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Abstract— Ischemic heart disease remains one of the primary causes of cardiac-related deaths worldwide. So accurate prediction and a timely prognostic model for clinical intervention is essential now. Though machine learning models predict risk effectively by utilizing multiple features, most of those rely on static prediction which fails to capture time-to-event information that is evolving patient risk over time. In addition, standard ML models have difficulty finding the non-linear relationships and temporal dependencies present in survival data, which makes them less effective in clinical applications. Our study proposes Random survival forest (RSF) along with the Cox Proportional Hazards (Cox PH) model to overcome these limitations, and to improve prediction accuracy and interpretability. Unlike other models, our proposed model uses survival-specific features that provide time-to-event information, which results in a more dynamic understanding of patient risk progress. SMOTE and bootstrap-based resampling techniques are used to handle class imbalance and to improve model robustness, which was evaluated within the RSF framework. A publicly available dataset, which consists of 3987 IHD patients is used to evaluate our model. It uses 18 clinical variables, along with survival features such as event occurrence and follow-up time. Survival-specific evaluation metrics such as the concordance index (C-index) are used for the evaluation of our model’s performance. Our model achieves a C-index of 0.811. Our model is also compared with the baseline Cox PH model to check whether it gives better predictions. Our experiment shows that the proposed model outperforms the statistical model in capturing complex non-linear relationships and it provides more accurate and reliable risk stratification. The proposed model achieves an AUROC of 0.816, a precision of 0.631, and a recall of 0.744. The integration of handling imbalance data and a survival-aware model has significantly improved the prognostic accuracy. Overall, this study offers a robust model for time-to-event prediction for supporting clinical decisions and advancing precision cardiology through modern survival analysis techniques.
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I. Introduction 
Ischemic Heart Disease (IHD) is one of the most important causes of cardiovascular-related deaths. The various clinical, physiological, and lifestyle factors result in complications of IHD. Therefore, accurate prediction and timely prognostic models are significant for effective clinical intervention. There is an increase in opportunity to utilize data-driven approaches for accurate and personalized risk assessment because of the widely complex n available large clinical dataset and electronic health records. Therefore, developing robust prognostic models for capturing patient risk has become one of the important focus in modern healthcare systems. There are several challenges despite the availability of clinical data that limit effective predictive modeling in ischemic heart disease (IHD). This study uses a publicly available dataset that consists of 3,987 ischemic heart disease patient’s data. It includes 18 clinical variables along with survival-specific attributes such as event occurrence and follow-up time. Class imbalance becomes one of the major challenges in such datasets, that is, when the number of patients experiencing cardiac death is significantly lower than those who survive. This can bias the model performance. In addition, clinical datasets often contain noise, missing values, and non-linear relationships between variables, which traditional statistical approaches fail to capture well. Another important limitation is the handling of censored data, where patient outcomes are not fully observed during the study period, so special survival analysis methods are needed to handle it. To deal with these challenges, our study proposes a survival-based machine learning framework to improve prognostic modeling of cardiac death in IHD patients. The Random Survival Forest (RSF) is used as the primary model in our proposed approach to describe non-linear and complex interactions between variables. It also uses time-to-event information for more realistic risk predictions. SMOTE and bootstrap-based resampling are used for handling class imbalance where they are applied separately in the model. This allows us to do a comparative analysis of their impact on our predictive model. The Cox Proportional Hazards (Cox PH) model is used as a baseline model to evaluate the effectiveness of the proposed approach. The key contributions of this study are as follows. First, different methods for handling class imbalance are evaluated, and that helps us to understand their effectiveness in survival modeling. Second, a survival-aware prognostic framework that uses time-to-event information is developed, resulting in improving the clinical relevance of predictions. Third, our proposed approach improves the ability to capture complex and non-linear relationships in clinical data, leading to better risk stratification. Finally, this research supports the progress of data-driven precision cardiology by offering a scalable and reliable approach for predicting long-term outcomes in patients with ischemic heart disease (IHD).
II. Literature survey

Ischemic Heart Disease (IHD) remains a significant cause of cardiac mortality globally, and so accurate risk prediction is a major clinical challenge [1]. Multimodal prognostic studies show that long-term outcomes depend on clinical, imaging, and hemodynamic factors [2]. Combining echocardiographic and clinical data through machine learning has led to improved survival prediction in patients with myocardial infarction [3] and has also been shown to detect cardiovascular disease effectively across diverse populations [4]. Although the Cox Proportional Hazards (CPH) model has long been standard for time-to-event analysis, comparison with Random Survival Forests (RSF) showed that CPH’s linearity and proportional hazards assumptions reduce accuracy on complex clinical data [5]. This is further supported by studies in stroke mortality, where RSF was able to capture non-linear interactions without relying on strict distributional assumptions [6]. Benchmarking studies have shown consistent advantages for ensemble-based survival models [7], and systematic reviews confirm that non-parametric methods offer better discrimination [8]. Deep learning architectures improved early prediction of coronary heart disease [9], while hybrid multitask transformer models achieved decade-scale cardiovascular risk estimation [10]. RSF has also shown generalizability in colorectal cancer survival prediction [11], and it has been validated by Chen et al. for predicting in-hospital mortality in ICU patients with heart failure [12]. Class imbalance is a major challenge where event-positive cases make up only a small part of the dataset. SMOTE-ENN improved sensitivity in imbalanced heart failure datasets [13]. Similarly, SMOTE has improved the detection of minorities in both survival models [14] and classification models [15], as also confirmed by a systematic review [16]. However, Piccininni et al. showed that synthetic oversampling can distort probability estimates, whereas bootstrap-based resampling keeps the predictions more accurate and reliable [17]. Demir et al. showed that balanced bootstrap resampling outperforms SMOTE in cardiovascular disease prediction [18]. Baniecki et al. established interpretability as essential for clinical deployment of time-to-event models [19]. Explainable AI has been shown to improve survival prediction in heart failure [20], and individualized feature attributions increase clinician uptake [21]. SHapley Additive exPlanations (SHAP) can explain both global feature importance and local patient-level predictions, including risk in elderly heart failure patients [22] and cardiovascular mortality risk [23]. It has also been shown to be more consistent than LIME, outperforming LIME in consistency and reliability, especially in high-stakes clinical situations [24]. Therefore, this study uses Random Survival Forest (RSF) to overcome the limitations of the Cox Proportional Hazards (CPH) model [5], and it applies balanced bootstrap resampling to handle class imbalance while preserving survival data distribution [17]. In addition, SHAP is used for transparent, clinical interpretation of IHD predictions [19].
III. materials and methodology
A. Dataset Description
The dataset used in this study was obtained from a publicly available repository which consists of 3987 records of patients diagnosed with Ischemic Heart Disease (IHD), and it is available at https://github.com/orientino/ml4cad/tree/main/data/raw.  These data were collected through routine clinical assessments, medical history documentation, and structured follow-up over an extended period. The dataset includes 18 clinical variables, along with additional survival-specific attributes, such as event occurrence and follow-up time. Though most of the features contain complete observations, the creatinine and number of stenosed vessels have missing values. One of the limitations in dataset is missing values, and it is addressed in the preprocessing stage. Even so, the dataset maintains sufficient quality to support reliable survival analysis. The dataset consists of both binary and continuous variables. The presence or absence of specific conditions and risk factors is indicated through the binary variables, whereas the continuous variables capture measurable attributes. Together, these clinical features, along with survival time and event information, express a comprehensive view of patient outcomes. This leads to the exploration of complex interactions among variables. It also helps identify the key risk factors that influence long-term cardiac outcomes in IHD patients.
B. Data Preprocessing
The features such as creatinine and number of stenosed vessels consist of missing values. The value 0 is assigned in the place of missing values. To ensure these values remain distinct, the vessels feature was incremented by +1 for all records. Numerical features were standardized to ensure consistent scaling. To prevent data leakage, the feature scaling parameters, mean and standard deviation, were calculated only on training data and then applied to the validation and test data. Binary features were kept unchanged. Survival-specific attributes, namely follow-up time and event occurrence, were integrated with the feature set. We divided the dataset into 3 smaller datasets, preserving the class ratio. The dataset was split into 80% in training and 20% in testing (798) for unbiased model evaluation. Further, the training data was split into 60% in training (2391) and 20% in validation (798).
C. Handling Imbalanced Data
The dataset is highly imbalanced, with approximately 81% survival and 19% cardiac death which can lead models toward the majority class and reduce sensitivity to cardiac death prediction. To address this, two resampling strategies were applied independently for comparative analysis. First, SMOTE was used to generate synthetic minority samples through interpolation, achieving a fully balanced distribution (50:50). Second, a bootstrap resampling approach was employed, increasing minority representation without synthetic data generation, resulting in a moderated distribution (~67%–33%). Both techniques were applied exclusively to the training data. The resampled datasets preserved survival attributes, ensuring compatibility with multi-horizon temporal prognosis modeling.
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Fig. 1. Class distribution before and after resampling.

D. Model Architecture and Technical flow
The proposed framework is based on a comparative survival modeling approach, in which multiple models are trained independently under different imbalance handling strategies. The workflow transforms input variables to survival estimates, risk scores, and final predictions across multiple predefined time horizons.
1) Base Learners: 
RSF with Bootstrap-Based Resampling (RSF-BB): A Random Survival Forest (RSF) model is trained on a pre-balanced dataset obtained through bootstrap-based resampling, where minority event samples are upsampled prior to model training to reduce class imbalance. After this, Randomised search was used for hyperparameter optimization with parameters such as n_estimators ranging from 100 to 500, max_depth between 5 and 20, and min_samples_split between 2 and 10. This was done to improve model generalisation and stability.
RSF with SMOTE (RSF-SMOTE): SMOTE is applied to the training data before RSF training to handle class imbalance and to improve the model robustness. Through this method, synthetic minority event samples are generated, which improves the representation of event cases while maintaining the original inference distribution.

Cox Proportional Hazards (CoxPH): A semi-parametric survival model is used as a baseline to estimate the relationship between input features and survival risk. Model parameters are learned using partial likelihood based on observed event data.

2) Risk Estimation:

Each model produces survival probabilities for individual samples. For predefined time horizons, risk scores are computed as the complement of survival probability at each time point. This enables patient-specific predictions across multiple time horizons, with predictions provided across clinically relevant time intervals.

3) Decision Layer:

Each model operates independently without aggregation. The Youden index is used for the determination of optimal classification thresholds for each model. Final binary predictions are generated separately for each model and time horizon.
E. Model Evaluation Metrics
The model was evaluated using they key metrics:

C-index – Measures the accuracy of survival time ranking.

AUROC – Evaluates the model’s ability to identify event and non-event cases.

Time-dependent AUROC (TD-AUROC) – evaluates the models performance across multiple time horizons.

Integrated Brier Score – Measures the accuracy of survival probability predictions.

Recall – Represents the proportion of actual positive cases correctly identified.

F1-score – Represents the harmonic mean of precision and recall.
F. Model Interpretablity Using SHAP

To support transparency and explainability, SHAP was used to measure the contribution of each variable to survival prediction. Key predictors, such as LVEF, dyslipidemia, diabetes, previous myocardial infarction, and number of vessels, were identified through the SHAP summary plot. This interpretability framework shows that the model’s decisions align with medical reasoning, supporting clinical acceptance.
IV. Technical Workflow Summary
Workflow Summary (Figure 2)
1.  Data Acquisition & Cleaning: Loaded the IHD dataset, handled the missing values and ensured whether the features are consistent, suitable for survival model.

2.  Data Splitting: Dataset splitted into 60% in training (2391), 20% in validation (798) and 20% testing (798).

3.  Feature Preparation: Clinical features standardized along with survival attributes (time-to-event, event indicator).

4.  Advanced Data Balancing: Balancing technique called bootstrap resampling and SMOTE are applied on the training data separately to handle class imbalance

5.  Temporal Modeling: Trained two separate RSF model on both balancing techniques separately, along with Cox PH baseline model to predict survival across predefined horizons (1, 3, 5, 7 years).

6.  Risk Estimation: Survival probabilities were converted into risk scores using optimal thresholds obtained by the Youden Index.

7.  Interpretability & Evaluation: The model is evaluated using the stated metrics, and further explained using SHAP.
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Fig. 2. Technical Approach

V. Tools And Environment
All calculations were worked out in the Google Colab environment using Python 3.11. The following libraries were utilized: scikit-survival, scikit-learn, imbalanced-learn, shap, and joblib. The code confirms reliability and flexibility, making it adjustable for large-scale health analytics applications.
VI. Results And Discussion

The experimental result present an extensive comparison of the evaluated models based on key performance metrics, including C-index, AUROC, TD-AUROC, IBS, recall and F1- score, using Random survival forest with two independent resampling strategy and Cox PH baseline model. The proposed RSF with bootstrap resampling achieved the highest overall performance, attaining a C-index of 81.1%. It is a slightly improved version compared to using SMOTE of 80.2% and the Cox model of 80.1%.This indicates the improvement in the ability to rank patient risk over time in ischemic heart disease (IHD) prognosis. In terms of classification performance at the 7- year horizon, the proposed method achieved an AUROC of 0.8168, which is higher than RSF-SM (0.8084) and the Cox model (0.8078), demonstrating better ability to distinguish outcomes.
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Fig. 3a. ROC-based model performance at 7-year horizon.
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Fig. 3b. Time-dependent AUROC evaluation across multiple prediction horizons (1, 3, and 5 years).

Although the F1-score (0.5950) is slightly lower compared to RSF-SM (0.6586) and Cox (0.6653), the proposed model still keeps a good balance between precision (0.6312) and recall (0.7442), ensuring reliable identification of high-risk patients under imbalanced conditions. Time-dependent evaluation also shows consistent performance across multiple horizons. The model achieved TD-AUROC values of 0.8499 (1 year), 0.8291 (3 years), and 0.8381 (5 years), outperforming baseline models in most cases. This indicates that the model maintains stable predictive performance over time, as supported by calibration analysis. We used a Kaplan-Meier survival curve, and that shows significant risk stratification between high-risk and low-risk groups.
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Fig. 4a. Model calibration at 7-years.
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Fig. 4b. Kaplan–Meier risk stratification.
Table  I. Survival Performance
	Model
	C-Index
	TD-AUROC (1y)
	TD-AUROC (3y)
	TD-AUROC (5y)
	Integrated Brier Score

	RSF-BB
	0.811
	0.849
	0.829
	0.838
	0.105

	RSF-SM
	0.802
	0.848
	0.826
	0.830
	0.111

	Cox
	0.801
	0.838
	0.822
	0.833
	0.106


TABLE II. CLASSIFICATION PERFORMANCE

	Model
	AUROC (7y)
	Recall
	F1- Score

	RSF-BB
	0.816
	0.744
	0.595

	RSF-SM
	0.808
	0.752
	0.658

	Cox 
	0.807
	0.766
	0.665


The SHAP summary plot shows the contribution of each feature to the model result. The SHAP beeswarm plot provides the global feature importance. Higher (pink) and lower (blue) feature values impact predictions in opposite directions.  .The horizontal spread represents feature importance, with wider distributions indicating higher influence. 
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Fig. 5. Beeswarm plot for global feature importance using SHAP.

Features such as LVEF, age, and creatinine have the strongest impact, on cardiac risk. This is reflected in the mean SHAP bar chart, which ranks these features as the most influential predictors, followed by dyslipidemia and vessels. 
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Fig. 6. Mean SHAP Feature Importance Ranking
Waterfall plots are used to analyze individual patient predictions. In high-risk patients, factors such as older age, higher creatinine levels, and other health conditions increase the risk. 
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Fig. 7a. Waterfall plot for a high-risk patient with SHAP.
SHAP dependency plots reveal non-linear relationships, for the features such as LVEF, age, and creatinine. Lower LVEF values are linked to sharp increases in risk, while higher age and creatinine shows a gradual increase in risk, reflecting clinically consistent thresholds. 
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Fig. 8. SHAP dependency plots of  key clinical predictors

This shows the ability to capture complex temporal and non-linear patterns, resulting in more accurate predictions for ischemic heart disease (IHD). 
VII. Conclusion
We developed a machine learning framework that predicts ischemic heart disease using clinical data. Our model addresses several challenges such as class imbalance and complex feature interactions. Bootstrap-based resampling and SMOTE techniques are used to handle class imbalance, and they are applied separately for comparative analysis within the same model. For consistent integration of survival-specific attributes, we ensured systematic preprocessing and feature standardization steps. The RSF model with bootstrap resampling achieved a C-index of 0.8112, outperforming both RSF with SMOTE and the Cox PH model. The performance results were an AUROC of 0.8168, a precision of 0.6312, a recall of 0.7442, and time-dependent AUROC values across multiple time horizons. The proposed model showed good calibration, with an integrated Brier score of 0.1057, indicating reliable probability predictions. SHAP is used for providing meaningful explanations by identifying LVEF, age, and creatinine as the most influential predictors of cardiac risk. These findings align with established medical knowledge, enhancing trust and transparency in model decisions. Future work can focus on integrating real-time temporal data and extending the approach to other chronic cardiovascular conditions.
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