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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)

o [ [ e ol B ml el 1 ol B ([ [
iris | 50 4| 955 1] oees 3| %t 4| B8 o) B gl ggan 4| B4 8105 | B
wine | b |6 | 0231 [ 7| oroa 3] %% 6 % 1| %7 2 eas | 7| LT 2| 940 |5 | 9
wdbc gi 5| 9085 | 6| 9675 | 1 9%2 5 9‘;‘4 2 9%3 3| 9085 | 6 9%'3 3 9%'2 5| 933
heart | > | 6| 7666 | 5| 7777 [4| 3% |6 el % 18111 | 2 % 1 750'0 7| ™8
banana | 50 | 6 | 8060 | 2 | 8865 4 | 1% |6 % 1( %9 ]3| 8804 |3| %89 3| 8047875
bupa ‘;‘r; 5| 6625 | 3| 6234 |7 657'7 5 61'5 2 % 1] 7261 | 1 % 1 6%7 4 6‘;'7
sonar 71‘;) 5| 5760 | 6| 8281 | 1 7‘21 51 79° 3] %% 2| 5760 | 6| %20 |2 7‘;1 5 7‘84
Se%:gf]ma %57 5949 | 6| 9653 4| %5 9%6 3 % 19693 | 2 % 1 93(;'4 g | %°
pima | 10| 7| 7303 |4 | 7395 | 2| 28 | 7| T4 |2 % 1| 7500 | 1 % 1| F e | 5P
mg;;?gg B?é' 406296 | 7| 7407 |3 7%'0 4 %‘6 1 7‘;4 2| 7447 | 2 7‘;'4 2 6‘;9 6 722'1
ionozpher S |7 | 8976 | 3| 8833 6| %8 7] %0 |4 % 1| 89.76 | 3 % 1| %% ]2 | %8
cloud g% 3| 9804 |5 9736 |6 9%2 3| BT 14 % 1| 9951 | 2 % 1 9%2 3 9%2
hayestot | 841 4 | 6508 | 8| 7754 | 7| B | 4| 821 )51 85215 gs05 3| 852 ) 2| 836 %
page |98 |2 | oass |6 | o784 | 5| B2 | 2] %2 I3 % 1| 9824 |2 % 1| %24 | B2
thyroid % 1| 9530 | 6] 9573 |5 % 1 984 4 9%5 2| 9923 |3 996'5 2 % 1 9%6
magic i% 6| 8149 | 7| 8679 | 2 8‘3‘4 6| %03 % 1| 89.05 | 1 % 1 8‘;'0 4 8%'7
monk2 | 2 | 1| o721 (3| 9559 | 4| 200 1| 7% |3 2001 200 |1 200 1]200]|1]|%°
ring %:; 8| 8460 | 5| 8410 |7 8?55 6 8%4 4 9:;0 3| 8460 | 5 9‘;'0 3 % 1 93'9
wwonorm | 8% | 4| 6280 | 7 [ e630 [ 1| %0 | 4| B2 13| B8 Iolgog0 | 7| BE |2 95| 19
Wall__FoII

Robot | 98 | 2| esg0 | 7| 8087 6| 6 | 2| 936 | 5| BT | 1| guep |a| BI || 983|488
Navigatio 64 4 ! z 1 2 4
n Data

FA 2be Vo Ll 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 2026-04-21 ]

[ DOI: 10.52547/jsdp.18.2.29]

a AL g0R0 ot (59 3 033 &3 B Jhg )y plw 9 CBC (g3leduian b p (Sobai S wised ) co duwlio (8- Jgu)
2 (R) o s (guiudsdy 9 8 lasbiwl osls
:" (Table-5): Comparison of the accuracy of stochastic forest classification on the proposed CBC method and other methods
X in percentage, on 20 standard datasets and ranking the results (R)
Bas CBCs CBC CB CBC CB CBCs CBC CA TA
“‘b Dataset e R vm R knn R Cdt R skt R Crf R ktr R str R NN R NN R
35 iris K —92'5 1] o666 |3 B | a| B8 12| B4 opaa | 4| N4 4] 835 93)
_," wine | 90 5| %027 o704 4|93 6| B3 2|7 |5 0810 |3 %0 |4 % 1| %53
3 wibe | %0 | 5[ 9130 | 9| 9675 | 2| B4 8| 0t 4] %35 —93'8 1] %3 6| %813 %7
>y -
3 heart % 1| 7666 | 8| 7777 | 7| 2% o[ 5% |6 % 1 {8002 |5 %t 3| %24 %02
Ed 88. 87.3 89.8 88.9 88.9 89.7 88.2
i banana | g, | 4 | 8060 | 3| 8ses 5| °0% | 7| 22 1| %G04 esea 4| 00 14| BT 12| B2 e
~ 72. 65.7 675 72. 72.6 72.6 724 704
2 bupa | L2 | 1| 6625 | 5| 6234 | 7 6 4| L] | L2802y 2 3
o 61 7 4 61 1 1 6 3
2 61 61 1 1
> sonar | 55| 2| 6367 8| 6281 9| 50| 7| %7 5] %0 2 sraa|a| 9 |6 % 1] %% 3
5 Segmentati | 97. 955 96.7 97.4 97.6 974 96.7 971
- 2| 9517 | 7] 9659 | 5 6 4 2 | 268 1 2 4 3
on 41 1 3 1 1 3 4
2 75 708 74.4 750 : 750 757 76
A pima b 3] 7303 |6 7305 5| 7087 TLh ) O s 7m0 | 3] RO g ST 2] £ 1
g mzr;)‘;'i‘ggr Mol a 6206 | 7| 707 4| 306 | T30 2| T4 g e 3] T4 13| 700 % 1
% ionosphere %3; 3| 89.90 | 688338 8%0 9 898'1 7| %% 3| o146 | 4 9}3'1 5 %712 i—”g 1
:% cloud % 1] 9834 |5]|9755 | 6 996'2 3| %814 % 1 —9%6 1 —9%6 1 9%6 2 %—91 1
hayes_roth 25; 2| 6508 | 7| 7754 | 6 8‘;1 3 831 5 857'2 2| 8527 | 2 85;'2 2 8?1'1 4 % 1
page- 2?3 2| o456 | 7| o784 6| B2 al B2 s 988'2 2| 9828 | 2 9% 213 % 1 % 1
thyroid %96 3| 9576 | 8| 9593 |7 % 1 924 6 9%6 3| 9960 | 2 996 513 996'3 4 92'3 5
. 89. 83.4 86.0 89. 89.0 89.0 88.9 88.9
magic 05 1]8149 | 6| 86.79 | 3 0 5 4 4 05 1 —5 1 —5 1 5 2 5 2
monk2 | 100 | 1| 9721 | 3| 9559 |4 | 200 [1| ¥ |3 | 200 |1 | 200 |1] 100 |1 9%'5 2| 100 |1
ring 5 13| 8a60 | 8| 6415 | 9|83 5| 884 169035089 4] 537 % 1| %74 2
95. 96.3 80.0 89.2 95.8 86.6 95.7 9.2
twonorm 85 3|6280 |9 —0 1 5 8 0 6 5 319209 |3 4 7 0 4 5 2
Wall_Foll
owing
Robot % 1| 8837 | 7| o110 6| B 2% s % 1| ose7 |3 %7 2B 4B,
Navigation | — s
Data

Sy (593 32 o )0 43 g plw g CBC (golpaciion 9y 3 dslueod o T SUO K Wisod ) Cmuo dun o (P~ Jgur)
R) guls gusuady g 9 luilow! oolodc goxo

(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
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(Table-13): Mean Gini index on Iris data set
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