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MRI Introduction Structural Anatomical (T1)

Anatomical acquisition
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MRI Introduction Structural

Anatomical (T1)
Anatomical information

Original Image

Determine Measure
structural with skull
image removed

borders of
cortical gray
matter

thickness of
cortical gray
matter

After pre-processing
Segmentation GM,WM,CSF
Extract various scores

Forde etal (2017), DOI: 10.1007/s00429-017-1424-0
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www.nmr.mgh.harvard.edu/neurorecovery/technology.htm
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MRI Introduction Structural DTI

Diffusion tensor imaging and fiber tractography

Diffusion Weighted Imaging

Fractional Colour-Coded Tractography
Anisotropy Image Tensor image Images

from Salat etal (2017), DOI:10.1080/02699052.2017.1327672
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MRI Introduction Functional

MRI machine Hemoglobine

Hb-O, = oxy-hemoglobine
(diamagnetic)

Hb = deoxy-hemoglobine
(paramagnetic)

Rest : blood : 60% Hb-O, and 40% Hb
Activation : blood : 63% Hb-O, and 37% Hb
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Functional connectivity Background

Idea: Function are localized in  Idea: The brain works as a whole.
anatomic cortical regions

—> Damage to a region results in = Extent of brain damage is more

loss of function important than its location
) \
Functional Segregation Functional Integration

Functions are carried out by specific areas in Networks of simple connected units
the cortex that can be anatomically separated

Functional Segregation Functional Integration
Different brain areas are Networks of interactions among
specialized for different functions specialised areas
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Functional connectivity Background

Functional neuroimaging analysis

Functional Segregation
Specialised areas in the cortex

@ Analysis of regionally specific effects @ Analysis of how different regions in a
neuronal system interact (coupling)

Functional Integration

Networks of interactions among specialised areas

@ |dentification of regions specialized @ Determines how an experimental
for a particular task manipulation affects coupling
between regions
@ Univariate analysi @ Univariate & Myltivariate analysis

Functional Effective
Connectivity Connectivity
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Functional connectivity Background

Functional neuroimaging analysis : Resume

Functional Segregation Functional Integration

A given cortical area is specialized Refers to the interactions among
for some aspects of perceptual, specialised neuronal populations
motor or cognitive processing and how these interactions depend
upon the sensorimotor or cognitive
context

";"9' )

from https:/slideplayer.com/slide/5843319/
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Functional connectivity Background

Functional neuroimaging analysis : Resume

Functional Integration

Refers to the interactions among
specialised neuronal populations
and how these interactions depend
upon the sensorimotor or cognitive
context

from https:/slideplayer.com/slide/5843319/
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Functional connectivity Background

Structural Connectivity = presence of axonal connections

Large-scale anatomical infrastructures that support
effective connections for coupling
Example: tracing technique, DTI...

Functional Connectivity = statistical dependencies between regional t-s

remote neural areas
Example: seed voxel, ICA, PCA...

The influence that one neuronal system exerts over
another
Example: Static model (PPI, SEM), Dynamic model (DCM)

from https:/slideplayer.com/slide/5843319/
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Functional connectivity Background

Functional Connectivity = statistical dependencies between regional t-s

&\ ) Simple temporal correlation between activation of
i remote neural areas
Example: seed voxel, ICA, PCA...

from https:/slideplayer.com/slide/5843319/
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Functional connectivity Resting State

Spontaneous BOLD activity

The brain is always active, even in the absence of explicit
input or output J

Neuroscientists are studying this spontaneous BOLD signal
and its correlation between brain regions in order to learn about
the intrinsic functional connectivity of the brain resting-state
networks.

Cécile Bordier 9/38



Functional connectivity Resting State

Resting-state networks

primary tra-striate insular-temporal/ACC

maotor

lefe frontal
parietal-frontal

) & B> &

Demoiseau etal. (2006): 10.18637/jss.v044.i09
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Functional connectivity Resting State

ICA temporal or spatial?

Temporal ICA decomposition Spatial ICA decomposition
TICA SICA

#maps space
—l time —_ .
—_—

Bordier etal. (2011): 10.18637/jss.v044.i09
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Functional connectivity Resting State

ICA temporal or spatial?

Temporal ICA decomposition Spatial ICA decomposition
TICA SICA

time space
—_ — B

J1# ueds

Bordier etal. (2011): 10.18637/jss.v044.i09
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Functional connectivity

Resting State

ICA temporal or spatial?

Temporal ICA decomposition
TICA

i uess

Mapsassocid o e IC

Spatial ICA decomposition

Scan #k

Tie couse asaced e FIC

solution in the future

*...Note that TICA is typically much more computationall
demanding than SICA for functional MRI applications because
of a higher spatial than temporal dimension and can grow
quickly beyond practical feasibility. Thus a covariance matrix
on the order of N? (where N is the number of spatial voxels of
interests) must be calculated. A combination of increased
hardware capacity as well as more advanced methods for
calculating and storing the covariance matrix may provide a

Calhoun, Human Brain Mapping. 2001

Bordier etal. (2011): 10.18637/jss.v044.i09 ; Calhoun etal. (2001), DOI: 10.1002/hbm.1024

Cécile Bordier



Functional connectivity

ICA temporal or spatial?

Resting State

Temporal ICA decomposition

time
—_

i uess

#maps
=,

TICA

#IC

=2 | QL
i1

Mapsassocid o e IC

Spatial ICA decomposition
SICA

# maps
—

Scan #k

Volume:

128x128x30vx
Time: 240 vol.

Bordier etal. (2011): 10.18637/jss.v044.i09 ; Calhoun etal. (2001), DOI: 10.1002/hbm.1024
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Functional connectivity Resting State

ICA temporal or spatial?

Temporal ICA decomposition

TICA

Spatial ICA decomposition

SICA

space

TICA covariance matrix:
500000% ~ 25x10""

Volume:
128x128x30vx
Time: 240 vol.

SICA covariance matrix:
2402 = 57600

Bordier etal. (2011): 10.18637/jss.v044.i09 ; Calhoun etal. (2001), DOI: 10.1002/hbm.1024
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Functional connectivity Resting State

ICA temporal or spatial?

Temporal ICA decomposition Spatial ICA decomposition
TICA SICA

space # maps space
: . p:

TICA . tri Volume:

covariance matrix: - —

5000002 ~ 25x10" 128x128x30vX SICA covazrlance matrix:
— Time: 240 vol. 240° = 57600

With the singular value de-
composition (svd) ‘ Possible!

Bordier etal. (2011): 10.18637/jss.v044.i09 ; Calhoun etal. (2001), DOI: 10.1002/hbm.1024
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Functional connectivity Resting State GraphTheory

Network Based analysis (NBS), statistics at the edges level:
to know edges which are significantly different between
subjects.

Community detection: to know the organization of functional
connectivity in modules

Cécile Bordier 12/38



Functional connectivity Resting State GraphTheory

General Pipeline

Defining Time-course Connection matrix
nodes extraction
APt My
SA A ANt
AT AN . .
T — Estimating
_— }A Afmmauae - coONNEction
. L L L2V
voxels, brain atlas 7 ANl .
brain parcellation... B

Correlation, Wavelet, PCA...

threshold

Graph theory analysis Adjacency matrix

modularity

o‘\6

0\\@
O

S local efficiency

Commyp;y
detection

~—

clustering
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Graph Theory

NBS: problems
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N/ 4‘\! 4?’»: g
,‘4"’ ol
0 Wi e =
SN F e
9 » ~ -

inspired by Zalesky’s presentations
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Graph Theory

NBS: problems

Mass univariate hypothesis testing

inspired by Zalesky’s presentations
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Graph Theory NBS

NBS: problems

Mass univariate hypothesis testing

Independently test the same hy-
pothesis for each connection

Fit GLM on each connection
Y = X3 + €

Apply test: t-test, f-test,
anova,ancova, regression ...

inspired by Zalesky’s presentations
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Graph Theory NBS

NBS: problems

Network of p-values
®_0.01
0.03) N

o 7 e
0.04°® S/ o0.002
o o ®
0.4\ \0-5
)

0.8

Mass univariate hypothesis testing Number of edges
M=38

Independently test the same hy-
pothesis for each connection

Fit GLM on each connection
Y = X3 + €

Apply test: t-test, f-test,
anova,ancova, regression ...

inspired by Zalesky’s presentations
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Graph Theory NBS

NBS: problems

= !
S ravees S

Network of p-values

®_ 001
0.03)
o 7 Ve

0.04 . @' Iogoz

04\ \os

.—.

Mass univariate hypothesis testing Number of edges
M=8
Statistics Correction:

__ Nb of false discoveries
FDR = Total nb of discoveries

Independently test the same hy-
pothesis for each connection
. . @ 1st step: rank p-value from
Fit GLM on each connection smallest to largest
Y = X5 + ¢ o .
@ 2nd step: identify largest j(rank)
such that p; < 299

@ 3rd step: declare the tests of
rank 1, 2, ... , j as significant!

Apply test: t-test, f-test,
anova,ancova, regression ...

inspired by Zalesky’s presentations
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Graph Theory NBS

NBS: problems

&4,;“ = ‘;,, Network of p-values
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of edges

Mass univariate hyp s

!

Independently test
pothesis for eachbeorrreewem

Generic methods ignore the

. . I
topological configuration! s Correction:

b _of false discoveries
otal nb of discoveries

. . @ 1st step: rank p-value from
Fit GLM on each connection smallest to largest
Y = X5 + ¢ o .
@ 2nd step: identify largest j(rank)
such that p; < /"OTO*"

@ 3rd step: declare the tests of
rank 1, 2, ... , j as significant!

Apply test: t-test, f-test,
anova,ancova, regression ...

inspired by Zalesky’s presentations
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Graph Theory

NBS: idea

NBS

Effects of interest in connectomes are seldom confined to sigle locus.
They are likely to encompass multiple connections and nodes, which
form interconnected subnetworks

Unlikely ‘ o \

Effect Ny e @ |
e De

No Effect ’ /

‘ /I: \\“

from Zalesky’s presentations

Likely

———— —
N / | / Subnetwork




Graph Theory NBS

NBS: idea

Effects of interest in connectomes are seldom confined to sigle locus.
They are likely to encompass multiple connections and nodes, which
form interconnected subnetworks

Unlikely ,© \ Likely
7| ~ |
| a7 ‘

N\ g f ‘_‘_-.

gm g9 | 7 T

No Effect . / . ‘ ,f | ,/.Subnetwork

Statistical power can be improved by seeking to reject null hypothesis
at the level of subnetworks, rather than for individual connections

from Zalesky’s presentations
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Graph Theory NBS

NBS: step 1

Threshold and identify subnetworks

s &
,ﬁ;:,,&-.{;.:}’“? ‘ Eliminate connections with
' a test statistic or effect size

below a desired threshold

Thresholded network: edges below a
minimum meaningful effect size eliminated

from Zalesky’s presentations
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Graph Theory NBS

NBS: step 2

4 Observed
« RRARR
& 22l
'\.\?‘ Xﬁxﬂxx Permutation Max subnetwork
size (edges)
/ Permutation#1 5| Observed 5
*iﬁ** Permutation #1 3
~>| Permutation #2 1
seoee e
W MM/K Permutation #3 10
\ Permutation #4 2
4 Permutation#2 Permutation #5
MR £
eeee L
. MRRR

from Zalesky’s presentations
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NBS: step 3

Graph Theory

After many permutaion

Permutation Max subnetwork

size (edges)
Observed 5
Permutation#1 3
Permutation#2 1
Permutation#3 10
Permutation #4 2
Permutation #5 3
Permutation #6 3
Permutation#7 4
Permutation #8 1
Permutation#9 4
Permutation#10 2

one-sided p-value:

from Zalesky’s presentations

Number of permutations

p-value =

Proportion of permutation
above red line is the p-value

Observed size

2 3 4
Subnetwork size

nb of permutation with t-stat<5

nb of permutation

Cécile Bordier 18/38



Graph Theory NBS

NBS: results

Populations:

@ 61 stroke patients with minor or nonexistent cognitive
impairment scanned at 3 time points (6, 36 and 60 months)

@ 61 control subjects matched in age and gender

In blue common significant links for Control < Patient at each time
acquisition. In red common significant links for Control > Patient at each
time acquisition (statistical comparison p<0.05 FWE corrected) .

Bordier etal. (in review)

Cécile Bordier 19/38



Graph Theory

General Pipeline

Defining Time-course Connection matrix
nodes extraction
Y
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Graph theory analysis Adjacency matrix
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Graph Theory Community detection Threshold

Threshold

Very often in the litterature: many thresholding!

&

iy W
2 Y
SR

t=0.4 t=0.56 t=0.7

Bordier etal. (2017)
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Graph Theory Community detection Threshold

Threshold

- " -
N WY
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> W -
A '
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S ge0e0000
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Number of Connected Components

v

Connectivity Strength

Mastrandrea etal. (2021) ; Bordier etal. (2017)
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Graph Theory Community detection Threshold

Threshold
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Mastrandrea etal. (2021) ; Bordier etal. (2017)
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Graph Theory Community detection Methods

Methods

Louvain Community Detection (Newman (2006), Blondel etal. (2008)),
based on modularity, which tries to maximize the difference between the
actual number of edges in a community and the expected number of edges in
the community.

InfoMap Community Detection (Rosvall etal.(2008)) based on the
minimization of the description length (Rissanen, 1978) of a random walker
defined on the network through a set of heuristics.

Surprise Community Detection (Nicolini (2016 & 2017)) based on
classical probabilities known as Surprise. It has been introduced to evaluate
the quality of a partition of a network into communities.

Cécile Bordier 23/38



Application
The goal

@ Finding connectivity differences: hypo or hyper connectivity

o between groups : control vs patient
@ over time : at Year 0 and Year N to mmonitor the illness
evolution

@ Finding community difference: breaking or joining

@ between groups : control vs patient
e over time : at Year 0 and Year N to mmonitor the iliness
evolution
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Application ICA + NBS : Parkinson

Connectivity on Parkinson patients

@ Material
@ 24 controls (HC) and 95 patients parkinson (PD):
@ 31 normal cognition (NC)
@ 14 with attentional and executive deficits (FS)
@ 20 with visuospatial, memory and language deficits (PC)
@ 30 (mixed) with all previous deficits (MS)
@ Question:
What are the connectivity differences between different
type of parkinson? Can we predict from which subtype
parkinson ar coming the mixed subgroup?
@ Methods:

o ICA to extract the resting state network of our groups
o NBS to find significant difference between groups in intra or
inter networks

Devignes etal. (2022)
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Application ICA + NBS : Parkinson

Intra Connectivity
(Hamgt g magE

ccccc sios T =

Jamegt pmng megS

HC: healthy control; PD-NC: normal cognition; PD-FS: attention/exceutive deficits;
PD-PC: vosuospatial/memory/language deficits; PD-MS: mixed subtype

Devignes etal. (2022)
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Application ICA + NBS : Parkinson

Inter connectivity
Intra Connectivity

PDNC>PD-FS

=

WL ggepe enTaE

%%I'%&Q&liﬁ*iwl'&%

A

HC: healthy control; PD-NC: normal cognition; PD-FS: attention/exceutive deficits;
PD-PC: vosuospatial/memory/language deficits; PD-MS: mixed subtype
Devignes etal. (2022)
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Application ICA + NBS : Parkinson

Spatial location of brain regions for each significant comparison
(region with at least 25 significant connections)

Lateral rior Lateral
L & ‘:g r "27 o o3 R
‘:GLE&. Soab 9 "'\..
L . s "
R i B WEEN SN
2, - P& &
LA s
0 8s Sof &
Medial & Medial
< < % g&'l
$o-o°® Inferior ]
o0 e o
Poh R0 o &S q (& * g o
S e "::& ‘g'\f: g e :.30“ -3
Te £1%
‘ “ec. [
Anterior | IR Y g‘ 2 Posterior
- > < s
s g IO AN RS 8
AAl T MP
o <L €0 e @
%, g9 /e 's.g“ (b
@ Hc>PD-Fs PD-NC>PD-FS PD-PC>PD-FS @ HC>PD-Ms

HC: healthy control; PD-NC: normal cognition; PD-FS: attention/exceutive deficits;
PD-PC: vosuospatial/memory/language deficits; PD-MS: mixed subtype

Devignes etal. (2022)
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Application Community: Schizophrenia

Connectivity on Schizophrenia patients

@ Hypothesis:
Aberrant brain functional connectivity
in the brain of schizophrenia patients affects
its modular organization

@ Materials

@ 78 schizophrenia patients (from DSM V)
e 91 healthy controls

@ Methods

o Community detection : Asymptotical surprise with
percolation threshold
o Comparison and statistics: NMI, participation coefficient...

Cécile Bordier 28/38



Application Community: Schizophrenia

Connectivity on Schizophrenia patients

Control Patient

15
1
0.5
0
. Control

B.Patient

@6

Bordier etal. (2018)
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Application Community: Schizophrenia

Connectivity on Schizophrenia patients

Control Patient

,;//'/. f’( ¥
E' i’ ii 5./ kP
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Bordier etal. (2018)
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Application Community: Schizophrenia

Connectivity on Schizophrenia patients

Control Patient

Patient

f L

g 4"‘; X5
Y 2L

a&% 2

o R

Bordier etal. (2018)
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Application Community: Addiction

Connectivity on Alcoholic patients

@ Hypothesis:
Brain functional connectivity comparison between
1) Control and Patient
2) before and after treatment in alcoholic patients

@ Materials
e 35 recently desintoxified alcohol dependent patients

@ 12 intensive withdrawal treatment(IWT)
@ 17 naltrexone(NTX) + intensive widthdrawal treatment

@ 34 healthy controls

@ Methods

e Community detection : consensus infomap (percolation
threshold)
e Comparison and statistics: NMI, participation coefficient...

Cécile Bordier 31/38



Application

Community: Addiction

Connectivity on Alcoholic patients

Control Patient | Patient
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€3 10|
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Nodes
Nodes
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Bordier etal. (2021)
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Application Community: Addiction

Connectivity on Alcoholic patients

Basal Module

Con

AUD

Con

AUD

Bordier etal. (2021)
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Application Community: Addiction

Connectivity on Alcoholic patients: participation
coefficient

Bordier etal. (2021)
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Application Community: Addiction

Connectivity on Alcoholic patients

Bordier etal. (2021)
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Conclusion

@ Functional connectivity is still at its beginning and there is
still a lot to do

@ New methods and community detection are getting out
every 3-6 months

@ Application on other dataset such as PET, structural (T1 or
DTI) or iron maps!
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Needs
Needs

@ Reliable tool to make statistics and compare communities

@ Optimization of the speed and computer power (passing
from region to vx)

@ Method for simultaneous parallele dynamic spatial and
temporal connectivity (let s be crazy!)

@ Graph theory adapted on multi modal data
@ Deep learning on graph or on different MRI modalities
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Needs
Needs

@ Reliable tool to make statistics and compare communities

@ Optimization of the speed and computer power (passing
from region to vx)

@ Method for simultaneous parallele dynamic spatial and
temporal connectivity (let s be crazy!)

@ Graph theory adapted on multi modal data
@ Deep learning on graph or on different MRI modalities

but also ... the majority of idea that you can find in the
perspective of connectivity papers
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Thank you for your attention...
and thanks to ...

My team in Lille My (ex) team in Rovereto lIT My collaborators

Renaud Lopes Angelo Bifone Michel Dojat
Romain Viard Carlo Nicolini Antonio Cerasa
Morgan Gautherot Giulia Forcellini Salvator Nigro
Vincent Roca Giuia Scuppa Quentin Devignes
Julien Dumont Wolfgang Sommers
Patrick Bach

and all the colleagues and friends met during this fantastic adventure!!!
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