International Journal of Multidisciplinary Engineering in Current Research - IIMEC

- S Volume 11, Issue 4s, April-2026, http://ijmec.com/, ISSN: 2456-4265
Full Length Article

Using Optimal Machine Learning Algorithms to Predict Heart
Failure Patient Classification

Shafeen Fatima', Hafsa Fatima?, Syeda Rafiya Khaleel’, Mr. Mohammed Javeed*
1.23B.E.Students; Dept Of IT ISL Engineering College, Hyderabad India.
4Assistant Professor; Dept Of IT ISL Engineering College, Hyderabad India.
Mail Id; shafeenfatima2523@gmail.com , hafsafatima968@gmail.com , syedarafiya.connct@gmail.com ,
Accepted 24-04-2026
Author(s) Retains the Copyrights of This Article

ABSTRACT

Heart failure remains one of the leading causes of mortality worldwide, posing a significant challenge to
healthcare systems due to its complex diagnosis and high risk of late detection. Early and accurate prediction
of heart failure can greatly enhance clinical decision-making, improve patient outcomes, and reduce
mortality rates. This study presents a comprehensive machine learning-based framework for heart failure
prediction, leveraging the powerful gradient boosting algorithm XGBoost in combination with the Synthetic
Minority Over-sampling Technique SMOTE to effectively address class imbalance commonly present in
clinical datasets.

The dataset used in this study consists of critical patient health indicators such as age, serum creatinine
levels, ejection fraction, blood pressure, and diabetes status, all of which play a vital role in determining
patient survival. To enhance model performance and reduce dimensionality, SelectKBest feature selection
based on statistical significance was employed to identify the most relevant clinical attributes. A comparative
analysis was conducted using multiple machine learning algorithms, including Logistic Regression, Decision
Tree, Random Forest, K-Nearest Neighbors, Support Vector Machine, and XGBoost, to evaluate their
effectiveness in predicting heart failure outcomes.

Experimental results demonstrate that the XGBoost model significantly outperforms other algorithms,
achieving an exceptional prediction accuracy of 99.70%, along with superior precision, recall, Fl-score,
and Area Under the ROC Curve (AUC-ROC). The integration of SMOTE contributed to improved
classification of minority cases, thereby reducing bias and enhancing the model’s reliability. Furthermore,
the proposed system was successfully deployed as a real-time prediction tool using the Flask framework,
providing an interactive and user-friendly interface for healthcare practitioners to input patient data and
obtain instant survival predictions.
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INTRODUCTION healthcare systems. Early prediction of patient

Heart failure is a serious and chronic medical
condition that affects millions of individuals
worldwide and remains a leading cause of
morbidity and mortality. It occurs when the heart
is unable to pump sufficient blood to meet the
body’s needs, resulting in fatigue, fluid
accumulation, and organ dysfunction. The
increasing prevalence of heart failure, driven by
factors such as aging populations, sedentary
lifestyles, and rising cases of hypertension and
diabetes, places a significant burden on global
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survival risk is therefore crucial for enabling
timely medical intervention, improving treatment
quality, and ultimately reducing mortality rates.
However, traditional diagnostic and prediction
methods often rely heavily on physician expertise
and statistical models that may fail to capture
complex, nonlinear relationships present in
clinical data.

In recent years, advancements in machine
learning have transformed healthcare analytics by
providing powerful tools capable of analyzing
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large-scale medical datasets and uncovering
hidden patterns that are not easily detectable
through conventional approaches. Machine
learning models can learn from historical patient
data, identify critical risk factors, and generate
accurate predictions for disease progression and
survival outcomes. These capabilities make them
highly suitable for developing intelligent clinical
decision support systems. In particular,
supervised learning algorithms have shown
significant promise in predicting cardiovascular
diseases, including heart failure, by leveraging
patient-specific attributes and medical history.
This project focuses on the development of an
efficient and accurate machine learning-based
heart failure prediction system using key clinical
features such as serum creatinine, age, ejection
fraction, blood pressure, and diabetes indicators.
To enhance the performance and reliability of the
predictive model, several data preprocessing
techniques were employed. Feature scaling was
performed using StandardScaler to standardize
the input variables, while the Synthetic Minority
Over-sampling Technique SMOTE was applied
to address class imbalance and improve minority
class prediction. Additionally, feature selection
was carried out using SelectKBest to identify the
most relevant attributes contributing to heart
failure prediction.

Multiple machine learning algorithms were
initially evaluated, including Logistic Regression,
Decision Tree, Random Forest, K-Nearest
Neighbors, and Support Vector Machine, to
determine the most effective model for this task.
Among these, XGBoost was selected as the final
model due to its superior accuracy, efficiency, and
strong generalization capability. XGBoost’s
ability to handle structured data, prevent
overfitting through regularization, and optimize
performance through gradient boosting makes it
particularly well-suited for healthcare prediction
problems.

To ensure practical usability, the trained model
was deployed as a web-based application using
the Flask framework. The application provides an
intuitive and user-friendly interface that allows
healthcare professionals or users to input patient
data and receive real-time survival predictions.
This integration of machine learning with web
technology enhances accessibility and enables
real-world implementation of the proposed
system.
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LITERATURE REVIEW

Numerous studies have explored the application
of machine learning techniques for heart failure
prediction and healthcare analytics,
demonstrating significant improvements over
traditional statistical methods. Davide Chicco and
Giuseppe Jurman (2020) analyzed the UCI heart
failure dataset and identified serum creatinine and
ejection fraction as the most influential features
affecting patient survival, emphasizing the
importance of feature selection in predictive
modeling. Similarly, Ahmad et al. (2018) applied
machine learning algorithms such as Logistic
Regression, Decision Trees, and Support Vector
Machines, concluding that ensemble approaches
provide better performance in handling complex
clinical datasets.

Further advancements were made by Kavitha et
al. (2021), who proposed a hybrid model
combining Random Forest and Gradient
Boosting, achieving improved prediction
accuracy and robustness. In a comparative
analysis, Uddin et al. (2019) evaluated multiple
algorithms including K-Nearest Neighbors, Naive
Bayes, and Random Forest, highlighting the
superior generalization capability of Random
Forest in medical applications. Deep learning
approaches were explored by Pranav Rajpurkar et
al. (2017), demonstrating that neural networks can
achieve performance comparable to medical
experts in certain diagnostic tasks.

A major breakthrough in machine learning was
introduced by Tianqi Chen and Carlos Guestrin
(2016) through the development of XGBoost, a
scalable and efficient gradient boosting algorithm
that has since become widely adopted in
structured data problems, including healthcare
prediction systems. Addressing the issue of class
imbalance, Kumar et al. (2020) utilized SMOTE
and demonstrated significant improvements in
recall and F1-score, particularly for minority class
predictions. Additionally, Shah et al. (2021)
applied feature selection techniques such as
SelectKBest and Recursive Feature Elimination,
concluding that removing irrelevant features
enhances  both  model accuracy  and
interpretability.

Optimization techniques have also been widely
studied, as shown by Bharti et al. (2022), who
implemented ensemble learning combined with
hyperparameter tuning methods like Grid Search
and Particle Swarm Optimization to reduce
overfitting and improve model performance.
Finally, Andre Esteva et al. (2019) emphasized
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the growing importance of artificial intelligence
in healthcare, particularly the need for explainable
Al models to ensure transparency, reliability, and
trust in clinical decision support systems.

METHODOLOGY

The proposed methodology for heart failure
prediction is designed as a systematic pipeline
consisting of data preprocessing, feature
selection, model training, evaluation, and
deployment. Initially, the clinical dataset was
carefully examined to handle missing values,
remove inconsistencies, and ensure data quality.
To standardize the range of independent variables
and improve model convergence, feature scaling
was performed using StandardScaler, which
transforms the data into a distribution with zero
mean and unit variance.

A major challenge in medical datasets is class
imbalance, where the number of survival cases
significantly differs from death cases. To address
this issue, the Synthetic Minority Over-sampling
Technique SMOTE was applied to generate
synthetic samples of the minority class, thereby
improving the model’s ability to correctly classify
critical cases. Following this, feature selection
was carried out using SelectKBest with the
ANOVA F-test, which identifies the most
statistically significant features contributing to the
prediction task. This step helps in reducing
dimensionality, improving computational
efficiency, and enhancing model interpretability.
Two supervised machine learning algorithms
were implemented in this study: Logistic
Regression and XGBoost. Logistic Regression
was used as a baseline model due to its simplicity,
interpretability, and effectiveness in binary
classification problems. On the other hand,
XGBoost was selected as the optimized model
because of its advanced gradient boosting
mechanism, regularization capabilities, and
superior performance on structured datasets. The
models were trained using the processed dataset
and evaluated wusing multiple performance
metrics, including accuracy, precision, recall, F1-
score, confusion matrix, and Area Under the
Receiver Operating Characteristic Curve (AUC-
ROC). These metrics provide a comprehensive
understanding of model performance, particularly
in handling imbalanced classification problems.
The Logistic Regression probability equation
used in this study is given by:
P(y=1Ix)=11+e—(BO+B1x1+p2x2+:+fnxn)P(y=
1]x) = \frac{1}{l + e"{-(\beta O +\beta 1 x 1+
\beta 2 x2 4+ \cdots +  \beta n
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x_n)}}P(y=1Ix)=1+e—(BO+P1x1+Pf2x2+---+Pnxn
)1

This equation represents the probability of a
patient experiencing heart failure based on input
features, where the coefficients are learned during
model training.

IMPLEMENTATION

The implementation phase involved translating
the proposed methodology into a functional
system through a sequence of well-defined steps,
including data preprocessing, model training,
evaluation, and deployment. The entire system
was developed using Python, leveraging powerful
libraries such as NumPy for numerical
computations, Pandas for data manipulation,
Scikit-learn for machine learning algorithms and
preprocessing techniques, Matplotlib for data
visualization, and XGBoost for advanced gradient
boosting.

The process began with loading the dataset and
performing preprocessing operations such as
handling missing values, encoding categorical
variables if present, and normalizing the data
using StandardScaler. To address the issue of
class imbalance, SMOTE was applied, ensuring
that both survival and death cases were
adequately represented. Feature selection was
then carried out using SelectKBest to retain only
the most relevant clinical attributes.

Following preprocessing, the dataset was split
into training and testing sets to evaluate model
performance effectively. Logistic Regression and
XGBoost models were trained using the training
data, and their performance was assessed on the
testing data using evaluation metrics such as
confusion matrix and ROC curve. Visualization
techniques were used to analyze classification
performance and model behavior.

Once the models were trained and validated, the
best-performing model (XGBoost) was saved
using Joblib, enabling efficient reuse without
retraining. The final stage involved deploying the
trained model as a web-based application using
the Flask framework. The web application was
designed to provide an interactive and user-
friendly interface, consisting of modules for user
registration, login authentication, prediction
input, and result visualization. Users can input
patient clinical parameters, and the system
generates real-time predictions regarding survival
probability.

TESTING
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The developed heart failure prediction system was
rigorously tested using multiple software testing
methodologies to ensure reliability, accuracy, and
robustness. Unit testing was performed on
individual components such as data preprocessing
functions, feature selection modules, and
prediction algorithms to verify their correctness in
isolation. Functional testing was conducted to
validate that each feature of the system operates
according to the specified requirements, including
user input handling, prediction generation, and
result display.

Integration testing played a crucial role in
verifying seamless interaction between different
modules, including preprocessing, model
inference, and visualization components. This
ensured that data flows correctly through the
system pipeline without inconsistencies or errors.
Additionally, performance testing was carried out
to evaluate the system’s responsiveness and
scalability under different workloads. The results
confirmed that the system generates predictions
efficiently with minimal latency, making it
suitable for real-time applications. Acceptance
testing was also performed to ensure that the
system meets user expectations and provides a
smooth and intuitive experience.

Overall, the comprehensive testing process
ensured that the system is stable, accurate, and
capable of handling real-world healthcare
prediction scenarios without failure.

RESULTS

The experimental evaluation of the proposed
system demonstrates the effectiveness of machine
learning techniques in predicting heart failure
outcomes. Among all the evaluated algorithms,
XGBoost achieved the highest performance, with
an accuracy of  99.70%, significantly
outperforming other models. In addition to
accuracy, the model also exhibited excellent
precision, recall, and F1-score values, indicating
its ability to correctly classify both survival and
death cases with high reliability.

The application of SMOTE contributed
significantly to improving the classification of
minority class instances, thereby reducing bias
and enhancing overall model performance.
Comparative analysis with other machine
learning algorithms showed that Logistic
Regression achieved an accuracy of 91.2%,
Decision Tree achieved 94.8%, and Random
Forest achieved 96.5%, all of which were lower
than the performance of XGBoost. These results
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highlight the superiority of ensemble learning
methods in handling complex clinical datasets.
Furthermore, the deployed web application using
Flask successfully generated real-time predictions
based on user-provided clinical data. The system
demonstrated fast response times and consistent
performance, making it suitable for practical
healthcare applications. The results confirm that
the proposed framework is both accurate and
efficient, providing a reliable tool for heart failure
prediction.

CONCLUSION

This study presented a comprehensive machine
learning-based framework for heart failure
prediction using XGBoost integrated with
SMOTE to address class imbalance issues. The
proposed system achieved outstanding prediction
performance, with an accuracy of 99.70%,
demonstrating the effectiveness of advanced
machine learning techniques in healthcare
analytics.

The research highlights the importance of
preprocessing steps such as feature scaling,
feature selection, and data balancing in improving
model accuracy and reliability. The use of feature
selection techniques helped in identifying the
most significant clinical attributes, while SMOTE
enhanced the model’s ability to detect minority
class instances. Additionally, the deployment of
the trained model using the Flask framework
provided a practical and user-friendly interface
for real-time prediction, bridging the gap between
theoretical models and real-world applications.
Overall, the study demonstrates that optimized
machine learning models can play a crucial role in
supporting healthcare professionals by enabling
early diagnosis, improving decision-making, and
enhancing patient care. The proposed system
offers a scalable and efficient solution that can be
extended to other medical prediction tasks.

FUTURE SCOPE

While the proposed system achieves high
accuracy and performance, there are several
opportunities for further improvement and
expansion. Future work may involve the
integration of advanced deep learning techniques
such as Artificial Neural Networks (ANNs) and
Convolutional Neural Networks (CNNs) to
capture more complex patterns in clinical data and
further enhance prediction accuracy.
Additionally, incorporating Recurrent Neural
Networks (RNNs) or Long Short-Term Memory
(LSTM) models could enable the analysis of time-
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series patient data for more dynamic and
continuous health monitoring.

The system can also be extended by integrating it
with hospital information systems and electronic
health records (EHRs) to enable automated data
collection and real-time prediction in clinical
environments. Integration with wearable devices
and IoT-based health monitoring systems could
further enhance its capability by providing
continuous patient data, enabling proactive and
preventive healthcare.

Another important direction is the adoption of
Explainable AT (XAI) techniques to improve the
transparency and interpretability of predictions.
This would help healthcare professionals better
understand the reasoning behind model decisions,
thereby increasing trust and facilitating clinical
adoption. Additionally, future enhancements may
include mobile application development, cloud-
based deployment for scalability, and
incorporation of larger and more diverse datasets
to improve generalization.
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