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Abstract. Feature selection is a fundamental process in machine learning that involves

identifying and selecting the most informative features from a dataset to be used in model

training. This step is crucial, as it can significantly enhance model performance, mitigate

overfitting, reduce computational complexity, and improve the interpretability of the result-

ing models. By eliminating irrelevant or redundant features, feature selection facilitates the

development of more efficient and accurate predictive models. Therefore, the development

of new feature selection algorithms is of great importance. In this study, a novel feature

selection algorithm—Feature Selection using Global k-Means (FS-GKM)—is proposed. In

this study, a novel feature selection algorithm—Feature Selection using Global k-Means

(FS-GKM)—is proposed. The method leverages the global k-means clustering algorithm

to group features based on their similarity. Subsequently, the algorithm assesses the dis-

criminative power of features by analyzing class density distributions within each cluster.

This clustering-based evaluation enables the identification of features that contribute most

significantly to class separability. To validate the effectiveness of the FS-GKM method, a

comprehensive experimental analysis was conducted using 13 benchmark datasets. Each

dataset was subjected to dimensionality reduction through 13 different feature selection

techniques, and the resulting feature subsets were evaluated using four distinct classifiers.

The proposed FS-GKM algorithm achieved superior performance in 40 out of 52 compara-

tive cases, demonstrating its robustness and effectiveness across diverse scenarios.
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1. Introduction

Feature selection plays a vital role in machine learning and data processing by signifi-

cantly improving the efficiency, scalability, and precision of predictive models, particularly

when dealing with large-scale or high-dimensional datasets. By identifying and retaining

the most informative features while eliminating irrelevant or redundant ones, feature selec-

tion reduces model complexity and computational burden, which is especially critical in text
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mining and vector space modeling applications [26]. This reduction not only improves classi-

fication accuracy but also mitigates overfitting, shortens training time, and enhances model

interpretability. From a broader perspective, feature selection can be viewed as a search or

optimization problem, which becomes increasingly challenging as data dimensionality and

volume grow, as highlighted in big data bioinformatics studies [30]. Moreover, in complex

real-world systems such as industrial control systems and network intrusion detection, effec-

tive feature selection is essential to handle high-dimensional traffic data, remove redundancy,

and improve detection efficiency and robustness [7]. Consequently, feature selection is not

merely a preprocessing step but a fundamental component for building robust, generalizable,

and computationally efficient models capable of handling large and complex datasets.

Several approaches have been developed for feature selection, including filter methods,

wrapper methods, and embedded methods. Filter methods evaluate each feature individ-

ually, typically using statistical measures, but often fail to consider interactions between

features. Wrapper methods assess subsets of features based on model performance and tend

to yield higher accuracy; however, they are computationally expensive. Embedded methods

perform feature selection during the model training process itself—examples include LASSO

and decision trees—offering a good balance between computational efficiency and predic-

tive performance. Nevertheless, each technique comes with its own limitations, such as the

overfitting risk in wrapper methods or limited flexibility in filter-based approaches [16].

A variety of feature selection techniques have been proposed in the literature. RELIEF

ranks features based on their ability to distinguish between instances of different classes,

taking feature interactions into account. While effective for complex datasets, it can be

computationally intensive due to repeated nearest-neighbor searches [15]. ANOVA (Analysis

of Variance) assesses the importance of features by comparing the means across different

classes. It ranks features based on the variance ratio, making it suitable for identifying

features that contribute significantly to class separation [25].

The FARNeMF (Feature Adaptive Robust Non-Negative Matrix Factorization) algorithm

is designed for feature selection and dimensionality reduction, particularly in high-dimensional

datasets. By accounting for noise and outliers, FARNeMF ensures a more robust selection of

features. It extends Non-Negative Matrix Factorization (NMF) to enhance the efficiency of

feature extraction [12]. Principal Component Analysis (PCA) is another widely used tech-

nique for dimensionality reduction in high-dimensional datasets. It transforms data into a

set of uncorrelated principal components, simplifying the dataset while retaining most of its

variance. Although PCA does not directly select features, it effectively reduces redundancy

and enhances computational efficiency while preserving critical information [1].

The Laplacian Score is a filter-based method that evaluates feature importance based

on its ability to preserve locality, independent of a learning algorithm. It can be applied

in both supervised and unsupervised settings, and has demonstrated superior performance

compared to data variance and the Fisher score in several experiments [11]. Recursive Feature

Elimination (RFE) improves model performance by iteratively removing the least important

features based on model-assigned importance scores. This process continues until only the

most informative features are retained, making RFE particularly useful for high-dimensional

classification and regression tasks [17].
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GBNRS is a novel feature selection approach based on rough set theory, specifically de-

signed to handle continuous data without the need for membership functions or parameter

tuning. By incorporating an adaptive neighborhood radius selection mechanism, GBNRS

improves attribute reduction and outperforms the state-of-the-art NRS algorithm in classi-

fication accuracy [31]. GRRS (Granular-Rectangular Rough Set) offers another innovative

approach that avoids distance metrics altogether. Instead, it divides space into granular-

rectangular regions and constructs the neighborhood radius based on hierarchical spatial

relationships. This method enhances accuracy and efficiency, especially in cases where tra-

ditional distance measures are ineffective [32].

To identify a small subset of genes from large-scale gene expression data collected via

DNA microarrays, Guyon et al. proposed a gene selection method based on Support Vector

Machines (SVM) in combination with RFE. Their approach aims to improve classification

performance while also identifying genes with biological relevance to cancer. Experimental

results show that their method outperforms traditional correlation-based techniques [10].

The Generalized Fisher Score extends the traditional Fisher score by jointly selecting fea-

tures that maximize a lower bound of the Fisher criterion. This results in a mixed-integer

programming problem, which is solved using a cutting plane algorithm that alternates be-

tween multivariate ridge regression and projected gradient descent. The method demon-

strates improved performance over both the standard Fisher score and other state-of-the-art

approaches [8].

ILFS (Infinite Latent Feature Selection) introduces a robust probabilistic, graph-based

algorithm that ranks features by modeling all possible subsets as paths on a graph. By

treating feature relevance as a latent variable in a PLSA-inspired generative model, it avoids

the combinatorial explosion of subset evaluation. Extensive benchmarking shows that ILFS

outperforms eleven state-of-the-art methods across diverse datasets [21].

The method proposed in [29] addresses high-dimensional generalized linear models with

Lipschitz loss functions by establishing a non-asymptotic oracle inequality for empirical risk

minimization under a LASSO penalty. This penalty is applied to the model coefficients,

normalized by their empirical norm. The method is demonstrated through logistic regression,

density estimation, classification with hinge loss, and least squares regression tasks. Infinite

Feature Selection (Inf-FS) models feature subsets as paths in a graph, where edges encode

pairwise feature relationships. It employs matrix power series and Markov chain principles

to evaluate paths of arbitrary lengths, ranking features based on relevance and redundancy.

An unsupervised variant is also proposed, and experiments show that Inf-FS outperforms 18

state-of-the-art methods across a variety of benchmark datasets [22].

This paper introduces the FS-GKM method, which is based on the Global k-Means clus-

tering algorithm. The primary objective of FS-GKM is to identify the most discriminative

features within a dataset. In this approach, the instances in the dataset are kept fixed, and

each feature is individually evaluated by clustering its values using the global k-means algo-

rithm. This algorithm addresses the sensitivity of standard k-means to the initial selection of

cluster centers. The number of clusters k is set equal to the number of classes in the dataset.

After clustering, the class distributions within the resulting clusters are analyzed. A feature
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is retained if any cluster contains a number of instances from a specific class exceeding a

predefined threshold; otherwise, it is discarded.

The remainder of this paper is organized as follows: Section 2 reviews related work in the

field. Section 3 provides a detailed description of the proposed FS-GKM method. Section

4 presents the datasets used in the experiments, outlines the four classification algorithms

and performance metrics employed, and discusses the experimental results. Finally, Section

5 concludes the paper with a summary of findings and suggestions for future research.

2. Related Work

Categories of feature selection methods are presented in this section.

2.1. Filter Methods. Filter methods evaluate the importance of features based on statis-

tical measures independently of any machine learning model. These methods are computa-

tionally efficient and scalable, making them ideal for large datasets. For instance, ANOVA

(Analysis of Variance) is a commonly used filter method that assesses the relationship between

categorical target variables and numerical features by analyzing variance. Other examples in-

clude correlation coefficients, which measure linear relationships, and chi-square tests, which

evaluate the independence of categorical features. While filter methods are fast and easy

to implement, they often overlook interactions between features, limiting their effectiveness

in complex datasets. Research suggests that filter methods are best suited for preliminary

feature selection before applying more advanced techniques [9].

2.2. Wrapper Methods. Wrapper methods take a distinct approach by using a machine

learning model to assess the performance of various feature subsets. These methods are

iterative and can be computationally costly, as they involve training and evaluating models

multiple times. A popular example is RFE (Recursive Feature Elimination), which sys-

tematically eliminates the least important features based on model coefficients or feature

importance scores. Other wrapper methods include forward selection, which adds features

one at a time, and backward elimination, which removes them sequentially. Although wrap-

per methods often lead to better model performance by accounting for feature interactions,

they are not suitable for very large datasets due to their computational demands. Research

indicates that wrapper methods are most effective when sufficient computational resources

are available and optimizing model performance is a priority [14].

2.3. Embedded Methods. Embedded methods integrate feature selection directly into the

model training process, offering greater efficiency compared to wrapper methods. These

techniques are specific to the model being used and often leverage regularization to penalize

less important features. For example, Lasso Regression (L1 Regularization) shrinks the

coefficients of less relevant features to zero, effectively performing feature selection. Similarly,

tree-based models such as decision trees and random forests naturally rank features based

on their importance in splitting nodes. Embedded methods offer a good balance between

computational efficiency and model performance, as they account for feature interactions

during training. However, their reliance on particular algorithms can limit their adaptability

to other models. Research indicates that embedded methods are especially beneficial for

high-dimensional datasets, where computational efficiency is a key consideration [27].
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2.4. Unsupervised Methods. Unsupervised methods are applied when there is no tar-

get variable, making them ideal for exploratory data analysis and dimensionality reduction.

These techniques focus on transforming or selecting features based on their inherent proper-

ties rather than their relationship with a target. A key example is PCA (Principal Component

Analysis), which reduces dimensionality by generating new, uncorrelated variables (principal

components) that capture the maximum variance in the data. Other unsupervised meth-

ods include Independent Component Analysis (ICA) and clustering-based feature selection.

While unsupervised methods effectively reduce noise and redundancy, they may not always

align with the features’ predictive power in supervised tasks. Research suggests that PCA is

especially useful for preprocessing high-dimensional data before applying supervised learning

methods [13].

2.5. Hybrid Methods. Hybrid methods combine the advantages of both filter and wrapper

techniques to strike a balance between computational efficiency and model performance.

These approaches typically use filter methods to initially reduce the feature space, then apply

wrapper methods for further refinement. For instance, genetic algorithms can be guided by

filter-based scores to identify the optimal feature subset. Another strategy is ensemble feature

selection, where results from multiple methods are combined to enhance robustness. Hybrid

methods are particularly valuable for large datasets, where pure wrapper methods would be

too computationally expensive. However, they can be complex to implement and require

careful parameter tuning. Research indicates that hybrid methods hold great potential for

feature selection, particularly in fields like bioinformatics and text mining [24].

2.6. Domain Knowledge-Based Methods. Domain knowledge-based methods rely on

the insights of experts to identify features known to be significant in a particular field. These

approaches often involve feature engineering, where new features are constructed based on

domain-specific knowledge. For instance, in healthcare, factors like patient age, medical his-

tory, and laboratory test results might be chosen based on clinical expertise. While these

methods can produce highly interpretable and contextually relevant features, they can also

be subjective and may not easily transfer across different domains. Furthermore, they neces-

sitate collaboration between domain specialists and data scientists, which can be resource-

intensive. Research suggests that domain knowledge-based methods are most effective when

integrated with data-driven techniques, ensuring both practical relevance and statistical ro-

bustness [18].

2.7. Stability-Based Methods. Stability-based methods focus on identifying features that

remain consistently important across different subsets of data or models. These techniques

aim to reduce variability in feature selection results, which can be influenced by random

fluctuations in the data. One example is stability selection, which uses subsampling and reg-

ularization to identify features consistently selected in multiple iterations. Another approach

is bootstrap aggregating (bagging), which combines feature importance scores from multiple

bootstrap samples. Stability-based methods are especially beneficial for enhancing the relia-

bility of feature selection in high-dimensional datasets. However, they can be computationally

demanding and may require careful parameter tuning. Research suggests that stability-based
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methods are a robust feature selection approach, particularly when reproducibility is crucial

[20].

3. The Proposed Algorithm

In this section, a new clustering-based approach for feature selection is proposed. The core

idea of the proposed algorithm is to cluster the features using the global k-means algorithm

and select those that effectively distinguish classes based on class densities within the clusters.

3.1. The Global k-Means Algorithm. Various algorithms have been developed to ad-

dress the clustering problem, with the incremental k-means algorithm representing a notable

improvement over the traditional k-means method [19]. Unlike classical k-means, which is

highly sensitive to the initial choice of cluster centers and often converges to local minima, the

incremental k-means algorithm incrementally constructs clusters by systematically evaluat-

ing candidate centers. This stepwise approach improves stability and increases the likelihood

of reaching a globally optimal solution. Moreover, its ability to dynamically update clusters

as new data points are introduced makes it particularly suitable for large-scale and evolv-

ing datasets. The pseudocode for the incremental k-means algorithm—given a training set

X1, . . . , Xk and a predefined number of clusters k—is presented in 1 [28]. The pseudocode

of the global k-means algorithm is presented in Algorithm 1.

Algorithm 1 Global k-means

Input: Data set x1, . . . , xm, Number of clusters k
Output: Cluster centers x1, . . . , xk

1: Initialize the first cluster center as c1 ← 1
m

∑m
i=1 xi;

2: Set t← 1;
3: while termination condition t > k is not met do
4: Set p← 1;
5: while p ≤ m do
6: Run the k-means algorithm with initial centers (c1, . . . , ct, xp);
7: if the clustering result improves upon the previous one then
8: Update cluster centers: xi ← ci for 1 ≤ i ≤ t− 1 and xt ← ct+1;
9: end if

10: p← p+ 1;
11: end while
12: Update ci ← xi for 1 ≤ i ≤ t and increment t← t+ 1;
13: end while
14: Return final cluster centers x1, . . . , xk;

The global k-means algorithm aims to obtain an optimal clustering configuration at each

iteration. It starts by calculating the mean of all data points to establish the first cluster

center, initializing t = 1. In each subsequent iteration, t is incremented, and every data point

is evaluated as a potential candidate for the tth cluster center. During Step 7, the algorithm

seeks to minimize the total distance between data points and their assigned centers, retaining

the configuration that yields the lowest overall error for the current t-cluster setup. This

iterative process continues until the desired number of clusters is reached, at which point the

algorithm converges to a final clustering solution.
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3.2. Feature Selection Using the Global k-Means Algorithm. The FS-GKM algo-

rithm is introduced in this section. It consists of two main stages. In the first stage, each

feature is clustered, and the class distributions within the resulting clusters are analyzed.

In the second stage, the discriminative power of each feature is evaluated against a prede-

fined threshold. Features exceeding this threshold are deemed informative and included in

the selected feature set; those falling below are discarded. The pseudocode of the FS-GKM

algorithm is presented in Algorithm 2.

Algorithm 2 Feature Selection Using the Global k-Means Algorithm

Input: Data set D, feature set A = {a1, a2, . . . , am}, threshold r, number of clusters k
Output: Selected feature set B
Initialize B ← ∅
for i← 1 to m do
Cluster the ith feature into k clusters using Algorithm 1
for j ← 1 to k do
for s← 1 to k do
Count the number of data points in cluster j that belong to class s, denote this as
count
if count ≥ r then
B ← B ∪ {ai}

end if
end for

end for
end for
Return the selected feature set B

The algorithm takes as input an m×n data set D, the feature set A, a threshold r used to

evaluate class distribution within clusters, and the number of clusters k. Initially, the selected

feature set B is empty. Each feature is clustered into k clusters, where k corresponds to the

number of classes in the data set. The class distribution within each cluster is then analyzed.

If, for any cluster, the number of data points belonging to a class exceeds the threshold r,

the corresponding feature is added to the selected set B.

3.3. Complexity of the FS-GKM Algorithm. The time complexity of the global k-

means algorithm is generally higher than that of standard k-means, typically estimated as

O(n × k2 × m), where n denotes the number of data points, k is the number of clusters,

m represents the number of features per data point, and t is the number of iterations per

k-means run. This increased complexity arises from the algorithm’s iterative procedure

of adding one cluster center at a time and exhaustively evaluating each data point as a

potential new centroid. At each step, a full k-means clustering is performed to optimize

cluster assignments, significantly increasing computational cost compared to standard k-

means. Although the global k-means offers advantages such as reduced sensitivity to initial

centroid placement and a higher likelihood of reaching a global optimum rather than local

minima, it does so at the expense of considerably higher computational demands.

In the FS-GKM algorithm, the global k-means is executed m times, where m is the number

of features. However, in each run, only a single feature is considered (i.e., dimensionality is

1). Therefore, the time complexity of FS-GKM can be approximated as O(n×m× t× k4).
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Table 4.1. Brief description of the datasets

Dataset Number of Instances Number of Features Number of Classes
iris 150 4 3

hepatitis 155 19 2
wine 178 12 3
heart1 270 13 2
iono 351 34 2
horse 368 23 2
wdbc 569 30 2
credit 690 15 2
german 1000 19 2
digits 1797 64 10

wifiLocalization 2000 8 4
madelon 2000 500 2
htru2 17898 8 2

4. Experiments

In this section, we present a comparison of the proposed algorithm with other widely used

or state-of-the-art feature selection algorithms on 13 benchmark datasets. The datasets were

selected from the UCI Machine Learning Repository [6]. A description of these datasets

is provided in Table 4.1. Thirteen feature selection algorithms were used for comparison:

PCA [1], RFE [17], ANOVA [25], FARNeMF [12], GBNRS [31], CFS [10], Fisher [8], ILFS

[21], LASSO [29], Laplacian [29], Inf-FS [22], GRRS-N, and GRRS-1 [32]. We utilized the

results obtained by these algorithms as presented in [32]. The FS-GKM algorithm, CFS,

Fisher, ILFS, Laplacian, LASSO, Inf-FS, RFE, PCA, and ANOVA were implemented in

Python using the Feature Selection Code Library (FSLib) and scikit-learn. The FARNeMF

algorithm was run with the neighborhood radius varying from 0.01 to 0.5 in increments of

0.01. The GBNRS algorithm was executed ten times, and the optimal result was retained.

The GRRS algorithm was executed with the neighborhood radius varying from 1 to 5 in

increments of 1. For the proposed algorithm under test, the threshold value r was considered

with increments of 10, ranging from 50 to 90, and the optimal result was retained. For the

global k-Means algorithm in FS-GKM, the number of clusters k was set equal to the number

of classes in each dataset.

4.1. Classifiers and Performance Measure. The FS-GKM algorithm was evaluated us-

ing four classifiers: SVM, CART, KNN, and MLP. Support Vector Machines (SVM) is a

supervised learning algorithm primarily used for classification tasks, aiming to identify the

optimal hyperplane that maximizes the margin between data points of different classes in

high-dimensional spaces. A notable advantage of SVM is its ability to handle non-linear

data efficiently through the kernel trick, which transforms the data into a higher-dimensional

space to facilitate separation. However, SVM can be computationally demanding, especially

with large datasets, which may limit its suitability for time-sensitive applications [4].

Classification and Regression Trees (CART) is a decision tree algorithm that partitions

data into subsets by evaluating feature values, constructing a tree-like structure applicable

to both classification and regression. Its main strengths lie in simplicity and interpretability,

as the resulting tree can be easily visualized and understood, making the decision-making

process transparent. However, CART models are prone to overfitting when the tree grows

too deep and may struggle with noisy data or imbalanced class distributions [2].
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Table 4.2. Accuracy results for all threshold values on the credit dataset

Threshold Value Accuracy (SVM) Accuracy (CART) Accuracy (MLP)
50 0.84 0.77 0.77
60 0.86 0.86 0.80
70 0.86 0.81 0.77
80 0.87 0.84 0.77
90 0.84 0.83 0.78

Multilayer Perceptron (MLP) is a type of artificial neural network composed of multiple

layers of interconnected neurons, trained using the backpropagation algorithm. It excels

at modeling complex patterns and relationships in data, making it particularly effective for

large datasets. However, MLPs require substantial computational resources during training,

are susceptible to overfitting, and demand careful tuning of hyperparameters, which can be

complex and time-consuming [23].

K-Nearest Neighbors (KNN) is a simple, instance-based algorithm commonly used for both

classification and regression. It classifies a data point based on the majority class among its

k closest neighbors in the feature space. The main advantage of KNN lies in its simplicity

and effectiveness in low-dimensional spaces with minimal training. However, KNN can be

computationally intensive during prediction, especially with large datasets, due to the need

to compute distances to all training instances [5].

Accuracy, a widely used metric for evaluating machine learning algorithms, was employed

to compare the algorithms in this study. It is calculated as the ratio of correctly predicted

instances to the total number of instances, as shown in equation 4.1. In this context, True

Positive (TP) refers to instances that are correctly predicted as positive, False Positive (FP)

refers to instances that are incorrectly predicted as positive, True Negative (TN) refers to

instances that are correctly predicted as negative, and False Negative (FN) refers to instances

that are incorrectly predicted as negative. TP and TN indicate correct predictions, while FP

and FN represent incorrect predictions [3].

acc =
TP+TN

TP+FP+FN+TN
× 100 (4.1)

Higher accuracy indicates better model performance and greater reliability.

4.2. Selection of the Threshold Value for FS-kM and the Number of Nearest

Neighbors for KNN. The FS-GKM algorithm is sensitive to the input threshold value

r. Depending on this threshold, the selected feature set B varies. Therefore, FS-GKM was

executed for threshold values r = 50, 60, 70, 80, and 90. For each threshold value, a feature

set B is obtained, resulting in five different B sets. Classification is then performed using all

these sets, and the best result among them is considered the final accuracy. The best result

among all threshold values was considered the final accuracy. The accuracy results for all

threshold values on the credit dataset are given in Table 4.2. The best results are highlighted

in bold.

This procedure was repeated for all datasets, and the highest accuracy values were obtained

at a threshold of r = 50 for the German, Heart1, HTRU2, Madelon, WDBC, and Iris datasets;

at r = 60 for the Horse and Wine datasets; at r = 70 for the Iono, WiFiLocalization, and
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Table 4.3. Accuracy results of the KNN algorithm for different k values on
the credit dataset

Number of Nearest Neighbors k Threshold Value r
50 60 70 80 90

1 0.67 0.65 0.66 0.71 0.74
2 0.67 0.71 0.65 0.66 0.72
3 0.70 0.70 0.68 0.73 0.77
4 0.74 0.74 0.71 0.73 0.75
5 0.72 0.77 0.71 0.75 0.79
6 0.74 0.75 0.72 0.74 0.79
7 0.71 0.73 0.75 0.76 0.79
8 0.72 0.74 0.73 0.78 0.79
9 0.70 0.72 0.72 0.77 0.80
10 0.71 0.73 0.73 0.77 0.79

Digits datasets; and at r = 80 for the Hepatitis and Credit datasets. The classifiers were run

on the datasets obtained from the features selected using the specified threshold values.

The performance of the k-Nearest Neighbors (KNN) algorithm depends heavily on the

choice of k, the number of nearest neighbors used for classification or regression. A small

k can make the model sensitive to noise and outliers, resulting in overfitting, while a large

k smooths the decision boundary and may cause underfitting. Selecting an appropriate k

balances bias and variance. In this study, k was tested for values from 1 to 10, and the best

accuracy was retained, highlighted in bold in Table 4.3.

4.3. Computational Results. Computational experiments are carried out on a laptop with

Intel(R) Core(TM) i7-8550U CPU 1.80 GHz and RAM 8 GB. To illustrate the performance

of the FS-GKM algorithm, the performance of the algorithm is compared with other 13

feature selection algorithms presented in Section IV using three classifiers in Subsection 4.1.

Accuracy as a performance measure in Subsection 4.1 is used for comparison. The results

are given in Tables 4.4, 4.5, 4.6, 4.7, 4.9, 4.10, 4.11 and 4.12. In the tables, we report the

accuracy values and the best results obtained by the algorithms are highlighted using bold

font.

In [32], the first 10 feature selection algorithms listed in Tables 4.4, 4.5, 4.6, 4.7 were applied

to the 10 datasets given in the same table. The SVM, MLP, Cart, and KNN classifiers were

applied on the reduced datasets. The classification accuracy values from [32] are listed in

Tables 4.4, 4.5, 4.6, 4.7.

The SVM classifier under consideration five-fold cross-validation was then executed on the

new datasets, consisting of the features selected by the feature selection methods for each

dataset, and the accuracy values are shown in the Table 4.4. The accuracy values in the table

show that, with the exception of the two datasets named Horse and Madelon, the FS-GKM

algorithm outperformed all others in the remaining datasets.

The Cart classifier under consideration five-fold cross-validation was executed on the re-

duced datasets, consisting of the features selected by the feature selection methods for each

dataset, and the accuracy values are shown in the Table 4.5. With the exception of the

Hepatitis and Madelon datasets, the best accuracy value was obtained by running the CART

classifier on the reduced datasets using the FS-GKM algorithm.
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Figure 1. Comparison of classifiers for the FS-GKM

The MLP classifier was evaluated using five-fold cross-validation on the reduced datasets,

which were composed of features selected by the feature selection methods for each dataset.

The corresponding accuracy values are presented in Table 4.6. When the data in the table

is examined, the FS-GKM algorithm has overperformed in 70% of the problems.

The KNN classifier was assessed using five-fold cross-validation on the reduced datasets,

which consisted of features selected by the feature selection methods for each dataset. The

resulting accuracy values are shown in Table 4.7. Upon reviewing the data in the table, it is

evident that the FS-GKM algorithm outperformed the others in 80% of the cases.

The graph of accuracy values with four different classifiers, obtained by classifying the

reduced datasets using the FS-GKM algorithm, is shown in Figure 1. According to the

graph, KNN achieved the highest accuracy in 80% of the cases.

Since the proposed algorithm generates different reduced datasets for different threshold

values, it is sensitive to the threshold. Figure 2 visualizes the percentage decrease in the

number of features in the dataset for various threshold values. Upon examining the graph,

it is evident that as the threshold value increases, the number of features decreases.

In addition to the feature selection methods in [32], the FS-GKM algorithm was compared

with the ANOVA, PCA, and RFE feature selection methods, using SVM, MLP, and CART

classifiers, on the digits, wine, iris, and wdbc datasets from the Table 4.1. For the ANOVA,

RFE, and PCA feature selection algorithms, the number of features to be selected was spec-

ified as input. To determine this, the FS-GKM algorithm was first run on the datasets with

threshold values of 50, 60, 70, 80, and 90. Based on the result with the highest accuracy,

the number of features selected by the FS-GKM algorithm was then used as input for the

ANOVA, RFE, and PCA algorithms. The number of features of the original datasets and

the number of features selected after the FS-GKM are presented in Table 4.8.

The SVM, MLP, and CART classifiers were trained and tested on the obtained reduced

datasets using a 33% percentage split, and accuracy values were obtained. The results
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Figure 2. Comparison of the number of features for different threshold values

obtained in this way are presented in Tables 4.9, 4.10, 4.11 and 4.12, with the best accuracy

values highlighted in bold.

According to Tables 4.9, 4.10, 4.11, and 4.12, using the reduced datasets obtained with the

FS-GKM algorithm, the best accuracy was achieved in 1 out of 3 cases for the digits dataset,

in 2 out of 3 cases for the wdbc dataset, and in all cases for the wine and iris datasets.

5. Conclusion

In this paper, a novel feature selection algorithm, FS-GKM, is introduced. The algorithm

partitions the instances in the dataset into clusters based on the number of classes, using the

global k-means clustering algorithm. If the class distributions within the resulting clusters

exceed a predefined threshold, the feature is considered discriminative, and these features

are included in the reduced feature set. Since the proposed algorithm is sensitive to the

threshold, it is run with different threshold values, and the best results are retained. To

illustrate the effectiveness of the method, 13 benchmark datasets were reduced using 14

different feature selection algorithms, including FS-GKM. Then, SVM, KNN, CART, and

MLP classifiers were trained and tested on both the original and reduced datasets. Based on

the accuracy values obtained from the training and testing results, it was observed that the

datasets reduced with the FS-GKM algorithm showed better performance in approximately

77% of the cases.

Although the effectiveness of the method has been demonstrated through computational

experiments, it suffers from sensitivity to the threshold value. As future work, it is planned

to explore whether better results can be achieved by using different clustering methods, and

to develop an approach for determining the threshold value provided as input to the method.
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Table 4.4. Accuracy Results of Feature Selection Algorithms Using SVM
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Table 4.5. Accuracy Results of Feature Selection Algorithms Using Cart
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Table 4.6. Accuracy Results of Feature Selection Algorithms Using MLP
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Table 4.7. Accuracy Results of Feature Selection Algorithms Using KNN
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Table 4.8. Comparison of the number of features

Datasets The number of features of original dataset The number of features of reduced dataset
iris 4 2
wine 19 7
wdbc 30 23
digits 64 30

Table 4.9. Accuracy results for the dataset digits

Feature Selection Methods
Classifiers ANOVA RFE PCA FS-GKM

SVM 0.97 0.96 0.97 0.84
MLP 0.97 0.98 0.98 0.98
Cart 0.84 0.87 0.84 0.76

Table 4.10. Accuracy results for the dataset wine

Feature Selection Methods
Classifiers ANOVA RFE PCA FS-GKM

SVM 1 1 0.96 1
MLP 0.13 0.70 0.89 0.93
Cart 0.94 0.91 0.91 0.96

Table 4.11. Accuracy results for the dataset iris

Feature Selection Methods
Classifiers ANOVA RFE PCA FS-GKM

SVM 1 0.98 1 1
MLP 1 1 1 1
Cart 1 0.98 1 1

Table 4.12. Accuracy results for the dataset wdbc

Feature Selection Methods
Classifiers ANOVA RFE PCA FS-GKM

SVM 0.98 0.97 0.96 0.98
MLP 0.95 0.97 0.96 0.95
Cart 0.94 0.93 0.93 0.94
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