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Abstract 

The COVID-19 pandemic and human metapneumovirus (HMPV) have had a significant impact on global health. 

Recent findings describe the spectrum of adverse cardiovascular outcomes following COVID-19 infection. Early detection 

enables timely treatment, preventing future damage, reducing illness severity, and improving overall patient outcomes  and 

management  Therefore, this study aims to introduce the weighted Capsule–DenseNet–NASNet (Weight-CADEN) model, 

which integrates a weight-based Capsule Neural Network (CapsNet) with Densely Connected Convolutional Network-121 

(DenseNet-121) and Neural Architecture Search Network (NASNet) for the detection of post-COVID cardiac 

abnormalities. The results are improved by combining the models using a weighted voting (WV) mechanism.  In the pre-

processing phase, the collected dataset undergoes normalization to ensure uniformity and improve model performance. 

Feature extraction is performed using the statistical features such as  Shannon entropy and target encoding. Following 

feature extraction, dimensionality reduction is facilitated by optimized kernel principal component analysis (OKPCA), 

which projects the high-dimensional feature space onto principal components, effectively reducing complexity while 

retaining critical information. Feature selection is then optimized using the hybrid hippo-fish optimization (HHFO) 

algorithm, which refines the selection of relevant features by simulating predator-prey interactions in a computational 

optimization framework. Finally, accurate classification of the presence of heart disease is achieved through an ensemble 

model that combines the outputs using a  WV mechanism  , which achieves an accuracy of 93.53% and 94.53% for 70% 

and 80% of the training data, respectively. 

 

Keywords: Cardiovascular Disease, post-COVID symptom, HMPV,  Optimized Kernel Principal Component Analysis, 

Hybrid Hippo-Fish Optimization and Weighted Voting. 

1. Introduction 

1.1 Background 

The COVID-19 pandemic continues to exert lasting clinical effects, particularly in the form 

of long-term cardiopulmonary complications [1]. Post-viral syndromes have shown a rise in 

cardiovascular risk in previously healthy individuals  [2]. Although patients were previously 

treated, reported symptoms include sustained arrhythmias, myocardial injury, ischemia, and 
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autonomic dysregulation [3]. Early detection via scalable approaches continues to be a need 

for health systems reeling from repeated COVID-19 waves with co-circulating pathogens [4]. 

electrocardiography (ECG) remains on the frontlines as an inexpensive way to interobserver 

arrest or ischemia regardless of care setting [5]. Nonetheless, clinical interpretation is labor-

intensive by nature and prone to inter-observer variability in a real-world workflow [6]. Data-

driven methods that utilize deep neural networks have particularly improved automatic 

cardiovascular stratification [7]. A hybrid pipeline fusion of signal enhancement and 

representation learning has improved generalization from noise in cohorts [8], [9]. Recent 

emphasis has been on feature selection and model ensembling to mitigate prediction variability 

across heterogeneous datasets. 

1.2. Challenges 

Noisy ECGs from post-infectious cohorts have artifacts due to motion, electrodes, or 

baseline drift that obscure morphology [10], [11]. Redundant and high-dimensional features 

overinflate model capacity and increase the risk of overfitting biases in identified categories 

with limited labeled training samples. An imbalance in the distribution of common versus rare 

cardiac events skews decision boundaries and evaluation metrics [12], [13]. Classical filters 

and engineered features have limited ability to distinguish cues that matter from random noise. 

Classic static feature selectors overlook the higher-order feature interactions that are essential 

to post-COVID phenotypes. Furthermore, single-backbone classifiers can appear brittle over 

varying domains without ensembling or weighting [14], [15]. 

1.3. Objectives of the Paper 

This work aims to create a robust post-COVID cardiovascular detection system that 

minimizes ECG noise artifacts, reduces dimensionality while retaining discriminative 

information, selects compact, interaction-aware features, and calibrates the ensembling process 

to improve classification dependability. 

1.4. Contributions 

The novelties of this research are listed below. 

➢ Adoption of optimized kernel principal component analysis (OKPCA) to reduce the 

complexity of the high-dimensional feature space while preserving critical 

information. 
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➢ Optimization of feature selection using the hybrid hippo-fish optimization (HHFO) 

algorithm. HHFO refines the selection of relevant features by simulating predator-

prey interactions within a computational optimization framework. 

➢ The proposed method for classifying cardiovascular diseases (CVD) involves 

developing the weighted Capsule–DenseNet–NASNet (Weight-CADEN) model by 

integrating the outputs of advanced neural architectures such as capsule newral 

network (CapsNet), densely connected convolutional network -121(DenseNet-

121),and neural architecture search network (NASNet) using a weighted voting 

(WV) algorithm to improve predictive performance. 

➢ Classification decisions are made using a WV approach, which combines 

predictions from multiple models to enhance overall performance. 

1.5  Organization 

The remainder of the paper is organized as follows: Section 2 presents an overview of 

previous research, followed by an in-depth discussion of the proposed methodology in Section 

3, a comparison of the proposed methodology's results with those of alternative approaches in 

Section 4, and a conclusion to the study in Section 5. 

2. Literature Review 

Recent research studies related the detection of post-COVID disease utilize the latest deep 

learning methods in various systems, including the respiratory, cardiovascular, and nervous 

systems. The studies indicate the potential and challenges of AI-based models for disease 

detection. In this context, Gupta et al. [16] introduced the segmentation and classification of the 

lung diseases by combining U-Net with attention and vision transformers (ViTs).  ViTs are 

expected to improve classification performance, and attention U-Net is expected to improve 

segmentation accuracy.  In order to facilitate clinical acceptability, the explainability 

approaches provide insight  

into the decision-making processes of the models. Extending beyond pulmonary analysis, 

several studies have explored cardiovascular manifestations associated with COVID-19.  

López et al. [17] classified congestive heart failure using neural networks within short-time 

sequences. Classifying three different groups of patients with congestive heart failure, the 

article explores the application of three different models of traditional neural networks. Two 

non-iterative models and a convolutional neural network (CNN) technique were considered in 

the research. The iterative algorithm was the multi-layer perceptron (MLP) neural network. To 
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achieve accurate results, other elements would be needed in the diagnosis process for more 

complex heart diseases. Longer time series require more processing time for the CNN classifier, 

when compared with other traditional algorithms. 

Similarly, de Andrade et al. [18] utilized a hybrid model for early identification of post-

COVID conditions. According to the model proposed in that study the execution method was 

explained at different stages during the problem's breakdown. In order to manage the disease, 

the hybrid approach model combines artificial intelligence techniques with the multicriteria 

decision analysis methodology arranged the primary COVID-19 symptoms and factors along 

with corresponding persistent changes after clinical discharge. After machine learning was 

applied, the best-performing algorithm was logistic regression. To overcome such limitations, 

Talaat et al. [19] introduced the cardiorisknet, a hybrid AI-based model.  Seven components 

make up the proposed cardiorisknet: feature selection and encoding, active learning, attention 

processes, explainable AI (XAI) integration, risk forecasting and diagnosis, testing and 

verification, deployment and incorporation, and data preparation. 

In earlier work, Nandakumar et al. [20] suggested the CNN and Inception- residual neural 

network-v2 (ResNet-v2) for the forecasting of heart disease using benchmark datasets like the 

UCI Cleveland heart dataset.  Lastly, a CNN with an Inception- ResNet-v2 in the final stage of 

the architecture is used in the suggested hybrid model to classify heart disease with encouraging 

results. Beyond cardiopulmonary analysis,  Abbas et al. [21] used electrocardiography (EEG) 

recordings and residual-based separable convolution networks in 2023 to attain emotion 

classification post-COVID. It specifically analyzed EEG signals and identified emotions 

among undergraduate students immediately after contracting COVID-19. The study developed 

a novel separable convolution model combining Light gradient boosting techniques with 

recurrent convolutional network. It significantly improved efficiency  of parameter usage, 

computation time by using a two-dimensional Residual separable convolution network referred 

to as the RCN architecture. 

On the pulmonary imaging front, Cheraghi et al.  [22] recommended a comparative analysis 

using Iranian and foreign databases using a modified deep learning model for the classification 

of post-COVID lung disease. Chest computed tomography(CT) images from 800 COVID-19 

positive and negative patients were examined.Using 3Dimentional  U-Net, capsule network, 

and mask region –based convolutional neural network (R-CNN) on annotated CT images, the 

automated lung volume and segmentation of COVID-19 lung lesions were implemented. Mask 
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R-CNN, CNN, and Mask R-CNN+CNN algorithms served as the foundation for the deep 

learning models that were created to categorize COVID-19 instances. Additionally, for chest 

CT  images, radiomic characteristics related to the COVID-19 epidemic in the lungs and 

applied the  radiofrequency decision tree, and gradient boosting decision tree algorithms on 

two datasets were investigated. More recently, Ribeiro et  al. [23] suggested a non-linear 

analysis of cardiac activity driven by machine learning to differentiate between COVID-19 

patients with varying severity levels. Ten non-linear features were taken from ECG signals that 

were obtained from two different patient body postures for the study. Each signal underwent a 

windowing process with windows lasting one second. There were six different ways to apply 

that process to windowing signal analysis. Utilizing crops and machine learning classifiers, the 

various stages of evolution in COVID-19 and one  multi-class comparison were predicted. 

The COVID-19 pandemic has presented an increase in cardiovascular complications 

among survivors, making it a great challenge for effective diagnosis and management. Early 

detection of cardiovascular diseases is essential for timely intervention and treatment. 

However, the current methods for detecting post-COVID  CVD suffer from some problems in 

high-dimensional data processing, integration of different features, and correct classification. 

Traditional approaches often struggle with the data's complexity and may fail to fully address 

feature interactions and selection processes involved  in post-COVID and human 

metapneumovirus (HMPV) cardiovascular complications. Therefore, there is a demand for 

more advanced integrated frameworks that can handle the management and analysis effectively 

to improve the accuracy of detection. This research paper addresses  challenges by developing 

a new approach to improve post-COVID CVD detection. The overall process of data 

preprocessing, feature extraction, and classification has been enhanced to attain more reliable 

and timely identification of cardiovascular complications subsequent to COVID-19 infection 

using novel optimization and feature extraction techniques 

 

2.2 Justification of Selected Methods  

The choice of OKPCA, HHFO, and the Weight–CADEN ensemble model is based on 

the properties of the dataset and the comparative benefits that these techniques provide over 

traditional methods. Conventional principal component analysis is linear and ignores nonlinear 

feature interactions that are important in ECG and echocardiographic data, which is why 
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OKPCA was selected. OKPCA is not constrained like PCA, t-distributed stochastic neighbour 

embedding , and can optimize its kernel parameters, which ultimately leads to nonlinear 

dimensionality reduction while preserving discriminative information, leading to robustness in 

high-dimensional medical datasets. 

HHFO was chosen over standard metaheuristics such as genetic algorithm (GA), 

particle swarm optimization (PSO), and grey wolf optimizer  (GWO), which either exhibit 

premature convergence or require considerable effort and time to optimize.  The HHFO 

combines the exploration capability of the hippopotamus algorithm and the exploitation 

strength of the fish school search, with HHFO achieving a better balance of global and local 

search. Consequently, it offers faster convergence and producing smaller, higher-quality 

subsets of features, and enhancing downstream classifications. 

 During the classification phase, the Weight–CADEN ensemble employs CapsNet, 

DenseNet-121, and NASNet to leverage complementary advantages - CapsNet is a strong 

model that is capable of modeling spatial hierarchies as well as subtle variations in the ECG 

waveform, DenseNet-121 facilitates reusing features across dense blocks while alleviating 

vanishing gradient issues prevalent in smaller datasets, and NASNet is capable of learning 

optimized convolutional architectures via a neural architecture search. While there is 

considerable literature on the use of single architectures in ECG classification, ensemble 

frameworks typically provide better generalization performance by reducing prediction 

variance and bias. Weight–CADEN also uses a WV strategy to balance predictions, with more 

weight assigned to models with higher prediction accuracy. 

3. Methods 

The proposed methodology integrates rigorous data preprocessing, advanced feature 

extraction techniques including statistical analysis and Shannon entropy, and optimized 

dimensionality reduction through OKPCA. Feature selection is refined using the innovative 

HHFO algorithm, enhancing the relevance of selected features in predicting cardiovascular 

complications post-COVID. The  proposed Weight – CADEN model, combining Caps Net, 

DenseNet-121, and NASNet via WV, provides robust classification capabilities, leveraging 

deep learning architectures to detect cardiovascular disease  in affected individuals. Evaluation 

through cross-validation and performance metrics, namely accuracy, precision, sensitivity, 

specificity, F1-measure, Matthews  correlation coefficient (MCC), negative predictive value 
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(NPV), false positive rate (FPR) and false negative rate (FNR) helps ensure the model’s 

reliability and generalizability, aiming to support healthcare professionals with a powerful tool 

for early detection and effective intervention in post-COVID patients at cardiovascular risk. 

The overall workflow of the proposed post-COVID disease detection model is shown in the 

block illustration in Figure 1. 
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Figure 1 Block diagram of the proposed post-COVID cardiovascular disease detection by the 

Weight–CADEN model  

 

3.1.Pre-processing using Decimal Scaling Normalization 

In pre-processing, decimal scaling normalization is used to normalize the input data taken 
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normalized form. Depending on whatever property has the most placeholders for values across 

all columns, the number of decimal points for each value is adjusted accordingly. The decimal 

scaling normalization is given in Equation 1 as follows, 

𝑋∗ = 𝑋/10𝑗     (1) 

Where the largest number of placeholders for the items in every column is represented by 

the integer j. The output values of the normalization stage are given in Table 1. The normalized 

values for each data point from 0 to 499 are shown below. 
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Table 1  Decimal scaling normalization outputs 

 

  

 WAVES GENDER AGE BPSIST BPOIAST HR BMI WEEKSINCE 

INFECTION 

PULMONARY 

INJURY 

PCFS … EE EE3 EE6 LAV 

0 0.1 0.2 0.53 0.140 0.90 0.80 0.3137 0.5 0.35 0.2 … 0.1418 0.1413 0.1409 0.287 

1 0.1 0.1 0.55 0.130 0.80 0.80 0.3351 0.4 0.40 0.4 … 0.1483 0.1476 0.1469 0.304 

2 0.1 0.1 0.44 0.120 0.70 0.75 0.2340 0.7 0.05 0.1 … 0.1019 0.0998 0.0991 0.352 

3 0.1 0.2 0.55 0.130 0.85 0.85 0.3150 0.5 0.35 0.2 … 0.1444 0.1437 0.1430 0.348 

4 0.1 0.1 0.45 0.130 0.90 0.90 0.2447 0.4 0.30 0.3 … 0.1509 0.1498 0.1478 0.215 

… … … … … … … … … … … … … … … … 

495 0.1 0.1 0.51 0.130 0.85 0.85 0.3107 0.6 0.38 0.3 … 0.1444 0.1432 0.1426 0.350 

496 0.2 0.2 0.52 0.135 0.75 0.75 0.2777 0.8 0.35 0.3 … 0.1428 0.1419 0.1411 0.295 

497 0.3 0.1 0.43 0.130 0.90 0.90 0.3717 0.6 0.40 0.3 … 0.1600 0.1587 0.1572 0.357 

498 0.2 0.2 0.54 0.130 0.75 0.75 0.3026 0.6 0.32 0.3 … 0.1424 0.1417 0.1407 0.365 

499 0.1 0.2 0.48 0.130 0.80 0.80 0.2280 0.8 0.25 0.2 … 0.1234 0.1223 0.1216 0.265 
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3.2.Feature Extraction 

The pre-processed data is given to the feature extraction stage for extracting the necessary 

features. It includes techniques like statistical features, Shannon entropy, and target encoding. 

3.2.1. Statistical features 

To calculate post-COVID symptoms, statistics for certain time periods or places, such as 

the mean, median, standard deviation, variance, skewness, and kurtosis. 

▪ Mean 

The mean, commonly referred to as the average, is a statistic that depicts the arithmetic 

mean of a group of data and serves as a gauge of central tendency. By averaging all of the 

dataset's variables and dividing the result by the total number of variables, it is computed using 

Equation 2. 

𝑀𝑒𝑎𝑛 =
𝑆𝑢𝑚 𝑜𝑓 𝑎𝑙𝑙 𝑣𝑎𝑙𝑢𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑎𝑙𝑢𝑒𝑠
   (2) 

▪ Median 

The median, which indicates the middle value in an ordered set of data, is another way to 

quantify central tendency. The data is split into two equal halves, with half of the values falling 

below and half rising above the median. Compared to the mean, the median is less susceptible 

to outliers, or extremely high or low numbers. The median can be defined in Equation 3 as 

follows, 

𝑀𝑒𝑑𝑖𝑎𝑛 = {

𝑙+1

2
, 𝑓𝑜𝑟 𝑜𝑑𝑑

𝑙

2
, 𝑓𝑜𝑟 𝑒𝑣𝑒𝑛

    (3) 

Where l is the last number of the series. 

▪ Standard Deviation (SD) 

Measurements of the data's deviation from the mean are referred to as SD (σ), calculated 

using Equation 4. A low standard deviation indicates that the data are concentrated around the 

mean, while a big standard deviation indicates a greater dispersion of the data. 

𝑆𝐷(𝜎) = √
∑(𝑥𝑖−𝜇)2

𝑁
     (4) 
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Where  𝑥𝑖 is the input variable, 𝜇 is the mean value and N is the total number of input variables. 

▪ Variance 

Variance is a statistical measure of the variation among individual values in a set of 

data. More specifically, variance indicates the separation between every single number in 

the set and the mean (average), and hence, between each number in the set. Variance is 

calculated using Equation 5. 

𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =
∑(𝑥𝑖−𝜇)2

𝑁
    (5) 

▪ Kurtosis 

Kurtosis, a statistical term, indicates how closely or widely distributed the data are in 

relation to a normal distribution. Put another way, data sets with high kurtosis tend to have 

heavy tails or notable outliers. Data sets with low kurtosis generally have light tails and no 

outliers. In the worst-case scenario, there would be a uniform distribution. The Kurtosis 

can be calculated using Equation 6. 

𝐾𝑢𝑟𝑡𝑜𝑠𝑖𝑠 =
4𝑡ℎ𝑀𝑜𝑚𝑒𝑛𝑡

4𝑡ℎ𝑀𝑜𝑚𝑒𝑛𝑡2   (6) 

 

▪ Skewness 

Skewness is calculated by applying a method that requires dividing the standard 

deviation by three and multiplying the gap between the mean and median. Equation 7 

denotes the Skewness calculation formula. 

𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =
3(Mean−Median)

𝑆𝐷
   (7) 

The statistical features for each pre-processed sample data are shown in Table 2. Each 

data has its own mean, median, standard deviation, variance, and range values.  

Table 2 Statistical feature extraction stage obtained from the dataset 

 Mean  Median  Variance Standard Deviation Max Min Range 

0 0.230437 0.233182 0.062174 0.249346 0.90 -0.29 1.19 

1 0.273538 0.303450 0.072608 0.269459 1.00 -0.26 1.26 

2 0.205587 0.230000 0.065789 0.256494 0.75 -0.31 1.06 

3 0.222833 0.210000 0.060678 0.246329 0.85 -0.28 1.13 

4 0.238226 0.246850 0.073113 0.270394 1.00 -0.29 1.29 
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… … … … … … … … 

495 0.254646 0.274648 0.070121 0.264804 1.00 -0.30 1.30 

496 0.247040 0.210000 0.076544 0.276665 1.00 -0.30 1.30 

497 0.264258 0.290500 0.073559 0.271218 1.00 -0.28 1.28 

498 0.239961 0.200000 0.070827 0.266134 1.00 -0.30 1.30 

499 0.208362 0.200000 0.064212 0.253401 0.80 -0.30 1.10 

 

3.2.2. Shannon Entropy 

Entropy is a wide notion that quantifies chaos in a random system. Shannon defined a 

non-linear measurement in dynamic data as the average information content associated with 

data randomness found in an image. Given a source of random occurrences from a discrete set 

of probable events 𝑎1, 𝑎2, . . . , 𝑎𝑛, with corresponding probability distribution 

𝑃(𝑎1), 𝑃(𝑎2), . . . , 𝑃(𝑎𝑛), average data per source output may be called the source's entropy, as 

shown in Equation 8. 

𝐻 = −∑ 𝑃(𝑎𝑛) log 𝑃(𝑎𝑛)𝑁
𝑛=1    (8) 

 Where H may also be interpreted as a measure of the unpredictability of information 

content. The features extracted from the Shannon entropy stage is given in Table 3. After 

extrwacting the entropy values, the target encoding is performed. 

Table 3  Extracted features from the Shannon entropy 

 

 

 

 

 

 

 

 

 

 

3.2.3. Target 

Encoding 

 Shannon Entropy Approximate Entropy 

0 5.428758 -2.780145 

1 5.196566 -2.462295 

2 5.103465 -2.430355 

3 5.243856 -2.683528 

4 5.388758 -2.430442 

…  … 

495 5.508578 -2.628262 

496 5.523856 -2.536424 

497 5.278563 -2.367163 

498 5.398568 -2.387179 

499 5.276564 -2.367155 
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Target encoding substitutes the mean (or other statistics) of the target variable for each 

category for categorical values. By utilizing the link between the target variable and the 

categorical feature, it may be possible to gather important data for predictive modeling. The 

mean function calculates the mean goal value for each category after the data is grouped by 

technique. The categories are swapped out with the matching mean target values by the map 

function. The sample features extracted from this stage is given in Table 4. 

 

Table 4 Features extracted from the target encoding stage 

 Mean  Median  Variance Standard 

Deviation 

Max Min Range Mean_Encoded 

0 0.230437 0.233182 0.062174 0.249346 0.90 -0.29 1.19 0.230437 

1 0.273538 0.303450 0.072608 0.269459 1.00 -0.26 1.26 0.273538 

2 0.205587 0.230000 0.065789 0.256494 0.75 -0.31 1.06 0.205587 

3 0.222833 0.210000 0.060678 0.246329 0.85 -0.28 1.13 0.222833 

4 0.238226 0.246850 0.073113 0.270394 1.00 -0.29 1.29 0.238226 

… … … … … … … … … 

495 0.254646 0.274648 0.070121 0.264804 1.00 -0.30 1.30 0.254646 

496 0.247040 0.210000 0.076544 0.276665 1.00 -0.30 1.30 0.247040 

497 0.264258 0.290500 0.073559 0.271218 1.00 -0.28 1.28 0.264258 

498 0.239961 0.200000 0.070827 0.266134 1.00 -0.30 1.30 0.239961 

499 0.208362 0.200000 0.064212 0.253401 0.80 -0.30 1.10 0.208362 

 

The features extracted from the statistical features, Shannon entropy and target encoding 

stages are concatenated and given to the dimensionality reduction stage. Table 4 shows the 

concatenated features stage. 

3.3.Dimensionality reduction using Optimized Kernal PCA (O-KPCA) 

From feature extraction stage, there are lot of features are extracted. From features the 

required efficient features are filtered using the dimensionality reduction techniques. It includes 

O-KPCA. 

Kernel-PCA is an extension of PCA that allows nonlinear mappings to be expressed in a 

higher-dimensional feature space. The input space 𝑅𝑀/𝑁 and another dot product feature space 

F are connected by a potential nonlinear map, which is used to compute PCA as shown in 

Equation 9.  

𝜑:𝑅𝑀/𝑁 → 𝐹    (9) 

With 𝑖 =  1,2, . . . , 𝑛, the images { 𝜑 (𝑥𝑖)} reflect the center input vectors 𝑥𝑖 included in 

the feature space. In order to satisfy the zero-mean requirement, it is anticipated that all feature 
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vectors throughout the training sample have received pre-processing. Specifically, the kernel 

function is the inner product term and the scalar product term, which is calculated using 

Equation 10. 

𝑘(𝑥, 𝑥𝑖) = {𝜑𝑇(𝑥𝑖)𝜑(𝑥), 𝑖 = 1,2, … , 𝑛  (10) 

Determine the 𝑖𝑗𝑡ℎ element of the n-by-n matrix K by computing the 𝑘(𝑥𝑖 , 𝑥𝑗) using 

Equation  11. 

𝐾 = {𝑘(𝑥𝑖 , 𝑥𝑗)} = {𝜑𝑇(𝑥𝑖)𝜑(𝑥𝑗)}   (11) 

Where 𝑖, 𝑗 = 1,2, … , 𝑛 

The matrix of covariance in F is calculated using Equation 12. 

𝑅 =
1

𝑛
∑ 𝜑(𝑥𝑖)𝜑

𝑇𝑛
𝑖=1 (𝑥𝑖)   (12) 

Currently, the eigenvalue problem is solved using Equation  13. 

𝑅𝑉 = 𝜆𝑉     (13) 

Where 𝑉 is the corresponding eigenvector and 𝜆 is one of R's eigenvalues. Coefficients 

𝛼𝑖, where 𝑖 =  1, . . . , 𝑛, exist such that ∑. After pre-multiplying both sides of Equation 13 by 

𝜑(𝑥𝑘) and replacing 𝑉 and Equation 12 in Equation 13, get Equation 14 as follows, 

1

𝑛
∑ 𝛼𝑖(𝜑(𝑥𝑘). ∑ 𝜑(𝑥𝑗)

𝑛
𝑗=1 ) (𝜑(𝑥𝑗). 𝜑(𝑥𝑖))

𝑛
𝑖=1 = 𝜆 ∑ 𝛼𝑖(𝜑(𝑥𝑘). 𝜑(𝑥𝑖))

𝑛
𝑖=1   (14) 

Equation 12 can be substituted into Equation 15, yielding 

𝐾2𝛼 = 𝑛𝜆𝐾𝛼     (15) 

Then, 

𝐾𝛼 = 𝑛𝜆𝛼     (16) 

Where 𝛼 is the associated eigenvector and 𝜆 is one of K's eigen values. To do principal 

component extraction, projections onto the eigenvectors 𝑉 = [𝑣1, 𝑣2, . . . , 𝑣𝑛] in 𝐹 must be 

computed. Kernel PCA involves an implicit mapping, making reconstruction less 

straightforward. The dimensionality reduction of the concatenated features is performed using 

the Kernal PCA model. The output of the PC1 to PC 10 are shown in Table 5. Tuning the alpha 

parameter using HHFO can help achieve a better balance between dimensionality reduction 

and reconstruction accuracy. 

 

               Table 5  Dimensionality reduced features 

 PC1  PC2  PC3 PC4 PC5 heart_disease_split 

0 0.243475 -0.347132  -0.297400 0.079477 -0.298265 0 

1 0.597866 -0.485793 -0.009826 0.108599 0.145367 1 

2 0.519353 -0.465546 -0.114404 0.169375 0.307203 0 
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3.4.Feature Selection Hybrid Hippo-Fish Optimization (HHFO) Algorithm 

The method of selecting features includes assessing each feature's significance or 

relevance to achieving the intended result, such as the identification of cardiovascular problems 

in patients who have recovered from COVID-19. The proposed HHFO approach is a 

population-based strategy that is utilized to select the optimal features, a hybrid version of the 

POA and HOA algorithms. The outcomes selected for its decision parameters are based on the 

problem's position in the search space, according to the POA algorithm.As a result, each 

member of POA represents a potential solution to the problem, which may be expressed 

mathematically as a vector in which each element represents a decision variable.The population 

of the algorithm consists of all POA members.  

The developed HHFO algorithm was designed to provide better feature selection by 

combining the exploration ability of the Hippopotamus Algorithm. While also exploiting the 

Fish School Search algorithm, in order to maintain a balanced exploration–exploitation 

approach while preserving global diversity through exploration and local refinement for 

promising solutions. The termination criteria were either reaching the maximum number of 

iterations (50) or when the improvement in the fitness function was less than 1e-5 for 10 

consecutive iterations, which indicates convergence. Convergence behavior was reported by 

assessing the best and average fitness over the iterations performed, where HHFO was able to 

decrease fitness quickly over the first 15-20 iterations (exploration behavior), before stabilizing 

on firmer local optima later in the iterations (exploitation behavior). Comparative convergence 

analysis showed that HHFO generally reached near-optimal solutions in a shorter number of 

iterations (generally 30 - 35 iterations) and oscillated less than PSO, GA, and GWO; HHFO 

performed between PSO, which often suffers significantly from premature convergence, and 

GA, which often demands high computational cost .In contrast, HHFO draws from the 

hippopotamus group behaviour at an adaptive level for exploration and fish schooling 

3 0.424377 -0.412742 -0.254054 0.220383 -0.191846 0 

4 0.555904 -0.445692 -0.175958 -0.160283 -0.124096 1 

… … … … … … … 

495 0.589702 -0.459632 -0.141205 0.087895 0.157611 0 

496 0.545821 -0.493554 0.060284 0.204921 -0.128308 0 

497 0.562520 -0.477852 -0.051094 0.188501 0.027170 0 

498 0.549058 -0.440554 -0.163937 -0.147190 0.202013 1 

499 0.597006 -0.512321 0.061490 -0.028992 -0.119607 0 
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behaviour at a local level for exploitation to decrease the chance of becoming trapped in local 

optima while increasing classification accuracy and convergence stability 

In mathematical terms, the community of such variables can be modeled by a matrix 

using Equation 17. The initial position of each POA member is initialized using Equation 18 at 

the start of the process. 

𝑋 =

[
 
 
 
 
𝑋1

⋮
𝑋𝑖

⋮
𝑋𝑁]

 
 
 
 

𝑁×𝑚

=

[
 
 
 
 
𝑥1,1 … 𝑥1,𝑑 … 𝑥1,𝑚

⋮ ⋱ ⋮ ⋱ ⋮
𝑥𝑖,1 … 𝑥𝑖,𝑑 … 𝑥𝑖,𝑚

⋮ ⋱ ⋮ ⋱ ⋮
𝑥𝑁,1 … 𝑥𝑁,𝑑 … 𝑥𝑁,𝑚]

 
 
 
 

𝑁×𝑚

  (17) 

𝑥𝑖,𝑑 = 𝑙𝑏𝑑 + 𝑟. (𝑢𝑏𝑑 − 𝑙𝑏𝑑)    (18) 

To represent the population members, decision factors, and random numbers in the 

interval [0, 1] in this example, the integers 𝑁,𝑚, 𝑎𝑛𝑑 𝑟 are used. The decision variable in the 

POA population matrix is 𝑥𝑖,𝑑, which stands for the 𝑑𝑡ℎ dimension. The 𝑖𝑡ℎ potential solution 

is denoted by the variable 𝑋𝑖. The mean of the 𝑑𝑡ℎ decision variable is represented by 𝑙𝑏𝑑 and 

𝑢𝑏𝑑, respectively, as are the upper and lower bounds. The set of evaluated values can be 

vectorially stated for the issue's objective function using Equation 19. 

𝐹 =

[
 
 
 
 
𝐹1

⋮
𝐹𝑖

⋮
𝐹𝑁]

 
 
 
 

𝑁×1

=

[
 
 
 
 
𝐹(𝑋1)

⋮
𝐹(𝑋𝑖)

⋮
𝐹(𝑋𝑁)]

 
 
 
 

𝑁×1

   (19) 

Where the evaluated objective function is based on the 𝑖𝑡ℎ POA component, and its 

vector is denoted by 𝐹𝑖. The objective function's evaluated values serve as appropriate 

benchmarks for assessing the caliber of potential fixes put forth by POA members. The target 

function's lowest evaluated value represents the poorest person, and its highest evaluated value 

represents the best candidate solution. 

3.4.1. Mathematical Modelling of HHFO 

The suggested HHFO technique updates the locations of population members in the 

search space by modelling the behaviours of pufferfish and  predators in natural habitat. 

Predator bites pufferfish first in this natural process. In order to defend itself, the pufferfish 

then coils into a ball of jagged spines, frightening the predator and forcing it to flee. 

Consequently, the location of the individuals of the HHFO population is updated twice a cycle: 
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once during exploration, which mimics a predator striking a pufferfish, and once during 

exploitation, which mimics the pufferfish's defence mechanism against its largest predator.  

 

Phase 1: Predator Attack towards Pufferfish (Exploration Phase) 

During the first stage of HHFO, the predator's attack strategy on the pufferfish is 

replicated to update the population's member positions. Because pufferfish move slowly, 

hungry predators can readily take advantage of them. The predator updates the positions of the 

HHFO members in the problem-solving space by simulating its position shift during the 

pufferfish attack. The global search algorithm gains additional exploratory strength from the 

modelling of the predator's movement near the pufferfish, which causes the HHFO members 

to be noticeably displaced. When evaluating the location of a potential attack target, pufferfish 

in the HHFO architecture for each member of the group functioning as a predator, higher target 

function value members of the community have been taken into account. This study uses 

Equation 20 to get the population's total number of puffer fish. 

𝐶𝑃𝑖 = {𝑋𝑘,   𝐹𝑘 < 𝐹𝑖 𝑎𝑛𝑑 𝑘 ∈ {1,2,3, … . , 𝑁} 𝑎𝑛𝑑 𝑘 ≠ 𝑖}    (20) 

Where 𝑖 = 1,2, … ,𝑁   

In this instance, 𝑋𝑘 denotes a group member whose objective function score exceeds 

that of the 𝑖𝑡ℎ predator, and 𝐹𝑘 represents the group member's objective function value. The set 

of possible pufferfish locations for the 𝑖𝑡ℎ predator is denoted by 𝐶𝑃𝑖. 

The HHFO design makes the assumption that the predator selects a pufferfish at random 

from the potential pufferfish present in the Cerebral Palsy collection; this pufferfish is known 

as the selected pufferfish (SP). For every member of the HHFO, the latest location in the 

resolving problems space is determined by using Equation 21, which uses the mathematical 

depiction of the predator's motion toward the pufferfish. According to Equation 21, the new 

location replaces the appropriate member's prior position if the desired function value 

improves. 

𝑥𝑖,𝑗
𝑃1 = 𝑥𝑖,𝑗 + 𝑟𝑖,𝑗. (𝑆𝑃𝑖,𝑗 − 𝐼𝑖,𝑗. 𝑥𝑖,𝑗)   (21) 

As a result, the 𝑖𝑡ℎ predator's new position in this case is 𝑋𝑖
𝑃1, which was established 

using the first stage of the proposed HHFO 𝑥𝑖,𝑗
𝑃1. Its 𝑗𝑡ℎ dimension is 𝑃1, its desired function 

score is 𝐹𝑖
𝑃1, and its randomized numbers originate from the interval [0, 1] as 𝑟𝑖,𝑗 and 𝐼𝑖,𝑗 are 

numbers that are arbitrarily selected to be either 1 or 2. Here, 𝑆𝑃𝑖 represents the pufferfish that 
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was chosen at random to be the 𝑖𝑡ℎ predator within the 𝐶𝑃𝑖 set (i.e., 𝑆𝑃𝑖 is a member of the 𝐶𝑃𝑖 

set), and 𝑆𝑃𝑖,𝑗 specifies its 𝑗𝑡ℎ dimension. 

Phase 2: Pufferfish's defence system towards attackers (Exploitation Phase) 

The location of individuals in the population is revised during the second stage of SE-

PEO by use of a simulation that mimics a pufferfish's defence system against attacks by 

predators. A pufferfish fills its incredibly elastic stomach with water to defend itself from 

predators, turning it into a ball of sharp spines. Instead of taking advantage of the easy meal, 

the predator in this scenario flees from the pufferfish's location. The exploitation potential of 

the local search algorithm is increased when the predator is modelled as moving away from the 

pufferfish, as this causes slight changes in the SE-PEO members' positions. 

To be more precise, when a new position for an SE-PEO member is calculated, its 

ability to lead to a better solution to the problem is determined by comparing the values of the 

objective function. Should the response be affirmative, the new role is suitable for the relevant 

SE-PEO member; if not, the new role is improper (due to its tendency to produce a less robust 

solution), and the relevant member stays in prior role. Therefore, Equation 22 emonstrates that 

raising the goal function's value is a need for each SE-PEO member's update procedure. 

𝑥𝑖,𝑗
𝑃2 = 𝑥𝑖,𝑗 + (1 − 2𝑟𝑖,𝑗).

𝐷⃗⃗ (𝑢𝑏𝑗−𝑙𝑏𝑗)

𝑡
   (22) 

𝐷⃗⃗ = |𝑆𝑃𝑖 − 𝑥𝑖,𝑗|     (23) 

Where 𝐷⃗⃗  is the distance between predator and prey, in Equation 23. The pufferfish can 

inflate itself to the ideal size for the circumstance by taking distance 𝐷⃗⃗  into consideration. A 

little inflation may be sufficient to act as a deterrence if the predator is far away (big 𝐷⃗⃗ ). On 

the other hand, if the predator is nearby (small 𝐷⃗⃗ ), the pufferfish has the ability to fully expand, 

making its target larger and more challenging to swallow. By taking a methodical approach, 

the pufferfish can remain protected while still saving energy using Equation 24. 

𝑋𝑖 = {
𝑋𝑖

𝑃2, 𝐹𝑖
𝑃2 ≤ 𝐹𝑖 

𝑋𝑖,   𝑒𝑙𝑠𝑒
    (24) 

Here, 𝑟𝑖,𝑗 are random values from the interval [0, 1], 𝐹𝑖
𝑃2 is the objective function value, 

𝑡 is the iteration counter, and 𝑥𝑖,𝑗
𝑃2 is the updated predator's position as determined by the second 

stage of the suggested SE-PEO. From the PC1 to PC 10 features, the best features like PC3 and 

PC1 are chosen using the SE-PEO algorithm, which is shown in Table 6. 
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Table 6  Optimal features selected using the SE-PEO algorithm 

 PC3 PC2  PC5 heart_disease_split 

0 -0.297400 -0.347132  -0.298265 0 

1 -0.009826 -0.485793 0.145367 1 

2 -0.114404 -0.465546 0.307203 0 

3 -0.254054 -0.412742 -0.191846 0 

4 -0.175958 -0.445692 -0.124096 1 

… … … … … 

495 -0.141205 -0.459632 0.157611 0 

496 0.060284 -0.493554 -0.128308 0 

497 -0.051094 -0.477852 0.027170 0 

498 -0.163937 -0.440554 0.202013 1 

499 0.061490 -0.512321 -0.119607 0 

 

The optimal features are utilized for the CVD disease detection. By leveraging 

theoptimal features, models can more effectively differentiate between healthy and diseased 

states, leading to early and precise diagnosis, which is vital for timely intervention and 

improved patient outcomes. 

3.5.Post-COVID cardiovascular disease detection using CDN-Net model 

The classification stage in the proposed methodology involves the implementation of a 

CDN-Net model that integrates CapsNet, DenseNet-121, and NASNet architectures. The 

models are trained on a labelled dataset comprising features extracted from post-COVID 

patient records, paired with corresponding cardiovascular outcomes. The outputs of the deep 

learning models are given to the WV mechanism for efficient disease detection. Based on the 

performance weights assigned to each model during validation, this process combines the 

individual forecasts from each model. Through WV, the approach combines the outputs to 

improve overall accuracy and reliability in identifying cardiovascular problems in patients who 

have recovered from COVID-19. This is achieved by using the capabilities of various models. 

With the goal of enhancing treatment results and diagnostic accuracy in clinical settings, this 

methodological fusion guarantees a strong foundation for decision-making for medical 

practitioners. 

3.5.1. CapsNet Architecture  

Convolutional, primary, and digit capsule layers make up CapsNet's three major layers. The 

first step is to utilize the convolutional layer to extract the key characteristics from the input 
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data. Two convolutional layers, with 64 and 128 feature maps each, are employed. The basic 

architecture of the Caps Net model is shown in Figure 2. 

Input 

features

56X56

256 Channels

9X9 Kernal

Conv 2D

8D 

32 Channels

9X9 Kernal

Primary Caps

Dynamic 

Routing

DigitCaps

16

7

Output

7
256

32

 

Figure 2 layered architecture of the Caps Net model 

Each feature map's output may be calculated in Equation 25 as follows: 

y(i, j) = ∑ ∑ x(i + m, j + n) ∗ k(m, n)M
n=−M

N
m=−N   (25) 

Where x is the convolutional layer's input, k is the filter's kernel (also known as the kernel), 

and N and M are the kernel sizes. In this instance, utilize a 33-kernel size and 1 sample for the 

kernel strides because the input is 40031 in size. Following each convolutional layer, the 

rectified linear unit (ReLU) is utilized as an activation function, with the following result in 

Equation 26: 

Act(y) = max (0, y)    (26) 

The output of the convolutional feature maps is divided into a number of vector 

representations called capsules ui for the principal capsule, which produces combinations of 

the features. By applying a convolutional operation to input, capsule behaviour is comparable 

to that of a convolutional layer. With three samples per stride and a kernel size of 3×3, are 

utilize. The input data, including its orientation and location, are all included in the capsule. 

Four 16-channel capsules are used in this instance. As a result, 134 × 1 × 16 × 4 is the form 

of the capsule layer's output. Because of the vector that the capsule's output is, it is impossible 

to use the conventional activation function. Consequently, the following Equation 27 utilizes a 

non-linear squashing function: 

vj =
‖sj‖

2

1+‖sj‖
2 ∗

sj

‖sj‖
2    (27) 
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Where the capsule j's input and output are 𝑠𝑗 and 𝑣𝑗  , respectively. Short vectors are 

supposed to be reduced to virtually zero length, while large vectors are supposed to be shrunk 

to a length just below 1 using the squashing activation function. The third factor is the two 

dimentional form of the digit capsule layer. Both the earthquake and noise classifications apply 

to our issue. Based on the dynamic routing (routing by agreement) idea, the main capsule is 

connected to the digit capsule. The weighted sum total output contribution (𝑢̂𝑗|𝑖) is one way to 

describe the variable 𝑠𝑗. Following Equation 28 is the way to calculate the 𝑠𝑗: 

𝑠𝑗 = ∑ 𝑐𝑖𝑗𝑢̂𝑗|𝑖𝑖     (28) 

Hence, in the method for dynamic routing, 𝑐𝑖𝑗 stands for the coupling coefficient. Following 

are the steps to acquire the 𝑢̂𝑗|𝑖  in Equation 29 and 𝑐𝑖𝑗 Equation 30: 

𝑢̂𝑗|𝑖 = 𝑊𝑖𝑗𝑢𝑖    (29) 

𝑐𝑖𝑗 =
𝑒𝑥𝑝 (𝑏𝑖𝑗)

∑ 𝑒𝑥𝑝 (𝑏𝑖𝑐)𝑐
   (30) 

Where 𝑊𝑖𝑗 stands for the weight matrix and 𝑏𝑖𝑗 and 𝑏𝑖𝑐 two capsules' logarithmic prior 

chances. The routing algorithm uses an iterative process with numerous phases. First, 𝑏𝑖𝑗 is 

initialized to zero for all capsules in layer l and capsule 𝑗 in layer 𝑙 +  1, whereas 𝑊𝑖𝑗 is started 

at random for the weight matrix. Second, Equation 30 is used to derive the coupling coefficient 

𝑐𝑖𝑗. Thirdly, the 𝑠𝑗 and 𝑣𝑗  are determined using the coupling coefficient 𝑐𝑖𝑗 and the capsule 

result layer (𝑢̂𝑗|𝑖). Finally, 𝑏𝑖𝑗  is updated using Equation 31 as follows: 

𝑏𝑖𝑗 + (𝑢̂𝑗|𝑖. 𝑣𝑗) → 𝑏𝑖𝑗   (31) 

The digit caspule's output is in the form of a 2×8 matrix. Using an 8-dimensional vector, 

each class may be represented.  

3.5.2. DenseNet 121 

DenseNet is a state-of-the-art, parameter-light CNN architecture for visual object 

recognition. DenseNet and ResNet are quite similar, with a few key differences. ResNet uses 

an additive attribute (+) to mix the previous layer with the future layers, whereas DenseNet 

uses its concatenated (.) attributes to integrate the output of the previous layer with a future 

layer. By densely linking all layers, the DenseNet Architecture seeks to solve this issue. The 

DenseNet-121 [5+(6+12+24+16) × 2)=121] architecture was used in this work out of the 
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several DenseNet (DenseNet-121, DenseNet-160, and DenseNet-201). Here are some 

DenseNet-121 details: Five layers are for convolution and pooling, three are for transition 

layers (6, 12, 24, 1), one is for a classification layer (16), and two are dense blocks (1 × 1 and 

3 × 3 conv).  

DenseNet's key benefit over other networks is its idealized view of feed-forward 

networks. DenseNet has various appealing benefits. First and foremost, DenseNet mitigates the 

problem of disappearing gradients. Second, the lower the number of parameters while 

increasing feature propagation and renewal. A dense layer receives all of the previous layer's 

outputs and concatenates them according to the depth dimension. DenseNet accepts an image 

as input and then processes it via a series of dense blocks, each with a variable number of filters 

but the same feature mappings for each layer. The transition layer occurs after a thick block. 

The transition layer performs two procedures: pooling and convolution. The transition layer 

performs down-sampling outside of dense blocks. Before executing feature concatenation, 

ensure that the feature mappings in the dense block are of equivalent size. Any convolution can 

be preceded by a bottleneck convolution layer to minimize the total number of input feature 

maps while improving computing speed. The densenet architecture includes transition layers 

such as batch normalization (BN), convolution, and average pooling. The DenseNet 

architecture's dense block includes the ReLU activation layer and convolution (convs). A global 

average pooling layer feeds the final dense block to a SoftMax classifier. DenseNet comprises 

L layers, which correspond to the following straight connections: 𝐿(𝐿 +  1) ∕ 2. Figure  3 

shows the illustration of layered architecture of the Dense Net 121 model.  
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Figure 3 Layered architecture of the DenseNet 121 model 

The layer L gets the following input for non-linear transformations Hl, as shown in 

Equation 32. 

Xl = Hl(Xl−1)     (32) 
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DenseNets concatenates the layer's output functionality maps rather than summarising 

them with the inputs. DenseNet offers a straightforward communication paradigm to improve 

information flow across layers: The 𝑙𝑡ℎ layer receives inputs from previous levels. The 

Equation 33 is then translated once again into: 

Xl = Hl[(X0, X1, . . . . Xl−1)]   (33) 

Where the output maps of earlier layers are concatenated to generate a single tensor, 

[X0, X1, . . . . Xl−1]. Hl(. ) is a non-linear transformation function among the functions. Three 

main operations make up this function: pooling and convolution (CONV), activation (ReLU), 

and BN. The ReLU activation function is given in Equation 34 as, 

f(x) = max(0, x)    (34) 

The activation function performs nonlinear transformations on the picture. The output 

of this alteration is sent into the next layer as input from a neuron. It operates with a 0 threshold. 

If 𝑥 is less than zero, 𝑓(𝑥) is zero; otherwise, it equals 𝑥. However, the growth rate 𝑘 helps 

with the generalization of the lth layer and denoted in Equation 35, 

k[l] = (k[0] + k(l − 1))   (35) 

The number of channels is denoted as k[0]. The final layer uses a fully connected layer 

and the SoftMax function to predict the COVID-19 and HMPV picture class. Here is Equation 

36 that defines the Softmax. 

sm(z)i =
ezi

∑ e
zjC

j=1

, for i = 1,2, . . . , 𝒞   (36) 

In this case,z = (z1, z2, . . . . , zc) ∈ ℝ𝒞. The exponential is implemented for each value 

of zi, where z is the input vector. Observe that the output vector sm(z) has a total of 1.  

3.5.3. NASNet 

Auto ML and NAS were taking the lead in the field of CNNs. NNet is a CNN trained 

on millions of photos from the ImageNet dataset. The network was trained with a strong feature 

for image identification, and the input image size is 224 by 224. Figure 4 depicts the NASNet 

design and search strategy for the optimal CNN architecture. NASNet comes in two versions: 

NASNet Mobile for small networks and NASNet Large for larger networks. When compared 
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to NASNet Large, the NASNet Mobile network is lighter. It uses a search strategy to find the 

best effective convolutional layers or cells in small image collections. Using convolution cells 

can produce better classification results while incurring cheaper computational expenses, and 

utilize the convolutional cells to create normal and reduction cells, allowing NASNet to work 

with images of any size. A variety of normal cell and reduction cell configurations are 

employed, and a collection of NASNet structures has been constructed to give the most 

accessible CNN architecture with little processing complexity. Although the overall 

architecture of NASNet is predefined as shown below, the cells or building blocks examined 

by the strengthening learning search technique are considered free variables; for example, N is 

the number of repetitions used for scaling, but the number of initial convolutional filters is not. 

The normal cell computation does not change the size of the feature map as compared to the 

convolutional cells. The reduction cell, on the other hand, cuts the feature map in half in both 

dimensions. The controller RNN focuses entirely on the cell structures. 

Input features

NasNet base model

2D Global Average pooling

Dense Layer (ReLu activation)

Dense Layer (ReLu activation)

Dropout layer (Dropout rate 0.5)

Dense Layer (Sigmoid activation)

Dropout layer (Dropout rate 0.5)

Dense Layer (ReLu activation)

Softmax

 

Figure  4 Layered structure of the basic NASNet model 

Figure  4 depicts the process of improving the NASNet model. The graphic shows that a 

2D GAP layer is utilized after the NASNet base model. Following that, a thick layer is applied, 

which receives the output of the 2D GAP layer as input. The activation layer offers a variety of 

activation functions, including Sigmoid, ReLU, and Tanh. Its purpose is to include non-linear 

elements to improve the expression of the models; hence, it must be non-linear. As a result, the 

first stage's activation function is the ReLU function, which has good performance in nonlinear 

systems, whereas the second dense layer uses sigmoid activation. Then, a dropout layer with a 
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dropout rate of 0.5 is applied. Overfitting will alter the model's predictions about the new data. 

Dropout, which includes temporarily deleting nodes to reduce model complexity and hence 

prevent overfitting, is one such strategy. Then, an additional set of thick layers and dropout 

layers is applied. Finally, softmax is employed for categorization. 

3.6. WV approach 

To increase the model's predictive capabilities and score, the WV method is used to 

merge the output of three different classifiers. WV distributes weights to fundamental 

classifiers according on ability to categorize data. When it comes time to allocate classifier 

weights, each base classifier receives an identical weight. The classifier is also applied to the 

dataset, with the classification accuracy utilized to calculate the updated classifier weight. After 

n iterations, the new weights are recorded as the final weights, which have been adjusted in 

accordance with Equation 37. 

𝑈𝑤𝑒𝑖(𝑖, 𝑗) = 𝑂𝑤𝑒𝑖(𝑖, 𝑗) +
1

2
log(

𝐴𝑐𝑗

1−𝐴𝑐𝑗
)   (37) 

Where 𝐴𝑐𝑗  signifies the accuracy obtained for the same classifier and must be between 

0 and 1, 𝑂𝑤𝑒𝑖(𝑖, 𝑗) is the old weight, and 𝑈𝑤𝑒𝑖(𝑖, 𝑗) is the updated weight during the 𝑗𝑡ℎ classifier 

of the 𝑖𝑡ℎ iteration. As observed in Equation 38, the outputs of the fundamental classifiers are 

combined using an aggregation function after the weight distribution among,  

𝑂𝑢𝑡𝑐𝑙𝑎𝑠𝑠 = 𝑊𝑒𝑖1 ∗ 𝐴1 + 𝑊𝑒𝑖2 ∗ 𝐴2 + ⋯ . .+𝑊𝑒𝑖𝑛 ∗ 𝐴𝑛  (38) 

The weights assigned to each classifier are denoted by 𝑊𝑒𝑖1,𝑊𝑒𝑖2 , … . . ,𝑊𝑒𝑖𝑛 and 

𝐴1,  𝐴2, … . . ,  𝐴𝑛 represent the classifier's predicted output. 

4. Result and Discussion 

The results of the proposed model are compared with the existing approaches in this 

section. This paper utilized its own dataset. The implementation is done using the Python 

platform. Thirty percent of the data is used for testing, while seventy percent is for training. 

The model must be divided to be trained on one subset. Its generalizability is then determined 

by evaluating its performance on the other subset. 

4.1.Implementation Details 

The experiments were all performed in Python 3.8 with TensorFlow 2.4 and Keras. Training 

and testing of the models were done on a workstation with NVIDIA GeForce GTX 1080 GPU 

(8 GB VRAM), Intel Core i7 CPU (3.6 GHz, 8 cores), and 32 GB RAM, with Ubuntu 20.04 

LTS. In all deep learning models (CapsNet, DenseNet-121, NASNet), the adam optimizer was 

used with a 0.001 learning rate, a batch size of 32, and a maximum of 100 epochs. To avoid 
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overfitting, early stopping was used with a patience of 10 epochs. Loss was categorical cross-

entropy, and the model was tested on validation data during each epoch. In HHFO feature 

selection, the population size as well as the maximum number of iterations were set to 30 and 

50, respectively, since the balance between the computational cost and the stability of 

convergence was required. Grid search was used to optimize the weighting coefficients of the 

Weight-CADEN ensemble in order to provide robust decision fusion. Reproducibility was 

ensured by fixing all random seeds. All random seeds were fixed to ensure reproducibility. 

4.2.Dataset Description 

The dataset comprises a wide array of medical and physiological variables focusing on 

cardiovascular health and related parameters. It includes demographic information such as 

gender, age, and BMI. Clinical measurements encompass blood pressure readings (systolic and 

diastolic), heart rate, and indicators like weeks since infection and pulmonary injury. 

Echocardiographic metrics are extensively covered, featuring indices such as tricuspid annular 

plane systolic excursion (TAPSE), pulmonary artery systolic pressure (PASP), ejection fraction 

(EF), fractional area change (FAC), and various others related to ventricular and atrial function 

(RV, RA, MAPSE, GLSRV). TAPSE and PASP are of specific interest of right ventricular 

dysfunction and pulmonary hypertension, both of which have been shown in post-COVID 

patients because of ongoing pulmonary vascular inflammation and injury. Additionally, clinical 

diagnoses related to heart disease are included. This comprehensive dataset is crucial for 

exploring correlations between the factors and cardiovascular health outcomes, potentially 

informing clinical practice and research in cardiology and related fields. The performance 

metrics used for calculating the performance of the proposed and existing models are shown in 

Equations 39 to 47 as follows. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑝𝑜𝑠+𝑇𝑛𝑒𝑔

𝑇𝑝𝑜𝑠+𝑇𝑛𝑒𝑔+𝐹𝑝𝑜𝑠+𝐹𝑛𝑒𝑔
   (39) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑝𝑜𝑠

𝑇𝑝𝑜𝑠+𝐹𝑛𝑒𝑔
    (40) 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
   (41) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑛𝑒𝑔

𝑇𝑛𝑒𝑔+𝐹𝑝𝑜𝑠
    (42) 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑝𝑜𝑠

𝑇𝑝𝑜𝑠+𝐹𝑛𝑒𝑔
    (43) 

𝑀𝐶𝐶 =
𝑇𝑛𝑒𝑔×𝑇𝑝𝑜𝑠−𝐹𝑛𝑒𝑔×𝐹𝑝𝑜𝑠

√(𝑇𝑝𝑜𝑠+𝐹𝑝𝑜𝑠)(𝑇𝑝𝑜𝑠+𝐹𝑛𝑒𝑔)(𝑇𝑛𝑒𝑔+𝐹𝑝𝑜𝑠)(𝑇𝑛𝑒𝑔+𝐹𝑛𝑒𝑔)
  (44) 
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𝑁𝑃𝑉 =
𝑇𝑛𝑒𝑔

𝑇𝑛𝑒𝑔+𝐹𝑛𝑒𝑔
    (45) 

 

𝐹𝑃𝑅 =
𝐹𝑝𝑜𝑠

𝐹𝑝𝑜𝑠+𝑇𝑛𝑒𝑔
    (46) 

𝐹𝑁𝑅 =
𝐹𝑛𝑒𝑔

𝑇𝑝𝑜𝑠+𝐹𝑛𝑒𝑔
    (47) 

 

4.3.Cross-Validation Strategy    

To boost the robustness and generalizability, a stratified k-fold cross-validation approach 

with 10 folds, where the data where randomly divided into ten equal parts but with the same 

balance of the respective classes in each fold. In every iteration, 9 folds were used for training, 

while one-fold was used for testing, and this process was repeated until every fold had been 

tested once. To reduce any effect of randomness and fixed the random seed to 42 during data-

shuffling and fold generation. The stratified sampling, for random subsets, was performed 

separately during feature selection and later classification, to help balance samples of each 

minority class across folds. The final performance metrics were reported as the mean ± standard 

deviation across all the folds. 

4.4.Comparison of the proposed post-COVID disease detection model 

The proposed CDN-Net model is contrasted in this section with other methods that are 

currently in use, such as CNN [17]), k-nearest neighbours (KNN [19]), XGBoost [20], and 

mask R-CNN [22]. Table 7 presents the comparative analysis. 

 

Table 7  Comparison of performance metrics for training 70% and testing 30%  

Metric  CNN [17] KNN [19] XGBoost 

[20] 

Mask R-

CNN [22] 

Proposed 

(CDN-Net) 

Accuracy 0.89561 0.90863 0.90661 0.88681 0.93538 

Precision 0.90598 0.89451 0.90201 0.89183 0.94749 

F-measure 0.88543 0.89226 0.88018 0.89316 0.90138 

Sensitivity 0.88779 0.88603 0.88731 0.88662 0.90016 

Specificity 0.89805 0.90119 0.89054 0.89247 0.91849 
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MCC 0.89481 0.89101 0.91042 0.89759 0.92284 

NPV 0.89357 0.88716 0.90558 0.90273 0.91848 

FPR 0.11946 0.09432 0.09656 0.12309 0.07943 

FNR 0.10997 0.08229 0.08261 0.11175 0.06612 

 

Table 8 presents a comparison of the performance of many Machine learning models, 

including the suggested CDN-Net, Mask R-CNN, KNN, XGBoost, and CNN, on a dataset that 

is divided into 70% for testing and 30% for training. Compared to the other models, the 

suggested CDN-Net model performs better on the majority of measures, with the highest 

Accuracy (0.93538) and precision (0.94749). It has the highest F-measure (0.90138) score as 

well. The values of CDN-Net's sensitivity (0.90016) and specificity (0.91849) demonstrate its 

exceptional ability to accurately recognize both positive and negative cases. Furthermore, the 

model's MCC, which stands at 0.92284, is the highest. At 0.91848, its NPV is likewise the 

greatest. The lowest FPR of 0.07943 and FNR of 0.06612 are also maintained by the CDN-Net 

model.  

 

Table 8  Comparison of performance metrics for training 80% and testing 20% 

Metric  CNN [17] KNN [19] XGBoost 

[20] 

Mask R-

CNN [22] 

Proposed 

(CDN-Net) 

Accuracy 0.90618 0.91171 0.91569 0.90215 0.94539 

Precision 0.91165 0.90548 0.90628 0.91169 0.95094 

F-Score 0.91642 0.90258 0.90552 0.90857 0.94998 

Specificity 0.91446 0.91754 0.91592 0.91094 0.93942 

Sensitivity 0.90208 0.91228 0.90467 0.91692 0.95006 

MCC 0.90897 0.90882 0.91694 0.93292 0.95746 

NPV 0.90358 0.90172 0.91063 0.93558 0.95802 

FPR 0.10737 0.08638 0.08371 0.11538 0.06948 

FNR 0.09652 0.07359 0.07448 0.10554 0.05916 
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Based on performance criteria, Table 8 compares many machine learning techniques: 

Mask R-CNN, XGBoost, KNN, CNN, and the suggested CDN-Net. The techniques were 

trained on 80% of the data and tested on 20%. The suggested CDN-Net model performs better 

than the others in every metric assessed. It attains the maximum precision of 0.94539. It also 

has the highest F-score (0.94998) and precision (0.95094). The suggested CDN-Net model 

achieves a high specificity (0.93942) and the best sensitivity (0.95006). With 0.95746, the 

highest MCC is found for CDN-Net. It also obtains the greatest NPV, or negative predictive 

value, at 0.95802. The lowest FPR of 0.06948 and FNR of 0.05916 are likewise maintained by 

the CDN-Net model. 

 Accuracy 

Upon comparing the accuracy measure values across Tables 7 and 8, it can be observed 

that all models exhibit enhanced performance when trained on 80% of the data (Table 8) as 

opposed to 70% (Table 7). Accuracy of the CNN model rises to 0.90618 from 0.89561. 

Accuracy of the KNN model also shows a little improvement, going from 0.90863 to 0.91171. 

The accuracy for XGBoost increases noticeably from 0.90661 to 0.91569. From 0.88681 to 

0.90215, the Mask R-CNN model's accuracy shows a moderate improvement. The accuracy of 

the suggested CDN-Net model increases the highest, from 0.93538 to 0.94539. Figure 5 

represents the accuracy comparison with existing models. 

 

Figure 5 Comparison of the proposed model's accuracy 

 

 

 Precision 
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When training on 80% of the dataset (Table 8) rather than 70% (Table 7), all models showed 

some improvement, by comparing the precision values from Tables 7 and 8. The accuracy of 

the CNN model rises from 0.90598 to 0.91165. Additionally, the precision of the KNN model 

increases somewhat from 0.89451 to 0.90548. The precision of XGBoost increases somewhat 

from 0.90201 to 0.90628. The precision of the Mask R-CNN model increases somewhat from 

0.89183 to 0.91169. With an improvement from 0.94749 to 0.95094, the suggested CDN-Net 

model attains the maximum precision in both scenarios. Figure 6 shows the comparative study 

of precision with the proposed model. 

 

Figure 6 Comparison of the proposed model's precision 

 

 F-Measure 

When comparing the F-measure values across Tables 7 and 8, it can be shown that all 

models perform better when trained on 80% of the data (Table 8) as opposed to 70% (Table 7). 

The F-measure of the CNN model rises from 0.88543 to 0.91642. The F-measure for the KNN 

model increases somewhat, from 0.89226 to 0.90258. There is a slight rise for XGBoost from 

0.88018 to 0.90552. The F-measure of the Mask R-CNN model increases somewhat, from 

0.89316 to 0.90857. The suggested CDN-Net model, which increased from 0.90138 to 0.94998, 

had the highest F-measure in both scenarios. Figure 7 illustrates the comparison of the proposed 

model’s F1 score. 
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Figure 7 Comparison of the proposed model's F-Measure 

 

 Specificity 

The CNN model's specificity rises from 0.89805 to 0.91446 between Tables 7 and 8. From 

0.90119 to 0.91754, the specificity of the KNN model increases marginally. A minor 

improvement in specificity is observed by XGBoost, going from 0.89054 to 0.91592. There is 

a minor increase in specificity from 0.89247 to 0.91094 for the Mask R-CNN model. In both 

cases, the suggested CDN-Net model improves from 0.91849 to 0.93942, yielding the 

maximum specificity. The specificity values for the proposed and the existing techniques are 

shown in Figure 8. 

 

Figure 8 Graphical comparison of Specificity 
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 Sensitivity 

The majority of models exhibit benefits when trained on 80% of the data (Table 8) as 

opposed to 70% (Table 7), according to a comparison of the sensitivity values from Tables 7 

and 8. The sensitivity of the CNN model rises to 0.90208 from 0.88779. The sensitivity of the 

KNN model increases marginally from 0.88603 to 0.91228. The sensitivity of XGBoost 

increases somewhat, from 0.88731 to 0.90467. The sensitivity of the Mask R-CNN model 

increases significantly from 0.88662 to 0.91692. With an improvement from 0.90016 to 

0.95006, the suggested CDN-Net model gets the highest sensitivity in both scenarios. Figure 9 

shows the Sensitivity values for both the proposed and current methodologies. 

 

Figure 9 Graphical comparison of Sensitivity 

 

 MCC 

The models exhibit improved performance when trained on 80% of the data (Table 8) as 

opposed to 70% (Table 7), as obsereved by a comparison of the MCC values between Tables 7 

and 8. From 0.89481 to 0.90897, the MCC of the CNN model increases. An improvement of 

0.89101 to 0.90882 is shown in the MCC of the KNN model. From 0.91042 to 0.91694, 

XGBoost shows a significant rise in MCC. With MCC rising from 0.89759 to 0.93292, the 

mask R-CNN model exhibits the largest increase. Rising from 0.92284 to 0.95746, the 

suggested CDN-Net model attains the maximum MCC in both data splits. Figure 10 displays 

the MCC values for both the proposed and current methodologies. 
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Figure 10 Graphical comparisons of MCC 

 

 NPV 

 

The CNN model's NPV rises from 0.89357 to 0.90358 in Tables 7 and 8, suggesting a 

greater capacity to accurately identify true negatives with additional training data. The NPV of 

the KNN model increases somewhat from 0.88716 to 0.90172. The NPV of XGBoost increases 

slightly from 0.90558 to 0.91063. The Mask R-CNN model shows a significant improvement 

in its ability to correctly categorize negatives, as evidenced by its NPV rising from 0.90273 to 

0.93558. In both scenarios, the suggested CDN-Net model improves from 0.91848 to 0.95802, 

yielding the maximum net present value. Figure 11 depicts the NPV values for both proposed 

and current approaches. 
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Figure 11 Graphical comparison of NPV 

 

 FPR 

The CNN model performs better at reducing false positives with additional training data, 

as evidenced by its FPR dropping from 0.11946 to 0.10773 for the learning rates of 70% and 

80%. Additionally, the FPR decreases from 0.09432 to 0.08638 according to the KNN model. 

XGBoost shows a little drop in FPR, from 0.09656 to 0.08371. There is a drop in FPR for the 

mask R-CNN model from 0.12309 to 0.11538. In both cases, the suggested CDN-Net model 

improves from 0.07943 to 0.06948, yielding the lowest FPR. Figure 12 represents the Graphical 

comparison of FPR. 

 

Figure  12 Graphical comparison of FPR 
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 FNR 

The CNN model performs better in accurately detecting affirmative cases with additional 

training data, as evidenced by its FNR decreasing from 0.10997 to 0.09652 for the learning 

rates of 70% and 80%. According to the KNN model, the FNR dropped from 0.08229 to 

0.07359. XGBoost shows a marginal decline in FNR, going from 0.08261 to 0.07448. There is 

a drop in FNR from 0.11175 to 0.10554 in the Mask R-CNN model. With an improvement 

from 0.06612 to 0.05916, the suggested CDN-Net model obtains the lowest FNR in both 

scenarios. Figure 13 shows the FNR values for both the proposed and current methodologies. 

        

Figure  13 Graphical comparison of FNR 

 

  

(a) Confusion matrix for 70% training (b) Confusion matrix for 80% training 

 

Figure 14 Comparison of the confusion Matrix 
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The two confusion matrices depict the performance of a model that was trained using 70% 

and 80% of the data, respectively, in Figure14. In the 70% training, the model predicted 

correctly 286 instances of class 0 and 205 instances of class 1, with some misclassifications (4 

instances of class 1 predicted as class 0, and 5 instances of class 0 predicted as class 1). When 

trained on 80 percent of the data, the model performed a little better, correctly predicting 287 

instances of class 0 and 206 instances of class 1, and fewer misclassifications (3 class 1 

predicted as class 0, and 4 class 0 predicted as class 1). This implies that as the training data 

was increased, there was a slight increase in the accuracy of the model, decreasing 

misclassifications. 

 
 

a) ROC curve for 70% training b) ROC curve for 80% training 

Figure 15 ROC curves 

The receiver operating characteristic (ROC) curves of the models trained using 70 and 80 

percent of the data depict the comparison of the performance of the models (Figure 15). In both 

training scenarios, the proposed model (CNN-Net) outperforms all other models with an area 

under the curve (AUC) of 0.9885 and an accuracy of 93.54 in the 70% training and an AUC of 

0.94 and an accuracy of 94.54 in the 80% training. The other models, such as CNN, KNN, 

XGBoost, and maskR, also perform well with AUC values of 0.94 to 0.96 and accuracy of 90.2 

to 91.5. When trained using 80 percent of the data, the model performance is improved slightly 

but the proposed model continues to outperform all other models in both cases, showing its 

better capacity to differentiate between classes. 
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Figure 16 Corrected Vs misclassified samples by age group 

Figure 16 indicates the comparison between the correct and misclassified samples of the 

various age groups between the ages of 35-60 years. The age groups are plotted on the x-axis, 

and the number of samples (both correctly and incorrectly categorized) is plotted on the y-axis. 

The blue bars show the correct samples (denoted by 0), whereas the orange bars reflect the 

misclassified samples (denoted by 1). In all the age groups, the misclassified samples are more 

than the correct ones, as indicated by the larger orange bars than the blue bars. This is the case 

in all age groups, implying that the model misclassifies more than it correctly classifies, with 

the most significant difference in the 35-40 and 55-60 age groups. 
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Figure 17 SHAP-based results 

Figure 17 is a shapley additive explanations (SHAP) summary plot, a tool to explain the 

influence of each feature on the prediction of a model. The x-axis shows the SHAP values that 

measure the effect of each feature on the prediction. The initial value of the model is the 

expected value of the model, 𝐸[𝑓(𝑋)] = 52.062, and the final prediction is 𝑓(𝑥) = 68.112. 

The bars indicate the extent to which each feature contributes to the shift of the prediction over 

the baseline, positive contributions being in red and negative contributions in blue. The features 

such as Feature_33 and Feature_44 have significant positive effects on the prediction, whereas 

the features such as Feature_11 and Feature_22 have negative effects. The label 91 other 

features means there are many other features with smaller effects that are not shown separately, 

but that all together have a positive shift of +4.05. 

4.5.Age-wise comparison 

Table 9 shows the age group classification performance metrics evaluation of a 

classification model's performance across different age groups. For each age group 35-40, 40-

45, 45-50, 50-55, and 55-60, the table reports four evaluation metrics: accuracy, precision, 

recall, and F1 score.  
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Table 9 Performance Metrics for Age-Based Classification Model 

Age 

Group 

Accuracy Precision Recall F1 

score 

35-40 0.99765 0.98675 0.98654 0.97683 

40-45 0.8438 0.9194 0.5833 0.599 

45-50 0.8636 0.8238 0.8542 0.8362 

50-55 0.8621 0.8824 0.875 0.8619 

55-60 0.9286 0.95 0.9 0.9181 

 

Accuracy describes the general correctness of the predictions; on the other hand, 

precision is the fraction of the true positives among those predicted as positive. Recall tells 

how well the model has found all the instances of actual positives. The F1 score is a 

combination of precision and recall into one metric measure describing the balance between 

the two. The metrics indicate that there is some difference in performance regarding the groups 

in this model, with 35-40 and 55-60 performing best on both metrics, while the accuracy and 

F1 score of the model are lowest on the 40-45 age group.  

 

4.6.Gender-wise comparison 

Table 10 provides an analysis of a classification model's performance with respect to 

gender categories, namely male and other. It includes four key metrics: accuracy, precision, 

recall, and F1 score. 

 

              Table 10  Performance Metrics for Gender-wise Comparison 

Gender Accuracy Precision Recall 
F1 

score 

Male 0.4091 0.2045 0.5 0.2903 

Female 0.75 0.375 0.5 0.4286 

 

For the male category, the model has an accuracy of 0.4091, precision of 0.2045, recall of 

0.5, and F1 score of 0.2903. On the contrary, for the female category, the model yields an 

accuracy of 0.75, a precision of 0.375, a recall of 0.5, and its F1 score is 0.4286, therefore being 

a better balance between precision and recall compared to the male category. Additionally, the 

misclassified samples analysis demonstrated that mistakes occurred more commonly in the 

male subset, indicative of gender-specific variation in feature representation.  

 

4.7.Wave-wise comparison 
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Figure 18 provides an evaluation of a classification model's performance across three 

different waves. The performance of the classification model, represented in Figure 18 for 

different waves, is as follows: wave 1 with an accuracy of 0.9231, precision of 0.9444, recall 

of 0.9, and an F1 score of 0. Among, wave 2 presents the lower results with the following 

scores: Accuracy 0.8, precision of 0.8, recall about 0.7473, and F1 score ranging from 0.7619. 

Based on the above-mentioned metrics, wave 3 follows next with an accuracy of 0.8824, 

precision of 0.9091, recall of 0.875, and an F1 score of 0.8786. wave 1 and 3 have shown the 

best results, while wave 2 has presented the lower performance among its peers. Figure 18 

describes the comparison of wave-wise results that visually represent the performance metrics 

of a classification model across different waves. 

 

 

Figure 18 Comparison of Wave-wise graph 

 

4.8.Ablation study 

This section shows the performance of various model setups in terms of accuracy, 

precision, recall, and F1 score.  
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Figure 19 Comparition of performance matrics across components 

 

The model with all the components, Proposed, has the best performance in all the 

metrics, 95, 94.5, 94.8, and 94.6, respectively (Figure 19). When the components are taken out, 

the performance is likely to be reduced. As an example, the removal of OKPCA leads to a 

minor decrease in all indicators, where the accuracy is 93.5%, precision is 93%, recall is 93.2%, 

and F1 score is 93.1. In the same way, the removal of HHFO reduces the scores, but it continues 

to perform well (accuracy: 94%, precision: 93.6%, recall: 93.8%, F1 score: 93.7%). The 

removal of CapsNet has the most significant decrease in performance, dropping to 92.8% 

accuracy. The model with the removal of DenseNet-121 and the removal of NASNet exhibitS 

minor drops in performance, but still are fairly high. Generally, the table indicates that all the 

components have a positive impact on the performance of the model, with CapsNet having the 

greatest influence on the outcomes. 

4.9.Dataset-wise comparison 

In terms of computational complexity, dataset 1 required the least processing time of 0.92 

seconds, leaving dataset 2 (1.05 seconds) and dataset 3 (1.11 seconds) behind. this reveals that 

dataset 1 was the best - performing dataset in terms of execution time. in terms of scalability, 

dataset 1 had the best scalability of 96.8%, while dataset 2 and dataset 3 were slightly lower at 

95.2% and 94.72%, respectively (Table 11).  
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Table 11 Performance Comparison of Datasets 

Metrics 
Dataset 1 

(Proposed) 

Dataset 2  

[24] 

Dataset 3 

 [25] 

Computational Complexity (sec) 0.92 1.05 1.11 

Scalability (%) 96.8 95.2 94.72 

Resource Utilization (%) 12.4 15.1 18.7 

 

This demonstrates that dataset 1 scaled better to larger workloads without considerable 

degradation in performance. In terms of resource utilization, dataset 1 performed best again 

with the lowest utilization at 12.4%, while dataset 2 and dataset 3 had considerably higher 

utilization rates of 15.1% and 18.7% respectively. Although the results show strong 

performance within this dataset, future improvements could be made by conducting external 

validation with independent groups or unobserved data to establish the generalizability and 

robustness of the approach. 

 

5. Discussion Summary 

The observations show that the proposed CDN-Net model generally outperforms traditional 

machine learning and deep learning models throughout the performance measures (accuracy, 

precision, sensitivity, specificity, MCC, NPV, FPR, and FNR) across the 70/30 and 80/20 

training/testing examples. The model achieves greater class discrimination, as is evidenced by 

the greater AUC in the ROC curves and the reduced misclassification rate in confusion 

matrices. The performance reveals variability across groups, with accuracy being higher across 

some (35–40 and 55–60) age groups and the model showing improved accuracy for females, 

suggesting potential effects of age and gender on the model's predictions. Comparison of waves 

shows that the CDN-Net model maintains acceptable performance across the temporal wave 

structure, and ablation study results confirm that each of the components added value to the 

model’s design, most notably CapsNet. Lastly, dataset comparisons reveal that the CDN-Net 

model results in better computational elapsed time efficiency, scalability, and resource 

utilization, which supports the transition between research and practical applications for large-

scale post-COVID detection of disease. Ultimately, the results of this research demonstrate that 

the CDN-Net model provides a useful framework for accurate disease detection, with a clear 

advantage over existing approaches. The study’s limitation is the need for improvement in real-

time monitoring and adaptive learning features. 
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5.1. Clinical Implications and Real-World Integration 

The study’s limitation is the need for improvement in real-time monitoring and adaptive 

learning features. The model may be incorporated into the echocardiography reporting pipeline 

in a real-world setting, where the extracted features, including TAPSE, PASP, RA size, and 

GLSRV, are automatically analyzed to produce a probability score of post-COVID 

cardiovascular complications. Such a score may be used as a decision-support tool by 

cardiologists, indicating high-risk patients to be reviewed, and decreasing the workload of 

manual screening. Initial validation was carried out with retrospective analysis on actual 

clinical data and demonstrated the viability of integrating the model into existing diagnostic 

workflows without the need to acquire additional data. Although the results are promising, this 

study is limited by its reliance on retrospective data from a single clinical setting, which does 

not capture population variability. The generalisability of its performance is further limited by 

the lack of prospective and multi-center validation, highlighting the need for more extensive 

clinical testing in future research. 

 

6. Conclusion and Future Work 

In conclusion, the proposed approach provides a comprehensive strategy to identify 

cardiovascular problems in individuals who have recovered from COVID-19. The framework 

integrates state-of-the-art methods in data preprocessing, feature extraction, dimensionality 

reduction, HHFO, and Weight – CADEN- based classification with CapsNet, DenseNet-121, 

and NASNet via WV with the goal of improving diagnostic accuracy and predictive reliability. 

This comprehensive strategy improves patient outcomes and care quality in clinical practice by 

addressing the growing association between COVID-19 and HMPV .Cardiovascular health. It 

also equips medical practitioners with a strong toolkit for early detection and proactive 

intervention, by achieving better performance. The proposed framework outperforms other 

approaches and highlights its efficacy in enhancing diagnostic and predictive capabilities by 

achieving an accuracy of 94.539% when implemented in a Python tool. In the future, this work 

can be tested with more patient data for better results. It can also be improved by adding real-

time monitoring and adaptive learning capabilities for clinical use. 
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Abbreviation Full Form 

CNN convolutional neural network 

CVD cardiovascular disease 

DenseNet-121 densely connected convolutional network -121 

ECG electrocardiography 

FNR false negative rate  

FPR false positive rate  

GA genetic algorithm 

HHFO hybrid hippo-fish optimization  

HMPV human metapneumovirus 

KNN k-nearest neighbours 

MCC matthews correlation coefficient  

MLP multilayer perceptron  

NASNet neural architecture search network 

NPV negative predictive value  

OKPCA optimized kernel principal component analysis  

PASP pulmonary artery systolic pressure 

PSO particle swarm optimization 

R –CNN region –based convolutional neural network 

ReLU rectified linear unit 

SD standard deviation 

TAPSE tricuspid annular plane systolic excursion 

WV weighted voting 
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