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Differential Diagnosis of Benign and Malignant Breast Nodules

Based on ABUS and Machine Learning Model

OU Di, YAO Jing-cao, LI Wei, LI Meng, XU Dong

(The Cancer Hospital of the University of Chinese Academy of Sciences(Zhejiang Cancer Hospital),
Institute of Basic Medicine and Cancer(IBMC), Chinese Academy of Sciences, Hangzhou 310022,
China)

Abstract: [Objective ] To explore the application of a full-volume breast imaging(ABUS) machine
learning model for the differential diagnosis of benign and malignant breast nodules. [ Methods ]
One hundred and sixty-four patients with breast nodules who underwent surgical treatment were
divided into benign group(n=60) and malignant group(n=104) according to the surgical and patho-
logical results. After breast ABUS examination, the image omics characteristics were extracted.
Four machine learning methods (LR, RF, SVM and DL) were used for diagnosis of breast nodules,
the positive predictive value, negative predictive value, positive likelihood ratio and negative
likelihood ratio were evaluated. [Results]]The areas under the ROC curve(AUC) of LR, RF, SVM
and DL was 0.592, 0.627, 0.715 and 0.737 respectively. The LD model with the largest area un-
der the ROC curve was selected for further diagnostic efficiency analysis. Through calculation,
when the threshold=0.6, the Yoden index of LD recognition was the largest(0.44), and the corre-
sponding positive predictive value was 69.81% , the negative predictive value was 77.48% , the
positive likelihood ratio was 3.80 and the negative likelihood ratio was 0.48.[ Conclusion] Deep
learning has certain clinical diagnostic significance in differentiating the benign and malignant of
breast nodules in the currently used machine learning methods. In the future, if the number of
samples in the training set is increased, the deep learning method may achieve better differentiat-
ing effect.

Subject words: ABUS; machine learning model; breast nodules
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Table 1 General patients data of the two groups
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Effective number

Group N of Tayers’ Age(years old)  Size(em) JF O HR X B (ROT) ) ), 454> 45 747 2) I 2 3~7
Benign 104 243 55.13:4.73  236:1.33  RE A HH MAT # 28 ROI 34 (Figure 1),
Malignant 60 152 56.28+6.36  2.54x121 142 HBFIJHER

Notes: *The effective number of layers refers to the number of ultrasound images
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showing breast nodules on the ABUS cross-sectional image. The minimum diame-

ter of the nodules on the secondary image is> 5 mm
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Figure 1 Use ibex software to manually outline the ROI and output the result
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Table 2 The sensitivity and specificity of different fixed thresholds( % )

Threshold LR RF SVM ResNet50
reshe Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity
0.1 100.00 0 100.00 0 100.00 0 93.55 4.90
0.2 90.32 3.92 96.77 4.90 95.16 1.96 88.71 22.55
0.3 77.42 19.61 79.03 21.57 88.71 20.59 82.26 38.24
0.4 61.29 38.24 66.13 48.04 77.42 41.18 79.03 50.98
0.5 51.61 70.59 48.39 74.51 66.13 70.59 70.97 65.69
0.6 30.65 96.08 29.03 90.20 45.16 89.22 59.68 84.31
0.7 12.90 99.02 19.35 100.00 22.58 97.06 43.55 93.14
0.8 1.61 100.00 3.23 100.00 3.23 100.00 29.03 97.06
0.9 0 100.00 0 100.00 0 100.00 11.29 99.02
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Figure 2 ROC curve of benign and malignant breast nodules detected by 4 methods
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Table 3 Predictive results of positive predictive value and negative predictive value

identified by ResNet50
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