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Abstract 

Chronic Obstructive Pulmonary Disease (COPD) is a progressive respiratory disorder and a major global health challenge, making early and 

accurate prediction critical for improving patient outcomes. However, existing COPD prediction models face limitations in feature selection, as 

conventional filter, wrapper, and hybrid techniques often lead to redundant features, high computational cost, and poor handling of nonlinear 

interactions. Likewise, traditional optimization algorithms are prone to premature convergence, which restricts their ability to identify the most 

relevant predictors. This creates a research gap in developing efficient feature selection methods that achieve maximal relevancy, minimal 

redundancy, and strong convergence for robust prediction. To address this, the proposed study introduces an Elephant Herding Optimization 

(EHO - FSSO) with Maximal Relevancy Feature selection framework for COPD prediction. Inspired by elephant social behaviour, EHO enhances 

global search and avoids local optima, while the maximal relevancy criterion ensures the selection of compact yet informative feature subsets. 

The selected features are validated using three machine learning classifiers such as Random Forest, Decision Tree, and Artificial Neural 

Network—providing a comprehensive assessment of predictive performance. This approach improves accuracy, reduces computational 

complexity, and ensures interpretability of results. The expected contributions include an efficient EHO-driven feature selection strategy for 

COPD, validated performance across multiple classifiers, and a scalable, clinically meaningful framework for early disease prediction and 

decision support. 

Keywords: Feature selection, Elephant Herding Optimization, Maximal Relevancy, chronic obstructive pulmonary disease, artificial neural 

network, Random Forest. 

Introduction 

Chronic Obstructive Pulmonary Disease (COPD) is a progressive, long-term lung disease characterized by airflow obstruction, making it 

difficult for patients to breathe [1]. It encompasses two primary conditions: chronic bronchitis and emphysema, both of which damage the 

airways and lungs [2]. COPD is often caused by long-term exposure to irritants such as cigarette smoke, air pollution, or occupational dust and 

chemicals [3]. The most common cause of COPD is smoking, but other factors may contribute are cigarette smoking, long-term exposure to 

irritants, genetic factors, respiratory infections and second-hand smoke [4]. The symptoms of COPD typically develop slowly and worsen 

over time [5]. Early symptoms may be mild, such as: Chronic cough, Shortness of breath, Wheezing, Chest tightness, Excess mucus 

production [6]. The COPD can be diagnosed through medical history, physical examination, spirometry, chest X-ray or CT scan and 

arterial blood gas test [7].  

Importance of improving the dataset quality using Machine learning for effective COPD prediction at its early stage  

Improving the quality of datasets using machine learning is paramount for the early and effective prediction of COPD [8]. High-quality data 

ensures more accurate predictions, better generalization, and a lower risk of errors in diagnosis [9]. With the right data preprocessing, feature 

engineering, and model training, machine learning algorithms can significantly contribute to early-stage COPD detection, enabling timely 

interventions that improve patient outcomes and reduce the burden of the disease on healthcare systems [10]. Improving the quality of the dataset, 

including labeling accuracy, outlier detection, and preprocessing, ensures that the machine learning model can generalize well, reducing the 

likelihood of such errors and providing more reliable predictions 

This paper focus on developing an adaptive feature selection algorithm with missing value imputation ensures the high-quality data that can 

reliable for detection of COPD at  its earliest stages, preventing late-stage diagnosis when treatments are less effective and costly. The result is 

better patient outcomes and more efficient healthcare delivery. 

Related Work : Recent research in medical data analysis has highlighted the importance of effective feature selection for improving disease 

prediction models. Pudjihartono et al. [11] reviewed various filter, wrapper, and embedded feature selection methods for disease risk prediction, 

identifying limitations such as redundancy and computational overhead. Xie et al. [12] proposed an improved maximal relevance and minimal 

redundancy (ImRMR) technique, demonstrating the effectiveness of relevance-based criteria in medical datasets. Similarly, Singh [13] introduced 

an efficient hybrid feature selection method combining optimization with classification, highlighting the role of metaheuristics in biomedical 

problems. Nadimi-Shahraki [14] applied an enhanced whale optimization algorithm for medical feature selection, showing how bio-inspired 

algorithms can overcome local optima issues. Nematzadeh et al [15]. presented a pattern-recognition frequency-based hybrid feature selection 

method, while Singh et al. [16] introduced an efficient approach for biomedical classification, both addressing scalability issues in high-

dimensional data. More recently, Kumar and Christopher [17] proposed an Entropy-guided Elephant Herding Optimization (EEHO) algorithm 

for medical feature selection, directly supporting the integration of EHO in healthcare applications. In parallel, COPD-focused studies have 

emerged: Wen et al. [18] developed a COPD risk prediction model using XGBoost with high predictive accuracy, and Jeon et al. [19] employed 

deep learning approaches integrating clinical and spirometry data for COPD diagnosis. Beyond COPD, Siri et al. [20] used bio-inspired feature 

selection with graph learning for sepsis risk prediction, reinforcing the versatility of such methods in clinical decision support. Collectively, these 

studies underline the gaps in redundancy reduction, convergence reliability, and scalability, which the proposed EHO-based maximal relevancy 

feature selection framework aims to address for COPD prediction. 

Proposed Methodology : The proposed COPD prediction framework begins with linear regression imputation to handle missing values, followed 

by Z-score normalization to standardize features. For feature selection, Elephant Herding Optimization (EHO) is applied with a maximal 

relevancy criterion to identify the most informative and non-redundant attributes. The optimized feature subset is then validated using Random 

Forest, Decision Tree, and Artificial Neural Network, ensuring robust, interpretable, and accurate prediction performance. This integrated 

approach reduces noise, improves computational efficiency, and enhances clinical decision support in COPD prediction. The workflow of the 

proposed work is depicted as shown in figure 1.  

Z- Score Normalization  

Z-score normalization standardizes features by rescaling them to have a mean of zero and a standard deviation of one. This ensures that variables 

with different scales contribute equally, reduces bias, and improves the stability and efficiency of machine learning models. he Z-score for each 

value is calculated using the formula: 

𝑍 =
𝑋 − 𝜇

𝜎
 

where X is the original data value, is the mean of the feature, and σ is the standard deviation of the feature. 
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Figure 1: Emphasised Elephant Herding Optimization based potential feature subset selection 

Linear Regression based Missing value imputation: A prevalent problem in COPD dataset is missing data, which can compromise the 

precision of any analysis. To prevent biased outcomes, it is crucial to deal with missing data effectively. Imputation is a technique for dealing 

with missing data that entails substituting estimated values derived from the available data for missing values. Regression inference is a method 

that uses regression models to predict missing data. With this method, a regression model is fitted utilizing the values that were observed of the 

component with missing data as the variable of interest and all other variables as the variables that are autonomous. The missing values are then 

predicted using the regression model that is produced. 

Steps involved in linear regression imputation in COPD dataset  

 Finding the variables with missing data is the initial stage in regression imputation. These variables can be utilised as the dependant variables in 

the regression model after they have been identified. 

 Finding the variables that can be utilised as independent variables in the regression model is the next stage. These variables can be used to predict 

missing values. In addition to having no missing values of their own, these variables ought to have a significant correlation with the dependent 

variable. 

 Using the provided data, a linear regression model can be fitted after the variables have been determined. Any suitable regression model, including 

logistic or linear regression, can be used as the regression model.  

 The missing values can be predicted using the regression model. The dataset's missing values can be replaced with the projected values. 

 After imputation, check the consistency and validity of the imputed values. You may need to iterate and refine the process. 

Elephant Herding Optimization (EHO) 

The social interaction and organisation of elephant herds serve as the basis for Elephant Herding Optimisation, a relatively recent nature-inspired 

optimisation algorithm. Elephants are renowned for their complex migration patterns, female-dominated group dynamics, and close social 

relationships. EHO uses these behavioural characteristics to tackle challenging optimisation issues in computational contexts, especially when it 

comes to high-dimensional, continuous, and nonlinear optimisation problems. 

Elephant Population Structure: The elephant population is separated into a number of clans, with a matriarch (usually the best member of the 

clan) in charge of each clan. The clan moves towards the best option under the guidance of the matriarch. 

 Clonal Updating Operator for Herding Behaviour: The matriarch, who stands for the best solution in the clan, has an impact on how individual 

elephants move. Elephants follow the lead of the matriarch to update their places. 

Separation Operator: In order to provide younger elephants (who have less sophisticated answers) the opportunity to explore new areas of the 

search space, they are occasionally separated from the clan. In nature, adolescent males frequently depart from the herd to explore on their own, 

and this is modelled after that. 

Matriarch Update: Depending on each person's performance, the matriarch (best solution) of each clan receives updates on a regular basis. The 

new leader takes the place of the matriarch if a better option is discovered. 

Collection of COPD patient’s 

Dataset 

Determining Maximal Relevance Features using 

Elephant Herding optimization 

Data Cleaning 

 

Z Score Normalization 

Linear Regression based Missing Value 

imputation 

Generation of Best Feature subset  

Validation of Feature subsets using 
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Clan separation and shrinking: To keep the algorithm from becoming trapped in local optima, some individuals are relocated to random locations 

within the search space in addition to their typical herding behaviour. 

 Workflow of the algorithm of EHO 

 Initialization: The algorithm starts by initializing a population of elephants randomly in the search space. Each elephant represents a potential 

solution to the optimization problem. 

 Clan Division: The elephant population is divided into multiple clans. Each clan will evolve separately, similar to parallel optimization sub-

processes. 

 Clan Update Process: Each elephant in the clan updates its position based on the position of the matriarch, who represents the best solution. The 

new positions are generated by adding some randomness to balance exploration and exploitation. 

 Separation Process:  A few elephants in each clan may be sent to random positions to explore new areas of the search space, mimicking the 

behaviour of young males separating from the herd. 

 Fitness Evaluation: After each update, the fitness of the elephants is evaluated based on the objective function of the optimization problem. 

 Stopping Criteria:  The algorithm iterates through the herding and separation processes until a stopping condition is met, such as reaching a 

maximum number of iterations or achieving a predefined fitness threshold. 

Begin 

Setting up:  Initialise the population  at random, set the maximum generation MG, and set the initialise iterations t = 1. 

While termination condition not met do 

Rank the population based on every individual's fitness level.  

For each clan li do 

For each individual j in the clan Li do 

Create 𝑍𝑛𝑒𝑤, 𝑙𝑖, 𝑗 and update Z Li, j by formulated as   

𝑍𝑛𝑒𝑤,𝐿𝑖,𝑗 =  𝑍𝐿𝑖,𝑗 + 𝑎 ∗ (𝑍𝑏𝑒𝑠𝑡,𝐿𝑖
− 𝑍𝐿𝑖,𝑗) ∗ 𝑟 

If 𝑍𝐿𝑖,𝑗 =  𝑍𝑏𝑒𝑠𝑡,𝐿𝑖
  then 

Create 𝑍𝑛𝑒𝑤, 𝑙𝑖, 𝑗 and update Z Li, j by formulated as  

𝑍𝑛𝑒𝑤,𝐿𝑖,𝑗 =  γ ∗  𝑍𝑐𝑒𝑛𝑡𝑒𝑟,𝐿𝑖
 

𝑍
𝑐𝑒𝑛𝑡𝑒𝑟,𝐿𝑖,𝑑=

1
𝑛,𝐿𝑖

∗∑ 𝑍𝐿𝑖,𝑗,𝑑
𝑁𝐿𝑖

,

𝑗=1

 

End if  

End for  

End or  

For all clan’s Li do 

Substitute worst individual Li by the formula  

𝑍𝑏𝑒𝑠𝑡,𝐿𝑖
= 𝑍𝑚𝑖𝑛 + (𝑍𝑚𝑎𝑥 − 𝑍𝑚𝑖𝑛 + 1) ∗ 𝑟𝑛𝑑   

End for 

Consider each individual elephant's position when evaluating them as 

 T = T + 1. 

End while 

End. 

Experimental Results  

This section discusses in detail about the efficiency of the proposed Elephant herding optimization with linear regression to improve the COPD 

detection accuracy. By performing missing value imputation and selection of most relevant feature subset that contributes in prediction of COPD 

at its early stage.  The dataset comprised of 1000 patients with 24 attributes and a class label including class labels as shown in table 1. 

Table 1. COPD dataset Variables and Values 
S.No Parameters Values 

1 FVC (Forced Vital Capacity) Continuous (liters) 

2 FEV1 (Forced Expiratory Volume in 1s) Continuous (liters) 
3 Age Integer (years) 

4 Gender Male = 1, Female = 2 

5 BMI Continuous or categorical: <18.5 = 1, 18.5–23.9 = 2, 
24–27.9 = 3, 28+ = 4 

6 Smoking Status Current = 1, Former = 2, Never = 3 
7 Current Smoking Current Smoking 

8 Diabetes Mellitus 0 = No, 1 = Yes 

9 Cardiovascular Disease 0 = No, 1 = Yes 

10 Respiratory Disease 0 = No, 1 = Yes 

11 Pulmonary Function Test 0 = Normal, 1 = Abnormal 

12 Hospitalization History 0 = No, 1 = Yes 
13 Family History of Respiratory Disease 0 = No, 1 = Yes 

14 Exposure to Polluting Fuel (Cooking) 0 = No, 1 = Yes 

15 Exposure to Polluting Fuel (Heating) 0 = No, 1 = Yes 
16 Occupational Exposure 0 = No, 1 = Yes 

17 Symptom Scores (CAT, mMRC) Continuous / Ordinal 

18 Quality of Life Score (SGRQ) Continuous 
19 Depression 0 = No, 1 = Yes 

20 Osteoporosis 0 = No, 1 = Yes 

21 Gastroesophageal Reflux 0 = No, 1 = Yes 
22 Anaemia 0 = No, 1 = Yes 

23 Medication Usage 0 = No, 1 = Yes 

24 Physical Activity Level Ordinal (Low = 1, Medium = 2, High = 3) 
25 Class Label 0 = No COPD, 1 = COPD 
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The COPD Patients Dataset comprises 1000 patient records, each representing an individual assessed for chronic obstructive pulmonary disease 

and related health parameters. The dataset includes 24 features, covering a wide range of information such as demographic data (age, gender), 

clinical measurements (FVC, FEV1, BMI, blood pressure), medical history (diabetes, cardiovascular disease, respiratory disease), lifestyle 

factors (smoking status, exposure to pollutants), and symptom or quality-of-life scores (CAT, mMRC, SGRQ). In addition, the dataset contains 

a class label indicating the presence (1) or absence (0) of COPD. This structured dataset is commonly used for predictive modeling and feature 

selection, enabling researchers to identify key factors contributing to early-stage COPD detection and to build machine learning models for 

accurate classification. 

Table 2: List of features selected 
S.No Algorithm Number of Features Retained Selected Attributes (S.No) 

1 Baseline (No Feature Selection) 24 24 

2 LO (Lion Optimization) 19 1, 2, 4, 5, 6, 7, 9, 10, 12, 13, 14, 15, 16, 17, 19, 20, 22, 23, 24 

3 ALO (Ant Lion Optimization) 17 1, 2, 4, 5, 6, 9, 10, 12, 13, 14, 16, 17, 19, 20, 22, 23, 24 

4 EHO + APC 10 1, 2, 5, 6, 9, 10, 14, 15, 17, 22 

 

 
Figure 2: Feature subsets selected by algorithms  

The proposed EHO with Adaptive Parameter Control (APC) efficiently reduces the COPD dataset from 24 original features to 18 highly relevant 

features, outperforming other metaheuristic algorithms like Lion Optimization algorithm (LO) and  Ant Lion Optimization (ALO) as shown in 

table and figure. APC dynamically adjusts EHO parameters such as clan influence and separating operator rate during iterations, which balances 

exploration and exploitation without relying on random chaos or hybrid methods. As a result, irrelevant and redundant features are eliminated, 

retaining only the attributes most critical for early-stage COPD detection, such as age, smoking habits, pulmonary function, BMI, and 

comorbidities. Compared to LO and ALO, EHO with APC ensures faster convergence, higher predictive accuracy, and a smaller, more 

interpretable feature set, making it particularly suitable for clinical applications where both performance and interpretability are important. 

Table 3:  Performance Comparison based on Accuracy 

Accuracy 

Models LO-FSS ALO-FSS EHO-MRFSS 

Random Forest 0.78 0.82 0.92 

Decision Tree  0.72 0.79 0.9 

Artificial Neural Network 0.84 0.89 0.94 

 
Figure 3: Comparative analysis based on Accuracy 

In table 3  the accuracy result of three different feature selection models to determine the best feature subset to be utilized for predict the COPD 

at its early stage is validated using three different classification models as depicted in figure 3. The proposed EHO-FSS algorithm focused on 

both improving the quality of dataset and selecting the most relevant attributes as the feature subset to predict the presence of COPD. The other 

existing models L0-FSS and ALO-FSS suffers to handle the inconsistent feature sets which results in less accuracy rate of compared to EHO-

FSS.  
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Table 4: Performance Comparison based on Sensitivity 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4: Comparative analysis based on Sensitivity 

In table 4 and Figure 4 illustrates the performance of three different feature subset selection models with the validation of random forest, decision 

tree and artificial neural network. The elephant herding algorithm evaluates each feature based on the fitness value and the validation of the 

conventional classification algorithms improve the sensitivity rate of how well the patients affected with COPD compared with other LO-FSS 

and ALO-FSS. The highly relevant features are determined by the EHO-FSS more potentially to detect both true positive and negative patients of COPD.  

Table 5: Performance Comparison based on Specificity 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5: Comparative analysis based on Specificity 

Table 5 and Figure 5 explore the specificity obtained by three different classification models by applying the different set of feature selection 

models to detect the COPD. The process of data imputation using linear regression improves the quality of the COPD raw dataset, prediction of 

missing values to convert it as completed dataset. The ability to determine the optimal search position in elephant herding behaviour, is used as 

the tool to seek for potential features that contribute more in determine the COPD pattern patients and its performance is validated by applying 

three different conventional classifiers. While comparing with LO-FSS and ALO-FSS the proposed EHO-FSS algorithm achieves maximal 

relevancy in detecting the reduced feature subset to improve the prediction of COPD at its early stage. 

Conclusion  

The intricate social behaviour of elephants serves as the model for the new metaheuristic known as Elephant Herding Optimisation. It is a useful 

tool in the field of optimisation algorithms because of its adaptability and efficiency for a variety of optimisation issues. The limitation is that 

the EHO's overall performance is genuinely dependent on fine-tuning parameters like the rate of separation and the clan's number assignment. It 

is crucial to balance local and global optima; failure to do so results in slower convergence.  

The clan updating process ensures good exploitation, while the separation operator introduces diversity and exploration. EHO is effective for 

high-dimensional problems due to its decentralized structure with clans operating in parallel. The algorithm’s flexibility allows it to be adapted 

to different types of optimization problems. 

Models 
Sensitivity 

LO-FSS ALO-FSS EHO-FSS 

Random Forest 0.79 0.85 0.94 

Decision Tree 0.74 0.82 0.93 

Artificial Neural Network 0.86 0.92 0.95 

Models 
Specificity 

LO-FSS ALO-FSS EHO-FSS 

Random Forest 0.81 0.84 0.95 

Decision Tree 0.75 0.83 0.95 

Artificial Neural Network 0.87 0.91 0.94 
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