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Abstract

Background:

Survival prediction in de novo metastatic breast cancer (dnMBC) remains challenging due to its
heterogeneous molecular subtypes, diverse metastatic patterns, and varied treatment responses. This
study aimed to develop accurate prognostic models for overall survival (OS) and cancer-specific survival
(CSS) prediction in childbearing-age women (= 49 years) diagnosed with dnMBC, utilizing advanced
machine learning (ML) techniques and robust statistical methodologies.

Methods:

A total of 2,605 women diagnosed with dnMBC from 2010 to 2019 were extracted from the SEER
database and randomly divided into training (n = 1,833; 70%) and validation (n = 772; 30%) cohorts. Eight
ML models—Random Survival Forest (RSF), Gradient Boosting Machine (GBM), Lasso-Cox, CoxBoost,
Survival SVM, XGBoost, plsRcox, and superpc—were developed and validated. Model performance was
evaluated through area under the receiver operating characteristic curve (AUC), concordance index (C-
index), calibration plots, Brier scores, and decision curve analysis (DCA). Inverse probability of treatment
weighting (IPTW) was applied to assess the independent survival impact of surgical interventions.
Shapley Additive Explanations (SHAP) were employed for interpretability.

Results:

RSF and GBM demonstrated superior predictive accuracy compared to other ML models. In the
validation cohort, RSF achieved the highest C-index (0.789), along with favorable AUC values at 1-year
(0.799), 3-year (0.783), and 5-year (0.749) survival intervals, and a low Brier score of 0.134 at 3 years.
SHAP analysis consistently identified molecular subtype, metastatic burden, surgical intervention, and
chemotherapy as the most influential predictive factors. Surgical intervention significantly improved 0OS
(weighted hazard ratio [HR]: 0.59; 95% CI: 0.52-0.66, p < 0.001) and CSS (weighted hazard ratio [HR]:
0.59; 95% Cl: 0.52-0.66, p < 0.001), particularly among HR+/HER2 + and HR-/HER2 + subtypes. Notably,
patients with combined bone and liver metastases exhibited superior survival outcomes after breast-
conserving surgery compared to mastectomy (median OS: 63 vs. 65 months; both superior to non-
surgical management at 37 months; p < 0.001).

Conclusions:

This ML-based study highlights the prognostic value of molecular subtype, metastatic patterns, and
surgical intervention in dnMBC among young women, emphasizing the importance of personalized
treatment approaches. Our findings provide robust evidence supporting the integration of ML models in
clinical practice, laying a foundation for precision oncology and individualized management of dnMBC.
Future prospective trials integrating multi-omics data are warranted to validate these results further.
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1 INTRODUCTION

Breast cancer (BC) is the most commonly diagnosed cancer and remains a leading cause of cancer-
related mortality among women worldwide[1]. Despite advances in early detection and systemic
therapies, approximately 3—8% of breast cancer patients initially present with de novo stage IV disease
(dnMBC)[2, 3]. dnMBC is characterized by distant metastases at initial diagnosis, with a poor prognosis
and median overall survival (OS) of only 2—-3 years[4, 5]. Since dnMBC remains incurable, current
treatments primarily aim to relieve symptoms, enhance quality of life, and prolong survival. However, the
survival benefit of primary tumor resection remains controversial due to conflicting evidence[6].

Retrospective studies have suggested that primary tumor removal may improve survival outcomes for
select dnMBC patients|7, 8], but evidence from randomized controlled trials (RCTs) remains
inconclusive. While the MF07-01 trial reported a survival benefit associated with surgery, the Tata
Memorial and ABCSG-28 POSYTIVE trials failed to demonstrate a significant advantage[9—-11].
Additionally, systemic therapies—including chemotherapy, endocrine therapy, and targeted therapy—
remain the cornerstone of dnMBC treatment, with surgery often considered only in well-selected
cases[12-14]. Some studies propose that surgery may accelerate disease progression by altering tumor
microenvironments and facilitating metastatic growth[15, 16]. These conflicting findings highlight the
necessity for an individualized, multidisciplinary approach that integrates systemic therapy, local
interventions, and patient-specific factors such as tumor biology, metastatic burden, and treatment
response [17, 18].

Conventional prognostic models, including TNM staging, provide valuable clinical insights but often fail
to account for patient-specific factors such as molecular subtype, metastatic pattern, and response to
systemic therapy, all of which significantly influence survival outcomes in dnMBC[19]. Recent advances
in machine learning (ML) algorithms have demonstrated superior predictive performance in clinical
oncology by leveraging high-dimensional data to provide more precise, individualized survival
estimates[20]. Interpretable ML techniques, including LASSO regression, gradient boosting machines
(GBM), random survival forests (RSF), and Cox-based models, have shown promise in risk stratification
and prognostic modeling, offering greater clinical applicability than conventional statistical methods[21-
23].

This study utilizes a large, population-based cohort of childbearing-age female patients with dnMBC (<
49 years) from the Surveillance, Epidemiology, and End Results (SEER) database (2010-2019). Our
objectives are threefold: (1) develop and validate ML-based prognostic models for OS prediction, (2)
assess the independent impact of surgical intervention through the inverse probability of treatment
weighting (IPTW)-adjusted survival analyses, and (3) apply Shapley Additive Explanations (SHAP) to
identify key predictive features influencing survival outcomes|[21].

Additionally, we perform survival stratification based on molecular subtype and metastatic patterns,

aiming to generate clinically relevant insights for personalized treatment decision-making[24]. By

integrating advanced ML modeling with causal inference methodologies, this study seeks to refine
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evidence-based treatment strategies for dnMBC patients, facilitating data-driven, patient-specific clinical
decision-making.

2 MATERIALS AND METHODS
2.1 Data source and study design

We extracted data from the Surveillance, Epidemiology, and End Results (SEER) program of the National
Cancer Institute, a population-based cancer registry covering approximately 30% of the U.S. population.
The SEER database is an open-access resource that provides detailed information on tumor
characteristics, patient demographics, treatment modalities, and survival outcomes. Data extraction was
performed using SEER*Stat software (version 8.3.4; http://www.seer.cancer.gov/seerstat), selecting
female patients diagnosed with breast cancer from 2010 to 2019. The study period was chosen as SEER
began recording detailed human epidermal growth factor receptor-2 (HER2) status and distant
metastatic sites in 2010. A detailed overview of the study design and analytical process is illustrated in
Fig. 1. As the SEER database contains publicly available, de-identified data for research purposes, ethical
approval and informed consent were not required.

Eligible patients were identified using the International Classification of Diseases for Oncology, 3rd
Edition (ICD-0-3) site codes C50.0 to C50.6, C50.8, and C50.9, along with histological codes 8070 to
8078, representing primary breast tumors. The inclusion criteria were: (1) female patients aged 18 to 49
years at diagnosis; (2) histological diagnosis of infiltrating duct carcinoma (IDC); (3) breast cancer as the
first and only primary tumor; (4) stage IV breast cancer based on the American Joint Committee on
Cancer (AJCC) TNM staging system; and (5) presence of at least one site of de novo distant metastasis.
Patients were excluded if they had incomplete information regarding marital status, race, differentiation
grade, tumor size, T stage, N stage, metastatic site, Estrogen receptor (ER), progesterone receptor (PR)
status, molecular subtype, or follow-up.

Demographic variables included age at diagnosis (=< 30, 31-40, > 40 years), race (White, Black, Other),
and marital status (married, unmarried). Unmarried status included divorced, separated, widowed,
single/never married, and domestic partners. Tumor characteristics encompassed histology (IDC,
invasive lobular carcinoma [ILC], and mixed IDC and ILC), grade (I, II, and 11l/1V), molecular subtype, tumor
size, T stage (T1, T2, T3, and T4), N stage (NO, N1, N2, and N3), and site of metastasis (bone only, brain
only, liver only, lung only and Multiple sites). Treatment variables included chemotherapy (yes or
no/unknown), radiotherapy (yes or no/unknown), and surgery to the primary tumor (none, mastectomy,
or breast-conserving surgery [BCS]). ER status (Negative or positive) and PR statuses were combined as
hormone receptor (HR) status. Molecular subtype classifications were defined as HR+/HER2-,
HR+/HER2+, HR-/HER2+, and HR-/HER2- based on joint HR and HER2 status.

2.2 Data preprocessing and feature selection
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As part of the feature selection process, we employed the LASSO Cox regression model to identify the
most relevant predictors while minimizing overfitting. We assessed potential collinearity among
variables using correlation analysis. Highly correlated features, such as ER status and molecular
subtype, were managed to prevent multicollinearity. This penalized regression approach minimizes
prediction error by applying a regularization term that shrinks the coefficients of less important variables
toward zero. Variables with nonzero coefficients were retained as significant predictors, while those with
coefficients shrunk to zero were excluded. LASSO regression was performed using the “glmnet” package
in R. Ten-fold cross-validation was applied to determine the optimal tuning parameter (A\) by selecting the
value that minimized the partial likelihood deviance. This method reduced model complexity, enhancing
generalizability and minimizing overfitting. The final selected variables were used in subsequent
univariate and multivariable Cox regression analyses as well as machine learning model development.

2.3 Model establishment and performanceln this study, we randomly partitioned the dataset into a
training set (70%) and a validation set (30%) using stratified sampling. The training set was used to
develop machine learning (ML) models, while the validation set was exclusively reserved for evaluating
their predictive performance. We applied eight widely used ML algorithms, including Random Survival
Forest (RSF), Gradient Boosting Machine (GBM), Lasso-Cox Regression (Lasso-Cox), CoxBoost, Survival
Support Vector Machine (Survivalsvm), Extreme Gradient Boosting (XGBoost), Partial Least Squares for
Cox Regression (plsRcox), and Supervised Principal Component Analysis (superpc), to predict survival
outcomes in female patients with de novo stage IV breast cancer of childbearing age. To determine the
optimal hyperparameters for these models, ten-fold cross-validation was conducted. The validation set
remained unused during model training and hyperparameter tuning, serving solely for independent
performance evaluation.

To evaluate model performance, we employed several metrics, including the Area Under the Curve (AUC)
of the Receiver Operating Characteristic (ROC) curve, concordance index (C-index), calibration curves,
decision curve analysis (DCA), and Brier scores. The Brier score quantifies the deviation between
predicted and actual outcomes, with lower values indicating superior predictive performance. By
analyzing AUC values at 1-year, 3-year, and 5-year intervals alongside Brier scores, we identified the
model with the highest predictive accuracy. Furthermore, feature ranking analysis was conducted to
assess the relative importance of individual predictors. To enhance interpretability, Shapley Additive
Explanations (SHAP), based on cooperative game theory, were applied to quantify the contribution of
each input variable to model predictions. The global SHAP values were visualized as a bar chart to
illustrate the average contribution of each feature to the predictive model.

2.4 Statistical analysis

To explore the relationship between clinical and pathological features and patient survival, we first
conducted correlation analysis and LASSO regression to select relevant variables. Statistically significant
variables were then incorporated into multivariable Cox regression to identify independent prognostic
factors. The primary survival outcomes assessed were overall survival (OS) and cancer-specific survival
(CSS). Kaplan—Meier curves and the log-rank test were used to estimate survival distributions.
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Inverse probability of treatment weighting (IPTW) was used to balance baseline clinical characteristics
among patients receiving BCS, mastectomy, or no surgery, ensuring comparability among treatment
groups. For IPTW, stabilized weights were calculated by multiplying the original weight by the probability
of receiving the treatment received, as derived from the propensity score. Covariate balance after IPTW
was assessed using standardized differences, with values below 0.1 indicating acceptable balance.
Kaplan—Meier survival analysis stratified by metastatic modality and molecular subtype was also
performed on the IPTW-adjusted population. Subgroup survival analyses were further stratified by
metastatic patterns to evaluate potential differential effects of treatment according to specific
metastatic sites. All statistical analyses were conducted using R software (version 4.1.2) and Python
(version 3.7.0). All tests were two-sided, with statistical significance set at P < 0.05. Confidence intervals
(Cls) were reported at the 95% confidence level.

3 RESULTS

3.1 Baseline characteristics

From the SEER database, 3,922 patients were initially identified using strict inclusion and exclusion
criteria, with 2,605 patients diagnosed with dnMBC ultimately included. These patients were divided into
training (n = 1,833) and validation cohorts (n = 772) (Figure 1). Table 1 summarizes the demographic,
pathological, and treatment characteristics of the study population. Baseline characteristics showed
good balance between training and validation cohorts, with no significant differences (P > 0.05 for most
variables).. The majority of patients were aged 40-50 years (63.22%), and 69.94% were white. In terms
of tumor biology, HR+/HER2- was the most common subtype (52.13%), and 72.32% of patients were ER-
positive. Regarding metastatic patterns, bone-only (39.31%) and multiple metastases (39.58%) were the
most frequent, while liver-only (11.75%), lung-only (8.33%), and brain-only (1.04%) metastases were less
common. For treatment, 81.15% of patients received chemotherapy, 39.62% underwent radiotherapy, and
45.41% underwent surgery (34.13% mastectomy, 11.29% breast-conserving surgery). These baseline
characteristics provide essential context for subsequent survival analysis and model development.

3.2 Feature extraction

To ensure the robustness of feature selection, correlation analysis was first conducted to assess
potential collinearity among variables (Figure 2A). This analysis revealed a strong correlation between
ER status and molecular subtype (r = 0.73), leading to the exclusion of ER status to prevent
multicollinearity. Following this, the LASSO Cox regression model was applied to identify the most
relevant predictors. To determine the optimal tuning parameter (A), ten-fold cross-validation was
performed. The optimal A value (log(\) = -3.0) was determined via ten-fold cross-validation, balancing
model simplicity and predictive accuracy by minimizing mean squared error (Figure 2B). At this point, the
model retained nine key predictive variables, including age, tumor grade, molecular subtype, T stage, N
stage, and specific metastatic sites, which were subsequently used in survival analyses and machine
learning model development (Figure 2C). The relative importance of these selected features, ranked by
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their nonzero LASSO coefficients, is depicted in Figure 2D. The most influential predictors were PR
status, molecular subtype, surgery, marital status, chemotherapy, race, tumor size, T stage, and grade,
with PR status (-0.45), molecular subtype (-0.28), and surgery (-0.21) exhibiting the strongest impact.
These features significantly enhanced model performance, improving generalizability and reducing
overfitting.

3.3 Univariable and multivariable COX regression analyses

We conducted univariable Cox regression analysis to identify factors significantly associated with overall
survival (0S) and cancer-specific survival (CSS) in patients with de novo stage IV breast cancer. The
analysis revealed that race, marital status, tumor grade, molecular subtype, metastatic sites, and
treatment modalities were significant prognostic factors (Table 2).

To account for potential confounders, multivariable Cox regression was performed, confirming that
higher tumor grade and brain metastases were independently associated with worse OS and CSS.
Patients with HR-/HER2- and HR-/HER2+ subtypes had significantly poorer survival outcomes than those
with HR+/HER2-, while HR+/HER2+ patients exhibited slightly worse survival compared to HR+/HER2-.
Regarding treatment, surgery, and chemotherapy were independently linked to improved OS and CSS,
whereas radiotherapy did not confer a significant survival benefit. Both BCS and mastectomy
significantly improved survival compared to no surgery, with chemotherapy remaining independently
protective. Additionally, social determinants played a role in prognosis, with married patients
demonstrating better survival outcomes compared to unmarried patients. These findings highlight the
prognostic significance of tumor biology, metastatic burden, and treatment strategies, emphasizing the
need for personalized therapeutic approaches to improve survival outcomes in this patient population

3.4 Development and comparison of prediction models

To develop a robust prognostic model for patients with de novo stage IV breast cancer, we implemented
and compared eight machine learning (ML) models: Random Survival Forest (RSF), Gradient Boosting
Machine (GBM), XGBoost, CoxBoost, SurvivalSVM, superPC, LASSO-Cox, and plsRcox. Hyperparameters
for each model were fine-tuned using cross-validation, with detailed settings provided in Supplemental
Table 1.

Model discrimination was evaluated using receiver operating characteristic (ROC) curves at 1-, 3-, and 5-
year survival intervals in both cohorts (Figure 3). RSF and GBM consistently demonstrated the highest
AUC values across all time points, with RSF achieving AUC_12-month = 0.896, AUC_36-month = 0.884,
and AUC_60-month = 0.791 in the training set, and AUC_12-month = 0.799, AUC_36-month = 0.783, and
AUC_60-month = 0.749 in the validation set. GBM exhibited similar performance, with AUC_12-month =
0.813, AUC_36-month = 0.798, and AUC_60-month = 0.773 in the training set, and AUC_12-month =
0.807, AUC_36-month = 0.782, and AUC_60-month = 0.742 in the validation set. Calibration plots
(Supplemental Figure 2) were used to assess the agreement between predicted and observed survival
probabilities. Calibration plots indicated strong agreement for 1-year survival predictions, though some
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discrepancies emerged at longer intervals, suggesting potential model limitations or overfitting
(Supplemental Figure 2).

To assess the clinical applicability of the models, Decision Curve Analysis (DCA) (Figure 4) was
performed. RSF and GBM provided the greatest net benefit across different threshold probabilities,
reinforcing their potential in clinical decision-making. For a comprehensive comparison, AUC, C-index,
Brier Score, sensitivity, and specificity were evaluated in both training and validation sets (Supplemental
Figure 3). Performance metrics were visualized using heatmaps, with values standardized to enhance
comparability due to their close numerical range. Among all models, RSF and GBM consistently achieved
the highest C-index and lowest Brier Score, indicating superior predictive accuracy. For example, in the
validation cohort, RSF had a C-index of 0.789 and a Brier Score of 0.134 for 3-year survival, while GBM
showed a C-index of 0.782 and a Brier Score of 0.141. Given that validation set performance better
reflects real-world applicability, model selection primarily relied on validation metrics.

3.5 Model interpretation

To enhance the interpretability of our predictive models, Shapley Additive exPlanations (SHAP) analysis
was employed to assess feature importance and visualize the impact of individual variables on survival
predictions. Figure 6 provides a comprehensive overview of feature contributions across different
modeling approaches. Figure 6A presents a radar plot comparing the relative importance of clinical
features across RSF and GBM models for both OS and CSS. SHAP analysis consistently identified
molecular subtype, metastatic burden, and surgical intervention as the most influential predictors across
models, highlighting their robust contribution to survival predictions. Additionally, chemotherapy, PR
status, and marital status contributed significantly, with slight variations in ranking between models.
Figure 6B presents a SHAP dependence plot, illustrating the interaction between molecular subtype and
metastatic burden. The color gradient represents different metastatic sites, revealing that multiple-site
metastases exerted the most detrimental impact on survival, particularly among HR-/HER2- and
HR+/HER2+ subtypes. This interaction highlights the complex interplay between tumor biology and
metastatic patterns, underscoring the necessity for individualized treatment approaches.

To further explore the influence of key variables, SHAP summary plots for RSF and GBM (Figures 6C and
6D) illustrate the relative contributions of different clinical features. Molecular subtype, metastatic
burden, and surgery consistently ranked among top predictors based on SHAP analysis, highlighting their
robustness. The results confirm that the molecular subtype had the greatest impact on survival
predictions, followed by surgery and metastatic burden. Higher SHAP values for surgery suggest a
survival benefit, particularly for patients with HR+/HER2+ subtypes.

3.6 Benefits of surgical treatment in de novo breast cancer patients after IPTW

To evaluate the impact of surgical treatment on survival outcomes, inverse probability of treatment
weighting (IPTW) was applied to balance baseline characteristics among patients undergoing BCS,
mastectomy, and non-surgical management. Before IPTW adjustment, several covariates, including
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marital status, tumor size, tumor grade, T stage, N stage, metastatic patterns, and receipt of
chemotherapy or radiotherapy, differed significantly across treatment groups (Table 3). Supplemental
Figure 3A - B illustrates the covariate balance before and after IPTW. Before weighting, multiple
covariates exhibited absolute standardized mean differences exceeding 0.1, indicating significant
baseline heterogeneity among treatment groups. After IPTW adjustment, covariate imbalances markedly
improved, with standardized differences reduced to below 0.1, confirming comparability among
treatment groups. Stratified comparisons (Supplemental Figure 3C) further demonstrate that IPTW
effectively minimized imbalances across key clinical variables, including tumor burden, metastatic sites,
and treatment modalities.

Figure 5A presents the adjusted median overall survival (OS) across different clinical subgroups,
stratified by surgical treatment. Patients undergoing BCS or mastectomy had significantly longer OS
compared to those who did not receive surgery. Specifically, the median OS was 63 months for the BCS
group, 65 months for the mastectomy group, and 37 months for the non-surgical group. A similar trend
was observed for cancer-specific survival (CSS), reinforcing the survival advantage associated with
surgical intervention.

Kaplan-Meier survival curves for OS and CSS before and after IPTW adjustment are depicted in Figure
5B. Before weighting, both surgical groups exhibited a statistically significant survival advantage
compared to the non-surgical group. After IPTW adjustment, this survival benefit remained evident,
confirming the independent prognostic impact of surgical treatment. The weighted hazard ratios (HRs)
for OS were 0.59 (95% Cl: 0.50-0.71, p < 0.001) for BCS and 0.59 (95% Cl: 0.52-0.66, p < 0.001) for
mastectomy, while the weighted HRs for CSS were 0.59 (95% Cl: 0.49-0.71, p < 0.001) for BCS and 0.58
(95% Cl: 0.52-0.66, p < 0.001) for mastectomy.

3.7 Stratified Survival Outcomes by Molecular Subtypes and Metastatic Patterns After IPTW Adjustment

To further examine the impact of surgical intervention across molecular subtypes, we conducted IPTW-
adjusted Kaplan-Meier survival analyses, stratified by hormone receptor (HR) and HER2 status (Figure 7).
The results demonstrated significant variations in overall survival (OS) and cancer-specific survival (CSS)
among subgroups. Surgical treatment conferred a substantial survival benefit in HR+/HER2+ and
HR-/HER2+ patients, with both BCS and mastectomy groups achieving significantly prolonged OS and
CSS compared to the non-surgical cohort (p < 0.05). However, in HR+/HER2- patients, surgical
intervention did not yield a significant survival advantage, suggesting a limited benefit in this subgroup.

In contrast, the HR-/HER2- subgroup exhibited heterogeneous survival outcomes following surgery.
While mastectomy showed a trend toward improved OS, the difference in CSS was not statistically
significant, indicating that the role of surgery in this group may be influenced by factors such as disease
burden and response to systemic therapy. Further, stratification by metastatic patterns (Figure 8)
revealed that patients with bone-only and liver metastases derived the greatest survival benefit from
surgery, whereas those with brain or lung metastases showed minimal or no significant improvement.
Patients with multiple metastatic sites generally had a poorer prognosis, though some subgroups still
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demonstrated a survival advantage with surgical intervention. Notably, patients with combined bone and
liver metastases specifically showed improved survival with BCS compared to mastectomy, distinct from
other metastatic patterns (Figure 8).

4 | DISCUSSION

Survival prediction in dnMBC remains challenging due to its diverse molecular subtypes, varying
metastatic patterns, and inconsistent treatment responses. In this study, we integrated ML algorithms
alongside traditional survival analysis to construct a prognostic model that offers improved risk
stratification and clinical applicability. Our analysis demonstrated that RSF and GBM outperformed other
ML models in both the training and validation cohorts, exhibiting superior calibration accuracy,
discrimination ability, and greater clinical net benefits. Additionally, SHAP analysis identified key
predictive features, including molecular subtype, metastatic burden, surgical intervention, and
chemotherapy, which were consistently ranked among the most influential variables across multiple
analytical approaches. The stability of these predictors across different modeling techniques suggests
their robustness in survival prediction and justifies further subgroup analyses based on these
characteristics. Given the significant heterogeneity observed in dnMBC, we conducted stratified analyses
to explore survival differences across molecular subtypes, metastatic patterns, and treatment
modalities, aiming to refine personalized treatment strategies.

To further refine prognostic accuracy beyond traditional parametric models, we compared eight machine
learning—based survival models. Parametric methods, which rely on stringent assumptions, are
commonly used in survival data analysis. However, capturing nonlinear effects often requires
transforming variables or expanding the design matrix to incorporate specialized basis functions[25, 26].
Building upon these traditional approaches, various machine learning—based survival models have been
developed to flexibly handle complex data structures without relying on strong parametric assumptions.
In this study, we evaluated eight such models: RSF, GBM, Lasso-Cox, CoxBoost, Survival SVM, XGBoost,
plsRcox, and superpc. These models differ in their ability to capture nonlinear relationships, manage
high-dimensional data, and handle censored survival outcomes. Specifically, RSF and GBM excel at
capturing interactions and nonlinear relationships due to their ensemble learning framework, which does
not require the proportional hazards assumption (Supplemental Fig. 2). RSF constructs numerous
decision trees through bootstrap sampling and random feature selection, enabling it to capture intricate
relationships and higher-order interactions that traditional parametric models might overlook[27].
Similarly, GBM iteratively fits weak learners to the residuals along the negative gradient of a loss
function, allowing it to adaptively focus on complex patterns and difficult-to-predict samples[28]. These
properties make both RSF and GBM particularly robust when dealing with heterogeneous and high-
dimensional data.

Cox-based methods, however, often perform suboptimally when significant nonlinearities and complex
interactions are present due to their reliance on the proportional hazards assumption.[29]. CoxBoost and
plsRcox are designed to address high dimensionality yet still operate under the proportional hazards
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assumption, which can limit their flexibility in modeling complex interactions[30]. Superpc, although
useful for dimensionality reduction by extracting principal components most correlated with survival
outcomes, similarly faces challenges when nonlinearity plays a significant role[31]. Thus, while Cox-
based approaches provide valuable insights, their reliance on restrictive assumptions may reduce their
predictive performance in settings where the data exhibit substantial nonlinear behavior. Notably,
XGBoost, which often excels in disease prediction, demonstrated signs of overfitting, achieving high
Integrated AUC but elevated Brier scores in both training and validation sets (Supplemental Fig. 6).
These findings underscore the importance of selecting models that accommodate nonlinear effects
while maintaining robustness in high-dimensional settings. Rigorous parameter tuning and validation
remain critical, as even the most advanced methods can underperform if not properly optimized.

In addition to evaluating various machine learning models, our analyses identified three key clinical
factors—molecular subtype, metastatic burden, and surgical intervention—that consistently emerged as
significant predictors of survival in dnMBC. These factors were confirmed through univariate and
multivariate analyses, as well as SHAP-based feature importance (Table 2, Figs. 6A-6D). The impact of
surgical intervention on survival in dnMBC remains a subject of ongoing debate. While retrospective
studies have indicated a potential survival advantage, particularly in patients with limited metastatic
burden, randomized controlled trials have reported no significant improvement in OS, highlighting the
complexity of surgical decision-making in this setting[32, 33]. In our study, we observed that both BCS
and mastectomy were associated with significantly improved OS and CSS compared to no surgery, a
trend that persisted even after adjusting for confounding variables using IPTW weighting (Table 2,

Fig. 5). However, no significant difference was observed between BCS and mastectomy, suggesting that
the extent of surgical resection may not be the primary determinant of survival once a patient undergoes
surgery.

Several hypotheses may explain this finding. First, previous studies have proposed that surgical removal
of the primary tumor may reduce the overall tumor burden, potentially enhancing systemic therapy
efficacy by limiting tumor-induced immunosuppression[34, 35]. Additionally, patients who undergo
surgery are more likely to receive multimodal therapy, including systemic treatments such as
chemotherapy, endocrine therapy, or targeted therapy, which could contribute to their improved survival
outcomes|36]. The absence of a survival advantage between BCS and mastectomy aligns with emerging
evidence suggesting that tumor biology and systemic disease control play a more decisive role than the
type of surgery itself in dnMBC[36]. This finding highlights the need for an individualized treatment
approach that prioritizes systemic therapy while considering surgery as a complementary rather than a
primary intervention.

Our results are consistent with prior studies using the SEER database and other population-based
cohorts, which have reported mixed findings regarding the benefit of surgery in dnMBC. A previous SEER-
based analysis (2010-2015) suggested that surgery improved survival in stage IV breast cancer patients
but did not differentiate between BCS and mastectomy[33, 37]. Similarly, a propensity-score-matched
study from the NCDB database found that surgical intervention was associated with better OS (HR =
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0.68,95% Cl: 0.63-0.72, p < 0.001), yet no significant difference was observed between different surgical
modalities[38]. However, randomized controlled trials such as the MF07-01 trial and ECOG 2108 have
challenged this notion, reporting no clear survival advantage of surgery over systemic therapy alone[39,
40]. These discrepancies underscore the complexity of surgical decision-making in dnMBC and the
limitations of retrospective analyses in accounting for selection bias.

Our stratified analysis revealed notable variations in surgical benefits across molecular subtypes and
metastatic patterns in patients with dnMBC. Specifically, in patients with HR+/HER2 + disease, BCS was
superior to mastectomy, a phenomenon not observed in other subtypes. Conversely, in patients with
HR-/HER2- and HR+/HER2- subtypes, both BCS and mastectomy demonstrated a significant survival
advantage over no surgery, but there was no significant difference between the two surgical approaches.
Meanwhile, in the context of metastatic burden, only patients with bone + liver metastases derived a
survival benefit from BCS over mastectomy, whereas other metastatic patterns (e.g., bone + brain, bone
+lung) showed no statistically significant difference.

These findings partially align with previous studies on the role of surgery in multifocal and multicentric
breast cancer (MIBC) and dnMBC. Prior research suggested that the survival benefits of surgery vary
depending on tumor biology and metastatic burden[41]. The superiority of BCS over mastectomy in
HR+/HER2 + patients may be attributable to the well-documented favorable prognosis of this subtype,
which responds effectively to systemic therapy, particularly HER2-targeted and endocrine therapy[42].
Our results complement prior studies indicating that HER2 + patients, despite having a higher incidence
of brain and visceral metastases, still derive significant survival benefits from systemic therapy when
treated optimally[41]. Conversely, the lack of significant difference between BCS and mastectomy in
other molecular subtypes suggests that the extent of local therapy may be less critical than systemic
control in certain patients. Prior studies have demonstrated that BCS followed by radiotherapy may be
sufficient for local control in many cases, leading to comparable outcomes between the two surgical
modalities [43, 44]. The findings that both surgical approaches significantly improve survival over non-
surgical management support the concept that locoregional control is still important, albeit with
differential benefits depending on tumor subtype.

The differential impact of metastatic burden on survival following surgery was also evident in our study.
Only patients with bone and liver metastases significantly benefited from BCS compared to mastectomy.
No clear advantage was observed for other metastatic patterns, such as bone and brain or bone and
lung metastases. This is consistent with previous studies suggesting that bone-dominant disease,
particularly in HR+/HER2 + patients, has a more favorable prognosis compared to visceral-dominant
disease[7, 45]. Prior research has also highlighted that the number of metastatic sites plays a crucial role
in determining surgical benefit—patients with limited metastatic disease may achieve prolonged survival
with aggressive local therapy, whereas those with extensive visceral metastases derive little benefit from
surgery[9, 46]. Additionally, our results contrast with some previous findings that suggested mastectomy
could be superior to BCS in dnMBC[47]. However, this discrepancy may stem from differences in patient
selection, molecular subtypes, and systemic treatment approaches. Studies have shown that HER2 +
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patients with well-controlled systemic disease and bone-only metastases may benefit from BCS,
whereas those with visceral involvement may not derive a significant advantage from surgery[48].
Moreover, our findings reinforce that the impact of surgical intervention must be interpreted within the
context of modern systemic therapy, which has significantly altered survival outcomes across different
subtypes [9].

Beyond molecular subtypes and metastatic burden, several demographic and clinical factors
independently influenced survival outcomes in our cohort. Consistent with prior studies, tumor
differentiation, marital status, and race emerged as significant prognostic determinants|[2, 15, 49]. Tumor
differentiation remains a key prognostic factor in breast cancer, with our findings consistent with
previous SEER-based studies reporting increased mortality in poorly differentiated tumors. This finding
aligns with a prior SEER-based study, which reported that patients with high-grade tumors had nearly
double the mortality risk compared to those with low-grade tumors[50]. Beyond tumor characteristics,
several menstrual and reproductive factors are well-established in influencing breast cancer risk.
Variables such as age at menarche, menstrual cycle regularity, cumulative menstrual cycles, menopausal
status, and age at menopause, along with reproductive factors like parity, number of full-term
pregnancies, age at first birth, and breastfeeding duration, have been shown to modulate risk. For
example, a recent meta-analysis reported that delaying menarche by one year reduces breast cancer risk
by 4-9%, each additional full-term pregnancy decreases risk by about 7%, and every extra 12 months of
breastfeeding is associated with a 4% risk reduction, whereas a higher age at first birth is linked to a 3-
5% increased risk[51]. Moreover, earlier age at menarche has been correlated with poorer survival
outcomes and is significantly associated with more aggressive tumor features, such as higher grade and
greater lymph node involvement[52]. Unfortunately, due to the absence of detailed reproductive histories
in the SEER database, we could not further explore how these reproductive factors affect breast cancer
prognosis. Future research focusing on these reproductive factors is needed to better understand their
impact on breast cancer progression. In our study, race remained a significant prognostic factor, with
White patients demonstrating a survival advantage compared to Black and other races. This aligns with
a retrospective analysis indicating that Black male breast cancer patients experienced significantly
worse 5-year survival compared to other races [53]. However, a separate study reported higher age-
adjusted incidence rates among Black patients but did not identify race as a predictor of survival [54].
Similarly, an analysis from the California Cancer Registry showed no significant difference in survival
after adjusting for age and stage [55]. These inconsistent findings underscore the complexity of racial
disparities in MBC outcomes and highlight the need for more comprehensive, stratified analyses.

Limitations and Future Directions

While our study benefits from a large, population-based dataset and advanced ML modeling, several
limitations should be acknowledged. First, as a retrospective SEER-based analysis, our findings are
inherently subject to selection bias, despite adjustments using IPTW. Second, the SEER database lacks
critical treatment details, such as chemotherapy regimens, HER2-targeted therapies, and endocrine
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treatment duration, which may significantly influence survival outcomes. Future prospective trials
integrating molecular profiling and treatment data will be essential to refine these predictive models.

Conclusion

Our study provides a comprehensive, ML-driven analysis of dnMBC among childbearing-age women,
demonstrating superior prognostic accuracy of RSF and GBM models. SHAP analysis underscored
molecular subtype, metastatic burden, surgical intervention, and chemotherapy as key predictive factors
influencing survival. Stratified analyses further identified differential surgical benefits across molecular
subtypes, particularly in HR+/HER2 + and HR-/HER2 + patients. Additionally, patients with bone and liver
metastases uniquely benefited from breast-conserving surgery compared to mastectomy. These findings
emphasize the inherent heterogeneity of dnMBC and highlight the critical role of personalized, data-
driven therapeutic strategies. Future prospective studies integrating multi-omics data are necessary to
validate these models and facilitate personalized clinical decision-making.
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The flowchart of patient selection, model development, and analytical framework for female patients
with de novo stage IV breast cancer of childbearing age (SEER 2010-2019).
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Correlation analysis was first conducted to assess potential collinearity among variables (Figure 2A).
balancing model simplicity and predictive accuracy by minimizing mean squared error (Figure 2B). At
this point, the model retained nine key predictive variables, including age, tumor grade, molecular
subtype, T stage, N stage, and specific metastatic sites, which were subsequently used in survival
analyses and machine learning model development (Figure 2C) The relative importance of these
selected features, ranked by their nonzero LASSO coefficientsliFigure 2D.
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Figure 3

Model discrimination was evaluated using receiver operating characteristic (ROC) curves at 1-, 3-, and 5-
year survival intervals in both cohorts. A. ROC curve for the 36-months prognostic model (Training set);
B.ROC curve for the 60-months prognostic model (Validation set); C. ROC curve for the 12-months
prognostic model (Training set); D. ROC curve for the 36-months prognostic model (Validation set); E.
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ROC curve for the 60-months prognostic model (Training set); F. ROC curve for the 12-months prognostic

model (Validation set).
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Figure 4

To assess the clinical applicability of the models, Decision Curve Analysis (DCA)
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Figure 5

W [ 60 70
Median Survival {Months)

The adjusted median overall survival (OS) across different clinical subgroups is presented in Figure 5A.
Kaplan-Meier survival curves for OS and CSS before IPTW adjustment and after IPTW adjustment are
depicted in Figure 5B and Figure 5C.
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Figure 6

A comprehensive overview of feature contributions across different modeling approaches. Figure 6A
presents a radar plot comparing the relative importance of clinical features across RSF and GBM models
for both OS and CSS. Figure 6B presents a SHAP dependence plot, illustrating the interaction between
molecular subtype and metastatic burden. The color gradient represents different metastatic sites,
revealing that multiple-site metastases exerted the most detrimental impact on survival, to further
explore the influence of key variables, SHAP summary plots for RSF and GBM (Figures 6C and 6D)
illustrate the relative contributions of different clinical features.
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IPTW-weighted CSS (Molecular Subtype: HR-/HER?Z- )
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IPTW-adjusted Kaplan-Meier survival analyses, stratified by hormone receptor (HR) and HER2 status.
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IPTW-adjusted Kaplan-Meier survival analyses, stratification by metastatic patterns.
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