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@ node — anatomical brain regions

e edges — morphological, functional, or structural connectivities
LS O2jE2 RPYSH=E dEAQ 37| 2
(=12 &ste S 223 27E)
o morphological brain graph: T1-weighted MRI
o structural brain graph: diffusion- weighted MRI

o functional brain graph: resting-state functional MRI
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Figure 1: hyperbolic space
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graph neural networks2} relational graph
e 7|&: artificial neural network (ANN)= &=88F ez

o — H2F: relational graph, 2t =E7F MZ QMRS 1 &S
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o 2. Al HZI QAFE H|EH non-Euclidean data types37} input®! &

non-Euclideand E48 Q2| &

o — Eeh graph neural networks (GNNs), 3t& & graph topological £4& FAI%

= 2 reviewO|A{ GNNS 0}20}2!

3oj7ACH A|AH| Y3t AO{= Euclidean, graph= non-Euclidean

Siwon Yun (BCSC 2025) Graph Neural Networks in Network Neuroscience August 17, 2025 6/14



what do graph neural networks offer to network neuroscience?

non-Euclidean dataOf| Cigt geometric deep learning =0F2| 5t &20f
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Figure 2: GNN example
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brain connectome G = (N, E,A,F),A € M, »(R),F € M, ¢(R)
propagation rule of the GCN model:

Laplacian matrix

—_——
1

Z-=f,(F,A|©) = ¢(D 2AD 2 “FO) (1)
POVEIR)
N: set of nodes (i.e, ROIls or subjects)
o E: set of edges
o A: ZH =E7t A E LIEHHE connectivity matrix, = Q13 32 (adjacency matrix)®

H o
o F: C9O| EME LIEIY= . | 0| CHDE AHHARZ 2 EZ2 SO{A identity matrixZ
27|38kt

@ ¢: activation function. e.g., ReLU

e Z: propagation®l layer®| Z1}

o f.y: graph convolution function, Equation 12| Z|2#0| &2 9|
e O: graph convolutional weightsS LIEIU= filter®

o A:A+1

o D: diagonal matrix, Dj; = 2 I?\,-J-

“Laplacian matrix D — A2| normalization B, ZtZt2 Degree®} adjacent matrix
SLE0| EA? o)A volume S
6 445 T
MERH y = x 62 22 Wet
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At the population level

A- Graph-based models B- Population-based models

Figure 3: GNN-based methods
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Figure 4: Categorization landscape of GNN-based methods for network neuroscience.
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what do graph neural networks offer to network neuroscience? [IEIN-ETINIE IS

Cross-domain graph prediction

2|20| DY B4 1 (A, Fs) > (A, Fi) S 2= 2
e.g., Functional — Structural
architecture:

o Discriminator: AA| vs AMEl J2jZ L&

- Source
Domain
@ This is “12” This is “8”

/ Correct Prediction 3 wrong prediction

Figure 5: domain shift

o Generator: source graph — target graph
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what do graph neural n offer to network s brain graph prediction

A-1 Single graph prediction

Source graph Target graph

¢L P

‘A-2 Multigraph prediction

Target graph 1

Source graph @
; : Target graphn

Figure 6: single-graph prediction vs multi-graph prediction

single-graph prediction model2} multi-graph prediction modelZ2 L& 7t
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what do graph neural networks offer to network neuroscience?

brain graph prediction

Cross-resolution graph prediction

B- Super-resolution graph prediction

Low-resolution graph Super-resolution graph

¢ LB

Figure 7: super-resolution graph prediction
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what do graph neural n

(RIS brain graph prediction

Cross-time graph prediction

C- Brain graph evolution prediction

Brain graph at t3 Brain graph at t4

Brain graph ft

at baseline

Brain graph evolution trajectory to predict

Figure 8: brain graph evolution prediction
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what do graph neural networks offer to network neuroscience? [IEIN-ETINIE IS

TABLE 1

Brain graph prediction publications. In the first column, we list the name of existing works along with their citations for easy reference. In
the second and third columns, we list the GNN model used and we briefly summarize all losses used to regularize the existing models. In
the three last columns, symbols vand Xdenote whether the corresponding model is learned in an end-to-end fashion (E2E), learned from

a brain graph (GM), or a population graph (PM), respectively.

Method GNN Loss E2E | GM | PM
L= Lgen1(G1, D1) + Lgen2(G2, D2)+
CGTS [61] GCN= 1[Ltopo(G1, D1) + Liopo(Ga2, D2)]+ v v x
agLeyc(Gr, Go)
MGCN-GAN [44] GCN L=Lgan +aLlyvse +BLpcc v X
DMBN [62] MGCKP L = oL giobal + BLiocal + Lsup v | x
z:hm = Ellog(D(Z*~1))] + Ellog(1 - D(G1)]
HADA [64 GCN L= X x| v
(4] c = Ellog(D(Zsrc))] + Ellog(1 ~ D(G)]
Lsym = E[log(D1(Zpa))] +E[log(1 — D1(G)]
SymDADA [65] GCN Lauat1 = Ellog(D1(Zsrc))] + Ellog(1 — D1(G)] X X | v
Lauatz = E[log(D(F))] + Ellog(1 — Dy(¥)]
Latign = Ellog(D1(Fs))] + E[log(1 — D1(Z+)]
LG-DADA [63] GCN Lauat, = Ellog(D1(Zs))] + Ellog(1 — D1(F.)] X X | v
Lypred, = Ellog(D2(F+))] + E[log(1 — Da(F¢)]
o ol
MultiGraphGAN [66] | GCN £ =351 (Byp + a1Lyge + a2Lip) x| x| v
CG = I(Ege'n,S + 1Ly + a2liec + a3£1nfo)

GSR-Net [70] GCN L = Lhr T Loig + Lrec v x
RESNet [71] GCN Lemb = Ellog(D1(A+,))] + Ellog(1 — D1(z1,)] X | X
gGAN [72] ECCe L= Lagy +aLi(N) X | 7 [ X

EvoGraphNet [73] ECC L= (a1Laa(Gi, Di) + 223705 L1(Gyy8) + 22 3502 Lrer(tiys) | / v/ X

2Graph convolutional networks; bMulti-stage graph convolution kernel; “Edge-conditioned convolution
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