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Features Selection to Optimization of Classification: A Survey
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Abstract

This paper is a survey research of features
selection to optimize the classification of data mining.
The purpose is to study the research related to the
selection of the classification of data mining. Selected
researches of not more than 10 years, 10 papers, then
summarized the presentation of the selection of
characteristics of each research. Based on a total of
10 research findings, it was found that the selection of

features was a very important part of the data
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preparation before creating the data mining model.
There will be a comparison with the way it is known.
Or how previous research has been presented. When
comparing previous methods All these studies provide
all the high performance measures.

Keyword: Feature Selection, Data Mining,

Dimensionality Reduction

1. Unin

2y A

o =} 9 = o
msiunilesdoya [1112] 1 5 Tuaou fio N33
9 o s 9 =

anudladynr mahanudlsdeya mswien
Foya msadrauuusiaes mssziivuazmsii 114
J Y H
Faruaeundwaneilsz@nnimvesduuuneinsal

A 9 a A A o
miloatoyamnigane madenqudnyug (Feature

. & ] 2 a F) A A
Selection) mf)g“lumum)umimiﬁmmayjmwammwn

@

a a a R =) vq ¥ A X 9
1]535ﬁTl'ﬁﬂ']W‘Uf)\if]ﬁﬂf]TVlllfﬂiliﬁluqﬁliﬂl‘wnqxﬁ]u 8
vasy 1A P} 2 v
ﬂTilE]Tﬂ‘ﬂ!f’fﬂJ'U?‘]V]"liJlﬂfJ'Jleﬂ\‘lL!agclﬂclfﬂuﬂﬂﬂ

9
HDNINUU ﬂﬁﬂﬂlaﬂﬂﬂmaﬂymzﬂﬂﬁﬂﬂiﬁ}ﬂﬁTd%}Nﬁ’J

. 3

o 3 a a aw A
lLUUWﬂWﬂiﬂIWWqﬁi’JﬂLi’JﬂﬁﬂJu UITUHIIUINUIEN

o o aa P
YSulgamsidenquanyauz anvuiaveala udly

av 1 Y 'Y o 9
“]jﬂJWWGUEN\ﬂu’Jﬁ]fJﬂE]uWHT llﬂﬂﬂﬂﬁﬁlﬂﬂudﬂlﬂy‘ﬁ

o A adaw 1 9 o Y v
11nW1e Msvziunatalsivenounindsuly Uya

a Ya o Y

9 ' ' o Y v =<
‘Uf]lquaﬂlﬁll“] m%‘lnmmmmmlmnmn {IYIIADINTT
o A o A

ﬁﬂkﬂﬂu% ﬂﬁlﬁﬂ?ﬁﬁ}ﬂﬂﬁUﬂTiﬁ’ﬂLaﬂﬂﬂmﬁﬂnglWﬂ

q

mndszansammsiunilesdoya Taed1519011u3%0

ra 2 Y g o
T3itu 10 Ydounas S1uau 10 o



= Sa gy
2. NYHHYUALITIUNITINTINYIVD
o N 9
2.1 myiuniiesvoya
o A 9 .. A
N1TINUNNUBIVDY D (Data Mining) [1] [2] AD
mmumiﬁwmaﬁ”wﬁ’aga (Extract Data) 890311
grudeyavuialug e ld ldarsauine uie
o o & ' A @ ' <
anuduiusvesdoyaluiiiidalug Taoiu

asaumanimarartazaniniih 11418 Fafluas

]
9o ¥ A

dnghvzaredadulalumsihgsneang milosdoya
I 9 w o
hunszuumsdidg 1un133 Knowledge Discovery in
o A s = 2 A

database (KDD) M3vinniedoyail 5 vuaeu Ao n13
o Y o Y 9 =
manuwd latfyn mamanudladeya nisnien
doya Mmsaduuuiiaes msszdiv wagmsiilald

X EY AL nya
llagﬂi'ﬁ]ET?J‘UWa’ﬂUiiQLﬂWWNWﬂﬂﬂ\‘l]l’JlWﬂﬂiﬂ

22 matiagulddadule
a v Aa I
madadulddadula WunsFoudTaonis
° . . 9 I '
31UN (Classification) [3] ToyavonIungu (Class)
1 aa J
a199 Taelduen5021 (Attribute) voadoyalunis
Y Yo Sy v 2 Yoq 9 '
nenuez auldaadulenldainmsiseudnldnsun
Aa & 9 A3 o o °
weanstInlavesteyaniudrmnuamssuun uay
aa J ' o o v
ueanidauaazdivestoyaiinnudidyuinios
1 @ 1 v = Y Y Yo a
A1nued1als nadnsvoenisisouidauliaaduls
Y a
Usznoudie 1) Tnuan1e1u (Internal Node) Ao 1093
a N ' P} g
199 (Attribute) 9139 veavaya ITnuanigluiiu
29 ) Y A 4
95 NANYE AN 1581 1A (Root Node) 2) N9
' Aa o {
(Branch Link) fio A1voueans 19 luTnuanielui
' Vv
uannatioanu 3) Tnualy (Leaf Node) Ao nguaatd

' L g 9 °
(Class) 149 G'Tm‘ﬂuwaawﬁ“lummmuﬂéffaya

ant = 2 4 .
2.3 35N15L38UIHUVUVIVY Naive Bayes
an =~ 9 4 3 ax ~ yaAq ¥
ATNISTLTYUIUV ULV Y [2] l“].]uTﬁﬂWilifJug‘ﬂi‘lf
o [ I = ddy =}
nanMIveIANNUITY FINWUFTHUIINNGHH VD

a

4 9 1 =) Y i
118 (Bayes Theorem) wmwaﬂﬂlummﬂug YAYNVTNY

aQ

4 P { ' o &
eas e Tumaaioglugdvesniuiizilu duiu

an 2 Y @ 1 . . . <
15N15158UIIVEDY19918 (Naive Bayesian Learning) 11l
FWiwunlsziandoyaniidszaniamisuils Taenly
P25 ' ' [ a R
nuldduazdeaonisilszutana dano3iiuvenis

~ v d ' dyd o A "o Y A
!,5ﬂugu‘uuuJt’mfmq1ﬂuumimwuﬂ‘luwmaumuau
A = 1 < 9 @

IDNITDU Famanuizdudmiumsuenidszian

s aa Y
oyanNnINg

3

' 9 .
U AWMU (Prior Knowledge) 1o uinu
Y . A LA aa A . =
A28 P(ailvj) Taoh ai AouoaAN3I U291 i nag vi e
9

AVDIUDANT TN aj AU HINABINITT 1T 0YAYA

&2 3| =2 ° '
wialimsuenlszianiuaarala Salimsdnamen

] I A Aa Y @ 1
anuiazithunniganiinnulndifesiunimnite
I 1 ] I
Wuveannaaia nazkaguuosinuiezuve
o 9 A P Y o a

Auanvazvesteyayaninnuinouni deaumsi 1

Q U

VN = argmax P(vj) «[liz1 P(ailv)) ()

2.4 6an®3Nu k-Nearest Neighbor

@ a R . I 2 an
DaNDINY k-Nearest Neighbor [3] Wluiuneuls

A Y ~ Py Yas ] 1
outunlndnga Tagldi5mamzeesn1esgnin

wa 1 9 = ) o 9 A g
Auauiaveudazdoya Funuzdmiudoeyainiy
day Taefruasiuiowaiy k 1drmuIngeria
(Distance) ¥o490yafidoanmsinsanivgatoyadon

INAUNITILHLNINYATIABY (Euclidean Distance)

'
1 AaA o

Maouvesteyandoimsiueie nguilisiuauuin

hgalunguuesyavoya k Ausn

2.5 mixﬁaﬂﬂmﬁﬂymz (Feature Selection)

@

A o & 2 o
fﬂilﬁﬂﬂﬂﬂlaﬂ"ﬂﬂlglﬂuﬂlu@lﬂuﬂWiﬁWﬂﬂJ [3] (11/!

9

G Y J o A Y < a
MIassutayanauMINIMioveya Wunalans
AAVUIAVOIUA AT IUIUAUANH UL uazAALADN
audnbaziinnudinydenisneinssivilostoya
naze1ana1n laimlszantamvesmssuuniszian

N 9 da! B o A o 9 =
MipdvoyavuegRUANANYAE (Feature) N1 19 4
wenvINIzFIvanszezna lumsas s uuuneInsal

vy Xy o 1 o o S0 re
TH529uud dvredaquanyuz lisuiludents

Y @ WEEIES
Z‘Ti?\‘lﬂ?llﬂﬂwmﬂimqﬂﬂﬂﬂjﬂ



@ 9

2.6 NUINNYIVDI
U398V09 Ghaemi, M., & Feizi-Derakhshi, M.
A [ I
R. (2016). [4] Idiaueitmidennaansuziulam
A A Y v A Yo a=
W lumssuruuy lideiios Tasldsanesny
Mstnudseansninnisiln (Forest Optimization
. =) = 3 as nﬂl A
Algorithm - FSFOA) 115 oMo unuITni15ou 9 Ao
HGAFS, PSO 1ag SVM-FuzCoc Haminaasanaadly
<3 1 o Y
111131 FSFOA a1 olsuilganaiugndealunis
o v o Y Y
swundszianvesdrsuniszinnld 8 gadoyanin
v
narua 11 gadoya
Gao, W., Hu, L., Zhang, P., & Wang, F. (2013). [5]
IAUONITIADNAMANY MUY 18 USAND Minimal
Redundancy-Maximal New Classification Information
1 Y

(MR-MNCD) #1523 (naeimsidonasan sy naaod

VY Y o o o A3 9 )
NQNINAEN Y TasdaRuanbUENTIFoUYDIVDINT

=~

, o ! a 2
aoInNqu !,LagiLaﬂﬂﬂmﬁﬂymgﬂlﬂu@ﬁigﬂWﬂﬂQWﬁ‘ﬂ\‘l

as v A

aeenquoen uduSoufeuisnsdanennadnyas
18N 735 (IWFS, MRI, JMIM, DRGS, MIFS, MIM and
mRMR) NA#0UNUT0YA 12 %A HAN1TNAADY 3D MR-
MNCI Jszansamlumstanuianyganga

Zhang, P., Gao, W., & Liu, G. (2018). [6] 1HUDID
Feature Selection based on Weighted Relevancy (WRFS)
2 v 1w a Sdqyyw ' o A
Fevzdamdulszansnlgdoyasuny oniau
auaasEHINdoInaanyae tazlssumeunuITNIS
Aardenquanyuy 3 35 lugavoyan1nsgIu 18 4 Ha

Aan = a a a1 asd [

MINAABIIT WRFS Nilscanimmaninitsoue) Taeia
ANINYNADY AUC HagAziuu Fl

Kamyab, S., & Eftekhari, M. (2016). [7] t&¥U®
iMAtlA Multimodal Optimization (MO) lun1suiayna

A @ A A a a v
m3donnuanyuzoiulszansaw lumsaum
o = o oAy ¥ a ¢
AUANHULAUNUIZEAY HAAWEN IALAZNITAATIZHN
aa 1 a A ax Y Y = A

adanuIlszansnmuedds Mo lvagndaesdniniie

= v ad d’
MNIUNUITNITOU

Jalilvand, A., & Salim, N. (2017). [8] 1@ UDQD
Feature Unionization (FU) 3001554 aANYYY 111D
AAVUIANITIANNIANYAUANHUL NATOUYATOYA
o Y o
1 9 ga lFmsdwunanuilszian 3wy wans

ag = a a = 1 an v A
NAA09IT FUNYI@nTninanI1isnisdAataon
o A v v 4
Aaanvuzuuuay Taslinnugndesgagani 9 aa
9 an
doyaluls SVM

Gu, N., Wang, D., Fan, M., & Meng, D. (2014). [9]

FUBUUINIINITTIMUNUUUDITINDQuA (58N
E
9ano3 111171 Kernel-based Sparse Regularized Least-
Squared Classification (KSR-LSC) #115UN1579
[ & o w Y a a 1 [

nanguuunamiugualiilszansamuanaiany
Tunaazyadoya TanFoufouisnis 933 (KSR-
LSC, S-RLSC, S-RLSC-un, SRC, SRC-un, 1-NN, GRF,
LapRLSC, LNP) Han1snaaedlsz@nininaues
8ano3 1 KSR-LSC gagalunnyanadou

Akhtar, M. S., Gupta, D., Ekbal, A., &
Bhattacharyya, P. (2017).[10] muaﬂmﬁaﬂﬂmﬁﬂymz
msswmuntszianlasld particle swarm optimization

A a 7 A 4 o9 a P
(PSO) 1D IATITHANUFRN UM U VLY MIAATIZN

i1 v Y
ANMFONUTINUNNIZAUTUNTAOIUADY AiD N5

° A & 9 Aa o
HeNUazMINUUNANUAFR N IuyATDYaNTNTAALI
o Yy qud ax ~ v
AuUANYMNLA) IFIuABUITMTIToUT 3 Uszian
N1563 EJ‘L!i} A® Maximum Entropy (ME), Randomly Field
o d .
uuufi§ouly (CRF) uaz Support Vector Machine (SVM)
o a L4
MINABBIMILUINULZAINIOINALMTUATIZHANY
A 4 aou 2o
wouuludosdszanlamu nansnaasuIdeilll
a a dé’ 1 ad d‘
UszANTMNAVUNIITMTOU
Uysal, A. K. (2016). [11] tauon1s s uilganis
5h) AU ANYULHIO An improved global feature selection
L g Y
scheme (IGFSS) 1l uduaouganiolunisidon
o ' o A Y, ) Y A g
AUANYUZIIWAY thoud lvyateyanudanyus iy
o X an oo o
dunumniu Iwmsdadonaudnyazaz 1yl IGFSS

BRI IMUASAYAZAINANNAINITD TUAITI LU



wenuozluguieu nazdhemiy) label featuresoz (19
luvasiiadugaqudnyus namsnaaoy 33 IGFSS
ﬁﬁaﬂﬂi"uﬂgqﬂizﬁw%mweummiii“wmwg'ﬁﬂgiu Tay
JannaA)sz@nsan 2 A1Ae Micro-F1 1ag Macro-F1
Pinheiro, R. H., Cavalcanti, G. D., Correa, R. F., &
Ren, T. 1. (2012). [12] tdu®35M3n303d msunsiaen
AUANYUE n3io A filtering method for feature selection
called )ALOFT( '3%1551;'«11’1!%17'1 INHULIANIZVD I
Tawuialszianuesdonny nfouieulszandam

¥93I35715 ALOFT nuI5nsou udmaasulasly

4. HAMSAVHUIY

Sﬁ’aga 3 9@ (Reuters-21578, 20 Newsgroup LLag WebKB)
14n159unds21an 2 330 k-Nearest Neighbor 1182
Naive Bayes Hanaaed ALOFT lanaansniminuvie

= I ax nﬂl
ANINITNITOU

ad o A
3. AFAVUUNY
e au a 4 = = o
UNANNLYUIIUITOFIA15D Iﬂﬂﬁﬂ‘]&ﬂlﬂﬂ?ﬂ'ﬂ
A o Ao a o =
NITIADNAUANHUSNANGA LASUANUTIAYNINNGA
Yy v o 5 ao
GlUﬂWifTiNﬂ'JL!UUWfﬂﬂiﬂ! IﬂﬂﬁTi?ﬂL!ﬁ%ﬁﬂHNWU?ﬂﬂ

IUIU 10 WY

@

d' = a A a Y [ A [y 3’; = Y
M319n 1 WSeuneuanud Emmmmmﬂumﬁmanﬂmanymzﬂlumumummmimsﬂmay‘a

Authors

Pre-processing

Classifiers

Output

Ghaemi, M., &
Feizi-Derakhshi,
M. R. (2016). [4]

Gao, W., Hu, L.,
Zhang, P., &
Wang, F. (2018).
[5]

Zhang, P., Gao,
W., & Liu, G.
(2018). [6]

- 8 Method comparisons.
(SFSSBS-SFFES, NSM, SVM-
FuzCoc, HGAFS, FS-NEIR,
UFSACO, PSO, Feature Selection
using Forest Optimization
Algorithm (FSFOA))

- MR-MNCI, our method is
compared with four state-of-the-art
feature selection methods (IWFS,
MRI, JMIM and DRGS) and three
competing methods (MIFS, MIM
and mRMR).

WRES is compared to the six other
representative

methods , JMI, MIFS, mRMR,
IWFS, MRI and JIMIM

Three classifiers,

KNN (K=1,
K=3, K=5) C4.5,
SVM

Two classifiers,
SVM and Naive
Bayes

Two classifiers
k-Nearest-
Neighbors
(BNN) and SVM

FSFOA can improve the
classification accuracy of

classifiers is the best.

The MR-MNCI method
outperforms the seven other
methods in terms of three metrics:
average classification accuracy,

highest average accuracy.

The experimental results show
that WRES outperforms (13/18
datasets) the other methods.
WRES can effectively identify the
relevant features while
eliminating the redundant and

irrelevant features.
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Authors Pre-processing Classifiers Output
/Models
Kamyab, S., & - compared Multimodal - 6 additional MO methods, their results can
Eftekhari, M. Optimization (MO) methods with classifiers significantly be improved.
(2016). [7] Binary GA (BGA) and binary PSO including SVM,
(BPSO) PART, jRip,
BFTree, Bayes
Net and J48

Jalilvand, A., &
Salim, N. (2017).
[8]

Gu, N., Wang,
D., Fan, M., &
Meng, D. (2014).
(9]

Akhtar, M. S.,
Gupta, D., Ekbal,
A, &
Bhattacharyya,
P. (2017). [10]

Uysal, A. K.
(2016). [11]

Pinheiro, R. H.,
Cavalcanti, G.
D., Correa, R. F.,
& Ren, T. 1.
(2012). [12]

- two filter feature selection
algorithms (i.e., IG and CHI2) -

Feature unionization (FU)

Kernel-based Sparse

Regularized Least-Squared
Classification (KSR-LSC) algorithm
for semi-supervised classification is
effective and compared with 9
methods (KSR-LSC, S-RLSC, S-
RLSC-un, SRC, SRC-un, 1-NN,
GRF, LapRLSC, LNP)

Aspect based sentiment analysis is
performed in two steps, viz. aspect
term extraction and sentiment

classification.

Compared an improved global
feature selection scheme (IGFSS),
IG, IG+IGFSS, GI, GI+IGFSS,
DFS, DFS+IGFSS)

a filtering method for feature
selection called ALOFT (At Least
One FeaTure)

3 classification
algorithms SVM,
Naive Bayes and
KNN(3NN)
KSR-LSC
method for
semi-supervised

classification

Three classifiers,
namely
Maximum
Entropy (ME),
Conditional
Random Field
(CRF) and SVM
Two different
classifiers Naive

bayes and SVM

Two different
classifiers k-
Nearest
Neighbor (KNN)

and Naive Bayes

The experimental results
confirmed the efficiency of the
Feature unionization (FU)
approach.

Classification accuracy of KSR-
LSC algorithm is the highest on

all test sets

A PSO based ensemble technique
can improve the classification

accuracy.

DFS+IGFSS can improve the
classification accuracy of

classifiers is the best.

For all the datasets, the best or
near-best results of ALOFT are

generated using CHI as FEF
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