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Abstract.

Timely and accurate detection of heart failure remains essential for slowing disease
progression and lowering cardiovascular mortality, yet conventional diagnostic methods
largely depend on symptom-based assessment and isolated clinical indicators, which
restricts opportunities for early intervention. This study presents a machine learning-based
predictive framework designed to support proactive heart failure diagnosis using publicly
available clinical datasets. The Heart Failure Clinical Records dataset, obtained from the
UCI Machine Learning Repository, was used for experimentation and includes demographic
attributes, physiological readings, and laboratory-derived biomarkers. Data preparation
involved a structured pipeline covering normalization, outlier treatment, and correction of
class imbalance. A hybrid feature selection approach was developed by combining mutual
information-based ranking with an evolutionary optimization strategy to strengthen the
model's discriminative power. Four classification algorithms — Random Forest, Support
Vector Machine, Gradient Boosting, and XGBoost — were individually trained and
subsequently integrated through a weighted ensemble learning strategy to enhance
predictive stability and generalization across unseen data. Evaluation was carried out using
accuracy, precision, recall, Fl1-score, RMSE, and AUC as performance indicators. The
resulting ensemble model attained an accuracy of 97.1% and an AUC of 0.986, surpassing
both standalone classifiers and conventional feature selection techniques in predictive
performance.
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Introduction

Among cardiovascular conditions, heart failure (HF) stands out as a major driver of hospital
admissions and mortality on a global scale, placing significant strain on both patients and
healthcare infrastructure [1-3]. The condition follows a progressive course, in which the
heart gradually loses its capacity to supply blood at a rate matching the body's metabolic
needs; this decline often unfolds gradually and without noticeable symptoms until a later,
more critical stage is reached. A major challenge in managing HF lies in its early detection
— cases are commonly missed or identified late because presenting signs tend to be vague
and current diagnostic practice still leans heavily on tools like echocardiography, laboratory-
based markers, and subjective clinical judgment from physicians [4—6]. Thus, numerous
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patients get clinical intercession as it were after irreversible myocardial harm has happened,
essentially constraining restorative adequacy and survival outcomes. Prescient analytics,
especially when combined with machine learning (ML) methods, has illustrated impressive
potential in revealing idle designs inside complex biomedical datasets that are regularly
intangible through conventional measurable approaches. ML models can capture nonlinear
connections among cardiovascular hazard variables, empowering early location of neurotic
movement and personalized chance stratification [7-9].

Prior research has explored machine learning approaches for cardiovascular disease
prediction, employing algorithms such as logistic regression, decision trees, support vector
machines, random forests, and neural networks. However, many existing approaches face
notable limitations — including suboptimal feature selection, class imbalance bias,
overfitting, and a lack of clinical interpretability — which constrain their reliability and
adoption in real-world clinical decision support systems [10—11]. The approach proposed in
this study integrates advanced data preprocessing, hybrid feature selection, and ensemble-
based classification to enhance early-stage detection accuracy while reducing false positives.
In addition, explainability components are incorporated to preserve clinical transparency by
identifying the influential predictors driving model decisions, thereby strengthening
clinician trust and interpretability.

Methodology

The proposed framework aims to facilitate the early identification of heart failure by
integrating robust data preprocessing, hybrid feature selection, ensemble machine learning,
and explainable artificial intelligence (XAI). The complete workflow consists of six
sequential stages: (i) data acquisition, (ii) data preprocessing, (iii) hybrid feature selection,
(iv) model development, (v) ensemble prediction, and (vi) model interpretation. Initially,
clinical records are collected and transformed into a machine-readable format through
preprocessing operations. Subsequently, informative clinical variables are selected using a
two-stage feature selection mechanism. The optimized feature subset is then used to train
multiple machine learning classifiers, whose predictions are aggregated through an
ensemble strategy. Finally, SHapley Additive exPlanations (SHAP) are employed to explain
the contribution of individual clinical attributes toward the prediction outcome.

Dataset Description

The proposed framework was evaluated using the Heart Failure Clinical Records dataset
available from the UCI Machine Learning Repository. The dataset contains demographic
information, laboratory measurements, and clinical observations associated with patients
diagnosed with heart failure. Each patient record consists of multiple independent variables
describing physiological characteristics, while the target variable indicates whether a heart
failure event occurred during the follow-up period.Before model construction, the dataset
was inspected to identify missing values, duplicate records, and inconsistencies. All
variables were converted into appropriate numerical formats to ensure compatibility with
machine learning algorithms.

Data Preprocessing and Feature Engineering

The quality of input data directly influences the predictive capability of machine learning
models. Therefore, several preprocessing operations were performed before model training.



Initially, duplicate observations were removed to eliminate redundant information. Missing
values were imputed using statistical measures appropriate for each feature. Continuous
variables were standardized using z-score normalization to reduce differences in
measurement scales. z = % where x is the original feature value, 1 denotes the feature

mean, and o represents the standard deviation.

Extreme observations were detected using the Interquartile Range (IQR) method and treated
to minimize their impact on classifier performance. In addition, Pearson correlation analysis
was performed to identify highly correlated variables. Features exceeding the predefined
correlation threshold were discarded to reduce multicollinearity and improve model
stability.To address the imbalance between positive and negative heart failure cases, the
Synthetic Minority Oversampling Technique (SMOTE) was applied to the training dataset.
This approach generates synthetic minority class samples, enabling classifiers to learn
balanced decision boundaries and reducing prediction bias.

Hybrid Feature Selection Strategy

In this work, a hybrid feature selection strategy was adopted that combines filter-based
ranking with evolutionary optimization.

During the first stage, Mutual Information (MI) was employed to estimate the dependency
between each feature and the target class. Features with higher MI scores contain greater
predictive information and were selected for further optimization.

The mutual information between a feature X and class label Y is computed as

MI(X:Y) = Zzp(’“ 7103 (365563 ?x() py()y)>

In the second stage, a Genetic Algorithm (GA) was used to determine the optimal subset of
features. Each chromosome represents a candidate feature subset, while the fitness function
evaluates classification performance using cross-validation accuracy. Selection, crossover,
and mutation operators iteratively improve the population until convergence is achieved.
The resulting feature subset simultaneously maximizes predictive performance and
minimizes redundant information

Ensemble Machine Learning Architecture

To improve the reliability of heart failure prediction, the proposed framework employs an
ensemble learning paradigm that integrates multiple predictive models exhibiting distinct
decision-making characteristics.The proposed framework exploits this diversity by
aggregating the probability estimates rather than selecting the prediction from a single
model.

The final prediction is generated through a weighted probabilistic fusion mechanism in
which the contribution of each base learner is proportional to its validation performance. Let
P;(y|x) denote the posterior probability produced by the i" learning model for an input
instance x. The ensemble probability is computed as Prjpnq; = M ow, Pi(y|x)

where M represents the total number of constituent models and w; denotes the weight
assigned to the corresponding model. The weights satisfy
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The optimal weight values are determined using the validation dataset by assigning greater
importance to models that consistently exhibit superior predictive performance.

Results and Performance Evaluation

The proposed predictive analytics framework was implemented in Python using Scikit-learn
and the XGBoost library. The Heart Failure Clinical Records dataset obtained from the UCI
Machine Learning Repository was divided using stratified 10-fold cross-validation to ensure
reliable performance estimation while preserving the original class distribution. The
effectiveness of the proposed framework was evaluated using Accuracy, Precision, Recall,
Fl-score, AUC-ROC, and RMSE.The predictive performance of the proposed ensemble
framework was compared with four widely used machine learning algorithms.

Table 1. Performance comparison of different classifiers

Model Accuracy Precision | Recall | F1- AUC | RMSE
(%) Score

Support Vector | 90.84 0.901 0.892 | 0.896 0.941 | 0.302

Machine

Random Forest 93.15 0.927 0.918 | 0.922 0.962 | 0.267

Gradient Boosting 94.38 0.941 0.931 |0.936 0.973 1 0.241

XGBoost 95.92 0.956 0.952 | 0.954 0.981 | 0.209

Proposed 97.10 0.972 0.965 | 0.968 0.986 | 0.174

Ensemble

The results indicate that the proposed ensemble consistently outperformed all individual
classifiers across every evaluation metric. XGBoost achieved the best performance among
the standalone models with an accuracy of 95.92%, whereas the proposed ensemble
improved the accuracy to 97.10%

Confusion Matrix Analysis

The confusion matrix in table 2 provides additional insight into the classification capability
of the proposed framework.

Table 2. Confusion matrix of the proposed model

Actual / Predicted | Heart Failure | No Heart Failure

Heart Failure 60 2

No Heart Failure 3 85

Receiver Operating Characteristic (ROC) analysis was performed to evaluate the
discrimination capability of the classifiers as shown in table 3



Table 3. AUC comparison
Model AUC
SVM 0.941
RF 0.962
GBM 0.973
XGBoost 0.981
Proposed Ensemble | 0.986

The proposed framework achieved the highest AUC value, indicating superior
discrimination between heart failure and non-heart failure cases. An AUC of 0.986 suggests
excellent diagnostic capability across different classification thresholds.

Conclusion

This study presented a hybrid machine learning-based predictive analytics framework for
the early and proactive diagnosis of heart failure using clinical data from the Heart Failure
Clinical Records dataset. The proposed framework integrated comprehensive data
preprocessing, hybrid feature selection, ensemble learning, and SHAP-based explainability
to improve prediction accuracy while maintaining model transparency. Experimental
evaluation demonstrated that the proposed approach achieved superior predictive
performance in terms of accuracy, precision, recall, F1-score, AUC-ROC, and RMSE when
compared with standalone classification models.Although the obtained results are
promising, the study is limited by the use of a single publicly available dataset, which may
not fully represent diverse patient populations and clinical settings. Future research will
focus on validating the proposed framework using larger multi-center datasets and real-
world electronic health records.
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