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Application of machine learning model based on the texture features on mammography in the differe?lia—
tion diagnosis of benign and malignant breast masses HUANG Li-you, GAO Xian-cong, YOU Chuan-
wen.Department of Oncology,the Affiliated Suqian Hospital of Xuzhou Medical University,the Suqian
People’s Hospital of Nanjing Drum Towr Hospital Group,Jiangsu 223800, China

[Abstract] Objective: The purpose of this study was to investigate the value of machine learning
model based on the texture features of mammography image in the differentiation diagnosis of benign
and malignant breast masses.Methods: Mammography images of 124 benign and 139 malignant breast
masses were collected and analyzed retrospectively. All the masses were divided into two groups for
training set and verification set according to the proportion of 7 : 3.The region of interest (ROI) was
drawn,and 133 texture features of six types were extracted using MaZda software. After the extracted
texture features were reduced in dimensionality, four models including linear discriminant analysis
(LDA),logistic regression (LR),random forest (RF) and support vector machine (SVM) were ob-
tained based on training set datajand verified in the verification set. The accuracy,Kappa coefficient,
and AUC were used to evaluate the performance of the four models in the training and verification
sets,and the AUC differences of the four models were analyzed by the delong test.Results: The accura-
cy,Kappa coefficient,and AUC of the RF model in the training and verification sets were higher than
those of the other three models.In the verification set, the accuracy of the RF model was 94.9% , the
Kappa coefficient was 0.896 ,and the AUC was 0.946, which was statistically different with the AUC
value of LDA model and LR model (P <C0.05).The accuracy and Kappa coefficient of SVM model were
second only to RF model. The AUC of SVM model was higher than that of LDA and logistic regression
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model, but the difference was not statistically significant (P>>0.05).Conclusion: The machine learning

model based on the texture features of mammography image has certain advantages in differentiating

benign and malignant breast masses. RF model showed better classification performance, and SVM

model was second only to RF model.
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