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e Brain graphs:

e Brain atlas & connectome

e Graph signal processing and Graph Laplacian
e Graph Laplacian
e Spectral Decomposition
e Graph Fourier Transform

e Graph Convolutional Network
e Spectral GCN
e ChebNet and 1stGCN
e applications

e Practice on Notebook



brain atlas

Brain Graphs

--to understand brain organization

Brodmann atlas Brainnectome Atlas

Co Btee8

Fan et al. 2016; Yeo et al. 2011; Glasser et
al. 2016; Garcia et al. 2017.

Spatial resolution

Yeo Atlas

Glasser atlas

A
) MEG,EEG \
c )
Q '
(@]
3 I
. 1
channels |
o sources hypgredge
o Sl i
£ . fiber connections
g resting state dVRI
c
o \ ‘; ,
\ %
= & <
E @ § \ S5 I
=) o | | sﬁfcs;/gyral /
frequency b i
8 ou a&es /7
~ 7’
= N —_—
[0}
(&)
msec sec days years

Temporal resolution



Part #1:
Graph signal processing and Graph Laplacian

e Graph Laplacian:

e graph G=(V,E,W)
e nodes Vedges IV weight matrix W

e Adjacency matrix

a; = {l,if(vi, v) eE

0, otherwise

e Laplacian matrix
L=D—-AorL=D-W

e normalized Laplacian

Labeled graph Degree matrix [) Adjacency matrix A Laplacian matrix [,
( 2 0 0 0O O\ ( 01 0 0 1 0\ ( 2 -1 0 0 -1 O\
e 0 3 00 0O 1 01 010 -1 3 -1 0 -1 0
0 e c 0 02 0 0O 01 01 0O 0 -1 2 -1 0 0
.‘ 0 0 0 3 00O 0 01 011 0 0 -1 3 -1 -1
Qg 000030 110100 S )
\0 0 0 0 0 1 ) \O 0 01 0 O ) K 0 0 0 -1 0 1 )




1.1 Graph Laplacian

« Spectral decomposition: [, = \v
e assume }}/ is undirected and symmetric
e cigenvalues are non-negative (descending order): {)\;,7 = 1...k}
e cigenvectors are real and orthogonal {’Uz', 7 =1... k}

V2 (%] V4
Eigenvector #2 Eigenvector #3 Eigenvector #4




Graph Laplacian in Brain imaging

Eigen 1 Eigen 2 Eigen 3 Eigen 4 Eigen5

e brain parcellation s L‘a QJ % "&

e spectral reordering (2nd eigenvector) V2

e spectral clustering (first k eigenvectors) {v;,? = 1...k}
SMA/pre-SMA

Johansen et al. 2004

Native cross-correlation matrix ~ Spactrally reordered matrix k-means processed matrix




Graph Laplacian in Brain imaging

Elgen 1 Eigen 2 Elgnn 3 ;] Eigen s

o brain parcellation a 3

e spectral reordering (2nd eigenvector) U2
o spectral clustering (first k eigenvectors) {v;,t = 1...k}

SMA/pre-SMA

T e
Johansen et al. 2004

Native cross-correlation matrix ~ Spactrally reordered matrix k-means processed matrix
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Zhang et al. 2017
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Graph Laplacian in Brain imaging

e brain organization

e mapping of 2nd-eigenvector or higher orders

e Harmonics Atasoy et al. 2017

d Graph representation of the dFC € Functional harmonics revealed by the eigenvectors of the graph Laplacian

+

e Connectivity Gradients dFC
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1.2 Graph signal processing

e Graph Fourier transform:
e graph signals: signal on each node
e spatial domain to spectral domain

e low frequency vs high frequency

Time Domain

s(t)

3 Frequency Domain
S(w)

https://persagen.com/resources/graph_signal processing.html



https://persagen.com/resources/graph_signal_processing.html

e Graph Fourier transform:

e graph signals: signal on each node
spatial domain to spectral domain

low frequency vs high frequency

g "
A Structural connectivity

Regions
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Huang et al. 2018

Graph signal processing in Brain imaging
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Medaglia et al. 2018




Part #2:
Graph Convolutional networks (GCN)

e graph filters 96 and graph convolutions T * gy

e graph Fourier transform

x xg go = UgpUTx

N AKX i
hidden %‘ l>_<]>_§|>_<l T )
layers

output layer

input layer

(a) Graph Convolutional Network (b) Hidden layer activations

Defferrard et al. 2016; Kipf et al. 2016;
Wu et al. 2019;

e two types of graph convolutions
e spectral GCN: based on graph Laplacian

e spatial methods: approximation using neighbors, for instance ChebyNet; 1stGCN

e Applications C@\ C& /@ i T g
S B 3 | e

@18 uild Grap \_/ s .
' ' Xn,,:i'_ _________ FCh, Pn

Crystal Structur

e Crystal Graph

Crystal Embedding Task Dependent Layers



Graph Convolutional networks (GCN)

--merging graph signal processing with neural networks

e ChebyNet

use Chebychev polynomial expansion instead
K — ~
X¥gg — Gka(L)x LIZL/}\.maX—I
k=0

a recursive formula to calculate Chebychev polynomials
Tk(x) — 2Tk_1(x) — Tk_z(x) with To(x) = l,Tl (X) = X,

e 1stGCN

e A simplified version with order k = 1, A,,,x~2.0,6, = 6,

graph Fourier transform

X *xq 8 = UggUTx

IXIX .

Defferrard et al. 2016

zxgo=0(I+D ' ?WD™'?); <mm’ 8" (80 +01L)x

a graph convolution layer:

XD O'(WXl@l), W I+ D-2wp-1/2

12

= (8 —0,DV2WD™1/?)x

Kipf et al. 2016



Graph Convolutional networks in Brain imaging

e brain parcellation

(a) Left hemisphere (b) Ground truth
Cucurull et al. 2018

e disease prediction

Input: Population graph

L hidden layers
Graph Bearh
Convolution |_gg 10— rap Cross

+ Convolution Entropy Loss

RelLU
One feature per label — Parisot et al. 2018
e brain decoding
Brain graph

Time-series matrix Brain StateS

W\f”*\/\d\zw\/\»/\\vwvvw
‘ G ra p h . Hand_Motor
- Convolutional -
. Math_Language
layers

WW»»
"‘AWMMV . Face2bk_WM
SN MoV vy
WASAR o v b,

13 Zhang et al. 2019



Functional state annotation using
Brain Graph Convolutions

e 6 graph convolutional layers + 2 fully connected layers

Brain graph

NS W)

14



HUMAN
ConneCtome Mapping structural and functional connections in the human brain

PROJECT

Multi-modal datasets: structural, diffusion, functional MRI, MEG

e Subjects: 1200 healthy subjects with two runs
e 7 cognitive domains and 23 conditions; detailed behavioral measures
e fMRI acquisition: TR=(.72s, 2mm iso-resolution

Task Domains #Subjects | #Runs | #Volumes | #Trials | #Conditio | Min trial
per run per run ns duration
(sec)
Working memory 1085 2 405 8 8 25
Motor 1083 2 284 10 5 12
Language 1051 2 316 8 2 12
Social Cognition 1051 2 274 5 2 23
Relational processing 1043 2 232 6 2 16

Emotion 1047 2 176 6 2 18

15



Coghnitive Sates

Language Emotion

Motor

Relational

Social

Working Memory

shape

tongue -

math -
story -
footL -
footR -
handL -

handR -

match -
relational -
mental -
random -
bodyOb -
body2b -
faceOb -
face2b -
placeOb -
place2b -
toolOb -

tool2b -

Brain state annotation using

10s of fMRI time series
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Predicted Sates

o°@
&

Test Accuracy (F1-score) in
decoding 21 states: 89%

SVC-linear: 63%
Note: two gambling conditions

are not included here, due to
its fast event-design nature




Representational Similarity Analysis

of graph representations

C

-60 -

TSNE of graph representations
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Practice
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github repo:
https://github.com/zhangyu2ustc/gen_tutorial_test.git

binder projects:

https://mybinder.ora/v2/gh/zhangyu2ustc/gcn tutorial test/master?filepath=n
otebooks%2F

Part #1: Graph Laplacian
> brain graph -> Laplacian decomposition -> Graph Fourier Transform

Part #2: Graph Convolutional Networks for brain decoding
> Pytorch
> Dataset and Datal.oader
> build a simple MLP -> train and evaluate the model
> 1stGCN and ChebyNet

18


https://github.com/zhangyu2ustc/gcn_tutorial_test.git
https://mybinder.org/v2/gh/zhangyu2ustc/gcn_tutorial_test/master?filepath=notebooks%2F
https://mybinder.org/v2/gh/zhangyu2ustc/gcn_tutorial_test/master?filepath=notebooks%2F
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Brain state annotation using
10s of fMRI time series

e Summarize to 6 cognitive domains (averaging)
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