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Abstract 

Background: The clinical adoption of machine learning (ML) in survival analysis is often hindered 
by the "black box" nature of complex algorithms. This study presents a unified and clinically 
grounded framework that integrates ML-based feature selection with traditional survival analysis to 
bridge the gap between algorithmic predictive power and routine clinical interpretation. Methods: 
We employed a  hybrid approach where ML models identified high-impact features, which were  
subsequently validated using Cox Proportional Hazards and Kaplan–Meier analysis. The framework 
was evaluated across two distinct disease domains, Heart Failure and the METABRIC breast cancer 
cohort, to assess robustness and generalizability. Results: In the Heart Failure dataset, risk 
stratification based on age group, serum creatinine, and blood pressure successfully separates 
patients into distinct risk groups. The high-risk group exhibited significantly increased mortality 
compared to the low-risk group (Hazard Ratio [HR]: 2.61; 95% CI: 1.42–4.78; p = 0.0013). Validation 
in the METABRIC dataset confirmed the adaptability of the method; a composite risk profile utilizing 
age group at diagnosis, HER2 status, and the Nottingham Prognostic Index (NPI) yielded strong 
separation (p < 0.001). The high-risk breast cancer group demonstrated an HR of 2.73 (95% CI: 2.34–
3.19), with a median survival of 104.7 months compared to 252.3 months for the low-risk group, a 
survival benefit of approximately 12.3 years. Conclusions: This cross-disease validation 
demonstrates that integrating ML feature selection with established survival metrics translates 
complex models into concise, statistically robust, and clinically interpretable prognostic factors, 
offering a scalable methodology for diverse clinical contexts. 

Keywords: survival analysis; machine learning; feature selection; gradient boost machine; 
random survival forest; heart failure; METABRIC breast cancer; hazard ratio; kaplan meier curve; 
clinical trials; Cox model 

1. Introduction

Survival analysis is a foundational tool in clinical research, used to model time-to-event
outcomes such as disease progression, treatment response, and patient mortality[1,2]. Traditionally, 
it has been most widely applied in oncology [3,4,5], where time-to-death metrics are critical for 
evaluating treatment efficacy. More recently, survival analysis has expanded into other therapeutic 
areas, including cardiovascular disease [6,7,8], liver cirrhosis [9,10]11], and chronic conditions where 
long-term outcomes or organ failure risks are key concerns. Common methods such as the hazard 
ratio (HR) and Kaplan–Meier (KM) curves are central to these analyses, enabling clear comparisons 
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between patient subgroups and supporting both regulatory decisions and patient treatment 
strategies based on risk [2,12,13]. 

In parallel with classic statistical approaches like HR and KM, the rise of electronic health records 
and high-dimensional data has driven rapid adoption of machine learning (ML) in healthcare. ML 
techniques, ranging from Cox proportional hazards extensions [14] to Random Survival Forests 
(RSF) [15], Gradient Boosting Machines (GBM)[16], XGBoost [17], and CatBoost [18], have been 
increasingly used to monitor chronic diseases, identify early biomarkers [19], and predict clinical 
outcomes such as adverse events [20] and overall survival [21]. These models excel at handling high-
dimensional and longitudinal data, making them well-suited for complex prediction tasks. However, 
their “black-box” nature often limits clinical interpretability, particularly when trying to link model-
identified features with actionable, patient-level disease guidance. 

By contrast, traditional statistical methods such as the hazard ratio offer clear, interpretable risk 
comparisons between groups (e.g., treatment vs. placebo) at any time point [5]. Kaplan–Meier curves 
further illustrate survival probabilities over time and allow for intuitive visualization of group 
differences [22]. For example, a study of 3,878 breast cancer patients treated in Edinburgh over a 20-
year period used HRs and KM curves to show that median survival declined from 10 years (Stage I) 
to less than 1 year (Stage IV), with mortality differences by stage diminishing after 5 years. Another 
study demonstrated improved survival following breast cancer recurrence from 1974 to 2000 and 
identified Estrogen Receptor (ER) status as a key prognostic factor, such that ER-negative patients 
had a 71% higher risk of death (HR = 1.71) than ER-positive patients (p < 0.001) [23]. 

Similarly, in non-small cell lung cancer, HRs showed that low serum albumin (<35 g/L) was 
associated with a 42% reduction in risk (HR = 0.588), while ≥10% weight loss increased mortality risk 
by 62% (HR = 1.62) [24]. These examples highlight the enduring value of traditional survival analysis: 
it provides quantifiable, interpretable risk estimates supported by visual summaries like HR and KM 
curves. 

This principle of using interpretable metrics is foundational even in large-scale evidence 
synthesis. For example, the systematic review by a comprehensive study [9], analyzing 118 studies, 
used aggregated evidence from HR-based models to establish key prognostic factors in cirrhosis, such 
as serum creatinine, total bilirubin, and INR. A key question is whether machine learning models 
trained on raw clinical data would also identify these well-established predictors or instead focus on 
less interpretable features. 

As the volume of available clinical variables grows, including labs, vitals, and comorbidities, it 
becomes increasingly labor-intensive to manually test each predictor using traditional regression. 
Biostatisticians have turned to variable selection techniques such as LASSO [19,25] to address this 
issue. Yet, LASSO has notable limitations in capturing the complex structure in high-dimensional 
clinical data. Because its penalty treats predictors independently and does not explicitly account for 
correlation, LASSO tends to arbitrarily select one variable from groups of correlated features while 
excluding others. This behavior can lead to unstable feature selection, reduced reproducibility, and 
the omission of clinically meaningful predictors that convey complementary information [26]. 

In recent years, ML has gained prominence in clinical research due to its ability to handle high-
dimensional data and uncover complex patterns. Its computational power has encouraged 
researchers to apply it in identifying prognostic features that could guide treatment decisions. For 
example, study [20] demonstrated that biomarker categories could predict immune-related adverse 
events (irAEs), offering a way to stratify patients who are more likely to benefit from immunotherapy 
in non-small cell lung cancer. However, while this study effectively identified predictive biomarkers, 
it did not explore how irAEs or those biomarkers relate to overall survival outcomes. 

Similarly, the EURAMOS-1 [21] study evaluated a rare cancer (osteosarcoma) using eight clinical 
variables to compare traditional Cox models with Random Survival Forests (RSF) and Survival 
Neural Networks (SNN), focusing on predictive performance via the concordance index (C-index). 
In this relatively low-dimensional setting (~2,000 patients, 8 variables), Cox models performed 
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comparably to more complex machine learning methods. However, the study did not report hazard 
ratios or offered insights into the clinical significance of the selected features. 

These studies collectively highlight a key limitation in many ML applications in medicine: 
uncertainty around the clinical interpretability of the features these models identify. While ML tools 
such as SHAP values [7] can rank variables by their predictive influence, it is often unclear whether 
these features also exhibit statistically consistent and interpretable effects, such as those reflected by 
HR, and the KM curve in traditional survival analysis. Therefore, the degree to which ML-derived 
predictors align with established clinical risk factors remains a critical but unresolved question. 

Some studies have attempted to bridge this gap. For example, in cardiovascular disease research, 
machine learning models have successfully highlighted serum creatinine and ejection fraction as key 
predictors of survival outcomes [6]. Although these variables are clinically meaningful, the analyses 
are typically limited to a single disease area, raising concerns about their applicability across broader, 
more diverse therapeutic areas. Other research [8] integrated ML with conventional methods, such 
as logistic regression, Cox models, naïve Bayes, support vector machines (SVM), and artificial neural 
networks (ANN), to explore risk stratification. Yet these studies often stopped short of examining 
survival time explicitly or providing interpretable outputs, which limits the usefulness of such 
methods for clinical decision-making. 

Further work [27] expanded the input space to include coexisting medical conditions like 
hypertension and diabetes, alongside laboratory variables. While this approach improved predictive 
performance, raising the AUC by 11% across Cox and RSF, it primarily focused on model accuracy 
on overall survival event rate rather than detailing the clinical relevance of individual predictors. 
Even large-scale studies, such as one involving over 468,000 patients [25], which compared models 
including RF, GBM, XGBoost, CatBoost, SVM, LASSO, and extreme learning machines (ELM), 
emphasized overall survival model prediction performance. Although this study correctly identified 
ejection fraction, serum creatinine, and blood urea nitrogen (BUN) as top features and effectively 
stratified patients by risk, it did not present KM plots or HRs to support the clinical impact of those 
variables. 

The gap in machine learning models highlights predictive features but often lacks clinical 
evidence to explain their impact, as is also evident in breast cancer research using the METABRIC 
dataset. For example, study [28] applied Cox proportional hazards (Cox PH), RSF, and conditional 
inference forests (Cforest), the models consistently identified age, tumor size, and number of positive 
lymph nodes as important prognostic features. Although these variables appeared influential in the 
models, the study did not provide supporting evidence, such as HR to quantify their survival impact. 

In a similar vein, study [14] employed Cox PH, RSF, and DeepHit to evaluate survival outcomes. 
Classical factors such as estrogen/progesterone receptor (ER/PR) status, tumor stage, and age 
remained significant in Cox regression, with hormone receptor positivity associated with lower 
mortality risk. While the study reported p-values for these features, it did not include explicit hazard 
ratios, limiting the ability to assess the magnitude of effect. Although the findings aligned with 
clinical expectations and model outputs, they lacked numerical validation through traditional 
survival analysis methods. 

The study [30] took a more model-diverse approach, using GBM, RSF, SVM, and ANN to predict 
five-year survival, reporting an overall AUC of 0.67. It emphasized clinically relevant variables such 
as the Nottingham Prognostic Index (NPI), tumor size, stage, ER/PR/HER2 status, and surgery type. 
In addition, study [31] demonstrated that explainable machine learning models (XGBoost with SHAP 
values) can outperform traditional Cox regression in predicting breast cancer survival, achieving 
higher C-index scores. The study effectively highlighted the importance of clinical features such as 
tumor stage, age, hormone receptor status, HER2, and treatment information through SHAP-based 
interpretability. However, these studies did not show how these features were linked to survival 
using KM curves or HRs, which made it difficult to interpret their individual contributions beyond 
model accuracy. 
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A more integrative analysis was presented in [32], which compared Cox PH, RSF, gradient-
boosted survival (GBS), and survival support vector machines (SSVM). In this study, ML models, 
particularly RSF, outperformed Cox PH in predictive performance, especially when combining 
clinical and transcriptomic features. Using SHAP values for model interpretation, the study identified 
both established clinical factors (e.g., age) and novel genomic features (e.g., ERAS, SLC14A1, LCN15) 
as top predictors. While the model offered strong interpretability and biological insight, it still did 
not report hazard ratios or survival curves to validate these findings in a clinically meaningful way. 

Across these studies, a consistent limitation pattern emerges while machine learning methods 
are effective at identifying predictive features and achieving high accuracy in predicting overall 
survival status, they often lack clinical grounding through traditional survival metrics. The absence 
of HRs and KM curves makes it difficult to assess whether model-selected features are statistically 
robust, clinically actionable, and suitable for translation into practice. This disconnect is a significant 
barrier to adoption, as most ML studies improve prediction within a single disease domain but fall 
short of validating their findings with clinically trusted metrics or demonstrating cross-disease 
applicability. Bridging this methodological gap is essential for advancing the clinical utility of 
machine learning in survival analysis. 

To address the challenges of aligning machine learning outputs with clinically interpretable 
survival metrics, the present study integrates ML-based feature selection with traditional survival 
analysis across multiple therapeutic areas. We focus on two chronic diseases, heart failure and breast 
cancer. The diseases are chosen for their high clinical burden, biological heterogeneity, and the 
potential for improved outcomes through early risk stratification. Each dataset was selected based on 
its high quality, transparency, and public availability, ensuring reproducibility and external 
validation. 

● Heart failure remains a leading cause of cardiovascular mortality globally, accounting for 
an estimated 17.9 million deaths annually [33]. Early identification of high-risk patients is critical for 
guiding treatment and reducing hospital readmissions. We utilize a dataset comprising medical 
records of 299 patients collected from the Faisalabad Institute of Cardiology and Allied Hospital in 
Pakistan between April and December 2015 [34]. 

● Breast cancer is the most frequently diagnosed cancer among women and the second 
leading cause of cancer-related death worldwide [22]. Despite advances in screening and treatment, 
survival disparities persist, underscoring the need for personalized, risk-based care. The METABRIC 
dataset offers a comprehensive molecular and clinical profile of nearly 2,509 breast cancer patients, 
combining genomic, transcriptomic, and survival data. Its use has enabled the identification of 10 
novel molecular subtypes, significantly enhancing our understanding of prognosis and disease 
heterogeneity [35]. 

This study proposes a grounded framework that bridges the gap between machine learning 
predictions and traditional survival analysis. By validating ML-identified features with standard 
survival metrics, specifically hazard ratios and Kaplan–Meier curves, we enable clinicians to distill 
complex algorithms into a small set of statistically robust and clinically interpretable high-impact risk 
factors. This approach facilitates a shift from reactive, generalized care toward proactive, targeted 
intervention. Furthermore, we address critical translational challenges, including EHR integration 
and alert fatigue, ensuring these models function not just as theoretical benchmarks, but as practical, 
trustworthy tools within existing clinical workflows. 

2. Materials and Methods 

2.1. Study Dataset, Population, and Data Preprocessing  

This study utilized two publicly available datasets: a Heart Failure clinical records cohort 
comprising 299 patients with 10 features [34] and the METABRIC breast cancer cohort, including 
1,310 patients with 33 features after data cleaning [9]. The Heart Failure dataset represents a complete 
clinical record set with no missing value. To maintain methodological consistency and ensure data 
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integrity across both datasets, a complete case analysis (CCA) strategy was adopted for the 
METABRIC dataset. Records containing missing values were excluded to ensure that the 
benchmarking of machine learning algorithms was conducted on strictly ground-truth clinical 
observations, avoiding the introduction of synthetic noise or uncertainty associated with data 
imputation techniques. 

The primary outcome for both datasets was overall survival, defined as the time from diagnosis 
to death or censoring at the last date of follow-up. Non-informative identifiers, including subject ID 
and cohort indicators, were excluded from the analysis. Variables with no variability or limited 
informational value were also removed; specifically, cancer type and sex were excluded from the 
METABRIC breast cancer dataset due to their uniform distribution within the cohort. To reduce 
redundancy and minimize potential bias in model estimation, highly correlated variables, such as 
relapse-free survival status and relapse-free survival time, were excluded from the METABRIC 
dataset. Correlation patterns among candidate variables are presented in Supplementary Figure S1. 

2.2. Survival Prediction Modeling  

We employed survival modeling approaches specifically designed for right-censored time-to-
event data. Unlike standard prediction models that rely on a single target variable, outcomes were 
jointly defined by overall survival time and a binary event indicator (death vs. censoring). For each 
dataset, observations were partitioned into an 80% training set for model development and a 20% 
testing set for independent evaluation. The split was performed using the sample.split function to 
stratify by event status, ensuring that the proportion of events (death vs. censoring) was balanced 
consistently across the training and testing partitions. However, beyond this outcome-based 
stratification, no artificial resampling or balancing of clinical features was applied. The natural 
distribution of patient covariates was strictly preserved to maintain the clinical ground truth. Fixed 
random seeds were used to ensure reproducibility (Heart Failure: seed = 137; METABRIC: seed = 18). 

Three machine learning approaches with established utility in survival analysis were evaluated 
using R statistical software (version 2025.09.2). Tree-based ensemble models, including Random 
Survival Forests (RSF) and Gradient Boosting Machines (GBM), were employed to capture non-linear 
effects and complex interactions. RSF extends random forests to time-to-event data through ensemble 
hazard estimation [15], while GBM optimizes the Cox partial likelihood to model survival 
relationships [36]. Additionally, LASSO-penalized Cox regression was included as a regularization-
based extension of traditional survival analysis, enabling simultaneous feature selection and 
prediction via coefficient shrinkage [37]. RSF, GBM, and LASSO models were implemented using the 
randomForestSRC, gbm, and glmnet packages, respectively. These models were selected to balance 
non-linear flexibility with clinical interpretability; consequently, Support Vector Machines were 
excluded due to limited transparency. Hyperparameters were optimized using five-fold cross-
validation on the training set, with Kaplan–Meier estimation and log-rank testing (via the survival 
and survminer packages) used for downstream clinical validation. 

2.3. Model Performance Evaluation  

To assess model performance, we employed two complementary and widely accepted metrics 
for survival analysis. Harrell’s concordance index (C-index) was used to evaluate the global ability 
of each model to correctly rank patient survival times across the entire follow-up period, providing 
a summary measure of overall discrimination [38]. In addition, the time-dependent area under the 
curve (AUC) was calculated to assess discriminative performance at clinically meaningful time 
points. For the Heart Failure dataset, an overall time-dependent AUC was evaluated across observed 
event times. For the METABRIC breast cancer dataset, the overall AUC was selected to align with 
standard oncological benchmarks and clinical reporting conventions [39]. 

These two metrics together provide a sufficient and interpretable assessment of model 
performance, capturing both global ranking ability and time-specific discrimination. Extensive 
hyperparameter tuning was not pursued, as maximizing predictive accuracy was not the primary 
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objective of this study. Rather, model performance served a supportive role, ensuring that the models 
achieved reasonable discrimination while enabling robust feature selection. Importantly, we 
observed that the relative importance and selection of key features remained stable across models 
with varying performance levels, indicating that the identified predictors were not driven by 
marginal gains in discrimination. This approach allowed the study to focus on the clinical relevance 
and interpretability of machine learning–identified features rather than optimization of predictive 
metrics alone. 

2.4. Feature Importance and Clinical Translation  

To translate machine learning outputs into interpretable clinical insights, feature importance 
scores were extracted from the GBM, RSF, and LASSO models. Top-ranked features that were either 
consistent across models or highly ranked within specific disease contexts were selected as candidate 
variables. 

To facilitate clinical validation within a conventional survival analysis framework, continuous 
variables were categorized into clinically meaningful subgroups using established medical 
standards. This categorization enabled estimation of hazard ratios (HRs) and assessment of the 
proportional hazards (PH) assumption. The categorization criteria were defined as follows: 

Heart Failure Dataset: 
● Age at diagnosis: <65 vs. ≥65 years [40]. 
● Left Ventricular Ejection Fraction (LVEF): Normal (41–75%) vs. Abnormal (<41% or >75%) 

[41]. 
● Serum Creatinine: Normal (0.59–1.04 mg/dL for females; 0.74–1.35 mg/dL for males) vs. 

Abnormal [42]. 
METABRIC Breast Cancer Dataset: 
● Age at diagnosis: <65 vs. ≥65 years [40]. 
● Nottingham Prognostic Index (NPI): Good (≤3.4), Moderate (3.4–5.4), or Poor (>5.4) [43]. 
● Positive Lymph Nodes: Low burden (≤3) vs. High burden (>3) [44]. 
● Tumor Size: Small (<20 mm) vs. Large (≥20 mm) [45]. 
All available observations were included in Kaplan–Meier and hazard ratio analyses to fully 

capture observed survival information and preserve clinically meaningful group characteristics. No 
data balancing or reweighting was performed, as group distributions reflected real-world clinical 
prevalence, and retaining the original data structure ensured that estimated associations remained 
representative of observed clinical patterns. 

Finally, composite risk groups (low risk vs. high risk) were constructed by combining three 
clinically significant features identified through this process. Three features were selected for 
construction of the final low- and high-risk groups to balance prognostic relevance, model stability, 
and clinical practicality. Limiting the risk model to a small number of consistently identified and 
routinely available variables improves interpretability and facilitates straightforward application in 
routine clinical settings. Survival distributions between risk groups were compared using Hazard 
Ratio, Kaplan–Meier curves, and the log-rank test [3]. The Heart Failure dataset served as the primary 
analysis, while the METABRIC dataset was used for exploratory validation. The results of these 
analyses are presented in the following section, highlighting the consistency between machine 
learning–based feature importance and clinically interpretable survival effects. 
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Figure 1. Unified workflow integrating machine learning–based feature selection with survival analysis to 
enable clinically interpretable risk stratification. The process progresses from machine learning–driven feature 
selection in high-dimensional data (blue), to identification and statistical validation of key prognostic variables 
(yellow) and culminates in clinical risk group classification (pink). 

3. Result 

3.1. Heart Failure Analysis 

We evaluated feature importance across three survival modeling approaches: GBM-Cox, RSF, 
and LASSO-Cox. Across the tree-based models (GBM and RSF), serum creatinine, ejection fraction, 
and age consistently emerged as the most influential predictors of overall survival time. In contrast, 
the LASSO-Cox model identified high blood pressure, anemia, and serum creatine as the primary 
predictors (Figure 2). The prominence of serum creatinine and ejection fraction as key prognostic 
factors is consistent with prior studies in heart failure survival analysis [6]. These differences in 
selected features reflect the underlying algorithmic characteristics of each modeling approach.  Tree-
based models capture non-linear relationships and interactions among variables, whereas LASSO 
imposes coefficient shrinkage and favors a sparse linear representation. As a result, LASSO may select 
high blood pressure as a single representative marker of cardiovascular risk while shrinking 
correlated variables, such as ejection fraction, toward zero. 
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Figure 2. Comparison of Feature Importance across different machine   learning models using Heart Failure 
data. The bar charts illustrate the most significant predictive features identified by (A) GBM-Cox, (B) Random 
Survival Forest, and (C) LASSO-Cox Model. 

Model discrimination performance is summarized in Table 1. In terms of global discrimination, 
the GBM-Cox model achieved the highest concordance (C-index: 0.789), followed by the Random 
Survival Forest (RSF) model (0.773) and the LASSO-Cox model (0.731). In contrast, when 
discrimination was evaluated using time-dependent AUC across the follow-up period, RSF 
demonstrated the strongest performance (AUC: 0.830), whereas LASSO-Cox (0.724) and GBM-Cox 
(0.639) showed comparatively lower long-term discrimination. Overall, these estimates fall within 
the range of C-index values commonly reported in clinical survival studies (approximately 0.72–0.88) 
[17]. Importantly, the observed level of discrimination indicates that all three models provide 
sufficient and reliable performance to support downstream analyses. Rather than prioritizing 
maximal predictive accuracy, the modeling framework was designed to establish stable, interpretable 
risk factors for the feature-based clinical validation in survival analysis presented in the subsequent 
section. 

Table 1. Discrimination performance of machine learning survival models for Heart Failure Data, summarized 
using Harrell’s concordance index (C-index) and time-dependent area under the curve (AUC). 

 GBM-Cox RFS LASSO-Cox 

Harrell’s C-index 0.789 0.773 0.731 

All time AUC  0.639 0.830 0.724 

Based on the intersection of machine learning–derived feature importance and clinical 
interpretability, age, serum creatinine, and high blood pressure were selected for downstream 
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survival validation. Age and serum creatinine were consistently identified as top predictors by both 
non-linear tree-based models (GBM-Cox and RSF), indicating stable and robust associations with 
survival time. High blood pressure was additionally selected as a leading predictor in the LASSO-
Cox model and represents a routinely monitored clinical variable, supporting the goal of early risk 
identification and practical patient guidance. 

Notably, ejection fraction revealed a divergence between machine learning–based feature 
importance and traditional regression analysis. Although ranked highly by GBM and RSF, ejection 
fraction did not reach statistical significance in the univariable Cox model (HR = 1.25, p = 0.41). This 
finding suggests that the effect of ejection fraction on survival may be driven by non-linear or 
interaction-based mechanisms that are not adequately captured by a linear proportional hazard’s 
framework. Given the study�s emphasis on clinical interpretability for the final risk model, ejection 
fraction was excluded. 

Using the clinical categorization criteria defined in the Methods (Section 2.4), Univariable Cox 
regression (Figure 3) confirmed that all three categorized variables satisfied the proportional hazards 
assumption and were significant predictors of survival: 

● Age (≥65 vs. <65 years): p = 0.0028 [HR: 1.89]; 
● Serum Creatinine (Abnormal vs. Normal): p = 0.0031 [HR: 1.90]; 
● High Blood Pressure (Yes vs. No): p = 0.0189 [HR: 1.66]. 

 

Figure 3. Multivariate Cox Proportional Hazards Model for the Heart Failure Overall Survival. Squares represent 
hazard ratio estimates and horizontal lines indicate 95% confidence intervals; the vertical dashed line denotes a 
hazard ratio of 1. p-values are denoted on the right. 

Kaplan–Meier survival curves (Figure 4) demonstrated clear separation between risk groups for 
all selected variables, with statistically significant differences confirmed by log-rank testing (Figure 
4). Stratification by age yielded a significant survival difference (log-rank p < 0.001); median survival 
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was 225 days for patients aged ≥65 years (n = 115), whereas the median was not reached for those <65 
years (n = 184). Similarly, patients with abnormal serum creatinine (n = 124) exhibited a median 
survival of 198 days, compared to the normal group (n = 175), where the median was not reached 
(log-rank p < 0.001). Survival curves for blood pressure status also showed significant separation (log-
rank p = 0.036), although median survival was not reached in either the normal (n = 194) or high blood 
pressure (n = 105) subgroups. 

Collectively, these findings indicate that age, serum creatinine, and blood pressure define 
clinically distinct risk strata, reinforcing the prognostic relevance of the machine learning–identified 
features. These individual effects motivated the construction of the composite risk stratification 
model presented in the following section. 

 

Figure 4. Kaplan–Meier survival curves for overall survival days stratified by constructed Risk group (high vs. 
low risk) in Heart Failure data. . 

The low-risk group consisted of patients aged <65 years with Normal Serum Creatinine and 
Normal Blood Pressure; all remaining patients were classified as high risk. Median survival times are 
shown for each group, and between-group differences were assessed using the log-rank test. The 
hazard ratio (high vs. low risk) was estimated using a Cox proportional hazards model. Numbers at 
risk are displayed below the KM curves.  

The risk stratification rule was developed using these three variables. age at diagnosis, serum 
creatinine, and systolic blood pressure. Patients were classified as low risk (n = 228) only if all three 
factors fell within favorable ranges (age < 65 years, with normal blood pressure and serum creatinine 
as defined in Section 2.4). Conversely, patients presenting with at least one unfavorable factor were 
classified as high risk (n = 71). Kaplan–Meier analysis demonstrated clear separation between the 
survival trajectories of the two groups (Figure 5), with a statistically significant difference confirmed 
by the log-rank test (p = 0.0013). In Cox regression analysis, the high-risk group exhibited a hazard 
ratio of 2.61 (95% CI: [1.42 – 4.78]) compared with the low-risk group, indicating a substantially 
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increased mortality risk. Median survival was not reached in either cohort, reflecting the sustained 
separation in survival probabilities. 

Collectively, these findings demonstrate that combining machine learning–based feature 
selection with conventional survival analysis yields a simple, interpretable risk stratification tool. By 
focusing on three routinely available measures, this approach supports the early identification of 
heart failure patients who may benefit from intensified monitoring and targeted intervention. The 
study demonstrated how to bridge the gap between data analysis and everyday clinical decision-
making. 

 

Figure 5. Kaplan–Meier survival curves for overall survival days stratified by constructed Risk group (high vs. 
low risk) in Heart Failure data.  The low-risk group consisted of patients aged <65 years with Normal Serum 
Creatinine and Normal Blood Pressure; all remaining patients were classified as high risk. Median survival times 
are shown for each group, and between-group differences were assessed using the log-rank test. The hazard 
ratio (high vs. low risk) was estimated using a Cox proportional hazards model. Numbers at risk are displayed 
below the KM curves. 

3.2. METABRIC Breast Cancer Analysis 

To assess the generalizability of the proposed framework, the same feature selection and 
survival analysis pipeline was applied to the METABRIC breast cancer cohort as an independent 
validation dataset. Consistent with the Heart Failure analysis, partial agreement in feature 
importance was observed across models in the METABRIC breast cancer cohort (Figure 6). The non-
linear tree-based models (GBM-Cox and RSF) showed strong concordance for several core prognostic 
variables, with age at diagnosis, Nottingham Prognostic Index (NPI), tumor size, and number of 
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positive lymph nodes consistently ranked among the most influential predictors of overall survival 
time. 

In contrast, the LASSO-Cox model emphasized a different subset of variables, prioritizing HER2 
status, inferred menopausal state, and Radio Therapy. Notably, NPI emerged as a relatively high-
ranked feature in LASSO-Cox models, indicating a shared prognostic signal across modeling 
paradigms despite differences in feature selection strategies. Importantly, several top-ranked features 
identified across in tree-based and linear models, including NPI and HER2 status, are well-
established and clinically validated prognostic factors in breast cancer [30,31,47]. 

The observed variation in feature rankings across models likely reflects both algorithmic 
differences and the increased dimensionality of the METABRIC dataset, which includes a larger 
number of correlated tumor- and treatment-related variables. Together, these results suggest that 
while individual models may prioritize different predictors, they converge on a common set of 
clinically meaningful features, supporting the robustness and generalizability of the proposed 
framework. 

 

Figure 6. Comparison of Feature Importance across different machine learning models using METABRIC Breast 
Cancer data. The bar charts illustrate the most significant predictive features identified by (A) GBM-Cox, (B) 
Random Survival Forest, and (C) LASSO-Cox Model. 

Regarding predictive discrimination, tree-based models demonstrated modestly higher 
performance than the linear approach. RSF and GBM-Cox achieved comparable global ranking 
accuracy (C-index: 0.681 and 0.679, respectively), slightly exceeding that of the LASSO-Cox model 
(0.666), with a similar pattern observed for the 5-year time-dependent AUC (0.730 vs. 0.714 vs. 0.675; 
Table 2).  

These performance metrics are comparable to those reported for optimized machine learning 
survival models, which typically achieve C-index values around 0.7 [30,48]. The model 
discrimination was used to establish analytical validity rather than as an optimization objective, as 
the primary focus was the identification of clinically interpretable prognostic features. The modestly 
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lower discrimination relative to the Heart Failure analysis is expected, given the larger sample size 
and increased dimensionality of the METABRIC dataset. Accordingly, the prognostic relevance of 
the selected features was further evaluated using hazard ratios and Kaplan–Meier analyses, as 
described in the subsequent section. 

Table 2. Discrimination performance of machine learning survival models for METABRIC Breast Cancer, 
summarized using Harrell’s concordance index (C-index) and 5-year time-dependent area under the curve 
(AUC). 

 GBM-Cox RSF LASSO-Cox 

Harrell’s C-index 0.679 0.681 0.666 

AUC (5-year) 0.714 0.730 0.675 

We utilize Survival Analysis to validate these findings clinically by assessing the proportional 
hazards assumption for the top-ranked features [Figure 7]. Inferred menopausal status was excluded 
due to a lack of statistical significance.  Additionally, tumor size and lymph node status were 
omitted as separate covariates to avoid multicollinearity, as they are intrinsic components of the 
Nottingham Prognostic Index (NPI) formula [43]: 

NPI =(0.2 x tumor size[cm]) + lymph node score + histological grade 
Therefore, NPI was retained as a composite measure to capture this prognostic information 

while maintaining model parsimony. We utilized these three top influential features in ML models 
to classify patients into risk groups: 

● Age at Diagnosis (<65 vs. ≥65 years): p < 0.001 [HR: 2.10]; 
● NPI Group (Good/Moderate vs. Poor): p < 0.001 [HR:2.16; HR: 1.49]; 
● HER2 Status (Negative vs. Positive): p < 0.001 [HR: 0.63]. 
A risk stratification rule was constructed using the three validated prognostic features [Figure 

8]. Patients were classified as the Low-Risk group (n = 621； age at diagnosis < 65 years, 
Good/Moderate NPI, and HER2-negative). All remaining patients, presenting with at least one 
unfavorable risk factor, were classified as the High-Risk group (n = 689). 
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Figure 7. Multivariate Cox Proportional Hazards Model for the METABRIC Breast Cancer Overall Survival. 
Squares represent hazard ratio estimates and horizontal lines indicate 95% confidence intervals; the vertical 
dashed line denotes a hazard ratio of 1. p-values are denoted on the right. 

Consistent with the Heart Failure, Kaplan–Meier curves in the METABRIC cohort demonstrated 
clear and statistically significant separation across all three selected variables (Figure 8; log-rank p < 
0.001 for all). Median survival was substantially shorter among patients’ diagnosis age ≥65 years 
compared with those < 65 (109.8 vs. 227.7 months) and among HER2-positive patients compared with 
HER2-negative patients (96.6 vs. 170.7 months). Stratification by NPI group showed a similar 
gradient, with median survival ranging from 213.1 months (Good) to 152.1 months (Moderate), and 
to 59.5 months (Poor).  

Kaplan–Meier analysis of the composite risk groups confirmed the robustness of the 
stratification (log-rank p < 0.001) (Figure 9). The high risk group experienced significantly poorer 
survival (HR=2.73; 95% CI: [2.34 – 3.19]). The median survival difference was pronounced: 104.7 
months for the high risk group versus 252.3 months for the low risk group, representing a survival 
benefit of 147.6 months (≈12.3 years). 
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Figure 8. Kaplan–Meier survival curves in METABRIC breast cancer. Survival curves illustrate the probability 
of overall survival over time (months) stratified by age group at diagnostic, HER2 status, and NPI group. Median 
survival times are shown within each panel, and between-group differences were assessed using the log-rank 
test.  Risk table including numbers at risk are displayed below each plot. 

In summary, the METABRIC analysis validates our methodology in a larger, complex dataset. 
By integrating machine-learning–derived feature importance with clinical reasoning, the model 
effectively stratifies breast cancer survival time. Crucially, this supports actionable patient guidance, 
allowing clinicians to personalize expectations and tailor surveillance strategies based on age at 
diagnosis, NPI score, and HER2 status. 
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Figure 9. Kaplan–Meier survival curves for overall survival months stratified by constructed Risk group (high 
risk vs. low risk) in METABRIC Breast Cancer.    . 

The low-risk group consisted of patients aged <65 years at diagnosis with Good or Moderate  
NPI index and HER2-negative status; all remaining patients were classified as high risk. 
Median survival times are shown for each group, and between-group differences were assessed using 
the log-rank test. The hazard ratio (high vs. low risk) was estimated using a Cox proportional hazards 
model.Numbers at risk are displayed below the KM curves.  

4. Discussion 

This study demonstrates the utility of integrating machine learning based on feature selection 
with conventional survival analysis to support clinically interpretable risk stratification in clinical 
settings. Using heart failure as the primary application and breast cancer as a supportive validation, 
the proposed framework consistently identified three dominant prognostic features that enabled 
clear separation of survival risk groups across diseases. 

In the heart failure cohort, machine learning models highlighted age, serum creatinine, and 
blood pressure as the most influential predictors of survival. These variables were subsequently 
incorporated into a simple risk stratification rule based on routinely collected clinical measurements. 
Despite the modest sample size and limited feature space, this approach achieved robust 
discrimination between low- and high-risk patients, illustrating that clinically meaningful prognostic 
insights can be derived without reliance on complex or opaque model outputs. Importantly, the 
framework translates abstract machine learning feature importance scores into concrete biomarkers 
and vital signs that are already embedded in standard clinical workflows, thereby supporting patient 
monitoring and risk-informed care. 
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Application of the same analytical framework to the METABRIC [35] breast cancer cohort 
further demonstrated its adaptability and generalizability. In this larger and more heterogeneous 
dataset, the framework identified established diagnostic and prognostic factors, including age at 
diagnosis, Nottingham Prognostic Index (NPI) and HER2 status [31,47]. Risk stratification based on 
these features again produced clear separation between low- and high-risk groups, reinforcing the 
disease-agnostic nature of the approach and its potential applicability across diverse clinical contexts. 
Collectively, these findings support a shift from purely treatment-centric modeling toward 
comprehensive risk profiling that facilitates earlier identification of patients requiring closer 
surveillance. 

Several limitations warrant consideration. First, the heart failure dataset [34] used in this study 
contains a relatively small number of observations and a limited set of predictors. Validation using 
additional heart failure cohorts with larger sample sizes and richer clinical information would further 
strengthen the robustness of these findings. Nevertheless, validation in the METABRIC dataset, 
which features substantially greater dimensionality and complexity, provides evidence for the 
broader applicability of the proposed framework. 

Second, although machine learning methods were employed for feature selection, several 
influential predictors were continuous variables that required categorization to enhance clinical 
interpretability. While this step may result in some information loss, all cut points were defined a 
priori based on established clinical guidelines [6] to minimize bias. This highlights the continued 
importance of clinical expertise in translating data-driven findings into practically useful and 
actionable tools. 

Finally, predictive performance differed across datasets, with stronger discrimination observed 
in the heart failure cohort than in the METABRIC cohort. This difference likely reflects the greater 
biological heterogeneity of breast cancer and the complexity of long-term survival outcomes 
compared to the heart failure cohort. Future work may focus on extending the framework to better 
accommodate high-dimensional multimodal data while maintaining interpretability, potentially 
through hybrid or structured modeling approaches. 

Despite these limitations, the proposed framework effectively bridges machine learning–based 
feature discovery with traditional survival analysis. By combining non-linear models, such as 
Random Survival Forests and GBM-Cox, with penalized regression and validating results using 
standard Cox regression and Kaplan–Meier analysis, the framework balances diagnostic 
performance with transparency and clinical relevance. 

5. Conclusions 

This study presents an interpretable and reproducible framework for connecting machine 
learning feature selection with conventional survival analysis to support prognostic risk 
stratification. Across both heart failure and METABRIC breast cancer cohorts, the approach 
successfully translated machine learning derived important measures into clinically meaningful 
biomarkers and indicators that can be readily assessed in routine practice. 

By prioritizing interpretability and clinical applicability over predictive performance alone, the 
proposed methodology provides a practical pathway for incorporating machine learning into patient 
risk profiling and monitoring. This framework supports earlier identification of high-risk patients 
and more informed clinical decision-making, reinforcing the role of transparent, clinically grounded 
analytics in advancing precision diagnostics and patient-centered care. 
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