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Risk assessment, conversion prediction 
and early detection
Differential diagnosis and subtyping
Predicting treatment outcome

Digital Markers: Purpose?
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Risk assessment, conversion prediction 
and early detection
Differential diagnosis and subtyping
Predicting treatment outcome

Digital Markers: Purpose?



Starlab Neuroscience 

Parkinsons' 
Decision 
Support 
System 
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DSS – Rationale
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REM Behavior Disorder (RBD)

Dme

Healthy
subjects

develop
RBD

onset	average		
age	60	years
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DSS – Background
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REM Behavior Disorder (RBD)

time

Healthy
subjects

remain
healthy

develop
RBD

develop
cognitive impairment
(PD, DLB)

remain
RBD

30%

15%

30%
EEG

8 years
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DSS – Background

23

REM Behavior Disorder (RBD)

time

Healthy
subjects

remain
healthy

develop
RBD

develop
cognitive impairment
(PD, DLB)

remain
RBD

30%

15%

30%
EEG

RIAA – finished 2014

Classification	
Machine	Learning
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EEG	biomarker	discovery	for	Parkinson’s

automate	knowledge	
generation

Multi-site	Followup
•	1	Years	
•	7	partners,	6	countries	
•	further	development	of	
Machine	Learning	based	
biomarkers

Integrated	platform	for		
electrophysiology	data	analytics	
from	acquisition	to	biomarker	
performance

system	
integration

Biomarker Discovery - Parkinsons’
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System architecture
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feature	
extracDon

classificaDon averaging

•	diagnosis:		
				HC	vs	RBD+PD+DLB	
•	prognosis:		
				RBD	vs	PD+DLB	
•	prognosis:	PD	vs	DLB

real	value	in	[-1,	1]

EEG
Classifica.on	

Machine	Learning

EEG	data subject	score

feature	
selecDon
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EEG features – starting point
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FFT	of	channel	T3	for	different	
groups	(shadow	areas	=	STE).

A	visualization	of	the	EEG	features	analyzed	suggests	that	there	may	be	a	potential	use	
as	a	classification	tool:

Features	->	Power	per	Frequency	Band

Number features = 14 channels x 13 freq bands
Number features = 182
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Feature selection – Classical vs Deep Autoencoders

LPSO Validation, SVM Class
• Classical: Filter, Wrapper
• Deep Autoencoder
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Feature selection – Classical vs Deep Autoencoders

Classification	
SVM

LPSO Validation, SVM Class
• Classical: Filter, Wrapper
• Deep Autoencoder
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Feature selection – Classical vs Deep Autoencoders

Conclusion:	
Autoencoders	outperform	traditional	feature	

selection	but	large	computational	cost

LPSO Validation, SVM Class
• Classical: Filter, Wrapper
• Deep Auto (H1 200 nodes, H2 80 nodes)



Performance evaluation LPO
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performance	evaluaDon	at	individual	level	through	LPSO	[Airola	et	al	2010]:	
• evaluate	performance	with	small	data	sets	
• AUC	computaDon	without	represenDng	the	ROC	space	-	AUC	Wilkoxon	
• keep	balance	in	the	training	(wrt	LOSO)		

DLB



| STARLAB BARCELONA | LIVING SCIENCE STARLAB NEUROSCIENCE31

Performance evaluation

performance	measure	depends	on	the	validaDon	procedure	and	further	
normalizaDon	of	scores	-	not	always	specified	in	the	literature

N=118
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Performance evaluation

performance	measure	depends	on	the	validaDon	procedure	and	further	
normalizaDon	of	scores	-	not	always	specified	in	the	literature

N=118
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Outperforming Classifiers 

PD diagnosis  
PD/DLB prognosis  

PD prognosis 
Conversion prognosis 

RBD diagnosis

• Validated in a larger data set 
(212 vs 118) in yellow 

• Improved performance in a 
larger data set for conversion 
prognosis by going from spectral 
features to connectivity features 
(in red)

N=212

APP	1 APP	2
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Classifier Scores as Biomarkers – Effect Size 
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Conversion prognosis 

RBD vs PD+DLB

AUC 0.82 
Accuracy 91% 

Effect size 0.75

Classification scores  can be used as any other biomarker 

APP	1 APP	2
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Decision Support System - deployment

35

Clinical Translation
and its problems
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Decision Support System - deployment

36

Clinical Translation
and its problems



Starlab Neuroscience 

ADHD 
Digital
Markers 



Digital Markers – ADHD data-driven diagnosis

approx. 22%
misdiagnosis
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Risk assessment, conversion prediction 
and early detection
Differential diagnosis and subtyping
Predicting treatment outcome

Digital Phenotypes – ADHD



Starlab Neuroscience 

Echo State 
Networks 
for EEG 
connectivity 
analysis 
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Recurrent Neural Networks - Echo State Networks

41
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Recurrent Neural Networks - Echo State Networks
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Hypothesis:  
Recurrent neural networks and in particular Echo State Networks are able to 
detect complex chaotic synchronization between temporal series.
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Exploring ESN Capabilities

43

UnsynchronizedSynchronzed

Correlational 
Analysis
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Exploring ESN Capabilities

44

UnsynchronizedSynchronzed

Generalized Synchronzation Unsynchronized

Correlational 
Analysis
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Exploring ESN Capabilities
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We	have	constructed	a	continuous	temporal	signal	consisting	of	a	series	of	
synchronized	sequences	interleaved	with	unsynchronized	ones	by	using	a	time	
varying	‘g’	factor

GS US GS …… GS US

Regression	model	trained	to	discriminate	
between	GS	and	US	sequences

If	well	parameterized	ESN	are	capable	of	
detecting	changes	in	GS	between	two	
temporal	time	series	even	in	the	presence	
of	high	noise	levels



Starlab Neuroscience 

Echo State 
Networks as 
a Marker 
Generator 
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 ADHD  
(n = 21)

Control  
(n = 30)

Age in years M 9.6 (SD 1.4) M 9.3 (SD 1.5)

Male/Female 14 / 7 13 / 17

ADHD C/I 12 / 9 -

Medication (Yes/
No)

6 / 15 -51 children aged 7-11 

ADHD	Inclusion	Criteria:	
•Clinically	diagnosed	according	to	DSM-IV.	
•Not	having	comorbidity	problems	of	mental	retardation,	autism,	bipolar	or	psychotic	
disorders,	history	of	epileptic	seizures	or	any	other	relevant	medical	disorder.		
•Refrain	48h	prior	to	the	EEG	assessment	

Healthy	Controls	Inclusion	Criteria:	
•Not	having	any	psychopathology	diagnosis,	neither	mental	retardation	or	learning	
disorders	
•Not	showing	behavioral	problems	nor	learning	difficulties		
•Not	having	major	family	problems	that	could	interfere	with	their	participation	in	the	study

Background Data-Set
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ESN-Based ADHD Biomarkers

48

Arousal: Psychological state of characterizing activation level wrt stimuli 

Hypo-arousal Theory: The hypo-arousal theory is based on the principle that 
ADHD population looks for self-stimulation in order to achieve normal arousal 
levels through excessive activity. 

Eyes Closed:
• Low	arousal	
• Low	attention

Eyes Open:
• Normal	arousal	
• Normal	attention

Hypothesis	
Arousal	alterations	in	the	
EEG	comparing	low	arousal	
states	with	respect	to	
normal	arousal	may	be	
altered	in	the	ADHD	
population
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ESN-Based ADHD Biomarkers
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ESN-based novel approach aiming at quantifying within subject 
dynamical differences between resting EO and EC

• Complex synchronization and non-stationary patterns change 

• Between pairs of channels 

• At specific brain rythms

DISC
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DCI
θ1 θ2 α1 α2 β1 β2 γ1 γ2

C3 **    *    
Cz **    ** *  
C4 **    * **   
F3 **    **    
Fz **    **    
F4 **    ** *   

ESN-Based ADHD Biomarkers
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03/17/2019

H2020 FET project

Machine Learning
for Consciousness
Research
Aureli Soria-Frisch (PhD)
Project Coordinator
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Consciousness will someday be 
electromagnetically measured and 
altered, and that the associated 
needed insights will prove crucial 
to the development cognitive 
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Studying Consciousness in the Electrical Brain
Luminous project

Laureys	2005
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Changing Consciousness in the Electrical Brain?
Luminous project

Non-Invasive Brain Stimulation
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Coma patients treatment 

57

based on electrical stimulation

  6/46 responders to treatment
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Coma patients treatment 
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based on electrical stimulation

  6/46 responders to treatment

Can we predict who will respond positively?
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Risk assessment, conversion prediction 
and early detection
Differential diagnosis and subtyping
Predicting treatment outcome

brain measures to predict who will 
respond to a particular treatment 

Digital Markers – Minimal Conscious State



Starlab Neuroscience 

03/17/2019

Aureli Soria-Frisch (PhD)
Project Coordinator

TCS responders vs 
non-responders: 
EEG-based ML



LUMINOUS PROJECTLUMINOUS H2020 FET PROJECT  | 29/11/18 | STARLAB LIVING SCIENCE | BARCELONA

EEG biomarkers - visualisation RBP feature 
Luminous project

6161

Relative Band Power

Beta	2Beta	1
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EEG biomarkers - visualisation RBP feature 
Luminous project

6262

 t-distributed stochastic neighbour embedding (t-SNE)
iterative minimisation of KL measure 
between distribution of distances in original 
and projected spaces

example MNIST
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EEG biomarkers - visualisation RBP feature 
Luminous project

6363

Relative Band Power

Beta	2Beta	1
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EEG biomarkers - classifiers
Luminous project

6464

Support Vector Machines



LUMINOUS PROJECTLUMINOUS H2020 FET PROJECT  | 29/11/18 | STARLAB LIVING SCIENCE | BARCELONA

EEG biomarkers - performance evaluation
Luminous project

6565

• Area Under the 
Curve (AUC)

• Acc in subject 
classification at 
Equal Error Rate 
(EER) operation 
point

• Leave-One Subject 
Out (LOSO)

• 100 x LOSO

AUC	in	100xLOSO

 Crossfold validation

16/17	subjects		
right	predic.on		
on	tCS	outcome



Starlab Neuroscience 

Take home 
messages
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Risk assessment, conversion prediction and 
early detection - Parkinsons

Applications ML as Digital Markers



Risk assessment, conversion prediction and 
early detection - Parkinsons
Differential diagnosis and subtyping - ADHD
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Applications ML as Digital Markers



| STARLAB BARCELONA | LIVING SCIENCE STARLAB NEUROSCIENCE6969

Applications ML as Digital Markers

Risk assessment, conversion prediction and 
early detection - Parkinsons
Differential diagnosis and subtyping - ADHD
Predicting treatment outcome

brain measures to predict who will respond to 
a particular treatment - tCS in DoC 
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Andrés Rojas

Aureli Soria-Frisch

Eleni Kroupi

 Marta Castellano

 David Ibáñez

Giulio Ruffini



@aurelisofr	
info@starlab.es

THANKS!

mailto:info@starlab.es?subject=

