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Bipolar Disorder n

= severe and chronic mood disease

.g. Hypomania
3
> /\ Manic episode: Depressive episode:
E Soe— Elated, “high,” “up" Empty, “low,” “down”
-E Increased energy, craving actvity Zapped, littie or no energy
% Racing thoughts and ideas Trouble concentrating
£ ; Feeling “super” powers Negative thoughts
Depression
> 1% of the general population
» Very high medico-social cost
(~7500€ / patient / an)
» Late diagnosis (~10 years)
13 M " 13 " : > H
Tro:fs' . States” characteristics Therqpeuhc > Heterogeneity
characteristics options?

» Significant functional and socio-

professional disabilities



Research questions

Can neuroimaging helps to better understand
and diagnose bipolar disorder?

Can we use machine learning with MRI features
to better diagnose bipolar disorder?

Can we use neuroimaging discoveries 1o
manage symptoms of mood disordere



Neuroimaging-based
Biomarkers of Bipolar Disorder

Can neuroimaging helps to better understand and
diagnose bipolar disordere




1. UNDERSTAND 2. PREDICT 3. MANAGE

Neurobiological model of BD

DORSAL SYSTEM:

Lateral prefrontal areas
(ventral & dorsal)

- Cognitive conftrol

VENTRAL SYSTEM:
Sub-cortical & limbic +
orbito-frontal cortex

- Emotions perception &
génération

Orienting/Emotion Identification
Automatic Emotion Regulation
Veoluntary Emotion Regulation
Reglons Implicated in Both Automatic

Iy Bipolar Disorder (BD): Hyperactive ventral
system - Emotional dysregulation

Phillips et al., 2008



1. UNDERSTAND 2. PREDICT 3. MANAGE

Bipolar Disorder
= severe and chronic mood disease

w
E x
2 Hypomania
3
& T e Manic episode: Depressive episode:
E e— Elated, “high,” “up” Empty, “Tow,” “down”
= Increased energy, craving activity Zapped, little or no energy
% Subsyndromal depression Racing thoughts and ideas Trouble concentrating
a
Feeling “super” powers Negative thoughts

Depression
Depression

Time

“Traits”
characteristics

Ooenting Eeection tgeatdicaton
Automatic Emotion Regulation
Voluntary Emotion Regulation
Regions implicated in Both Avtomatic
Jnd Voluntary Emction Reguistion




1. UNDERSTAND 2. PREDICT 3. MANAGE

Abnormal functional connectivity in BD

® Emotional Stroop taslk (PPl analysis ® Resting-State (seed-to-voxels
— seed: dIPFC) analysis: vmPFC)

Favre et al., Plos One, 2015 Favre et al, JAD, 2014

Abnormal functional connectivity between the Central Executive Network and the Default
Mode Network in patients with BD both at rest and during cognitive-emotional tasks



1. UNDERSTAND 2. PREDICT 3. MANAGE

Abnormal functionning of the amygdala

® Emotional Stroop Task ® Resfing-State FC
(PPl analysis — DLPFC) (ROl analysis — vmPFC-Amydala)

Patients > Contréles (resting-state)

)
o
o
5]
e
@)
©
c
2
n
X

Connectivity MPFC — Amygdala (r-

HS
Right Amygdala Left Amygdala

*p <0.05;1:standard rermror

Altered activation during emotional task and abnormal increase functional connectivity
with the vmPFC at rest in euthymic patients with Bipolar Disorder vs. healthy conftrols

Favre et al, JAD, 2014 ; Favre et al., Plos One, 2015
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1. UNDERSTAND 2. PREDICT 3. MANAGE

The Amygdala: a key region In the
pGThophyS|O|Ogy Of BD B. Bipolar Disorder

m Abnormal connectivity with the mPFC!

= Hyperactivity in response fo emotional
stimuliz->4

But:

Small samples

Heterogeneous population
Various mood states

No consiration of the subnuclei

Hippocampus

z()\

Amydala

?

Favre et al, 2014 3. Blumberg .ef al, 2005 Phillios et Swartz,
Lawrence et al, 2004 4. Strakowski et al, 2012 2014



1. UNDERSTAND 2. PREDICT 3. MANAGE

Bipolar Disorder 19

= severe and chronic mood disease

£
.g Sl Hypomania
ut a
§. ik Manic episode: Depressive episode:
- e —————— /\
- - Elated, “high,” “up” Empty, “low,” “down”
2 Increased energy, craving activity Zapped, little or no energy
S
] Racing thoughts and ideas Trouble concentratin
S Subsynfiromal depression "9 : 9 2 i
a Feeling “super” powers Negative thoughts
Depression
B. Bipolar Disorder

Time

“States’ characteristics

Amydala

Phillips et Swartz, 2014



2. PREDICT 3. MANAGE

1. UNDERSTAND

12
Study objectives i 4
(Krystal et al., 2024) 4\1.1
hip\égggrfwlpus Innate
= Measure of amygdala’s subnuleis FC Regative

valence

—

emotional valence

® Functional networks with coding for specific /

Nucleus
accumbens Learned
and innat
Basolateral A ;25|;?Vnea 2
FC differences between BD patients and HC? a"Zéfﬁé;'a o valence
Correlation with the mood state?¢
Learned
and innate
Centro- negative
medial valence

amygdala

Beyeler, 2016



1. UNDERSTAND 2. PREDICT

Study Methods
(Krystal et al., 2024)

m Multicentric study: Créteil, Grenoble,
Geneva

m 127 BD patients and 131 healhy
conftrols (18-65 yrs)

= Preprocessing with MRI QC and fMRI
Prep

m Resting-state functionnal connectivity
m ROI-to-ROI analyses
m Tian's subcortical atlas (2020)
m 12 ROIS
|

Computation of functional
connectivity matrices (Nilearn)

3. MANAGE

lateral (IAMY) medial (mAMY) nucleis of the
amygdala

Anterior (aHIP) and Posterior (pHIP)
Hippocampus

Cenftral (NAc-core) and peripherical (NAc-
shell) parts of the nucleus accumbens



1. UNDERSTAND 2. PREDICT

Study Results
(Krystal et al., 2024)

No difference between BD patients
and HC

0.5 1.0

IAMY-rh/aHIP-rh FC

0.0

Significant correlations between
depression scores and |lateral AMY —
HIP connectivity

Increase FC medial AMY — Nac in
mManic vs. Non manic patients

Decrease FC lateral AMY — HIP in
depressed vs. non depressed

3. MANAGE

o0 o0 o
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‘ Manic vs. Non manic ‘ ‘ Depressed vs. Non depressed
o
ROI \ N ROI
W NAcs / el \\\ ' E g::Pwh
Subgroup Subgroup
e (8] Dopressed
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Functionnal | Connectivity (mAMY-lh)

05 07 09 07 05 03 01 01
Functional Connectivity (IAMY-rh)



1. UNDERSTAND 2. PREDICT 7 3. MANAGE

Discussion
(Krystal et al., 2024)

Intensity
High

® Valence specific brain networks are Depressie
correlated with mood states of bipolar
disorder

® |mportant to consider amygdala subnuclei
++

Healthy

m Limits: retrospective study, patients with low
symptoms levels, comorbidities (anxiety++),
subgroups with small samples

Valence

Negative Positive

| Manic vs. Non manic ’ I Depressed vs. Non depressed

m Need further prospective studies in unipolar
depression, manic patients and
schizophrenia




Neuroimaging-based
Prediction of Bipolar Disorder

Can we use machine learning to better diagnose
bipolar disorder?




ACC

1. UNDERSTAND 2. PREDICT

3. MANAGE

Systematic literature review:

“Will machine learning applied to neuroimaging in bipolar disorder help
the clinician? A critical review and methodological suggestions”

» 24 studies BD vs. Healthy controls
» 16 studies BD vs. Major depressive disorder

» 12 studies BD vs. Schizophrenia

Overfitting?

Group classification Group classification

100 @ BDvs HC 100 A ® BDuvs. HC
BD vs. MDD BD vs. MDD
@ BDvs. SZ ® BDvs. SZ

® Atrisk vs. HC ® Atrisk vs. HC

90 4

80

600

8 spearman coefficient = -0.25
< pvalue = 0.07
spearman coefficient = -0.24 °
70 pvalue = 0.08 70
®e e
60 @ 60 4
L ]
®
50 T T T T T 1 50 T v T T T
500 1000 1500 2000 2500 3000 100 200 300 400 500
Sample size B Sample size

Nunes et al., 2020; ENIGMA; N>3000

Classification BD vs. HC

Lin,2018.
Matsuo, 2017
Frangou, 2017
Redlich, 2014
Jie, 2015
Li, 2017
Jie, 2015
Mwangi, 2015
Mwangi, 2014
Rocha-Rego, 2014
Mwangiet al., 2016
Serpaetal., 2014
Doan et al., 2017
Nunes et al., 2018
Grotegerd et al., 2013
Mourdo-Miranda et al., 2012
Schnack et al., 2014
Salvador et al., 2017
Anticevic et al., 2014
BUrger et al., 2017
Chen etal., 2014
Sacchet et al., 2015
Almeida et al., 2013

40 50 60 70 80
Accuracies %

Claude, Houenou, Duchesnay & Favre, 2020 Bipolar Disorders



Essay
Why Most Published Research Findings

Are Fa_Ise

John P. A. loannidis

Power failure: why small sample
size undermines the reliability of
neuroscience




ENIGMA Bipolar Disorder DTI Working Group (N

Q ENIGMA Bipolar Working Group

= Diffusion-weigthed MRI data from 26 international cohorts (harmonized pipeline)




1. UNDERSTAND 2. PREDICT

ENIGMA — BD : DTl Results
(N > 3000; 26 centers worldwide)

Univariate statistics (Mega- and Meta-analyses)
- decreased FA on 29/44 tracts

Mega-Analysis

= |FO-R more preserved when later = Padtients on lithium with higher FA
onset
¥ % ACR-L FUST-R e
ok - 0z
- LR T gﬁﬂﬂ
wEat PR L : =
1 " :: ., a1 | |
E 1] * 02
E a PTRL PTR- ss
2 | | |
3
a 0 2N 0 40 €0 @ On Off On Off On off
AgeofOnest Lihiw m  Lithiw m  Lithiw im

Favre, et al, 2019, Neuropsychopharmacology

b

Predictor 2

3. MANAGE

aids
_(ENIGMA’? .

Diagnosis prediction and stratification
with Machine Learninge

(!»

s
7 »
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New ( }‘t i ~—
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Training
© E. Duchesnay
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Contrcll / \ o~ Cont-c!?_—":_“ I//'i-l rn‘//'l
Ly et o
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e ___/

Predictor 1

Marquand et al., Biol. Psy., 2016



2. PREDICT 3. MANAGE

=Y
ENIGMA BD-DII: e

Supervised Machine Learning i
Method: Linear SYM with nested double CV (SciKit learn)

1. UNDERSTAND

Intra-site (5 folds-CV): Leave one-site-out (26 folds):
ROC-AUC = 62.22%(62.09% / 58.35%) ROC-AUC = 57.46% (60.29% / 54.63%)
Learning Curves (intra-site) 80%
Lo =& Training score 0%
04 —&— Cross-validation score ’
i g W%
0.8 - E 50%
o
. :
= 07 B
o 3 W%
0.6 - = 20%
0 10%
0.5 - 62%
P<0.001 -
0.4 5836355235 36235892 E8T8Lz3s
250 500 750 1000 1250 1500 1750 \ 2000 2250 §Ryi2855288;58823° JEEEEE0S
Training examples ] 3 g g g e £ o o a ] 589 o 3 %I
A= 2 e ] & o T o - e
Cohorts

= The accuracy of the classification is highly significant but the

classification performance is « moderate » .
Favre et al, in prep



1. UNDERSTAND 2. PREDICT 3. MANAGE

ENIGMA BD-DT Cos? 24

Unsupervised Machine Learning

Stratification with machine Learning

Non-specific Subtype
Heatly corj}m'i clustering discovery
A ©% 0 ol|2 o
009 © Olloo© ©
|DO O © O Q0O @ '."...s
5100 @ @ © O||0p O ©®
< Patients B 3t P
Co@ e @ o/|CO0 @ .
Coe o e o 00 o

UCSL = Unsupervised Clustering driven by Supervised
Classification (Louiset et al., 2021)

> M FA of the 43 tract »No sign. differences in age / sex / site
easures: of the racts
> UCSL algorithm >FA (all tfracts): Cluster 1 > Cluster O

» Comparision of clinical characteristics > Proportion of patients under Lithium
significantly higher in Cluster 1

Favre* Louiset* et al, in prep.



1. UNDERSTAND 2. PREDICT 3. MANAGE

Discussion : Prediction and
Stratification of Mood Disorders

m Robust but moderate classification
performances of BD diagnosis based

() e on structural MRI with big cohorts
rs | Controls — ) o C"”tm_'}_"g_.__ r/.w I
ity by g, Y (n>3000)
SN LAV R Y LTS |
) ot ] ot m Adding more modalities might help the
T ls . algorithms = deep learninge
Y ey i amw o Mot
: 'ﬁ‘,n, it @1‘1‘/ = ﬂrwﬂ LA T Big impact of the medication

=»Need to better understand the
heterogenity of the disorder

=2>Need for well phenotyped big cohorts



FRANCE PROGRAMME
= I, DE RECHERCHE
PSYCHIATRIE

DE PRECISION

Discussion and perspectives

Challenge n°1: Disorders stratification

@ Integration of mulfi-modal S .
k . Challenge n°2: Predict disease evolution
Ond |O ﬂgITU d|n0| dOTG Challenge n°3: Predict tfreatment response

Figure 1. lllustrative Example of a Precision Psychiatry Approach

Heterogenous Disorders

sddbbihiddidiibidbid m Development of the “FrenchMinds” cohort
O 111:11 fu‘umz‘n
ilidl;}@:ﬂ'ﬂ%ﬂlu

= Multicentric, multimodal & longitudinal study

Integrate Sources of Data m Targeted conditions: severe recurrent depression,
29 &) bipolar disorder, schizophrenia, first psychotic
e creds Py episodes, autism (without intellectual disability)

SO 1
. SN N m Objective: precision psychiatry, advanced

[ I I ]
New Stratifications: Clinical Biotypes

W W

diagnostic tools

Boer B SR pss m |dentification of biomarkers to better classify patients
it Wi W W
Biotype 5 Biotype 6 Biotype 7 Biotype 8

. I m Collected data: clinical, genetic,
Personalized Treatment Options . . . . . .
electrophysiological, brain imaging, environmental

A s & I



e \ PROGRAMME
:‘I’}ﬁl’lﬁ;gf FRANCE DE RECHERCHE

Liberté

Egdlié
Fratersité ~

PROPSY: One step further towards Precision Medicine in Psychiatry

WP 6 Transversal for integration and implementation of results

Building the cohort
FRENCH-MINDS with
multimodal databases to
identify homogenous
clusters of patients

WP 1: FRENCH-MINDS

a unique cohort of patients with

mood/psychotic/neurodev

disorders to build multimodal
databases (Clinical, genomics,
metabolomics, immune, brain
imaging, Ecological Momentary

Assessment...) and identify

biomarkers/algorithms for patient

stratification

Physiopathology
underlying homogeneous
subgroups of psychiatric
disorders

WP 2: Developing
pre-clinical studies towards
mechanisms discovery

New diagnostic tools and
therapeutic strategies
towards precision
medicine

WP 3: Supporting clinical
trials towards diagnostic
tools and treatments
discovery in e-health,
Immuno—modulation, Non
invasive brain stimulation,
Invasive brain stimulation,
Physical health ,

=» https://pepr-propsy.fr/2024/09/30/frenchminds/

Development of a new
French biomedical mental
health sector,

Incl. digital, biotech, medtech,
pharma, medical devices etc.

WP 4: Creating tools

to develop a new biomedical
sector

- Digital tools

« Electrophysiology
 Algorithm

« Probiotic

« Immuno-modulation

« Brain stimulation

Education, awareness,
attractiveness, and policy
briefs

WP 5: Education
and implementation

Public and stakeholder
Information

Summer Schools

University diploma
Academy
(Neuromodulation, psycho-
social therapy)

Knowledge hub



https://pepr-propsy.fr/2024/09/30/frenchminds/

\_/ PSYCHIATRIE

DE PRECISION

PROPSY : MRI protocol

= 3T sequences: 3DTI, FLAIR, SWI, fMRI Movie Data, diffusion
= 7T sequences: MP2rage, fMRI tGche, spectroscopie, IRM de capture

N

Analytic flexibility

rm'[%‘f ;
: ,J

Highly dependent on time-locked signal

AN

Conventional
task-based approaches

Richardson 2018

Intra- and
inter-subject
approaches

Bolton 2018

-Within-movie FC dynamics

-FC of orp
- Greene 2017*

y defined ICNs
Kim 2018

210Z uahAnBy

- Seed-based FC
- Riggins 2017*, Rohr 2017*

Functional connectivity
or “resting state”

| Data-driven delineation of FC networks (e.g. ICA) approaches

- Rohr 2018*

Emerson 2015

-Whole-brain FC
- Long 2017*

- Graph theory measures
- Wang 2017

(Alexander et al. 2017)

(Nastase et al. 2019) Not dependent on time-locked signal vanderwal et al., 2019



Neuroimaging-based
treatment for Bipolar Disorder

Can we use neuroimaging discoveries to manage
symptoms of mood disorder?




1. UNDERSTAND 2. PREDICT 3. MANAGE

Real-time fMRI Neurofeedback 35

Acquisition of target brain region
(ROI) activity in real time

» RT-fMRI-NF is a newly developed
technique
= — ?
] » Participants are learning to control
their own brain activity through the
I l feedback signal

Visual feedback of the Analyze of the activity in real-time
ROI

Functional MRI

» fMRI allows to record the activity of
deep brain structures

» Efficacity demonstrated in epilepsia,
chronic pain, hemispatial neglect,
and psychiatric symptoms!




1. UNDERSTAND

Systematic review

“Real-time fMRI neurofeedback as a new treatment for

psychiatric dirsordersg”

S

796 articles identified through
databases

}

{ 294 duplicates removed

65 articles not using RT-fMRI-NF

I 137 proceedings, abstracts or methods articles
75 reviews
8 not in English
[ 502 records screened ] — & secondary analysis

!

171 full-text not related to psychiatric disorders

2. PREDICT

[ Included J [ Eligibility [ScreeningJ [ identification
S

3. MANAGE

A. Anxiety disorders

Personality disorders / (3,85 %)
(7.69 %) Trauma or stress-related

Addiction disorders (11,54 %)
(7,69 %)

leurodevelopmental disorders

(11,54 %) Mood disorders

(34.62 %)

Psychotic disorders
23,08 %)

209 Full-text articles assessed for ‘ — 12 full-text not assessed symptom’s
eligibility improvement
l B.
Mood disorders | ACC
26 studies included | litath thesi Psychotic disorders . AMY
studies included in qualitative synthesis
aueiatve sy Neurodevelopmental disorders _—DLERC
Trauma or stress-related disorders = IFG
Addiction B — e
" " N PFC
. . . ope . Personality disorders
» 19 studies showing significant symptoms improvement after neurofeedback i - STG
xiety disorders
X X . . ER Striatum
» 12 with non significant improvment 2 umvierc
. . . EE DMN-CEN |
> 1 with no superior effect relafive to the control (sham) group o i iae | 6o
EW STS - SSC

Pindi, Houenou, Piguet & Favre, 2022, Progress in Neuropsychopharma. and Biol. Psy



1. UNDERSTAND

Meta-analysis

“Real-time fMRI neurofeedback as a new treatment for

psychiatric dirsordersg”

Depression

Standardised Mean

Study Difference g SE 95% Cl  Weight Outcome
Linden et al. 2012 ——®—— 150 0.5200 [0.48;252] 50% HDRS-17
Mehler et al. 2018 | —#— 223 04600 [1.33;3.13] 6.1% HDRS-17
Mennen et al. 2021 —— 1.28 04000 [0.50;2.06] 7.4% HDRS-17
Misaki et al. 2021 e 0.84 0.3300 [0.19;1.49] 9.5% MADRS
Takamura et al. 2020 ——®—— 143 06600 [0.14;2.72] 3.4% BDI
Tsuchiyagatito et al. 2021 il 0.53 0.2800 [-0.02; 1.08] 11.5% MADRS
Young et al. 2014 - 0.50 0.3800 [-0.24; 1.24] 8.0% POMS
Young et al. 2017 —— 0.90 0.3400 [0.23;1.57] 9.2% MADRS
Yuan et al. 2014 . 0.63 0.3900 [-0.13;1.39] 7.7% HDRS-17
Zahn et al. 2019 —— 0.00 0.3900 [-0.76; 0.76] 7.7% BDI
Zotev et al. 2016 -+ 0.51 0.4000 [-0.27;1.29] T7.4% POMS
Zotev et al. 2018 —— 0.96 0.3600 [0.25;1.67] 8.6% HDRS-17
Zotev et al. 2020 i 0.61 0.3600 [-0.10; 1.32] 8.6% POMS
Overall random effect model - 0.84 [ 0.52; 1.16] 100.0%
Prediction interval — [ 0.16; 1.51]
Heterogeneity: 1% = 42%, 1° = 0.0723, p = 0.05 ! I ! !
Test for overall effect: t,, =572 (p <0.01) -3 -2 -1 0 1 2 3

2. PREDICT

> Large effect size on depressive symptoms

> Medium effect size on anxiety and emotion
regulation

Study

Young et al 2014
Young et al 2017
Yuan et al. 2014
Zilverstand et al. 2015
Zotev et al 2020

Overall random effect model
Prediction interval
Heterogeneity: 12 = 0%, =0, p = 0.76

3. MANAGE

Anxiety

Standardised Mean
Difference g SE 95% Cl  Weight
——— 0.18 0.3800 [-0.56;0.92] 20.3%

Test for overall effect: t,=4.43 (p =0.01} -15 -1 -05 0 05 1 15

Study

Paret etal. 2015
Zahringer et al. 2019
Zahn et al. 2019
Zahn et al. 2019
Zweering et al. 2018
Zweering et al. 2018

Overall random effect model
Prediction interval

—E— 0.59 0.3300 [-0.06; 1.24] 26.9%
+—®——  0.68 0.4000 [-0.10: 1.46] 18.3%
{——#—— 0.95 0.5000 [-0.03; 1.93] 11.7%
= 0.39 0.3600 [-0.32; 1.10] 22.6%
- 0.52 [0.19; 0.85] 100.0%
—_— [ 0.15; 0.89]
—r 1T T 1T 7T 1
Emotion regulation
Standardised Mean
Difference ] SE 95% Cl  Weight

; 0.46 0.5100 [-0.54; 1.46]
0.53 0.2800 [-0.02; 1.08] 26.0%
0.07 0.3800 [-0.67;0.81] 14.1%

———®—— 0.75 0.3900 [-0.01;1.51] 13.4%

7.8%

—— 0.30 0.3200 [-0.33;0.93] 19.9%
—@—— 0.72 0.3300 [0.07; 1.37] 18.7%
— 0.48 [0.22; 0.74] 100.0%

[ 0.20; 0.76]

Heterogeneity: 1 = 0%, 1*= 0, p = 0.77 !
Test for overall effect: {5 = 4.72 (p <0.041.5

|
-1

05 0 05 1 15

BUT NO STUDIES ON BIPOLAR DISORDER SO FAR!

Pindi, Houenou, Piguet & Favre, 2022, Progress in Neuropsychopharma. and Biol.

Outcome

STAI state
HARS
HARS

Likert Scale

STAI state

Outcome

DERS
DERS
PANAS - NA
PANAS - PA
PANAS - NA
PANAS - PA

Psy



1. UNDERSTAND 2. PREDICT 3. MANAGE

Bipolar Disorder 58

=2 What treatmente

B. Bipolar Disorder

g Mania

2 Hypomania

g- Euthymia

s h
2

s

&

Subsyndromal depression

Depression

Depression

Time

Hippocampus

b‘« )\‘\
v

Amydala

Therapeutic options?
- Nevurofeedback? Phillips et Swartz, 2014



1. UNDERSTAND

2. PREDICT

3. MANAGE

N F d B D ° . . s Ay 7 y CRETEIL ;
— !
curoree . Essal randomise controle B
GRENOBLE
en double aveugle e
-
Semaine1a3
Semaine 0 1 semaine 5—7jentre sessions 4 semaines Semaine 7 6 mois Semaine 27
Session initiale
- Evaluation clinique Groupe
(mesure principale : expérimental > Follow-up Follow-up
MADRS) .
- Image anatomique (T1) Entralremdsntka: Evaluation -Evaluation
- Familiarisation avec le Randomisation neur:nZT)Rsac clinique (mesure clinique (mesure
neurofeedback principale : principale :
- Repos MADRS) MADRS)
- Cycle de référence ou Groupe contrdle
baseline
v , v
Session 1 Session 2 Session 3:
/ ession \ MADRS
Acquisition T1 Entrainement Entrainement Entrainement Cycle de ReDos
q 1 = 2 - 3 — transfert nd B

@ 0B

8

@

L

10 essais

10 essais

PHRC-N 2018 (Favre / Houenou) ; Pamela Pindi (PhD project)



Challenges in brain imaging of
mood disorder

Heterogenous disorders

= |dentify neurobiological markers
that can help to optimize the
diagnostic accuracy

Integrate clinical with neural circuit measures ] Refine' individuqlize and
personalize the therapeutic
approach by identifying markers
of resistance and response to
the treatments

CIETET

Stratify heterogeneity and identify biotypes

based on underlying circuit function 9 P RECISION PSYC HIATRY

Circuit type 1 Circuit type 2 Circuit type 3
e 0 00 o 0 0 @
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