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Abstract

Objective: To develop and validate a predictive model incorporating clinical features and machine
learning algorithms for assessing nipple-areolar complex (NAC) involvement in patients undergo-
ing nipple-sparing mastectomy (NSM). Methodology: This retrospective study analyzed 238 pa-
tients with breast cancer who underwent NSM with immediate breast reconstruction at the Affili-
ated Hospital of Qingdao University. Based on postoperative pathology, patients were categorized
into an NAC-involved group (n = 36) and an NAC-not-involved group (n = 202). Clinical, imaging, and
pathological features were evaluated. Univariate and multivariate analyses were performed, and
four machine learning models—Logistic Regression, Random Forest, Support Vector Machine (SVM),
and XGBoost—were developed and compared. Results: Nipple retraction, bloody nipple discharge,
tumor-to-nipple distance (TND) < two cm, lymphovascular invasion, and clinical lymph node status
were identified as independent predictors of NAC involvement (P < 0.05). The XGBoost model
demonstrated the highest predictive performance, with an area under the curve (AUC) of 0.977, fol-
lowed by Random Forest (AUC = 0.970), Logistic Regression (AUC = 0.968), and SVM (AUC = 0.958).
The integrated model based on significant predictors showed an AUC of 0.775 in logistic regression-
based nomogram validation. Multivariate analysis confirmed nipple retraction and bloody nipple
discharge as strong independent risk factors (OR = 12.83 and OR = 18.64, P < 0.05). Conclusion: The
combination of key clinical predictors and machine learning modeling provides a valuable tool for
preoperative prediction of NAC involvement in NSM candidates. This approach aids in the early
identification of high-risk patients, potentially optimizing surgical planning and oncologic safety.
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Figure 1. Flowchart of the research screening process
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Table 1. Patient clinicopathological characteristics and univariate analysis of associations with NAC involvement
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Table 2. Multivariable Logistic regression analysis using Firth’s penalized likelihood for predictors of NAC involvement
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Figure 2. Development, performance, and feature importance of machine learning models for predicting NAC involvement
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Figure 3. Construction and internal validation of a nomogram for predicting NAC involvement
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