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A nomogram model for predicting the histological grade of invasive breast cancer based on deep transfer learning and
radiomics: a multicenter retrospective study XU Jing-ya, WANG Guo-rong, WU Shu-jian, et al.Department of Radiology, the
First Affiliated Hospital of Wannan Medical College (Yijishan Hospital of Wannan Medical College) , Anhui 241000, China
[Abstract] Objective: To investigate the clinical value of a nomogram integrated by deep transfer learning (DTL) fea-
tures extracted from second-phase DCE-MRI (DCE2) ,radiomics features,and clinicoradiological features for predicting the
histological grade of invasive breast cancer.Methods: Clinical and imaging data of breast cancer patients with diagnoses con-
firmed by surgical pathology were retrospectively collected from Yijishan Hospital of Wannan Medical College (Center A,
n=2356) and Linfen Central Hospital (Center B,n=176) between January 2019 and December 2023. Among the 532 pa-
tients, 368 were classified as low histological grade (grades | ~ [l ), whereas 164 were classified as high histological grade
(grade [l ).DCE2 images were analyzed,and the tumors were manually segmented to generate regions of interest (ROIs).
Subsequently, radiomics features were extracted using PyRadiomics,and DTL features were extracted by applying transfer
learning based on a pre-trained ResNet-50 model.Feature dimensionality reduction was performed using Pearson correlation
analysis and least absolute shrinkage and selection operator (ILASSO) regression to select the most predictive features.U-
sing logistic regression analysis, a clinical model (based on clinical parameters and conventional imaging features),a ra-
diomics score (Rad-score),a deep transfer learning score (DTL-score),and a nomogram model integrating independent cli-
nical risk factors,Rad-score,and DTL-score were constructed. The predictive performance of each model was assessed by re-
ceiver operating characteristic (ROC) curve analysis,and differences in area under the curve (AUC) values among the mo-
dels were compared using the DelLong test. The goodness of fit of each model was assessed through the calibration curve,
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and clinical applicability was evaluated using decision curve analysis (DCA) and clinical impact curve (CIC).Results: Multi-

variate logistic regression analysis demonstrated that tumor diameter (OR=1.046,95%CI:1.014~1.080; P =0.005) , spi-
culation (OR=0.415,95% CI:0.219~0.755; P =0.005) and MRI-axillary lymph node metastasis ( MRI-ALNs, OR =
2.449,95%C1:1.169~5.189; P=0.018) were independent clinical risk factors for high histological grade.Following feature

selection, 17 optimal radiomics features and 20 optimal DTL features were retained. The Rad-score and DTL-score were sub-

sequently constructed based on these non-zero coefficient features, respectively. The nomogram model demonstrated good

predictive performance for the histological grading of invasive breast cancer, with AUCs of 0.907,0.919,and 0.898 in the

training, validation,and external test sets,respectively. Moreover,its diagnostic performance was superior to that of the cli-

nical model, Rad-score,and DTL-score.The calibration curve showed that the predicted values of the nomogram model were

consistent with the actual observed values.DCA and CIC indicated that the nomogram model provided good clinical benefits.

Conclusion: The nomogram model incorporating the Rad-score, DTL-score, and independent clinical risk factors can accu-

rately predict the histological grade of invasive breast cancer,thereby demonstrating promising clinical utility.

[Key words] Breast neoplasms; Radiomics; Deep transfer learning; Nomogram; Dynamic contrast enhanced; Mag-

netic resonance imaging; Histological grade
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