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The evolution of intelligent healthcare systems has increased the importance of

§

machine learning techniques in timely prediction of heart disease by using clinical and

medical data. In recent years machine Learning techniques have been used widely in
disease prediction systems due to their ability to examine complex medical patterns and also
for better diagnostic accuracy. Many machine learning classifiers achieve strong predictive
performance but still acquire high computational power and longer execution time during
their training and testing phases. The ensemble learning algorithms such as Extra Trees,
Extreme Gradient boosting and LightGBM have excellent performance in prediction of data
due to their high classification accuracy and robustness. The main problem is that these
models often suffer from high iteration counts, longer execution time and the inclusion of
irrelevant or redundant features which may affect prediction efficiency and the overall
performance of a model. To address these limitations, this research paper introduces a
Rough Set Theory which is totally based on hybrid maximum value attribute (MVA). Hybrid
MVA is a feature selection method that combines cardinality based ranking for categorical
attributes and variance based ranking for continuous attributes in order to choose the most
relevant features before training the models and predict heart disease in an efficient
manner.The proposed models evaluate three techniques that are hybrid maximum value
attribute Extra trees (MVA ET), hybrid maximum value Attribute XGBoost (MVA
XGBoost) and hybrid maximum value attribute LightGBM (MVA LightGBM). This hybrid
MVA method improves the performance of the model and improves computational
efficiency by selecting the most relevant categorical and continuous features and removes
irrelevant ones. The models are implemented using Python in Jupyter Notebook. The
dataset is obtained from Kaggle platform which is titled as “Synthetic Heart Disease
Prediction Dataset” that contains 50000 records and 20 features. The standard performance
evaluation metrics including accuracy, precision, recall, F1 score and execution time are used
to measure the success of the proposed approach. This report compares standard models
against hybrid MVA across various train and test data distributions. The experimental
evaluation is performed using accuracy, precision, recall, Fl-score, execution time and
iteration analysis to measure model effectiveness comprehensively and Experimental results
show that the hybrid MVA based models outperforms the traditional classifiers in terms of
prediction accuracy, computational efficiency and feature optimization. It reduces the feature
dimensionality from 20 to 13 features, i.e., a 35% reduction in the input feature space before
model training. For the Extra Trees classifier, the average iteration steps decreased from
46,787 to 31,040, corresponding to a 33.7% reduction in computational complexity.
Similarly, training and execution time were also reduced in Hybrid MVA Extra Trees. The
Hybrid MVA XGBoost model and Hybrid MVA LightGBM reduced the average iteration
steps from 4,560 to 2,964, corresponding to a 35% reduction, while also reducing training
and execution times. The Hybrid MVA Extra Trees model achieved an average accuracy of
99.07%, while Hybrid MVA XGBoost and Hybrid MVA LightGBM maintained average
accuracies of 99.73% and 99.57%, respectively. Among the proposed approaches, Hybrid
MVA XGBoost provided the best balance between predictive performance and
computational efficiency.
Keywords: Disease Prediction, Machine Learning, Rough Set Theory, Maximum Value
Attribute, Extra Trees, XGBoost, LightGBM, Feature Selection, Hybrid MVA, Clinical
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Introduction:

The increasing number of heart disease cases has placed a lot of stress on medical
infrastructures. The rapid growth of patient data and the requirement for accurate clinical
decision making have encouraged researchers to assist healthcare professionals in heart
disease prediction and management. The timely diagnosis is particularly important as delayed
detection of a disease can led to severe complications, high treatment costs and higher
mortality rates.

In recent years the machine learning classifiers played an important role in predicting
diseases including heart disease early and efficiently identify hidden patterns and its
relationships within complicated medical datasets. However, there are several existing ML
techniques that often require extensive hyperparameter tuning, multiple optimization stages
and high iteration steps to achieve peak performance. These limitations increase
computational cost and makes deployment very difficult in real time healthcare
environments as in such cases quick response is very important.

Most modern ensemble and boosting algorithms have improved the prediction of
diseases in medical diagnosis systems [1]. Among these approaches are Extreme Gradient
Boosting (also known as XG Boost) is used widely for its good classification capability and
robustness. It can handle high dimensional clinical data very efficiently [2]. XG Boost
improves predictive learning from previous weak learners by correcting errors and makes it
highly efficient by predicting complicated disease patterns and health of high-risk patient.
Similarly the LightGBM has fast training speed, lower memory consumption and scalability
for large medical datasets [3].

Despite these advantages there are many machine learning algorithms that still face
several practical disadvantages in medical field [1]. There are many existing ML methods that
needs extensive hyperparameter tuning, repeated optimization procedures and also high
iteration steps to get best performance [1]. The computationally intensive procedures of
these ML enhance execution time and resource utilization. It limits their applicability in real
time diagnostic environments as rapid and timely prediction is very important in such critical
cases. During feature selection and node optimization classical machine learning methods
include complex mathematical calculations which further increases the procedural
complexity [1]

To address these disadvantages, recent research has explored feature optimization
and reduction techniques to make learning process easier and computational efficiency
better. One solution is maximum value attribute (MVA) based on Rough Set Theory which
provides an effective mathematical framework for managing uncertain, noisy and clinical
data [1]. A recent study shows that RST-based feature selection utilizes the Quick educt
algorithm which can reduce dimensionality while improving classification accuracy across
different datasets such as heart disease and breast cancer [4]. RST has successfully reduced
feature sets from 54 attributes down to just four while enhancing the performance of
Support Vector Machines and Logistic Regression [4]. To enhance heart disease prediction,
another study combined RST with Multi Criteria Decision Making which uses RST with
Johnson’s algorithm that separates the most important clinical features like age, blood
pressure and serum cholesterol while also reducing model complexity and maintain
predictive performance [5]. RST selects relevant features by reducing the number of features
without affecting model performance [5].

The dataset of this research paper has categorical and continuous attributes that
contain different data characteristics so if we use conventional MVA to apply a single
ranking strategy to all attributes it will not produce the best feature subset. The categorical
attributes contain a limited number of discrete values where conventional MVA can work
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very well but continuous attributes have a wide range of numerical values where
conventional MVA may not provide an appropriate ranking. Therefore, this study introduces
a Hybrid MVA approach in which categorical attributes are ranked using the cardinality
principle of rough set theory approach and continuous attributes are ranked using variance
analysis. The selected features from both groups are then merged to form the final feature
subset before model training. By choosing only the most informative attributes and
removing redundant features, hybrid MVA based methods can reduce iteration steps,
execution and training time while maintaining reliable predictive performance.

To overcome these challenges researchers are concentrating on lightweight and
computationally efficient prediction frameworks that can produce high classification
accuracy while reducing iteration steps. This study focuses on the problems of time
consumption and complex procedural complexity in traditional MI. models by integrating
RST based MVA with extra trees, XG Boost and Light GBM. The proposed approach
makes it easier to predict heart disease by selecting only the most relevant attributes instead
of processing the entire feature space. By the reduction of features, we can improve both
efficiency and interpretability in medical prediction systems. By just eliminating irrelevant
and redundant information the proposed hybrid MVA method will minimize the
computational cost, makes model execution faster and also improves overall model stability.
In addition, it reduces feature dimensionality which can help healthcare practitioners like
doctors and health researchers to better understand the contribution of important symptoms
in prediction of heart disease. We integrate MV A with extra trees, XG boost and light GBM
models that will helps to get a balanced tradeoff between predictive performance and
computational efficiency [1].

The proposed framework is achieved using the heart disease prediction dataset based
on symptoms and obtained from kaggle which contains symptoms-oriented data. The
standard extra trees, XG Boost and Light GBM learning models are compared with hybrid
MVA integrated using performance measures such as accuracy, precision, recall, F1 score,
training time, execution time and iteration steps. The experimental findings shows that the
proposed hybrid MVA based models have better predictive reliability while reducing
computational complexity, training and execution time. These characteristics makes the
proposed approach more suitable for intelligent healthcare systems and real time disease
diagnostic applications where fast and accurate prediction is very important. The main
objective of this research paper is the introduction of hybrid maximum value attribute
feature selection method for separately processing categorical and continuous attributes
according to their statistical characteristics because if we treat all features equally it will not
show accurate result.

Traditional Extra Trees, XGBoost & ‘ Strengths of Hybrid
Predictive LightGBM Challenges MVA Models
< Accuracy % Training Time % Enhanced Accuracy
. . . + Reduced Feature Dimensionality
+ Training Time +% Large lteration Steps % Reduced Training Ti
e
% Large Iteration Steps # Model Complexity * neduced fraining fime

% Reduced lteration Steps

+ Lower Computational Cost

Figure 1. Issues in Standard Ensemble Models and Strengths of Proposed MVA Based
Models
The Figure 1 shows the limitations of conventional predictive machine learning
models and highlights the strengths of the proposed hybrid MVA by integrating with
ensemble methods. The traditional predictive models may need significant training time and
large iteration steps with low accuracy to get strong prediction performance. Although the
ensemble machine learning techniques such as Extra Trees, XG Boost and Light GBM have
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improved predictive capability for complex datasets but the problem is that these models still
suffer from issues related to computational overhead, model complexity and increased
number of iteration steps when processing high dimensional data. In healthcare prediction
systems especially in heart disease prediction, reducing computational cost and maintaining
high accuracy is very challenging task. The proposed hybrid MVA based Extra Trees, MVA
XG Boost and MVA Light GBM models are introduced and integrated with Maximum
Value Attribute (MVA) to reduce unnecessary computational steps, decrease model
complexity and training time while improving prediction accuracy. Hybrid MVA processes
categorical features which are ranked using the cardinality principle of RST and continuous
features using variance-based analysis and selected features from both the categories are then
combined to an optimized feature subset before model training. The proposed hybrid MVA
integrated predictive model uses the optimized feature subset to reduce unnecessary
computational steps provides a more efficient and reliable solution for heart disease
prediction.

The main novelty of this research is Hybrid MVA feature selection technique based
on RST for heart disease prediction. The conventional MVA methods process all attributes
for feature selection strategy whereas the Hybrid MVA separately processes categorical and
continuous features. Categorical attributes are ranked using the cardinality principle to
measure their distinct values such as Gender, smoking, Alcohol use and diet and attributes
with higher cardinality are considered for selection. The continuous attributes are ranked
using variance analysis as it captures the variability present in numerical features like Age,
Height, Diabetes or family history and features with higher variance are ranked as more
informative. This hybrid selection strategy preserves relevant information from different data
types while ignoring redundant attributes.

Another contribution of this study is the integration of the proposed Hybrid MVA
with three ensemble learning algorithms and compare them with classical ensemble
algorithms in terms of predictive performance and computational efficiency. The results
shows that the proposed Hybrid MVA reduces the feature space while maintaining
prediction performance and improving computational efficiency. These contributions make
the proposed framework suitable for efficient heart disease prediction.

The remainder of this paper includes Section 2 which discusses the research
background and related literature on extra trees, XG Boost and Light GBM learning models
and disease prediction techniques. Then Section 3 presents the methodology of the
proposed hybrid MVA integration with Extra Trees, XGBoost and LightGBM models.
Section 4 presents the experimental setup, comparative analysis and performance evaluation
results which are obtained from the heart disease prediction dataset. Finally, Section 5
concludes the research findings and discusses future research directions.

Related Work:

The use of Al in healthcare systems has undergone a significant paradigm shift over
the last decade transitioning from traditional statistical modeling to advanced computational
intelligence. Machine Learning has played an important role in medical science, particularly
for prediction and classification of infectious and chronic diseases efficiently such as heart
failure, Pneumonia, Dengue and Diabetes [1].

Evolution of Predictive Modeling in Epidemiology:

The disease forecasting depends heavily on traditional methods such as
Autoregressive Integrated Moving Average (ARIMA) and Seasonal ARIMA (SARIMA)
models [6]. While these models are very efficient for short term trend estimation they often
have linearity and stationarity which restrict them to incorporate complex variables such as
climatic conditions, demographic factors and medical diseases [6]. Consequently, researchers
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have focused towards ML methods that can capture nonlinear relationships and execute high
dimensional heterogeneous datasets with higher accuracy [6].
Logistic Regression:

Logistic Regression has been used widely to classify dengue risk categories in
different provinces based on demographic characteristics of province and healthcare related
indicators [6]. Due to its easy use and interpretability it is the most effective baseline model
for patient disease risk and allowing health authorities to estimate disease probability and
likelihood of severe or fatal dengue cases with acceptable accuracy [6]. A study was
conducted on Indonesian provinces reported that the LR model has an accuracy of
approximately 82% in predicting DENV infection and mortality outcomes [6]. However,
despite being very efficient, LR has a disadvantage that when it handles high dimensional
medical datasets and complex nonlinear relationships among variables. For this reason the
researchers often consider it less suitable for advanced data analysis tasks and prefer more
sophisticated machine or deep learning techniques to better represent the complexity of
disease transmission and progression [6].

Support Vector Machines:

Support Vector Machines (SVM) have very strong performance in dengue diagnosis
and epidemiological forecasting especially when integrated with advanced diagnostic
technologies such as Raman spectroscopy to reagent free dengue prediction [7]. By analyzing
unique molecular vibrations and biological signatures of the virus SVM get approximately
85% diagnostic accuracy and 93% specificity [7]. However the conventional SVM models are
sensitive to class imbalance which means it often favors majority classes and reduces their
efficiency in identifying severe dengue cases unless advanced preprocessing and weighting
methods are applied to it [7]. In regional disease surveillance SVM has proven to be more
effective for modeling complex nonlinear relationships in high dimensional datasets [8]. A
study across Indonesian provinces reported that an SVM model with a Radial Basis function
kernel has 83% accuracy which outperforms both Decision Tree and Logistic Regression
models [8]. SVM has greater precision in identifying high risk regions making it very useful
for patient disease risk and outbreak forecasting [8]

Moreover the Advanced variants such as Multiple Support Vector Machine
Recursive Feature Elimination (MSVM RFE) have also been applied to identify molecular
biomarkers linked to dengue severity [8]. Using this multivariate feature selection approach
researchers has successfully identified cytokine profiles which makes it predict Dengue
Hemorrhagic Fever with sensitivity and specificity above 80% [8]. The studies also shows
that SVM based approaches can be weak with extremely imbalanced datasets sometimes
producing biased predictions toward the dominant class when resampling techniques are not
incorporated [8].

Decision Trees (DT)and Random Forests (RF):

The boosting machine learning methods including Decision Trees and Random
Forest have outperformed traditional machine learning classifiers with respect to predict
accuracy. These methods are recognized for their capability to minimize the common
problem of overfitting by using bootstrap aggregation. Decision Trees have been used for
their hierarchical structure that models complex, nonlinear relationships between clinical
classifications and results. They are used for level prediction in Dengue and to detect
necessary features in COVID19 infection. They are good for being simply interpretable by
non-immunologist physicians. However, Standard DT algorithms like ID3 depends heavily
on information Gain and entropy which are computationally intensive performance metrics
for selecting the root node. Moreover, the standard DT models often involve complex
measures that needs high iteration steps to reach best solution. DTs perform well on small
categorical datasets but they face significant performance challenges when deal with larger,
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high dimensional clinical datasets. The complex iteration cycles inherent in standard DT
implementations are time consuming for real time diagnostic tools.

Random Forest is another ensemble machine learning classifier which has been used
for population wide forecasting of Dengue burden at national scales. However, unlike
Logistic Regression, RF is a nonparametric technique that cannot provides particular
equations to examine relationships between counts and heterogeneous predictions [9].
Another severe limitation of RF regression is that it is not able to produce predictions that
fall beyond the range of the training dataset for data points [9]. The RF model will inevitably
under estimate cases in case of an unprecedented outbreak occurs [9]. It builds a forest of
multiple trees and needs processing power and high iteration cycles as compared to simple
models [9]. RF classifiers produce time lags when they were forecast to rapid changes in
infectious disease dynamics [9]. The another difference from classical algorithms e.g., LR,
SVR, Naive Bayes and KNN) and Decision Trees, Random Forests identify relationships
among attributes [10]. By executing these tree based models on large amount of datasets
shows significant implementation and scalability challenges [10].

Extra Trees:

Recent research has highlighted the Extra Trees algorithm is a better learning
method to predict heart disease which unlike traditional decision trees that looks for the
optimal split at each node, extra trees selects splits randomly [11]. It is a technique that
reduces overfitting and increases the model’s robustness against noise in large datasets. This
algorithm offers a critical balance between variance and bias to make it effective for
processing high dimensional medical data.

In another study, the Extra Trees model using the UCI Machine Learning Repository
shows a very good performance when integrated with Recursive Feature Elimination (RFE)
to isolate the most important predictors such as BMI stroke history and general health. This
integrated approach achieved an accuracy of 93.1%, a precision of 94.8% and a recall of
100% which consistently beats foundational benchmarks such as Logistic Regression
(91.3%) SVM (91.5%) and Random Forest (91.3%). The Extra Trees architecture is
increasingly viewed as a feasible component because of its flexibility and high predictive
power for clinical decision support systems and allows healthcare providers to identify high
risk cardiac patients with greater confidence and reliability [11].

Extreme Gradient Boosting (XGBoost):

Recent study which was conducted in Bangladesh has shown that Extreme Gradient
Boosting as the premier machine learning classifier for forecasting dengue outbreaks among
rapidly shifting infection dynamics [12]. In a comprehensive evaluation of multiple machine
learning frameworks, XGBoost proved superior predictive reliability by achieving an
extraordinary accuracy of 99.49%, a sensitivity of 99.24% and a specificity of 100% [12].
This exceptional performance is attributed to the algorithm’s utilization of XGBoost where
sequential weak learning algorithms like decision trees are implemented to correct the errors
of previous iterations by minimizing the bias and capturing the complex non-linear
relationships that were in clinical datasets. Furthermore, the study also highlights that if we
integrate XGBoost with traditional time series models such as SARIMA it will give a more
robust early warning technique than using individual architectures alone. These research
paper study also shows that XGBoost is highly efficient to analyze high risk outbreak
periods and offers a feasible and high precision solution for targeted medical interventions.
LightGBM:

Recent researches in medical diagnostics have highlighted Light Gradient Boosting
Machine (Light GBM) as very effective classifier for high dimensional disease classification
[13]. In a research study on thyroid disease detection, an improved architecture also called as
Opti LightGBM was developed by combining sequential backward selection for selection of
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features and whale optimization for feature weight refinement [13]. By using a leaf wise
growth strategy to find out the highest splitter gain, the LightGBM lowers memory use and
speedup computations relative to traditional level wise boosting techniques [13]. This Light
GBM approach has gained a high accuracy of 99.75% which is better than conventional
benchmarks such as Multi Kernel SVM and various neural network architectures. These
studies highlight the potential of LightGBM in executing complex data and provides a
robust balance between predictive precision and effective computations that are essential for
real time diagnostic systems.

Maximum Value Attribute (MVA) and Feature Optimization:

MVA provides a mathematical method for data analysis and able to handle noisy and
inaccurate data. The MVA approach relies on the rough value sets and the main purpose was
to get higher cluster purity while minimizing computational cycles [14]. In this approach the
attributes are totally depend on the cardinality of its value set. Furthermore, a rough set
theory shows that attribute values can be used to explain and differentiate items within a
dataset [14]. Therefore, the number of clusters formed by an attribute can be determined
through the cardinality of its value set [14]. Compared to other existing techniques MVA has
lower iteration steps and this improvement is mainly because the MVA technique uses the
knowledge of the dataset including rough value sets, the number of clusters and rough
indiscernibility relations to identify the most suitable clustering attribute [14].

The existing studies are summarized in Table 1 in terms of some relevant literature review
parameters.
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Table 1.Summary of Machine Learning Classifiers

Citation Disease Technique / Accuracy / Advantages Limitations
Classifier Name Metric
[11] Heart Disease Naive Bayes 84.3% Probability approach often | Makes the naive assumption that all
works well in practice features are conditionally
independent
[11] Heart Disease KNN 90.4% Effective for finding | High dimensional data can lead to
(K-Nearest common patterns in feature | overfitting and needs significant
Neighbor) space memory for processing
[15] COVID-19 ARMA 99.93% Effective for short term trend | Insufficient for complex nonlinear
(Auto  Regressive estimation in small datasets forecasting &time-consuming during
Moving Average) training
[16] Dengue (Clinical | ANN & DA 90.91% High performance even with | Small sample size may limit the
small data i.e 77 records only | generalizability of results
[17] COVID-19 MLP 91.67% Extract  highly  complex | Often considered a black box model
(Multi-Layer features are augmented by the | because it sacrifices interpretability
Perceptron) integration ~ of  nonlinear | for superior predictive power
activation functions
[18] CNN-MDRP 94.8% Achieves faster convergence | Performance drops if the number of
(Convolutional than unimodal models. text features is too small e.g<30.
Neural ~ Network
based Multimodal
Disease Risk
Prediction)
[19] Breast Cancer & | SVM 99.51% Enables superior predictive | Large volume of data is required to
Heart Disease (Breast performance high precision | train the model and also faces
Cancer & and robustness in image- | challenges in analyzing low contrast
89.1% based diagnostics images
(heart
disease)
[20] COVID-19 Random Forest | 0.87 Highly effective for real time | Single hospital system registry may
(RF) triage and identifying severe | limit generalizability did not include
cases to optimize hospital | outpatient data
resources
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[21] COVID-19 Decision Tree (DT) | 94.99% Achieved the highest | Sensitivity (89.2%) was lower than
accuracy among all tested | SVM and its specificity (93.22%) was
models (LR, NB, SVM, | lower than Naive Bayes
ANN)

[22] COVID-19 Gradient-Boosting | 0.90 (auROC) | Predicts COVID-19 using | Relies on self-reported symptoms

Machine only eight simple binary | which are subject to bias
(LightGBM) features obtained via basic
questions

[23] Oral Cancer Extra Tree 98% Introduces randomness in | Requires validation in larger more
feature/threshold selection to | diverse cohorts to ensure
reduce overfitting and | generalizability
improve generalization

[24] COVID-19 MRPMC 92.4% Integrates LR, SVM, GBDT | Model stability depends on the
(Ensemble Model) and NN via weighted voting | specific weights assigned to the sub-

for maximum precision models (LR: 0.25, SVM: 0.3, GBDT:
0.1, NN: 0.35)

[25] COVID-19 HPO-FS-SVM 96.73% The MRMR  algorithm | Heavily dependent on the specific
(SVM  optimized identifies the most significant | type of feature selection and hyper-
with MRMR and traits while reducing feature | parameter optimization chosen
Modified Cuckoo redundancy
Search)

[26] Chronic Kidney | CatBoost 98.75% Best overall performance and | Success is tied to specific nature

Disease (CKD) showed  highest accuracy | inspired preprocessing steps requires
compared to other models in | more validation on diverse datasets
research

[27] Diabetes Stacking Ensemble | 94.82% demonstrates high stability on | oversampling techniques (SMOTE +
(XGBoost + KNN new data with minimal | Tomek Links) may not perfectly
with  LightGBM training-testing gaps reflect real world distributions
meta-learner)

[28] COVID-19 AdaBoost 92% Effective for categorizing | Accuracy may be affected by smaller
patients into supervision or | datasets and reliability increases with
monitoring levels higher patient sample counts.

[29] Breast Cancer Hoeffding Tree 97.9% Capable of learning from | Spends extensive computational time
massive data streams with | inspecting for ties in the algorithm
lower memory consumption
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[30] COVID-19 Prophet Algorithm | R* up to 1.00 | Enables fast feasible real-time | Predictive capability can fluctuate
(data perfectly | outcomes via cloud-based | depending on the specific sliding
fits the | mining window (round) analyzed
prediction
line)

[31] Coronary Artery | Bayesian- 97.67% Achieves zero false negatives | Heavily integrated with a hybrid

Disease Optimized SVM systematic ~ and  efficient | feature selection approach using
hyperparameter search | AdaBoost and Decision Trees to
compared to grid or random | identify relevant predictors
methods

[32] Diabetes, CVD | CNN-LSTM 95.3% Captures both spatial features | High computational requirements
and Cancer (hybrid) (via CNN) from images and | and complex architecture need

temporal  sequences  (via | massive amounts of high-quality
LSTM) from clinical records | labeled data.
[33] Alzheimert’s Quadratic 99.9% Provided optimal diagnosis | Requires further validation with a
Disease Discriminant performance  with  near | larger more diverse public dataset to
Analysis (QDA) perfect accuracy ensure robustness.
[34] Heart Disease J48 Decision Tree | 97.73% Highly efficient in detecting | Its accuracy is sensitive to the
benign and malignant risk pruning process and selection of
attributes  like age and blood
pressure.

[35] Parkinson’s Gradient  Bosting | 98.62% (ROC | provides a more transparent | Computational ~ complexity — and
Disease Decision Tree | AUC) decision-making process than | training time can increase
(Biomedical (GBDT) black box DL models significantly in very high-dimensional
voice feature spaces
measurements)

[35] Thyroid Elman Neural | 97.8% Making it ideal for modeling | requires additional layers and weight
Abnormalities Network (ENN) nonlinear dynamic systems | distributions to manage previous

like thyroid function state information

[36] Cardiotocograph | Hybrid Cascade | 99.25% Fuses the benefits of both | Model success is highly sensitive to
y (CTG) Forward NN Cascade Forward (CENN) | the number of hidden layers and

(HECFNN) and Elman (ENN) networks | neurons
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Recent Feature Selection and Explainable AI Studies:

Recent studies are largely focusing on combining feature selection with machine
learning models in order to improve predictive performance and lower computational cost
[37]. A recent study on Mitral Regurgitation (MR) shows a semi-automatic pipeline extract
four dimensional morphological features from cardiac cine MRI scans [37]. A total of 187
candidate features were extracted from the reconstructed mitral annulus and implemented
the minimum redundancy maximum relevance (nRMR) technique in order to identify the 25
most relevant clinical markers [37]. These selected features were evaluated using linear
discriminant analysis LDA and random forest RF with accuracies of 72% and 73%,
respectively [37]. In another research, the hybrid feature selection approach for early
detection of chronic liver disease has merged with Pearson correlation coefficient, Gain
Ratio and Relief with projection techniques that includes principal component analysis and
linear discriminant analysis [38]. Moreover, SHAP technique identifies features that
contributed more strongly to diagnostic predictions and the proposed approach by using a
four hidden layer deep neural network has achieved an accuracy of 90.12% and an average
accuracy improvement of 13.93% over conventional predictors has been reported [38].

The CNN-LSTM, GB-NN, and AE-SVM architectures combine with CNN LSTM
has achieved the highest reported accuracy of 95.3% [39]. The integration of SHAP gives
additional interpretability by extracting important clinical variables such as age, BMI and
blood pressure [39]. This combination of predictive modeling and Explainable Al actually
shows the importance of diagnostic healthcare systems to understand the factors
contributing to model predictions [39]. Another research has used the Bom Gene algorithm
that implements a two staged hybrid feature selection method which combines Boruta and
mRMR to optimize high dimensional gene expression datasets [40]. This technique has
achieved maximum accuracy of 98.113% while reducing training time and ensuring high
stability across 25 diverse biological datasets [40].

Methodology:

This study uses the heart disease prediction dataset which was taken from Kaggle.
The dataset has 50,000 patient records including 20 clinical features. The attributes in dataset
include variables such as age, gender, smoking, alcohol intake, physical Activity, diet, stress
level, hypertension, diabetes, hyperlipidemia, family history, previous heart attack, systolic
blood pressure, diastolic blood pressure, heart rate, blood sugar fasting, cholesterol total and
all these symptoms are used as attributes for prediction of a heart disease. The target variable
is heart disease with a binary class where 0 shows the absence and 1 represents the presence
of a heart disease.

The dataset in this research study contains a reasonably balance class distribution
with 26,827 samples belonging to the non-heart disease class and 23,173 samples for heart
disease class that makes it more suitable for reducing class bias and also supports reliable
model training and evaluation. The dataset has been examined before model training to find
out missing and inconsistent entries and duplicate records and most of the attributes
contains complete records was found in the dataset but the alcohol intake attribute
contained 20,109 missing values. The missing values of the corresponding feature was
removed before model training. After that the data preprocessing was performed and Label
Encoding was applied to convert categorical class labels into numerical form. The feature
selection was carried out for proposed hybrid MVA models to extract the most relevant and
cardinality based top ranked features for categorical features whereas variance ranking for
continuous features in order to reduce dimensionality and improve computational efficiency.
After data preprocessing the dataset was divided into 90/10, 80/20 and 70/30 training and
testing sets. All the models were trained using 76 estimators with a fixed random seed of 42
to ensure reproducibility of the experimental results. The standard Extra Trees, standard
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XGBoost, standard LightGBM, hybrid MVA Extra Trees, hybrid MVA XGBoost and
hybrid MVA LightGBM models were implemented in python using Jupyter Notebook.
Different libraries, including Pandas, NumPy, scikitlearn, XGBoost and LightGBM, have
been used for data preprocessing, visualization, feature selection, model implementation and
heart disease prediction.

Standard Machine Learning Models:

The following high-performance algorithms serve as benchmarks:

Standard Extra Trees: The Extra Trees classifier is implemented as one of the baseline
models in our study for comparison with the hybrid MVA approach which builds multiple
randomized decision trees and merge their predictions to improve classification
performance. It randomly decides split threshold to improve model diversity while manages

overfitting. The quality of each split is evaluated using the Gini impurity criterion, which is
defined as

Gini(D) =1 — Zpiz (1)

where p;represents the probability of class iand cis the total number of classes. The
average depth and number of features of all generated decision trees was calculated to
determine the computational complexity of extra trees by using

Iterations=Number of Trees X Number of Features XAverage Tree Depth (1)

Where, 76 trees were constructed by utilizing 20 input features and the average tree
depth was evaluated from all trained trees.
XGBoost: Extreme Gradient Boosting also known as XG Boost is another machine learning
classifier that builds decision trees sequentially to correct errors. XG Boost is used widely for
medical diagnosis and heart disease prediction. XGBoost regularization techniques reduces
model complexity and improve generalization performance. Like the extra trees it is also
implemented as the baseline model in our study for comparison with the hybrid MVA
approach.

The main function of XGBoost is a loss function and a regularization term which
can be expressed as follows:

0bj© =32, 1(ye30) + ki () @
where
[(yy ¥;)is the prediction loss,
frrepresents the k'decision tree,
Q(fi)is the regularization term used to control model complexity.
The regularization function is defined as

T
Q(f) = yT+§AZ WO
]:

where
Tis the total number of leaf nodes,
wjis the weight of the j thieaf,
ycontrols tree complexity,
Ais the L2 regularization parameter.
During tree construction, XGBoost selects the best split by maximizing the Gain

function,

GE Gk (GL+GR)2) e
Hp+A  Hg+A  Hp+Hg+2

Gain = ;(

where
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G, Grare the first-order gradients,
H;, Hpare the second-order Hessians,
Aand yare regularization parameters.
To estimate the computational complexity of the model, the average depth of all
generated trees is calculated and the approximate iteration steps are computed as
Iteration = Negtimators X Nreatures X AverageDepth
Where

Nestimators = 76,

Nfeatures = 20,

Average Depth is obtained from all trained boosting trees.
The implementation of XGBoost uses 76 boosting trees with a learning rate of 0.05

and a maximum tree depth of 3. The complete set of all 20 input features are used for model

training.

LightGBM: Light Gradient Boosting Machine (LightGBM) is a ML framework that focused

mainly on speed and efficiency in large feature spaces. It is a gradient boosting framework

that is based on decision trees which builds trees using a leaf-wise growth strategy and allows

the model to achieve higher prediction accuracy while requiring fewer iteration steps.

LightGBM is particularly suitable for high dimensional datasets as it reduces training time

and manage predictive performance. During tree construction, LightGBM selects the best

split by maximizing the information gain, which is computed as

GE Gh (GL+GR)?
Hp+A HR+A_HL+HR+7L_

Gain =

®)
where

Gpand Ggrdenote the first-order gradients of the left and right child nodes,
H; and Hgrepresent the corresponding second-order Hessians,

A is the L2 regularization parameter,

ycontrols tree complexity by penalizing unnecessary splits.

The computational complexity of the proposed LightGBM implementation is

estimated using
Iterations=Number of Trees X Number of Features X Average Tree Depth (06)
where the total 76 boosting trees were constructed using 20 input features and the
average tree depth was evaluated from all trained trees by LightGBM model. The model was
implemented with a learning rate of 0.05 and a maximum tree depth of 3.
Hybrid MVA Feature Selection:

The hybrid maximum value attribute technique combines categorical and continuous
attributes before model training. For categorical attributes, the MVA based on Rough Set
Theory is applied to select top 2 features out of 6 in the dataset according to their cardinality
values. For continuous attributes, a variance based ranking approach is applied to select 11
features with higher wvariability. These continuous attributes give more discriminative
information for classification. The selected categorical and continuous attributes are finally
merged to make the final feature subset. It ignores irrelevant data thereby decreasing the
iteration steps, training and execution time.

Standard vs MVA Based Models:

In this study two categories of predictive models were developed and compared
which are standard machine learning models and MVA based optimized models. The
standard models were trained using all 20 input features in the dataset allowing the classifiers
to learn from the complete feature space but the hybrid MVA based models uses a two stage
feature selection strategy i.e categorical and continuous attributes and selected features from
both of these are then combined to form the optimized subset of features used for model
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training. For every categorical attribute, attributes having larger cardinality values are ranked
higher.
Cardinality(A;) =l V(A4;) | 7)

Where
A;denotes the categorical attribute.
V (A;)represents the set of unique values.
| V(A4;) lis the cardinality.

For each continuous attribute, features with higher variance preserve greater
variability within the dataset.

Var(X) = Y1 (xi = )* @®
Where
x;is an individual observation,
Udenotes the mean,
nrepresents the total number of observations.
Finally, the merged feature subset is then used for training the Hybrid MVA models.
FHybrid = FCardinality U Fyariance 9
Where
Feardinatityls the subset selected using MVA.

Fyarianceis the subset selected using variance ranking.

The purpose of integrating hybrid MVA was to reduce dataset dimensionality and
ignores less relevant attributes while preserving important diagnostic information required
for heart disease prediction. This feature optimization approach was expected to reduce
training time, execution time and iteration steps. Furthermore, the study also identifies
whether by reducing the features in hybrid MVA models can maintain predictive
performance comparable to the standard models in terms of accuracy, precision, recall and
F1 score. In addition, the training time, execution

Data
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» Label Encoding

v

Train [ Test Data

Classical Models | I Hybrid MVA Models

® Hybrid MV Extra Trees

® Classical Extra Trees )
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Figure 2.Proposed Methodology Flow chart
The proposed methodology of integrating hybrid MVA techniques with machine
learning models is illustrated in the flowchart presented in Figure 2. The process includes
different phases such as data inspection, data preprocessing and setting train/test data for
model development. During preprocessing, data cleaning and data selection are performed
to improve data quality and reliability. After this the Hybrid MVA feature selection process
divides the features into categorical attribute where the cardinality of each attribute is
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calculated based on the number of distinct values and in case of continuous features variance
is calculated to measure the amount of variation within each attribute. The attributes are
divided into categorical and continuous attributes because they have different data
characteristics so they also need a different ranking criterion. After that they both are
combined to form the final Hybrid MVA feature subset and then the dataset is divided into
training and testing sets. The methodology implements both standard models (Extra Trees,
XGBoost and LightGBM) and MVA based models (hybrid MVA Extra Trees, hybrid MVA
XGBoost and hybrid MVA LightGBM) to perform classification on heart disease based on
performance metrics and computational metrics.

Experimental Setup:

The research process is systematically divided into data collection, preprocessing,
training and a comparative performance analysis of standard and hybrid MVA integrated
models.

Implementation Environment:

The experiments were performed on high performance system for consistent
evaluation of efficiency metrics. Following are the details of system that have been used for
the prediction of different heart diseases.

Hardware Specifications: HP 11th Gen Intel(R) Core (TM) i51145G7 @ 2.60GHz 2.61
GHz with 16GB RAM.

Software Environment: Jupyter Notebook (version 7.4.5) was utilized as the primary
implementation toolkit.

Libraries: The predictive models were developed using the Python repository calling upon
Pandas for data visualization and scikit-learn, XGBoostand LightGBM libraries for
algorithm implementation

Dataset Description and Clinical Attributes:

This research paper uses the dataset of heart disease prediction dataset that has been
downloaded from Kaggle open-source website.

Dataset Shape: The raw information consists of 50000 patient records with 20 input
features representing medical history and laboratory measurements.

Attributes: The predictors include input features to predict heart disease such as age,
gender, weight, height, bmi, smoking, alcohol intake, physical activity, diet, stress level,
hypertension, diabetes, hyperlipidemia, family history, previous heart attack, systolic blood
pressure, diastolic blood pressure, heart rate, blood sugar fasting, and cholesterol total.
Target Labels: The target attribute is heart disease where 0 indicates the absence of heart
disease and 1 indicates the presence of heart disease.

Data Cleaning: Null values and duplicate records were examined initially to ensure a
verified and precise dataset for model training and missing values were identified in the
Alcohol Intake attribute. Moreover, preprocessing and label encoding were also
implemented before model training.

Data Distribution, Splitting and hyperparameter settings:

The dataset has been categorized into three training and testing splits to evaluate the
reliability and efficiency of the models across different data. One is 90/10 split, which means
that 90% data will be for selected for training of model and 10% for testing. The second is
80/20 split which means that 80% data is for training and 20% for testing. The last one is
70/30 split which means that 70% data has been selected for training and 30% for testing.

Table 2. Hyperparameter Configuration of Standard and Hybrid MVA Models

Hvberparameter Extra Trees / XGBoost / Hybrid | LightGBM / Hybrid
yperp Hybrid MVA ET MVA XGBoost MVA LightGBM
Number of estimators 76 76 76
Criterion Gini Gradient based gain | Gradient based gain
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Objective

_ Binary logistic Binary

Maximum depth None 3 3
Minimum samples split 2 — —
Minimum samples leaf 1 — —
Learning rate — 0.05 0.05
Number of leaves — — 31
Minimum child samples — — 20
Early stopping Not used Not used Not used

Table 2 shows the complete hyperparameter settings for the three classification
algorithms. The Extra Trees classifier used the Gini criterion, 76 estimators and a minimum
of samples for splitting is 2 and 1 sample has been used per leaf. The XGBoost used 76
estimators with learning rate of 0.05, maximum depth of 3 and for evaluation metric it uses
logloss. In case of LightGBM 76 estimators were used with a learning rate of 0.05 and
maximum depth of 3 whereas the number of leaves used were 31 and 20 minimum child
samples. No eatly stopping was applied; therefore, training was stopped after the predefined
76 estimators. The same configurations were used for both standard and Hybrid MVA
ensemble models.

Performance Classification Criteria:

The performance of models has been checked and ranked using the following
standard performance metrics and computational parameters. The following are mentioned
below to measure predictive accuracy, efficiency and optimization capability:

Accuracy (%): The amount of total number of correctly classified diseases by the model out
of the total cases examined is called accuracy.
Precision (%): The precision means that the model evaluates the correctness of positive
predictions in data.
Recall (%): Recall is actually the ability of a model to find out all actual positive cases in
data.
F1 Score (%): The average of precision and recall that gives a balanced reliability measure.
Training Time: The training time is the total time required to train the model before
making predictions.
Execution Time: The total time taken in minutes/seconds to create the prediction result.
Iteration Steps:Iteration steps are very important and refer to the number of mathematical
computational cycles required for the mode.
Average Depth: The mean depth of all decision trees generated during model training
which is used to calculate the computational complexity of models.
Number of Features: Number of features shows the total number of features that are
selected by the model during the classification process.
Experimental Results and Discussion:
Dataset Sample Representation:

Table 3(a). First five rows of the dataset

Age | Gender | Weight | Height | BMI | Smoking | Alcohol | Activity Diet Stress
48 | Male 78 157 | 26.4 | Never NaN Sedentary | Healthy | Medium
35 | Female 73 163 | 33.0 | Never Low Active Average | High
79 | Female 88 152 | 32.3 | Never NaN Moderate | Average | Medium
75 | Male 106 171 | 37.4 | Never Moderate | Moderate | Average | Low
34 | Female 65 191 | 18.5 | Current | NaN Sedentary | Healthy | Low
Table 3(b). Remaining first five rows 1
Diabetes | Hypetlip. | Family | Prev HA | SysBP | DiaBP | HR | Sugar | Chol | Target
0 1 1 0 104 99 71 | 165 | 200 0
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0 1 1 0 111 72 60 | 145 | 206 0
0 0 1 0 116 102 78 | 148 | 208 0
0 1 0 0 171 92 109 | 105 | 290 1
1 0 0 0 164 67 108 | 116 | 220 1

Table 3(a) and Table 3(b) shows the first five rows of the dataset that was
downloaded from Kaggle website named heart disease prediction dataset. Each row
represents the medical record of an individual patient which includes the patient lifestyle
factors, medical history, vital signs and laboratory results. The dataset consists of 50000
patient records with 20 input features and one output variable (heart disease) where O
represents the absence and 1 indicates the presence of heart disease. There are 26827 records
without heart disease i.e Class 0 and 23173 records with heart disease i.e Class 1. This data
structure is used for training and evaluating the prediction of patient diseases using proposed
models.

Hybrid MVA Feature Ranking for Categorical and Continuous Attributes:
Table 4. Hybrid MVA Attributes

Categorical Card. Continuous Variance
Gender 2 Age 208.4584
Smoking 3 Weight 408.5758
Alcohol_Intake 4 Height 207.9473
Physical_Activity 3 BMI 40.5450
Diet 3 Hypertension 0.2099
Stress_Level 3 Diabetes 0.1596

Hyperlipidemia 0.1883
Family_History 0.2401
Previous_Heart Attack 0.0894
Systolic_BP 532.85
Diastolic. BP 297.8407
Heart Rate 209.9985
Blood_Sugar_Fasting 1004.3516
Cholesterol_Total 1862.5669

Table 4 presents the categorical and continuous attributes in the hybrid MVA
technique in which two separate ranking strategies were employed. The categorical attributes
were ranked using the MVA cardinality principle based on RST and continuous attributes by
their variance rankings. The top 2 categorical attributes and 11 continuous attributes were
selected and then merged to form the final feature subset which decreases the dimensionality
of the dataset, lowers computational complexity and training time while giving high
predictive performance.

Table 5. Ablation Analysis of the Hybrid MVA Framework

90/10 80/20 70/30 .
Method Accuracy | Accuracy | Accuracy Interpretation
Uses only categorical/cardinality-
Cardinality-only | 0.7228* 0.7165* 0.7219* | based informatierroron and gives
relatively weak performance
Uses only variance information from
Variance-only 0.7238* 0.7187* 0.7221* | continuous attributes and also gives
weak performance
Combines  cardinality-based  and
Hybrid MVA 0.9814 0.9849 0.9865 | variance-based  information  and
substantially  improves  predictive
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‘ ‘ ‘ | performance

According to table 5, the ablation study demonstrates that neither cardinality based
ranking approach nor variance based alone are giving good predictive performance. Both
approaches strategies are giving the accuracies of approximately 0.72 across the three train
test splits. However, in contrast, the proposed Hybrid MVA framework achieved accuracies
of 0.9814, 0.9849, and 0.9865 for the 90/10, 80/20, and 70/30 splits respectively. This
improvement is the proof that the combination of two ranking methods is giving strong
predictive performance while also lowering computational efficiency.

Table 6. Categorical feature selection

Categorical | Continuous | Total .
Accuracy | Iterations
Features Features | Features
2 11 13 0.9913 30862
3 11 14 0.9875 34230
4 11 15 0.9849 35505
5 11 16 0.9920 36880
6 11 17 0.9900 39270

Table 6 shows that the number of categorical features effects on computational
complexity and slightly on classification performance. By using 80/20 train and test split, the
selection 2 categorical and 11 continuous features achieved an accuracy of 0.9913 with 30862
iteration steps. The Hybrid MVA Extra Trees model was used for this analysis shown in
table 4 while additional experiments with Hybrid MVA XGBoost and Hybrid MVA
LightGBM also achieved approximately 99% accuracy while reducing iteration steps.
Therefore, we select 2 categorical attributes for continuous analysis with number of features
from 7 to 11 as shown in table 7 and it showed improved accuracy from 0.72 to 0.99 while
increasing the number of iterations from 22,275 to 30,862. Therefore, we selected 2
categorical and 11 continuous features due to its strong predictive performance and
computational complexity which achieves a 99.13% accuracy while also reduced number of
features to just 13.

Table 7. Categorical feature selection

Categorical Continuous Total Average Average
Features Features Features | Accuracy | Iterations
2 7 09 0.720 22275
2 8 10 0.868 24730
2 9 11 0.853 27467
2 10 12 0.949 29364
2 11 13 0.9913 30862
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Table 7. Results of Standard Extra Trees

Split | Accuracy | Precision | Recall Sf;;e Tralr(ls")I‘lme ET)igzt(ls)n Iterations | Avg. Depth Fl(j;t;;r)tf:‘s
90/10 0.9864 0.9864 | 0.9864 | 0.98064 6.5177 0.7728 47,560 31.29 20
80/20 0.9853 0.9853 | 0.9853 | 0.9853 5.7963 0.1972 46,460 30.57 20
70/30 0.9859 0.9859 | 0.9859 | 0.9859 5.0495 5.5785 46,340 30.49 20
Table 8. Results of Hybrid MVA Based Extra Trees
Split | Accuracy | Precision | Recall | F1-Score | Train Time (s) %ﬁ:t(lg)n Iterations DAe ‘;)g;h Fljaot;l(::‘s
90/10 | 0.9910 0.9910 | 0.9910 | 0.9910 4.8970 5.1267 31,655 32.04 13
80/20 | 0.9913 0.9913 09913 | 0.9913 4.3341 4.6483 30,862 31.24 13
70/30 | 0.9899 0.9899 | 0.9899 | 0.9899 4.2478 4.7500 30,602 30.97 13
Table 10. Results of Standard XG Boost
Split | Accuracy | Precision | Recall Sfcl);e Train Time (s) },EI,X;;ztg)n Iterations ]i ‘ggth F:I;.u(;is
90/10 0.9962 0.9962 0.9962 | 0.9962 0.3331 0.4433 4,560 3.00 20
80/20 0.9956 0.9956 0.9956 | 0.9956 0.2981 0.4423 4,560 3.00 20
70/30 1.0000 1.0000 1.0000 | 1.0000 0.2709 0.4126 4,560 3.00 20
Table 11. Results of Hybrid MVA Based XG Boost
Split | Accuracy | Precision | Recall | F1-Score | Train Time (s) ]?I‘Xierflztg)n Iterations ]?e ‘;gth Fljaot.ui')(fe‘s
90/10 | 0.9962 0.9962 0.9962 0.9962 0.2685 0.3651 2,964 3.00 13
80/20 | 0.9956 0.9956 0.9956 0.9956 0.2506 0.3825 2,964 3.00 13
70/30 | 1.0000 1.0000 1.0000 1.0000 0.2412 0.3841 2,964 3.00 13
Table 12. Results of Standard LightGBM
Split | Accuracy Precision | Recall | F1-Score Tralr(ls')Tlme %ﬁ;‘eﬂ(l:)n Iterations | Avg. Depth Flja(:u(;::‘s
90/10 0.9962 0.9962 0.9962 0.9962 0.4282 0.5766 4,560 3.00 20
80/20 0.9956 0.9956 0.9956 0.9956 0.3786 0.5449 4,560 3.00 20
70/30 0.9954 0.9954 0.9954 0.9954 0.3291 0.4920 4,560 3.00 20
Table 13. Results of Hybrid MVA Based LightGBM
Split | Accuracy | Precision | Recall | F1-Score Train Time Ex'ecutlon Iterations | Avg. Depth | No. of Features
(s) Time (s)
90/10 | 0.9962 0.9962 | 0.9962 | 0.9962 0.3543 0.4951 2,964 3.00 13
80/20 | 0.9956 0.9956 | 0.9956 | 0.9956 0.2984 0.4542 2,964 3.00 13
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| 70/30 | 0.9954 |

0.9954 ]0.9954 | 09954 | 02805 | 04381 | 2964 | 300 | 13
Table 14. Error Analysis of Standard and Hybrid MVA Models
Model Total Test Samples | Correct Predictions | Misclassified Error Rate (%) | Accuracy
Standard Extra Trees 10,000 9,853 147 1.47 0.9853
Hybrid MVA Extra Trees 10,000 9,928 72 0.72 0.9928
Standard XGBoost 10,000 9,956 44 0.44 0.9956
Hybrid MVA XGBoost 10,000 9,956 44 0.44 0.9956
Standard LightGBM 10,000 9,956 44 0.44 0.9956
Hybrid MVA LightGBM 10,000 9,956 44 0.44 0.9956
Table 15. Cross-Validation Comparison of Standard and Hybrid MVA Models
Model Features | 5-Fold Accuracy (Mean * SD) 1OE§)SSHA§C;B§CY (Ni;iﬁli quD) (lsfe-fr?li('l 511))
Extra Trees 20 0.9849 + 0.0025 0.9867 £ 0.0017 | 0.9849 + 0.0025 | 0.9867 *+ 0.0017
Hybrid MVA Extra Trees 13 0.9923 + 0.0005 0.9923 + 0.0013 | 0.9923 + 0.0005 | 0.9923 *+ 0.0013
XGBoost 20 0.9954 £ 0.0004 0.9954 = 0.0009 | 0.9954 + 0.0004 | 0.9954 = 0.0009
Hybrid MVA XGBoost 13 0.9954 £ 0.0004 0.9954 £ 0.0009 | 0.9954 + 0.0004 | 0.9954 = 0.0009
LightGBM 20 0.9954 + 0.0004 0.9954 £ 0.0009 | 0.9954 + 0.0004 | 0.9954 = 0.0009
Hybrid MVA LightGBM 13 0.9954 £ 0.0004 0.9954 = 0.0009 | 0.9954 + 0.0004 | 0.9954 = 0.0009
Table 16. Statistical Significance Analysis
Algorithm Cv Standard Accuracy | MVA Accuracy | Improvement Wﬂ((;((;;con (p)-value Sl‘g:f;e a;z:if;ter
Extra Trees 5-Fold 0.9849 0.9923 +0.0074 0 0.06250 No
Extra Trees 10-Fold 0.9867 0.9923 +0.0056 0 0.00195 Yes
XGBoost 5-Fold 0.9954 0.9954 0.0000 0 1.00000 No
XGBoost 10-Fold 0.9954 0.9954 0.0000 0 1.00000 No
LightGBM 5-Fold 0.9954 0.9954 0.0000 0 1.00000 No
LightGBM 10-Fold 0.9954 0.9954 0.0000 0 1.00000 No
Table 17. SHAP-Based Feature Selection Results
Model Split | Accuracy | Precision | Recall F1 ¥f$rel EX,;;:rlrlltéon Iterations I?e ‘;ih Features
SHAP + Extra Trees | 90/10 | 0.8170 0.8180 | 0.8170 | 0.8161 | 0.5261 0.0707 3952 4.0 13
SHAP + XGBoost 90/10 | 0.9962 0.9962 | 0.9962 | 0.9962 | 0.3097 0.0126 2964 3.0 13
SHAP + LightGBM | 90/10 | 0.9962 0.9962 | 0.9962 | 0.9962 | 0.2563 0.0113 3952 4.0 13
SHAP + Extra Trees | 80/20 | 0.8227 0.8243 | 0.8227 | 0.8217 | 0.4530 0.0728 3952 4.0 13
SHAP + XGBoost 80/20 | 0.9956 0.9956 | 0.9956 | 0.9956 | 0.2712 0.0141 2964 3.0 13
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SHAP + LightGBM | 80/20 | 0.9956 0.9956 | 0.9956 | 0.9956 | 0.2242 0.0164 3952 4.0 13
SHAP + Extra Trees | 70/30 | 0.8415 0.8418 | 0.8415 | 0.8410 | 0.4372 0.0746 3952 4.0 13
SHAP + XGBoost 70/30 | 1.0000 1.0000 | 1.0000 | 1.0000 | 0.2857 0.0167 2964 3.0 13
SHAP + LightGBM | 70/30 | 0.9954 0.9954 | 0.9954 | 0.9954 | 0.2189 0.0203 3952 4.0 13
Table 18. Overall Result of Proposed Techniques

Models Average Accuracy | Average Precision | Average Recall | Average F1 | Average Iterations

Extra Trees 0.9859 0.9859 0.9859 0.9859 46,786.67

Hybrid MVA Extra Trees | 0.9907 0.9907 0.9907 0.9907 31,039.67

XGBoost 0.9973 0.9973 0.9973 0.9973 4,560

Hybrid MVA XGBoost 0.9973 0.9973 0.9973 0.9973 2,964

LightGBM 0.9957 0.9957 0.9957 0.9957 4,560

Hybrid MVA LightGBM 0.9957 0.9957 0.9957 0.9957 2,964

August 2026 | Vol 8 | Issue 5

Page | 2154




International Journal of Innovations in Science & Technology
Performance Analysis of Standard and MVA-Based Extra Trees Models:

The experimental results in table 8 and 9 shows that the Hybrid MVA Extra Trees
model has better performance as compared to standard Extra Trees classifier especially in
improving computational efficiency. In particular the standard Extra Trees model has
accuracies ranging from 98.53% to 98.64% whereas the hybrid MVA model with accuracies
ranging from 98.99% to 99.13% which shows that improvement in classification accuracy is
very small. A major advantage of the hybrid MVA extra trees is the reduction in
computational complexity. The number of input features is reduced from 20 to 13 which
means that the number of iteration steps decreases from 47560 to 31655, 46460 to 30862
and 46340 to 30602 across the three experimental splits. Consequently, both training time
and execution time are also minimized while maintaining competitive predictive accuracy.
Overall, these results proves that the hybrid MVA extra trees feature selection strategy
effectively removes less informative attributes which leads to a more efficient model without
having any effect on classification performance. This makes it more suitable for real world
medical decision support systems where computational efficiency is very important.
Performance Analysis of Standard and MVA XGBoost Models:

The results in table 10 and 11 shows that the hybrid MVA XGBoost model achieved
slightly better performance than the standard XGBoost model in terms of computational
efficiency across all train test splits. The hybrid MVA approach reduced the number of
features from 20 to 13 i.e 35% features reduction and decreased the number of iterations
from 4560 to 2964 which means 35% reduction. Furthermore, training and execution time
were also reduced across all three train-test splits. The results shows that the hybrid MVA
effectively removes redundant features and enhances the computational efficiency of the
XGBoost classifier while maintaining its predictive capability.

Performance Analysis of Standard and MVA LightGBM Models:

The results in table 12 and 13 shows that the hybrid MVA LightGBM model
consistently outperformed the standard LightGBM classifier in terms of computational
efficiency across all three train and test splits. Similar results were observed in terms of
accuracy, precision, F1 score and recall. The hybrid MVA approach reduced the number of
features from 20 to 13 i.e 35% features reduction and decreased the number of iterations
from 4560 to 2964 which means 35% reduction. Furthermore, training time decreased from
0.4282 s to 0.3543 s, 0.3786 s to 0.2984 s and 0.3291 s to 0.2805 s across the three train-test
splits. Execution time was also consistently lower in hybrid MVA LightGBM than that of
the standard LightGBM model. These results demonstrate that MVA effectively removes
redundant features resulting in a faster and more efficient LightGBM model without
compromising classification performance.

According to the table 14, the error analysis shows that reducing features in the
Hybrid MVA approach gives better performance of the Extra Trees classifier. The number
of misclassified samples decreases from 147 in Standard Extra Trees to 72 in case of Hybrid
MVA Extra Trees which reduces the error rate from 1.47% to 0.72%. In case of XGBoost
and LightGBM, both the standard and Hybrid MVA models have achieved the same
performance with 44 misclassified samples and an error rate of 0.44%.

According to table 15, the cross-validation results of all the six models have been
carried out. Hybrid MVA Extra Trees improves accuracy by 0.74% at 5-fold from 0.9849 *
0.0025 to 0.9923 *+ 0.0005 and 0.56% at 10-fold while also reducing the feature set from 20
to 13. The Hybrid MVA models of XG Boost and LightGBM achieved the same cross
validation accuracy as their standard counterparts with 0.9954 = 0.0004 in 5 fold and 0.9954
+ 0.0009 in 10 fold validation. This shows that by the elimination of seven features, the
predictive performance did not degrade in either boosting model. It also shows that the
model performance has been consistent due low standard deviations across the folds. The
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ﬁndmgs of table 15 also supports the robustness and effectiveness of the proposed hybrid
mva feature selection method.
Statistical Significance Analysis:

A paired Wilcoxon signed rank test was performed to identify the performance
differences between standard models and their hybrid MVA models. The test was evaluated
for both models on the same cross validation folds. For each fold, the difference between
the MVA and standard model was calculated as follows:

di=AiMVA - Ai Standard 10

where the equation 11 is the performance of hybrid MVA and standard models on
fold (i). The absolute non zero differences were ranked and the positive and negative rank
sums were calculated as:

W= Zdi>0 Ri and W= Zdi<0 Ri 11

where Ri denotes the rank assigned to the absolute value of the (i)-th paired

difference The Wilcoxon test statistic was then obtained as:
W=min (W, W) 12

This statistic is subsequently used to determine the corresponding (p) value. The
hypotheses were defined as:

The null hypothesis Hoas there is no systematic performance difference between the
standard and MVA models whereas the alternative hypothesis H; states that a systematic
difference exists. Statistical significance was evaluated at alpha=0.05 with p<0.05 indicating a
statistically significant difference. Since six standards versus MVA comparisons were
considered, a Bonferroni correction was applied:

Oadiusied=0.05/6=0.00833 13

Therefore, p<0.00833 was considered statistically significant after multiple-
comparison correction. The resulting Wilcoxon W statistics and p values are reported in
Table 10 below.

As per the equation 14, the bonferroni threshold is 0.00833 so if the value of P is less
than 0.00833 it means that the mode is statistically significant and if the value of P is greater
than 0.00833 then it means that the model is not significant. According to the table 16 only
the 10-fold ET comparison is statistically significant as p=0.00195<0.00833. The 5 fold
Extra Trees comparison and both XGBoost and LightGBM comparisons did not show
statistically significant differences after Bonferroni correction.

SHAP integration with ensemble models:

There are several feature selection methods that were used such as ReliefF, Boruta,
mRMR and SHAP. However, SHAP was selected as it provides a model-based explanation
of feature importance instead of just simply measuring the features through their statistical
relationships. According to table 17, the SHAP approach has selected 13 features for all
three train test splits and the results shows that SHAP based Extra Trees achieved accuracy
between 81.70% and 84.15% across the different splits which is lower than standard extra
trees. In contrast SHAP based XGBoost and LightGBM produced substantially higher
performance. XGBoost also required fewer iterations with an average depth of 3 compared
while LightGBM showed the lowest training time in all three splits.

The proposed Hybrid MVA framework as compared with the SHAP based approach
has achieved a better balance between feature reduction, predictive accuracy and
computational efficiency. It also provides an outstanding predictive performance as
compared to SHAP in case of extra trees. Moreover, it provides an important advantage
over SHAP because feature selection is based on the combination of MVA cardinality and
variance rather than relying on a model specific explanation method. The comparison
demonstrates that the improvement is not simply due to using fewer features but is
associated with the proposed MVA based selection strategy.
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Comparative Discussion:

The experimental results shown above of standard classifiers and hybrid MVA based
classifiers demonstrates that the hybrid MVA models effectively reduced computational
cycles and manage predictive performance comparable to their standard classifiers. The
hybrid MVA approach reduces the input features from 20 to 13 before model training. In
the standard extra trees, the iteration steps were 46786.67 however in hybrid MVA model it
has been reduced to 31039.67 i.e almost 33.66% reduction in computational complexity.
Similarly, training and execution time were also reduced in hybrid MVA Extra trees. The
Hybrid MVA XG Boost model and hybrid MVA Light GBM reduced the average iteration
steps from 4560 to 2964 which is almost a 35% reduction and also reducing training and
execution times.

According to table 18, the average performance Hybrid MVA classifiers indicates
that they reduce the number of selected features and iteration steps while maintaining
classification performance comparable to the standard models. Among the evaluated
classifiers, the hybrid MVA XGBoost gives the highest average predictive performance while
reducing iteration steps and number of features. Hybrid MVA LightGBM also maintain
predictive performance and reduces iteration steps and features. The Hybrid MVA Extra
Trees model also maintain prediction accuracy while substantially reducing computational
overhead compared with the standard Extra Trees classifier, however the number of
iteration steps in Hybrid MVA extra trees is still large as compared to Hybrid MVA XG
Boost and hybrid MVA light GBM. These results validate the effectiveness of the proposed
Hybrid MVA feature selection framework for heart disease prediction.
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Key Findings:
Practical Deployment:

The experimental results shows that the proposed Hybrid MVA has potential to use
in clinical decision support applications. As we saw that the proposed approach not only
reduces the original feature space to 13 selected attributes but also maintains strong
predictive performance. This reduction could be very useful in many clinical systems because
the model needs to process only the relevant attributes for every patient for prediction. This
will also reduce the computational workload during model inference so the trained models
can generate predictions within a short period of time. Therefore, in clinical decision support
systems where predictions may need to be generated immediately after patient information
becomes available. The relatively low execution time observed in the experiments is more
relevant to real time usage than the training time. The results also show that Hybrid MVA
across different train and test splits is computationally manageable and the number of
selected features remains fixed at 13 whereas the models were executed with controlled
model depth.

Scalability:

As in hybrid MVA, each prediction is performed using a reduced set of attributes,
therefore the computational workload with each patient records will be very limited. The
proposed approach could be incorporated into a clinical decision support system where
patient records are achieved from the clinical information system. In the current experiments
the required 13 attributes are extracted from research dataset and the trained model then
produces the prediction, so the current experiments do not represent an actual hospital
deployment. Future work may implement the framework using larger clinical datasets and
assess its performance under real clinical workloads such as simultaneous requests, hardware
specific latency, data availability and integration with electronic health systems.

MVA based models improved prediction performance:

The experimental results demonstrate that the proposed hybrid MVA ensemble
models achieved better heart disease prediction performance compared to the conventional
Extra Trees, XGBoost and LightGBM models.

Reduction in training time:

The integration of the hybrid MVA technique reduced the overall training time of
the ensemble learning models.
Reduction in model complexity:

The proposed hybrid MVA based models reduced model complexity by optimizing
feature selection and minimizing redundant computational operations.
Reduced iteration and computational steps:

The proposed approach reduced the number of computational and iteration steps
that are required for model training and prediction.
Improved accuracy and classification metrics:

The hybrid MVA based ensemble models achieved almost similar classification
performance in terms of accuracy, precision, recall and F1 score.
Hybrid MVA XG Boost performed best:

Among all evaluated models Hybrid MVA XGBoost achieved the best overall
predictive performance on the disease prediction dataset in terms of predictive performance,
iteration steps, training and execution time.

Limitations of the Study:

The main limitation of this study is the use of Kaggle dataset rather than real world
clinical data which could be collected directly from patients. Although the dataset provides
important details for evaluating the proposed Hybrid MVA framework but it may not fully
represent the complexity and variability present in actual clinical records. Real clinical
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datasets can contain missing values, differences in patient characteristics and differences in
collection of data practices. All these may not be completely reflected in a synthetic Kaggle
dataset. Another important limitation is generalizability because in this study, the models are
trained and evaluated on only one dataset, therefore it may perform differently when applied
to patients from different hospitals, locations or healthcare settings. Future work should
therefore validate the proposed Hybrid MVA framework on real world clinical datasets
obtained from multiple healthcare institutions.

Conclusion:

The proposed Integrated Predictive Model can be helpful for health management
authorities as integrating hybrid MVA based feature selection with advanced algorithms like
XGBoost and Extra Trees optimizes heart disease prediction efficiency. The experimental
finding reveals that while standard models like Extra Trees, XGBoost and LightGBM
provide high accuracy but they are often hindered by excessive iteration steps and execution
time. In contrast the hybrid MVA integrated models such as hybrid MVA ET, hybrid MVA
XGBoost and hybrid MVA LightGBM significantly reduce computational cycles, execution
time, training time and maintain predictive performance as compared to standard
models.The hybrid MVA XGBoost offered the best tradeoff between predictive
performance and computational efficiency. The hybrid MVA XGBoost lowers the iteration
steps from 4560 to 2964 corresponding to a 35% reduction and also reduces the training and
execution time which is a big difference. These integrated models are highly viable for large
scale healthcare setups requiring prompt medical decision making. The integration of RST
through proposed hybrid MVA provides a viable solution for real time medical diagnostic
tools where early and timely detection is paramount for improving early diagnosis and
optimizing healthcare resources.

Future Work:

There are following directions for future research that are identified to increase
prediction accuracy or computational cost of classifiers in terms of health diseases:

Clinical Validation on Real Healthcare Data: The proposed hybrid MVA method can

also be implemented using real world clinical datasets collected from hospitals and

healthcare organizations to validate its effectiveness under practical medical conditions.

Expansion to New Viral Variants and Diseases: The current MVA based framework has

the potential to be adapted for other threatening and deadly diseases for e.g the Congo virus,

Zika and emerging variants of COVID19 like Omicron or BF7.

Deep Learning Comparisons: To inherent account for temporal dynamics in disease

outbreaks future studies could compare the performance of MVA models against Recurrent

Neural Networks (RNN) and Long Short-Term Memory (LSTM) architectures.

Clinical Deployment: A primary goal for future work is the transition from research

simulations to real time mobile diagnostic applications in order to reduce computational

cycles of MVA and to allow low-cost screening in resource limited regions.
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