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Intro Personalized Health
Clinical oriented examples
Research oriented examples




EPFL Why do we need personalized health for
neurological disorders
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https://www.nytimes.com/2019/05/ 22/opinion/letters /drug-safety.html https://www slideshare.net/rsmehta/total-hip-replacement-35158107



EPFL Why do we need personalized health for
neurological disorders

* Non-satisfying treatment effects
* Interindividual large variance of treatment response and side effects
* Responders, non-responders
* No large scale clinical evidence (RCT)

* Heterogenous disorders
* Acute disorders, acute stage of the disorder

Towards chronic

Relapsing, remittent disorders (e.g. multiple sclerosis)

Overall significant changes over the course of the disorder (intraindividual changes)
Interindividual changes (se examples)

* So far largely ‘one-suits-all’ treatments
* High cost of non-personalized medicine (cost-effectiveness, NNT)?

* Evidence based medicine and its disadvantages



EPFL Why do we need personalized health for
neurological disorders

* Evidence-based Medicine (EBM)

* The insistence on explicit evaluation of evidence of effectiveness when issuing clinical
practice guidelines and other population-level policies. The second is the introduction
of epidemiological methods into medical education and individual patient-level
decision-making

* The judicious use of the best current available scientific research in making decisions
about the care of patients. Evidence-based medicine (EBM) is intended to integrate
clinical expertise with the research evidence and patient values.

* Large randomized clinical trials (RCT) necessary for strong clinical evidence

* Example
* Aspirin and Secondary Stroke Prevention

* 18% relative risk reduction of recurrent stroke, 4% absolute risk reduction
* NNT=18



EPFL Why do we need personalized health for
neurological disorders

* Evidence-based Medicine

* The insistence on explicit evaluation of evidence of effectiveness when issuing clinical
practice guidelines and other population-level policies. The second is the introduction
of epidemiological methods into medical education and individual patient-level
decision-making

* The judicious use of the best current available scientific research in making decisions
about the care of patients. Evidence-based medicine (EBM) is intended to integrate
clinical expertise with the research evidence and patient values.

* Large randomized clinical trials (RCT) necessary for strong clinical evidence

* Example
* Aspirin and Secondary Stroke Prevention

* 18% relative risk reduction of recurrent stroke, 4% absolute risk reduction
* NNT=18

* Number Needed to treat
* The Number Needed to Treat (NNT) is the number of patients you need to treat to
prevent one additional bad outcome (death, stroke, etc.). For example, if a drug has an

NNT of 18, it means you have to treat 18 people with the drug to prevent one
additional bad outcome.
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* |deal Case Scenario Precision Medicine

Good prediction of outcome

Good prediction of course of the disorder
Good prediction of treatment response
Tailored Treatment for the individual patient
Ideally NNT =1

Why do we need personalized health for
neurological disorders

Without statin
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If 100 people each take a statin (such as simvastatin) for 10 years:
¢ About 5 people will be “saved” from having a cardiovascular event by taking the statin

(the yellow faces above)

* About 80 people will not have a cardiovascular event but would not have done so even if they had

not taken a statin (the green faces above)

* About 15 people will still have a cardiovascular event (the red faces above), even though they take a statin



EPFL The goal

One-size fits-all Stratified medicine Precision medicine

medicine

® O 0
Stratification S e 0 Personalisation
> >

Patients are groupedm Patient individual:

by: Disease Preferences,

Subtypes ® ® ® (linical features

Demographics m Medication history

Clinical features Environment

Behaviours & habits
Biomarker

Biomarkers
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Classic symptom N
based approach *

Stratification
approaches .
¥ 4
N
L

Classical clinical
medicine:

Examples of
techniques
needed
« Patient history

* Symptoms

Blood count
Clinical chemistry
Pathohistology

count (neutrophilia)

Barriers

Therapeutic
approaches <

PROPOSED ROADMAP TOWARDS PERSONALIZED IMMUNOLOGY

Deep immune
status phenotyping:

Multichannel FACS

Mass Cytometry
TCR/BCR repertoires
Multiplex serum cytokine
measurement

Imagestream analysis
* ..

% of or number in
immune subsets

Expression levels of
selected cell markers

[N

The goal

Cell type
specific ‘Omics’

Multi-layer ‘Omics’ '

5 3 LN
Multi-layer FACS-based or

. ‘Omics': 5 magnetic beads-
. > based cell sorting
A . followed by ‘Omics:
.« Genomics H

© e Transcriptomics =

: e Proteomics .

- & Metabolomics :

. e Epigenomics :

. e Microbiomics P

8w &

: eoe -

. . coe

N State-specifi
* 5 ‘Omics’ i

Finer FACS-based
ell sorting followed

by ‘Omics"

e.g., Naive vs. memot
cell “Omics’

Resting vs. stimulated
cell “

73 108

sc-"Omics’ and
dynamic analysis

Single cell (sc)
‘Omics’ and dynamic
measurement:

Sc-droplet-Seq

Other sc-'Omics’
Longitudinal
measurements
Signaling dynamic
responses of patients’
immune cells to stresses

0-».
0-»-
0-»-

signaling network
output descriptors

3

Signaling response

Integrated
network analysis

Integrated
network analysis:

or supervised machine
learning (SVM, KNN,
Bayesian, etc.)

DEG analysis
Differential network
analysis

PEEP analysis

SSN anaIysns

intercellular

I'\

Intracellular networks of the
given type of immune cells
o' each individual patient

\ﬁ“

Jé’
=¢- =l-

Unsupervised classification
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Delhalle et al. 2018
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* What is needed for this
* Excellent understanding of the disorder (mechanisms, course of disorder)
* Biomarkers to provide prediction
* Patient-tailored treatment strategies
* Health technologies
* Respective health care system for this
* Ethical framework
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Examples of how different neurotechnology can
drive personalized precision medicine

- Stroke -



EPFL Challenges of the 215t century

Aging society
- Cognitive Decline

- Neurodegenerative disorders (Alzheimer, Parkinson...)
- Cerebrovascular disorders (e.g. Stroke, 2 Mio new strokes/year in EU)

- Major work force

- Significant economic impact (currently 10-15 Milliards CHF/year cost of Brain disorders in CH)

InMio  Development of the society and age structure at the example of Germany -
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EPFL Personalized Health in neurological disorders \{iﬁs

Example Stroke

Ischemic Stroke

Only 15-20% fully recover!



EPFL Stroke . -~

0 85% with persisting symptoms

O only 15% fully recover

0 >20% of patients age <55a!

O Impact on daily life



EPFL Two main treatment areas: e
acute vs recovery treatment

Raffin & Hummel (2018) Neuroscientist



E PFL Treatment area: \JC(:

acute treatment

The relevance of time for the success of thrombolysis?
Towards personalized prediction of outcome

57 Modified Rankin score 0-1 —— Odds ratio estimated by model
; —— 95% Cl for estimated odds ratio
s,
= /4,5 h
> |
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m 1
0 |
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- |
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0 T | | | | | ! | I |

60 90 120 150 180 210 240 270 300 330 360

Lees et al. Lancet 2010



EPFL Problem

 The personalization of treatment here is based on the (subjective)
information when the symptoms started

* Problem: start of the symptoms is often not clear (e.g. stroke during sleep (20%),

patient cannot communicate or did not him/herself realize the symptoms)

==> no treatment for these patients (thrombolysis)?



EPFL Acute trials: @

example wake-up stroke

Can this problem be solved by applying technology?



-  DWI-FLAIR-Mismatch = patients might be within a time window for
thrombolysis (<4.5h)?

Tissue clock?
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Existing big regular clinical data sets (n=543)

- search for a tissue clock -

%
1004 — - - —
) ~ 2 ° s
9 | | —_—
80- . &’ -
86 L\
60 71
21
40- 39 14 04
5
53
20 55
17
D L 1 1 I | | I I
0-90 y91-180 181-270 271-360 361-450 451-540 541-630 631-720
Minutes between symptom onset and MRI
FLAIR negative FLAIR positive

Thomalla et al. Lancet Neurol 2011
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Translation into a large clinical treatment trial: Wake-Up trial

Alteplase
(N=254)

Placebo
(N=249)

Score on the Modified Rankin Scale at 90 Days
0o O1 Oz @3 W4 W5 M6

7l

32 721l

15

27 23

0

T

10

T T I ! I I I I 1

20 30 40 50 60 70 80 %0 100
Patients (%)

Thomalla et al. (2018) NEJM

Successful extension of thrombolysis based on a tissue clock (MRI)



EPFL Personalized Treatment in Acute Stroke \é‘

O Using (neuro-) technology, here advanced MRI imaging, allows to provide a
‘tissue clock’ to achieve patient specific information about the stroke

O This allows patient-tailored treatment

[ Enhances the individual access to an approved treatment in a safe and
effective way
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Treatment area:
chronic treatment

intensive training here?
1

i
1
1
1
1
v
\

4

motor function

enhanced potential
for plasticity here?

‘plasticity’

time post stroke

Raffin&Hummel 2018



Recovery phase W

Recovery fro

(1) Prediction of outcome (phenotyping)

(2) Best treatment for individual patients (precision medicine)

Can we do this by standard clinical CT/MR imaging data alone (lesion location, size...)?



Recovery phase W

Recovery fro

(1) Prediction of outcome (phenotyping)

(2) Best treatment for individual patients (precision medicine)

Can we do this by standard clinical CT/MR imaging data alone (lesion location, size...)?

NO!



EPFL Recovery phase

Heterogeneity in lesion location
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EPFL Natural recovery vs. no natural recovery

Natural recovery
(fitters and non-fitters)
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AFMA-UE observed

Winter et al. 2014



Natural recovery
E PFL yes or no?

Strong need for an early prediction
especially for severe patients
(treatment stratification)

Natural recovery
(fitters and non-fitters)

66

60 1 O Non-fitter (N=65) 50 r
 Fitter (N=146)
45+ N
50 44 4,
[oYeXesss e} o 40 - ﬁ A A
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5 40 5 [¢] L
e o] ° g o ]
T o | |
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o]
I.I=J | B | - "6 =
< 30 m 5 e 5 25¢ -
g 1)
% — . -
a2 Non fitters
20 - .
g 15 F Fitters
2
ar 10 A Severe
10
B Moderate
5+ .
*k *  Mild
o . : . : f'atients (N=2r11) 0 L \ . ) ) )
0 10 20 30 40 50 60 66 -10 0 10 20 30 40 50

AFMA-UE ob: d
opserve Observed

Winter et al. 2014

Kochetal 2021



Natural recovery
E PFL yes or no?

Strong need for an early prediction
especially for severe patients
(treatment stratification)

Natural recovery
(fitters and non-fitters)
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E PFL Stroke:

network disorder

Boenstrup et al. 2015 RNN
Cheng et al. 2012 J Cereb Blood Flow Metab

PMdE

Liuzzi et al. 2014 Neurology

Schulz et al. 2014 Neurolmage Clin
Schulz et al. 2012 Stroke

Hummel et al. 2009 Neurology

PMvE

Schulz et al. 2015 Brain
Schulz et al. 2016 Stroke
Schulz et al. 2017 Stroke

Schulz et al. 2015 Neurolmage Clin
Schulz et al. 2017 Cerebral Cortex

O Brain: a network with well orchestrated hubs and interactions for optimal functioning
D Stroke is a network disease (Schulz et al. 2012, 2015, 2017, for review Koch & Hummel 2017; Grefkes & Fink 2014)

d Massive changes and reorganization during the course of recovery

For review Raffin & Hummel (2018) The Neuroscientist, Koch & Hummel (2017) Current Opinion in Neurology



EPFL Structural MR imaging

Diffusion weighted imaging (DWI)

Isotropic diffusion

Anisotropic diffusion

Mori 2014

Diffusion vector scheme
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E PFL Structural MR imaging

Projection Commissural
< e > b :
Association Cerebellum

AF
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WM Fascicles  Yehetal 2018
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Brain parcellation Tractography
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100 150 200 250 300

Connectome

Koch et al. Brain (2021)



EPFL Classification of patients

Can we predict Fitter and non Fitter using the connectome?

Initial Connectome 3 weeks

o R

20 40 50
AFMA-UE observed

" Residual/

Prerequisit

Non fitters

¢ & = m owooms s SVM - Classifier
Change in Connectome 3months — 3 weeks I VS.
- Fitters

Degeneration/
Reorganizatio
n

Koch et al. Brain (2021)



Phenotyping:
First results

»

B

acute chronic

recovery

[
»

Koch et al. Brain (2021)



recovery

\4

acute chronic

Prédiction v

Support Vector Machine (SVM) Whole brain tractography Connectome Classification/Prediction
classifiers relevant for classification

):

Margin

Subgroup Accuracy Precision

Severely impaired patients 0.92 0.93

2 weeks after stroke

Subgroup Accuracy Precision

Severely impaired patients 0.92 0.93

2 weeks to 3 months




EPFL Classification of patients \ C“

 Modern MRI imaging and computational approaches allow to classify
and phenotype patients

[ Adds to prediction of outcome

O Will guide personalized treatments



EPFL Summary

[ Large scale clinical imaging strongly adds to improve stroke care (acute treatment)

1 Supports acute decision making

1 To develop biomarkers for patient ‘phenotyping’ to predict outcome, course of
recovery, treatment response classical clinical data might not be sufficient, even
when on large scale available

[ To achieve this, specific, ‘rich’ data sets are needed

U Population-based, easy accessible

1 Academic and non-academic clinical environments

1 Standardizing methods (clinical, imaging, electrophysiological, analytical)

[ Feasibility for daily clinical life



: : i
EPFL Interventional strategies to enhance recovery W

Raffin & Hummel (2018) Neuroscientist



EPFL Non-invasive brain stimulation (NIBS) in Rehabilitation \{C‘ 3

L 3
Ny

20

YEARS

* based on animal (e.g., Nudo et al. 1996) and human work (e.g.,
Murase et al. 2004) good evidence for the M1 as 15t target

e Up to know: ‘one suits all strategy’

* promising results, but...

e.g., Hummel & Cohen (2006), Wessel et al (2015)



cPrL

Response to Neurotechnology:
-limited-

Example non-invasive brain stimulation

Experimental Control ‘Standardised Mean
Study Total Mean  SD Total Mean SD Difference SMD 88%~C1 Weight
Aliman C. (A) 2016 11 930 860 13 670 540 T 042 [-03%:123] 4.5%
Andrade SM. (A) 2017 20 862 209 20 403 202 | i 218 [139,289] 45%
Ang KK (A) 2015 10 500 <40 9 540 570 —— =008 [-09B8;:083] 4.1%
Ceinik P. (A) 2008 9 37.40 890 9 3460 1020 E e 031 [-062;124] 4.0%
Hesse S. (A) 2011 28 16.20 1541 14 18.89 1326 —— -0.17 [-0.62;047] 51%
Khedr EM. (A) 2013 14 283 121 7 200 108 T8 076 [-0.18;1.71] 4.0%
Kirn DY. (A) 2010 6 2570 1232 3 229 1388 }——=—— 163 [-0DB:334] 20%
Mortensen J. (A) 2016 8 2117 483 7 1321 6866 ——— 1.29 [0.14;2.44] 33%
Rocha S. (A) 2014 § 1320 330 3 5860 1100 _— 0986 [-062;253] 23%
Triccas L. (A) 2015 11 179 2N 11 263 398 — -024 [-108;060] 44%
S
Fusco A. (C) 2014 5 9.00 1347 6 10.67 1281 —— =0.12 [-1.31:1.07] 32%
Hesse S_(C) 2011 20 16.83 1219 14 18.80 1326 - =0.16 [-0.B0; 048] 52%
Khedr EM. (C) 2013 13 254 139 6 200 108 —— 0.39 [-0.58;1.37] 3.9%
Kam DY. (C) 2010 52180 1638 4 220 1386 S - 113 [-036:282) 25%
Nair DG. (C) 2011 7 414 270 7 161 150 = 1.08 [-0.07:223] 313%
Rocha S. (C) 2015 5 780 380 2 560 1100 ——— o [-137.184]) 21%
Zimerman M. (C) 2012 12 3326 1153 12 17.83 16.12 — 106 [0.20:193) 43%
e
Bolognini N (B) 2011 7 771 652 7 071 189 o 137 [0.16:257) 3.1%
D'Agata F. (B) 2016 24 314 555 10 0.10 208 — 061 [-0.14;1.37] 4.T%
Di Lazzaro V. (B) 2014 10 28.44 2201 10 26.67 1583 ——— 0. [F0.79:087) 4.2%
Goodwill AM. (B) 2016 8 380 1.1 7 130 201 —_—— 146 [02B:285 32%
lic NV. (B) 2018 14 057 285 12 -067 287 —p— 042 [-0.36;1.20] 4.6%
Lefetvre S. (B) 2013 18 049 028 18 005 030 —— 148 [0.74:223] 4™
Lefetvre S. (B) 2015 19 050 028 19 015 025 - 1 [055:200) 49%
Lindenberg R. (B) 2010 10 610 340 10 120 100 j—— 1.87 [0.78:296] 3.5%
Swraudi S. (B) 2016 12 517 430 11 550 497 —_— =007 [-08% 075 4.4%
-
Random offects model 320 281 - 0.89 [ 0.40; 0.98] 100.0%
Prediction Interval [-0.52; 1.90)
LA S B B B

Helerogensity: I° = 89%, ©* = 03202, y3y = 8154 (p < 0.01)

-3 -2 -1 0 1 2 3
contra NIBS pro NIBS

Motor performance change measured 1-180 days after brain stimulation

Anziano et al., in press

-

Bolognini ef al'®
Celnik er al'®

Di Lazzaro ef al*
Fusco et al?®

Geroin ef al*!

Hesse et al?? (anodal)
Hesse et al?? (cathodal)
Khedr et al*? (anodal)
Khedr et a3 (cathodal)
Kim ef ai** (anodal)
Kim er a?* (cathodal)
Lefebvre et al*é
Lefebvre et al’
Lindenberg ef al?®
Mortensen ef al*

Nair ef al®

Rocha et alP** (anodal)
Rocha et al** (cathodal)
Sattler ef a2

Wu et aP?

Zimerman ef al!

k 2

A

2 3

Kang etal., 2015

o Non-satisfying treatment responses
o Heterogeneous treatment responses

o Responders, non-responders
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123 enrolled and
randomised

Safety set
[

1 not started treatment
1 recurrent stroke 59 assigned
intervention group

5 discontinued treatment
5 lost to follow-up

58 treatment

ongoing

58 mcluded in
intention-to-treat
analysis

2 no baseline value for
primary endpoint

13 protocol deviation

56 ncluded in
FAS for primary
endpoint after
LOCF

43 PP population
after LOCF

Dilemma: Imprecision Medicine

3 not started treatment
64 assigned 1 violation inclusion criteria
control group 1 withdrew consent
1 general malaise

4 discontinued treatment
3 lost to follow-up

61 treatment
ongoing

1 withdrew consent

61 included in
intention-to-treat
analysis

|

61 included in
FAS for primary
endpoint after
LOCF

51 PP population
after LOCF

10 protocol deviation

UEFMA (LOCF)

70

60

50

40

30

20

10

0

Baseline P1

UEFMAITT

Control (n=61) Intervention (n=58)
70

60

50

40

30

UEFMA (LOCF)

20
10
0

FU1 FU2 Baseline P1 FU1 FU2
Follow-up Follow-up

Gerloff et al The Lancet Regional Health — Europe 2024



EPFL Dilemma: Imprecision Medicine

Heterogenous Patient Population Different Treatment Opportunities
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E PFL Personalized Precision Medicine

Heterogenous Patient Population




EPFL g

The basis for precision medicine are biomarkers for phenotyping
of stroke patients allowing to stratify them for treatment



E PFL Stroke:

network disorder

Boenstrup et al. 2015 RNN
Cheng et al. 2012 J Cereb Blood Flow Metab

PMdE

Liuzzi et al. 2014 Neurology

Schulz et al. 2014 Neurolmage Clin
Schulz et al. 2012 Stroke

Hummel et al. 2009 Neurology

PMvE

Schulz et al. 2015 Brain
Schulz et al. 2016 Stroke
Schulz et al. 2017 Stroke

Schulz et al. 2015 Neurolmage Clin
Schulz et al. 2017 Cerebral Cortex

O Brain: a network with well orchestrated hubs and interactions for optimal functioning
D Stroke is a network disease (Schulz et al. 2012, 2015, 2017, for review Koch & Hummel 2017; Grefkes & Fink 2014)

d Massive changes and reorganization during the course of recovery

For review Raffin & Hummel (2018) The Neuroscientist, Koch & Hummel (2017) Current Opinion in Neurology



EPFL Prediction of residual motor function:
CST damage

In vivo structural MR-based Imaging (DTI)

Precentral
gyrus

Posterior limb
of the
integmal capsule §

UEFMS

Anterior | Posterior
pons* ‘ ‘_‘ons
’ -

Lindenberg et al. (2010)

Residual motor function

0 + r
-0.1 0.0 0.1 02 0.3 0.4 0.5 0.6 0.7 0.8
PLIC FA Asymetry

For review Koch et al. (2016) Annals of Translational and Clinical Neurology



EPFL Prediction of treatment response:
brain stimulation M1

In vivo structural MR-based Imaging (DTI) 5 days of bihemispheric tDCS + PT/OT
>
Precentral
i ! . : I M
AV SRS WA 0.45 -
=
l Postuefn[(':rehmb % 8‘ 0.40 A
integmal capsule w b
| ) o
- 0.35
c £ 9
<
Anterior | Posterior (4]
pons¥ ‘__ ‘_‘0”5 .5 0.30 A
©
©
L 0.25
c = 0.20
ke] g0 ™ ®
© -40.0 -30.0 -20.0 -10.0 0.0
[
2 WMFT change (%)
[e]
o
E Lindenberg et al. (2012)
3
8
3
L | CST damage matters for brain
-0.1 0.0 0.1 02 03 04 0506 0.7 0.8
. . . e I
PLIC FA Asymetry stimulation effectivity!
@ = = e e e e e e e e e e e e e o

For review Koch et al. (2016) Annals of Translational and Clinical Neurology



E PFL Interregional network changes:
cortico-cortical

3

PMv-M1 mm

eéEE;JIZ:EEE; EIIE E} E}
AH UH
z2=21 z=29 z z2=56

n=25

=37

N
. g% Ena

-1.0 -0.5 0 0.5 1.0 1.5

Structural integrity between PMv and M1 is associated with the degree of
recovered function, additional to structural integrity of the CST!

Adapted from Schulz, Koch et al. (2015) Brain



EPFL Interregional network changes:
Interaction of structural connections

In cooperation with Prof. Yun-Hee Kim, Seoul

- n=53 stroke patients, 3 months after stroke

- heterogenous lesions and function (Uerm 40.8+19.1, range 4-66)

- DTl-based structural imaging

- Defined network: M1-PMv-PPC

- Patients stratified due to the degree of CST integrity (damage)

Schulz et al. (2017) Stroke



EPFL Interregional network changes:
Interaction of structural connections

Degree of damage in one brain area determines the functional role of another one

N = 53 subacute brain stimulation t g .

@

c

=) -

©

c

=

s .

=

CST Integrity
(proportional FA) " S
Q |
. 0.6 . 0.7 D 0.8 D 0.9 g >
OTS 0?6 OT? OT8 0T9 1T0 1?1

PMv-M1 integrity (proportional FA)

A 4

Schulz et al. (2017) Stroke



EPFL Interregional network changes:
Interaction of structural connections

Brain Stimulation to the vPM

N = 20 chronic stroke patients
Double-blind, sham-controlled, parallel design, sequential grip force modulation task

18 mpem

tDCS tDCS tDCS

1 A

S

1 /\/ /\/\ — PMv
ppu —— Sham
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D1 D2 D3 FU10

Number of correct targets related to baseline



EPFL Interregional network changes:
Interaction of structural connections

Brain Stimulation to the vPM

N = 20 chronic stroke patients
Double-blind, sham-controlled, parallel design, sequential grip force modulation task

18 mpem

tDCS tDCS tDCS

16 =t

14 =t

12 =t= » Of Note: \/
\/

Patients with stronger CST lesion improved more

Number of correct targets related to baseline

10 == from PMv stimulation.
T /\/ _—_’/\
6 /\/\
/\/ —— PMv
4 4 —— Sham
™M T2 T3 T4 T5 T6 T7 ™ T2 T3 T4 T5 T6 T7 ™M T2 T3 T4 T5 T6 T7 F1 F2 F3
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EPFL Towards biomarkers of phenotyping:
treatment stratification

Phenotype

DTI \

better

motor function \

worse

(e FT )

T T T d
-40.0 -30.0 -20.0 -10.0 0.0

\ WMFT change (%) j
(A) CST significantly lesioned (B) CST mildly lesioned

Limited answer to M1 NIBS Strong answer to M1 NIBS
Strong answer to PMv NIBS Limited answer to PIVIv NIBS

Koch & Hummel (2017) Current Opinion in Neurology, Morishita & Hummel (2017) Current Behavioral Neuroscience Reports



EPFL Summary

 (Neuro-) Technologies are promising towards personalized health
(neuropsychiatric disorders, neuroenhancement)

1 Need to develop patient-tailored, precision medicine-based treatments

d Computational approaches (data access, machine/deep learning) will facilitate
these processes in a cost-effective way

J Computational approaches (data access, machine/deep learning) will provide

dCCess

1 Strong need of understanding, biomarkers based on this, novel data acquisition

tools and neuro-technology based treatments

J Change in study design (from RCTs to patient-tailored trials)
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