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Feature extraction based on the more resolution of
the classes using auxiliary classifiers

Hamid Reza Ghaffari*& Atena Jalali Mojahed
Department of Computer Engineering, University of Ferdows, Ferdows, Iran

Abstract

Classification is a machine learning method used to predict a particular sample’s label with the least
error. The present study was conducted using label prediction ability with the help of a classifier to
create a new feature. Today, there are several feature-extraction methods like principal component
analysis (PCA) and independent component analysis (ICA) that are widely used in different fields;
however, they all suffer from the high cost of transferring to another space. The purpose of the proposed
method was to create a higher distinction between various classes using the new feature in a way that,
make the data in the classes closer to each other. As a result, for increasing the efficiency of classifiers,
more differentiation is created between the data of various classes. Firstly, the suggested labels for the
primary data set were determined using one or more classifiers and added to the primary data set as a
new feature. The model was created using a new data set. The new feature for training and testing data
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sets was provided separately. The tests were performed on 20 standard data sets and the results of the
proposed method were compared with those of the two methods described in the related studies. The
outputs indicated that the proposed method has significantly improved the classification accuracy. In
the second part of the tests, the resolution of the new feature was examined according to two criteria,
namely Information Gain and Gini Index, for examining the effectiveness of the proposed method. The
results showed that the feature obtained in the proposed method has higher Information Gain and lower
Gini Index in most cases, as it has less irregularity. To prevent the increase in data dimensions, the
feature with the least Information Gain was replaced with the feature extracted with the most

Information Gain. The results of this step showed an increase in efficiency as well.

Keywords: Feature extraction, classification, information gain, Gini index.
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(Table-1): Specifications of 20 UCI Data Sets
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(Figure-4): Test steps of the proposed CBC model
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(Table-3): Comparison of the support vector classifier classification on the proposed CBC method and other methods by

percentage, on 20 standard datasets and ranking the results (R)
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(Table-4): Comparing the accuracy of the decision tree classifier on the proposed CBC method and other methods as a
percentage, on 20 standard datasets and ranking the results (R)
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(Table-6): Comparison of the accuracy of the nearest neighbor classifier k on the proposed CBC method and other methods
in percentage, on 20 standard datasets and ranking the results (R)
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(Table-7): Mean Results of Support Vector Machine Classification Accuracy on CBC Proposed Method and Other Methods in
Percentage, on 20 Standard Datasets and Results Ranking
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(Table-8): Mean Results of Decision Tree Classifier Accuracy Based on Proposed CBC Method and Other Methods Percent, on 20
Standard Datasets and Results Ranking
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(Table-9): Mean results of random forest classification accuracy on the proposed CBC method and other methods in percentage,
on 20 standard datasets and ranking results
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(Table-12): Mean information gain on the Iris dataset
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:" (Table-10): Mean results of the nearest neighbor classifier k class on the proposed CBC method and other methods to percentage,

X on 20 standard datasets and ranking results
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2 (Table-11): Final conclusion for selecting the best CBC method and auxiliary classifier
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Hayes-roth
(Table-14): Mean information gain on Hayes-roth dataset
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(Table-15): Mean Gini index on Hayes-roth dataset

LEET) &’uu‘i’u
S SR 7.40
o SR 5.40
N mhaw (S 6.13
Jab consy S 5.96
CBCsvm jl oulszl el S5 4.96
CBCknn 3l oaisz! ool (S5g 5.33
CBCtree 3l oozl ponl S 2.30
CBCrT i oozl senl g 2.93
CBCskt 5l oaiizlseial S5 456

asgome 533 59y ¢ loghle] @mls & azg b
gl den Lo @ 0 a5 C85 axl lg oo bosls
Sge 93 2 5 B (Shy Sl el S
s oald Bl ee g (Sl L bl ee g
Sl g

ool s sabalal glawyy 5 [25] lie b
90 0 o> Pl Gl Ll 90 (laghy
Olgised (rlply taiw oo (Foliie @bl a4 5)lge w0
ploul s Gialel g0 cpl 51 SoplaS a5 3,5 pponas
b Sosre ilesl 9o o plxl (ulply w0sd o
It e el Olalbe ey Hlas sl Lol casS o
Syl o)l 0em g g0 ) Clawles ol jo 1y el
SBe 93 58 gy Pomlio (Shy Sl gl Koo
S SeS e (6 el 4 g oo

Looloac gozxo y0 vy s -F-0

O e beadgl gl (S el (e cnl 5o
b oS bl SRy s RIB L Sl
ol mlo o, Bis eslacgeme I 1) Sled]

893 2 =2 LS (ke (1Y - Jgu2)
Iris 05l54< gosxo
(Table-13): Mean Gini index on Iris data set

S 8 Jsb (s 6.66

S elS sl (S 7.93
S5 sk Sy 32
Sl sl Sis 4.2
CBCsvm | oaizl el (S5 2.86
CBCKNN | ouiirl sl (S 3.86
CBCtree 3l oasz!,punl Sy 4,63
CBCI 1 oozl sl (Sg 5.33
CBCskt ;| oaiszl el (Shg 6.3

solidn Sl Shy wadoe cvalin &5 Hebples
SlaShy 4 Comd Gl o 2Pl gl dli
o by Jle Glareas el IS ooloacgosme adsl
S aS ol BIFY laie CBCHf s, 5l Jol> Sius
FeS VAT Jlade b SpenlS by Sy o 230
]

oxe Olme @l Gl (owyp Sy ol s
Hayes- ooloacgoxe (59, p (su (ol 5 Sledb
ol 00 03,49 55 (VO 9 VF) la Jga o roth

9 2 SNl o polie (OF) Jour o
Sirs Lkz L Hayes-roth oolsacgesxs sla S
5 Job Comdy Meax gl e o) e
CBC (soloiiy by, abwsas oadadlol sla S5
Olie w3 o lid bl a5 jeblen aleads 03yl
slaig, jo cadadlsl sl Shs j0 9290 Sledl
addl slaShy Lol BB Al ooliin
oyt Ole Jle laieds ol oulol oolodcgasme
JE050 Jlsie CBCIf g, 5 Jol> Sis Sl
Jie b oSy (Fry S oy S
SO T NRNIESYIY 117

S92 o 2l polie 55 (10) Jguz )9
adlal o F59 o Hayes-roth oolsacgesxe sl Sig
Sloas 03,9l CBC  (gsolpiinn (slaybg, ;0 oo
e golgidy o Sy 998 s0 oalin a5 jsbiles
adgl Gla Shs 4 Cond G G sl @l
oerls Jle oleeas .cwl Hayes-roth colsacgosrs
Cosl YIAY Jlaie CBCI g, 5l ol Sius o
> VITe ke b (oo 8w (S ez a3l S

FA ol ¥ jleds VFee Jlo



http://dx.doi.org/10.52547/jsdp.18.2.29
https://jsdp.rcisp.ac.ir/article-1-986-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-16 ]

[ DOI: 10.52547/jsdp.18.2.29]

eI Sladisdib jl o dlaiwl b oS ) jiiiu (5933 SuSE y3 iiwo S5 399 =il

&

Slp (S5 dnes, Ko glyedr wlaon (5 So33
5 03,5 oolil iglojl ladigel iy (255 i
Gz s 5 e 5 1) (goies; Como
sosls a4 wos ‘;).‘5 S Glereas |, om@;w
G ) > 3 jud (G Al 0 0 g adlal ‘5.:‘;..1&)’1
ladisel & (Shy S plsiear 1) Shjgel slaaises
oolddcgozme yadoslel 51w oS adlol bl
08y tono g Jloel )l 2 1) YU sloanaib o )bgs oz
03; Lo dwlie b e mlod,S arule 1) oo
& ol LS s g adsl oslvacgere 50 (59, on
Whaidy Hloy edle sanail glagi,Sl I
aegee 59) 3 dlwed (n FSHIFK 5 preal 353
as cpl b oo Gl as o e sgus iy 0ol
sy o oabadls] gla iy a5 sl ixe ol 4
D8 L el sla Sh @)l de 5o okt
Snaiel 5l a5 (g, 50 egata Wy 09> ples
@S i Sy (S8 anaib plgiear Jolay i
el ot o8l _iglej] (gladiges o
@ sla Sy oopos> own sl J e 50
S S ;0 9z SldMbl e waslows
ot Jlexe 90 b1 o Sy Losls Gliee b g eadiosg3dl
5 @bl woxd S olul s s gum e ls 5 Sledlbl
saellowsdy sl s a5 ams o (i j5 Ceand
g clie polie 5l ojlge iy jo eoleiin By 5
093 p odldasgere a4l Sl Thy 4 Cod (255
b ot b ostglid s ol e
Slgen,S o Sl L L (Fhy Nl 1) Sledlbl
@l @ o2 5 03,5 (xS sla am (lBl Sl e Gk
o8l s disesy sl ol ) Gl )8 (s e

6- References &0 =%

[1] S. J.Russell and P. Norvig, Artificial
intelligence: a modern approach. Malaysia,
Pearson Education Limited, 2016.

[2] R. P. Duin and D. M. J. Tax, “Statistical
pattern recognition”, In Handbook of Pattern
Recognition and Computer Vision, pp. 3-24,
2005.

[3] Guyon, S. Gunn, M.Nikravesh, L. A. Zadeh,
and editors, Feature extraction: foundations
and applications, Vol. 207. Springer, 2008.

[4] T. Cover and P. Hart, “Nearest neighbor
pattern classification,” IEEE transactions on
information theory, vol. 13, no. 1, pp. 21-27,
1967.

A 2 Vol Vfee Lo

s g o5 s 05 019 Sy s ol
b Shes Shy ol 1) sasgl Sl
sealS lavaa b o Slee SIS 15 o5 Sledbl

adlslay bosldac gosxo (guvainb Coro duslio :(19- Jgu)

S P9 Bis jlam g b oudiz!pwl Sig
o ST b b

(Table-16): Comparison of the classification accuracy of the
data set plus the extracted property before and after the
removal of the feature with low information gain

classifier Datasets Acc%
Iris + CBCrf 96.44
Iris + CBCrf — feature2 96.88
SVM Wine + CBCrf 91.40
Wine + CBCirf — feature4 94.22
Hayes-roth+ CBCrf 85.21
Hayes-roth + CBCrf — featurel 85.55
Iris + CBCrf 96.44
Iris + CBCrf — feature2 96.88
Decision Wine + CBCrf 97.75
Tree Wine + CBCrf — feature4 98.48
Hayes-roth+ CBCrf 85.27
Hayes-roth + CBCrf — featurel 85.55
Iris + CBCrf 96.44
Iris + CBCrf — feature2 96.88
Random Wine + CBCrf 97.75
Forest Wine + CBCrf — feature4 98.48
Hayes-roth+ CBCrf 85.27
Hayes-roth + CBCrf — featurel 85.55
Iris + CBCrf 96.44
Iris + CBCrf — feature2 96.88
Knn Wine + CBCrf 97.75
Wine + CBCrf — feature4 98.48
Hayes-roth+ CBCrf 85.27
Hayes-roth + CBCrf — featurel 85.55

oolsdcgazme ;3 «pgd (Shg dMiS eoldacsers ;o
Hayes-roth oslsacge=e ;0 5 p)lo> Sig Wine
020,5 oolaiwl s zals gl ool )

G S 4 =0
orereis ol Sl Bas a5 wl ol alie ol o
&y byye aish 4 s 08 b Sl (ol 13 55
Sis gl B e sll) ps cal Loy
o2 5l os, i plad g 0SS cely a5 Cenlis
Syl asses; ShlS sgue o sliea ),.»L: Sgu oo
ey Sbl L Geen nl o booshe
@ owle sl Shy 0998 5 CBC soleriny
wimlel g ohigel coldacgers S gl colvacgesne
il Sy

odldacgarme G il gl golppinn hg, o
Sz il ganail glaen sl lanl wyas
Koy peeds S350 olaitdy Jlop odle (ol


http://dx.doi.org/10.52547/jsdp.18.2.29
https://jsdp.rcisp.ac.ir/article-1-986-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-16 ]

[ DOI: 10.52547/jsdp.18.2.29]

[20]

[21]

[22]

[23]

[24]

[25]

T. T. Wong, “Performance evaluation of
classification algorithms by k-fold and leave-
one-out Cross validation”, Pattern
Recognition, vol. 48, no. 9, pp. 2839-2846,
2015.

J. T. Townsend, “Theoretical analysis of an
alphabetic confusion matrix”, Perception &
Psychophysics, vol. 9, no. 1, pp. 40-50, 1971.

M. Dash and H. Liu, “Consistency-based
search in feature selection”, Artificial
intelligence, vol. 151, no. 1-2, pp. 155-176,
2003.

J. R. Quinlan, “Induction of decision trees”,
Machine learning, vol. 1, no. 1, pp. 81-106,
1986.

L. Breiman, “Classification and regression
trees”.Routledge, 2017.

L. E. Raileanu and K. Stoffel, “Theoretical
comparison between the gini index and
information gain criteria”’, Annals of
Mathematics and Artificial Intelligence, vol.
41, no. 1, pp.77-93, 2004.

» 1 osr Oeaxs (5,lad Lo jume
> ably A, o w5 st
ol g s e oRuls
5 oy oy Kl o 1, a)l
A gwydd ol jo 1) 095 (glSs

bl 5 (oole cn gae (eSTen 5 le, (L
w5~))5 Ls@)l-ﬁﬂ‘ .)‘)T oKislos d)l.:‘) k_';“’“'\"'e"’ IRLRRY

SRR ECH W ER PRER G

hghaffaripaper@ferdowsiau.ac.ir

Iy 095 Moass wdlxe JM> LT
oBRuils jo wlia)l5 ahaie o
oRiils jo al)l alaie jo 9 Wiz o
R R e ]
ouSisle jo 1350 (ggmidls giST

w‘ uoao)ﬁ ksoy.wl Q‘)] oliwlo cbla‘) G...J.L.ero
ol g iile 8ol lasl addle )90 Slegoge

)l & kee gl Al e

st.ajalalia@ferdowsiau.ac.ir

(5]

6]

[7]
8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

C. Cortes and V. Vapnik, “Support-vector
networks,” Machine learning, vol. 20, no. 3,
pp. 273-297, 1995.

J. Showe-Taylor and N. Christianini, Support
vector machines and other kernel-based
learning methods, 2000.

J. R. Quinlan, C4. 5: programs for machine
learning. Elsevier, 2014.

B. W. Silverman and M. C. Jones, “An
important  contribution to nonparametric
discriminant analysis and density
estimation,” International statistical
review/revue Internationale de statistique, pp.
233-238, 1989.

R. C.Barros, M. P. Basgalupp, A. C. De
Carvalho, and A. A. Freitas, “A survey of
evolutionary algorithms for decision-tree
induction,” IEEETransactions on Systems,
Man, and Cybernetics, Part C (Applications
and Reviews), vol. 42, no 3, pp. 291-312,
2012.

L. Breiman, “Random forests,” Machine
learning, vol. 45, no. 1, pp. 5-32, 2001.

M.Wozniak, M.GrafiaandE. Corchado, “A
survey of multiple classifier systems as hybrid
systems,” Information Fusion, vol. 16, pp. 3-
17, 2014.

H. Hotelling, “Analysis of a Complex of
Statistical Variables into Principal
Components,” Journal of Educational
Psychology, vol. 24, no. 6, pp. 417-441,
1933.

P. Comon, “Independent component analysis,
a new concept?” Signal Processing, vo. 36,
no. 3, pp. 287-314, 1994.

K. Fukunaga, “Introduction to Statistical
Pattern Recognition,” San Diego: Academic
Press Inc, 1990.

C. F. Tsai and C. Y Lin, “A triangle area
based nearest neighbors approach to intrusion
detection,” Pattern recognition. vol. 43, no. 1,
pp. 222-229, 2010.

W. C.Lin, S. W. Ke and C. F. Tsai, “CANN:
An intrusion detection system based on
combining cluster centers and nearest
neighbors”, Knowledge-based  systems,
no. 78, pp. 13-21, 2015.

X. Wang, C. Zhang and K. Zheng, “Intrusion
detection algorithm based on density, cluster
centers, and nearest neighbors”, China
Communications, vol. 13, no. 7, pp. 24-31,
2016.

A. Asuncion and D. J. Newman, UCI
Machine Learning Repository, University of
California, 2007.

https://archive.ics.uci.edu/ml/index.php
C. W. Hsua and C. J. Lin, “A comparison of
methods for multiclass support vector
machines”, IEEE transactions on Neural
Networks, vol. 13, no. 2, pp. 415-425, 2002.

FA 2be Vo Ll VFee JLo



https://archive.ics.uci.edu/ml/index.php
http://dx.doi.org/10.52547/jsdp.18.2.29
https://jsdp.rcisp.ac.ir/article-1-986-fa.html
http://www.tcpdf.org

