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Improving Imbalanced Data Classification Accuracy by
using Fuzzy Similarity Measure and
Subtractive Clustering
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2Shahid Bahonar University of Kerman, Kerman, Iran

Abstract

One of the biggest challenges in this field is classification problems which refers to the number of
different samples in each class. If a data set includes two classes, imbalance distribution occurs when one
class has a large number of samples while the other is represented by a small humber of samples. In
general, the methods of solving these problems are divided into two categories: under-sampling and
over-sampling. In this research, it is focused on under-sampling and the advantages of this method will
be analyzed by considering the efficiency of classifying imbalanced data and it’s supposed to provide a
method for sampling a majority data class by using subtractive clustering and fuzzy similarity measure.
For this purpose, at first the subtractive clustering is conducted and the majority data class is clustered.
Then, using fuzzy similarity measure, samples of each cluster will be ranked and appropriate samples
are selected based on these rankings. The selected samples with the minority class create the final
dataset. In this research, MATLAB software is used for implementation, the results are evaluated by
using AUC criterion and analyzing the results has been performed by standard statistical tools. The
experimental results show that the proposed method is superior to other methods of under-sampling.
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odls sols lis (¥) Jgaz ;0 cpedu,d yee;] 5l eolaul
0 b FHOV saslewsns cpeay,d Jlis! lade .ol
oo 03] cpl beod acnlxe p-valuey coul & gol;l
P-3l conds dwlme Jloiz! Jlade aS ol Jdoas ol

o9y 0 b cald lae e oSk
Ay 40 IXWEVES T 6L‘°ui‘5) c‘),o,;z; " GQW
o3ls I3 ey ygail 50 0)byge LLalS (5T aiged
L s, 52 sl odelcassds slaas, 5:ilee ol 00

OF 2la ¥ 5,Ll 1P+ Jlw


http://dx.doi.org/10.52547/jsdp.19.2.27
https://jsdp.rcisp.ac.ir/article-1-1010-en.html

AL (5 33augd 9 ()15 halub S ) lo jl o dlaiwl b o)lgiels sLao SIS (53s03) Soup

Olyeas goloiin by, (plple el Koo sla g,
ol lacyge;l jo (IS i, eisred 5) (bsy Cnie
Dy oo ai8,S Hlai 0 (b g

@ axg b oogd oo o) yao 4us,d Cwl 55,5 value
0000l s A, xSl A5 ! )‘SWJ () Jgo=
oS ganabe: oS5 a5 eolig g, @
sleas; 5l g8 wwl Koczy cols jlas o ona

o3 (59031 31 oliiwl b b ots 98Ul 4y (uSilso (Y- Jgaz)
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