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Radiomics nomogram based on digital mammography for predicting axillary lymph node metastasis of in-
vasive breast cancer:a multicenter study XIE Yu-hai, MA Pei-qi, WANG Xiao-lei, et al.Department of
Radiology, Taihe People’s Hospital, Taihe Hospital affiliated to Wannan Medical College, Anhui
236600, China

[Abstract] Obiective: To investigate the clinical value of radiomics nomogram based on multi-
center digital mammography in predicting axillary lymph node metastasis of invasive breast cancer.
Methods: A total of 728 patients with pathologically proven invasive breast cancer were retrospectively
collected.413 patients with invasive breast cancer from Yiji Mountain Hospital, the First Affiliated
Hospital of Wannan Medical College,were randomly divided into a training group of 289 patients (197
cases with negative lymph node metastasis and 92 cases with positive lymph node metastasis) and a
validation group of 124 patients (85 cases with negative lymph node metastasis and 39 cases with posi-
tive lymph node metastasis) in the ratio of 7:3.A total of 315 patients with invasive breast cancer (221
cases with negative lymph node metastasis and 94 cases with positive lymph node metastasis) from
Fuyang People’s Hospital and Taihe County People’s Hospital were selected as the external test
groups.The images from medio-lateral oblique (MLO) and cranio-caudal (CC) views of two breasts

were compared and analyzed,and the digital mammogram images with larger lesion area were selected
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for image segmentation and radiomics feature extraction using the DeepMed multimodal research plat-
form.The dimension of radiomics features was reduced by Linear correlation analysis between features
and Least absolute shrinkage and selection operator (LLASSO) and a prediction model was constructed
by a support vector machine (SVM) classifier. The performance of the model was evaluated by Receiv-
er Operating Characteristic (ROC) and Decision Curve Analysis (DCA).Results: Eight radiomics fea-
tures were finally selected to construct a model for predicting axillary lymph node metastasis in inva-
sive breast cancer.The prediction performance of the model was 0.807,0.790 and 0.753 in the training
group, validation group and external test group, respectively, with sensitivities and specificities of
84.8% and 61.4%6,79.5% and 69.4%,44.7% and 92.8% , respectively. The decision curve confirmed
the clinical practicability of the model.Conclusion: Radiomics based on digital mammography has high
efficiency in predicting axillary lymph nodes metastasis in invasive breast cancer and has important

clinical application value for the formulation of individualized treatment plans and prognosis assess-

ment for patients.
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