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Abstract 
Breast Cancer is the leading cause of death from cancer in women worldwide. In our study, we compared the 
Cox proportional hazards model, Random Survival Forest, Survival Support Vector Machine, DeepSurv, and 
XGBoost Survival within a unified analytical framework. The analysis used 1,981 patients with complete overall 
survival information from the METABRIC dataset, including 1,144 deaths and 837 censored observations. Five-
fold cross-validation was used for Cox PH and Random Survival Forest, while 10-fold cross-validation was used 
for Survival SVM, DeepSurv, and XGBoost Survival. -index, 

-index, time-dependent AUC, Integrated Brier Score, calibration analysis, decision curve analysis, and 
-index of 0.7011 and AUC of 0.7541, 

whereas Random Survival Forest achieved a comparable C-index of 0.6970 and the lowest IBS of 0.1725. 
Random Survival Forest showed the most favorable prediction error, calibration, and clinical net benefit among 
models that generated survival probabilities. These findings indicate that Survival SVM provides the strongest 
discrimination, while Random Survival Forest offers the best overall balance of discrimination, probability 
accuracy, interpretability, and potential clinical utility for breast cancer survival prediction. Explainability 
analyses consistently identified age at diagnosis, Nottingham Prognostic Index, tumor size, and positive lymph-
node involvement as the most influential predictors of mortality risk. 
Keywords: Breast cancer, Random survival Forest, Cox Proportional Model, DeepSurv, Survival Support Vector 
Machine, XGBoost Survival, Kaplan Meier Estimator. 
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1. Introduction 
Breast Cancer is known to be one of the most common cancers diagnosed in women. It is the leading cause of 
death from cancer in women worldwide. In the United States, breast cancer is the second most common cause of 
cancer-related death in women with an estimated 316,950 new cases and 42,170 deaths in 2025 according to 
American Cancer Society (Siegel et al. 2025). The treatment of breast cancer requires a multidisciplinary team of 
specialists in medical, surgical, and radiation oncology. Because most breast cancers are identified by 
mammography or by physical examination, primary care physicians are often the first contact for patients with a 
new breast cancer diagnosis. Primary care physicians should be familiar with the diagnostic workup for breast 
cancer and the basics of treatment (Trayes & Sarah 2021). But a significant issue in the field of bioinformatics or 
medical science is the accurate diagnosis of certain important information making the diagnosis of the disease an 
energetic and tricky job in medicine domain. Early detection of disease has become a crucial problem due to 
rapid population growth in medical research in recent times. With the rapid population growth, the risk of death 
incurred by breast cancer is rising exponentially (Islam et al. 2020). 
 
Over the years, advances in artificial intelligence have led to the application of Machine Learning (ML), Deep 
Learning and Statistical Survival Models in breast cancer prognosis. Researchers have achieved rapid progress in 
the prediction of breast cancer, which has paved the way for the development of innovative healthcare tools. 
Traditional statistical approaches, particularly the Cox proportional hazards model, have been widely used 
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because of their interpretability and ability to analyze censored survival data. More recently, machine learning 
methods such as Random Survival Forests, Survival Support Vector Machines, and gradient boosting algorithms, 
as well as deep learning models including DeepSurv, have demonstrated considerable potential for capturing 
complex nonlinear relationships and improving predictive performance  
2024; Cai et al. 2025; Takele & Chen 2026; Tiwari el at. 2020). These developments have contributed to the 
emergence of intelligent clinical decision-support systems for personalized cancer care.  
 
However, important gaps remain in existing literature. Although numerous studies have developed breast cancer 
survival prediction models using either traditional statistical methods or individual machine learning techniques, 
relatively few have conducted a comprehensive comparison of traditional, machine learning, and deep learning 
survival models within a unified analytical framework. Many existing studies evaluate only one or two modeling 
approaches, use a single performance metric, or provide limited model interpretability. Furthermore, there is 
limited evidence on how modern survival models compare when assessed using multiple discrimination, 
calibration, and prediction-error measures while incorporating explainability techniques for clinical 
interpretation. Consequently, it remains unclear which survival modeling approach offers the best balance 
between predictive accuracy, calibration, and interpretability for breast cancer prognosis. Therefore, this study 
presents a comprehensive comparative evaluation of Cox PH, RSF, Survival SVM, XGBoost Survival, and 
DeepSurv using a unified preprocessing and validation framework with multiple performance metrics and 
explainable artificial intelligence techniques to identify an accurate and interpretable model for breast cancer 
survival prediction. 
 

2. Related Works 
In recent years, we have seen notable advancements in the prediction of breast cancer disease thanks to the 
benefits of machine learning approaches, including their capacity to model nonlinear relationships and the 
caliber of their overall predictions. 
 
Takele & Chen (2026) compared survival and classical machine learning models for predicting breast cancer 
survival in Ethiopia.  Methods like Kaplan Meier estimation, Cox proportional hazards, random survival forests 
(RSF), DeepSurv, and classical machine learning (SVM, XGBoost, LGBM, and RF) classifiers were used with 
evaluation metrics such as AUC, C-index, and Integrated Brier Score (IBS). Their findings demonstrated that 
random survival forest and random forest achieved the highest performance (C-index: 0.754; IBS: 0.091) and 
(0.729 ± 0.006), respectively, outperforming the other models under consideration. The Shapley Additive 
Explanations (SHAP) analysis for the RSF model identified age, tumour size, metastasis, stage, comorbidities, 
and marital status as the most important predictors of breast cancer survival.  
 
Baidoo & Rodrigo (2025) investigated data-driven survival modeling approaches to predict breast cancer 
survival, including survival-specific methods such as the Cox Proportional Hazards (CPH) model, Random 
Survival Forests (RSF), and Cox Proportional Deep Neural Networks (DeepSurv), as well as machine learning 
models like Random Forests (RF), XGBoost, Support Vector Machines (SVM) with an RBF Kernel, and 
LightGBM. The performance of survival-specific and ML models was evaluated using the Concordance index 
(C-index), Integrated Brier Score (IBS), mean accuracy, and mean AUC. The CPH model achieved a C-index of 
0.71 ± 0.015 and an IBS of 0.08 ± 0.006, while RSF demonstrated slightly better discriminatory power with a C-
index of 0.72 ± 0.0117. DeepSurv performed comparably, with a C-index of 0.71±0.0095 and an IBS of 0.09 ± 
0.0008. Both Cox and RSF models achieved the lowest IBS (0.08), indicating accurate survival probability 
predictions over time. For ML models, RF achieved a mean AUC of 0.74±0.0021, and XGBoost with a mean 
AUC 0.69±0.0183, reflecting fair discriminatory ability but not accounting for censoring in survival data. The 
SHAP analysis for the top performing models highlighted the extent of lymph node involvement, Regional Node 
Positive (number of affected lymph nodes), tumor grade (cell abnormality and growth rate), progesterone status, 
and age as key predictors of breast cancer survival outcomes. 
 
Also, Cai et al. (2025) developed a survival prediction model for patients with breast cancer using multiple 
methods. Their study analyzed 8,119 patients with HER2-positive, HR-negative breast cancer from the SEER 
database who were randomly allocated to training, validation, and test cohorts in a 7:1:2 ratio. Predictive models 
were developed using five feature sets and three algorithms (Cox PH, RSF, DeepSurv), with feature selection 
optimized via Concordance index (C-index). Evaluation revealed that the C-index of the DeepSurv models 
constructed using the training set is greater than 0.8 performed better than both the RSF and Cox PH models. 
Based on the training set, the DeepSurv model predicted the highest ROC-AUCs of 0.91, 0.863, and 0.855 for 1-, 
3-, and 5-year overall survival (OS), respectively. The RSF model achieved the highest AUCs, specifically 0.876, 
0.861, and 0.845, for 1-, 3-, and 5-year overall survival in the test group. Also, the calibration graphs indicate 



Computer Engineering and Intelligent Systems                                                                                                                                 www.iiste.org 

ISSN 2222-1719 (Paper) ISSN 2222-2863 (Online) 

Vol.17, No.1, 2026 

 

72 
 

that of the three models forecasting overall survival at 1, 3, and 5years, the RSF model demonstrated the greatest 
level of agreement between predictions and actual observations, trailed by the DeepSurv model but, there was 
poor agreement between Cox PH model predictions and observed data. 
 
The study cohort of Jin et al. (2025) included 306 patients with breast cancer, with most aged 40-60 years 
(204/306, 66.7%). RSF and Cox regression models were compared using the time-dependent area under the 
curve (AUC), the concordance index (C-index), and risk stratification. In the internal cohort, the RSF achieved 
significantly higher time-dependent AUCs compared to Cox regression at 1-year (0.811 vs 0.763), 3-year (0.834 
vs 0.783), and 5-year (0.810 vs 0.771) intervals (overall C-index: 0.803, 95% CI 0.747-0.859, vs 0.736, 95% CI 
0.673-0.799). External validation confirmed robust generalizability: the duke cohort showed 1-, 3-, and 5-year 
AUCs of 0.912, 0.803, and 0.776, respectively, while the SEER cohort maintained consistent performance with 
AUCs of 0.771, 0.729, and 0.702, respectively. Risk stratification using the RSF identified 25.8% (79/306) high-
risk patients and a significantly reduced survival time (P<.001). Notably, the RSF maintained improved net 
benefits across decision thresholds in decision curve analysis (DCA). The RSF model showed promising 
performance across different molecular subtypes in all datasets. Also, based on the RSF predicted scores, 
patients were stratified into high- and low-risk groups, with notably poorer survival outcomes observed in the 
high-risk group compared to the low-risk group. 
 
Kaindal & Venkataramana (2025) evaluated a combination of parametric statistical models and machine learning 
algorithms to identify the most influential prognostic factors affecting the survival of patients. Two commonly 
used parametric models, log-gaussian regression and logistic regression, were applied to assess the relationship 
between survival and a set of clinical variables, including age at diagnosis, tumor grade, primary tumor site, 
marital status, American Joint Committee on Cancer (AJCC) stage, race, and receipt of radiation therapy or 
chemotherapy. Among these, the neural network model exhibited the highest predictive accuracy. The random 
forest model achieved the best balance between model fit and complexity, as indicated by its lowest Akaike 
Information Criterion (AIC) and Bayesian Information Criterion (BIC) values. Across all models, five variables 
consistently emerged as significant predictors of survival: age, tumor grade, AJCC stage, marital status, and 
radiation therapy use. Their findings highlight the importance of combining traditional survival analysis 
techniques with machine learning approaches to enhance predictive accuracy and support evidence-based 
personalized treatment planning in breast cancer care. 
 

3. Materials and Methods Used 
3.1 Data Source and Information 
The dataset analyzed in this paper represents Breast cancer data from the Cbioportal for Cancer Genomics. The 
significance of this study stems from the critical need to improve clinical outcomes through adequate preventive 
and therapeutic interventions for breast cancer patients. The dataset is made up of a combined dataset of patients 
and sample data called clinical dataset. This dataset contains 2509 instances across 36 distinct features. Each 
instance in the dataset corresponds to a unique record of hospitalized patients (females) diagnosed to determine 

consisting of laboratory tests and medication administration during their admission. 
1. Response Variable 

In this research, the (OS Month, OS Status) variables have been designated as the target or response variables for 
analysis. Overall survival was defined as the time, in months, from the specified study origin, such as diagnosis 
or surgery, to death from any cause or the last documented follow-up. The overall survival event indicator was 
coded as 1 for patients who died and 0 for patients who were alive or censored at the end of follow-up. Of the 
2,509 patients in the original dataset, 1,981 had complete overall survival endpoint information, meaning that 
both survival time and survival status were available. Among these patients, 1,144 deaths were observed, while 
837 patients were censored. The remaining 528 patients had both overall survival time and survival status 
missing. These patients were excluded from analyses in which overall survival was the outcome because neither 
an event time nor a censoring time was available. Overall survival outcomes were not imputed because imputing 
both survival time and event status would require generating unobserved outcome information and could bias 
survival estimates, hazard ratios, and model-performance measures. The analysis was conducted using 1,981 
patients with complete overall survival time and status information. 

2. Predictor Variables 
Prior to model development, several variables were excluded to prevent data leakage and improve model 
reliability. Patient identifiers (PATIENT_ID, SAMPLE_ID) and imported row indices were removed because 
they contained no prognostic information. The variable VITAL_STATUS was excluded because it directly 
reflects the survival outcome and would introduce information leakage. Recurrence-free survival variables 
(RFS_MONTHS and RFS_STATUS) were also removed since the primary endpoint of this study was overall 
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survival. Variables with no variability (single-category variables: SEX, CANCER_TYPE, SAMPLE_TYPE) 
were discarded because they provided no discriminatory information. The dataset used for the analysis contains 
1981 instances across 27 distinct features. Missing continuous variables were imputed using the median of the 
training data, while categorical variables were imputed using the most frequent category. Continuous predictors 
were standardized, and categorical predictors were transformed using one-hot encoding. All preprocessing 
parameters were estimated using the training dataset only and subsequently applied to the test dataset to prevent 
information leakage. The data were divided into 80% training and 20% independent test sets using a stratified 
split based on the event indicator to preserve the proportion of deaths and censored observations.

3.2 Model Tunning and Validation
To improve model robustness and reduce overfitting, 5-fold stratified cross-validation was employed for the 
CPH and RSF models, whereas 10-fold stratified cross-validation was used for the Survival SVM, DeepSurv, 
and XGBoost Survival models. Hyperparameter tuning was performed using grid search, and the optimal model 
for each approach was selected based on the highest mean validation Harrell's C-index before being retrained on 
the full training dataset and evaluated on the independent test dataset. For the RSF model, the tuning process 
considered 300 trees, minimum node sizes of 5, 10, and 20, minimum split sizes of 10 and 20, and max_features 
(mtry) equal to 50% of the predictors, with the optimal model using 300 trees, min_samples_split = 10, 
min_samples_leaf = 5, max_features = 0.5, and the default log-rank splitting rule. The Cox model was optimized 

tuned using combinations of alpha (0.001, 0.01, 0.1, 1.0) and rank_ratio (0.5, 1.0), the XGBoost Survival model 
was optimized by maximum tree depth (2 and3), learning rate (0.02 and 0.05), subsample ratio (0.8 and 1.0), 
column sampling ratio (0.8), and minimum child weight (1 and 5). Each candidate model was trained using 1000 

model with the highest mean validation Harrell's C-index was selected, while the DeepSurv model was tuned by 
optimizing its neural network architecture and training parameters using early stopping. Model performance was 
subsequently evaluated on the independent test dataset using Harrell's concordance index (C-index), Uno's C-
index, time-dependent area under the curve (AUC), Integrated Brier Score (IBS), calibration curves, decision 
curve analysis, and explainable artificial intelligence techniques, including SHAP and feature importance 
analyses. All analyses were performed in Python 3.12 using Google Colaboratory, with the lifelines, scikit-
survival, scikit-learn, XGBoost, PyTorch, PyCox, TorchTuples, SHAP, and Matplotlib libraries, and a fixed 
random seed (2026) was used to ensure reproducibility.

3.3 Methods Used
In our study, we compared the Cox proportional hazards model, Random Survival Forest, Survival Support 
Vector Machine, DeepSurv, and XGBoost Survival as the methods used for our analysis.
1. Kaplan Meier Estimator

It is a nonparametric estimator of the survival function that appropriately accounts for right-censored 
observations and does not require a specific probability distribution for survival times (Goel et al. 2010; Kaplan 
& Meier 1958; Rich et al. 2010). The Kaplan Meier estimator was used to describe the overall survival 
experience of the study population. The survival function is defined as

                                               (1)
where denotes the survival time. The Kaplan Meier estimate of the survival function is

                                                                  (2)

where represents the ordered event time, is the number of deaths occurring at time , and is the 

number of patients at risk immediately before time .

2. Cox Proportional Hazards Model
The Cox proportional hazards model was used as the conventional statistical benchmark for evaluating the 
association between the predictor variables and overall survival. The Cox model is semiparametric because it 
does not require a parametric form for the baseline hazard function, although it assumes that the effects of the 
predictors are multiplicative and proportional overtime (Cox 1984; Harrell Jr 2015; Kleinbaum 1998; Therneau
& Grambsch 2000). For a patient with predictor vector X, the Cox model is expressed as
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                            (3)
where is the hazard function at time t, is the unspecified baseline hazard function, and

is the vector of regression coefficients.

3. Random Survival Forest
Random Survival Forest (RSF) is a nonparametric ensemble-learning extension of random forests for right-
censored survival data (Breiman 2001; Ishwaran et al. 2008). Unlike the Cox model, RSF does not require the 
proportional hazards assumption and can capture nonlinear predictor effects and complex interactions. The RSF 
algorithm constructs an ensemble of B survival trees using bootstrap samples of the training data. At each 
internal node, a random subset of mtry predictors is considered, and the split that produces the greatest 
separation between the survival experiences of the two child nodes is selected. The log-rank splitting rule was 
used in this study.
4. DeepSurv

DeepSurv is a deep neural-network extension of the Cox proportional hazards model (Katzman et al. 2018). It 
replaces the linear Cox risk function with a nonlinear function estimated by a multilayer feed-forward neural 
network. This enables the model to capture complex and nonlinear relationships among clinical, pathological, 
molecular, and treatment-related predictors. For a patient with predictor vector Xi, DeepSurv estimates a 
nonlinear log-risk function

                                (4)
where represents the neural network and denotes its trainable parameters.

The DeepSurv hazard function is

                           (5)
Model training was performed by minimizing the negative Cox partial log-likelihood,

         (6)

When regularization is 
included, the objective 

becomes

                                                          (7)
where controls the strength of regularization.

5. Survival Support Vector Machine
The Survival Support Vector Machine (Survival SVM) extends support vector learning to censored time-to-event 
outcomes by formulating survival prediction as a ranking problem (Pölsterl 2020; Pölsterl et al. 2015; Van Belle
et al. 2011). Rather than directly estimating the survival function, Survival SVM learns a risk score that correctly 
orders patients according to their observed survival outcomes. For two comparable patients i and j, where patient
i experienced the event before patient j, the desired ranking relationship is

                                                                    (8)
where is the model-estimated risk score. For a linear Survival SVM,

                                                                    (9)
where is the vector of model coefficients.

6. XGBoost Survival
Extreme Gradient Boosting Survival is a tree-based boosting method adapted to censored survival data using the 
Cox partial-likelihood objective (Chen & Guestrin 2016; Friedman 2001). It sequentially adds regression trees to 
correct prediction errors from previous iterations while incorporating regularization, shrinkage, row subsampling, 
and feature subsampling. At boosting iteration m, the predicted log-risk for patient i is updated as

                                                          (10)

where is the prediction from the previous iteration, is the newly added decision tree, and is the 

learning rate.

3.4 Model Performance Evaluation and Explainability
Model performance was assessed using measures of discrimination, prediction error, calibration,
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and explainability.
1.

the patient with the shorter observed survival time receives the higher predicted risk score (Harrell Jr et al. 1996). 
A value of 0.5 represents random ranking, values between 0.5 1 represent good model performances, whereas a 
value of 1 represents perfect discrimination.

2. Concordance Index
-adjusted measure of discrimination (Uno et al. 2011). It 

applies inverse-probability-of-censoring weights to reduce bias caused by heavy censoring. It complements 
-index by reducing potential bias from censoring and provides additional evidence about how well 

each model correctly ranks patients according to survival risk.
3. Time-Dependent Area Under the Curve

Time-dependent AUC was used to evaluate the ability of each model to distinguish patients who experienced 
death by time t from those who survived beyond time t. It is defined as

                                                   (11)
where and are the predicted risk scores for a case and a control at time t, respectively (Heagerty et al. 2000; 

Heagerty & Zheng 2005). Time-dependent AUC values were evaluated across follow-up, with specific estimates 
reported at 60 and 120 months.

4. Brier Score and Integrated Brier Score
The time-dependent Brier score evaluates the squared difference between the observed survival
status and the predicted survival probability while accounting for censoring (Gneiting & Raftery 2007; Graf et al.
1999). It is defined as

                                (12)
where represents the inverse-probability-of-censoring weight. The Integrated Brier Score summarizes 

prediction error over a specified time interval,

                     (13)
Lower Brier scores indicate more accurate survival probability predictions. The IBS was not computed for 
Survival SVM because the model did not directly estimate survival probability functions.

5. Calibration Analysis
Calibration was assessed by comparing predicted survival probabilities with Kaplan Meier observed survival 
probabilities at 60 and 120 months. Patients were grouped according to their predicted probabilities, and the 
mean prediction within each group was compared with the corresponding observed survival estimate.

6. Decision Curve Analysis
Decision Curve Analysis was used to evaluate the clinical utility of the models at 60 and 120
months. The net benefit at threshold probability was calculated

as

                          (14)
where and are the numbers of true-positive and false-positive decisions at threshold , respectively

(Vickers & Elkin 2006). The net benefit of each model was compared with the strategies of treating all patients 
and treating no patients. Survival SVM was excluded because of its risk scores were not calibrated absolute 
event probabilities.

7. Shapley Additive Explanations (SHAP)
SHAP values are based on Shapley values from cooperative game theory. The SHAP value for predictor can be 

written as

                 (15)
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where is the complete set of predictors, is a subset not containing predictor , and represents the 

prediction obtained using the predictors in subset (Lundberg & Lee 2017). It values were used to measure the 

contribution of values increased predicted 
mortality risk, whereas negative values decreased predicted risk.

4. Results and Discussion
In our analysis, a total of five survival models, namely the Cox Proportional Hazards (CPH) model, Random 
Survival Forest (RSF), Survival Support Vector Machine (Survival SVM), DeepSurv, and XGBoost Survival, 
were developed and evaluated using the training and independent test datasets. 

Figure 1: Kaplan Meier overall survival curve for the breast cancer cohort.

Figure 1 shows the overall survival experience of patients during follow-up. The solid blue line represents the 
estimated survival probability, while the shaded region denotes the 95% confidence interval. The stepwise 
decreases correspond to observed death events, and the widening confidence interval toward the end of follow-
up reflects the decreasing number of patients remaining at risk. The estimated survival probability decreased 
steadily throughout the follow-up period, indicating a progressive accumulation of mortality events over time. 
Survival remained high during the early months of follow-up but declined gradually as follow-up increased. By 
approximately 180 months, the estimated survival probability had fallen to about 45%, and by the end of follow-
up (approximately 360 months), only a small proportion of patients remained alive. The widening 95% 
confidence intervals observed during the later follow-up period reflect the reduced number of patients remaining 
under observation, resulting in greater uncertainty in the survival estimates.



Computer Engineering and Intelligent Systems                                                                                                                                 www.iiste.org 

ISSN 2222-1719 (Paper) ISSN 2222-2863 (Online) 

Vol.17, No.1, 2026 

 

77 
 

 
Figure 2: Forest plot of hazard ratios from the multivariable stratified Cox proportional hazards model. 

Figure 2 presents the adjusted hazard ratios from the stratified Cox proportional hazards model. Points represent 
adjusted hazard ratios, horizontal lines indicate 95% confidence intervals, and the dashed vertical line denotes a 
hazard ratio of 1. Age was included as a stratification variable; therefore, no single hazard ratio was estimated for 
age. Higher Nottingham Prognostic Index (NPI) was associated with an increased risk of death, while advanced 
tumor stage, particularly Stage IV, showed the largest estimated hazard ratio. Most other variables had 
confidence intervals that crossed the null value (HR = 1), indicating limited evidence of an independent 
association with overall survival after multivariable adjustment. Age was treated as a stratification variable and 
therefore does not have a corresponding hazard ratio estimate. 
 

Table 1: Comparison of performance of the survival model 
Model Harrell's 

C 
Uno's 
C 

AUC 
(60 
months) 

AUC 
(120 
months) 

Mean 
Dynamic 
AUC 

IBS Harrell's 
C   95% 
CI 
(Lower) 

Harrell's 
C   95% 
CI 
(Upper) 

Survival 
SVM 

0.7011 0.6875 0.7660 0.7429 0.7541 NaN 0.6647 0.7372 

Random 
Survival 
Forest 

0.6970 0.6894 0.7513 0.7523 0.7518 0.1725 0.6638 0.7318 

Cox 
Proportional 
Hazards 

0.6864 0.6799 0.7313 0.7369 0.7342 0.1759 0.6516 0.7230 

DeepSurv 0.6864 0.6828 0.7142 0.7346 0.7247 0.1761 0.6489 0.7235 

XGBoost 
Survival 

0.6811 0.6765 0.7167 0.7401 0.7288 0.2005 0.6449 0.7177 

 
Figure 3 and Table 1 compare the discrimination performance of the five survival models on the independent test 
set. Survival SVM achieved the highest predictive performance, with the largest Harrell's C-index (0.7011; 95% 
CI: 0.6647 0.7372), followed closely by the Random Survival Forest (0.6970; 95% CI: 0.6638 0.7318). The 
Cox proportional hazards and DeepSurv models showed similar discrimination (Harrell's C = 0.6864), while 
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XGBoost Survival produced the lowest Harrell's C-index (0.6811). Consistent with these findings, Survival 
SVM also achieved the highest time-dependent AUC at 60 months (0.7660) and the highest mean dynamic AUC 
(0.7541). Among the models for which the Integrated Brier Score (IBS) could be estimated, the Random 
Survival Forest yielded the lowest IBS (0.1725), indicating the best overall prediction accuracy, whereas IBS 
was not computed for Survival SVM because it does not estimate individual survival probability functions 
required for Brier score calculation. 
 

 
Figure 3: Comparison of test-set discrimination performance across survival models. 

4.1 Time-Dependent AUC by Model 
Figure 4 compares the time-dependent AUC of the five survival models throughout follow-up. Higher AUC 
values indicate better discrimination between patients with different survival outcomes over time. Overall, 
Survival SVM achieved the highest mean dynamic AUC (0.754), followed closely by the Random Survival 
Forest (0.752), indicating superior discrimination over time. The Cox proportional hazards, DeepSurv, and 
XGBoost Survival models showed comparatively lower but relatively stable performance, with mean dynamic 
AUC values of 0.734, 0.725, and 0.729, respectively. Although the AUC values fluctuated across follow-up, all 
models maintained good discriminatory ability, with most AUC estimates exceeding 0.70. These findings further 
support the superior overall discrimination performance of the Survival SVM and Random Survival Forest 
models. 
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Figure 4: Time-dependent AUC of the five survival models across the follow-up period. 

4.2 Brier Score 
Lower Brier scores indicate better prediction accuracy over time. Figure 5 compares the prediction error of the 
survival models using the time-dependent Brier score. The Random Survival Forest consistently achieved the 
lowest prediction error throughout most of the follow-up period, indicating the best overall prediction accuracy. 
The Cox proportional hazards and DeepSurv models showed similar performance with only slightly higher Brier 
scores than the Random Survival Forest. In contrast, XGBoost Survival exhibited the highest prediction error 
across most time points, suggesting comparatively poorer predictive accuracy. These findings are consistent with 
the integrated Brier score results, where the Random Survival Forest produced the lowest IBS among the models 
capable of estimating survival probabilities. 
 

 
Figure 5: Prediction error (Brier score) curves for the survival models. 
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4.3 Calibration Plot 

 
Figure 6: Calibration plots of the survival models at (a) 60 months and (b) 120 months. 

Figure 6 compares the calibration performance of the survival models at 60 and 120 months. The dashed 
diagonal line represents perfect calibration, where predicted survival probabilities equal the observed Kaplan
Meier survival probabilities. At both time points, the Cox proportional hazards, Random Survival Forest, and 
DeepSurv models showed good agreement between predicted and observed survival probabilities, with 
calibration curves lying close to the reference line of perfect calibration. In contrast, XGBoost Survival deviated 
more noticeably from the diagonal, particularly at higher predicted survival probabilities, indicating poorer 
calibration. Calibration was generally maintained from 60 to 120 months for the Cox PH, Random Survival 
Forest, and DeepSurv models, demonstrating stable probability estimation over time. Overall, these results 
indicate that the Random Survival Forest, Cox PH, and DeepSurv models provided more reliable survival 
probability estimates than the XGBoost Survival model. 

4.4 Decision Curve Analysis 
Figure 7 presents the clinical utility of the survival models at 60 and 120-months using decision curve analysis. 
Higher net benefit indicates greater potential clinical utility across a range of threshold probabilities. The "Treat 
all" and "Treat none" strategies are included as reference curves. At both time points, the Cox proportional 
hazards, Random Survival Forest, and DeepSurv models consistently provided higher net benefit than the treat-
all and treat-none strategies across most clinically relevant threshold probabilities. The Random Survival Forest 
generally achieved the highest net benefit over a broad range of thresholds, indicating the greatest potential 
clinical usefulness. In contrast, XGBoost Survival yielded lower net benefit than the other models across most 
threshold probabilities. Overall, the decision curve analysis suggests that the Cox PH, Random Survival Forest, 
and DeepSurv models offer greater clinical value for supporting individualized prognosis than XGBoost Survival. 
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Figure 7. Decision curve analysis of the survival models at (a) 60 months and (b) 120 months. 

4.5 Feature Importance 
Figure 8 presents the explainability analysis for the Random Survival Forest model. Both the SHAP Beeswarm 
plot and permutation feature importance consistently identified Age at Diagnosis as the most influential predictor 
of survival, followed by the Nottingham Prognostic Index (NPI), positive lymph nodes examined, and tumor size. 
The SHAP plot further shows that higher values of these variables generally contributed to an increased 
predicted risk of mortality, whereas lower values were associated with reduced risk. Other clinical and molecular 
variables, including IntClust subtype, Claudin subtype, and chemotherapy status, had comparatively smaller 
contributions to the model predictions. The strong agreement between the SHAP and permutation importance 
analyses supports the robustness and interpretability of the Random Survival Forest model. 

 
Figure 8. Random Survival Forest (RSF) explainability. 
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Figure 9. DeepSurv model explainability. 

Figure 9 presents the SHAP-based interpretation of the DeepSurv model. a) SHAP beeswarm plot illustrating the 
contribution of individual features to the predicted log-risk, where red and blue represent high and low feature 
values, respectively. (b) Mean absolute SHAP values ranking the most influential predictors in the DeepSurv 
model. Both the Beeswarm plot and the mean absolute SHAP values consistently identified Age at Diagnosis as 
the most influential predictor of breast cancer survival, followed by the Nottingham Prognostic Index (NPI) and 
tumor size. The Beeswarm plot indicates that higher values of age, NPI, tumor size, and the number of positive 
lymph nodes generally increased the predicted log-risk of mortality, while lower values were associated with 
reduced risk. Clinical and molecular variables, including HER2 SNP6 status, laterality, breast-conserving surgery, 
radiotherapy, Claudin subtype, and IntClust subtype, also contributed to prediction but with smaller effects. 
Overall, the agreement between the SHAP beeswarm plot and the feature importance ranking demonstrates that 
the DeepSurv model primarily relies on established clinical prognostic factors while incorporating additional 
molecular characteristics to improve individualized survival prediction. 
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Figure 10. XGBoost Survival model explainability. 

Figure 10 presents the explainability results of the XGBoost Survival model using SHAP values and gain-based 
feature importance. The SHAP Beeswarm plot identified Age at Diagnosis, NPI, number of positive lymph nodes, 
and tumor size as the strongest contributors to the predicted log-risk, with higher values generally associated 
with an increased risk of mortality. The gain-based importance ranking similarly highlighted INTCLUST_5, 
number of positive lymph nodes, Age at Diagnosis, NPI, and several clinicopathological variables, including 
tumor stage, hormone therapy, and breast surgery, as important predictors of survival. While the gain-based 
importance measures each variable's contribution to model construction, the SHAP analysis provides patient-
level explanations by quantifying both the magnitude and direction of each feature's effect on the predicted risk. 
Overall, the agreement between the two explainability approaches demonstrates that the XGBoost Survival 
model relies on well-established clinical prognostic factors while also incorporating molecular subtype 
information to improve breast cancer survival prediction. 
 
Figure 11 presents the feature importance of the Survival SVM model based on the absolute standardized 
coefficients. Variables are ranked according to the absolute standardized model coefficients, where larger 
coefficients indicate greater influence on the predicted survival risk. Tumor stage (Stage IV) was identified as the 
most influential predictor, followed by tumor stage (Stage 0), INTCLUST 5, and Age at Diagnosis, indicating 
their strong contribution to survival prediction. Several histopathological and molecular characteristics, including 
histological subtype, cancer type, OncoTree classification, and INTCLUST subtypes, also ranked among the 
most important predictors. Clinical variables such as positive lymph nodes, chemotherapy status, and 
menopausal status contributed to the model but had comparatively smaller effects. Overall, the Survival SVM 
model incorporated both conventional clinicopathological factors and molecular characteristics, demonstrating 
that breast cancer prognosis is influenced by a combination of clinical and biological features. 
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Figure 11. Survival Support Vector Machine (Survival SVM) feature importance. 

4.6 Discussion 
This study compared five survival modeling approaches Cox Proportional Hazards (CPH), Random Survival 
Forest (RSF), Survival Support Vector Machine (Survival SVM), DeepSurv, and XGBoost Survival for 
predicting breast cancer survival using multiple discrimination, calibration, prediction error, and clinical utility 
metrics. Overall, the results demonstrate that all models achieved acceptable predictive performance, with 
Harrell's C-index values ranging from 0.681 to 0.701, indicating good discrimination between patients with 
different survival outcomes. Among all models, the Survival SVM achieved the highest Harrell's C-index 
(0.7011), Uno's C-index (0.6875), and mean time-dependent AUC (0.7541), suggesting great overall 
discrimination. However, its inability to estimate individual survival probabilities prevented the calculation of 
the Integrated Brier Score (IBS) and excluded it from calibration and Decision Curve Analysis (DCA), limiting 
its usefulness for clinical risk prediction despite its strong ranking performance. The Random Survival Forest 
demonstrated the best overall balance between discrimination, calibration, prediction accuracy, and clinical 
applicability. It produced the lowest IBS (0.1725), indicating the smallest prediction error, while maintaining 
competitive discrimination performance and consistently providing the greatest net clinical benefit across both 
the 60 and 120-month decision curve analyses. These findings suggest that RSF effectively captures complex 
nonlinear relationships and interactions among clinical and molecular variables while providing reliable survival 
probability estimates required for clinical decision-making. Although the Cox Proportional Hazards model 
produced slightly lower discrimination than the machine learning models, it remained highly competitive and 
exhibited excellent calibration at both 60 and 120 months. The Cox model successfully addressed violations of 
the proportional hazards assumption while preserving the interpretability of hazard ratios for the remaining 
predictors. The forest plot further demonstrated that higher tumor stage, larger Nottingham Prognostic Index 
(NPI), and positive lymph node involvement were associated with an increased mortality risk, findings that are 
consistent with established clinical knowledge (Baidoo & Rodrigo 2025; Cai et al. 2025; Jin et al. 2025). 
DeepSurv achieved discrimination comparable to the Cox model while modeling nonlinear relationships 
between predictors and survival outcomes. Its calibration curves closely followed the ideal reference line, and 
the SHAP analysis identified Age at Diagnosis, NPI, tumor size, and lymph node involvement as the primary 
contributors to survival prediction. Although DeepSurv did not outperform RSF or Survival SVM, it 
demonstrated that deep learning can effectively model complex survival patterns while maintaining 
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interpretability through explainable artificial intelligence techniques. The XGBoost Survival model achieved the 
lowest overall discrimination and the highest prediction error among the evaluated probability-based models. 
Nevertheless, its SHAP explanations and gain-based feature importance consistently identified clinically relevant 
prognostic variables, including Age at Diagnosis, NPI, tumor size, lymph node involvement, and molecular 
subtypes, confirming that the model learned meaningful biological relationships despite its comparatively lower 
predictive performance. Across all explainability analyses, Age at Diagnosis, NPI, tumor size, and positive 
lymph nodes consistently emerged as the most influential predictors regardless of modeling approach, 
reinforcing well-established variables importance in breast cancer prognosis (Baidoo & Rodrigo 2025; Cai et al. 
2025; Jin et al. 2025). 

5. Conclusion 
This study demonstrates that machine learning and deep learning survival models provide competitive 
performance for breast cancer survival prediction while offering complementary strengths over traditional 
statistical methods. Survival SVM achieved the highest discrimination performance, whereas Random Survival 
Forest provided the best overall combination of predictive accuracy, calibration, low prediction error, model 
explainability, and clinical utility. The Cox Proportional Hazards model remained a strong benchmark because of 
its interpretability and robust calibration, while DeepSurv offered an effective nonlinear alternative with 
meaningful SHAP-based explanations. Collectively, these findings suggest that Random Survival Forest 
represents the most suitable model for clinical survival prediction because it combines high predictive 
performance with accurate probability estimation and practical decision support. Although several machine 
learning and deep learning survival models were compared, future research should validate these findings using 
external multi-center datasets, incorporate additional genomic and imaging biomarkers, and evaluate emerging 
transformer-based and foundation survival models to further improve individualized breast cancer prognosis. 
Also, the Survival SVM model could not estimate individual survival probabilities, preventing the calculation of 
the Integrated Brier Score (IBS) and excluding it from calibration and decision curve analyses. Despite 
incorporating explainability techniques such as SHAP and feature importance, key predictors of breast cancer 
progression, such as genetic and lifestyle factors, were not included in the dataset, which may limit a 
comprehensive understanding of the disease and the ability to establish causal relationships between prognostic 
factors and survival outcomes. Therefore, in the future, larger datasets will be needed to support the use of deep 
learning methods for a more thorough understanding of breast cancer. 
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