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Fig. 1 Multimodal survival predication model framework
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Ours NN 0.731£0.034  0.706£0.020  0.712+0.046
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Table 2 Ablation study results of method modules on three

datasets
c-index
Model
BLCA LUAD UCEC

w/o SimMe 0.691+0.029 0.693+0.016  0.680+0.043
w/o BDCA 0.665+0.011  0.669+£0.019  0.669+0.037
w/o OT 0.685+0.036  0.684+0.017  0.680+0.046
Ours (All components)  0.731+£0.034  0.706+0.020  0.712+0.046

BIHRL
243 Kaplan-Meier4 % ) & 47  Kaplan-Meier 5.
B — A G TG B A AR 3R 0 kD, A
ZITEATT S R T Ll R A e £ b T HE—
A W IE A SCIT A A7 T AR AR A v, R R E
B A A7 L A7 T IR S LA B XURS: 43 Bk 4T Kaplan-
Meier A4 A7 M1 25307, ATARALAS [R]IRURS: T 14 S8 35 A A7
Feff . M R EF 05T 40 maxstat, K BT A
NG5 R AR XU 26 0 i XU 2 . 7E BLCA. LUAD Al
UCEC 3 M da 4 R4S IR XU 24 43 31 oh 257, 198
N1 345 N, A2 43500k 114, 252 AF130 A

[l 4 45 3 T 3T Kaplan-Meier 7E 3 %0454
22 1 A A 2, TR R A bR AR 3R AR A ][] 5B 1
mha], AL AR AR B SR AR . AR — i
S [a] ZKOF A, XY A B) T A B0 A8 T, i
AR TR NIRRT R . iR Y AR e
K, Bk BT 0 . Fe 1B 4 BT LUE B, AE
BLCA Fl UCEC %4l 4 I+, w5 ik AU: 41 19 Kaplan-
Meier [ £k 2 [ 47 B S 18] [, 78 A — 0 31 00 2 B[]
VA, ARG RIS 20 £ 3 19 A A7 2R 35 ) dnd v T v XU 4 R
Ho TE LUAD $digE I, A fr i A =&, 1
AR FF, AR KU 410 A A7 2R A R R
M2 5.

b, IR K T Logrank #:5, LA P-value %
ARG DR 4 R 7 IR 4 =22 [ 75 LA e 24 A

1.0 oLowrisk 1.0 oLowrisk 1.0 o Low risk
o High risk Y o High risk e o High risk
= 0.8 = 0.8+ X = 0.8
2 2 2
2 z 2
Z 0.5 2 0.5 Z0.5
= = =
g g g
O 03 0.3 0.3
P-value: 6.7x107 11 P-value: 2.2x107° P-Value.: 8.7><10_.6 ) )
0 40 80 120 160 0 40 30 120 160 0 40 80 120 160
Time/month Time/month Time/month
(a) BLCA (b) LUAD (c) UCEC

4  Kaplan-Meier 47753 H7 128 1 Logrank 4646

Fig. 4 Kaplan-Meier survival analysis curves and Logrank test
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Cancer Survival Prediction by Integrating Multimodal Pathological
Images and Genomics

ZHANG Xueqin', LI Yuexin!, LIU Chang'!, ZHOU Yunlan?
(1. School of Information Science and Engineering, East China University of Science and Technology, Shanghai
200237, China; 2. Department of Clinical Laboratory, Xinhua Hospital, Shanghai Jiao Tong University School of
Medicine, Shanghai 200092, China)

Abstract: Integrating data from pathology images and genomics enhances cancer patient survival prediction
accuracy, offering solid foundation for personalized medicine and precision treatment. To enhance predictive accuracy,
we propose an intermediate fusion-based method to explore the latent relationships between histopathological images
and genomic data across global and local levels. Whole Slide Image (WSI) features are extracted using ResNet50 and
genomic features are extracted by Self-Normalizing Networks (SNN). Similarity measures are used to learn enable
global semantic similarities across modalities. A bidirectional cross-attention module identifies dense local connections.
Optimal transport methods capture global structural consistency between modalities. These features are aggregated
through a Transformer encoder and Gated Attention Pooling (GAP) to form bag-level representations. The model
estimates the hazard function to predict cancer survival risk. Experimental results on the BLCA, LUAD, and UCEC
WSI datasets demonstrate that the proposed method surpasses other comparative methods, effectively integrating
pathology images and genomic data to significantly improve survival prediction accuracy.

Key words: pathology images; genomics; multimodal data fusion; deep neural network; survival prediction
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