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Tensor-based Multimodal Fusion Technique to Diagnose Microvascular Invasion

WANG Shaodong' , LT Liujun®, LT Rui' ,SU Zhongzhen® and LU Yao'
1 School of Computer Science and Engineering,Sun Yat-sen University, Guangzhou 510006, China

2 Department of Ultrasound, the Fifth Affiliated Hospital of Sun Yat-Sen University,Zhuhai, Guangdong 519000, China

Abstract Microvascular invasion(MV]) is a critical prognostic factor for postoperative recurrence and reduced survival in hepa-
tocellular carcinoma( HCC) ,making its precise preoperative localization essential for treatment planning. To address limitations of
existing radiomics approaches—including poor feature generalizability, weak interpretability, and neglect of spatial peritumoral
MVT distribution crucial for surgical strategies—this study proposes:1) multimodal fusion-based 3D localization of MVTI via spa-
tial alignment of whole-slide pathology images(WSIs) with 3D ultrasound(3D US) ;2) a feature tensor fusion deep learning model
integrating multiscale features,tensor fusion,and orthogonal loss functions to extract semantic features of peritumoral MVT dis-
tribution. Model performance is evaluated on the curated dataset using metrics such as the area under the receiver operating cha-
racteristic curve(AUC) , Accuracy and F1 score,demonstrating its effectiveness. Experimental validation demonstrates exceptional
performance(AUC:0. 910, Accuracy:0. 930, F1-score:0. 852) , confirming the proposed model’s clinical potential for precise pre-
operative MVI diagnosis.

Keywords Microvascular invasion, Multimodal, Tensor fusion, Multi-scale fusion, Hepatocellular carcinoma
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Fig.1 Process of data acquisition
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Table 3 Results of comparative experiment

#A Acc

AUC F1-score
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3DResNet-18 0.891(0.837~0.946)
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0.769(0.634~0.877)
0.852(0.745~0.939)
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Table 4 Results of ablation experiment
ETHEEHN HAE R BAEE R AL HE Ace AUC Floscore
SREHE®ES HKERSE % & # 58 AL ) T
X X X N 0.891(0.837~0.946) 0.864(0.766~0.952) 0.750(00.612~0.870)
NJ X X N 0.884(0.829~0.938) 0.876(0786~0.961) 0.741(0. 600~0. 840)
J J X J 0.915(0.868~0.961)  0.884(0.820~0.946)  0.807(0. 687~0. 909)
NA NA X X 0.907(0.853~0.953) 0.849(0.749~0.932) 0.769(0.634~0.877)
N / N N, 0.930(0.884~0.969)  0.910(0.860~0.953)  0.852(0.745~0.939)
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