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Deep learning-based classification for benign and malignant breast masses using multimodal

ultrasound images
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Abstract: A breast mass classification model based on dual neural networks and multimodal ultrasound images is proposed to
address the issue of deficiency of information in monomodal ultrasound image. The 807 gray-scale images and 807
clastograms of 96 breast cancer patients (51 malignant and 45 benign) from Renji Hospital, School of Medicine, Shanghai
Jiaotong University in 2021 were collected for experiment. The traditional ResNeXt101 model is improved by removing the
final average pooling layer and fully connected layer, and adding an attention mechanism module to enhance the attention to
important image information. Then, gray-scale images and elastograms of the same lesion of the patient are input into two
improved ResNeXt101 networks separately; and the features output from the two networks are concatenated and fused to
construct a fully connected classification layer for the discrimination of benign and malignant breast masses. The
experimental results show that the accuracy rate and AUC of dual neural network for multimodal ultrasound images are
84.27% and 0.932, higher than those of single neural network for monomodal ultrasound image.
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Figure 1 Schematic diagram of image preprocessing
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Figure 2 ResNeXt101 feature extraction blocks
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Figure 3 Convolutional block attention module
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Figure 4 Breast mass classification model based on dual neural network and multimodal ultrasound images
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Table 1 Performance comparison among single neural network models

TR K iR RIS RS PPV NPV AUC
ResNeXt101 YN 78.61 0.761 0.807 0.761 0.807 0.861
S 81.76 0.803 0.830 0.792 0.839 0.872
InceptionV4 KB 71.06 0.746 0.682 0.654 0.769 0.719
S 72.95 0.634 0.773 0.692 0.723 0.789
InceptionResNetV2 KB 73.58 0.789 0.693 0.675 0.803 0.793
i 77.98 0.662 0.875 0.810 0.762 0.845
VGG19 R 72.95 0.704 0.750 0.694 0.759 0.801
G i 78.61 0.732 0.830 0.776  0.793 0.815
VGG16 KB 72.32 0.549 0.864 0.765 0.704 0.821
S 77.35 0.690 0.841 0.778 0.771 0.845
DenseNet161 TRy 74.84 0.606 0.864 0.782  0.731 0.848
S 81.13 0.634 0.955 0.918 0.764 0.842
DenseNet169 KBy 72.95 0.535 0.886 0.792  0.703  0.832
S 83.01 0.775 0.875 0.833  0.828 0.847
DenseNet201 TRy 75.47 0.634 0.852 0.776  0.743  0.833
B 81.13 0.831 0.795 0.766 0.854 0.834
ResNet18 TR By 78.61 0.592 0.943 0.894 0.741  0.809
i 76.10 0.662 0.841 0.770  0.755 0.833
ResNet50 TR By 72.32 0.592 0.830 0.737 0.716 0.839
S 76.72 0.817 0.727 0.707 0.831 0.844
ResNet101 KBy 77.35 0.620 0.898 0.830  0.745  0.809
S 79.24 0.789 0.795 0.757 0.824 0.832
F2 WERHLE M LEAR B RERT EE
Table 2 Performance comparison among dual neural network models
HTY Hedi MR R BiSE PPV NPV AUC
DenseNet161 TR B+ 78.61 0.662 0.886  0.825 0.765 0.878
DenseNet169 KB+t 78.61 0.662 0.886  0.825 0.765 0.859
DenseNet201 IRB+PE 81.76 0.648 0.955 0.920 0.771 0911
VGG19 TRB+5iE 79.24 0.746 0.830 0779 0.802 0.839
ResNet18 TR B+t 78.61 0.746 0.818  0.768 0.800 0.823
ResNet50 TR+ 78.61 0.704 0.852  0.794 0.781 0.849
ResNet101 TR+t 77.98 0.732 0.818  0.765 0.791 0.843
ResNeXt101 TR B+ 84.27 0.789 0.886  0.848 0.839 0.932

PEFACE A 1A T HLE Y SE BEHURT ECA Bk
AH B SCHR [24-25 109 J7 46 AR SCHE B R RL s 1
CBAM , fii 5 455 70 5 & 4 2% ) g kb XIS R A0E
WARAS T B M UERA R o &) Sc s T AR SRR RN
¥ SCHik H A () ROC 28 %) H 45 5., DR Hp T
PAUE BSOS A M BB 1A T SR A 78 1) 1 i

[EP NS

T B — AL I 7 AT (50T RS 136 1 L AR i ke

E=H= N

(149 [R) T, 4 H 35 RIS i 2 ) 285 1) 2 B 3L
U b e L S A ST 8 7 B I AR R 7
P EMEAE LR A {1 F ResNeXt101 44 2 XU #f
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Figure 5 ROC curves of the models
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Table 3 Performance improvement strategies for dual neural network

SR iR R etk PPV NPV AUC
AR 79.24 0.817 0.773 0.744 0840  0.833
Bl 1 83.64 0.817 0.852 0.817  0.852  0.846
RN CBAM B T8 F7 4L ) 84.27 0.789 0.886 0.848  0.839  0.932
WS IN SEAEH I T I AL 80.50 0.746 0.852 0.803  0.806  0.886
TR I ECA BEHE 2 L] 79.24 0.704 0.864 0.806  0.784  0.851
WIS (R AL 80.50 0.817 0.795 0.763  0.843  0.842
Fd4 AER S QN FFCRREIFTEE
Table 4 Comparison the proposed model with other literatures

Tk biRTES RIYE RS PPV NPV  AUC

AR SRR 84.27 0.789 0.886 0.848  0.839  0.932

k(2] 79.87 0.732 0.852 0.800  0.798  0.831

k[ 24] 78.61 0.662 0.886 0.825  0.765  0.876

ik[25] 81.76 0.732 0.886 0.839  0.804  0.854

2[4, AN I CBAM TE & WL B . 5 i %) 96
B9 N, 807 5 R 75 I By 115 Fl 807 5k A 75 gL [
TR VEAT IR, K B0 12 KU A 25 D) 285 A 700 e 2 AR v ke

TR 4 VTR 2% 84.27% , AUC{H 4 0.932, AL 1
FISCRR[2, 24-25 ] P 3 B AR AT X6 LY, & PRAR SC
T T b SRk ) i o (HAS SO e A7 A — ok
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