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Survey of Breast Cancer Pathological Image Analysis Methods Based on Graph Neural Networks

CHEN Sishuo, WANG Xiaodong and LIU Xiyang

School of Computer Science and Technology, Xidian University,Xi’an 710126, China
Abstract Pathological diagnosis is the gold standard for cancer diagnosis and treatment, the use of artificial intelligence (AI)
models for analyzing pathological images has the potential to not only reduce the workload of pathologists but also improve the
accuracy of cancer diagnosis and treatment. However, these methods face challenges due to the large scale of pathological images
and the difficulty in interpreting the predicted results. In recent studies,graph neural networks have shown their strong abilities in
modeling spatial context and interpretability of entities in images.which provides a new idea for the study of digital pathology. In
this survey, we review recent related works in computer vision,analyze the advantages of graph neural networks for breast cancer
pathology,classify and compare existing graph construction methods,and analyze and compare graph neural network models pro-
posed in recent years. We also summarize the challenges that exist in using graph neural networks for analyzing pathological ima-

ges of breast cancer and prospect the future research directions.
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Fig. 1 Flowchart of graph neural network based methods
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RG0SR G BRI, SCERC35 1R I T & #4F
I T T AR AE AR A R R RAE . AR — 4R Y
Tk T S G M R A Y e 2% R 1 2 B SCHIR 35 17 B R
I R 2 o [ B 25 08 1 R A T 5% 2 R S I Y
AT A5 28 1) TN R 2 L A TR I S 1 458 2K e 5T i E SO

Liina = AX Liode T Lgrapn (1D
F s Lnoge T L geapn 53010 2R 715 A5 2501 H9) 23 28 15 2 01141 42 300 9 2
FKirE,

BR T bR R B AR SN, I 2 HORE T RT Y T Tk I
1T — B AR TUAL B S B R B P i e e . O 1 R A

[, Gao SEUTHR T — AN T B B £ W 4% (CNND Al
GCN(CNN- GNN) M HEZ . FEZHEZR T, 321 T —Fh i iy
GCN(clique GCN,cGCN) ,i% GCN ZE 28 L 1135 H i (fr &
A clique group GCN, fai #X cgGCN) , DLy 2 CNN $F1E i 18 7T
AfEE . GON TR 3 i, At mHEZR a4 3
N BBUZR ARELRETT LA AP B, cGON BEHCR AT
Xof R UBE T A AT AR 15 A5 A9 R AE 2 P A /L SR R 3% 3 [A]
BZ . FIHBA 2 30 GCN 2 (0 5 L il i o6 % 9 vk 2%
ARG AR, AN, GON JZ B9 5 Bl A 21t 4 00— 1k
JZ B ReLU #0905 o6 508G . feJa - 38 2o A4~ 43 32 /9 i b A



178

Computer Science THEHLELZ  Vol. 51,No. 6,June 2024

Fill A B R R Bl A A 99 B R0 . SR R R W] i
75 3L MRS 23 RO 53 20 05 THUHRAS T2 Nl RO RCR .

Group Graph Convolution

GConv [ ]Gconv + Tranh

[ BN + ReLU

() Element-wise Product (P Element-wise Add !

Al
Stage-1 feature Stage-11 feature

B 3 Gao SF# Y cGON Ry
Fig. 3 Flowchart of cGCN proposed by Gao et al. ['7}
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Fig. 4 SimCLR based self-supervised model proposed by Ozen et al. 37
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