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Abstract 

Cardiovascular Disease (CVD) mainly affects the blood vessels and heart such as coronary artery disease, stroke, 

and heart failure. Early recognition is vital for on-time intervention and enhanced patient results. CVD is a major 

issue in society nowadays. When compared to the non-invasive model, the electrocardiogram (ECG) is the most 

effective approach for identifying cardiac defects. However, ECG analysis needs an experienced person with high 

knowledge and basically, it is a time-consuming task. Emerging a new technique to identify the disease at an early 

stage increases the quality and efficacy of medicinal care. A state-of-the-art technologies like machine learning 

(ML) and artificial intelligence (AI) have been gradually being used to increase the efficacy and accuracy of CVD 

recognition, permitting for faster and more exact analysis, and finally contributing to superior management and 

prevention tactics for CV health. This research paper designs an Early Cardiovascular Disease Prediction using an 

Improved Beluga Whale Optimizer with Ensemble Learning (ECVDP-IBWOEL) approach via ECG Signal 

Analytics. The main intention of the ECVDP-IBWOEL system is to forecast the presence of CVD at the early 

stage using EEG signals. In the ECVDP-IBWOEL method, the primary phase of data preprocessing is initially 

implemented to convert the input data into a well-suited layout. Also, the ECVDP-IBWOEL technique follows an 

ensemble learning (EL) process for CVD detection comprising three models namely long short-term memory 

(LSTM), deep belief networks (DBNs), and stacked autoencoder (SAE). Finally, the IBWO algorithm-based 

hyperparameter tuning process takes place which can boost the classifier results of the ensemble models. To certify 

the enhanced results of the ECVDP-IBWOEL system, an extensive experimental study is made. The 

experimentation outcomes stated that the ECVDP-IBWOEL system underlines promising performance in the CVD 

prediction process 

Keywords: Cardiovascular Disease; Electrocardiogram; Ensemble Learning; Beluga Whale Optimization; Data 

Preprocessing 

1. Introduction 

Cardiovascular disease (CVD) is a dangerous health issue that affects numerous persons worldwide and is a 

foremost cause of death as well [1]. The lost efficiency, cost of healthcare, and reduced life quality owing to heart 

disease have a major financial and social effect on persons, family members, and society. This highlights the value 

of initial disease classification [2]. Where the electrocardiogram (ECG) is considered a highly critical technique 

for identifying and analyzing cardiac issues. However, the ECG captures time and needs skilled experts with 

specialized knowledge to understand about it [3]. Also, numerous devices are accessible that can record signals of 

ECG and grow greatly. The ECG is a significant medical device that records the features of cardiac transmission, 

retrieval, and excitatory for automatic recognition of CVD [4]. It is essential to identify the uneven heartbeats 

existing in the ECG signal. For clarification of the ECG, recording physical inspection is vital but it is tedious and 

time-consuming [5]. The feature extractor is one of the difficulties in analyzing ECG. Present classification 
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methods remove medical features by signal processing means. To categorize the ECG, methods incorporate the 

features and equate them with features removed on numerous heart illnesses [6]. Nevertheless, owing to noise 

restriction, few features were complex to remove.  

The most important modules for the discovery and resolution of CVD diseases are the extraction and identification 

of beats [7]. For instance, several persons endure the negative effects of heartbeats, which is final in a few cases. 

As an outcome, it is extremely necessary to precisely and reasonably identify hypertrophic heart rate [8].  The 

value of visual characterization of the ECG signals and the features attained are certain aspects of ECG frame 

identification. The heart rate classification has currently been estimated by many experts using a collection of 

features that state many techniques of ECG classification. The heart rate features include ECG syllables, heart rate 

breaks, beats, and harmonics at peak recognition. The identification procedure aims to gain a clever method, that 

is efficient of categorizing any heart rate, and signal to an exact kind of heart rate [9]. CVD has dissimilar features, 

which it is impossible to project a method that can remove all the mandatory features. This creates every diagnostic 

method with low accuracy and poor scalability. Presently, the deep learning (DL) model has developed as a great 

solution for ECG analysis. Deep convolutional neural networks (CNNs) remove features mechanically from the 

original images or signals [10]. Owing to its great performance in automatic classification, DNNs-based ECG 

analysis has become gradually promising. 

This paper develops an Early Cardiovascular Disease Prediction employing Improved Beluga Whale Optimization 

with Ensemble Learning (ECVDP-IBWOEL) technique via ECG Signal Analytics. In the ECVDP-IBWOEL 

system, the primary phase of data preprocessing is initially performed to convert the input dataset into the well-

suited format. Besides, the ECVDP-IBWOEL technique follows the EL process for CVD detection comprising 

three models namely long short term memory (LSTM), deep belief networks (DBNs), and stacked auto encoder 

(SAE). Finally, the IBWO algorithm-based hyperparameter tuning process takes place which can boost the 

classifier results of the ensemble models. The experimental outcome stated that the ECVDP-IBWOEL algorithm 

underlines optimistic performance in the CVD prediction process. 

2. Literature Works 

Zhang et al. [11] proposed a CPDNet for endwise CVD recognition. Specifically, a new progressive dense fusion 

tactic is planned. While, the approach combined region-aware, cross-modality, and multi-scale feature optimizer 

modules. Furthermore, a new co-learning tactic is intended to direct the learning procedure of the CPDNet by 

merging intra modality and common damages. Karthik et al. [12] projects an automatic DL-based 1D biomedical 

ECG-CVD technique. Once the pre-processing is done, a DBNs method is employed in order to originate a feature 

vector. Also, an ISSO model has been utilized for the hyperparameter tuning. Finally, the XGBoost model is used 

to assign appropriate class labels. In [13], a new enhanced framework termed as WbGAS method was intended for 

forecasting and identifying heart illness utilizing the ECG dataset. The composed database has 3 classes, which is 

prepared and trained utilizing the projected WbGAS model.  

In [14], a new technique is planned dependent upon the attention-based DL method. A 1D-CNN is utilized for 

extraction and the HOS feature from the raw signals. The weight has been altered with the suggested ARR-LO. At 

last, the combined features are sustained into the hybrid attention method over the DTCN and LSTM, where ARR-

LO is employed. Golande and Pavankumar [15] main aim is to improve the ECG-based heart illness identification 

efficacy by utilizing a hybrid feature engineering technique. This approach projects a hybrid model utilizing a 

conventional ECG beats extractor system and CNN-based feature. For the prediction of heart disease, the feature 

vector has been maintained consecutively in the DL classifier LSTM model. 

Rai et al. [16] projected a successive ensemble model by executing a hybrid data re-sampling method named 

“SMOTE and Tomek Link (SMOTE + Tomek)". The successive ensemble model uses dual different DL methods 

namely CNNs and a hybrid model, CNN-LSTM method. In [17], an innovative technique based on DL is 

developed. The developed model is based on 3 main modules namely BI-LSTM layer, inception-ResNet structure, 

and a multi-scale signal analysis method. This approach proposed a 3-phase CBD filter that consecutively includes 

Daubechies, Butterworth, and Chebyshev filters. This technique also joined this filter with the DL and multi-scale 

models. Tahmid et al. [18] developed an MD-CardioNet, an effective DL structure by employing multi-

dimensional (1D, 2D, and 3D) convolutions. Sequential feature extractors take time-dependent data, but a two-

dimensional convolutional is used to create an image sign from the multichannel ECG signals and removes inter-

channel feature. In order to decrease computational difficulty, a real knowledge distillation structure is presented. 

https://doi.org/10.54216/FPA.170213


 

Fusion: Practice and Applications (FPA)                                                         Vol. 17, No. 02. PP. 173-185 2025 

175 
DOI: https://doi.org/10.54216/FPA.170213       
Received: January 28, 2024 Revised: April 27, 2024 Accepted: September 26, 2024 

 

 

Figure 1. Workflow of ECVDP-IBWOEL technique 

3. The Proposed Method 

In this work, we have developed an ECVDP-IBWOEL technique via ECG signal analytics. The key purpose of 

the ECVDP-IBWOEL algorithm is to forecast the presence of CVD at the early stage using EEG signals. To 

accomplish that, the ECVDP-IBWOEL technique has three different kinds of methods such as data pre-processing, 

ensemble learning, and IBWO-based hyperparameter tuning procedure. Fig. 1 represents the work flow of the 

ECVDP-IBWOEL model. 

A. Data Preprocessing  

Initially, the ECVDP-IBWOEL technique arises data preprocessing is performed to transform the input dataset 

into the compatible layout. During the stage of data pre-processing, a cluster of 3000 ECG signals has been 

employed for experimentation research. Whereas, the cluster of 35 ECG signals enclosed NULL as classes, so it 

must be extracted. Also, the residual 2965 should be employed for the experiment. Also, a sample rate of 100 has 

been nominated from the dual sample rates of 100 and 500 in the dataset. 

B. Ensemble Learning 

The ECVDP-IBWOEL technique follows the EL process for CVD detection including three models such as 

LSTM, DBN, and SAE. 

i) LSTM Model  

In the sequential data, RNNs can be the ability to model dynamic temporal dependencies employing internal 

description of prior conditions and existing inputs [19]. This behavior permits RNNs to forecast the future statuses 

of a time sequence by demonstrating them as an operation of preceding layers. The RNN output in time‐step 𝑡 will 

be calculated as: 

ℎ[𝑡] = tanh(𝑊𝑖𝑖𝑥[𝑡] + 𝑏𝑖𝑖 + 𝑊ℎ𝑖ℎ[𝑡 − 1] + 𝑏ℎ𝑖)                            (1) 

o[𝑡] = tanh(𝑊𝑜ℎℎ[𝑡] + 𝑏𝑜ℎ)                                        (2) 
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Now, ℎ[𝑡] and 𝑥[𝑡] describes the existing hidden and input vectors, and ℎ[𝑡 − 1] defines the hidden layer (HL) at 

the preceding time step. In the presented in Eq. (1), the HL in time‐step 𝑡 is measured as a total weight of earlier 

HL ℎ[𝑡 − 1] and 𝑥[𝑡]. The weights for such calculation have been specified by 𝑊𝑖, and bias 𝑏ℎ. Lastly, the output 

o[𝑡] can be calculated as a biased summation of the HL at time step 𝑡, as presented in Eq. 5. 𝑊𝑜 denotes the weight 

and 𝑏𝑜 is the bias.  

 

Figure 2. Architecture of LSTM 

Regardless of their great efficiency, RNN tends to be impacted from the challenges of vanishing gradients which 

employed for backpropagation (BP) reduces rapidly in various HL. For this reason RNNs get lesser valuable while 

it derives to learn comparatively extended temporal dependencies. LSTM deals with this complexity by separating 

every component into numerous gates. A traditional LSTM unit comprises a cell status, input gate, forget gate, 

and output gate. The cell status will be accountable to store data through random time intervals. Fig. 2 depicts the 

structure of LSTM. The LSTM input at time‐step 𝑡 will be managed by applying these gates and formulations are 

given below: 

𝑖[𝑡] = 𝜎(𝑊𝑖𝑖𝑥[𝑡] + 𝑏𝑖𝑖 + 𝑊𝑖ℎℎ[𝑡 − 1] + 𝑏𝑖ℎ)                                     (3) 

𝑓[𝑡] = 𝜎(𝑊𝑓𝑖𝑥[𝑡] + 𝑏𝑓𝑖 + 𝑊𝑓ℎℎ[𝑡 − 1] + 𝑏𝑓ℎ)                                (4) 

o[𝑡] = 𝜎(𝑊𝑜𝑖𝑥[𝑡] + 𝑏𝑜𝑖 + 𝑊𝑜ℎℎ[𝑡 − 1] + 𝑏𝑜ℎ)                            (5) 

𝐶[𝑡] = 𝑡𝑎𝑛ℎ(𝑊𝑜𝑖𝑥[𝑡] + 𝑏𝑜𝑖 + 𝑊𝑜ℎℎ[𝑡 − 1] + 𝑏𝑜ℎ)                          (6) 

Now, 𝑥[𝑡] refers to the existing input state and ℎ[𝑡] defines the existing HL that also executes the output for the 

LSTM model. These gates have been denoted by 𝑓[𝑡], 𝑖[𝑡], and o[𝑡], correspondingly. The output will be 

employed for updating the memory and hidden statuses at time‐step 𝑡 as: 

𝑐[𝑡] = 𝑓[𝑡] ⊙ 𝑐[𝑡 − 1] + 𝑖[𝑡] ⊙ 𝑐̂[𝑡]                            (7) 

ℎ[𝑡] = o[𝑡] ⊙ tanh (𝑐[𝑡])                                                  (8) 

whereas 𝑐[𝑡] indicates the cell state and 𝑐̂[𝑡] denotes the candidate or memory state. 

From the Eq. (3) the input gate employs distinct weights and bias {𝑊𝑖𝑖 , 𝑏𝑖𝑖} and {𝑊𝑖ℎ , 𝑏𝑖ℎ} for the inputs 𝑥𝑡 and 

prior HL ℎ𝑡−1, correspondingly. The forget gate from Eq. (4) and output gate from Eq. (5) equally calculate a 

linear integration and HL with an activation function of sigmoid. While the candidate status (Eq. (6)) can be 

calculated as the functions of HL and input state. Then, the cell status is measured by the addition of matrix dot 

products of 𝑓[𝑡] and 𝑐[𝑡 − 1] to the matrix dot products of 𝑖[𝑡] and 𝐶[𝑡]. The applied hyperbolic tangent function 

(𝑡𝑎𝑛ℎ) rather than the sigmoid. Lastly, the hidden state has been calculated by taking the hyperbolic tan of 𝑐[𝑡] 
and the matrix dot product of o[𝑡]. 
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ii) DBN Model 

DBNs is a DL technique dependent upon data probability distribution. DBN contains of manifold-restricted 

Boltzmann machine (RBM) and a BP [20]. RBM is the essential unit of DBN that executes data mining and feature 

extractor. An RBM is a dual‐layer NN that contains a VL and a HL. There is no link among RBM modules in the 

similar layer, and no data contacts have been implemented. By the weights, the layers are linked to everyone. The 

VL is employed to input data, and entire nodes in the HL capture randomly generated values of 0 or 1. In the RBM 

layer, there is no link relation; so, the conditions of the modules are autonomous of everyone and upgraded in 

equivalent. Thus, it is very simple to get the probability distribution of the HL and VL. When the input signal is 

formed, the possibility of the HL module being initiated has been exposed in Eq. (9): 

𝑃(ℎ = 1|𝑣, 𝜃) = ∏
1

(1 + exp(−𝑊𝑗
𝑇𝑣 − 𝑏𝑗))

𝑚

𝑗=0

                          (9) 

If the HL node is formed, the probability of the VL reform module being initiated is presented in Eq. (10): 

𝑃(𝑣 = 1|ℎ, 𝜃) = ∏
1

(1 + exp(−𝑊𝑖
𝑇ℎ − 𝑎𝑖))

𝑚

𝑖=0

                             (10) 

RBM employs the model of reducing the contrastive divergence (MCD) for its training method to attain the reason 

of diminishing the error among the rebuilt signals of the VL and the new signal. So, below the RBM alteration of 

the momentum 𝑚 and learning rate 𝜂, the upgrade rule is displayed in Eq. (11): 

{

𝑊𝑛+1 ← 𝑚𝑛
𝑊 + 𝜂(〈𝑣𝑖ℎ𝑗〉𝑑𝑎𝑡𝑎 − 〈𝑣𝑖ℎ𝑗〉𝑚𝑜𝑑𝑒l)

𝑎𝑛+1 ← 𝑚𝑛
𝑎 + 𝜂(〈𝑣𝑖〉𝑑𝑎𝑡𝑎 − 〈𝑣𝑖〉𝑚𝑜𝑑𝑒𝑙)

𝑏𝑛+1 ← 𝑚𝑛
𝑏 + 𝜂(〈ℎ𝑖〉𝑑𝑎𝑡𝑎 − 〈ℎ𝑖〉𝑚𝑜𝑑𝑒𝑙)  

                      (11) 

Here, 𝑚 denotes momentum, 𝜂 signifies the learning rate, 〈∙〉𝑑𝑎𝑡𝑎 indicates 𝑃(ℎ|𝑣, 𝜃), and 〈⋅〉𝑚𝑜𝑑𝑒𝑙 denotes 

𝑃(𝑣|ℎ, 𝜃). The DBN model training contains dual procedures namely unsupervised and supervised learning. 

During the unsupervised learning stage, the DBNs trust on RBM to utilize greedy models to implement deep 

mining and feature learning of input data. In the phase of supervised learning, the DBNs are considered as a BP 

neural networks which are set with limitations. As per to the error among the learning method and the real 

outcomes, the model limits have been additionally modified to finish the training. The unsupervised learning 

defeats the sensitivity of the classical neural network of BP to early parameters and enhances the efficacy of 

convergence and learning in the phase of supervised training model. 

iii) SAE Model 

AE is the fundamental module of a SAE composition and task. Generally, the AE is a 3‐layer neural networks 

containing an HL, an output layer and visible layer (VL). An AE is divided into dual parts namely a decoder and 

an encoder. SAE is a DL method collected of numerous AEs, whereas the output of every HL is linked to the input 

of the following HL. Once, all HL are trained, a BP model has been utilized to minimalize the price and upgrade 

the weights by a labeled training set for succeeding modification. During the encoding, the mapping of higher‐

dimensional information from the input to the HL is the data fusion and feature learning. 

𝑦 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑥 + 𝑏)                                                (12) 

Here, 𝑥 denotes the input data; 𝑏 signifies the offset vector; and 𝑊 denotes the weight matrix.  

At the decode part, the mapping from HL to output layer has been considered as reinstating the learned deep feature 

data to the new one. 

𝑦 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊′ℎ + 𝑏′)                                             (13) 

Whereas 𝑏′ signifies the offset vector, ℎ denotes the learned deep feature data and 𝑊′ states the weight matrix. 

Then, the output and input structure are similar, the AE training method is a self‐supervised learning procedure. 

Constantly decreasing the error among the output and input data recognizes the AE training. This paper utilizes 

the cost function of mean square error as an extent of model training, which definite as follows: 
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𝐸 =
1

𝑆
∑

1

2

𝑆

𝑗=1

∑(𝑥𝑖
𝑗

− 𝑦𝑖
𝑗
)

2
𝑛

𝑖=1

                                            (14) 

C. Hyperparameter Tuning using IBWO Model 

Finally, the IBWO algorithm-based hyperparameter tuning process takes place which has the ability to boost the 

classifier results of the ensemble models. The BWO model was stimulated by the beluga whale’s behavior such as 

feeding, swimming, and whale falling [21]. This technique contains 3 phases such as exploration, growth and a 

whale falling. In the optimizer procedure, the whale fall stage has been executed at the end of every iteration of 

the mining and exploration stages. The stages of white whale optimizer (WWO) method are mentioned below. 

Step 1: Initialize 

Define the parameters that contains the populace size and the highest iteration count 𝑇max. Create the first locations 

of belugas in the searching space randomly. 

Step 2: Phase of Exploitation and Exploration  

Based on the factor of balancing 𝐵𝑓, every beluga selects where to join either in exploration or exploitation stage. 

If 𝐵𝑓 > 0.5, the whale picks the exploration stage which is restored by Eq. (15). 

{
𝑋𝑖,𝑗

𝑇+1 = 𝑋𝑖,𝑃𝑗
𝑇 + (𝑋𝑟,𝑃1

𝑇 − 𝑋𝑖,𝑃𝑗
𝑇 ) ⋅ (1 + 𝑟1)𝑠𝑖𝑛𝑙2𝜋𝑟2), 𝑗 = 𝑒𝑣𝑒𝑛

𝑋𝑖,𝑗
𝑇+1 = 𝑋𝑖,𝑃𝑗

𝑇 + (𝑋𝑟,𝑃1
𝑇 − 𝑋𝑖,𝑃𝑗

𝑇 ) ⋅ (1 + 𝑟1)cos(2𝜋𝑟2), 𝑗 = 𝑜𝑑𝑑
}        (15) 

Here, 𝑋𝑖,𝑗
𝑇+1 denotes novel position, 𝑝𝑗 refers the random number, 𝑋𝑖,𝑃𝑗

𝑇  signifies the location of the 𝑖𝑡ℎbeluga whale 

on 𝑝𝑗 dimension, 𝑋𝑖,𝑃𝑗
𝑇 𝑎𝑛𝑑𝑋𝑟,𝑃1

𝑇  represents the present locations for 𝑖𝑡ℎ and 𝑟 represents the arbitrarily chosen 

beluga whale, 𝑟1 and 𝑟2 denotes the randomly generated number among (0,1) . The random numbers of 𝑟1 and 𝑟2 

are employed to improve the arbitrary operators in the stage of exploration. If 𝐵𝑓 < 0.5, then it arrives at the 

exploitation stage that upgraded utilizing Eq. (16). Then, the novel position fitness value has been intended and 

placed to discover the finest outcome in the existing iteration. 

𝑋𝑖
𝑇+1 = 𝑟3 ⋅ 𝑋𝑏𝑒𝑠𝑡

𝑇 − 𝑟4 ⋅ 𝑋𝑖
𝑇 + 2𝑟4 ⋅ (1 −

𝑇

𝑇max

) ⋅ 𝐿𝐹 ⋅ (𝑋𝑟
𝑇 − 𝑋𝑖

𝑇)            (16) 

Whereas, 𝑋𝑖
𝑇 and 𝑋𝑟

𝑇 denote the existing location for the 𝑖𝑡ℎ and a arbitrary beluga whale, 

𝑋𝑖
𝑇+1 specifies the novel location of the 𝑖𝑡ℎ beluga whale, 𝑋𝑏𝑒𝑠𝑡

𝑇  refers to the best location between beluga whales, 

𝑟3 and 𝑟4 are the randomly produced numbers (0,1). 𝐿𝐹 states the Levy flight function and expressed as: 

𝐿𝐹 = 0.05 ⋅
𝑢 ⋅ 𝜎

|𝑣|
1
𝛽

                                                                  (17) 

𝜎 = (
𝛤 ⋅ (1 + 𝛽) ⋅ sin (

𝜋𝛽
2

)

𝛤 ⋅ (
1 + 𝛽

2
) ⋅ 𝛽 ⋅ 2

𝛽−1
2

)                                                 (18) 

Here, 𝑢 and 𝑣 are randomly generated numbers and 𝛽 is 1.5. 

Step 3: Whale fall stage 

Few belugas might perish and drop into the sea. Where the possibility of a whale subsiding is intended at every 

iteration 𝑊𝑓. So, the position of the belugas is upgraded as per Eq. (19). 

𝑋𝑖
𝑇+1 = 𝑟5 ⋅ 𝑋𝑖

𝑇 − 𝑟6 ⋅ 𝑋𝑟
𝑇 + 𝑟7 ⋅ 𝑋𝑠𝑡𝑒𝑝                                              (19) 

Whereas 𝑟5, 𝑟6, and 𝑟7 are randomly generated values among (0,1), 𝑋𝑠𝑡𝑒𝑝 denotes the step size. The equation is 

expressed below: 

𝑋𝑠𝑡𝑒𝑝 = (𝑢𝑏 − 𝑙𝑏) ⋅ exp (−2𝑊𝑓 ⋅ 𝑛 ⋅
𝑇

𝑇max

)                               (20) 

The probability of a whale falling has been projected utilizing this method as a linear function: 
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𝑊𝑓 = 0.1 − 0.05 ⋅
𝑇

𝑇max

                                                    (21) 

The author looks onward to the growth of the BWO multi-objective optimizer model. Inadequate populace 

variability and spatial exploration ability are the main problems that are given to local optimal. In this study paper, 

these problems are addressed. The overview of the logistic chaotic map and the dissimilarity variant operator 

improves the whole performance of algorithms. Also, to enlarge the search step, in Eq. (17), the co-efficient of 

0.05 is changed to 1 in this paper. 

To enhance the populace variability and deliver the initial candidate solution, chaotic mapping was used. Also, to 

improve search skills, chaotic mapping helps optimizer methods positively in order to prevent local optimal 

solutions. Dual general mapping models such as Logistic and Tent mapping are employed for defining the 

beginning points of optimizer models and make initial values. Logistic mapping is defined in Eq. (22): 

𝑥 ⋅ (𝑘 + 1) = 𝜇 ⋅ 𝑥(𝑘) ⋅ (1 − 𝑥(𝑘))                                      (22) 

Whereas, 𝑥(𝑘) ∈ (𝑂, 1) and 3.5699 < 𝜇 ≤ 4, the method is in chaos. If 𝜇 is near 4, the chaotic sequence is 

generated uniformly among 0 and 1 as nonperiodic and nonconverging. So, the 𝜇 parameter must be set near to 4. 

Logistic map was applied to attain the 𝑥𝑖𝑗(𝑘 + 1) by Eq. (23). 

𝑥𝑖𝑗 ⋅ (𝑘 + 1) = 4 ⋅ 𝑥𝑖𝑗(𝑘) ⋅ (1 − 𝑥𝑖𝑗(𝑘))                               (23) 

Where, by calculation, 𝑥𝑖𝑗(𝑘 + 1) is changed from the original domain of [0,1] to a novel 𝑥𝑖𝑗  as per Eq. (24), 

where 𝑙𝑏 and 𝑢𝑏 denote the lower and upper bound of 𝑥𝑖𝑗 , respectively. 

𝑥𝑖𝑗 = 𝑙𝑏 + 𝑥𝑖𝑗 ⋅ (𝑘 + 1) ⋅ (𝑢𝑏 − 𝑙𝑏)                                              (24) 

The IBWO model improves a fitness function (FF) to accomplish amplified classifier performance. It defines a 

positive number to represent the greater candidate solution performance. In this research, the classifier rate of error 

minimization is reflected as FF, which is certain in Eq. (25).    

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑥𝑖) = 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝐸𝑟𝑟𝑜𝑟𝑅𝑎𝑡𝑒(𝑥𝑖) 

=
𝑁𝑜. 𝑜𝑓 𝑚𝑖𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑜. 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
∗ 100                  (25) 

4. Result Analysis and Discussion 

The simulation analysis of the ECVDP-IBWOEL algorithm was verified on the PTB-XL dataset [22]. The database 

has five classes namely Hypertrophy (HYP), Conduction Disturbance (CD), Myocardial Infarction (MI), ST/T 

Change (STTC), and Normal ECG (NORM). In Table 1 and Fig. 3, the CVD predictive results of the ECVDP-

IBWOEL model are clearly stated under distinct number of epochs. The outcomes highlighted that the ECVDP-

IBWOEL system obtains efficient outcomes under all epochs.  

Table 1: CVD predictive outcome of ECVDP-IBWOEL technique under various epochs 

500 EPOCH 

Measures 𝑺𝒆𝒏𝒔𝒚 𝑺𝒑𝒆𝒄𝒚 𝑨𝒄𝒄𝒖𝒚 𝑷𝒓𝒆𝒄𝒏 𝑭𝑺𝒄𝒐𝒓𝒆 

CD 98.90 57.92 91.20 90.27 94.57 

HYP 98.70 66.16 99.89 96.88 98.02 

MI 97.69 51.05 94.89 88.20 94.56 

NORM 73.01 82.31 82.87 80.21 73.77 

STTC 95.84 53.10 92.11 87.41 93.21 

Average 92.83 62.11 92.19 88.59 90.82 

1000 EPOCH  

Measures 𝑺𝒆𝒏𝒔𝒚 𝑺𝒑𝒆𝒄𝒚 𝑨𝒄𝒄𝒖𝒚 𝑷𝒓𝒆𝒄𝒏 𝑭𝑺𝒄𝒐𝒓𝒆 

CD 98.78 57.22 93.61 89.25 94.13 

HYP 99.52 59.83 96.88 93.22 97.42 
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MI 98.04 46.45 91.80 89.10 93.72 

NORM 72.07 83.52 80.14 79.85 74.07 

STTC 95.49 52.46 90.90 87.63 90.67 

Average 92.78 59.90 90.67 87.81 90.00 

1500 EPOCH  

Measures 𝑺𝒆𝒏𝒔𝒚 𝑺𝒑𝒆𝒄𝒚 𝑨𝒄𝒄𝒖𝒚 𝑷𝒓𝒆𝒄𝒏 𝑭𝑺𝒄𝒐𝒓𝒆 

CD 97.82 58.34 94.03 88.50 92.94 

HYP 97.99 61.25 98.09 94.81 95.78 

MI 98.34 50.41 94.28 90.67 92.71 

NORM 71.52 84.63 81.64 78.63 75.69 

STTC 96.88 54.80 90.43 86.13 91.35 

Average 92.51 61.89 91.69 87.75 89.69 

2000 EPOCH 

Measures 𝑺𝒆𝒏𝒔𝒚 𝑺𝒑𝒆𝒄𝒚 𝑨𝒄𝒄𝒖𝒚 𝑷𝒓𝒆𝒄𝒏 𝑭𝑺𝒄𝒐𝒓𝒆 

CD 97.53 59.10 95.22 90.28 92.56 

HYP 98.44 60.29 97.08 95.85 96.06 

MI 99.00 50.13 92.31 89.05 92.38 

NORM 72.15 83.06 83.72 78.16 74.89 

STTC 96.29 55.32 93.07 86.71 91.55 

Average 92.68 61.58 92.28 88.01 89.49 

 

Figure 3. Average outcome of ECVDP-IBWOEL technique under distinct epochs 

With 500 epochs, the ECVDP-IBWOEL technique achieves an average 𝑠𝑒𝑛𝑠𝑦  of 92.83%, 𝑠𝑝𝑒𝑐𝑦 of 62.11%, 𝑎𝑐𝑐𝑢𝑦 

of 92.19%, 𝑝𝑟𝑒𝑐𝑛 of 88.59%, and 𝐹𝑠𝑐𝑜𝑟𝑒 of 90.82%. Along with that, with 1000 epochs, the ECVDP-IBWOEL 

model gets an average 𝑠𝑒𝑛𝑠𝑦  of 92.78%, 𝑠𝑝𝑒𝑐𝑦 of 59.90%, 𝑎𝑐𝑐𝑢𝑦 of 90.67%, 𝑝𝑟𝑒𝑐𝑛 of 87.81%, and 𝐹𝑠𝑐𝑜𝑟𝑒 of 

90%. Also, with 1500 epochs, the ECVDP-IBWOEL method attains an average 𝑠𝑒𝑛𝑠𝑦  of 92.51%, 𝑠𝑝𝑒𝑐𝑦 of 

61.89%, 𝑎𝑐𝑐𝑢𝑦 of 91.69%, 𝑝𝑟𝑒𝑐𝑛 of 87.75%, and 𝐹𝑠𝑐𝑜𝑟𝑒 of 89.69%. Furthermore, with 2000 epochs, the ECVDP-

IBWOEL approach acquires an average 𝑠𝑒𝑛𝑠𝑦  of 92.68%, 𝑠𝑝𝑒𝑐𝑦 of 61.58%, 𝑎𝑐𝑐𝑢𝑦 of 92.28%, 𝑝𝑟𝑒𝑐𝑛 of 88.01%, 

and 𝐹𝑠𝑐𝑜𝑟𝑒 of 89.49%. 
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Figure 4. Accuracy curve of ECVDP-IBWOEL technique (a-d) Epochs 500-2000 

The classifier outcomes of the ECVDP-IBWOEL algorithm are graphically displayed in Fig. 4 for training 

accuracy (TRA) and validation accuracy (VLA) curves. The result shows valuable study of the behavior of the 

ECVDP-IBWOEL system over different epochs, representing its generalization abilities and learning process. 

Notably, the figure specifies a constant development in the TRA and VLA with raising number of epochs. It assures 

the adaptable nature of the ECVDP-IBWOEL technique in the pattern detection model on both datasets. The rising 

trend in VALA defines the ability of the ECVDP-IBWOEL process to adapt to the TRA dataset and excel in 

providing correct classification of hidden dataset, presenting the strong generalisability. 

Fig. 5 displays a complete analysis of the training loss (TRLA) and validation loss (VALL) outcomes of the 

ECVDP-IBWOEL model over various epochs. The progressive decline in TRLA emphasizes the ECVDP-

IBWOEL technique increasing the weights and decreasing the classifier error on both datasets. The figure shows 

a clear insight of the ECVDP-IBWOEL model's relationship with the TRA dataset, which highlights its capability 

to capture patterns within both datasets. Notably, the ECVDP-IBWOEL system recurrently increases its 

parameters in diminishing the variances between the prediction and real TRA classes. 

 

Figure 5. Loss curve of ECVDP-IBWOEL model (a-d) Epochs 500-2000 
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Inspecting the PR curve, as presented in Fig. 6, the results certified that the ECVDP-IBWOEL method gradually 

achieves greater PR performance over below every class. It confirms the greater skills of the ECVDP-IBWOEL 

system in the classification of separate classes, presenting efficiency in the identification of classes. 

 

 

Figure 6. PR curve of ECVDP-IBWOEL technique (a-d) Epochs 500-2000 

Also, in Fig. 7, ROC curves formed by the ECVDP-IBWOEL method outperformed the identification of dissimilar 

labels. It offers a thorough knowledge of the tradeoff amongst TPR and FRP over distinct detection threshold 

values and epochs. The figure emphasized the boosted classification results of the ECVDP-IBWOEL system under 

all classes, outlining the efficacy in addressing numerous identification problems. 

 

Figure 7. ROC curve of ECVDP-IBWOEL technique (a-d) Epochs 500-2000 

In Table 2 and Fig. 8, the comparative study of the ECVDP-IBWOEL system is made with existing models [23]. 

The results imply that the 1-DCNN, LR, DT, and KNN models have shown poor performance with 𝑎𝑐𝑐𝑢𝑦 values 

of 73.01%, 37.39%, 27.92%, and 66.90%, respectively. Meanwhile, DL-ECGA, GBT, and RF models have 

reported considerable performance with 𝑎𝑐𝑐𝑢𝑦 values of 84.72%, 84.99%, and 79.84%, respectively.  
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Table 2: 𝐴𝑐𝑐𝑢𝑦 outcome of ECVDP-IBWOEL technique with existing models 

Methods Accuracy (%) 

ECVDP-IBWOEL 92.28 

MROA-DLECGSC 88.98 

DLECG-CVD 88.26 

DL-ECGA 84.72 

Gradient-Boosting Tree 84.99 

Random Forest 79.84 

1-DCNN Model 73.01 

Logistic Regression 37.39 

Decision Tree 27.92 

K Neighbors Classifier 66.90 

 

Figure 8. 𝐴𝑐𝑐𝑢𝑦 Outcome of ECVDP-IBWOEL technique with existing models 

Furthermore, the MROA-DLECGSC model has resulted in reasonable outcomes with 𝑎𝑐𝑐𝑢𝑦 of 88.98%. But the 

ECVDP-IBWOEL technique gains maximum performance with 𝑎𝑐𝑐𝑢𝑦 of 92.28%. Therefore, the ECVDP-

IBWOEL method can be exploited for enhanced prediction of CVD. 

5. Conclusion 

In this work, we have designed an ECVDP-IBWOEL technique via ECG signal analytics. The main intention of 

the ECVDP-IBWOEL approach is to forecast the incidence of CVD at the early stage using EEG signals. To 

accomplish that, the ECVDP-IBWOEL technique has three different kinds of methods such as data preprocessing, 

EL, and IBWO-based parameter tuning process. At the initial stage, the ECVDP-IBWOEL algorithm arises data 

preprocessing is performed to change the input data into a compatible format. Also, the ECVDP-IBWOEL method 

follows the EL process for CVD detection comprising three models namely LSTM, DBN, and SAE. Finally, the 

IBWO algorithm-based hyperparameter tuning process takes place which can boost the classifier results of the 

ensemble models. To certify the enhanced outcomes of the ECVDP-IBWOEL model, an extensive 

experimentation study is made. The experimental outcomes stated that the ECVDP-IBWOEL approach underlines 

promising performance in CVD prediction process. 
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