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ABSTRACT 
The disorders that affect the lungs require a careful diagnosis, which relies on medical imaging such as chest 
X-rays for efficient detection. Convolutional neural networks show a lot of promise as a deep learning model in 
the automation of medical diagnosis, though in most cases, their success ends up being attached to how well the 
right features are chosen. In this work, three broad types of feature selection methods, which are the filter 
methods, the wrapper methods and the embedded methods, are analyzed on a chest X-ray dataset for their role 
in improving the performance of deep-learning methods in the classification of medical images. The evaluation 
metrics of the individual methods, which are classified into their specific broad types, are calculated. The results 
show that embedded techniques like Light Gradient Boosting Machine, along with filter methods such as 
Independent Component Analysis and Recursive Feature Elimination, which is a wrapper method, performed 
better, while the Mutual Information, which is a filter method, performed worst among the methods. The results 
eventually showed the highest difference in accuracy, being about 7.9%. In conclusion, these results establish 
the key role that the correct choice of a feature selection method plays in efficient medical image classification. 
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1. Introduction 

Feature selection is an essential part of the models used for machine learning or deep learning tasks. This can also be observed 
while handling the datasets with multiple dimensions. The main aim of this step is to create better models, suppress 
overfitting, and simplify results by selecting the most pertinent features and ignoring those that are not helpful or repetitive. 
The various feature selection methods can be classified into three main types: filter, wrapper, and embedded. These methods 
utilize statistical approaches, machine learning, or a combination of both to assess and select the features that contribute most 
to the model training. This research analyses these three feature selection methods and discusses their benefits and drawbacks. 
Feature selection is crucial in machine learning and deep learning, especially with complex data that has many dimensions. 
It aims to improve model performance by identifying the most important features in the dataset and discarding the least 
important attributes. The Filter methods utilize statistical tools to check how relevant features are before any model is trained. 
These methods are usually quick and do not depend on the machine-learning model. An example is the variance thresholding, 
which gets rid of features that have little variability, assuming these features add little or no useful information. The filter 
methods can be seen as helpful as they overlook attribute interactions, which can result in less optimal results [1]. The 
correlation-based feature selection (CFS), which is a part of filter methods, works mostly on groups of features and highlights 
those that are correctly connected with the target variable but are less correlated with each other. The CFS works well with 
high-dimensional data, particularly in medical image classification [1]. The mutual information that is a part of filter methods 
looks at how features relate to the target outcome. 

The mutual information method can boost classification performance in text-related tasks [1]. The Chi-square test, which is 
a filter method, checks if categorical features are independent of the target variable; however, it is of less importance in 
analyzing discrete data, like gene expression in bioinformatics [2]. The wrapper methods check feature groups by repeatedly 
training a machine learning model. They require a higher number of resources but perform feature selection more efficiently. 
An example is the sequential feature selection, which has both forward and backward methods, and it adds or removes features 
based on model performance. This method is useful for spotting lung diseases when combined with deep learning models 
[2]. The relief algorithm, which is a wrapper method, selects features by checking how well they differentiate similar instances 
of different classes, and it works better when it comes to uneven medical datasets [3]. The recursive feature elimination 
(RFE), which is a wrapper method that gradually removes the less important features while updating the model, improves 
results in image classification tasks for lung disorders [3]. The embedded methods join feature selection and model training. 
The lasso regression, an embedded method, applies L1 regularization to remove some of the feature coefficients while 
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retaining others. This method achieved an improved specificity and sensitivity for lung disease detection [4]. Ehrhardt et al. 
[5] reported that autoencoders improve results in biomedical image analysis. Jui et al. [6] identify and generalize the various 
fairness-based concerns into six different groups. This classification allows for an understanding of the various aspects of 
fairness that researchers are currently exploring. Torang et al. [7] found tree-based methods effective for analyzing complex 
genomic data. The elastic net regression uses both L1 and L2 regularization, which gives a balanced way to select features 
and reduce coefficients. Venkatesh et al. [8] did a thorough review of new developments, and it showed the importance of 
multivariate dependencies in boosting the effectiveness of feature selection. The fairness criteria have been added to feature 
selection to ensure models do not show bias. Xing et al. [9] demonstrated that elastic net boosts predictive accuracy in 
financial forecasting. The mixture of the above three discussed methods is known as a hybrid method. The principal 
component analysis (PCA) is commonly used with CNNs for image classification. The PCA cuts down the number of 
features, enhancing the performance of CNN in tasks such as lung identification.  

A new method that uses limits of fractal dimension in choosing features has been developed for visual data in robots with 
high dimensions. The lite fireworks algorithm with fractal dimension constraint (LFWA+FD) focuses on finding the top 
feature subsets while also cutting down on data noise, which improves classification accuracy [10]. There is ongoing research 
on using quantum computing for selecting features with the quantum support vector machine feature selection (QSVMF) 
method, merging quantum support vector machines with genetic algorithms to enhance classification performance while 
decreasing the number of features and computation costs [11]. Filter feature selection methods have moved from simple 
univariate ranking to more complex techniques that consider feature interactions. All these findings highlight the importance 
of using appropriate methods for feature extraction and selection to get optimal results in machine learning models. This 
method has led to better results with data sets, such as those used for breast cancer classification. Feature selection is 
developing, with ongoing research into deep learning methods. Approaches like attention mechanisms in neural networks 
and reinforcement learning-based selection are being explored to improve model performance. In the future, there may be a 
focus on enhancing feature selection for real-time applications, such as self-driving cars and medical diagnostics, to enable 
quicker and more precise decisions. 

2. Literature Review 

2.1. Filter Methods 

The filter methods can be denoted as the type of feature selection methods that check the importance of the features by using 
statistical techniques like correlation, mutual information, or variance [12]. In order to address this issue, the researchers have 
proposed various methods to enhance feature selection for deep learning models [13]. These methods are mostly faster, and 
they don’t depend upon the machine learning or the deep learning algorithms, making them a popular tool for pre-processing 
in machine learning and deep learning processes. However, in deep learning techniques, the basic filter methods might not 
be able to detect correctly and efficiently the complex, non-linear connections in the data [14]. 

Figure 1 shows the various filter methods and their utilization in the AI-based models. These include the Variance Threshold, 
which is a simple feature selection method that discards the attributes that possess a very low variance or that contribute 
minimally to the differentiating properties of the data in the dataset. The variance is calculated by the formula, 

 𝐕𝐕𝐕𝐕𝐕𝐕(𝐗𝐗) = 𝟏𝟏
𝒏𝒏
∑ (𝒙𝒙𝒊𝒊 −  𝒙𝒙�)𝟐𝟐𝒏𝒏
𝒊𝒊=𝟏𝟏 , where, 

• X can be denoted as a feature 
• Each value in 𝑥𝑥𝑖𝑖 represents individual values of that feature 
• 𝑥̅𝑥 is the collective mean of the values in the feature 
• and n is the number of samples in the data 

The Principal Component Analysis (PCA) can be denoted as a dimensionality reduction method [15] which converts the 
attributes into a set of new and uncorrelated features called the principal components, and these components capture the 
most variance in the data. The PCA works on the formula, 

Y=XW, where, 

• X denotes the original dataset 

• W denotes the eigenvectors (principal components) 

• Y denotes the transformed dataset in the new lower-dimensional space 

The Independent Component Analysis (ICA) can be denoted as a technique utilized to convert the observed mixed signals 
from the data into the statistically independent components [16]. It is often applied to the blind source separation problems. 
The ICA works on the formula, 

S=WX, where, 

• X denotes the observed data 

• W denotes the transformation matrix that maximizes the statistical independence 
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• S denotes the set of independent components 

The Mutual Information (MI) is utilized for the calculation of the dependency between the two features [17]. It helps in the 
selection of the features that seem to possess the maximum information about the output variable. It works on the formula, 

𝐈𝐈(𝐗𝐗;𝐘𝐘) = 𝐇𝐇(𝐗𝐗) − 𝐇𝐇(𝐗𝐗 ∣ 𝐘𝐘), where, 

• 𝐼𝐼(𝑋𝑋;𝑌𝑌), denotes the mutual information between feature X and the target Y 

• H(X) denotes the entropy of the feature X 

• 𝐻𝐻(𝑋𝑋 ∣ 𝑌𝑌), denotes the conditional entropy of X given Y 

 
Figure 1. Overview of Filter Methods in Feature Selection. 

2.2. Wrapper Methods 
The wrapper methods utilized for the feature selection process test groups of features by using the machine learning model 
through the training and testing steps to find the best set of features in the dataset. In contrast with the filter methods, which 
utilize the statistical metrics, the wrapper methods focus on how features affect the model's performance [18]. Some of the 
common techniques include the recursive feature elimination (RFE), the forward selection, and the backward elimination. 
They tend to provide high accuracy since they consider the relationships between the features, but they need more of the 
computations, especially with the large datasets [19]. These methods are often applied in the fields of bioinformatics, text 
classification, and medical diagnostics, where selecting the most important features enhances the predictive accuracy. Despite 
their higher requirements, the wrapper methods are still very useful in the process of feature selection.  
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Figure 2. Overview of Wrapper Methods in Feature Selection 

Figure 2 shows the various wrapper methods and their working in the models for training and testing of the data. Cheng et 
al. [20] examined the feature selection methods and highlighted the usefulness of the wrapper methods for boosting the 
model’s performance. The work compared the filter, wrapper, and embedded techniques, showing that wrapper methods can 
improve the accuracy by selecting the important features and removing the redundant ones. This research also discussed 
linking feature selection to the deep learning techniques and the explainable artificial intelligence, emphasizing the role of 
wrapper methods in dealing with complex datasets and suggesting future challenges like scalability and fairness in large-
scale applications. Madakkatel et al. [21] put forward LLpowershap, which acts as a novel feature selection method that is 
developed on top of PowerShap by employing the loss-based Shapley values, therefore optimizing p-value calculations, and 
identifying the informative features with the minimal noise, achieving a higher predictive performance compared to the other 
methods. Maseno et al. [22] put forward a sequential-based feature-selection approach utilizing an enhanced extreme-learning 
machine (ELM) with the SVM (support vector machine) classifier. This method aims to reduce the number of features while 
increasing classification accuracy to meet the complicated needs of feature selection in the machine-learning-based methods. 
Zandi et al. [23] in their work put forward the various facts about the wrapper-based feature selection techniques. These 
methods are utilized to look at the various groups of features to find the most optimal and efficient features among them and 
focus on the utilization of the meta-heuristic techniques, like the bat and the gray wolf methods, to improve the feature-
selection method. A deep sequential generative learning approach was introduced for the feature selection, treating it as a 
generative learning problem, and made a variation transformer model to gather the feature knowledge and create decision 
paths, minimizing the search area [24]. 

2.3. Embedded Methods 

The embedded methods for feature selection can be denoted as a combined model of training and selection, combining filter 
and wrapper techniques. These techniques are used in various fields, such as bioinformatics, text classification, and image 
recognition, showing good results with high-dimensional data. There are techniques that rank features based on their role in 
the prediction of the efficiency of a microcontroller with the goal of reducing overfitting and improving model accuracy [25]. 
The TSK fuzzy system, including a sparse rule base (TSK-SRB), uses the group lasso regularization for the concurrent 
attribute and rule selection in the high-dimensional data [26]. Guelib et al. [27] employ an embedded method utilizing a ridge 
classifier, thereby showing efficient performance in the selection of the significant gene expression attributes for Alzheimer’s 
disease classification. There are ways to calculate the importance of attributes along with the process of training, which allows 
for efficient recognition of ideal subsets of attributes pertinent to the task [28]. The embedded methods in feature selection 
blend the feature-selection part into the training of the model and, in turn, enhance the attributes based on the model 
performance. The embedded methods are less effective than the filter methods for high-dimensional data in the case of 
mammary and prostatic cancer analysis [29]. 

Figure 3 shows the various embedded methods and their working for the training and testing of data. Naik et al. [30] in their 
work propose a neural-network approach, the Weighted GCNN, that captures the non-linear interactions and adds feature 
weighting during training, thereby enhancing the classification performance. Nemati et al. [31] present a technique utilizing 
the gray wolf optimizer with a two-layer perceptron classifier, which was efficient by selecting important features for the 
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classification tasks. The recent research has looked into the different embedded methods, including using the ANT colony 
optimization for the feature selection in the neural networks and creating complete feature-selection methods for these 
networks [32]. The two neural-network-based embedded methods, DFS and LassoNet, enhance the interpretability and 
accuracy, efficiently lessening dimensionality in high-dimensional supervised learning tasks [33]. 

 
Figure 3. Overview of Embedded Methods in Feature Selection 

Syahidin et al. [33] in their approach allow for the concurrent learning and feature selection, thereby optimizing the efficiency 
as shown in the genetic algorithm-based method discussed in the research. Zhao et al. [34] in their paper propose a built‐in 
method that uses the L2, p-norm to pick out the important features, and it also sorts through data for the essential bits required 
to break the graphs down smoothly, especially when anchor graphs set the stage for multi-view clustering. This boosts the 
clustering performance. The options like the LASSO (Least Absolute Shrinkage and Selection Operator) and the decision 
trees select features during the training by using the regularization penalties or checking the feature importances. This method 
allows understanding of feature relationships and is also efficient in the computations [35]. 

3. Proposed Methodology 

This study employed the publicly available dataset of chest X-ray (CXR) images, comprising 1,802 normal and 1,800 
pneumonia cases [36], to develop the computer-aided diagnosis system. To ensure consistency, all images were pre-processed 
by resizing to the fixed dimension of 128x128 pixels and normalizing pixel values to the [0, 1] range by dividing by 255, 
which stabilizes and accelerates the model's convergence during training. The dataset was partitioned into the stratified 80:20 
train-test split, preserving the class distribution in both subsets. A convolutional neural network (CNN) was utilized for the 
feature extraction, utilizing the sequential structure with the three convolutional blocks, which are the 32, the 64, and the 128 
filters, along with the 3x3 kernels, the ReLU activation function, each followed by the 2x2 max-pooling. The extracted feature 
maps were then flattened to form the high-dimensional feature vector. To optimize this representation, various feature 
selection techniques, including the filter (Variance Threshold, Mutual Information), the wrapper (Recursive Feature 
Elimination), and the embedded (Lasso, Tree-based) methods, were applied to the CNN-derived features. The reduced feature 
subset was then fed into the final classification layer for the binary prediction. The model hyperparameters, such as the 
learning rate and the optimizer, were tuned via the validation set, and the performance was then rigorously evaluated using 
the accuracy, the precision, the recall, the specificity, and the F1-score for each of the feature-selection strategies. The 
standalone CNN-based model was also utilized to compare the results obtained with or without the usage of feature selection 
methods.  

 
Figure 4. Overview of the Model 

Figure 4 describes the complete procedure of the work in a brief manner. It shows the steps of data pre-processing, feature-
extraction, feature-selection, classification and evaluation of the model. The feature selection techniques utilized are briefly 
described as follows: the variance threshold is utilized for getting rid of the features that barely change, basically under the 
idea that they don’t do much for classifying, which naturally trims down complexity and makes the process more efficient. 
The mutual information checks how tied the features are to target labels and tends to keep only the features that are significant, 
discarding extra attributes [37]. PCA takes these correlated attributes and mixes them into new uncorrelated ones, aiming to 
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hold onto as much variation as possible while diminishing the errors. ICA works in a similar but different way; it pulls out 
statistically independent attributes from the data, which is efficient in the case of complex datasets. 

 
Figure 5. The description of the implementation of the filter method PCA 

 
Figure 6. The feature importances were calculated by the filter method PCA 

Figure 5 shows an overview of feature extraction and the working of PCA, while Figure 6 shows the bar chart of feature 
importances calculated by PCA. RFE is an iterative method that knocks out the least useful features based on how the model 
performs, nudging the accuracy upward over time [38]. Lasso Regression, also known as L1 Regularization, works by 
shrinking the coefficients of less important features to zero, leaving a sparse set of reliable attributes [39]. Decision Trees, 
meanwhile, choose features based on how well they split the data using simple measures like entropy or Gini impurity, which 
usually signals a good classification split. In a similar approach, Random Forests bring together multiple decision trees to 
rank feature importance, thereby bolstering robustness and reducing overfitting via ensemble learning [40]. XGBoost assigns 
a score to each feature, trimming the less relevant ones to optimize performance through a boosting process, while LightGBM 
uses a histogram-based approach to quickly score and select only the top features, ensuring speedy training even on vast 
datasets. The Convolutional Neural Networks (CNNs) dig into the images to extract spatial features through layers of 
convolutions, then use fully connected layers to classify patterns, fine-tuning the whole operation with backpropagation [41]. 
This work utilizes a CNN for final classification, which consists of fully connected layers. It starts with a dense layer of 128 
neurons to extract the features, and is succeeded by a 64 neuron dense layer for further enhancement [42]. 

4. Materials and Evaluation Metrics 

The publicly available X-ray dataset already mentioned in this work above was used to analyze the feature selection 
techniques. The 1,015 normal X-rays and 1,325 indicating pneumonia were randomly taken from the dataset, then the images 
were resized to 128×128 pixels, followed by de-noising to bring out a bit more clarity. The pixel intensities of the images 
were normalized so that every image looked uniformly consistent. The data was then split randomly, with 80% for training 
and 20% for testing, to help train and later evaluate the models. All these steps were intended to boost the performance of the 
CNN model utilized in this work. 

Figure 7 shows an overview of various data pre-processing methods used, such as normalization and denoising. In this study, 
for the evaluation of feature selection techniques, the confusion matrix was utilized along with the key evaluation metrics 
such as accuracy, precision, recall, specificity, and F1-score for assessing the efficiency. Accuracy is a central measure that 
takes into account how many predictions turned out right out of every attempt. A high accuracy can be deceiving sometimes, 
especially when one class dominates the data, so accuracy alone can’t capture the model’s real performance. This is when 
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precision and recall can be utilized. Precision gives a sense of how trustworthy the positive predictions are, and recall checks 
if every relevant case gets spotted. 

 
Figure 7. The brief description of the data division utilized in the model 

Accuracy = (TP + TN) / (TP + TN + FP + FN)                     (1) 

Precision = TP / (TP + FP)                                                     (2) 

Recall = TP / (TP + FN)                                                         (3) 

Specificity = TN / (TN + FP)                                                 (4) 

F1-Score = 2 × (Precision × Recall) / (Precision + Recall)    (5) 

Precision shows how many times the model gets it right when it labels some prediction as positive; basically, it’s the ratio of 
correct positive predictions to all the predictions made as positive. Recall, on the other hand, is more about finding all the 
real positive predictions; it looks at the number of positive predictions relative to every actual positive. Specificity then checks 
the model’s efficiency at spotting negatives by comparing the count of correctly flagged negatives with all the cases that 
should be negative. To understand these measures, some definitions are important. True positives (TP) are the correctly 
marked positive cases, while false positives (FP) arise when the model wrongly calls a negative case positive. In a similar 
way, true negatives (TN) are simply the negatives that get marked correctly, whereas false negatives (FN) end up being 
positive cases that the model mistakenly tags as negative. These ratios give a pretty good sense of how the model is performing 
overall, even if sometimes the numbers might come out uneven.  Table 1 shows the data division into training and testing 
sets. 

Table 1. Training and Testing Dataset 

Dataset Training Testing Total 

Pneumonia 1060 265 1325 

Normal 812 203 1015 

Total 1872 468 2340 
 

A confusion matrix is an important metric when it comes to classification models, as it demonstrates the actual values against 
the predicted values. Instead of a neat list, it can be seen as two pairs, one pair (TP and TN) for when the model got it right, 
and another pair (FP and FN) for when the model made wrong predictions. In most cases, these numbers help in the 
calculation of metrics like accuracy, precision, recall, and the F1-score. When the numbers are more or less balanced, that 
usually means the model is performing well. The confusion matrix acts as an important metric when it comes to medical 
diagnoses or when the dataset isn’t evenly distributed. 
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5. Experimental Results 

In this study, the feature-selection techniques were evaluated based on the performance metrics they attained for pneumonia 
classification utilizing a CNN-based model. Initially, only the CNN-based model was applied, and the performance metrics 
were calculated across each of the 5 folds. The results demonstrated a remarkably high and consistent level of accuracy and 
robustness. The results demonstrated a remarkably high and consistent level of accuracy and robustness, with an average 
accuracy of 98.54% and all the individual fold accuracies were tightly clustered between the 98.28% and 98.71% values. 
This consistency is also further validated by the other metrics, with the average precision (98.51%), the recall (98.33%), the 
specificity (98.73%), and the F1-Score (98.41%) all remaining high with minimal variance. Taking an example, the stability 
of the F1-score, which balances the precision and recall, indicates the model reliably maintains the performance without 
significant trade-offs between the different types of errors. This analysis proves the importance of applying the k-fold cross-
validation to check whether the model performance is consistent across the different sub-datasets.  Figure 8 shows the bar 
chart denoting the performance of the various folds. The partitioning of data into the five distinct segments and training the 
model on the different combinations each time provides a robust estimate of its generalizability, and the confusion matrices 
evaluated for the same are given in Figure 9. The very low standard deviation in the results confirms that the CNN has not 
been overfit to the particular data split and has learned the generalized features from the chest X-ray images. These results 
increase confidence in the model being reliable and consistent in its performance when deployed on new, unseen data, making 
it a trustworthy tool for thoracic disease screening. Table 2, below, shows the performance metrics of each fold of the CNN-
based model.  

Table 2. The K-Fold Cross-Validation Results for CNN Model on the Lung X-Ray Dataset 

Fold Accuracy Precision Recall Specificity F1-Score 

Fold 1 0.985 0.9814 0.986 0.9841 0.9837 

Fold 2 0.9828 0.972 0.9905 0.9766 0.9811 

Fold 3 0.9871 0.9907 0.9816 0.992 0.9861 

Fold 4 0.985 0.9859 0.9813 0.9881 0.9836 

Fold 5 0.9871 0.9953 0.9772 0.996 0.9862 

Average 0.9854 0.9851 0.9833 0.9873 0.9841 

 

 

Figure 8. The Confusion Matrices for Each Fold in CNN-Based Lung Disorder Classification 
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Figure 9. The Confusion Matrices for Each Fold in CNN-Based Lung Disorder Classification 

Secondly, the various feature selection methods were applied, and the performance metrics are presented in Table 3. The 
filter methods were mostly very efficient except the mutual information method; also, the variance threshold and ICA method 
performed very efficiently and were mostly similar to each other in terms of performance metrics like the F1-score. Figure 
10 shows the bar chart denoting the performance of the various filter methods. The RFE, which is a wrapper method, 
performed very effectively with an accuracy of more than 99%, as shown in the values depicted by the bar chart (see Figure 
11), and yet another bar chart shows that LightGBM, along with Random Forest and XGBoost, perform efficiently (see 
Figure 12). This shows that the embedded methods work efficiently when choosing the most important features for better 
pneumonia detection; of course, filters like ICA and PCA are not far behind, while RFE performs quite efficiently. 

 
Figure 10. Evaluation metrics for the Filter Methods 

 

 
Figure 11. Evaluation metrics for the Wrapper Methods 
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Figure 12. Evaluation metrics for the Embedded Methods 

Table 3. Performance Metrics of the Different Methods 

Methods Accuracy Precision Recall Specificity F1-Score 

Filter Methods 

Variance Threshold 98.93 99.21 98.81 99.07 99.01 

Mutual Information 91.03 91.7 91.7 90.23 91.7 

PCA 98.72 97.68 100 97.21 98.83 

ICA 99.15 98.44 100 98.14 99.22 

Wrapper Methods 

RFE 99.15 99.25 99.25 99.01 99.25 

Embedded Methods 

Lasso Regression 98.29 98.42 98.42 98.14 98.42 

Decision Trees 98.72 98.05 99.6 97.67 98.82 

Random Forests 98.93 98.82 99.21 98.6 99.01 

XGBoost 98.93 98.44 99.6 98.14 99.02 

LightGBM 99.15 99.6 98.81 99.53 99.21 

The results that are presented in Table 3 put together the performance metrics of various feature selection methods by listing 
performance metrics like accuracy, precision, recall, specificity and F1-score. The ICA performs effectively with an accuracy 
of 99.15% and a recall of 100%; a recall of 100%. PCA has a perfect recall value but has a lesser accuracy of 98.72%, while 
Mutual Information performs less effectively as compared to other filter methods with 91.03% accuracy.  Figure 13 shows 
the confusion matrices calculated for the various filter methods. The wrapper method RFE provides the ranking of features 
and performs quite efficiently with 99.15% accuracy.  Figure 14 shows the confusion matrix calculated for the RFE. The 
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embedded approaches demonstrate consistent performance, with LightGBM not only achieving a classification accuracy 
comparable to the ICA but also attaining an exceptional specificity of 99.53%. Meanwhile, the Random Forest and the 
XGBoost exhibit nearly identical accuracy rates of approximately 98.93%, along with reliable F1-scores, a notable advantage 
when processing the high-detail medical imaging such as chest X-rays. Although the Lasso regression lags slightly behind, 
it still maintains a respectable accuracy of 98.29%.  Figure 15 shows the confusion matrices calculated for the embedded 
methods. 

Figure 13. Confusion matrices were computed for the various filter feature selection methods 

 
Figure 14. Confusion matrix computed for the wrapper feature selection method RFE 

Figure 15. Confusion matrices were computed for the various embedded feature selection methods 



 
 

Sheikh Afaan Farooq, Aleem Ali                                                        Sakarya University Journal of Computer and Information Sciences 9 (1) 2026, 90-104 

101 

6. Discussions 

The presented results demonstrate that integrating feature selection (FS) with the Convolutional Neural Network (CNN) can 
surpass the performance of the standalone CNN, thereby validating the core hypothesis. The novelty of this work lies in the 
systematic benchmarking of the diverse suite of FS methods, which are the filter (Variance Threshold, PCA, ICA), the 
wrapper (RFE), and the embedded (Lasso, Tree-based) methods applied to the CNN-extracted features, the crucial step often 
overlooked in the medical imaging pipelines. While the baseline CNN achieved the robust 98.54% accuracy, several of the 
hybrid models, notably the LightGBM+CNN, the RFE+CNN, and the ICA+CNN, consistently achieved superior 
performance, with the accuracy and the F1-scores exceeding 99.1%. The exceptional 100% recall of the PCA+CNN and 
ICA+CNN, while potentially indicating the overfitting on this specific test set, highlights the critical trade-off for the sensitive 
medical applications where missing the positive case is unacceptable. To sufficiently justify these claims, statistical validation 
through paired t-tests on the k-fold results is the essential part to confirm that the performance gains are significant and not 
due to random chance. Furthermore, the direct comparison with the state-of-the-art architecture (CNN) on the same dataset 
is necessary to contextualize the results. The practical significance is profound. The identification of LightGBM and RFE as 
the optimal FS methods. This work provides the blueprint for creating more efficient, generalizable, and high-performing 
models, reducing the computational overhead and enhancing the reliability for real-world clinical deployment in thoracic 
disease screening.  

In particular, the comparative analysis reveals a very critical insight: while the standalone CNN model demonstrates a strong 
and consistent performance with an average accuracy of 98.54%, the integration of the feature-selection methods can yield 
even more superior results. The CNN alone provides a reliable baseline, but several feature-selection techniques, including 
the ICA, the RFE, and the LightGBM, surpass it, achieving the peak accuracy of 99.15%. This improvement is not merely in 
the raw accuracy but, most importantly, in the balance of the metrics. For example, the LightGBM achieved a better F1-score 
of 99.21% and a specificity of 99.53%, indicating the superior ability to minimize the false positives, which is a crucial factor 
when it comes to medical diagnostics. The performance gain can also be attributed to the fundamental role of the feature-
selection methods in the enhancement of model generalization.  Figure 16 shows the bar chart depicting the performance 
metrics attained by the standalone CNN and the Feature-Selection methods along with the CNN. These algorithms act as the 
noise-reduction and relevance-filtering mechanism. The identification of the best discriminative features from the images 
prevents the model from overfitting to the spurious patterns in the training data. This process creates a robust and efficient 
feature space for the model to train better, and the results strongly suggest that the hybrid approach, leveraging deep learning 
for hierarchical feature extraction, complemented by strategic feature selection for refinement, is a powerful paradigm. This 
synergy allows the model to focus its capacity on the most salient patterns, leading to more reliable and higher-performing 
diagnostic systems. 
 

 
Figure 16. The performance metrics of the standalone CNN and the feature-selection methods with CNN 

7. Conclusions 

In this study, various feature selection methods were evaluated for pneumonia classification to enhance the performance of 
deep learning classifiers in medical imaging diagnostics. The main objective was to improve performance by identifying 
effective feature selection techniques. The filter-based methods demonstrated good performance, with ICA achieving high 
accuracy and perfect recall, thereby helping effectively identify critical features while minimizing false negatives. PCA also 
performed well, providing a balanced data representation with competitive classification results. In contrast, Mutual 
Information struggled with the complex spatial relationships in the images, resulting in comparatively lower performance 
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metrics. The wrapper method RFE was subsequently assessed, which performed exceptionally well. The embedded methods 
proved highly effective, with LightGBM standing out due to its exceptional accuracy and near-perfect specificity. The 
findings indicate that the wrapper method RFE, some filters, and embedded methods provide a robust and accurate foundation 
for chest X-ray classification, in particular, and medical image classification in general. These insights may guide the future 
optimizations of deep-learning models in clinical diagnostics and pave the way for more intelligent, adaptive and reliable 
diagnostic systems. 

Article Information Form 

Authors Contributions: F.A.: Data Collection, Data Analysis and Interpretation, Literature Review, Conceptualization, 
Methodology, Software, Visualization, Investigation, Writing - Original Draft; S.A.: Writing - Review and Editing, Technical 
Support, Critical Review, Supervision, Formal Analysis; 

Acknowledgments: I extend my heartfelt gratitude to my beloved father Sheikh Farooq Ahmad, my dear mother Sakina Jan, 
my supportive brother Sheikh Adnan Farooq, and my loving sister Sheikh Uzma Farooq. Your unwavering love, sacrifices, 
prayers, and constant encouragement have been the foundation of my success in this research journey. 

Funding: The authors declare that no funding was received for this research. 

Conflict of Interest Notice: The authors declare that there is no conflict of interest regarding the publication of this paper. 

Support/Supporting Organizations: The author(s) received no financial support for the research, authorship, and/or 
publication of this article. 

Ethical Approval and Informed Consent: It is declared that during the preparation of this study, scientific and ethical 
principles were followed, and all studies used are listed in the bibliography. 

Availability of data and material: The data associated with this paper are openly available in the medical repository linked 
to Mendeley Data and can be downloaded via the following link: https://10.17632/dvntn9yhd2.1 [18]. 

Artificial Intelligence Statement: No artificial intelligence tools were used while writing this article. 

Plagiarism Statement: This article has been scanned by iThenticate ™. 
 

References 
 

[1] N. A. Abujabal, A. B. Nassif, and J. S. Muhammad, “Optimizing lung cancer prediction through feature selection-based 
machine learning models,” 2024 Advances in Science and Engineering Technology International Conferences (ASET), pp. 
1–6, Jun. 2024. doi: 10.1109/aset60340.2024.10708717 

[2] A. Alsahaf, N. Petkov, V. Shenoy, and G. Azzopardi, “A framework for feature selection through boosting,” Expert 
Systems with Applications, vol. 187, p. 115895, Jan. 2022. doi: 10.1016/j.eswa.2021.115895 

[3] Muhammad Umair Ali et al., “Correlation-filter-based channel and feature selection framework for hybrid EEG-fNIRS 
BCI applications,” IEEE Journal of Biomedical and Health Informatics, vol. 28, no. 6, pp. 3361–3370, Jun. 2024. doi: 
10.1109/jbhi.2023.3294586 

[4] N. Bellarmino, R. Cantoro, M. Huch, T. Kilian, U. Schlichtmann, and G. Squillero, “Embedded Feature Selection in MCU 
Performance Screening,” 2024 IEEE International Conference on Design, Test and Technology of Integrated Systems 
(DTTIS), pp. 1–6, Oct. 2024. doi: 10.1109/dttis62212.2024.10780418 

[5] J. Ehrhardt, and M. Wilms, “Autoencoders and variational autoencoders in medical image analysis,” Elsevier eBooks, pp. 
129–162, Jan. 2022. doi: 10.1016/b978-0-12-824349-7.00015-3 

[6] T. D. Jui, and P. Rivas, “Fairness issues, current approaches, and challenges in machine learning models,” International 
Journal of Machine Learning and Cybernetics, vol. 15, pp. 3095–3125, Jan. 2024. doi: 10.1007/s13042-023-02083-2 

[7] A. Torang, P. Gupta, and D. J. Klinke, “An elastic-net logistic regression approach to generate classifiers and gene 
signatures for types of immune cells and T helper cell subsets,” BMC Bioinformatics, vol. 20, no. 1, Aug. 2019. doi: 
10.1186/s12859-019-2994-z 

[8] B. Venkatesh, and J. Anuradha, “A Review of Feature Selection and Its Methods,” Cybernetics and Information 
Technologies, vol. 19, no. 1, pp. 3–26, Mar. 2019. doi: 10.2478/cait-2019-0001 

[9] Y. Xing, D. Li, and C. Li, “Time series prediction via elastic net regularization integrating partial autocorrelation,” Applied 
Soft Computing, vol. 129, pp. 109640–109640, Nov. 2022. doi: 10.1016/j.asoc.2022.109640 

[10] H. Wang, “A novel feature selection method based on quantum support vector machine,” Physica Scripta, vol. 99, no. 
5, p. 056006, Apr. 2024. doi: 10.1088/1402-4896/ad36ef 

[11] W. Ying, D. Wang, H. Chen, and Y. Fu, “Feature Selection as Deep Sequential Generative Learning,” arXiv.org, 2024. 
doi: 10.48550/arXiv.2403.03838 

https://doi.org/10.17632/dvntn9yhd2.1
https://doi.org/10.1109/aset60340.2024.10708717
https://doi.org/10.1016/j.eswa.2021.115895
https://doi.org/10.1109/jbhi.2023.3294586
https://doi.org/10.1109/dttis62212.2024.10780418
https://doi.org/10.1016/b978-0-12-824349-7.00015-3
https://doi.org/10.1007/s13042-023-02083-2
https://doi.org/10.1186/s12859-019-2994-z
https://doi.org/10.2478/cait-2019-0001
https://doi.org/10.1016/j.asoc.2022.109640
https://doi.org/10.1088/1402-4896/ad36ef
https://doi.org/10.48550/arXiv.2403.03838


 
 

Sheikh Afaan Farooq, Aleem Ali                                                        Sakarya University Journal of Computer and Information Sciences 9 (1) 2026, 90-104 

103 

[12] N. S. Tzannes, and J. P. Noonan, “The mutual information principle and applications,” Information and Control, vol. 
22, no. 1, pp. 1–12, Feb. 1973. doi: 10.1016/s0019-9958(73)90448-8 

[13] S. Gupta, and S. Gupta, “Feature Extraction and Feature Selection Procedures for Medical Image Analysis,” Advances 
in medical technologies and clinical practice book series, pp. 221–280, Oct. 2024. doi: 10.4018/979-8-3693-5226-7.ch010 

[14] J. Paolino, “Using summary tables to introduce principal component analysis in an elementary data science course,” 
Teaching Statistics, Jun. 2024. doi: 10.1111/test.12375 

[15] M. Jasmine Pemeena Priyadarsini et al., “Lung Diseases Detection Using Various Deep Learning Algorithms,” Journal 
of Healthcare Engineering, vol. 2023, p. e3563696, Feb. 2023. doi: 10.1155/2023/3563696 

[16] D. Patel, A. Saxena, and J. Wang, “A machine learning-based wrapper method for feature selection,” International 
Journal of Data Warehousing and Mining, vol. 20, no. 1, pp. 1–33, Sep. 2024. doi: 10.4018/ijdwm.352041 

[17] A. Tharwat, “Independent component analysis: An introduction,” Applied Computing and Informatics, vol. 17, no. 2, 
Aug. 2018. doi: 10.1016/j.aci.2018.08.006 

[18] R. J. Urbanowicz, M. Meeker, W. La Cava, R. S. Olson, and J. H. Moore, “Relief-based feature selection: Introduction 
and review,” Journal of Biomedical Informatics, vol. 85, pp. 189–203, Sep. 2018. doi: 10.1016/j.jbi.2018.07.014 

[19] W. Zhao, G. Li, H. Yang, Q. Gao, and Q. Wang, “Embedded feature selection on graph-based multi-view clustering,” 
Proceedings of the AAAI Conference on Artificial Intelligence, vol. 38, no. 15, pp. 17016–17023, Mar. 2024. doi: 
10.1609/aaai.v38i15.29645 

[20] X. Cheng, “A comprehensive study of feature selection techniques in machine learning models,” SSRN Electronic 
Journal, Jan. 2025. doi: 10.2139/ssrn.5154947 

[21] I. Madakkatel, and E. Hyppönen, “LLpowershap: logistic loss-based automated Shapley values feature selection 
method,” BMC Medical Research Methodology, vol. 24, no. 1, Oct. 2024. doi: 10.1186/s12874-024-02370-8 

[22] E. M. Maseno, and Z. Wang, “Hybrid wrapper feature selection method based on genetic algorithm and extreme learning 
machine for intrusion detection,” Journal of Big Data, vol. 11, no. 1, Feb. 2024. doi: 10.1186/s40537-024-00887-9 

[23] F. Zandi, P. Mansouri, and R. Sheibani, “Selecting the optimal classifier for wrapper-based feature selection methods,” 
Proceedings of the Pakistan Academy of Sciences: A. Physical and Computational Sciences, vol. 61, no. 3, Sep. 2024. doi: 
10.53560/ppasa(61-3)848 

[24] Philemon Uten Emmoh, C. I. Eke, and T. Moses, “A feature selection and scoring scheme for dimensionality reduction 
in a machine learning task,” Journal of the Nigerian Society of Physical Sciences, vol. 7, no. 1, pp. 2273–2273, Dec. 2024. 
doi: 10.46481/jnsps.2025.2273 

[25] J. Bohrer, and M. Dorn, “Enhancing classification with hybrid feature selection: A multi-objective genetic algorithm for 
high-dimensional data,” Expert Syst. Appl., vol. 255, p. 124518, Jun. 2024. doi: 10.1016/j.eswa.2024.124518 

[26] X. Gong, J. Wang, Q. Ren, K. Zhang, E.-S. M. El-Alfy, and J. Mańdziuk, “Embedded feature selection approach based 
on TSK fuzzy system with sparse rule base for high-dimensional classification problems,” Knowledge-Based Systems, vol. 
295, p. 111809, Jul. 2024. doi: 10.1016/j.knosys.2024.111809 

[27] B. Guelib, N. Khlifa, and R. Bounab, “Embedded gene expression data based on ridgeclassifier for alzheimer’s disease 
classification,” 2023 International Conference on Innovations in Intelligent Systems and Applications (INISTA), pp. 1–6, 
Sep. 2023. doi: 10.1109/inista59065.2023.10310317 

[28] J. H. Holland, “Genetic Algorithms,” Scientific American, vol. 267, no. 1, pp. 66–72, Jul. 1992. doi: 
10.1038/scientificamerican0792-66 

[29] S. K. R. Mallidi, and R. R. Ramisetty, “Embedded-filter ACO using clustering based mutual information for feature 
selection,” Journal of Combinatorial Optimization, vol. 49, art. no. 27, Feb. 2025. doi: 10.1007/s10878-025-01259-6 

[30] A. K. Naik, and Venkatanareshbabu Kuppili, “An embedded feature selection method based on generalized classifier 
neural network for cancer classification,” Computers in Biology and Medicine, vol. 168, pp. 107677–107677, Jan. 2024. doi: 
10.1016/j.compbiomed.2023.107677 

[31] K. Nemati, A. H. R. Sheikhani, S. Kordrostami, and K. K. Roudposhti, “The embedded feature selection method based 
on artificial neural network using gray wolf optimizer and structured sparsity norms,” Research Square, Sep. 2023. doi: 
10.21203/rs.3.rs-3360806/v1 

[32] X. Shu, “Embedded Feature Selection Method Based on Neural Networks—Research on Simulation Application of 
European Football Data,” 2024 2nd International Conference on Mechatronics, IoT and Industrial Informatics (ICMIII), pp. 
758–763, Jun. 2024. doi: 10.1109/icmiii62623.2024.00147 

[33] Y. Syahidin, N. U. Maulidevi, and K. Surendro, “Feature selection method based on genetic algorithm with wrapper-
embedded technique for medical record classification,” Proceedings of the 2023 12th International Conference on Software 

https://doi.org/10.1016/s0019-9958(73)90448-8
https://doi.org/10.4018/979-8-3693-5226-7.ch010
https://doi.org/10.1111/test.12375
https://doi.org/10.1155/2023/3563696
https://doi.org/10.4018/ijdwm.352041
https://doi.org/10.1016/j.aci.2018.08.006
https://doi.org/10.1016/j.jbi.2018.07.014
https://doi.org/10.1609/aaai.v38i15.29645
https://doi.org/10.2139/ssrn.5154947
https://doi.org/10.1186/s12874-024-02370-8
https://doi.org/10.1186/s40537-024-00887-9
https://doi.org/10.53560/ppasa(61-3)848
https://doi.org/10.46481/jnsps.2025.2273
https://doi.org/10.1016/j.eswa.2024.124518
https://doi.org/10.1016/j.knosys.2024.111809
https://doi.org/10.1109/inista59065.2023.10310317
https://doi.org/10.1038/scientificamerican0792-66
https://doi.org/10.1007/s10878-025-01259-6
https://doi.org/10.1016/j.compbiomed.2023.107677
https://doi.org/10.21203/rs.3.rs-3360806/v1
https://doi.org/10.1109/icmiii62623.2024.00147


 
 

Sheikh Afaan Farooq, Aleem Ali                                                        Sakarya University Journal of Computer and Information Sciences 9 (1) 2026, 90-104 

104 

and Computer Applications, pp. 184–191, Feb. 2023. doi: 10.1145/3587828.3587856 

[34] D. J. Zhou, R. Chahal, I. H. Gotlib, and S. Liu, “Comparison of lasso and stepwise regression in psychological data,” 
Methodology, vol. 20, no. 2, pp. 121–143, Jun. 2024. doi: 10.5964/meth.11523 

[35] M. Zeng, H. Mo, Z. Liang, and H. Wang, “A Lite Fireworks Algorithm with Fractal Dimension Constraint for Feature 
Selection,” arXiv.org, 2023. [Online]. Available: https://arxiv.org/abs/2303.05516. [Accessed: Feb. 17, 2026]. 

[36] S. Kumar, “Covid19-Pneumonia-Normal Chest X-Ray Images,” Mendeley Data, vol. 1, Jun. 2022. doi: 
10.17632/dvntn9yhd2.1 

[37] L. Fischer, and P. Wollstadt, “Precision and Recall Reject Curves for Classification,” arXiv.org, 2023. [Online]. 
Available: https://arxiv.org/abs/2308.08381. [Accessed: Sep. 08, 2024]. 

[38] Vishnu Sharma, and Dr. Gaurav Khandelwal, “Ant colony optimization: A technique used for image processing,” 
International Journal of Information Technology and Management, vol. 18, no. 2, pp. 84–89, Sep. 2023. doi: 
10.29070/ftfw8q07 

[39] T. M. Franke, T. Ho, and C. A. Christie, “The chi-square test: Often used and more often misinterpreted,” American 
Journal of Evaluation, vol. 33, no. 3, pp. 448–458, Nov. 2011. doi: 10.1177/1098214011426594 

[40] S. S. Md Noh, N. Ibrahim, M. M. Mansor, N. A. Md Ghani, and M. Yusoff, “Hybrid embedded and filter feature selection 
methods in big-dimension mammary cancer and prostatic cancer data,” IAES International Journal of Artificial Intelligence 
(IJ-AI), vol. 13, no. 3, p. 3101, Sep. 2024. doi: 10.11591/ijai.v13.i3.pp3101-3110 

[41] Y. Li, F. Lu, and Y. Yin, “Applying logistic LASSO regression for the diagnosis of atypical Crohn’s disease,” Scientific 
Reports, vol. 12, no. 1, Jul. 2022. doi: 10.1038/s41598-022-15609-5 

[42] Y. Lecun, L. Bottou, Y. Bengio, and P. Haffner, “Gradient-based learning applied to document recognition,” 
Proceedings of the IEEE, vol. 86, no. 11, pp. 2278–2324, 1998. 

https://doi.org/10.1145/3587828.3587856
https://doi.org/10.5964/meth.11523
https://doi.org/10.17632/dvntn9yhd2.1
https://arxiv.org/abs/2308.08381
https://doi.org/10.29070/ftfw8q07
https://doi.org/10.1177/1098214011426594
https://doi.org/10.11591/ijai.v13.i3.pp3101-3110
https://doi.org/10.1038/s41598-022-15609-5

	2.2. Wrapper Methods
	3. Proposed Methodology
	5. Experimental Results
	In this study, various feature selection methods were evaluated for pneumonia classification to enhance the performance of deep learning classifiers in medical imaging diagnostics. The main objective was to improve performance by identifying effective...
	References

