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ABSTRACT 
Heart disease has recently become a leading cause of death worldwide, making the prediction of cardiovascular 
diseases a challenging task in clinical data analysis. With the rapid increase in the size and complexity of medical 
datasets, automated models leveraging data mining and machine learning techniques are proving essential for 
clinicians to make accurate and timely decisions. Key challenges in heart disease prediction include imbalanced 
datasets and the insufficient significance of certain features. The goal of this research is to propose effective 
feature optimization and classification methods to enhance heart disease prediction, facilitating early diagnosis 
for medical professionals. Initially, the min-max normalization technique is applied to rescale data from the 
Shahid Rajaei hospital and UCI Cleveland datasets. Then, optimal features and feature subsets are identified using 
the Mutual Information technique and the Improved Particle Swarm Optimization (IPSO) algorithm. Finally, the 
optimized feature subsets are fed into an ensemble classifier to predict the presence or absence of heart disease. 
Experimental results show that the proposed IPSO-based ensemble model achieved accuracy rates of 98.41% and 
97.40% on the UCI Cleveland and Shahid Rajaei hospital datasets, respectively, outperforming traditional 
machine learning techniques. 
KEYWORDS 
Ensemble classifier, Heart disease prediction, Improved particle swarm optimization, Min-max normalization. 
 

1. Introduction 
In recent years, Heart disease has become a major global health concern, affecting millions of people worldwide 
[1-2]. Breathlessness, muscular weakness, and swelling feet are common signs of heart disease. Due to a number 
of risk factors, including diabetes, high blood pressure, high cholesterol, irregular pulse rate, and other 
contributory diseases, identifying heart disease can be difficult.[3-4]. Researchers are currently focusing on 
developing more accurate methods of heart disease prediction, as existing diagnostic methods often fall short in 
early detection due to technical limitations such as slow processing times and low accuracy [5-6]. Diagnosing and 
treating cardiac disease becomes especially challenging in areas where access to medical professionals and 
modern technology is limited.[7]. Traditionally, a clinician's diagnosis of heart disease has been made using the 
patient's medical history, physical examination, and symptom analysis.  [8]. However, these approaches are often 
inaccurate, and the analysis of large datasets is computationally intensive and costly [9-10]. A machine learning 
classifier-based non-invasive diagnosis approach has been developed in order to overcome these challenges. [11]. 
To improve the effectiveness of a model, feature optimization and data balancing are essential since the model 
needs appropriately balanced data for testing and training.  [12]. 
This article is organized as follows: Section 2 presents proposed methodology on heart disease prediction. Sections 
3 and 4 present the mathematical derivations and experimental analysis of the proposed IPSO-based ensemble 
model. The conclusions of this study are summarized in Section 5. 
 
2. Proposed Methodology 
The proposed diagnostic system is primarily composed of five key phases. The various steps for this proposed 
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method are outlined below: 
- Shahid Rajaei Hospital and UCI Cleveland dataset are used for experimental study. Min-max normalization was 
then applied to the data to rescale and normalize it, making the data easier to understand.   
- The Mutual Information technique was used to select relevant and discriminative features for the decision-
making process, and the  optimal features are selected using the Improved Particle Swarm Optimization (IPSO) 
algorithm. This reduced the dimensionality of the data, improving model complexity and storage efficiency. In 
order to guarantee convergence to the global optimum and so solve the feature optimization problem, the IPSO 
algorithm used a fitness function that was created by using the method of a linear weighting approach.  
- The optimized feature subsets were then used in an ensemble classifier to predict heart disease. The ensemble 
classifier included decision trees, logistic regression, naïve Bayes classifiers,  Support Vector Machine (SVM) 
with linear and Radial Basis Function (RBF) kernels and K-Nearest Neighbor (KNN).  
Based on Matthews Correlation Coefficient (MCC), specificity, accuracy and sensitivity the performance of the 
IPSO-based ensemble model was assessed. The Fig.1 shows the proposed method. 

 
Figure 1 Flowchart of the proposed model 

 

2.1 Data collection 
In the context of heart disease prediction, this study evaluates the performance of the proposed IPSO algorithm in 
conjunction with an ensemble classifier using datasets from Shahid Rajaei Hospital and the UCI database. The 
UCI Cleveland dataset comprises 303 medical samples, with six of them containing missing data and 297 having 
complete data. This dataset encompasses a total of 76 features, out of which 13 key features have been identified 
for conducting various diagnostic tests. Similarly, the dataset from Shahid Rajaei Hospital consists of 303 samples, 
with a total of 59 recorded features [13]. The features are categorized into four groups: laboratory test results, 
cardiac electrocardiography data, demographics, physical evaluations, and ECG data. 
 
2.2 Data pre-processing 
 
After gathering the data, the raw data from the UCI and Shahid Rajaei Hospital datasets were rescaled and 
standardized using the min-max normalization technique. This method rescales the raw data to fit within 
predefined lower and upper bounds, typically ranging from 0 to 1 or -1 to 1. Equation (1) presents the mathematical 
expression for the min-max normalizing process. 
 

൫𝑍௜,௡
ᇱ ൯ =

௓೔,೙ି௠௜௡(௓೔)

௠௔௫(௓೔)ି௠௜௡(௓೔)
(𝑛𝑀𝑎𝑥 ∗ 𝑛𝑀𝑖𝑛) + 𝑛𝑀𝑖𝑛                    (1) 

Here, 'min' and 'max' denote the minimum and maximum values of the ith attribute, 'n' denotes the total number of 
attributes, and 'nMin' and 'nMax' indicate the lower and upper bounds for rescaling.  
 

2.3 Feature extraction and selection 
 
A powerful feature selection method called Recursive Feature Elimination (RFE) groups feature vectors based on 
importance.  [14-15]. In each iteration, it assesses the significance of each feature and removes less relevant ones, 
thereby enhancing computational efficiency and the training process. RFE explores different feature subsets and 
identifies the relative significance of each feature during the stepwise elimination process. The relevance of feature 
vectors is evaluated using a fixed threshold value of 80% total importance, defined using RFE analysis, in both 
the Shahid Rajaei Hospital dataset and the UCI dataset. Within the UCI dataset, 10 out of the 13 features contribute 
a combined significance of 81% to the target, leading to the selection of these 10 features. Similarly, 30 of the 59 
features in the Shahid Rajaei Hospital dataset contribute to 80% of the target variable's significance. Random 
feature subsets are generated by considering all possible combinations of features. To improve disease 
classification and reduce dimensionality, IPSO uses feature subsets with stronger mutual information among the 
entire feature set as input.  
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2.4 Feature optimization 
 
Feature optimization [16], sometimes referred to as feature engineering or feature selection, is a vital step in the 
developing of machine learning models. To increase the effectiveness and performance of the model, it is to 
identify or generating the most important and useful features (input variables) from the given data. The process 
of selecting a subset of the features that are most important from the initial feature set is known as feature selection. 
In turn, this may speed up training and enhance model generalization by reducing the dimensionality of the data. 
Typical approaches for choosing features include: Filtering techniques: Statistical measurements are used in these 
strategies to rank features according to how well they correlate with the target variable. The features that score 
highest are chosen.  
Wrapper techniques: These techniques, which include forward selection and backward elimination, result in 
training the model with several feature subsets and choosing the subset that produces the best model performance. 
Embedded techniques: Feature selection is a component of the model training process in embedded methods. 
Methods that fall under this category include feature importance scores in tree-based models and L1 regularization 
in linear models. Feature optimization offers the following advantages: enhanced performance of the model: 
Removing unnecessary information can result in simpler, easier-to-understand models with higher predicted 
accuracy. Reduced overfitting: High-dimensional datasets with many irrelevant features can lead to overfitting. 
Feature optimization can mitigate this issue. Faster training and prediction: smaller feature sets result in shorter 
training times and faster predictions, which is important for real-time applications. It often requires 
experimentation and validation to determine the best set of features for a given problem. 
 

2.5 Particle Swarm Optimization  
The population-based stochastic optimization method known as Particle Swarm Optimization (PSO) was 
motivated by the flocking social behavior of birds. It was developed by Dr. James Kennedy and Dr. Russell 
Eberhart in the mid-1990s [17]. PSO is widely used in solving optimization and search problems across various 
domains, including engineering, finance, machine learning, and biology. PSO draws its inspiration from the 
collective behavior of animals, particularly birds and fish, that cooperate and communicate to find the best path 
or location. In a swarm, individuals adjust their positions based on their own experiences and the experiences of 
their peers. In order to discover the best solution, PSO keeps track of a population of viable solutions, known as 
particles, that travel through the search area. Particles are defined by their position and velocity throughout the 
search space, and each one represents a possible solution. The optimization problem at hand is defined by an 
objective function that needs to be minimized or maximized. Evaluating this function with the particle's current 
position yields the fitness of each particle.In PSO, particles adjust their velocities and positions iteratively to 
search for the optimal solution. This adjustment is guided by two main principles:  
Cognitive Component (Personal Best): It is the aim of every particle to move toward its lowest fitness position, 
which is also its own best position. 
Social Component (Global Best): Particles also consider the best-known position among their neighbors within 
the swarm and aim to move in that direction. 
PSO has several important parameters, including the swarm size (number of particles), the maximum number of 
iterations, and parameters that control the influence of personal and social components on particle movement, 
such as cognitive and social learning rates. PSO continues its iterations until certain termination criteria are met. 
A maximum number of iterations, reaching a desirable level of fitness, or showing little improvement over a 
period of iterations are examples of common termination criteria. Maintaining diversity within the swarm is 
crucial to avoid premature convergence to suboptimal solutions. Strategies like constriction coefficients or 
adaptive techniques can be used to balance exploration and exploitation.  
PSO is applied to various optimization problems, such as function optimization, feature selection, parameter 
tuning of machine learning models, neural network training, and even dynamic optimization problems. It is known 
for its simplicity, effectiveness, and ability to find good solutions in complex and high-dimensional optimization 
problems. PSO's parallel nature and ability to handle noisy or nonlinear objective functions make it a valuable 
tool in the field of optimization. 
2.6.2 Formulation of PSO approach 

Two populations comprise over the classical PSO algorithm: one represents the individual best position of each 
particle, and the other the global best position. The location vector and the velocity vector are the two fundamental 
characteristics of every particle. In a dynamic search environment, particles undergo random movements with 
velocity adjustments based on their own historical experiences and the experiences of their fellow particles. 
Equations (2) and (3) are used to update these particle locations and velocities.   
𝑣௜ௗ(𝑡 + 1) = 𝜔 × 𝑣௜ௗ(𝑡) + 𝑐ଵ × 𝑟ଵ ×   [𝑝௜ௗ(𝑡) − 𝑥௜ௗ(𝑡)] + 𝑐ଶ × 𝑟ଶ ×  ൣ𝑝௚ௗ(𝑡) − 𝑥௜ௗ(𝑡)൧    (2) 
𝑥௜ௗ(𝑡 + 1) = 𝑥௜ௗ(𝑡) + 𝑣௜ௗ(𝑡 + 1)      (3) 

Here, c1 and c2 stand for the acceleration coefficients, and the symbol ω denotes the inertia weight. 
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Furthermore, random numbers dispersed throughout the interval (0, 1) are indicated by r1 and r2. Figure  2. 
displays the flowchart of the conventional PSO algorithm.  
In the conventional PSO algorithm, Particle position and velocity are defined as Xi = [xi1, xi2, .xi j ...xiD] and Vi = 
[vi1, vi2, .vij...viD], where xi j ∈ [xmin, xmax] and vij∈ [vmin, vmax] within a D-dimensional vector space. Pg = (Pg1, Pg2, 
.Pgj...PjD) is the particle's global best position and Pi = (Pi1, Pi2, .Pij ...PiD) is the particle's current best position  

2.5.1 Inertia weight 
The inertia weight, represented by the symbol "ω," was first proposed by Shi and Eberhart in 1998, to govern the 
balance 

 
 

Figure. 2 Flowchart of the Conventional 
PSO algorithm 

 
between swarm exploration and exploitation and to eliminate the need for velocity clamping. When larger values 
of 'ω' are employed, the swarm maintains greater diversity, facilitating exploration. Conversely, a smaller 'ω' 
encourages localized exploitation. However, if 'ω' becomes excessively small, the swarm's ability to explore 
diminishes. 
In this study, a linearly decreasing inertia weight approach is adopted. Initially set at typically 0.9, the inertia 
weight is gradually reduced to a lower value, often around 0.4. To implement this linear reduction of the inertia 
weight, the following equation is employed. 

𝜔௧ = 𝜔௠௔௫ −
ఠ೘ೌೣିఠ೘೔೙

௧೘ೌೣ
∗ 𝑡  (4) 

where 
𝜔௠௜௡ beginning inertia weight, 
𝜔௠௔௫  final inertia weight 
𝜔௧ inertia at the 𝑡௧௛  iteration  

2.6 IMPROVED PARTICLE SWARM OPTIMIZATION 
In this study, the improved PSO algorithm is employed to select the best subset of features, thereby enhancing 
classification accuracy. This goal is accomplished by developing a fitness function that takes into account both 
the Kappa coefficient and the accuracy of the logistic regression through the use of a linear weighting technique. 
This mathematical representation is illustrated in Equation (5). 
Fitness = (α × (1.0 − accuracy) + (1.0 − α) ×  

(1 − (number of selected features     /total features))) +(α × (1 − Kappascore))(5) 
The weight parameter α, with α set to 0.88, is essential for ensuring balance between the number of selected 
features and the classification error rate. A logistic regressor is used to calculate the error rate of test datasets and 
is represented by 1 minus the logistic regression accuracy, while the reliability of the model is indicated by 1 
minus the Kappa score. 
The IPSO algorithm's parameter settings are as follows: 

⮚ Number of epochs=100 
⮚ Maximum number of iterations=100 
⮚ Problem size=Equal to the total number of features 
⮚ Population size= the number of selected features 
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⮚ Inertia weight (w):=0.88 
⮚ Acceleration coefficient c1:=2 
⮚ Acceleration coefficient c2=2 

The Pseudocode of the IPSO algorithm is given below. 
Pseudoncode of the improved PSO algorithm 
Input: Heart disease feature set and population size 
Output: Optimal feature set 
Initialize particles in the population and Logistic regression classifier 
Calculate the importance of every feature based on logistic regression prediction 
While iteration I>Maximum iterations 
 For 𝐼 = 1 to n 
  Calculate fitness for every particle using equation  (5) 
  Update particle’s local best position 
 End for 
Update particle’s global optimal position 
For 𝐼 = 1 to n 
 Update particle’s velocity 
 Update particle’s global best position  
End for 
End while 
 
 

3. Classification 
Regression and classification are two common machine learning applications that use ensemble classifiers. 
Enhancing prediction robustness, decreasing overfitting, and raising model accuracy are some of the notable 
advantages. The choice of the ensemble method depends on the problem at hand and the characteristics of the 
data. Several algorithms are used in this ensemble classifier, such as Decision Tree, Naïve Bayes, K-Nearest 
Neighbors (KNN), Support Vector Machine (SVM), and Logistic Regression. Ultimately, the best results are 
determined through a straightforward averaging technique, where each algorithm contributes its prediction, and 
the final result is an average of these individual predictions. 
 
3.1 Support Vector Machine 
A Support Vector Machine (SVM) is a supervised machine learning algorithm used for classification and 
regression tasks[18]. The SVM classifier typically achieves classification by identifying an optimal hyperplane 
and subsequently fine-tuning the margin to maximize classification accuracy. Initially, the training data is 
represented as fi∈ Rm (where i = 1, 2, 3, ..n), and the corresponding expected outcomes are represented as qi∈ +1, 
−1 (where i = 1, 2, 3, ...n). Consequently, Equation (6) is used to represent the target function of the hyperplane 
t(x). 
 
    t(x) = (UT × f ) + bv    (6) 

In the SVM classifier, U represents the standard vector, while bv stands for the bias value. To ensure proper 
classification of all the provided training data, it is essential to set a sufficiently large separation margin, where 
2/U is set as the maximum value. 

3.2 K-Nearest Neighbor 
The K-Nearest Neighbor (KNN) algorithm is a machine learning classification and regression technique that is 
primarily used for supervised learning tasks. During initialization, set a value for K[19], this denotes how many 
of nearby neighbors to take into consideration for each prediction.  
Determine the distance between each new data point and every other data point in the training set before predicting 
anything about a previously unseen data point. 
 Typically, the distance metric employed is Euclidean distance, which is defined mathematically in Equation (7) 

Euclidean distance =  ඥ∑ ⬚௡
௜ୀଵ (𝑓௜ − 𝑞௜)ଶ   (7) 

Where 
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● n typically represents the number of samples or data points in your dataset 
● fi denotes individual training samples or data points 
● qi represents testing samples or data points for which you want to make predictions or classifications. 

3.3 Naïve Baye’s classifier 
The Naïve Bayes classifier is a popular machine learning algorithm used for classification tasks. Naïve Bayes [20] 
uses probability theory to make predictions. It determines which class a data point is most likely to belong to by 
calculating the likelihood of each class, then choosing the class with the highest probability to be predicted class. 
Furthermore, the Naïve Bayes classifier can be represented using a simple Bayesian network.This system is 
characterized by the use of Gaussian probability functions, as outlined in Equations (8) and (9). 

𝑃𝑟 (𝑓ଵ, 𝑓ଶ, … 𝑓௡ ∣ 𝐶)& = 𝛱௜ୀଵ
௡ 𝑝𝑟 (𝑓௜ ∣ 𝐶)    (8) 

𝑃𝑟 (𝑓௜ ∣ 𝐶௜)& =
௣௥ (஼೔∣௙)×௣௥ (௙)

(஼೔) 
     (9) 

Finally, the method of association probability is utilized to classify the test data into their respective classes, as 
formally defined in Equation (10) 

𝐶௡௕ = 𝑎𝑟𝑔𝑚𝑎𝑥 𝑝𝑟 (𝐶௟)𝛱௜ୀଵ
௡ 𝑝𝑟 (𝑓௜ ∣ 𝐶௭)    (10) 

3.4 Logistic regression 
Logistic regression is a statistical and machine learning technique used for binary classification and, with 
modifications, for multiclass classification and regression analysis. The main applications of logistic regression 
[21] are in binary classification tasks, in which the target variable has two distinct classes or outcomes, usually 
represented by the numbers 0 and 1. The logistic function, commonly known as the sigmoid function, is used by 
the logistic regression model to simulate the probability of the positive class. The logistic function S(z) is defined 
as 

 S(z) = 1 / (1 + e^(-z))      (11) 

 where 'z' is a linear combination of the input features and model coefficients. 

3.5 Decision tree 
A decision tree is a popular machine learning algorithm used for both classification and regression tasks. A 
decision tree is a hierarchical structure consisting of nodes [22]. It starts with a single root node and branches into 
multiple decision nodes and leaf nodes. Each leaf node represents a class label (for classification) or a value (for 
regression), and each decision node represents a decision or test on a feature.The algorithm divides the data into 
two or more subgroups at each decision node by choosing a feature and a threshold. This choice is based on a 
criterion that is looking for to minimize the mean squared error (for regression) or maximize information gain (for 
classification). Gini impurity and entropy are common splitting criteria for decision trees in classification, whereas 
mean squared error is utilized in regression.These criteria measure the impurity or error associated with the data 
subsets created by a split. Decision trees are prone to overfitting, meaning they can capture noise and exhibit high 
variance. Pruning is a method of reducing a tree's complexity by cutting off branches that don't significantly 
increase prediction accuracy. This enhances the model's capacity for generalization. Equation  (12) defines the 
entropy value. 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = 𝛴௜,௝ୀଵ
௡ 𝑝𝑟௜௝𝑙𝑜𝑔ଶ 𝑝𝑟௜௝   (12) 

4. Experimental Results 
An extensive performance analysis of the suggested model, which combines IPSO with an ensemble classifier, is 
provided in this section. Several experiments are conducted to validate the efficacy of this paradigm. The objective 
of the first experiment is to look into how accuracy, kappa score, and the number of selected features are affected 
by swarm size (N) and iteration count. In the second experiment, three additional meta-heuristic algorithms—
SSA, GWO, and SCA—will be compared to see how well IPSO performs. In the third experiment, six distinct 
classifiers—logistic regression, KNN, SVM (RBF), SVM (linear), naive Bayes, and decision trees—are used to 
benchmark the model's performance. Two well-known datasets, the UCI Cleveland and the Shahid Rajaei Hospital 
datasets, are used to thoroughly test the suggested ensemble-based IPSO model. The evaluation metrics used 
include specificity, accuracy, sensitivity, and the Matthews Correlation Coefficient (MCC). A summary of the 
parameter settings for the proposed PSO, SSA, GWO, and SCA algorithms is given in the table 1. 
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Table 1 parameter settings of the algorithms. 

 
 
 
To assess and validate the performance of the proposed model, this work employs four widely-recognized 
performance metrics—specificity, accuracy, sensitivity, and the Matthews Correlation Coefficient (MCC). A 
rigorous 10-fold cross-validation procedure is utilized to evaluate the model, using 80% of the data for training 
and the remaining 20% for testing.The specificity, sensitivity, MCC, and accuracy is calculated by using the 

following Equations (13), (14), (15), and (16). 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
்ே

்ேାி௉
× 100    

  (13) 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
்௉

்௉ାிே
× 100      (14) 

𝑀𝐶𝐶 =
்௉×்ேି ×ிே

ඥ(்௉ାி௉)(்௉ାி )(்ேାி௉)(்ேାி )
    (15) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
்௉ା்ே

்௉ା்ேାி௉ାி
× 100  (16) 

Table 2 provides a performance comparison of IPSO with SSA, GWO, and SCA using the UCI Cleveland and 
Shahid Rajaei datasets. 
4.1 Experiments on UCI Cleveland dataset 

The UCI Cleveland Heart Disease dataset, often referred to as the "Cleveland dataset" or simply "UCI Heart 
Disease dataset," is a widely used dataset in the field of machine learning and medical research. The dataset 
typically includes patient information and medical measurements, including attributes

Table 2 Average accuracy results of IPSO compared with other metaheuristic algorithms 

Like age, sex, blood pressure, cholesterol levels, and the presence of specific symptoms or conditions. The target 
variable is a binary classification label that indicates if heart disease is present or not. 
Nevertheless, the purpose of using the ensemble classifier is to combine the best outcomes from the several 
classifiers, leading to an impressive overall performance of 87.91% accuracy, 80% specificity, 71.36% MCC, and 
92.06% sensitivity on the UCI Cleveland dataset.  Similarly, Table 4 provides an overview of the classifiers' 
performance in conjunction with feature selection and optimization techniques (such as PSO with accuracy as 
fitness, PSO with error rate as fitness, and IPSO). Remarkably, the ensemble classifier with the IPSO method 
produced impressive outcomes: 98.41% prediction accuracy, 95.39% MCC, 97.05% specificity, and 98.37% 
sensitivity.Table 3 Performance of the classifiers without feature selection and optimization algorithms on the 
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UCI Cleveland dataset.

The proposed ensemble classifier with IPSO exhibited a substantial improvement in heart disease prediction, 
demonstrating a significant 6% to 16% enhancement compared to other combinations on the UCI Cleveland 
dataset. For a visual representation of these results, please refer to Figure 3, which illustrates the performance of 
IPSO in conjunction with various algorithms on the UCI Cleveland dataset. 

 
 
Figure.  3 Performance of the   
classifiers with IPSO selected features on Clevland dataset 
 
4.2 Experiments on Shahid Rajaei hospital dataset 
The performance of various classifiers is assessed using the Shahid Rajaei Hospital dataset, with a focus on metrics 
such as specificity, sensitivity, MCC, and accuracy.  
The ensemble classifier delivered impressive performance in heart disease prediction, achieving a high accuracy 
of 93%, an MCC of 71%, a specificity of 85.54%, and a sensitivity of 95%. Table 5 provides a comprehensive 
overview of the performance of these classifiers without feature selection and optimization algorithms, on the 
Shahid Rajaei Hospital dataset.In order to choose features for the classifiers, PSO with accuracy (fitness), PSO 
with error rate (fitness), and IPSO algorithms are used. Subsequently, the performance is assessed based on metrics 
such as specificity, sensitivity, MCC, and accuracy. When coupled with the ensemble classifier, the IPSO method 
showed notable performance gains in heart disease prediction when compared to the classic PSO algorithm, PSO 
with accuracy (fitness), and PSO with error rate (fitness). Table 6 shows the remarkable outcomes of the ensemble-
based IPSO model on the Shahid Rajaei Hospital dataset, which include a specificity of 96.08%, accuracy of 
97.40%, sensitivity of 98%, and MCC of 96.29%. By utilizing the IPSO algorithm, the suggested feature 
optimization method significantly lowers the feature count, which lowers storage needs and optimizes the 
ensemble-based IPSO model. Figure 4 shows the performance of the proposed model using the Shahid Rajaei 
dataset. 
 
Table  4  Performance of the classifiers with feature selection using PSO and IPSO algorithms on the UCI 
Cleveland dataset.
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Table  5: Performance of the classifiers without feature selection on the Shahid Rajaei hospital dataset
.
 

Without feature selection and optimization  
Predictive model Accuracy (%) Specificity (%) Sensitivity (%) MCC (%) 

Logistic regression 81 78 82 60 
KNN 93 85.54 86 71 

SVM (RBF) 79 68 92 56 
SVM (Linear) 80.40 76 84.10 60.67 
Naïve Bayes 76 63.80 95 48 

Decision tree 78.70 75 78 53 

Ensemble 93 85.54 95 71 
  
 
Table 6:  Performance of the classifiers with feature selection using PSO and IPSO algorithms on the Shahid 
Rajaei hospital dataset
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Fig..4 Performance of the classifiers with IPSO selected features on Shahid Rajaei hospital dataset. 
5.3 Comparative study and discussion 
Table 7 provides a summary of the comparison analysis between the existing models and the proposed ensemble-
based IPSO model.  
The ensemble-based IPSO model consistently performed superior in heart disease prediction on both datasets than 
these other models. 
It's critical to emphasize that feature optimization is a key component of this research work, as it greatly reduces 
the computational complexity of the suggested model by employing the IPSO method to choose and optimize 
discriminative features from the gathered datasets. As previously stated the ensemble-based IPSO model 
efficiently removes redundant and unnecessary features, which increases prediction accuracy while concurrently 
speeding up execution. 
 Consequently, the proposed model is well-suited for real-time applications, enabling the early analysis of disease 
risks for more timely and effective treatment.Furthermore, the proposed ensemble-based IPSO model exhibited 
impressive efficiency, with prediction times of 2.14 seconds for the Shahid Rajaei Hospital dataset and 0.78 
seconds for the Cleveland dataset. These results demonstrate its superiority over other comparative machine 
learning classifiers in terms of computational speed.
Table 7 Performance comparison of the proposed model with existing models 
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Models Dataset Accuracy (%) Sensitivity (%) Specificity 
(%) 

Imperialist competitive 
approach with KNN [23] 

Cleveland 94.03 96.27 90.36 
Shahid Rajaei 

hospital 
94.43 96.57 91.06 

Random search algorithm with 
random forest classifier [24] 

Cleveland 93.33 95.12 89.79 

Homogeneous ensemble 
technique 25] 

Cleveland 93 91 92 

Genetic programming with 
random forest [26] 

Cleveland 97.52 97.29 97.70 

Ensemble based IPSO model Cleveland 98.41 98.37 97.05 
Shahid Rajaei 

hospital 
97.40 98 96.08 

 
5. CONCLUSION 
     An ensemble-based IPSO model for the diagnosis of heart disease is presented in this research study. Initial 
data preparation involves min-max normalization, enhancing data consistency across datasets. Feature selection 
is executed using Recursive Feature Elimination (RFE) combined with mutual information to identify the most 
relevant features. The suggested IPSO algorithm selects optimum feature subsets, which reduces the model's 
complexity and storage needs.For heart disease prediction, an ensemble classifier that incorporates decision tree, 
naive Bayes, KNN, SVM, and logistic regression classifiers is provided. The final predictions are determined by 
aggregating results from these classifiers through simple averaging. This comprehensive approach enhances the 
accuracy and efficiency of heart disease diagnosis.Using the Cleveland and Shahid Rajaei Hospital datasets, the 
performance of the proposed ensemble-based IPSO model was evaluated in terms of MCC, specificity, accuracy, 
and sensitivity.       Our results demonstrate exceptional prediction accuracy, with scores of 98.41% on UCI 
Cleveland and 97.40% on Shahid Rajaei Hospital dataset. These outcomes outperform comparative models, 
although it is important to note that combining a large number of classifiers can be computationally expensive. 
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