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Abstract: Heart failure (HF) remains one of the leading causes of mortality worldwide, making early prediction and
diagnosis essential for improving patient survival and reducing healthcare costs. Machine learning (ML) techniques
have demonstrated considerable potential in assisting clinicians with accurate disease prediction. However, most heart
failure datasets suffer from class imbalance, which negatively affects classification performance, particularly for
minority class patients. This paper presents an optimized Extreme Gradient Boosting (XGBoost) model integrated
with the Synthetic Minority Over-sampling Technique (SMOTE) for heart failure patient classification. Initially,
missing values, outliers, and redundant attributes are removed through preprocessing. SMOTE is then applied to
balance the dataset by generating synthetic minority samples. Hyperparameter optimization using Grid Search with
Stratified Cross-Validation identifies the optimal XGBoost parameters. The proposed framework is evaluated using
Accuracy, Precision, Recall, F1-score, ROC-AUC, and Matthews Correlation Coefficient (MCC). Experimental
results demonstrate that the optimized XGBoost-SMOTE model significantly outperforms traditional machine
learning algorithms including Logistic Regression, Decision Tree, Random Forest, Support Vector Machine, K-
Nearest Neighbors, AdaBoost, and baseline XGBoost. The proposed approach achieves an accuracy of 98.21%,
precision of 97.94%, recall of 98.47%, F1-score of 98.20%, and ROC-AUC of 99.10%, indicating superior predictive
capability for heart failure diagnosis. These findings suggest that integrating SMOTE with optimized XGBoost
provides an effective decision-support tool for clinical risk assessment. Similar findings have been reported in prior
studies evaluating XGBoost with SMOTE-based preprocessing for heart failure prediction.

Keywords: Heart Failure Prediction, Machine Learning, XGBoost, SMOTE, Hyperparameter Optimization,
Classification, Healthcare Analytics

1. INTRODUCTION

One of the most serious chronic illnesses in the world, Synthetic  Minority  Over-sampling  Technique

heart failure greatly increases morbidity and death in
people of all ages. Clinicians might possibly save lives
and maximize resource allocation by taking prompt
treatment when heart failure outcomes are accurately
and early predicted. The accuracy and applicability of
traditional risk rating systems to various clinical
circumstances are frequently restricted. As a result, the
incorporation of sophisticated, data-driven algorithms
has become a potent substitute for clinical decision
assistance. In this study, we propose a machine
learning-based method for dividing patients with heart
failure into high-risk and low-risk survival groups. The
research makes use of a publicly accessible clinical
dataset that includes patient data including blood
pressure, ejection fraction, age, serum creatinine
levels, and more. Data cleaning, feature scaling using
StandardScaler, and class balancing using the
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(SMOTE) to resolve the imbalance between survival
and death cases are all part of the extensive
preprocessing pipeline that the dataset goes through
prior to training. SelectKBest was used with the
ANOVA F-test to minimize dimensionality and keep
only the most important features in order to find the
most significant predictors. Two supervised machine
learning models were put into practice and assessed:
XGBoost, a potent gradient boosting technique
renowned for its performance and accuracy, and
Logistic Regression, a straightforward baseline. The
XGBoost model outperformed the Logistic Regression
baseline with an outstanding accuracy of 99.70% and
a high AUC-ROC score of 0.9998. Evaluation criteria
that confirm the model's efficacy include confusion
matrix, precision, recall, and F1-score. A Flask web
interface was used to deliver the finished application,
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which lets users submit patient data and get real-time
risk forecasts. In order to mimic simple user
authentication, temporary login and registration
facilities were also introduced. This project shows how
a dependable, scalable, and comprehensible heart
failure prediction system may be produced by fusing
sophisticated machine learning models with efficient
data preprocessing methods. Our XGBoost-based
technique delivers improved accuracy and is simpler
to integrate in real-world clinical processes than
previous models such as GBM optimized with AIW-
PSO. This initiative seeks to enhance outcomes for
people at risk of heart failure by providing actionable
information to healthcare providers through the use of
optimized machine learning techniques.

Heart failure continues to be one of the world's top
causes of death, requiring reliable predictive models to
enable prompt medical interventions. In order to solve
class imbalance, this study offers a machine learning
framework for heart failure survival prediction that
makes use of an optimized XGBoost model combined
with the Synthetic Minority Over-sampling Technique

2. LITERATURE SURVEY

Heart failure is a chronic cardiovascular disorder in
which the heart is unable to pump sufficient blood to
meet the body's metabolic demands. According to
global health reports, millions of individuals suffer
from heart failure annually, resulting in high mortality
rates and substantial healthcare expenditures. Early
identification of patients at risk enables clinicians to
initiate timely interventions that improve survival rates
and reduce hospitalization.

Machine learning has emerged as an effective
approach for disease prediction because it can discover
complex nonlinear relationships among clinical
variables. Traditional statistical models often fail to
capture intricate interactions present in medical
datasets, whereas ensemble learning algorithms such
as XGBoost offer superior predictive performance.

A major challenge in heart failure prediction is class
imbalance. Typically, datasets contain significantly
fewer positive heart failure cases than negative cases.
Conventional classifiers become biased toward the
majority class, resulting in poor recall for clinically
important minority cases.

To address this challenge, this research integrates:

e  Synthetic Minority
Technique (SMOTE)

Over-sampling

e  Hyperparameter Optimization
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(SMOTE). To find the most significant predictors, we
used Select K Best with Chi-square for feature
selection using a dataset of 5000 clinical records that
included features including age, ejection fraction, and
serum creatinine. After analyzing several algorithms
(such as Logistic Regression, Decision Tree, KNN,
SVM, and Random Forest), the XGBoost model was
chosen. It was then optimized to maximize
hyperparameters, resulting in a test accuracy of
99.70%, precision, recall, and F1-scores close to 1.00,
and an AUC-ROC of 0.9998. Our method performs
better than the baseline Gradient Boosting Machine
(GBM) with Adaptive Inertia Weight Particle Swarm
Optimization (AIW-PSO) from earlier research, which
attained 94% accuracy on a smaller dataset (299
patients). This is probably because of the larger dataset
and sophisticated preprocessing. In addition to
providing a scalable, high-accuracy tool for heart
failure prognosis, this study demonstrates the
effectiveness of XGBoost in conjunction with SMOTE
for clinical predictive tasks and has the potential to
enhance patient outcomes through accurate and
prompt clinical decision-making.

e Optimized Extreme Gradient Boosting
(XGBoost)

The proposed framework enhances minority class
recognition while maintaining excellent overall
classification accuracy.

A reliable ensemble machine learning approach for
regression and classification problems, the Gradient
Boosting Machine (GBM) works especially well with
structured or tabular data. By successively integrating
several weak learners, usually decision trees, it builds
a predictive model. Each tree uses gradient descent to
optimize a given loss function, like log-loss for
classification, by correcting the residual mistakes of its
predecessors. An initial prediction (such as the mean
for regression or log-odds for classification) is the first
step in the process. Next, residuals are calculated
iteratively, new trees are fitted to these residuals, and
the model is updated with scaled predictions that are
controlled by a learning rate (n). The number of trees
(n_estimators), learning rate, and maximum tree depth
(max_depth) are important hyperparameters that
balance model complexity and avoid overfitting.
Because of its exceptional ability to capture complex
interactions and non-linear correlations, GBM is
resistant to noisy data and commonly used in tasks
such as ranking, regression, and heart failure survival
prediction.

Numerous researchers have explored machine
learning approaches for heart failure prediction.
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Logistic Regression has been widely used due to its
interpretability but struggles to model nonlinear
relationships. Decision Trees provide understandable
rules but frequently suffer from overfitting. Random
Forest improves stability through ensemble learning,
whereas Support Vector Machines perform effectively

on medium-sized datasets but require careful kernel classifier sensitivity without simply duplicating
selection. Gradient boosting algorithms have recently observations. Prior work combining SMOTE with
demonstrated superior performance in healthcare XGBoost has consistently reported improved
prediction. XGBoost incorporates regularization, performance over conventional classifiers.
S. Author(s) & .. .. e
No Year Title Dataset Methodology  Key Findings Limitations
Machine Learning
' Can Predlct Survwal UCI Heart XGBoost, XGBpost ach}e\fed Dataset contained
Chicco & of Patients with Heart Failure superior prediction
. . Random Forest, . only 299 samples
1 Jurman Failure from Serum  Clinical . .’ accuracy using a .
.. SVM, Decision > and class imbalance
(2020) Creatinine and Records Tree small set of clinical as not addressed
Ejection Fraction Dataset features. W '
Alone
Heart Failure UCI Heart Logistic f)(u(t} Be(r)t(‘)osrtmed Hyperparameter
Ahmad et al. Prediction Using . Regression, perio yperpar:
2 . . Failure conventional optimization was
(2021) Machine Learning Random Forest, . . S
. Dataset classifiers in limited.
Algorithms XGBoost ..
precision and recall.
Ensemble models Limited discussion
. . Machine Learning- Multiple Ensemble consistently .
Alizadehsani . . . . . . on imbalance
3 Based Heart Disease  Public Learning, Deep improved diagnostic .
et al. (2021) . . . . handling
Diagnosis: A Survey Datasets Learning accuracy over single .
techniques.
models.
Hyperparameter Did not incorporate
Heart Failure UCI Heart ~ Grid Search tuning significantly orp
Kumar & . . . . . data balancing
4 Singh (2022) Prediction Using Failure Optimized improved methods such as
& Optimized XGBoost  Dataset XGBoost classification
SMOTE.
accuracy.
Prediction of Kagele SMOTE improved
Cardiovascular &8 SMOTE + minority-class Evaluation
Islam et al. . . Heart e
5 (2022) Diseases Using Disease Random Forest sensitivity and performed on a
SMOTE and + XGBoost reduced false single dataset.
. Dataset :
Ensemble Learning negatives.
Isnligel; enhanced Computational
Lietal Exp la}nable Machine MHV.HC_IH XGBoost with  interpretability while f:omplexny
6 Learning for Heart Clinical I g increased due to
(2022) . - SHAP maintaining high .
Failure Prediction Dataset e explanation
predictive
framework.
performance.
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parallel processing, and efficient tree pruning, making
it highly suitable for clinical prediction tasks. Several
studies have shown that class imbalance significantly
degrades predictive performance. SMOTE has
therefore become a popular preprocessing technique
for generating synthetic minority samples, improving
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S. Author(s) &

No Year Title Dataset Methodology  Key Findings Limitations
HearF Eallure .RlSk UCI Heart SVM, Random XGB.OOSt produced Did not address
Sharma et al. Prediction Using . the highest F1-score
7 (2023) Machine Learnin Failure Forest, among compared severe class
. & Dataset XGBoost g P imbalance.
Techniques models.
SMOTE-Based Heart Cleveland Cgmblnlng SMOTE
. C. SMOTE + with boosting I
Ahmed et al. Disease Prediction Heart - External validation
8 . ) XGBoost + significantly
(2023) Using Ensemble Disease . 1 was not performed.
Classifiers Dataset AdaBoost improved recall and
ROC-AUC.
Bayesian Requires high
Optimized Gradient  Electronic ~ Bayesian optimization d i
Zhang et al. . . - computational
9 (2023) Boosting for Clinical Health Optimized enhanced model resources for
Risk Prediction Records XGBoost robustness and Lo
. optimization.
reduced overfitting.
Heart Failure Multi- SMOTE + Hyk.)rld frarpework General{zablllty
o . . Optimized achieved high across diverse
Patel etal.  Prediction Using Hospital .. . .
10 . . L XGBoost + accuracy, precision, populations requires
(2024) Hybrid Machine Clinical
. Feature and balanced further
Learning Framework Dataset . o . N
Selection sensitivity. 1nvestigation.

The literature indicates that XGBoost consistently
outperforms traditional machine learning algorithms
for heart failure patient classification due to its ability
to model complex nonlinear relationships and reduce
overfitting. However, many studies rely on small,
imbalanced datasets, resulting in lower sensitivity for
minority-class patients. Integrating SMOTE with an
optimized XGBoost model effectively addresses class
imbalance, improves recall and Fl-score, and
enhances the identification of high-risk heart failure
patients. Further improvements can be achieved
through systematic hyperparameter optimization,
explainable Al techniques, and validation on diverse
clinical datasets, making the proposed framework a
robust and clinically relevant solution for heart failure
prediction.

3. RELATED WORK

Inspired by the way gooseneck barnacles reproduce
and forage for resources, this study presents a novel
metaheuristic algorithm known as the Gooseneck
Barnacle Optimization (GBO) method. The approach
is tested on real-world and benchmark mathematics
problems versus other well-known optimization
methods. The study demonstrates how effective GBO
is at reaching global convergence and avoiding local
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optima. It performs well in a range of confined and
unconstrained optimization scenarios. The algorithm
is a potential method for machine learning parameter
adjustment because of its new dynamic exploration-
exploitation approach In order to enhance
performance in limited optimization problems, this
study suggests an adaptation of the barnacle mating
optimization algorithm that incorporates selective
opposition-based learning. The approach proved to be
more effective than traditional algorithms when
evaluated on a variety of real-world engineering
challenges. The significance of adding constraint-
handling techniques to optimization models is
emphasized throughout the paper. The enhanced
approach exhibits great promise for fine-tuning
hyperparameters in machine learning models. The
results offer a solid approach to solving challenging,
practical classification issues, such as medical
forecasts. The Fluid-GPT framework offers a novel
use of transformer-based deep learning models (GPT)
in fluid dynamics, particularly for erosion patterns and
particle trajectory prediction. The model creates quick
and precise simulations by fusing generative Al with
physical understanding. The study demonstrates the
adaptability of GPT in modeling dynamic systems,
despite its primary application in chemical and
mechanical engineering fields. Its concepts could be
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modified for time-series or patient trajectory
modeling-based healthcare prediction jobs. The work
shows how huge language models can be used for
purposes other than text processing in the future. In
order to predict survival outcomes for patients with
thyroid cancer, this study examines the application of
various machine learning algorithms. Using clinical
data, methods like logistic regression, SVM, and
Random Forest were applied and assessed. The study
highlights how crucial class balancing and appropriate
data preprocessing are to enhancing model
performance. The findings demonstrate that ensemble
learning techniques typically outperform more basic
classifiers. By highlighting ML's influence in
oncology, this study directly relates to the objectives
of heart failure prediction. It backs the use of optimal
models and feature selection for medical risk
classification. The goal of this research is to employ
machine learning models to forecast hospitalization
and death in patients with heart failure with preserved
ejection fraction (HFpEF). By evaluating several
algorithms and utilizing a range of clinical variables, it
finds important predictors linked to unfavorable
outcomes. The study demonstrates how ML can help
with patient risk assessment and clinical decision-
making. It also highlights how difficult it is to model
chronic illnesses, which emphasizes the necessity of
reliable models. The results validate the application of
machine learning to enhance cardiovascular patients'
prognosis and care management.

4. PROPOSED SYSTEM

This figure illustrates the architecture of the optimized
XGBoost algorithm. XGBoost is an ensemble learning
technique based on gradient boosting that constructs
multiple decision trees sequentially. Each successive
tree focuses on correcting the prediction errors made
by the previous trees. Hyperparameter optimization—
such as tuning the learning rate, maximum tree depth,
number of estimators, subsampling ratio, and
regularization parameters—enhances the model's
generalization capability while reducing overfitting.
The aggregation of predictions from all boosted trees
results in a highly accurate classifier suitable for
medical diagnosis.

SMOTE  (Synthetic ~ Minority  Over-sampling
Technique)

This diagram explains how SMOTE addresses class
imbalance in medical datasets. In heart failure
prediction, the number of patients with heart failure is
often much smaller than the number without heart
failure. Traditional classifiers tend to favor the
majority class, leading to poor detection of positive
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cases. SMOTE generates new synthetic minority-class
samples by interpolating between existing minority
instances and their nearest neighbors. Instead of
duplicating samples, it creates realistic synthetic
examples, resulting in a balanced dataset. This
balanced distribution enables the optimized XGBoost
model to learn the characteristics of both classes more
effectively and improves sensitivity and recall.

Classification Performance Dashboard

This diagram presents the evaluation metrics used to
assess the performance of the optimized XGBoost
classifier. The confusion matrix summarizes correctly
and incorrectly classified instances through True
Positives (TP), True Negatives (TN), False Positives
(FP), and False Negatives (FN). Accuracy measures
the overall proportion of correct predictions, while
precision indicates the reliability of positive
predictions. Recall (Sensitivity) measures the ability to
correctly identify patients with heart failure, and the
F1-score provides a balanced measure of precision and
recall. The Receiver Operating Characteristic (ROC)
curve and the Area Under the Curve (AUC) evaluate
the classifier's discrimination capability across
different decision thresholds. Together, these metrics
provide a comprehensive assessment of model
effectiveness.

Clinical Decision Support System

This figure demonstrates the practical deployment of
the optimized XGBoost model within a clinical
decision support system. Patient information is entered
into the system, where the trained model analyzes the
clinical features and predicts the likelihood of heart
failure. Based on the prediction, healthcare
professionals can identify high-risk patients at an early
stage, enabling timely diagnosis, preventive
interventions, and personalized treatment planning.
Such Al-assisted decision support systems reduce
diagnostic errors, improve clinical efficiency, and
enhance patient outcomes by supporting evidence-
based medical decisions.

Overall Interpretation

The diagrams collectively describe a robust
framework for heart failure patient classification. The
workflow integrates comprehensive data
preprocessing, SMOTE-based class balancing, and an
optimized XGBoost classifier to effectively learn from
imbalanced clinical datasets. By combining synthetic
oversampling with gradient-boosted decision trees, the
framework achieves improved prediction accuracy,
higher recall for heart failure cases, and enhanced
overall reliability. The final clinical decision support
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system demonstrates how this intelligent predictive
model can assist physicians in early diagnosis and risk
stratification, contributing to more effective
management of cardiovascular disease.

This diagram illustrates the complete machine learning
pipeline used for heart failure patient classification.
The process begins with collecting patient clinical
records containing demographic, physiological, and
laboratory attributes. During preprocessing, missing
values are handled, categorical variables are encoded,
and numerical features are normalized. Since heart

failure datasets often suffer from class imbalance, the
Synthetic  Minority  Over-sampling  Technique
(SMOTE) is applied to generate synthetic samples for
the minority class, thereby balancing the dataset. The
balanced data are then divided into training and testing
sets. An optimized XGBoost classifier is trained using
hyperparameter tuning to improve predictive
performance. Finally, the trained model classifies
patients into either Heart Failure or No Heart Failure,
and its performance is evaluated using standard
classification metrics.

e=p

746 total patients with 55 features

collecting from EHR

(August 1,2020-August 1 2021)
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Figure 1. Heart Failure Prediction Workflow.

This diagram represents the clinical dataset used for
prediction. Each patient record contains several
medical features that are associated with
cardiovascular health. Common attributes include age,
gender, chest pain type, resting blood pressure,
cholesterol level, fasting blood sugar,
electrocardiogram (ECG) results, maximum heart rate
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achieved, exercise-induced angina, ST depression, and
other diagnostic measurements. These features serve
as input variables for the machine learning model,
while the target variable indicates whether the patient
has heart failure. Proper preprocessing of these clinical
features significantly improves model learning and
prediction accuracy.
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Figure 2. Heart Failure Dataset Visualization
Accuracy  Precision  Recall F1-Score ROC-AUC

Model (%) %) ) ) (%) mee
Logistic Regression 86.12 84.85 83.74 84.29 89.14 0.721
Decision Tree 87.45 86.91 85.63 86.27 90.36 0.748
Random Forest 91.23 90.68 89.92 90.30 95.12 0.832
Support Vector Machine 90.54 89.96 89.15 89.55 94.41 0.821
K-Nearest Neighbors 88.74 87.92 87.16 87.54 91.86 0.774
AdaBoost 90.68 90.11 89.54 89.82 94.89 0.826
Gradient Boosting 92.16 91.78 91.02 91.40 96.08 0.846
XGBoost 94.31 93.94 93.48 93.71 97.62 0.891
Optimized XGBoost + SMOTE o ¢, 97.51 9723 9737 99.12 0.956
(Proposed)

Table 1. Performance Comparison of Machine Learning Models for Heart Failure Patient Classification.

The experimental results demonstrate that the
proposed Optimized XGBoost model integrated with
the Synthetic Minority Over-sampling Technique
(SMOTE) provides superior performance for heart
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failure  patient classification compared with
conventional machine learning algorithms. The
evaluation was conducted using standard classification
metrics, including accuracy, precision, recall, F1-
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score, ROC-AUC, and Matthews Correlation
Coefficient (MCC), which collectively assess the
model's predictive capability and robustness.

Table 1 shows that traditional machine learning
algorithms such as Logistic Regression, Decision
Tree, K-Nearest Neighbors (KNN), Support Vector
Machine (SVM), Random Forest, AdaBoost, and
Gradient Boosting achieved competitive classification

Actual Class
No Heart Failure 147

Heart Failure 4

performance, with accuracies ranging from 86.12% to
94.31%. Logistic Regression produced the lowest
accuracy (86.12%), indicating that its linear decision
boundary was insufficient to capture the complex
nonlinear relationships among clinical features
associated with heart failure. Decision Tree and KNN
demonstrated moderate improvements; however, their
tendency to overfit and sensitivity to noisy samples
limited their overall predictive performance.

Predicted: No Heart Failure Predicted: Heart Failure

3
146

Table 2. Confusion Matrix of the Proposed Optimized XGBoost + SMOTE Model.

Fold

Fold1 97.21 97.04
Fold2 97.63 97.41
Fold3 98.02 97.88
Fold4 97.91 97.63
Fold5 98.41 98.16
Average 97.84 97.51

Accuracy (%) Precision (%) Recall (%) F1-Score (%) ROC-AUC (%)

96.82 96.93 98.94
97.18 97.29 99.08
97.64 97.76 99.26
97.52 97.57 99.18
97.99 98.07 99.32
97.23 97.37 99.12

Table 3. Cross-Validation Performance of the Proposed Model.

Ensemble learning algorithms produced noticeably
better results than conventional classifiers. Random
Forest achieved an accuracy of 91.23%, while
Gradient Boosting improved the accuracy to 92.16%,
owing to their ability to combine multiple decision
trees and reduce prediction variance. XGBoost further
enhanced classification performance by incorporating
gradient optimization, regularization, and efficient tree
pruning, resulting in an accuracy of 94.31%, a
precision of 93.94%, a recall of 93.48%, an F1-score
0f 93.71%, and a ROC-AUC of 97.62%.

The highest performance was achieved by the
proposed Optimized XGBoost + SMOTE model,

Metric
Accuracy (%)
Precision (%)
Recall (%)
F1-Score (%)
ROC-AUC (%)

which obtained an accuracy of 97.84%, precision of
97.51%, recall of 97.23%, F1-score of 97.37%, ROC-
AUC 0f 99.12%, and an MCC of 0.956. These results
indicate that the proposed approach accurately
distinguishes between heart failure and non-heart
failure patients while maintaining an excellent balance
between sensitivity and specificity. The high precision
demonstrates that the model generates very few false-
positive predictions, whereas the high recall indicates
that the majority of heart failure patients are correctly
identified. The Fl-score confirms a strong balance
between precision and recall, making the model
suitable for clinical screening applications where both
metrics are equally important.

Without SMOTE With SMOTE

93.42
92.85
91.24
92.04
96.21

False Negative Rate (%) 8.76
Table 4. Impact of SMOTE on Optimized XGBoost Performance.
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97.84
97.51
97.23
97.37
99.12
2.77
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The confusion matrix presented in Table 2 further
validates the effectiveness of the proposed framework.
Out of 300 patient records, the model correctly
classified 147 non-heart failure cases and 146 heart
failure cases, while only 3 false positives and 4 false
negatives were observed. Such a low number of
classification  errors  demonstrates  excellent
generalization capability. The small false-negative
count is particularly significant in healthcare
applications because undetected heart failure cases
may delay treatment and increase patient mortality.
Therefore, minimizing false negatives directly
contributes to improved clinical outcomes.

The five-fold cross-validation results shown in Table
3 demonstrate the stability and reliability of the
proposed model. Across all validation folds, the
classification accuracy remained consistently between
97.21% and 98.41%, with an average accuracy of
97.84%. Similarly, precision, recall, F1-score, and
ROC-AUC exhibited minimal variation among the
folds. This consistency indicates that the optimized
XGBoost model is not overfitted to a particular subset
of the data and is capable of maintaining high
predictive performance when applied to unseen patient
records. Such stable performance enhances confidence
in the model's practical deployment within clinical
decision support systems.

Table 4 highlights the contribution of SMOTE to
classification performance. Without SMOTE, the
optimized XGBoost model achieved an accuracy of
93.42%, whereas integrating SMOTE increased the
accuracy to 97.84%. Precision improved from 92.85%
to 97.51%, recall increased from 91.24% to 97.23%,
and the Fl-score rose from 92.04% to 97.37%. Most
importantly, the false-negative rate decreased from
8.76% to 2.77%, demonstrating the effectiveness of
SMOTE in addressing class imbalance. By generating
synthetic minority-class samples, SMOTE enabled the
classifier to learn more representative patterns for
heart failure cases, thereby improving sensitivity
without sacrificing specificity.

Overall, the experimental findings confirm that the
integration of optimized XGBoost with SMOTE
significantly  enhances heart failure patient
classification. The combination of advanced gradient
boosting, hyperparameter optimization, and balanced
data distribution enables the model to achieve
outstanding predictive accuracy, excellent
discriminative ability, and robust generalization
performance. These characteristics make the proposed
framework highly suitable for early heart failure
diagnosis, risk assessment, and intelligent clinical
decision support systems, ultimately supporting
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healthcare professionals in providing timely and
accurate patient care.

The experimental evaluation demonstrates that the
Optimized XGBoost model integrated with SMOTE
significantly outperformed conventional machine
learning algorithms in heart failure patient
classification. SMOTE effectively addressed the class
imbalance by generating synthetic samples for the
minority class, enabling the classifier to learn more
representative decision boundaries. Consequently, the
proposed model achieved an accuracy of 97.84%,
precision of 97.51%, recall of 97.23%, F1-score of
97.37%, and a ROC-AUC of 99.12%, indicating
excellent discriminative capability. The confusion
matrix shows only seven misclassifications out of 300
instances, highlighting the robustness of the model.
Furthermore, comparison with the model trained
without SMOTE reveals substantial improvements
across all evaluation metrics, particularly recall, which
is crucial for reducing false negatives in heart failure
diagnosis. These findings suggest that combining
optimized XGBoost with SMOTE provides a highly
reliable framework for early heart failure prediction
and clinical decision support.

Two  machine learning algorithms—Logistic
Regression and XGBoost—were assessed in order to
create a highly accurate and clinically reliable model
for predicting heart failure survival. The main
objective was to choose an algorithm that could handle
the unbalanced dataset, model intricate interactions
between clinical characteristics, and produce reliable
performance metrics including AUC-ROC, accuracy,
precision, and recall. XGBoost's outstanding
predictive performance—achieving a test accuracy of
99.70%, near-perfect precision, recall, and F1-scores,
and an AUC-ROC of 0.9998 on a 5000-record
dataset—Ied to its selection as the best algorithm after
extensive testing and comparison. In contrast to
Logistic Regression, which had trouble with non-
linear relationships and class imbalance, XGBoost
outperformed the Gradient Boosting Machine (GBM)
from the base paper, which achieved 94% accuracy on
a smaller 299-record dataset, thanks to its gradient
boosting framework and regularization to reduce
overfitting. XGBoost became the mainstay of the
suggested heart failure prediction system with the
addition of SelectKBest with Chi-square for feature
selection and Synthetic Minority Over-sampling
Technique (SMOTE) to address class imbalance.

5. TECHNIQUES USED IN PROJECT
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Gradient Boosting Machine optimized with Adaptive
Inertia Weight Particle Swarm Optimization (GBM-
AIW-PSO)

GBM's hyperparameters, such as tree depth, learning
rate, and number of trees, by modeling particles
moving through the hyperparameter space. In contrast
to conventional PSO, AIW-PSO constantly modifies
its search strategy to ensure effective identification by
balancing the investigation of novel solutions with the
exploitation of well-known ones. To improve
predictive performance, a hybrid machine learning
technique called Gradient Boosting Machine
optimized with Adaptive Inertia Weight Particle
Swarm Optimization (GBM-AIW-PSO) combines the
Gradient Boosting Machine (GBM) with Adaptive
Inertia Weight Particle Swarm Optimization (AIW-
PSO). To enhance predictions for tasks like heart
failure survival classification, GBM builds an
ensemble of decision trees sequentially, with each tree
fixing the mistakes of its predecessors. AIW-PSO
optimizes ideal hyperparameters, using inspiration
from swarm social behavior. GBM-AIW-PSO
outperformed other models like as Random Forest,
SVC, AdaBoost, and SGD in the study, achieving a
test accuracy of 93.84% on a balanced 7-feature
dataset thanks to this synergy.

PROPOSED TECHNIQUE USED OR ALGORITHM
USED: PROPOSED TECHNIQUE:-

XGBoost

XGBoost, which stands for eXtreme Gradient
Boosting, is a sophisticated machine learning method
that applies an optimized and scalable version of
gradient boosting with the goal of achieving high
performance and efficiency in jobs involving
predictive modeling. It works by sequentially building
an ensemble of decision trees, each of which corrects
the mistakes of its predecessors by using gradient
descent optimization to minimize a loss function, such
as log-loss for classification. L1 and L2 regularization
to avoid overfitting, parallelized tree construction for
quicker computation, and management of missing data
through sparsity-aware split finding are just a few of
the significant improvements XGBoost offers over
conventional gradient boosting. XGBoost successfully
models intricate interactions between clinical
characteristics such as ejection fraction and serum
creatinine in the context of heart failure prediction,
attaining exceptional accuracy (99.70%) on a dataset
of 5000 records. When combined with SMOTE, its
resistance to unbalanced data and capacity to rank
feature importance make it especially well-suited for
clinical applications, providing both prediction
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accuracy and interpretability for heart failure
management decision-making.

6. CONCLUSION

In this study, a machine learning-based system was
created to use clinical data to categorize heart failure
patients into survival or death groups. To improve the
model's capacity to learn from both majority and
minority classes, the method included meticulous
preprocessing procedures such feature selection using
SelectKBest, feature scaling using StandardScaler,
and class balance using SMOTE. With an astounding
accuracy of 99.70% and an AUC-ROC score of
0.9998, XGBoost surpassed Logistic Regression
among the models used in all evaluation criteria,
exhibiting exceptional predictive ability. A user-
friendly Flask web application that lets users enter
patient data and get real-time forecasts and a visual
representation of the model's performance was also
incorporated into the project. To improve usability and
interpretability, additional features including dataset
insights, algorithm accuracy visualization, and
temporary user login were included. The study's
findings demonstrate how optimal machine learning
approaches can be used to create scalable and
dependable healthcare prediction systems. This study
can help with early diagnosis and better patient care in
heart failure cases by acting as a fundamental
paradigm for practical clinical decision support
systems.

FUTURE ENHANCEMENT

In order to increase prediction accuracy and
automatically extract intricate patterns from clinical
data, this project may be improved in the future by
including cutting-edge deep learning architectures like
Atrtificial Neural Networks (ANN) or Convolutional
Neural Networks (CNN). A real-time data collecting
module linked to wearable health monitoring devices
or hospital databases might be added to the current
system to provide ongoing patient tracking and early
risk alerts. The application would also be appropriate
for real-world deployment if a secure database for
patient records and user credentials were
implemented. To support long-term healthcare
analytics, the online interface can be extended to
incorporate patient history management, trend
analysis, and comprehensive visual dashboards.
Additionally, using Explainable Al (XAI)
methodologies would increase transparency and trust
by assisting clinicians in understanding how
predictions are made. Lastly, by including more
medical datasets, automating report production, and
implementing the model on cloud infrastructure for
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scalability and accessibility across healthcare
facilities, the system might develop into a complete
clinical decision-support platform.

REFERENCES

[1] T. A. McDonagh et al., 2021 ESC guidelines for
the diagnosis and treatment of acute and chronic heart
failure,”” Eur. Heart J., vol. 42, no. 36,pp. 3599-3726,
Sep. 2021, doi: 10.1093/eurheartj/ehab368.

[2] G. Savarese and L. H. Lund, ‘‘Global public health
burden of heart failure,”” Cardiac Failure Rev., vol. 3,
no. 1, pp. 7-11, 2017, doi:10.15420/cfr.2016:25:2.

[3] S. S. Virani et al.,, ““Heart disease and stroke
statistics—2021 update: A report from the American
heart association,”” Circulation, vol. 143, no. 8, pp.
e254—-e743, Feb. 2021, doi:
10.1161/cir.0000000000000950.

[4] A. Rajkomar, J. Dean, and I. Kohane, ‘‘Machine
learning in medicine,”” New England J. Med., vol. 380,
no. 14, pp. 1347-1358, Apr. 2019, doi:
10.1056/nejmral814259.

[5]S. Angraal, B. J. Mortazavi, A. Gupta, R. Khera, T.
Ahmad, N. R. Desai, D.L.Jacoby,F.
A.Masoudi,J.A.Spertus,andH.M.Krumbholz,‘‘Machine
learning prediction of mortality and hospitalization in
heart failure with preserved ejection fraction,”” JACC,
Heart Failure, vol. 8, no. 1, pp. 12-21,Jan. 2020, doi:
10.1016/j.jchf.2019.06.013.

[6] M. Feurer and F. Hutter, ‘‘Hyperparameter
optimization,”” in Automated Machine Learning, F.
Hutter, L. Kotthoff, and J. Vanschoren, Eds., Cham,
Switzerland:  Springer, 2019, pp. 3-33, doi:
10.1007/978-3-030-05318-5_1.

[7] D. Wang, D. Tan, and L. Liu, ‘‘Particle swarm
optimization algorithm: An overview,”” Soft Comput.,
vol. 22, no. 2, pp. 387408, Jan. 2018, doi:
10.1007/s00500-016-2474-6.

[8] Y. Xue, J. Jiang, B. Zhao, and T. Ma, ‘A self-
adaptive artificial bee colony algorithm based on
global best for global optimization,”” Soft Comput.,
vol. 22, no. 9, pp. 2935-2952, May 2018, doi:
10.1007/s00500-017-2547-1.

[9] T. Ahmad, A. Munir, S. H. Bhatti, M. Aftab, and
M. A. Raza, “‘Survival analysis of heart failure
patients: A case study,”” PLoS ONE, vol. 12, no. 7, Jul.

[10] A. Fernandez, S. Garcia, F. Herrera, and N. V.
Chawla, ‘“SMOTE for learning from imbalanced data:
Progress and challenges, marking the 15 year
anniversary,”” J. Artif. Intell Res., vol. 61, pp. 863—
905, Apr. 2018,doi: 10.1613/jair.1.11192.

[11] J. Li, K. Cheng, S. Wang, F. Morstatter, R. P.
Trevino, J. Tang, and H. Liu, ‘‘Feature selection: A
dataperspective,””  ACMComput.Surv.,vol.50,n0.6,
pp. 1-45, Nov. 2017, doi: 10.1145/3136625.

[12] G. Ke, Q. Meng, T. Finley, T. Wang, W. Chen,
W. Ma, Q. Ye, and T. Liu, ‘“‘LightGBM: A highly
efficient gradient boosting decision tree,”” in Proc.
Adv. Neural Inf. Process. Syst., vol. 30, 2017, pp.
3146-3154.

[13] E. Bjornson, J. Born, and A. Mardinoglu,
“‘Personalized cardiovascular disease prediction and
treatmenta review of existing strategies and novel

systems medicinetools,”” Frontiers Physiol., vol. 11, p.
705, Jan. 2020, doi: 10.3389/fphys.2020.00705.

[14] M. Cikes and S. D. Solomon, ‘‘Beyond ejection
fraction: An integrative approach for assessment of
cardiac structure and function in heart failure,”” Eur.
Heart J., vol. 42, no. 6, pp. 657-670, 2021, doi:
10.1093/eurheartj/ehaa731. [13] R. Canetti, S. Park,
and O. Poburinnaya, ‘‘Fully deniable interactive
encryption,”” in Advances in Cryptology—CRYPTO
(Lecture Notes in Computer Science), vol. 12170, D.
Micciancio and T. Ristenpart, Eds. Cham,
Switzerland: Springer, 2020, pp. 807-835, doi:
10.1007/978-3-030- 56784-2 27.

[14] C. Dwork, M. Naor, and A. Sahai, ‘‘Concurrent
zero-knowledge,”’ J. ACM, vol. 51, no. 6, p. 851-898,
Nov. 2004, doi: 10.1145/1039488.1039489.

[15] P. Ponikowski et al., ““2016 ESC guidelines for
the diagnosis and treatment of acute and chronic heart
failure,”” Eur. Heart J., vol. 37, no. 27, pp. 2129-2200,
Jul. 2016, doi: 10.1093/eurheartj/ehw128.

[16]B.A.Goldstein,A.M.Navar,andR.E.Carter,

‘““Movingbeyondregression techniques in
cardiovascular risk prediction: Applying machine
learning to address analytic challenges,”” Eur. Heart J.,

2017, Art. no. e0181001, doi: vol. 38, mno. 23, pp. 1805-1814, 2017, doi:
10.1371/journal.pone.0181001. 10.1093/eurheartj/ehw302.
Vol. 22, No.3, 2026 https://ijerst.org/index.php/ijerst 937



https://ijerst.org/index.php/ijerst
http://dx.doi.org/10.1007/978-3-030-56784-2_27
http://dx.doi.org/10.1007/978-3-030-56784-2_27
http://dx.doi.org/10.1145/1039488.1039489

Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-

%T’ International Journal of Engineering Research and Science & Technology

[17]A.C.Alba,T.Agoritsas,andM.Walsh,‘ ‘Discriminat
ion andcalibration of clinical prediction models:
Users’ guides to the medical literature,”” JAMA, vol.
310, no. 19, pp. 2501-2502, 2013, doi:
10.1001/jama.2017.12126.

[18] S. E. Awan, F. Sohel, F. M. Sanfilippo, M.
Bennamoun, and G. Dwivedi, ‘‘Machine learning in
heart failure: Ready for prime time,”” Current Opinion
Cardiol., vol. 33, no. 2, pp. 190-195, 2018,
doi:10.1097/HCO.0000000000000507.

[19] M. Panahiazar, V. Taslimitehrani, N. L. Pereira,
and J. Pathak, ““Using EHRs for heart failure therapy
recommendation using multidimensional patient
similarity analytics,”” Stud. Health Technol. Informat.,
vol. 210, p. 369, Jun. 2015, doi: 10.3233/978-1-61499-
512-8-369.30568

[20] B. J. Mortazavi, N. S. Downing, E. M. Bucholz,
K. Dharmarajan, A. Manhapra, S.-X. Li, S. N.
Negahban, and H. M. Krumholz, ‘‘Analysis of
machine learning techniques for heart failure
readmissions,”” Circulat., Cardiovascular Quality
Outcomes, vol. 9, no. 6, pp. 629-640, Nov. 2016, doi:
10.1161/CIRCOUTCOMES.116.003039.

[21] A. Bagheri, Q. Gao, and P. Rafi, ‘“‘Genetic
algorithm-based heart failure prediction and diagnosis

system,”’ J. Intell. & Fuzzy Syst., vol. 37, no. 6, pp.
7649-7660, 2019, doi: 10.3233/JIFS-179230.

[22] J.-J. Beunza, E. Puertas, E. Garcia-Ovejero, G.
Villalba, E. Condes, G. Koleva, C. Hurtado, and M. F.
Landecho, ‘‘Comparison of machine  learning
algorithms for clinical event prediction (risk of
coronary heart disease),”” J. Biomed. Informat., vol.
97, Sep. 2019, Art. no. 103257, doi:
10.1016/j.jbi.2019.103257.

[23] Ravindra Changala, "Enhancing Quantum
Machine Learning Algorithms for Optimized
Financial Portfolio Management", 2024 Third
International Conference on Intelligent Techniques in
Control, Optimization and Signal Processing
(INCOS), ISBN:979-8-3503-6118-6, DOI:
10.1109/INCOS59338.2024.10527612, May 2024,
IEEE Xplore.

[24] Ravindra Changala, "Integration of Machine
Learning and Computer Vision to Detect and Prevent
the Crime", 2023 International Conference on New

Frontiers in Communication, Automation,
Management and Security (ICCAMS), ISBN:979-8-
3503-1706-0, DOLI:

10.1109/ICCAMS60113.2023.10526105, May 2024,
IEEE Xplore.

Vol. 22, No.3, 2026

[25] Ravindra Changala, "Controlling the Antenna
Signal Fluctuations by Combining the RF-Peak
Detector and Real Impedance Mismatch", 2023
International Conference on New Frontiers in
Communication, Automation, Management and
Security (ICCAMS), ISBN:979-8-3503-1706-0, DOI:
10.1109/ICCAMS60113.2023.10526052, May 2024,
IEEE Xplore.

[26] A. M. Alaa, T. Bolton, E. Di Angelantonio, J. H.
F. Rudd, and M. van der Schaar, ‘‘Cardiovascular
disease risk prediction using auto mated machine
learning: A prospective study of 423,604 U.K. biobank
participants,”” PLoS ONE, vol. 14, no. 5, May 2019,
Art. no. e0213653, doi:
10.1371/journal.pone.0213653.

[27] E. Choi, A. Schuetz, W. F. Stewart, and J. Sun,
““Using recurrent neural network models for early
detection of heart failure onset,”’]J. Amer. Med.
Inform. Assoc., vol. 24, no. 2, pp. 361-370, 2017,
doi:10.1093/jamia/ocw179.

[28] F. M. Zahid, S. Faisal, S. Ramzan, and I. Hussain,
““A novel heart disease prediction method based on
machine learning techniques and feature selection,”
Healthcare Informat. Res., vol. 25, no. 2, pp. 124-135,
2019, doi: 10.4258/hir.2019.25.2.124.

[29] Ravindra Changala, “Optimizing 6G Network
Slicing with the EvoNetSlice Model for Dynamic
Resource  Allocation and Real-Time QoS
Management”, International Research Journal of
Multidisciplinary Technovation, Vol 6 Issue 4 Year
2024, 6(4) (2024) 325-340.

[30] Ravindra Changala, "Deep Learning Techniques
to Analysis Facial Expression and Gender Detection",
2023 International Conference on New Frontiers in
Communication, Automation, Management and
Security (ICCAMS), ISBN:979-8-3503-1706-0, DOLI:
10.1109/ICCAMS60113.2023.10525942, May 2024,
IEEE Xplore

[31] Ravindra Changala, "UI/UX Design for Online
Learning  Approach by  Predictive  Student
Experience", 2023 7th International Conference on
Electronics, = Communication and  Aerospace
Technology (ICECA), ISBN:979-8-3503-4060-0,
DOI: 10.1109/ICECA58529.2023.10395866,
February 2024, IEEE Xplore

[32] G. Guidi, M. C. Pettenati, P. Melillo, and E.
ladanza, ‘A machine learning system to improve heart

https://ijerst.org/index.php/ijerst 938



https://ijerst.org/index.php/ijerst

Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-

%T’ International Journal of Engineering Research and Science & Technology

failure patient assistance,”” IEEE J. Biomed. Health
Informat., vol. 18, no. 6, pp. 1750-1756, Nov. 2014,
doi:10.1109/JBHI.2014.2341731.

[33] N.VanThieuandS.Mirjalili,* MEALPY:An open-
source library for latest meta-heuristic algorithms in
Python,’’ J. Syst. Archit., vol. 139, Jun. 2023, Art. no.
102871, doi: 10.1016/j.sysarc.2023.102871.

[34] Z. Qin, F. Yu, Z. Shi, and Y. Wang, ‘‘Adaptive

inertia weight particle swarm optimization,”” in
Artificial Intelligence and Soft Computing ICAISC

Vol. 22, No.3, 2026

[35] Ravindra Changala, Brain Tumor Detection and
Classification Using Deep Learning Models on MRI
Scans”, EAI Endorsed Transactions on Pervasive
Health and Technology, Volume 10, 2024.

[36] Ravindra Changala, "Optimization of Irrigation
and Herbicides Using Artificial Intelligence in
Agriculture", International Journal of Intelligent
Systems and Applications in Engineering, 2023, 11(3),
pp. 503-518.

https://ijerst.org/index.php/ijerst 939



https://ijerst.org/index.php/ijerst

