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ABSTRACT: Feature selection (FS) plays a crucial role in machine learning by reducing data dimensionality and
improving learning efficiency. In many real-world scenarios, label information is unavailable, making unsupervised
ES particularly important. While Genetic Algorithm (GA) offers a powerful global search mechanism for subset
selection, it often suffers from premature convergence and struggles to refine solutions in complex search spaces. To
address these limitations, we propose a hybrid GA that integrates an information-theoretic local search strategy for
unsupervised FS. The proposed method integrates an information-theoretic local refinement procedure, consisting
of DEL and ADD operations based on joint entropy, into a conventional GA framework. Unlike conventional
evolutionary methods, our approach leverages information-theoretic measures not merely for evaluation, but as a
guiding mechanism for fine-grained local exploration within the GA framework. By incorporating mutual information-
based local refinement, the proposed method effectively overcomes the convergence bottlenecks of standard GAs,
ensuring a more robust exploitation of feature dependencies. Experimental results on five datasets demonstrate that the
proposed method consistently achieves higher clustering performance compared with conventional methods. These
results imply that the proposed information-theoretic local refinement effectively mitigates the premature convergence
problem of conventional GAs and improves search efficiency and solution quality compared to traditional heuristic and
evolutionary approaches. It provides a promising framework for handling high-dimensional data in scenarios where
label information is unavailable.

KEYWORDS: Unsupervised learning; feature selection; mutual information; genetic algorithm; particle swarm
optimization

1 Introduction

Analyzing all features contained in high-dimensional datasets is a time-consuming and computationally
expensive process. Thus, FS plays a crucial role in machine learning by improving model performance,
reducing computational complexity, and enhancing interpretability. It can be divided into supervised
learning with class labels and unsupervised learning without labels, but obtaining class labels from real
datasets is sometimes expensive or impossible. In particular, unsupervised feature selection (UFS) methods
have attracted significant attention because they deal with learning tasks without class labels, which are
frequently encountered in real-world applications. UFS methods aim to identify a subset of informative
and non-redundant features that preserve the intrinsic structure of the data while eliminating irrelevant or
noisy features. Traditional UFS approaches can be broadly categorized into filter, wrapper, and embedded
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methods [1,2]. Among these, wrapper-based UFS has demonstrated superior performance in many cases
because it directly evaluates feature subsets by involving a learning algorithm in the selection process [3].

Despite their promising performance, wrapper-based UFS methods face significant challenges regard-
ing computational complexity and search efficiency, particularly when applied to high-dimensional data.
Since these methods require repeated executions of unsupervised learning algorithms, such as k-means
clustering, to evaluate each candidate subset, the computational overhead becomes prohibitive as the feature
dimensionality increases. To navigate the resulting NP-hard combinatorial search space, metaheuristic
algorithms like the GA have been widely adopted [4,5]. GA is a population-based metaheuristic inspired
by natural selection. It encodes candidate solutions as binary chromosomes and then evolves into optimal
solutions through parent generation through roulette wheels, offspring generation through crossover, and
mutation processes. Here, each bit indicates whether the corresponding feature is selected. However, these
wrapper approaches often suffer from stagnation and slow convergence rates in large-scale spaces; they are
prone to getting trapped in suboptimal regions because the stochastic nature of crossover and mutation
operators lacks the precision needed for fine-grained local refinement [6]. Furthermore, standard GA mech-
anisms do not inherently account for the intricate dependencies among features, often failing to eliminate
redundant variables during the evolutionary process. These limitations necessitate a more sophisticated
search strategy that can enhance the convergence stability of GAs by incorporating deterministic local
guidance. To address these issues, information-theoretic measurements provide a promising means of
explicitly quantifying feature relevance and redundancy without relying on class labels. Shannon’s entropy
measures the uncertainty of a variable, while mutual information quantifies the shared information between
two variables [7]. Features with high mutual information between them are considered redundant. Joint
entropy further captures higher-order feature interactions, enabling more precise evaluation of feature
subsets in unsupervised settings.

Motivated by the complementary strengths of GA-based global search and information-theoretic local
guidance, we propose a novel UFS framework that integrates an information-theoretic local refinement
strategy into a conventional GA. Our method incorporates a local refinement process that leverages mutual
information and related measures to prioritize informative and mutually independent features. By combining
the global exploration capability of GA with the fine-grained optimization offered by local refinement,
the proposed approach achieves a better balance between search efficiency and selection accuracy. This
integration not only accelerates convergence but also improves the quality of the selected feature subsets,
leading to more robust UFS.

The principal contributions and advantages of the proposed framework are summarized as follows:

o  Hybrid Search Strategy: We introduce a dual-layered search mechanism that integrates the global
exploration of GA with a deterministic, information-theoretic local refinement. This hybrid approach
effectively mitigates the exploration-exploitation trade-off, ensuring both broad search coverage and
precise local optimization.

«  Enhanced Convergence via Local Refinement: By incorporating mutual information-based guidance
into the evolutionary process, our method overcomes the common GA pitfall of premature convergence.
Thelocal refinement accelerates the search toward high-quality regions of the feature space, significantly
reducing the number of generations required to find optimal subsets.

«  Information-Theoretic Criteria: The computational intractability of estimating full-order joint entropy
in high-dimensional spaces motivates a different approach. We derive a formal objective function that
decomposes complex joint dependencies into computable mutual information terms, providing a robust
proxy for the total information content of a subset. This analytical formulation ensures that the genetic
search is guided by a mathematically consistent and efficient local optimization criterion.
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The remainder of this paper is organized as follows. Section 2 discusses the difference between super-
vised and unsupervised learning in FS and reviews related research. Section 3 specifically describes the
proposed GA framework and the information-theoretic local refinement. Section 4 presents the experimen-
tal settings, comparative results, and analysis. The final section 5 summarizes the study and discusses future
research directions.

2 Related Work

FS is an essential preprocessing step that identifies informative and non-redundant features from high-
dimensional datasets. Depending on the availability of class label information, FS methods can be broadly
divided into supervised and unsupervised approaches.

2.1 Supervised Method

Improved Ensemble Classifier with Genetic Algorithm (IECGA) [8] is a five-stage ensemble-based
framework that integrates GA-based FS with heterogeneous supervised classifiers. It consists of a training
layer encompassing FS, base classification, and ensemble classification, and a testing layer for prediction. A
GA search method combined with a Correlation-based FS evaluator is employed to identify an optimal fea-
ture subset. The selected features are fed into three base classifiers—Random Forest, Support Vector Machine,
and Naive Bayes—which are subsequently combined through a soft voting ensemble technique. Similarly,
Importance-Guided Particle Swarm Optimization (IGPSO) [9] is a hybrid framework that combines a two-
stage MLP-based focal neural network with importance-guided binary PSO for large-scale FS. The focal
neural network learns a feature importance vector using positive and negative sample training, which is
then used to guide both population initialization and the particle update strategy. While both approaches
demonstrate strong performance, they remain supervised methods that fundamentally depend on class label
information, limiting their applicability to environments where labeled data is available.

2.2 Unsupervised Method
UES can be broadly categorized into filter and wrapper methods [1,2,10].

2.2.1 Filter Method

Filter methods do not rely on a specific learning algorithm. Instead, they generate feature subsets by
evaluating individual features or the relationships among features. To compute the importance of features,
statistical or information-theoretic measures such as variance-covariance, linear correlation, entropy, and
mutual information are used [11,12]. The Maximal Information Compression Index is a metric used to
evaluate features based on their variance-covariance structure [13]. This approach aims to minimize
information redundancy within the selected feature subset.

The dependency-based FS [14] uses statistical measures of dependence between features. If the correla-
tion with other features is low, those features are evaluated as less dependent. Features with low dependence
are considered unnecessary in the clustering process for label classification. For this reason, we select features
with high dependence. The entropy-based filter method [15] proposes a distance-based similarity entropy.
To measure the entropy of the feature, it is re-implemented as an exponential function instead of the
usual logarithmic function. The Laplacian score combined with distance-based entropy measurements [16]
presents a scheme to combine the Laplacian score with the distance entropy proposed by the entropy-based
filter method [15]. The features are selected based on the distance entropy and the ranking generated by the
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Laplacian score. Thus, information-theoretic approaches can use mutual information volume, entropy, etc.
to evaluate the relevance and information redundancy of unlabeled features and generate feature subsets.

These filter methods have the advantage of low computational complexity, enabling very fast processing
even for large-scale datasets. However, they usually rely on individual or feature evaluations to find optimal
solutions, but do not explicitly optimize subsets, so the resulting subset of features may still contain
information redundancy.

2.2.2 Wrapper Method

Wrapper methods differ from filter methods in that they iteratively evaluate feature subsets using a
fitness function to search for the optimal combination. Since label information is unavailable in unsupervised
settings, it is essential to employ a fitness function that can evaluate underlying structural properties of the
given dataset [1,17-19].

Wrapper-based approaches typically adopt evolutionary algorithms that mimic biological evolution to
search for optimal feature subsets. A typical example is GA, which evolves candidate solutions through
selection, crossover, and mutation operators inspired by biological reproduction [4,5,20-22]. GA encodes
possible feature combinations as chromosomes and evaluates each combination using a fitness function.
By introducing stochastic elements into the search process, GA increases the selection probability of high-
fitness parent individuals through a roulette wheel selection mechanism and generates offspring through
crossover operations. In addition, mutation, which flips certain values randomly, helps alleviate the local
optimum problem.

Kim et al. introduce four heuristic fitness criteria in conjunction with the k-means clustering algo-
rithm [23]. Specifically, F,,;j,;, evaluates how well clusters are compact by measuring the distances between
cluster centers and the features belonging to each cluster. Fy,sy.., measures the separability between
clusters by calculating the distances between cluster centers. Fjysrers and Feompiexity assess the appropriate
number of clusters and the number of features, respectively, thereby providing an overall evaluation of
clustering performance.

In addition, UFS based on Ant Colony Optimization (UFSACO) does not use a fitness function but
utilizes an iterative population-based search mechanism similar to the wrapper method’s optimization.
UFSACO imitated the process by which ants use pheromones to find food by optimal routes. This method
proposes a cosine similarity metric to quantify pairwise feature similarity between features [24]. Features are
represented as nodes, and cosine similarity between features forms the edges of an undirected graph, which
serves as the search space. During the search process, ants probabilistically prefer features with low similarity
and high pheromone values. Ultimately, features with the highest pheromone values are sequentially selected
for the final subset.

Particle Swarm Optimization (PSO) has strong global search capability and fast convergence rates, but is
sensitive to parameter settings. To address these limitations, a filter-based barebone PSO (FBPSO) that does
not require parameter adjustment has been proposed [25]. FBPSO is a hybrid approach that incorporates
filter-based preprocessing steps within the wrapper-based PSO search framework. In this work, particles
represent a subset of features, which move towards achieving stochastic optimal performance based on their
own experience and the global best performance of the cluster. FBPSO first removes irrelevant or weakly
related features based on feature correlations as a preprocessing step. After that, the algorithm repeatedly
refines the feature subset using the DEL operator and the ADD operator based on the mutual information
between the features. However, the filter component cannot capture higher-order dependence between the
features, relying solely on pair-by-pair feature correlations. More broadly, existing hybrid methods tend to
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use informational measurements only as an evaluation criterion rather than an active guiding mechanism in
the search process, and early convergence problems are likely to occur in high-dimensional feature spaces.
Redundancy reduction strategies such as maximizing relevance while minimizing redundancy have been
extensively studied in supervised settings [7], yet their systematic application in UFS remains limited.

Since wrapper methods repeatedly evaluate feature subsets, they have the advantage of producing
optimized feature subsets with lower information redundancy compared to filter methods. However, they
require substantial computational cost and time, and they also suffer from a convergence problem, where
the search becomes trapped in a prematurely converged local optimum and fails to escape toward a
globally superior solution [6]. Hybrid approaches integrate the strengths of both filter and wrapper methods
by combining preprocessing steps with evolutionary search, aiming to reduce computational cost while
maintaining high-quality feature subsets [25]. However, such sequential combinations lack a systematic
workflow that interleaves global search with fine-grained local refinement, leaving the convergence problem
fundamentally unresolved. To address the inherent convergence issues of metaheuristic wrapper approaches,
we propose a hybrid framework that augments the global search capabilities of GA with a specialized
local refinement module. This integrated approach is designed to refine the search trajectory through
analytical guidance, thereby ensuring the selection of more robust and diverse feature subsets. For a clearer
comparison, Table | categorizes the filter and wrapper methods based on their advantages, limitations, and
practical applications, supplemented by statistical benchmarks reported in previous studies.

Table 1: Comparison of representative UFS methods.

M;;ll::d Method Advantages Disadvantages Applications  Statistical Results
Maximal .
. o s Higher accuracy
. Information Low cost of Sensitive to similarity Image s
Filter . . o . than competition
Compression calculation thresholds recognition
. methods
Index [13]
Only global dependency
. Dependency- Precise noise feature measurements, Possible =~ Healthcare, Error 23.07%p
Filter based : . T
FS [14] exploration exclusion of useful Biodiversity reduced
features
Entropy-based Low parameter Select the same
Filter byt paran Exhaustive search costs Genetics optimal subset as
FS [15] sensitivity ..
the full navigation
. Laplaaan Score + High stability, Fast Parameter setting Medical image Improve.d aceuracy
Filter Distance-based L . . on medical image
processing time required analysis
Entropy [16] datasets
- Avoids local High computational Finance, 100% accuracy
Wrapper  GA [4,5,20-22] . costs, Premature
optimum Healthcare (lung cancer)
convergence
Explore the number Breast cancer Consistently
Wrapper ELSA [23] of clusters and Low performance in prediction,  outperforms greedy
feature subset at the complex data Target search on models
same time marketing with fewer features

(Continued)
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Table 1 (continued)

M;;g:d Method Advantages Disadvantages Applications  Statistical Results
Applicable to Cancer Average error
Wrapper  UFSACO [24] higher-dimensional A number of parameters ) . &
diagnosis 19.84%
data
No parameter tuning Unable to capture higher Medical Accuracy up to

5
Wrapper FBPSO [25] required order dependencies diagnosis 89.5%

3 The Proposed Method
3.1 Preliminary

UEFS aims to identify an informative subset of features that best represents the intrinsic structure of the
data without relying on label information. Given a data matrix X € R"*¢, where n denotes the number of
samples and d denotes the number of features, the goal is to find a subset S € {1,2,...,d} (|S| < d) that
maximizes the representativeness and diversity of information contained in X. In the absence of labels, the
evaluation of feature subsets is often based on intrinsic information measures such as mutual information.
Consequently, the optimization objective becomes non-differentiable and combinatorial, motivating the use
of heuristic search-based methods.

GA provides an effective meta-heuristic framework to address such non-convex and discrete opti-
mization problems [26]. In the context of UFS, each chromosome encodes a candidate feature subset, and
the population evolves toward higher-quality subsets through evolutionary operators such as selection,
crossover, and mutation. Each chromosome is represented as a binary vector, where a value of 1 indicates
that the corresponding feature is selected. The initial chromosomes are generated by randomly setting a
fixed number of bits, corresponding to the initial subset size, to 1. Parent selection is performed using a
roulette-wheel mechanism, where the probability of selection is proportional to the fitness value. Crossover
generates two offspring from two selected parents by exchanging segments of the parent chromosomes at a
specific crossover point. The generated offspring then undergo mutation, in which the value of a randomly
selected bit is changed from 0 to 1 or from 1 to 0. Unlike gradient-based methods that require differentiable
objective functions, GA can explore discontinuous search spaces and avoid being trapped in local minima
through stochastic recombination and mutation [23]. Moreover, the population-based nature of GA allows
for parallel exploration of multiple candidate subsets, which enhances global search capability. Owing to
these advantages, GA has been widely applied to FS problems as a flexible and general-purpose optimizer
for discrete feature subset selection [3].

However, the standard crossover and mutation operations in a GA are not inherently suitable for
ES, since the best individual features do not necessarily constitute the best feature subset [7]. In par-
ticular, the crossover operator tends to preserve individual features that appear favorable in isolation,
without considering their joint redundancy or complementarity. To overcome these limitations and to
enhance the discriminative capability of the selected subset while controlling its size, we introduce an
information-theoretic local refinement mechanism applied to each chromosome in the genetic population.
This refinement adaptively adds or removes features based on mutual information criteria, thereby guiding
the evolutionary process toward more informative and compact feature subsets. The proposed framework
consists of a GA-based global search module and an information-theoretic local refinement module. The GA
conducts global exploration through selection, crossover, and mutation operators, while the local refinement
module applies DEL and ADD operations based on joint entropy to the top-ranked elite chromosomes. This
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ensures both broad search coverage and precise local optimization simultaneously. A clustering-based fitness
function combining Fyithin> Foetween> a0d Feomplexity is employed to evaluate the quality of each candidate
feature subset.

The amount of uncertainty of a random variable X can be quantified by the Shannon’s entropy, defined as

H(X)=-> P(X)logP(X), 1)

where P(X) denotes the probability mass function of X. Entropy measures the expected amount of
information required to describe the outcome of X, and thus serves as a fundamental quantity in information
theory for uncertainty. The mutual information between two random variables X and Y represents the
amount of information shared between them, and is defined as

I(X;Y) = H(X) + H(Y) - H(X, Y), )

where H(X,Y') denotes the joint entropy of X and Y. Mutual information can also be expressed as the
reduction in uncertainty of one variable due to knowledge of the other. The conditional entropy quantifies
the remaining uncertainty of one variable given that the other is known, and is defined as

H(X|Y)=H(X,Y)-H(Y) = H(X) - I(X; Y). 3)

Conditional entropy is useful for measuring how much additional information is needed to describe X
when Y is observed.

To evaluate fitness, we construct a fitness function by combining the heuristic metrics Fyithin> Fbetweens
and Feomplexity from an evolutionary local selection algorithm [23]. These metrics are combined to simulta-
neously consider cluster compactness, separability, and model complexity. It is defined as follows, where the
weights of each metric, &, 3, and y, are set to 1.

“Fwithin + /—))Fbetween + chomplexity (4)

Fyithin s @ metric to evaluate how well clusters are cohesive. It is computed by measuring the distance
between each cluster center and the features belonging to that cluster after running K-means. Fpegyeen 1S @
metric to evaluate the separation between clusters. It is computed by measuring the distances between each
cluster center and the data points belonging to other clusters. Since the goal is to derive a subset with low
redundancy and high performance, a larger Fyithin and Fpetween indicate a superior subset. Fomplexity is a
metric to evaluate the number of features selected in the subset, defined as follows, where d denotes the
number of features included in the subset and D denotes the total number of features in the dataset. Since the
objective is to derive a high-performing subset composed of the minimal number of informative features, a
larger value indicates a better subset.

2

1 & i
Fyithin =1- — Z HXs(el) - Centerslabels[i] (5)

nd i

1 n k (i) 2
Foetween = w(k=1)d ; ; HXse1 — centers, (6)
c+labels[i]
d-1

Fcomplexity =1-— (7)

D-1
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3.2 Local Refinement
3.2.1 Motivation for Local Refinement

Let F={fi, f», - -+, fa} be the original dataset. From an information-theoretic perspective, the goal of
unsupervised FS is to minimize the information loss between the full set F and the selected subset S, that is,
to minimize the difference between H(F) and H(S). Since H(F) is constant and H(S) < H(F), the objective
function can be written as

argmsaxH(S). (8)

In the context of a GA, the subset S is encoded as a binary chromosome, where each bit indicates whether
a corresponding feature is selected. To refine a given chromosome, features can either be removed from or
add to S. From the information-theoretic viewpoint, the reduction in entropy caused by feature removal is
designed to be minimized, whereas the increase in entropy resulting from feature addition is maximized. This
principle forms the basis of the proposed local refinement strategy, which adaptively updates chromosomes
to preserve maximal information content while maintaining compactness.

3.2.2 DEL Operation for a Chromosome

In the case of removing a feature from the subset S, the resulting subset S — { f ™} is selected to minimize
the information loss, measured as the difference between H(S) and H(S — {f~}). Let S~ be subset obtained
by removing a feature f~ from S. The corresponding optimization problem can be written as

arg;ng(S—{f‘})- )

However, since H(S — {f™}) represents a high-dimensional joint entropys it is generally impractical
to estimate it accurately due to the exponential growth of the joint probability space. To address this
estimation, we approximate H(S — { f~}) using lower-order joint entropy terms, which provide a tractable
yet informative surrogate for the true joint entropy.

Lee and Kim [27] define sum of the k-cardinality entropy as

Ur(X) = Y, H(Y), (10)

YeX,’(

where X’ is the power set of X, and X/, = {e|e € X', |e| = k}. Based on this definition, the upper bound of
Han’s inequality [28] can be written as

H(X) < ——U,,(X), (1)
n-1

where 7 is the number of variables in X. From this upper bound, Lee and Kim [27] derive the Lemma 1 as:

Lemma 1: Let Ui (S’) be the k-cardinality entropy of given variable sets S. Then the lower bound and the
upper bound of Ui (S’) can be defined as

1 n—-k+1

. _1(kUk(S’) - (Z:i)UI(S’)) <UL(S') < (ﬁ)uk_l(S’). (12)
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Lemma 1 indicates that the upper bound of Ui (S’) is determined by the (k —1)-cardinality entropy
term. From this Lemma, Seo et al. [29] obtained the k-cardinality approximation of the high-dimensional
joint entropy H(X) as:

Theorem 1: Upper bound of the H(X) with k-cardinality entropy is

b

H(X) < (H i )Uk(X’), (13)

o1 =1

where b = min(n — k, k- 1).

Theorem 1 implies that the approximation becomes tighter as the value of K increases, leading to a
more accurate estimation of the overall entropy of H(X) [30]. Based on this observation, the joint entropy
term H(S, f*) can be approximated by the sum of k-cardinality entropies. In the proposed local refinement
scheme, k is fixed to two in order to balance computational efficiency and approximation accuracy. If k is
fixed to one, then it is univariate entropy. Accordingly, the objective function (9) can be approximated as

JpEL = argg{}gH(s -{f 1

L
~ afg?}?s((g |S‘—_2)U2(S -{ 1
= argmax U(S-{f1})

:argn}a)s( Z H(fi, f;)
7S fi fres\f-

(14)

where b = 1 and the term related to b is independent to objective function. This objective function deselects
f~ where the joint entropy between features in S\ f~ is maximized.

Note that the total pairwise entropy over the subset S can be decomposed as

Ux(8)= > H(fufp)+ > H(fif ) (15)
fi-fieS\f~ fieS\f~

Since U,(S) remains constant for a fixed subset S, maximizing the first term 3, ¢ c\(r-3 H(fi> f))
is equivalent to minimizing the second term ¥ .\ (-3 H(fi, f~). To simultaneously minimize the indi-
vidual information loss of f~, we incorporate its self-entropy H(f~) = H(f~, f~) into the objective. The
optimization problem can thus be extended over the entire subset S as:

argmin Y H(f;, f7). (16)
f eSfiGS

This reformulation allows for highly efficient matrix-based vectorization, ensuring the removal of the
feature with the least individual information and synergy.

3.2.3 ADD Operation for a Chromosome

In addition to the objective function designed for deletion, an analogous objective function can also be
formulated for the addition operation. In the case of adding a feature from the subset S, the resulting subset
{S, f*} is aimed at maximizing the joint entropy. The corresponding optimization problem can be written as
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argmax H(S, 7). (17)
gma (S, f7)
From the Theorem 1, the objective function (17) can be approximated as

b
Japp ® argmaxn |S| Uz({s 1)
(18)

Uz({S 1,

= arg max

where b = 1. Regardless of whether the candidate feature f is included in the subset S or not, (18) can be
reformulated as

1
JapD % argn}ilxm(Uz(S') + Uy (f"xS")), (19)

where x denotes the Cartesian product between two sets. Since U,(S’) is independent of f¥, it can be
removed. Therefore, the final objective function can be written as

JapD % argm§X U>(f* xS")

= argmaxZH(f  f).
feS

(20)

Finally, the proposed local refinement process can be summarized by two complementary operations:
feature removal (DEL) and addition (ADD), which are defined as

DEL: f~ —argmmZHf,,f) (21)
feS

ADD: f* —argmaxZH(f ), (22)
feS

where the DEL operation removes the feature contributing the least entropy within the current subset, and
the ADD operation selects the feature that maximizes the joint entropy with the already selected features.
These two operators enable the adaptive refinement of chromosomes toward subsets that preserve higher
information content while maintaining compactness. The number of selected features is kept constant during
the refinement process.

3.3 Proposed Algorithm

Specifically, Algorithm 1invokes Algorithm 2 in each generation by passing the top & elite chromosomes
as input. For each chromosome C;, Algorithm 2 first applies m; DEL operations to remove the most
redundant features and then applies m; ADD operations to incorporate the most informative unselected
features. The number of operations is determined as m; = max(1, m), where m = |¢/2| and ¢ denotes the
current subset size. The refined chromosomes N;(t) are merged with the offspring generated by the GA,
N, (t), and the top p individuals are selected to form the next generation P(t).
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Algorithm 1: Proposed algorithm

Input: p: size of population, h: number of generated chromosomes by local refinement, g: number of
generated chromosomes by genetic operator, max_iter: maximum number of generation
procedure PROPOSED ALGORITHM
initialize and evaluate P(0)
for t = 1to max_iter do
select top-h chromosomes C in P(t —1)
create N;(t) from C using Algorithm 2
create N, (t) from P(t —1) using genetic operators
evaluate N;(t) and N, (t)
add Ny (t) and N,(t) to P(t—1)
select P(t) from P(t—1)
end
end

Algorithm 2: Local refinement

Input: C: some chromosomes in P(t), m: number of DEL and ADD operations
procedure LocaL REFINEMENT(C)
fori=1to|C|do
m; < max(1l, m)
for j =1to m; do
apply DEL to C; using Eq. (21)
end
for j=1tom; do
apply ADD to C; using Eq. (22)
end
end
end

We adopt a memetic search framework in which a GA conducts global exploration while an
information-theoretic local refinement operator performs on top-ranked individuals. In each iteration, the
algorithm selects the top-h chromosomes from the current population and applies DEL/ADD operations
guided by lower-order entropy surrogates. The refined elites, together with GA-generated offspring, are then
merged and down-selected to form the next generation, preserving the population size p and enforcing
elitism. Total algorithm is represented in Algorithm and the algorithm for the local refinement is in
Algorithm 2. The overall flow of the proposed method can be seen in Fig. 1, where the outer box represents
the overall framework of Algorithm 1 and the inner dashed box highlights the local refinement procedure of
Algorithm 2.
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Algorithm 1

Population Initialization

\
Fitness Evaluation of

P(t-1)
{ - )
Select top-h elite Roulette Wheel
chromosomes Selection
Algorithm 2
(- ——— V%V ———17 A\
| Local Refinement | Crossover & Mutation
| | (DEL/ADD) - N1 || - N2
Y ]
Merge

P(t-1) + N1 + N2

A4

Evaluate N1 and N2

Y

Select top-p individuals

No, Update to next generation
Final iteration?
Yes

Best Feature
Subset
\ 4
End

Figure 1: Overview of the proposed method.

3.4 Computational Complexity Analysis

Let n denote the number of samples, d the total number of features, p the population size, 4 the number
of chromosomes subject to refinement, m the number of ADD and DEL operations per chromosome, and
|S| the average number of selected features in a chromosome. The complexity of the proposed method can
be analyzed in three main parts: the initialization, the genetic evolution, and the local refinement process.
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1) Initialization and Evaluation.

The initial evaluation of fitness values computes the clustering-based heuristic metrics. Assuming
k-means clustering is used, the fitness evaluation takes O(p - I - k - n - |S]), where I is the number of clustering
iterations and k is the number of clusters.

2) Genetic Operations.

In each generation, crossover and mutation operations are performed on p chromosomes, resulting
in a computational cost of O(p-d). The offspring evaluation adds another O(p - |S|), which is typically
dominated by the evaluation of entropy- or information-based metrics. The selection step requires sorting
or ranking the population, incurring an additional cost of O(plog p).

3) Local Refinement.

The proposed refinement scheme operates on the top-h chromosomes using both DEL and ADD

operations. For the DEL operation, removing a feature with the smallest entropy value from S requires O(|S|)

operations per refinement, resulting in O(h - m - |S|) in total. The ADD operation evaluates each candidate
feature f* ¢ S by computing the pairwise joint entropy with all features in S, i.e.,

fr= argggg%H(f . f)s

which has a complexity of O((d —|S|) - |S|) per ADD operation. Hence, the total complexity of the local
refinement stepis O(h - m - (d — |S]) - |S|) for exhaustive search. If a candidate sampling strategy of size r < d
is adopted, the complexity can be reduced to O(h-m-r-|S]).

4) Overall Complexity.

Considering all components, the computational complexity of a single generation can be
approximated as

O(p-d+h-m-(d~|s])-|s| + plogp).

If the local refinement uses sampling or pre-computed entropy tables, the dominant term is O(p - d),
making the algorithm relatively scalable to high-dimensional datasets. The pre-computation of all pair-
wise entropies H(f;, f;) incurs an additional one-time cost of O(d*), which can be amortized over
multiple generations.

5) Memory Complexity.

The memory requirement is mainly determined by the storage of pairwise entropy values, which is
O(d?) in the full setting. To alleviate this cost, block-wise computation or sparse storage strategies can be
applied by excluding feature pairs with negligible mutual information.

Overall, the proposed algorithm maintains a reasonable computational complexity while enhancing the
convergence stability and solution quality through information-theoretic local refinement.

4 Experimental Results
4.1 Experimental Settings

In this study, to validate the performance of the proposed method, three wrapper-based UFS techniques
UFSACO [24], Evolutionary local selection algorithm based GA (ELSA) [23], and FBPSO [25] were selected
as comparison models. There are five data used in the experiment: Glioma, Prostate GE, TOX 171, Yale,
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and warpARI0P. Normalized Mutual Information (NMI) and Clustering Accuracy Score (AC) are used as
evaluation indicators.

ELSA follows a general GA algorithm and uses a clustering evaluation index as a fitness function.
This function also has the same fitness function used in the method we propose. FBPSO generates a
feature subset by evaluating the dissimilarity between selected features and the similarity between unselected
features. UFSACO evaluates the similarity of features using cosine, through which a numerical value called
pheromone is obtained and features with high values are sequentially selected.

All datasets are normalized to the range of [0, 1] using MinMaxScaler before the FS process. The
parameters of the comparative methods were set as follows. For UFSACO, the maximum number of
generations was set to 20, the number of ants in each generation was set to six, and the number of features
explored by each ant was set equal to the initial subset size used in the proposed method. For ELSA and
FBPSO, the number of generations was set to 20, and the population size for each generation was set to six. In
particular, for a fair comparison with the proposed method, the number of offspring generated per generation
in ELSA was fixed at six. This is because the proposed method generates two offspring and four additional
individuals through local refinement in each generation. The number of ADD and DEL operations, denoted
by m, was determined based on the number of selected features ¢ in the chromosome undergoing local
refinement. The main parameters of the proposed method were set as p:6, m:%, h:4, g:2, and max_iter:20.

To evaluate the clustering performance of the selected feature subsets, we conduct k-means clustering
and measure the quality of the selected features. The number of clusters, k, is set equal to the true number of
classes in the dataset. Since the k-means algorithm initializes cluster centers randomly, the clustering results
may vary across different runs. Therefore, to ensure the reliability of the evaluation, k-means is executed
independently 10 times for each feature subset, and the average of the results is used as the final metric. We
employ NMI and AC as evaluation metrics [31-34] as

_2(Y3Y) 23)
H(Y)+H(Y)
k
AC: % aXZM,-,,T(,-) (24)
o=l

Both metrics take values between 0 and 1, and the evaluation is performed based on the clustering
results obtained using k-means, a representative algorithm for unsupervised learning. The first metric, NMI,
measures how statistically similar the clustering results are to the true class label structure of the data
from an information-theoretic perspective. A higher NMI value indicates that the selected feature subset
preserves the original class structure of the data well. H(Y) and H( Y) denote the information entropy used
to normalize the mutual information value into the range between 0 and 1, and are computed as follows:

H(Y) == p(y)logp(y) (25)

yey

I(Y;Y) represents mutual information, which quantifies the amount of shared information between
the true labels and the predicted results, and is defined as:

I(Y;Y) = H(Y) - H(Y|Y) (26)

AC measures the matching ratio between cluster labels and true labels. Since the cluster labels obtained
from the k-means algorithm are assigned arbitrarily, the Hungarian algorithm is applied to perform an
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optimal one-to-one mapping between cluster labels and true labels. The AC is computed as follows, where
M (i) denotes the number of samples belonging to the true class i that are assigned to the predicted cluster
n(i).

These two evaluation metrics have been widely adopted in numerous prior studies on UFS [35-38].
Specifically, NMI measures the statistical dependency between clustering results and the actual class struc-
ture from an information-theoretic perspective. AC, on the other hand, directly measures the proportion of
correctly classified samples through the Hungarian algorithm. However, each metric has its own limitations.
NMI captures statistical dependency well but does not directly reflect misclassifications at the individual
sample level. AC measures sample-level accuracy but does not account for differences in information content
across clusters. Therefore, by employing both metrics together, the quality of unsupervised feature subsets
can be evaluated more reliably from two complementary perspectives: statistical agreement and sample-level
classification accuracy.

Table 2 summarizes the five data sets employed in this study, which comprise three biological and two
facial image data sets. The biological group includes the Glioma [39] data set, which provides information
on glioblastoma from 50 subjects, the Prostate GE [40] data set, containing 102 tissue samples, and TOX
171, which features gene expression profiles under various toxic conditions. To further validate the proposed
method, two facial image datasets were incorporated: Yale and warpARIO0P, consisting of images from 15 and
10 individuals, respectively. All datasets were sourced from the corresponding repository [41].

Table 2: Information about datasets.

Datasets No. of Instances No. of Features No. of Classes
Glioma 50 4434 4
Prostate GE 102 5966 2
TOX 171 171 5748 4
Yale 165 1024 15
warpARI0P 130 2400 10

All experiments were conducted using Python 3.12.13 in the Google Colab environment, which pro-
vides cloud-based computing resources. The implementation utilized the scikit-learn library for k-means
clustering, NMI calculation, and MinMaxScaler normalization, NumPy for matrix operations, and the SciPy
library for the Hungarian algorithm used in AC calculation.

4.2 Comparison Results

Tables 3 and 4 present the NMI and AC results of the proposed method and the comparative algorithms,
respectively. The bold values represent the best performance for each dataset. In both evaluation metrics.
In particular, for the NMI metric, the proposed method on the TOX 171 dataset significantly outperformed
FBPSO and UFSACO. In terms of AC, the proposed method achieved a score of 0.5007 on the Yale
dataset, showing a substantial performance improvement compared to UFSACO, which recorded the lowest
performance, and also outperforming ELSA. These results objectively demonstrate that the proposed method
effectively captures the interactions and information among multivariate features, thereby deriving a more
optimized feature subset.
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Table 3: Comparison of NMI results between the proposed method and comparative algorithms.

Datasets ELSA FBPSO UFSACO Proposed
Glioma 0.5528 0.5236 0.4130 0.5547
Prostate GE 0.0148 0.0136 0.0126 0.0155
TOX 171 0.2446 0.2253 0.1955 0.2510
Yale 0.5423 0.5174 0.4774 0.5434
warpAR10P 0.3100 0.2707 0.2697 0.3118

Table 4: Comparison of AC results between the proposed method and comparative algorithms.

Datasets ELSA FBPSO UFSACO Proposed
Glioma 0.6056 0.5849 0.5511 0.6078
Prostate GE 0.5718 0.5691 0.5664 0.5733
TOX 171 0.4650 0.4513 0.4260 0.4682
Yale 0.4973 0.4728 0.3842 0.5007
warpAR10P 0.3180 0.2907 0.2813 0.3218

Figs. 2 and 3 illustrate the convergence processes of NMI and AC, respectively. The convergence
comparison was limited to ELSA, which shares the same population size and fitness function as the

proposed method, enabling a fair comparison based on the number of fitness evaluations. The horizontal
axis represents the cumulative number of evaluations of newly generated individuals as the generations
progress, while the vertical axis indicates the performance of the best individual found by the algorithm up
to that evaluation point. By comparing the convergence processes of ELSA and the proposed method, the
performance differences across generations can be clearly observed. As the number of evaluations increases,
the proposed method consistently converges to higher NMI and AC values than the conventional ELSA
across all five datasets. This pattern demonstrates that the local refinement process in the proposed method

effectively alleviates the convergence problem of the traditional GA.
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Figure 2: Comparison results of the convergence between the proposed method and ELSA in terms of NMI (higher
value indicates better performance).
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Figure 3: Comparison results of the convergence between the proposed method and ELSA in terms of AC (higher
value indicates better performance).

4.3 Analysis of the Proposed Method

Tables 5 and 6 present the experimental results conducted to examine how sensitive the fitness function
of the proposed method is to changes in the weights. Specifically, @ = 1 and y =1 are fixed, while f is varied
from 0.01 to 100 to observe differences in performance. This aims to quantitatively analyze the contribution
of the separability metric in selecting features that enhance discrimination between classes. The results
show that, for most datasets, the highest NMI and AC values are achieved when f3 = 1. This suggests that
appropriately considering inter-cluster separability contributes to improving clustering quality. Furthermore,
since the performance does not significantly degrade even under extreme conditions where f3 is very small
or very large, it can be confirmed that the proposed method is not highly sensitive to parameter variations.
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Table 5: Sensitivity analysis of the penalty weight () across five datasets. Results are reported as mean NMIL

B Glioma Prostate GE TOX 171 Yale warpAR10P
0.01 0.5277 0.0144 0.2309 0.5193 0.2876
0.1 0.5287 0.0146 0.2280 0.5182 0.2891

1 0.5547 0.0155 0.2510 0.5434 0.3118
10 0.5267 0.0146 0.2293 0.5265 0.2891
100 0.5267 0.0145 0.2274 0.5264 0.2891

Table 6: Sensitivity analysis of the penalty weight (/) across five datasets. Results are reported as mean AC.

B Glioma Prostate GE TOX 171 Yale warpAR10P
0.01 0.5885 0.5707 0.4536 0.4718 0.3046
0.1 0.5836 0.5712 0.4510 0.4730 0.3049

1 0.6078 0.5733 0.4682 0.5007 0.3218
10 0.5855 0.5712 0.4499 0.4774 0.3037
100 0.5865 0.5709 0.4491 0.4764 0.3032

Table 7 presents the total execution time of the proposed method and the comparative algorithm,
ELSA. Despite including the preprocessing overhead of constructing an initial joint entropy lookup table,
the proposed method demonstrates computational efficiency. Although ELSA, which does not require
the table construction process, generally records shorter execution times, it takes longer execution time
on some datasets compared to the proposed method. This shows that the vectorized approach based on
matrix operations reduces computational complexity in high-dimensional data, thereby enabling the local
refinement process of the proposed method to be executed efficiently.

Table 7: Execution time results of ELSA and the proposed method (s).

Datasets ELSA Proposed
Glioma 10.16 9.95
Prostate GE 20.28 17.63
TOX 171 20.63 21.00
Yale 18.99 23.02
warpAR10P 18.16 21.27

Tables 8 and 9 compare the performance of the univariate entropy-based search method and the
proposed multivariate entropy-based search method in the local refinement process. In particular, for the
Yale dataset, NMI increased from 0.5307 to 0.5434 and AC improved from 0.4840 to 0.5007 showing the most
significant performance gain. However, since warpARIOP is a high-dimensional image dataset with strong
correlations among pixels, multivariate entropy may reflect redundant information, which can result in lower
performance compared to univariate entropy. This suggests that multivariate entropy may be less effective in
datasets with strong feature redundancy. Nevertheless, these results demonstrate that the proposed method,
which considers interactions between features using joint entropy, derives more clustering-optimized feature
subsets than the univariate entropy-based approach.
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Table 8: NMI comparison of univariate and multivariate entropy based local refinement.

Datasets Univariate Entropy Multivariate Entropy
Glioma 0.5478 0.5547
Prostate GE 0.0141 0.0155
TOX 171 0.2474 0.2510
Yale 0.5307 0.5434
warpAR10P 0.3409 0.3118

Table 9: AC comparison of univariate and multivariate entropy based local refinement.

Datasets Univariate Entropy Multivariate Entropy
Glioma 0.6027 0.6078
Prostate GE 0.5701 0.5733
TOX 171 0.4636 0.4682
Yale 0.4840 0.5007
warpAR10P 0.3433 0.3218

5 Conclusion

This study proposes a joint entropy-based local search GA that considers interactions among multi-
variate features to address the convergence problem in UFS. To validate the effectiveness of the proposed
method, experiments were conducted on five datasets, comparing its performance with ELSA, FBPSO, and
UFSACO. The proposed method outperformed the comparative approaches in both NMI and AC across
all datasets. This demonstrates that the joint entropy-based search effectively overcomes the limitations of
conventional wrapper methods. Unlike conventional GA, which relies only on probabilistic operators, the
proposed method incorporates information-theoretic measures, enabling precise local optimization even in
unsupervised environments.

The proposed method achieves strong performance on the gene expression datasets Glioma and Prostate
GE, suggesting that it can potentially be applied to disease detection and biomarker identification in clinical
settings. Results obtained on the facial image datasets Yale and warpARIOP demonstrate its applicability
to high-dimensional visual data processing. Moreover, it can be particularly suitable for high-dimensional
data mining tasks that are expensive or impossible to obtain class labels such as customer segmentation,
anomaly detection, and pattern recognition. The proposed framework can also be applied to cyber security
applications such as network intrusion detection and malicious code classification. This is because high-
dimensional, unlabeled data is common in these fields. Sensor data generated in IoT environments can
also be utilized for unsupervised anomaly detection, as such data is typically collected without class labels.
Future research will focus on integrating deep learning-based feature representation and cluster intelligence
methods to further improve search efficiency and scalability.

However, the generation of a joint entropy table for the local refinement process generates preprocessing
overhead, which requires more computational time as the dataset becomes larger, and its effectiveness can
be limited in the presence of strong correlations between features, such as warpARI0P. Furthermore, since
the performance evaluation in this study is based on the results of k-means clustering, the results can also be
influenced by the random initialization of the cluster centroid. While the proposed method has been shown
to effectively alleviate the convergence problem of the wrapper method, it still has limitations in not ensuring
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global optimization. Therefore, in the future, we will consider an adaptive method that automatically adjusts
the weights of the fitness functions according to the dataset characteristics. We will develop an evaluation
approach that does not rely on clustering algorithms, and expand our experiments to various large datasets
to further validate their performance. And we will explore the generalization of the local refinement process
so that it can be applied to a wider range of optimization algorithms.
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