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[Abstract]

Unsupervised feature selection (UFS) aims to identify a compact subset of features that preserves the
intrinsic structure of high-dimensional data without relying on label information. However, the search
space of feature subsets is combinatorially large and the evaluation criteria are often non-differentiable,
making heuristic and evolutionary search approaches particularly suitable. In this paper, we propose a
novel wrapper-based UFS method that integrates a genetic algorithm (GA) with an information-theoretic
refinement mechanism. The proposed DEL and ADD operators adaptively remove or add features based
on entropy and mutual information criteria, enabling each chromosome to evolve toward a more
informative and compact subset. This hybrid strategy effectively combines GA’s global exploration
capability with principled local adjustments. Experimental results on multiple benchmark datasets
demonstrate that the proposed method outperforms existing GA-based UFS methods in terms of structure

preservation, subset compactness, and overall clustering performance.

» Key words: Genetic Algorithm, Unsupervised Feature Selection, Information Theory, Entropy,
Mutual Information, Evolutionary Optimization, Local Refinement
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I. Introduction

XY glo]E|(high-dimensional data)?} TS &
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III. The Proposed Scheme

1. Preliminary
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2. Chromosome Refinement
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Algorithm 1. Chromosome Refinement

Input: C: set of chromosomes, p: number of DEL
operations, g: number of ADD operations
procedure Local Refinement(C, p, q)
for i=1 to |C]| do
for j=1 to p do
apply DEL to C; using ()
end
for j=1 to g do
apply ADD to C; using ()
end
end
end

Algorithm 12 GAA]| Aol disi DEL, ADDE A&
She daelES UEdt: o e AR A Coll o

sl DEL. ADD & 9A1e 247} p, g4 &3t

Algorithm 2. Proposed Algorithm

Input: P: population of chromosomes, p: number of
DEL operations, ¢: number of ADD operations, #:
number of chromosomes for refinement,
number of generation
procedure Proposed Algorithm(P, p, q, h, T)
initialize P(0)
evaluate P(0)
for t=1 to T do
select top-/ chromosomes C in P(t—1)
create IV; (¢) from C using Algorithm 1

N, (t) P(t—1)

T: maximum

create from using genetic
operators

evaluate N, (¢) and N,(¢)
add N;(¢) and N,(t) to P(t—1)
select P(t) from P(t—1)

end
end
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Table 1. Used Datasets in Experiments

Data # of # of # of
Samples Features Classes
COIL20 1,440 1,024 20
Lung 203 3,312 5
Lymph 96 4,026 9
UMIST 575 644 20
USPS 9,298 256 10
YaleB 2,414 1,024 38
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(clustering accuracy, CLACC), Astel AtsAHZF
(normalized mutual information, NMI)E ARSHICH
[18]. AMEEl= Fe)E59 BAS1E Uiz e Ad
< 3081 9hs AdsIln, Bt 32 71Ysielth

- w1

Table 2. Comparison of Clustering Accuracy

Data GA Proposed
05772 0.6001

COIL20 (+0.0464) (£0.0617)
Lo 0.6865 0.6979

9 (+£0.0939) (+0.1085)
. 05122 05163

ymp (+£0.0709) (£0.0912)
0.4113 0.4181

UMIST (+0.0258) (£0.0282)
05673 0.5846

USPS (4£0.0421) (£0.0529)
Valo 0.0905 0.0923

(+0.0050) (+0.0056)
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0, A==l E4 Aol O e 292H 12E 34
1S 2913 4 Qlch. £38] Lymph, YaleB mjo|E{AlofA]
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Table 3. Comparison of Normalized Mutual Information

Data GA Proposed
0.8843 0.8903
Co1L20 (+0.0365) (£0.0342)
Lun 0.6107 0.6091
9 (£0.0869) (+0.0829)
Lomon 0.6998 0.7226
ymp (+0.0649) (£0.0961)
0.8181 0.8193
UMIST (+0.0293) (£0.0327)
0.7919 0.7968
USPS (+0.0456) (£0.0486)
ValeB 0.7241 0.7290
(£0.0067) (£0.0070)
-19.5
@ —+—GA
—<— Proposed

Fitness

20 40 60 80 100 120 140 160 180 200
Number of evaluations

Fig. 1. Comparison of convergence behavior
between GA and the proposed method on the
COIL20 dataset in terms of fitness evaluations.

-190
—+—GA
-200 § —5— Proposed

-210 %
-220 +

-230

Fitness

-240

-250

-260

-270

.280 L . . . . .
20 40 60 80 100 120 140 160 180 200

Number of evaluations

Fig. 2. Comparison of convergence behavior
between GA and the proposed method on the USPS
dataset in terms of fitness evaluations.
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RA912 AR EY] 2ol o3 T wold GAYY A
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Table 4. Comparison of Execution Time (seconds)

Data GA Proposed
COIL20 320 41.9

Lung 11.3 58.8

Lymph 5.6 71.2

UMIST 9.2 10.9

USPS 162.4 138.6

YaleB 97.1 110.3
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