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The brain is both a structural and functional network

Microscale Mesoscale Macroscale
AR e — N} s
e L ¥ R ~— Y m - .,
[Cajal, 1890] [Yuste, 2015] [Oberlaender et al., 2013]
Neuroimagery
Optical imagery Microelectrodes
[Badreddine PhD] Thanks to Florian Studer [De Vico Fallani et. al, 2016]
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The brain is both a structural and functional network

Microscale Mesoscale Macroscale

[Oberlaender et al., 2013]

functional MRI

-l Activities of

7 ..

small variations
8 onsignal

N

Sophie Achard Graphing the brain 7 October 2026 3/35



The brain is both a structural and functional network

Microscale Mesoscale Macroscale
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[Oberlaender et al., 2013]

Mathematical modeling
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The brain is both a structural and functional network

Neuroimagery Connectivist view

Mathematical modeling
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Usual graph statistics
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Usual graph statistics
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Exploring the brain

using networks analysis: pipeline

sensors
clectrodes
voxels
Nodes
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brain activity VAN
INAAMNAAN
VAN AN
hypothesis test . undirected
neuromarkers recorded signals
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Achard

[De Vico Fallani et a/.2014]
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State of the art results for classification

brain regions defined with regions using DictLearn, connectivity
matrices parametrized by their tangent-space representation, and

>
an I2-regularized logistic regression as a classifier H
Accuracy COBRE ADNIDOD ADNI ABIDE ACPI
50 percentile 75.5% 69.9% 57.8% 66% 42.5% H
Median 86.2% 79.5% 72.5% 71.1% 55.4%
95" percentile 95% 90.6% 84.5% 75.6% 68.7% -
Dadi et al. 2019 s ez e o5 os w
ol Poste Rt 1 Spuchiy)
SVM Random Forest ~ MLP BrainNetCNN  GAT GraphSAGE PR-GNN BrainGNN
Accuracy (%) 62.80(4.92)°  68.60(3.58) 5880(1.79)  7520(3.49)  77.40(351)  78.60(590)  77.10(8.71)  79.80(3.63)
F1 (%) 60.08(3.91) 63.97(4.95) 55.25(9.49)  65.58(14.48)  75.08(5.19)  75.55(7.03)  7520(7.01)  75.80(6.03)
Biopoint  Recall (%) 60.20(4.49) 71.11(8.12) 61.00(4.85)  66.20(1085) 71.60(607)  75.20(646)  78.26(10.28)  72.60(5.64)
Precision (%) 60.00(3.81) 57 80(5.36) 53.40(12.52)  65.60(17.95) 79 40(8.02) 7G 20(8.11) 75 50(14.32)  79.60(8.59)
Parameter (k) * 1438 a1
Accuracy (%) 90.00(8.20) <m 20(4.15) 67.20(34.40)  90.60(4.04) 7x 60(10.45) xq 80(12.51) <n 20(8.28)  94.40(4.04) ¢
F1 (%) 90.20(5.81) 90.14(5.55) 63.49(41.80)  90.96(3.50) 77.00(11.58)  88.60(13.19)  91.09(835)  94.34(3.27)"
HCP Recall (%) 89.57(8.04) 90.06(7.35) 67.97(41.66)  91.12(4.13) 78.60(10.45)  89.43(12.43)  91.00(895)  94.29(3.73)
Precision (%) 90.85(9.35) 90.22(4.77) 62.97(42.47)  90.81(3.27) 91.20(3.32) 87.80(14.02)  91.14(8.52) 94.40(3.59)"
Parameter (k) 36 36 713 4547 34 12 12 96
Li et al. 2021
Accuracy Precision Recall F1-score
g S1 90.21%) 88.55% 87.74%  0.91 089 088 0.90 088 087 089 088 0.99 NO8S
£
g s2 90.76% 87.59% 88.15% 091 088 089 . 090 088 089 0.95
@
g
E S3 86.90% 86.61%91.1 087 087 082 087 087 092
&
S4 B7.74% 88.42% 190.92% 088 089 0.91 088 088 091 088 0.88 091
S: s3 sS4 s1 s2 s3 1 St sS4 s s3
HCP Testing Session HCP Testing Session HCP Testing Session HCP Testing Session HCP Testing Session
Rvali et al. 2023
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Multiple networks in the cognitive brain activity

Large-scale brain networks in
: cognition: emerging methods and
Default Mode Network S Central Executive Network pri nci ples

Activates when not performing a Engages your conscious brain
task; daydreaming, mind- to think and maintains
wandering, thinking about others attention on a prioritized task

Steven L. Bressler’ and Vinod Menon?

nature

neuroscience
Multi-task connectivity reveals flexible
hubs for adaptive task control

Michael W Cole ™, Jeremy R Reynolds, Jonathan D Power, Grega Repovs, Alan Anticevic & Todd S
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Pathologies and brain connectivity

The hubs of the human connectome are generally
implicated in the anatomy of brain disorders

Nicolas A. Crossley," Andrea Mechelli,' Jessica Scott," Francesco Carletti," Peter T. Fox?
Philip McGuire™* and Edward T. Bullmore™

o
o 380 Periphery

§20°°0%0,

Neurodegenerative Diseases Target
Large-Scale Human Brain Networks

William W. Seeley,"* Richard K. Crawford," Juan Zhou, Bruce L. Miller," and Michael D. Greicius?

W>25% Disorder
® REC > 50% vulnerability
° MCS
° Vs
The Role of Intrinsic Brain Functional Connectivity in Vulnerability and
Resilience to Bipolar Disorder
Gaalle €. Doucet, Ph.D., Darislle 5. Bassett, Ph.D., Nailn Va0, Ph.D., David C. Glahn, Ph.0., Sophia frangou . M. Ph..
e
[}
o
(&}
¢ Disruption of p ial larg le neural i n predicts recovery from coma
Steln Silva, Francesco de Pasquale, Corine Vuillaume, Beatrice Riu,Isabelle Loubinoux, Thomas Geeraerts, Thierry Seguin, Vincent Bounes, Olivier Fourcade, Jean-Francols Demonet and Patrice Péran
]
-1.0 -05 0.0 05 1.0

PCC-mPFC (median correlation)
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Outline of the talk

1st Part

Role of hubs in consciousness disorders

2nd Part

Brain-inspired functional connectivity analysis of Artificial Neural Networks
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Brain networks for exploring disorders of consciousness

Following Plum and Posner (1983), consciousness has two dimensions:
wakefullness (also called arousal) and awareness.

.

AWARENESS OF ENVIRONMENT AND SELF

LEVEL OF AROUSAL

[Laureys et al. 2007]
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Detecting awareness using fMRI

Using Tennis Imagery to detect awareness for patient with traumatic brain
injury.

Tennis Imagery Spatial Navigation Imagery

1 PMC
Patient & SMA ‘ -

Tppa
B

Controls i A './‘_./"PME .’H,r_

=

N=-24

[Owen et al. 2006]
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Alterations of connectivity in consciousness disorders

Alterations of Default Mode Network
ICA method for fMRI data
High variance within groups

of patients

I-J..l. .*++ 'i.&..;.

[Vanhaudenhuyse et al. 2006]

Alterations of one connection
fMRI data
CRS = coma recovery state

10 05 0.0 05 10
PCC-mPFC (median correlation)

[Silva et al. 2015]
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Pipeline
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[De Vico Fallani et a/.2014]
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Pipeline

17 patients,
20 HC

hypothesis test .
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classification
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Sophie Achard
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[De Vico Fallani et a/.2014]
7 October 2026

Graphing the brain 13/35



Examples of connectivity graphs
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Results: global connectivity and network topology

No significant difference on global measure of functional

connectivity
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Examples of connectivity graphs
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Nodal statistics-based structural pattern on single graph

Nodal statistics-based structural pattern

Definition

We consider undirected unweigthed graph G = (V, £) and refer to a nodal
statistics s : VV — s()’) any function of the adjacency matrix.

The equivalence relation ~ associated with a nodal statistics s, on
the nodes set V of a graph is:

Vs u <= s(u) =s(v).

The equivalent relation associated with any collection of statistics
S = {si}i=1,.n, is defined as:

ar~nghb < an~g b,a~g b, ..., an~g b.

When the statistics is continuous, for some small ¢

vesu <= |s(u) —s(v)| <e
Graphing the brain 7 October 2026 17/35




Nodal statistics-based structural pattern on single graph

Structural Pattern
Definition
Le us define P the induced partition on V given S,

1%

Ps = — ={[a], VaeV}

~S
defines the structural pattern of G associated with the statistics
collection S.

Node role
Definition

The class of equivalence [a] = {b € V]a ~s b <= s(a) = s(b)}
corresponds to node role.

Sophie Achard Graphing the brain 7 October 2026 18 /35



lllustrations with degree

Let G, G’ be two graphs having same vertices V and let S be the statistics
degree whose associated partitions are Ps, P5 on G, G’ respectively.

g g’
Ps = [ABEFGH), [L], [CDI],[M] P} = [ABCEFGH), L], [DIM]
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However degree may be not sufficient

Depending on the graph structure, one statistic may be not sufficient to
capture important features of graph.

B Nodes with degree = 3

Nodes with degree = 3,
betweenness c. = 0.00926

7
Nodes with degree = 3,
betweenness c. = 0.167

Nodes with degree = 3,
betweenness c. = 0.56

\)\/‘/

&
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Comparisons of statistics induced by graph structures

Orthogonal statistics for heterogeneity evaluation of a collection
elements

Two nodal statistics are said to be perfectly orthogonal if their
union-associated equivalent relation induces the trivial partition: all nodes
belong to a single element set.

Definition

Let G be a graph having V vertices and let S be the statistics whose
associated partitions are Ps on G.

.t ~ 1
VI
Og(S) is the ratio between the number of nodes in non-trivial classes and

the total number of vertices and corresponds to an orthogonality score. By
definition, S is perfectly orthogonal if and only if Og(S) = 0.
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Structural patterns for graph collections characterization

Correspondence structural pattern score

Definition

Let G, G’ be two graphs having same vertices V and let S be a statistics
collection whose associated partitions are Ps, P5 on G, G’ respectively.
Given bijective mapping from Ps, P to an initial segment of the natural
numbers as enumerations, let ¢(v;), c’(v;) be the enumeration of the

classes of v;, the correspondence structural pattern score between G, G’ is
defined as:

where I1 is the set of all coupling between the elements in Ps and the
elements in Pg and X is the indicator function.
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[llustrations

Let G, G’ be two graphs having same vertices V.

g/

Sophie Achard

C(g.¢") = Y =081

Graphing the brain 7 October 2026
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[llustrations

One statistics is enough informative

Degree Betweenness Degree and betweenness
PC: 0.73855 PC: 0.56959 PC: 0.73855
Correspondence structural patterns: 0.75
Orthogonality in G: 1.0
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[llustrations

Two nodal statistics are more informative

Degree Betweenness Degree and betweenness
PC: 0.56959 PC: 0.63495 PC: 0.86927
Correspondence structural patterns: 0.5
Orthogonality in G: 0.5

Gt
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[llustrations

Two perfectly orthogonal nodal statistics

Clustering coefficient
PC: 0.0

Sophie Achard

PC: 1.0
Closeness centrality Correspondence structural patterns: 0.1428571
PC: 1.0 Orthogonality in G: 0.0

\J/\ o—

Graphing the brain 7 October 2026
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Results of fMRI resting state datasets on healthy
volunteers and patients

Freely avalaible datasets. Do not hesitate to use them!

Provider Subjects Scanning Parameters Age range
Total BO TR #Vol Frequency Band years

ChuStr Achard et al. 2012 HC(20)-CO(17) 1.5T 3000 ms 405  0.042-0.084 Hz  25-45, 21-82
HCP Termenon et al. 2016 HC(100x2) 3T 720 ms 1200 0.043-0.087 Hz 20-43
iShare Tsuchida et al. 2017 HC(1814) 3T 850 ms 1046 0.037-0.074 Hz 18-35

Gin-Chuga Ramirez et al. 2019 HC(11)-PD(13) 3T 1000 ms 500  0.031-0.063 Hz  46-70, 51-70

Sophie Achard Graphing the brain 7 October 2026 25/35



Results of orthogonality scores on real datasets

Degree & Closeness Centrality Clustering Coeff. & Closeness C.

matose patient — Parkinsonian Patient

— o 0o
0.9+ — Healthy Control — — Healthy Control 2
] o8 509
os g
¢ 5 208
g, g
z §o7
500 S
g 008
£ &
Zos g
Sos
03 H
os £ 04
o g
903

— He
—— Comatose Patient
Parkinsonian Patient

02 04 0’6 o8

sparsity

10

(a) Orthogonality centroids (b) Mean graph average
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lllustrations of classification on orthogonality curves

0.80

Degree-
0.75
Betweenness C.- 0.70
0.65

Clustering Coeff.-
0.60
0.55

Closeness C.-
0.50
Il Order C.- 045
-0.40
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Outline of the talk

1st Part

Role of hubs in consciousness disorders

2nd Part

Brain-inspired functional connectivity analysis of Artificial Neural Networks
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Statistics for networks applied to ANNs

Question: Is it possible to identify results of classification on neural
networks?

Examples:

Adversarial attac Continual learning

= OUTPUT
=3

é\b

= OUTPUT
=8

New data * Exact replay
[Yu et al. 2018] [van de Ven et al. 2020]
Focus on catastrophic forgetting: How to characterize the effect of

catastrophic forgetting on the architecture of neural networks?

Post-doc Dwight Ngwaigwe & PhD Lucrezia Carboni & PhD Marion Mainsant
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Catastrophic forgetting: our context

Continual learning with face emotion recognition
PhD work of M. Mainsant with M. Mermillod and M. Reyboz

Continual learning settings

— . '
surprise | , »

fj-

7 different tasks

Sophie Achard

sadness

disgust |,

Graphing the brain

Dream Net

X Auto associative part

Y Hetero associative part
(classifier) 1

Real-features |~ - &
1
Learning Net

le
oszel x

Features|
Reinj4

Features
Reinj1 "~

RandomNoisa| - &5 <o~ 7w y | Labels Labels
] « Reinj1 " Reinj4
3
/ Pseudo-examples
Memory Net database

[Mainsant et al. 2021]
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Catastrophic forgetting: our context

Continual learning with face emotion recognition
PhD work of M. Mainsant with M. Mermillod and M. Reyboz

10w Benchmark
S
S
081N NG e —
R
S ——
------ q
>
2
£0.6|
5
3
g
"
Z
804
o - Offline
Dream Net (our mode
Combined Replay 70
0.2 =~ Auto-Hetero naise replay
Icarl 70
Episodic replay 70
Class-by-class without specific algo
0.0+
< N
Sy & & & E & $°
* & « & < O
& A & <&
Emotion

Are we able to quantify why Dream Net performs well?
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Our proposed pipeline

Objective: Extend graph-statistics analysis method to ANNs to
characterize flow of information in a NN model

@ Step 1: Graph modelling of ANNs

%— Thresholding =— ? : é
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Our proposed pipeline

Objective: Extend graph-statistics analysis method to ANNs to
characterize flow of information in a NN model

@ Step 1: Graph modelling of ANNs
@ Step 2: Node role in and degree

.
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Our proposed pipeline

Objective: Extend graph-statistics analysis method to ANNs to
characterize flow of information in a NN model

@ Step 1: Graph modelling of ANNs
@ Step 2: Node role in and degree
@ Step 3: Charaterisation - graph features extraction

/. o /. /.
®
learning task 1 learning task 2 learning task 3

Graph Features vector
in-out -2 =1 =0
degree
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Graph features vectors as distributions

@ Finetune strategie

Finetune

in-out degree

Focus on the tail of the distributions
Keep only 1st and 3rd quartiles of the distributions
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Graph features vectors as distributions

@ Dream Net strategie

Dream Net

Focus on the tail of the distributions
Keep only 1st and 3rd quartiles of the distributions
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Results on real datasets

Consensus score clusetring-labels = 0.965

5
e Offline
e Finetune

44 Dream Net
€
2 39
5
2
£
S 24
g
E L
- L]
£ 1 e
£ %
el
& . °

-1 P

)
-2
-3 -2 -1 0 1 3 4

First Principal Component

o Offline: "null model”
re-learning every
previously seen tasks

@ Finetune: online learning
with forgetting

° : online
learning without
forgetting

in-out degree graph feature is able to discriminate between different
strategies taking into account forgetting

Sophie Achard
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Conclusion and future works

Conclusion

@ New framework for comparison
of spatio-temporal models

@ Description at nodal level

@ Application to ANNs

Future work

@ Derive properties for graph

statistics arxiv.org/abs/2210.01053

@ Build a statistical test
@ Formalise the ANNs application

R
P PRy

G

iy
2 o
Cluster IA

Multidisciplinary Institute
In Artificial Intelligence
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arxiv.org/abs/2210.01053

Special thank to Lucrezia!

Lucrezia Carboni
& Michel Dojat

Verénica Mufioz Ramirez
Hana Lbath
Dwight Nwaigwe
Marion Mainsant
Marina Reyboz
Martial Mermillod
Marc Joliot
Raphaél Bayle
Ana Marques
Elena Moro
Lydia Oujamaa
Argheesh Bhanot
Paul Sitoleux
Francesco Pappone
Simone Chiominto
Youssef Saad

NIPCs & Statifiers !
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