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Liver Cancer Diagnosis Method Based on Multi-modal Ultrasound Contrast Learning

YANG Yinkai', WAN Peng', SHI Hang', XUE Haiyan’, SHAO Wei'
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University of Aeronautics and Astronautics, Nanjing 211106, China; 2. Department of Ultrasound, Affiliated Drum Tower Hospital ,
Medical School of Nanjing University, Nanjing 210008, China)

Abstract: In recent years, liver cancer has become a disease that seriously threatens human health, and
multi-modal ultrasound imaging is one of the important diagnostic tools for it. Similar to how clinicians use
multi-modal ultrasound to diagnose liver cancer, using multi-modal fusion methods to integrate the image
features of each ultrasound modality is expected to improve the accuracy of liver cancer diagnosis.
However, the existing multi-modal fusion methods often isolate the feature information of each modality
during the fusion process, failing to fully consider the intra-modal sample similarity and inter-modal
semantic consistency, while ignoring modality uncertainty. Therefore, this paper proposes a liver cancer
diagnosis method based on multi-modal ultrasound contrast learning, aiming to make full use of the feature
information of each ultrasound modality to improve the diagnostic accuracy. Specifically, this method
employs supervised contrastive learning to deeply explore modality features, capturing both the similarity
information among samples within the modality and the semantic consistency information across different

modalities. In addition, this method introduces a measure of modality uncertainty based on Subjective
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Logic, enabling dynamic fusion of modality information and exhibiting good robustness. Evaluation of
multimodal ultrasound imaging shows that the proposed method achieves an 85.21% diagnostic accuracy,
demonstrating performance improvement compared to other mainstream multimodal fusion methods.

Key words: multi-modal fusion; ultrasound; contrast learning; uncertainty; liver cancer diagnosis
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Table 1 Classification accuracy of modalities and fusion of any modalities %

B ACC AUC Macro-F, Weighted-F,

BUS 75.42+3.20 82.48+4.96 74.07+3.45 75.38+3.12
CEUS 79.58-+4.55 86.10+2.77 78.33+4.47 79.51+4.48
PARA 73.96£7.47 75.25+5.59 72.83+7.55 74.03+£7.58
BUS+CEUS 81.6743.93 89.48+4.12 80.68+4.35 81.7143.96
BUS+PARA 79.38+4.70 85.20+5.47 78.56+4.69 79.47+4.83
CEUS+PARA 81.254+4.56 85.68+4.15 80.15+4.97 81.2544.48

BUS+PARA+CEUS 82.924+2.92 89.544+4.73 81.7443.65 82.83+3.04
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Table 2 Comparison of model parameters and time cost in various multimodal fusion methods

7k e YNSRIt 1]/ HfE SR [8] /s
MvNNcor 2387718 14.276 8 0.0110
T™MC 700 10.854 2 0.009 4
TMDLO 700 18.905 1 0.017 1
ETMC 1396 12.794 1 0.010 4
MMDynamics 93 899 7.196 4 0.006 3
Ours 441478 15.496 1 0.007 1
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B . Fig.3 Changes in accuracy and uncertainty
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Table 3 Comparative experimental results of various multi-modal fusion methods on multi-modal ultrasound

during training

%
Jrik ACC AUC Macro-F), Weighted-F,
MvNNcor 81.02+2.75 88.81+4.34 81.3143.50 82.50+2.82
T™C 81.04+7.12 86.49+6.90 79.504+7.59 80.75+7.17
TMDLO 81.25+6.11 85.194+6.27 79.794+6.14 80.98+6.18
ETMC 81.67£5.73 86.43+6.26 80.07+£6.40 81.39£5.76
MMDynamics 82.08+5.76 88.09+5.06 80.8146.23 81.95+5.82
Ours 85.214+2.37 90.85+4.24 84.12+2.94 85.12+2.35
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Fig.4 Feature differences between HCC and ICC in BUS modality
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Fig.5 Feature differences between HCC and ICC in CEUS modality
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Fig.6 Feature differences between HCC and ICC in PARA modality
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3.3 HBLIE
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Table 4 Results of ablation experiments

il & SR W RS A S 091 S S 45 2 R[] 5 081 J 48 2k HER %/ %
— — — 79.7944.07
A — — 80.2145.91
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NG — NG 84.79+2.47
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TN TR R B = R R R B A R T B L
4 HRiIF

AR SC AR H B S T 20 MR P O L A ) B RS WO I R B R B s o A0 AR TR A i A% R A
RS IRR AR, 4l 20 7 A5 25 P [R) SR AR 22 [ ) A DL A5 8 R P B A TR R AR B9 iy S — B R B, DAER
JIHJEE 2 W 0 B 38 o e Ah %7 1 AR T LR R O B — SR RS ST N E B A R T LU 4
7 i PR A ) B A BE e A 2L ML S B AR Y S AR Rl . 7R 2 RS A B R T
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