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Purpose: To construct a free and accurate breast cancer mortality prediction tool by incorporating lifestyle factors, aiming to assist 
healthcare professionals in making informed decisions.
Patients and Methods: In this retrospective study, we utilized a ten-year follow-up dataset of female breast cancer patients from 
a major Chinese hospital and included 1,390 female breast cancer patients with a 7% (96) mortality rate. We employed six machine 
learning algorithms (ridge regression, k-nearest neighbors, neural network, random forest, support vector machine, and extreme 
gradient boosting) to construct a mortality prediction model for breast cancer.
Results: This model incorporated significant lifestyle factors, such as postsurgery sexual activity, use of totally implantable venous access 
ports, and prosthetic breast wear, which were identified as independent protective factors. Meanwhile, ten-fold cross-validation demonstrated 
the superiority of the random forest model (average AUC = 0.918; 1-year AUC = 0.914, 2-year AUC = 0.867, 3-year AUC = 0.883). External 
validation further supported the model’s robustness (average AUC = 0.782; 1-year AUC = 0.809, 2-year AUC = 0.785, 3-year AUC = 0.893). 
Additionally, a free and user-friendly web tool was developed using the Shiny framework to facilitate easy access to the model.
Conclusion: Our breast cancer mortality prediction model is free and accurate, providing healthcare professionals with valuable 
information to support their clinical decisions and potentially promoting healthier lifestyles for breast cancer patients.
Keywords: breast cancer, machine learning, predict model, mortality, lifestyle, SHAP

Introduction
Breast cancer (BC) has emerged as the predominant global malignancy, surpassing even lung cancer, and stands as the 
foremost cause of cancer-related mortality among women, representing a significant global public health challenge.1 

China accounted for 24% of newly diagnosed cases and 30% of cancer-related deaths worldwide in 2020,2 imposing 
a heavy burden on the finance and healthcare systems.3 Cancer prognosis prediction is critical for determining appro-
priate treatment strategies. A variety of clinicopathological features, such as tumor size, lymph node status and 
histological grading, as well as molecular markers, are commonly used to describe the specific characteristics and 
prognosis of BC.4 However, traditional clinicopathological factors do not accurately identify low-risk individuals. To 
achieve more accurate prognostic predictions, a range of prognostic models add genomic information to clinicopatho-
logical factors and molecular markers. Unfortunately, the application of polygenic testing is still limited due to its high 
cost, lack of technology and poor reproducibility.5 Several studies have shown that in addition to clinical and genomic 
information, lifestyle factors such as exercise, weight, and diet can affect the prognosis of a BC patient.6–8 Physical 
activity influences breast cancer prognosis and survival significantly by regulating biological mechanisms including sex 
hormones, metabolic hormones, the immune system, and oxidative stress. This direct impact on tumors and their 
microenvironment supports breast cancer treatment, improves quality of life, and affects related parameters.9 

Meanwhile, obesity leads to poorer prognosis in breast cancer patients by promoting adipocyte dysfunction and secretion 
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of substances that enhance cancer cell proliferation and invasion, alter gene expression, induce inflammation and 
hypoxia, inhibit apoptosis, and increase chemotherapy resistance.10 Prolonged sedentary behavior and poor dietary 
habits lead to excessive caloric intake, eventually resulting in obesity. Therefore, in addition to exercise, a balanced 
diet is also crucial. Besides exercise, weight, and diet, there are numerous other lifestyle-related variables that have not 
received sufficient attention in previous studies. Information about the patient’s lifestyle can be easily obtained from the 
hospital’s follow-up system. We found that prognostic models of BC developed in previous studies have rarely 
considered the impact of lifestyle on patient prognosis.11,12 Considering the potential impact of lifestyle on mortality, 
we believe it is essential to develop a mortality prediction model that incorporates relevant lifestyle factors to guide 
personalized treatment and lifestyle advice.

Evidence-based conventional models like Adjuvant! Online and PREDICT are widely employed for predicting breast 
cancer prognosis in women. These models primarily utilize clinicopathological features and, in some cases, genetic 
information to estimate risk. However, they often do not incorporate lifestyle factors, despite evidence showing their 
significant impact on patient outcomes. Moreover, both Adjuvant! Online and PREDICT are predominantly based on 
Western datasets, limiting their direct applicability to Asian populations, including Chinese patients, due to genetic, 
environmental, and healthcare system differences. Therefore, there is a growing need to develop breast cancer prognosis 
models using domestic data specifically tailored for Asian populations, particularly for Chinese individuals.

In recent years, machine learning (ML) has been applied to predict cancer prognosis and optimize treatment 
strategies.13,14 However, ML is often considered a black-box model, meaning that humans cannot fully understand the 
processes that lead to the model’s output.15 With the development of local interpretation methods, we can peer into the black 
box and explain how predictions are made for each observation. SHapley Additive exPlanations (SHAP) is the most popular 
method in the local interpretation toolbox, calculating the SHAP value through which the contribution of each feature to the 
disease outcome can be well explained, making the model more readable. Currently, few BC prognostic models use the 
SHAP algorithm to identify the feature importance of the models and their impact on the prediction outcomes.11,12,16 

Hence, we used the SHAP algorithm to gain a deeper understanding of the mechanisms behind the model and make them 
more interpretable.

In summary, there is a current lack of cost-effective and interpretable models for postoperative breast cancer 
prognosis. Our study utilized 10 years of electronic medical records from Chinese breast cancer patients, incorporating 
lifestyle information to construct a breast cancer mortality prediction model. Our goal is to create a model that accurately 
predicts the mortality rate of breast cancer patients by integrating their lifestyle and clinical data, using the SHAP 
algorithm to identify the most important features and improve interpretability. We will perform external validation using 
real-world data from breast cancer patients to ensure the robustness of the model. Additionally, we plan to develop a free 
website based on the best model for use by patients and doctors, helping them assess the prognosis risk of breast cancer 
patients, choose the most suitable treatment plan, and provide beneficial lifestyle advice. This research aims to provide 
a convenient and cost-effective tool to improve postoperative breast cancer prognosis.

Material and Methods
Study Population
This was a retrospective study of patients who underwent surgical treatment at the breast surgery department of a large 
tertiary hospital in Hunan Province, China between January 1, 2010, and September 1, 2020. Although we included 
follow-up data to improve the accuracy and relevance of our model, all data collection and analysis were performed 
retrospectively. This approach allowed us to leverage existing data while maintaining the retrospective nature of the 
study. Eligible patients met the following criteria: (1) pathologically diagnosed with BC; (2) underwent BC-related 
surgery in the department; and (3) voluntarily participated in the study and signed informed consent. Patients were 
excluded if they (1) were diagnosed with BC that was not the primary tumor; (2) were concurrently diagnosed with other 
cancers; (3) died perioperatively; (4) did not receive adjuvant therapy in the department; (5) had missing data on death 
outcomes; or (6) were male. In total, 1390 female BC patients were included as the primary cohort for developing and 
internally validating the prediction model. The mean age was 49 years (range: 44–61 years). Using the same inclusion 
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and exclusion criteria, we selected another 66 female BC patients treated from October 2021 to July 2023 as a validation 
cohort, with a mean age of 52 years (range: 40–62 years). The study design and use of clinical data were approved by the 
Ethics Committee of Xiangya Hospital, Central South University. As this was a retrospective study, the requirement for 
informed consent was waived, and all patient data were anonymized. Our study complies with the Declaration of 
Helsinki. The flow chart of the study is shown in Supplementary Material eFigure 1.

Measurements
We obtained medical, nursing, and follow-up data from the hospital’s electronic medical record system and follow-up 
system. From the uploaded electronic medical records, we extracted information on patient demographics, tumor 
characteristics, and treatment details. Demographic data included age, height, sex, education level, and marital status. 
Comorbidities included diabetes, hypertension, trauma, and others. Menstrual and reproductive factors included age at 
menarche, menstrual cycle, menstrual duration, parity, number of children, menopause status, and age at menopause. 
Tumor information comprised pathological classification, size, lymph node metastasis, number of metastatic lymph 
nodes, pathological staging, and TNM staging. Treatment details included surgery type, surgeon, site of surgical 
resection, number of resected lymph nodes, endocrine therapy, chemotherapy, radiotherapy, targeted therapy, and 
catheterization type. Follow-up system data provided information on patients’ diet, exercise, mental health, sexual 
activity, and social support. In total, 246 variables were included in the analysis. TNM staging followed the American 
Joint Committee on Cancer (AJCC) tumor-node-metastasis (TNM) system.4 Sexual activity was defined as whether the 
patient had had sex after surgery. Breast prosthesis was defined as whether the patient ever had a breast prosthesis after 
surgery. Functional exercises for the affected limb were defined as the number of times the exercises were performed on 
a weekly basis. Pain was defined as whether the patient considered the pain from the disease to be the greatest difficulty 
they faced postoperatively. Overall survival (OS) was defined as the time from diagnosis to death from any cause.

Follow-Up
To reduce information bias, we trained professional case managers to follow up with patients. The case manager made 
the first follow-up visit to the patient before the surgery. One week after surgery, the case manager followed up with the 
patient a second time. During adjuvant therapy, the case manager followed up with the patient once a month. The patient 
was followed every three months for two years after surgery, every six months for two to five years after surgery, and 
annually after five years. The case manager followed the patient until the patient died or was lost to follow-up.

Data Processing
For data preprocessing, the comma-separated values (CSV) dataset was imported. Outliers were identified and handled 
using z scores. Variables with missing rates exceeding 15% were removed, and the remaining missing values were 
imputed using multiple imputation with the miceforest package. Since the number of death events (96) was very low 
compared to the total sample size (1390) (only 7%), there was an imbalance problem in the data. To address this problem, 
we used the weighting method to correct the bias in the data. Higher weights were assigned to the minority class 
(mortality events) during the model training phase. This weighting scheme was designed to ensure that the model treated 
the minority class with greater importance, thus improving its ability to predict mortality events accurately.

Feature Selection
First, a research team of breast surgeons, head nurses, and patients was consulted to remove predict factors that were 
deemed to be redundant or to have minimal influence on BC survival. Next, variables with 30% missing data were 
removed. To examine associations between various clinical and pathological characteristics and patient survival, 
univariate Cox regression models were utilized. Multivariate Cox analysis was further conducted to assess patient 
mortality risk and To ensure model stability, we employed 10-fold cross-validation to confirm key hyperparameters 
and generate the optimal model. Additionally, we enhanced performance evaluation by repeating 10-fold cross-validation 
three times. Each iteration involved randomly dividing the dataset into 10 subsets, using 9 for training and 1 for testing. 
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Identify independent predict markers. We then selected the most important variables for predicting mortality using the 
Boruta algorithm.17

Validation of the Machine Learning Model
Six different ML algorithms were applied independently to develop predict models in patients with BC, as follows: ridge 
regression (ridge), k-nearest neighbors (KNN), neural network (NNet), random forest (RF), support vector machine 
(SVM), and extreme gradient boosting (XGB). All ML algorithms were implemented using the R “Caret” package,18 and 
each algorithm was validated using three repeated tenfold cross-validations. The “pROC” package for R was used to 
obtain the receiver operating characteristic (ROC) curve area,19 and the “survival ROC” package was used for 
independent time ROC curve analysis.20 Finally, the best-performing model was designed as a web-based tool for 
predicting the prognosis of BC patients.

Model Visualization
Machine learning (ML) models often exhibit the characteristics of a “black-box model”, meaning that the internal 
processes and logic leading to predictions are not easily understood. To address this, the SHAP (SHapley Additive 
exPlanations) algorithm was employed.21 SHAP quantifies the importance of each input variable in making predictions 
and explains how each feature affects the overall model. This approach ensures the rationality of the prediction results 
and enhances the interpretability of the model.

Shiny-Web
The Shiny framework is a web application development framework based on the R language. It allows for the rapid and 
convenient construction of interactive web applications without the need for frontend technology knowledge, enabling 
developers to write backend code using only R. The Shiny framework employs a reactive programming approach to 
achieve interactive web applications. This method allows developers to define the application’s UI and backend logic 
using declarative language. Additionally, Shiny provides many reusable components and tools to help developers build 
web applications more efficiently. Using the Shiny framework allows R developers to easily present their analysis results 
to users and quickly build an interactive web application, facilitating user data analysis and interactive exploration.

Statistical Analysis
The R ‘CBCgreps’ package was used for baseline analysis.22 Continuous variables are presented as the mean ± standard 
deviation (SD) or the median for descriptive statistics. For categorical variables, the percentage of patients in each 
category was calculated. Comparisons between categorical data were conducted using the χ2 test, while comparisons 
between continuous variables were performed using the t test. A p value of less than 0.05 was considered statistically 
significant. Model building was performed using R language (version: 4.3.1) to analyze gradient boosting machine 
(GBM), ridge, KNN, NNet, RF, decision tree (DT), SVM, and XGB models with 10-fold cross-validation. The 
R “kernelshap” package was used to draw the SHAP interpretation of importance and contribution to the model and 
interpret the model results by calculating the contribution of each feature to the predicted results.

Results
Clinical Characteristics of BC Patients
In total, 1,390 female BC patients who underwent surgical treatment were included in the study. Seven percent (96) of the 
patients died, and 93% (1,294) of the patients survived. The median follow-up time was 34 months. Table 1 shows the 
characteristics of the patients analyzed in this study. The median patient age was 49 years. Fourteen percent of the 
patients had noninvasive BC, and only 1% of the patients had preoperative distant metastasis. T2 was the most common 
tumor size (53%), and N0 was the most common lymph node metastasis grade (58%), followed by N1 (23%), N2 (11%), 
and N3 (8%). Ninety-nine percent of patients did not develop distant metastases. Twenty-one percent of the patients 
underwent lymph node dissection. In terms of postoperative complications, 2% of the patients had wound dehiscence, 
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Table 1 Baseline Characteristics of BC Patients

Variables Total (n = 1390)

Follow-up Time, Median (Q1, Q3) 34 (19.25, 53)
Age, Median (Q1, Q3) 49 (44, 56)

Body Mass Index (BMI), Median (Q1, Q3) 23.11 (21.23, 25.24)

Noninvasive Breast cancer, n (%)
No 1201 (86)

Yes 189 (14)

Tumor stage (T stage), n (%)
T1 520 (37)

T2 733 (53)
T3 103 (7)

T4 3 (0)

Tis 10 (1)
T0 4 (0)

Tx 17 (1)

Node stage (N stage), n (%)
Nx 2 (0)

N0 810 (58)

N1 318 (23)
N2 147 (11)

N3 113 (8)

Metastasis stage (M stage), n (%)
Mx 4 (0)

M0 1373 (99)

M1 13 (1)
Axillary lymph node dissection (ALND), n (%)

No 1093 (79)

Yes 297 (21)
Wound dehiscence, infection or nonhealing, n (%)

No 1361 (98)

Yes 29 (2)
Chemotherapy, n (%)

No 1137 (82)

Yes 253 (18)
Radiation therapy, n (%)

No 218 (16)

Yes 1172 (84)
Endocrine therapy, n (%)

No 533 (38)

Yes 857 (62)
Targeted therapy, n (%)

No 165 (12)

Yes 1225 (88)
Preoperative light diet, n (%)

No 767 (55)

Yes 623 (45)
Wound drain placement, n (%)

No 1350 (97)

Yes 40 (3)
Ports, n (%)

No 700 (50)

Yes 690 (50)

(Continued)
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infection or nonhealing after surgery, and 7% of the patients had seroma formation. In terms of treatment, 18% of the 
patients received chemotherapy, 84% received radiotherapy, 88% received targeted therapy, and 38% received endocrine 
therapy. In terms of venous catheters, 3% of patients had wound drains, 50% of patients had ports placed postoperatively, 
and 23% of patients had peripherally inserted central catheters (PICCs) placed. Functional exercises for the affected limb 
were performed daily by 30% of the patients, occasionally by 68%, and never by 2%. Thirty-four percent of patients 
reported sexual activity after surgery. Fifty-seven percent of patients considered the pain of the disease as the greatest 
difficulty they faced after surgery. Twenty-four percent of patients wore wigs, 30% wore prosthetic breasts, and 5% wore 
light makeup.

Univariate and Multivariate Cox Regression Analysis and Boruta Algorithm
We performed univariate Cox regression analysis to identify variables that significantly affect OS in BC patients 
(Supplementary Material eTable 1). Then, we conducted multivariate Cox regression analysis on the statistically 
significant variables to eliminate confounding factors and identify the independent factors affecting OS 
(Supplementary Material eTable 1). The results showed that 12 variables were statistically significant. These variables 
included noninvasive BC, N stage, M stage, axillary lymph node dissection (ALND), wound dehiscence, infection or 
nonhealing, endocrine therapy, wound drain placement, ports, functional exercise of the affected limb, postoperative sex 
life, pain from disease, and prosthetic breast use. Noninvasive BC patients who underwent ALND, received endocrine 
therapy, had port placement postoperatively, were sexually active, and wore prosthetic breasts had better OS. In contrast, 
postoperative wound dehiscence or infection and retained wound drains were associated with worse OS. Patients with N3 
lymph node metastases had worse OS than patients with N0 and N1 lymph node metastases. Patients with M1 had 
a worse prognosis than patients with M0. Patients who perceived pain from the disease as the greatest difficulty they 
faced postoperatively had a worse prognosis than those who did not. Patients who never performed functional exercises 
for the affected limb had a worse prognosis than those who performed them occasionally. We further screened the 
variables using Boruta’s algorithm, and the results are shown in Supplementary Material eFigure 2. N stage, M stage, 

Table 1 (Continued). 

Variables Total (n = 1390)

PICCs, n (%)

No 1074 (77)
Yes 316 (23)

Functional exercise of affected limb, n (%)

Everyday 422 (30)
Occasionally 943 (68)

Never 25 (2)

Postoperative sex life, n (%)
Yes 476 (34)

No 914 (66)

Pain of the disease, n (%)
No 595 (43)

Yes 795 (57)

Hairpiece (wig), n (%)
No 1058 (76)

Yes 332 (24)

Prosthetic breast, n (%)
No 976 (70)

Yes 414 (30)
Light makeup, n (%)

No 1385 (100)

Yes 5 (0)
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ALND, endocrine therapy, ports, sexual life, and pain from the disease were considered important in predicting 
prognosis. The variable noninvasive BC was indeterminate. Finally, nine variables were used as candidates for 
subsequent machine learning model development, including noninvasive BC, N stage, M stage, ALND, endocrine 
therapy, ports, sex life, prosthetic breast use and pain of disease.

Establishing and Evaluating Predictive Models for Estimating the Prognosis of Patients 
with BC
Six predictive models for predicting the prognosis of BC patients were developed using the training set data. The average 
area under the curve (AUC) of the six models determined by three 10-fold cross-validations is shown in Figure 1A, with 
the RF model (AUC=0.918) performing best. When the models were subjected to external validation (Figure 1B), the RF 
model also achieved the best performance in terms of prediction (AUC = 0.782) and was therefore selected for the design 
of the web-based prediction tool. We generated predicted ROC curves and calculated the corresponding AUCs. The 
predicted results are shown in Figure 2. Our RF model performed exceptionally well in predicting the prognosis of BC 
patients at 1 year (training set: AUC = 0.914; validation set AUC = 0.809), 2 years (training set: AUC = 0.867; validation 
set AUC = 0.785) and 3 years (training set: AUC = 0.883; validation set AUC = 0.893). Figure 3 contains the confusion 
matrix and other model performance for the random forest model. The RF model of the training data (Figure 3A), with 
0.914 (95% CI, 0.898, 0.929) accuracy, 0.792 sensitivity, 0.923 specificity, and 0.561 F1-score. And in the external 
validation data (Figure 3B), with 0.883 (95% CI, 0.774, 0.952) accuracy, 0.4 sensitivity, 0.98 specificity, and 0.533 
F1-score. In general, our models behaved efficiently and successfully. Additionally, the model hyperparameters can be 
found in eTable 2.

Explanation of the RF Model with the SHAP Method
The SHAP algorithm was used to determine the importance of each variable to the outcome predicted by the RF model. 
Figure 4A shows nine important feature lines. The attributions of all patients to the results are plotted with different 
colored dots, where yellow dots represent high risk values and purple dots represent low risk values. High N stage, high 
M stage, and the pain of the disease have a positive impact and push the prediction toward mortality, whereas no sexual 
activity, no endocrine therapy, no ports, no ALND, no prosthetic breast, and invasive BC have a negative impact and 
push the prediction toward survival. The variable importance plot lists the most significant variables in descending order. 
Figure 4B shows that sex activity has the strongest predictive value among all predictive variables, followed by N stage, 
endocrine therapy, pain of disease, prosthetic breast, ALND, ports, and other variables.

(A) (B)

Figure 1 The result of 10-fold cross-validation (training data) and external validation results. (A) Average area under the curve (AUC) values of 10-fold cross-validation. 
Ridge, ridge regression model; KNN, k-nearest neighbors model; NNet, neural network model; RF, random forest predictive model; SVM, support vector machine; XGB, 
extreme gradient boosting model. (B) AUCs of external validation sets.
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(A)

(B)

Figure 2 Independent time ROC curve. (A) ROC curve for the 1-year, 2-year, and 3-year prognostic models (training data). (B) ROC curve for the 1-year, 2-year, and 
3-year prognostic models (external validation data).
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Design of a Web-Based Tool for Predicting the Prognosis of Postoperative BC Patients
The best-performing random forest (RF) model was used to design a web-based tool to assist clinicians in predicting the mortality 
of postoperative breast cancer (BC) patients. The Shiny-Web interface (https://meixinzhen.shinyapps.io/BC_mortality_predict/) 
allows users to enter their information, and the application then predicts the probability of death based on the BC patient’s 
information. The website is available in both Chinese and English and includes a user-friendly interface (Supplementary Material 
eFigure 3) designed to be intuitive and accessible. While formal usability testing and user experience studies were not conducted, 
the interface’s design is based on established principles to maximize ease of use and accessibility. Future work will include 
comprehensive user testing and feedback to further refine the interface.
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RF Model Confusion Matrix (external validation data)
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(A) (B)

Figure 3 Confusion matrix of the Random Forest model’s predicted results and model performance in the training data and external validation data. (A) RF model confusion 
matrix of training data. (B) RF model confusion matrix of external validation data.

Figure 4 SHAP algorithm results. (A) Attributes of characteristics in SHAP. Each line represents a feature, and the abscissa is the SHAP value. Yellow dots represent higher 
eigenvalues, and purple dots represent lower eigenvalues. (B) Feature importance ranking as indicated by SHAP. The matrix diagram describes the importance of each 
covariate in the development of the final prediction model.
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Discussion
In this study, we harnessed machine learning to craft an economical and interpretable model that predicts mortality 
from BC utilizing a dataset from the breast surgery department of a prominent tertiary care hospital. Our model integrates 
an array of variables, encompassing clinical and pathological features, details of surgical and adjuvant treatments, and 
lifestyle factors—such as diet, physical activity, sexual health, and the use of wigs, prosthetic breasts, and light makeup. 
To our knowledge, this research pioneers the inclusion of lifestyle elements in a predictive model for BC survival, 
alongside traditional clinical and pathological indicators. The implementation of our RF model offers several potential 
benefits for breast cancer patients. By accurately predicting mortality, the model supports healthcare professionals in 
tailoring personalized treatment plans and interventions, potentially improving patient outcomes. Furthermore, the 
integration of lifestyle factors underscores the importance of comprehensive patient care, encouraging healthier lifestyles 
that positively impact prognosis. The model demonstrated robust predictive power, as evidenced by an average cross- 
validation AUC of 0.918. In the external validation, the model still showed good performance, indicating the clinical 
utility of this model. Additionally, the web platform developed using the Shiny framework facilitates easy access to the 
predictive model for healthcare professionals, allowing them to input patient data and receive mortality risk assessments 
promptly. Moreover, the platform serves as a tool for data collection, enabling ongoing enhancement of the predictive 
model through the accumulation and analysis of patient data.

Our analysis identified several key variables for the predictive model: noninvasive BC, N stage, M stage, ALND, 
endocrine therapy, ports, sexual life, and the use of a prosthetic breast. Notably, noninvasive BC, a lower N stage, 
undergoing ALND, receiving endocrine therapy, ports, having a sexual life and the use of a prosthetic breast emerged as 
independent factors linked to a more favorable prognosis. Conversely, M1 stage and the pain of disease were identified as 
independent predictors of a poorer outcome for BC patients.

Similar to previous findings, lymphovascular infiltration (LVI) is associated with poor prognosis in BC.23 

Additionally, a Chinese study has demonstrated that intraductal carcinoma in situ, microinvasive BC, and mucinous 
carcinoma of the breast are associated with improved overall survival when compared to invasive ductal carcinoma.24 In 
the TNM staging system, the N stage signifies whether the cancer has spread to nearby lymph nodes. Our study is 
consistent with earlier research, affirming that higher N-stages of BC are indeed associated with a worse prognosis.25 

Furthermore, the M stage is highly correlated with BC prognosis,26 as supported by various studies. A Korean study 
reported a 5-year survival rate of only 29.3% for stage IV/M1, which is significantly lower than that for early-stage BC.27 

Within our study, patients with noninvasive BC exhibited a more favorable prognosis than those with invasive BC. 
Moreover, our analysis revealed that endocrine therapy was an independent protective factor in postoperative BC 
patients, consistent with prior research.28,29 In our prediction model, different types of surgery did not emerge as 
independent predict factors for overall BC survival, corroborating findings from certain previous studies.28,30 On the 
other hand, ALND emerged as an independent protective factor in our analysis. This result is substantiated by a meta- 
analysis demonstrating a significant benefit of ALND in terms of local control of axillary disease and overall survival in 
patients with invasive BC.31 In our study, patients who perceived pain from their disease as the greatest difficulty they 
faced postoperatively tended to have a worse prognosis. Although there is no direct relationship between pain and 
prognosis, it has been shown that chronic pain after BC surgery may lead to reduced quality of life and additional 
psychosocial distress.32 Therefore, we believe that pain relief for patients is necessary to improve their prognosis.

Several lifestyle-related variables were included in our study, including having sex after surgery, wearing prostheses, 
and retaining ports. In our study, patients who had sex after surgery had a better prognosis. Compared to healthy women, 
female breast cancer patients exhibit lower satisfaction with sexual activity and face greater difficulties in maintaining 
sexual life,33 which affects not only their physiological health—manifesting as pain, reduced lubrication,34 difficulty in 
intercourse, decreased libido, and vaginal atrophy35—but also brings psychological burdens, including disappointment in 
partners, sadness, reduced sexual desire, painful sexual experiences, and self-doubt.36 However, sexual activity plays 
a significant role in marital relationships. It is not only an important way to express emotions but also a key method to 
enhance marital harmony and maintain marital health. During intercourse, the body releases β-endorphins, which can 
stabilize mood and behavior, and alleviate symptoms of anxiety and depression.37,38 In most predictive models 
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established in our study, the importance of sexual life consistently ranks first. Therefore, the significance of sexual health 
in the overall health of BC patients should not be underestimated.38 Due to the low rate of breast reconstruction surgery, 
postmastectomy patients usually require the use of an external breast prosthesis, which means wearing a prosthetic 
breast.39,40 We found that wearing breast prostheses after surgery was an independent protective factor. A Chinese study 
showed that breast prostheses can enhance women’s self-esteem and self-confidence, restore their social credibility and 
sense of belonging, and allow them to better participate in sports.41 We identified ports as a protective factor. To our 
knowledge, this factor has not been included previously in the Prediction Model for Postoperative BC Patients. Totally 
implantable venous access ports (TIVAPs) are increasingly being used in patients undergoing chemotherapy and are 
considered a safe and feasible approach. Some studies have shown that ports tend to be associated with lower 
complication rates than PICCs,42,43 particularly reduced thrombosis rates. Another study showed that fully implantable 
venous access ports (TIVAPs) were associated with higher cosmetic outcomes, increased awareness of body image 
protection in women, and higher patient satisfaction. While direct evidence linking TIVAPs to breast cancer prognosis is 
lacking, there is a belief that port implantation could potentially enhance survival in breast cancer patients. However, this 
hypothesis requires validation through large prospective studies.

In the Cox regression analysis, a preoperative light diet was not significantly associated with outcomes, and it may be 
that the reliability of the model estimates may be reduced due to the inclusion of more variables (P>0.05).44 Cox 
regression showed that functional exercise of the affected limb was statistically significant, but functional exercise of the 
affected limb was considered unimportant according to the Boruta algorithm. This may be because the Boruta algorithm 
focuses on the predictive importance of the variables, whereas the emphasis in Cox regression focuses on the association 
between the variables and the outcome. To avoid overfitting and improve the generalization of the model, the Boruta 
algorithm may have excluded some variables.17

Limitations
Although our study produced many important findings, this investigation of ML-based models for predicting post-
operative prognosis in BC patients had some limitations. (1) The retrospective nature of our study may have led to 
sample selection bias. (2) This model does not consider the molecular features of BC, such as HER2i67, Ki-67, ER, and 
PR, which limits the predictive value of the developed model. (3) Our study data used data from China and did not 
contain data from other countries and races. Nevertheless, our model is the first machine learning model to include 
lifestyle information to predict the prognosis of BC patients. Moreover, our model exhibited a high AUC. (4) The size of 
the external validation cohort (n = 66) was constrained by the availability of eligible patients within the specified 
timeframe. Despite this, the external validation provided valuable insights and demonstrated the model’s robustness. 
Future studies with larger validation cohorts would be beneficial to further confirm the generalizability of our findings.

Conclusion
In conclusion, an affordable and interpretable random forest prediction model based on patients’ lifestyle and clinical 
information was constructed. The model exhibited high performance in predicting the prognosis of patients after BC. The 
SHAP-based model can be used to accurately explore risk factors for BC patients and guide individualized treatment and 
lifestyle decisions. Additionally, the web platform developed using the Shiny framework facilitates easy access to the predictive 
model for healthcare professionals, allowing them to input patient data and receive mortality risk assessments promptly.
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