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Abstraci—Heart disease remains a leading cause of mortality
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worldwide, emphasizing the need for reliable and early
screening mechanisms. Although machine learning techniques
have been widely explored for heart disease prediction, many
existing approaches primarily optimize overall accuracy and
provide limited attention to misclassification cost asymmetry
and interpretability, which are critical for clinical screening
applications. This paper proposes a cost-aware stacking
ensemble framework for carly heart disease detection that
integrates heterogencous base classifiers, optimized decision
thresholding, and explainable artificial intelligence techniques
within a unified pipeline. Logistic regression, support vector
machine, and random forest models are employed as base
learners, and their outputs are combined using a logistic
regression-based meta-learner. Cost-sensitive learning is
incorporated to prioritize reducing false negatives, while the
final classification threshold is optimized wusing receiver
operating characteristic analysis. Model transparency is
enhanced through Shapley value-based local explanations and
permutation-based global feature importance analysis.
Experimental evaluation on the UCI Heart Disease dataset using
stratified cross-validation demonstrates that the proposed
framework achieves an accuracy of 87.17%, a sensitivity of 0.92,
a specificity of 0.84, and an area under the ROC curve of 0.87.
The results indicate that the proposed approach provides a
robust and interpretable decision-support system suitable for
early heart disease screening.

Keywords—clinical decision support, cost-sensitive learning,
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I. INTRODUCTION

Cardiovascular diseases remain one of the leading causes
of mortality worldwide, accounting for a significant
proportion of premature deaths and long-term disability.
Among these, heart disease poses a major public health
challenge due to its multifactorial nature and often
asymptomatic progression during early stages. Timely
identification of individuals at risk is therefore critical for
initiating preventive interventions and reducing adverse
clinical outcomes. Conventional diagnostic approaches rely
heavily on clinical expertise, laboratory investigations, and
imaging procedures, which can be costly, invasive, and time-
consuming, particularly in large-scale screening scenarios [1].

The increasing availability of electronic health records and
structured clinical datasets has enabled the application of
machine learning techniques to assist in heart disease
prediction. By learning patterns from historical patient data,
machine learning models can help clinicians more efficiently
and consistently identify high-risk individuals. Early studies
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decision trees, and support vector machines demonstrated th
feasibility of data-driven heart disease prediction [2] (31.

However, the predictive capability of single models is
often constrained by limited generalizability, sensitivity to
data characteristics, and an inability to capture the complex
nonlinear relationships inherent in clinical data. To address
these limitations, ensemble leaming methods have been
increasingly adopted in cardiovascular disease prediction.
Techriques such as random forests and boosting algorithms
combine multiple leamers to improve robustness and
classification performance [4]. While ensemble approaches
generally outperform individual classifiers, many existing
studies focus predominantly on maximizing overall accuracy.
In medical screening contexts, such an objective is
insufficient, as false negatives—cases where diseased patients
are incorrectly classified as healthy—can have serious clinical
consequences. Consequently, models optimized solely for
accuracy may fail to meet the practical requirements of early

disease detection.

Another important limitation of many existing machine
learning-based  diagnostic ~systems is the lack of
interpretability. Complex ensemble and nonlinear models are
often treated as black boxes, providing limited insight into the
factors driving their predictions. This lack of transparency
poses a significant barrier to clinical adoption, where trust,
accountability, and alignment with medical knowledge are
essential [5]. Recent advances in explainable artificial
intelligence have sought to address this issue by introducing
methods such as Shapley value-based explanations, which
quantify feature contributions to individual predictions [6].
However, explainability is often used as a post hoc analysis
rather than integrated into the model development process.

More recently, stacking ensemble learning has emerged as
a powerfil technique that combines the strengths of multiple
base classifiers through a meta-learning framework. By
learning how to optimally fuse model outputs, stacking
ensembles have demonstrated improved generalization
performance in various healthcare applications [7][8]. Despite
their potential, existing stacking-based heart discase
prediction models often neglect clinically relevant
considerations such as misclassification cost asymmetry and
decision threshold optimization, Furthermore, the integration
of stacking emsembles with explainability mechanisms
remains limited in current literature.

Motivated by these observations, this work proposes a
cost-aware and explainable stacking ensemble framework for
early heart disease screening. The proposed approach
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