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Abstract

Purpose: When dealing with high-dimensional datasets, dimensionality reduction is a crucial
preprocessing step to achieve high accuracy, efficiency, and scalability in classification problems.
This research aims to introduce a feature selection method for high-dimensional datasets by
employing dimensionality reduction and genetic algorithms.

Method: In this study, an innovative algorithm has been developed to determine the mutual
information between features and the target class using a new criterion. In this method, new
characteristics are generated through the combination or transformation of the original
characteristics. In this manner, the multi-dimensional space is transformed into a new space with
fewer dimensions. In addition to considering the new criterion of mutual information, a genetic
algorithm has been employed to enhance the speed of the proposed method.

Findings: The performance of this method has been evaluated on datasets of varying
dimensions, with the number of features ranging from 13 to 60. The proposed method has been
evaluated in comparison to similar methods, focusing on classification accuracy. The results have
been promising.

Conclusion: The proposed method has been applied using MRMR, DISR, JMI, and NJMIM
methods on various datasets. The average accuracies obtained from the proposed method are
65.32%, 74.51%, 70.88%, and 58.2%, indicating the efficiency of the proposed method. According
to the results obtained, the proposed method outperformed DISR, JMI, NJMIM, and MRMR on
average, except for the sonar data set, where the sonar data set yielded better results than the
proposed method.
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1. Redundancy

2. Feature extraction

3. Feature selection

4. Minimizing redundancy
5. Maximizing relevancy

Jroe wob wns//:dnyy



\f‘Y‘\'a‘)uﬁa;;:c@b)\blu*x'bb}ﬁ;r_,lﬁ \e

ebaasiie Sl ) 55 03,8 e 13 eslinad 5y g0 (slite LS ladiasein Call s
Sdn S L) 3o o it 5 SIS G5 2 b ST o o eS oS Wi o Sl
NS Olser b Il Ky 55 YU S w2 5 YU Sl &8 plaaasetio | 050
s dw sl lagy! DS

(flite Oledbl auloes Al jlae e avasie OBl gy K andlas ol s
Slalasgdows (golgln gy Sl ol slgily (Oda avasln 5 LIS aaasin oy
gl oo sim 5 Jad el laaasile OBl Lol &Sy sgmge aasele OBl Gla s,
30 S Gl 5l 4 Gloas Gl IS 53 058 o DS B5 L1 sl 5 el alS
g el B S 15 o3l )50 S5 056 (e (5SS 0255 S e(s3lgrtng
G50 2 e 3 3ty e S Ml UCT olSSL il (glaesls 4o ¢ LIS (o)
DS DS 235 iala 3l ilises Lot amilie gl 5 545 Jlesl KNN 2diS
Ayls I3 Jed J{Bch.waécwl ol

Ead90 clugol Y

oS 3l b oliab 4y (sdag i (sliab S 3 ool IS e 2alS (sl gy ol o
St 3 Sl ) 13,8 oo g ool Gokn s by anasien Ll IS b 4y o
(852 Jobe (6 oy el 5 nodls 31 315 Al 35 T S e (6550 sladie o] Y
(Kwak & etal., 2022) cul 35 sla s Jolds avaselnn Sl w3

.LS@ \..X:.‘:. b JiJu\S dSgomn ) CU U'l‘ VoJ.SJ:‘jJ‘_,J(\
. ES . . r .
3 IS o 2bil o sy s e SO bl 1y LS asgenms 5 1 byl Sleme (Y
b)\quu.i\Sk)‘bé‘wwﬁ)u}bjbwwwdug}j) Sl A.LGQQTJJJ;-

Jroe‘wob wnsy/:dny/

4l b (Y

o Sl e 1S 40 pams 15 UT 45 S oo (s 2 bt (F
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2. Generation procedure
3. Evaluation Function
4. Validation Procedure



" - VPW LS. VR0 E BN PRYC VPP

Shuadb 2L slns 5 st 5 elal | aaselie Ol Cilites gla gy plids
b s slimb olas il slons oisS o el | JalS (gt 5145 ol iy 53 S o
Sl S b (A (gt b Sl sy 53 S e s 4ty &b o8 ¢l
Js 4 s oo B 051 L a3 33 0l Sl (glaanaseiun 4 porme 4 aadetio SG o )S!
(ol ol (T (3ol 5 5m pow o083 el gl 1S Glos (S

Do Olye @ (Sode e G 5 03,8 gy ) lilS s gamme 5 0 Shas ob5)) Slms
5 s dtlin B A pann 5 Mo b sl 38 oo 5 5 Jaine asseme ) (e
358 S g 48 mmn ) 0l 4 AL S 48 perme 25l g il a8 sazms ) S
Sl @b Sl 4 s ib 4 da Shs asgere Ol )3 abp 48 gemme ) SO L
R LR LN R EI e ) S 4 cilee bl slaslae 4 (g alie 3l (S
Tlols e slaslns (Dash & et al., 1997) 55 o ok i gty 1 3] SUaslons
CShe e ke o Sils e lbre TSI e sl
VIS sl e Slasline

o o el (g 5 S s 53 4 0SS g elalp asatte DL gla )
95 bl 5 (Blum & et al., 1997) wsh oo sl (5,550 (,:‘U)KJ\ Jsb 5o b la s,
T odes Lan

s 15 5l (YL sl b slaosls b agarlsn 30 52) (5905 Slmslons o Sz (1
Wl (5530 )81 el 36 JolS o) o tes clnaaditio 3l oS5 o

ealS |y aaseiie asgamms 5 DS (6,850 Jde p3eslus i a w0 ses Ol (Y
33 g0 PO e 4 e g 03l

Sl |y baasihs o 5las e 5 035 Jas 650k (2080 3 s <Al sl

1. Complete search

2. Heuristic search

3. Distance measures

4. Information measures
5. Dependence measures

6. Consistency measures

7. Classification Error rate measures
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£ & C(m,n) C(m,n)N*
(09=3 5Dy i
1

) m=1n=1
Which
N*=N;.k
k is the max integer which satisfying k < N/N1
End
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