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Table 1 Comparison of classification performance among
CNN models in the test sets

Model Result
ACC/% PPVI%  SE/%  SP/% DSC  AUC/%
(F1)/%

DenseNet  62.50  63.16  60.00  65.00 61.54  62.50
ResNet  67.50 6842  65.00 70.00 66.67  67.50
VGG 70.00  75.00 60.00  80.00 66.67  70.00
Dense-3D  82.50  93.33  70.00  95.00 80.00  82.50
Res-3D  85.00 100.00 70.00 100.00 8235 85.00
3D-CNN  85.00 88.89  80.00 90.00 84.21  85.00
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Fig. 5 Comparison of ROC curves among various CNN

models in the test set
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Fig. 6 Comparison of confusion matrix between VGG and
3D-CNN Models in the test set
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Table 2 Comparison of classification performance
between VGG and 3D-CNN models in test sets before
and after data expansion

Model Result
ACCI% PPVI%  SE/%  SPI%  DSC  AUC/%
FD/%
VGG* 79.17  85.71 90.00 25.00 87.80 57.50
VGG 70.00 75.00  60.00 80.00 66.67  70.00
3D-CNN*  87.50 86.96 100.00 25.00  93.02 62.5
3D-CNN  85.00 88.89  80.00 90.00 8421 85.00

VGG*: VGG model without data expansion, 3D-CNN*: 3D-CNN

model without data expansion.
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Fig.7 ROC curves of VGG and 3D-CNN models in the
test set before and after data augmentation
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Automatic Classification of Liver Cancer in B—ultrasound and Contrast—
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Abstract Objective Primary liver cancer is a common malignant tumor, seriously threatening people’s life
and health. According to the differences in pathogenesis, treatment and prognosis, primary liver cancer can be
divided into hepatocellular carcinoma (HCC), intrahepatic cholangiocarcinoma (ICC) and other rare types. Among
which HCC accounts for 85%-90%. HCC is usually treated by transcatheter chemoembolization (TACE) or
minimally invasive ablation, with good prognosis. While ICC and HCC-ICC mixed type have a high degree of
malignancy and are generally treated by surgical resection or liver transplantation, with poor prognosis. In order to
improve the diagnostic accuracy of HCC patients, primary liver cancer is usually clinically divided into HCC and
non-HCC categories, that is non-HCC includes ICC, HCC-ICC mixed type and other rare tumors. Therefore,
accurate screening of HCC from liver cancer lesions is of great clinical significance for the treatment of HCC
patients. However, due to the high heterogeneity of tumors, the shape, texture, location and blood flow of liver
lesions show complexity and diversity in B-ultrasound and contrast-enhanced ultrasound (CEUS) images.
Radiologists need to rely on the naked eyes to obtain multidimensional information at the same time, and evaluate
diseases according to different characteristics, which requires high level of expertise and clinical experience.
Diagnosis results depend on personal subjective factors, which may lead to some HCC mixed into non-HCC
categories, and the detection sensitivity of HCC is not high. In this paper, deep convolutional neural network is
used to automatically learn the characteristic information of B-ultrasound and CEUS images, and realize the
classification of liver cancer. Methods Multiple 2D (VGG, ResNet, DenseNet) and 3D (3D-CNN, Res3D,
Dense3D) classification models based on convolutional neural network (CNN) were established and validated,
and the B-ultrasound and CEUS images of 116 patients (including 100 HCC and 16 non-HCC patients) were
quantitatively analyzed, and the classification performance of each model was compared and analyzed.
Results The experimental results showed that the 3D CNN models was superior to the 2D CNN models in all
aspects of performance, which verified that the 3D CNN model could simultaneously extract 2D image features
and dynamic changes of blood flow in tumor regions, and was more suitable for classification of HCC and non-
HCC. The AUC, accuracy and sensitivity of 3D-CNN model are the highest, reaching 85%, 85% and 80%,
respectively. In addition, due to the imbalance between HCC and non-HCC samples, the classification
performance of the network can be improved by expanding the number of non-HCC samples. Conclusion The
3D-CNN model proposed in this paper can achieve rapid and accurate classification of liver cancer, and is
expected to be applied to assist clinicians in the diagnosis and treatment of liver cancer.
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