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Predicting microvascular invasion in hepatocellular carcinoma with multi-sequence MRI and a

Swin Transformer-based deep learning model

HUANG Qian', ZHUANG Yinping', XU Peng?, GONG Ping'
1. School of Medical Imaging, Xuzhou Medical University, Xuzhou 221004, China; 2. Department of Radiology, the Aftiliated Hospital
of Xuzhou Medical University, Xuzhou 221000, China

Abstract: Objective To develop and validate a Swin Transformer (ST)-based deep learning (DL) model using multi-sequence
magnetic resonance imaging (MRI) for predicting microvascular invasion (MVI) in hepatocellular carcinoma (HCC), thereby
providing a novel solution and objective scientific evidence to facilitate the precision diagnosis and treatment for HCC
patients. Methods A retrospective analysis was performed on 174 patients with surgically and pathologically confirmed HCC
who were admitted to the Affiliated Hospital of Xuzhou Medical University. Preoperative multi-sequence MRI images,
including arterial phase, delayed phase (DP), fat-suppressed T,-weighted imaging, and diffusion-weighted imaging, were
collected for each patient. After image preprocessing and enhancement, an ST-based DL model was established and then
compared with models based on convolutional neural network architectures, including DenseNetl21, DenseNetl169,
ResNet34, ResNet50, VGG16, and GoogleNet, as well as a Transformer-based Vision Transformer model and a radiomics
model. Model accuracy, area under the receiver operating characteristic curve (AUC), sensitivity, and specificity were
calculated, and the model performance was evaluated using confusion matrices and decision curve analysis. To enhance
model interpretability, gradient-weighted class activation mapping (Grad-CAM) was employed to visualize the regions of

interest focused on by the models. Results The ST model demonstrated the optimal overall performance among the 4
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sequences in MVI prediction, with particularly outstanding results on the DP sequence. Specifically, it achieved an accuracy
of 0.944, an AUC of 0.993 (95% CI: 0.985-0.998), a sensitivity of 0.984, and a specificity of 0.904, significantly

outperforming other DL models and the radiomics model. Decision curve analysis further confirmed its superior potential for

clinical application. Grad-CAM visualization indicated that the ST model effectively concentrated on tumor-associated

regions. Conclusion The ST model exhibits excellent predictive performance across multiple MRI sequences and can served

as a powerful auxiliary tool to support clinical diagnosis, treatment decision-making, and prognostic evaluation.

Keywords: hepatocellular carcinoma; microvascular invasion; multi-sequence magnetic resonance imaging; Swin

Transformer; radiomics
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Figure 1 Flowchart of patient inclusion
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Figure 3 Structure of MVI prediction based on ST model
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Regression, LR ) 7325 A AL AU I 255 Tl . /7 BT (Decision Curve Analysis, DCA ) 5 i 5 £5 7l (1)
1.5 #EGEMFERR I R AL RE . AT IS 153412k H Python (Jii4s
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Table 1 MVI prediction results of different DL models on the test set on 4 sequences

izl FiA HERG AUC(95%CI) BT RFE
VGG16 0.649  0.571(0.495~0.644) 0742  0.532

GoogleNet 0.845  0.920(0.884~0.952)  0.883  0.805

ResNet34 0.801  0.850(0.802~0.893)  0.742  0.855

o ResNet50 0.817  0.865(0.814-0.908)  0.725  0.901

DenseNet121 0.896 0.953(0.926~0.974) 0.898 0.895
DenseNet169 0.916 0.971(0.951~0.987) 0.883 0.956

ViT 0.789 0.861(0.812~0.903) 0.832 0.746
ST 0.912 0.980(0.966~0.991) 0.968 0.856
VGG16 0.705 0.557(0.488~0.626) 0.597 0.811

GoogleNet 0.884 0.944(0.917~0.967) 0.839 0.925

ResNet34 0.797  0.851(0.804~0.895)  0.708  0.878
ResNet50 0.841  0.894(0.852~0.932)  0.800  0.878
o DenseNet12] 0940  0.987(0.976~0.996)  0.920  0.965
DenseNet169  0.940  0.984(0.968-0.996)  0.934  0.947
ViT 0.837  0.886(0.842~0.926)  0.864  0.810
ST 0.944  0.993(0.985~0.998)  0.984  0.904
VGG16 0653 0.610(0.537~0.680) 0567  0.752
GoogleNet 0.861  0.908(0.873~0.941)  0.935  0.789
ResNet34 0.865  0.940(0.913~0.968)  0.908  0.824
ResNet50 0.805  0.888(0.846~0.924)  0.758  0.847

T,WI-FS$
DenseNet12l 0924 0.987(0.977~0.994)  0.920  0.930
DenseNet169 0936  0.981(0.966~0.992) 0912  0.965
ViT 0.857  0.906(0.866~0.939)  0.888  0.825
ST 0944  0.985(0.966-0.998) 0992  0.896
VGG16 0797  0.544(0.473~0.615)  0.544  0.610
GoogleNet 0.885  0.949(0.923~0.971)  0.938  0.826
ResNet34 0.888  0.934(0.901~0.961)  0.908  0.870
ResNet50 0.841  0913(0.878~0.944)  0.833  0.847

DWI

DenseNet121 0.904 0.969(0.950~0.984) 0.883 0.930
DenseNet169 0.912 0.974(0.956~0.989) 0.883 0.947
ViT 0.849 0.902(0.864~0.936) 0.888 0.825
ST 0.908 0.977(0.959~0.992) 0.976 0.840
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Figure 4 ROC curves of ST model and other DL models on different sequences
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Figure 6 Confusion matrices of the ST model on different sequences
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