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ABSTRACT

The existing researches in data classification always consider all data attributes. However, there
may be some attributes that are unimportant and may reduce the accuracy ratio of data classification. This
research proposes a new method to improve the data classification performance by filtering out
unimportant data attributes before performing the data classification process. The proposed method has
been developed based on the following experiments. The first experiment aims to choose the proper data
classification algorithms. This has been done by comparing the performance of the following three data
classification algorithms; Radial Basis Function, Multi-Layer Perceptron, and Naive Bays. The results
have shown that Multilayer-Perceptron gives the highest accuracy classification rate but requires much
processing time. On the other hands, Naive Bays uses less processing time but provides poor accuracy.
Radial Basis Function (RBF) is the compromise between both since it gives the acceptance accuracy level
with the proper processing time. Therefore the RBF has been chosen to use in the second experiment that
aims to find the best algorithm to filter out unimportant data attributes. In this step, three algorithms
namely Greedy Algorithm, Information Gain, and Component Analysis have been applied. The results
have shown that applying each algorithm before RBF can improve the accuracy level of the data
classification process that has been done previously using RBF alone. However, among the three
algorithms, Greedy Algorithm gives the best performance. This can be concluded that in order to gain the
best data classification accuracy rate, the Greedy Algorithm should be used to select out unimportant

attributes before applying RBF to perform the data classification process.
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2.1.2 Information Gain
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Gain(S,A) = E(5) - Z ?“E(sv) @.1)
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1o Gain(S,A) = 11 Gain voungmssiniaule

E(S ) = i1 Entrophy voudadeyaiiauls

s = Fadoyaiaule
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&4A1 Entrophy @nsamuialaain

E(S) — Z:;i - P(Vi)logz P(V) (2.2)
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ie E(S) = i1 Entrophy ¥83adayaninum

S= P(Vl), P(Vz),...,P(V )

P(V) = mnrmnitnziluvesdeyaiiaule



2.1.3 Greedy Algorithm
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2.2.3 Radial Basis Function (RBF)
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dataset attributes | instances | attribute type

Z00 17 101 Integer,Nominal
pakinsons | 23 197 Real

hapatitis | 20 155 Integer,Real Nominal
network | 42 1000 Integer,Nominal
intrusion

thyroid 29 9172 Integer,Real,Nominal
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§ We 34 ! fattribute eggs REAL
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:‘:‘ { gattribute toothed REAL
eroghensdt \ @attribute backbone REAL
::.n . @attribute breathes REAL
m 1. Battribute venomous REAL
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e ¢ fattribute demestic REAT
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Selected attributes: 1,2,4,8,9,10,12,13,14 : 9
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feathers
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toothed
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breathes
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tail
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Ranked
«311
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e BtTribute Selection on all inpurt data ==

Search Methcocd:

Atcribute ranking.

Attribute Ewvaluator ({(supervised, Clas= (nominal): 17 ctype):

Informaction Gain Ranking Filtex

actcributes:
13 legs
4 milk
8 Toocthed
3 eggs

1 hair

2 feathers
2 backbone
10 breaches
14 tail

S airborne
12 fins

€& aguatic
16 catsize
11 wvencmous
7 pradator
15 domescic

Selected attributes: 13,4,8,3,1,2,9,10,14,5,12,6,16,12,7,15 : 16

1317 3.3 msnadengudnyny Taeld Information Gain 937 1W IdAanud Ay

71 3.3 uamnisfa@enguanuALAIY Information Gain

vouanyuzunazal Taedusdiaunnguanyazilimanudinygigaiesdinullises,

- o Aa
IUNNUANHUSNY

gadnvaz ldluunii 4)

w9 P = o 4 A
ﬂ'lﬂ')']llﬁ']ﬂfg“ﬂﬂ'ﬂi:fﬂ (ﬁ1u15ﬂﬂ518ﬁglﬂﬂﬂﬂ15ﬂ’]ﬂuﬂlﬂm"nﬂ'ﬁmﬂﬂ

0.7081
0.4993
0.3515
0.2745
0.2149
0.1683
0.1331
0.1011
0.0731
0.0494

Ranked attributes:

1 0.445milk-0.432egga+0.408hair+0.323tcothed+0,289catsize. ..

2 0.455fins+0.374aquatic-0.366breathes-0.341egs+0.321toothed. ..

3 0.483tail+0.483feathera+l.476backbone-0.3131eg3+0.278airborne...

4 -0.628domestic+0.578predator+0.2%6cataize-0.216fins+0.178feathers...

5 -0.8%9venomous-0.227predator-0.194tail-0.133backbone+0.13 fins...

& 0.703domestic+0.457cataize+), 346predator-0.199toothed+l. 196feathers. . .
7 0.686cetsize-0.460predator+0.3 wvenomous+0.253fins-0.233domestic...

8 0.67 airborne+0.48 aquatic+0.335hair+0.26 fins+0,199milk...

9 0.8591legs+0.615tail-0.277breathes-0.215predator+0. 20%quatic...
10 0.547aquatic+0.405breathes+0. 357backbone-0.317predator-0. 304tail...

Selected attributes: 1,2,3,4,5,6,7,8,8,10 ¢ 10

gﬂﬁ 34 uﬁmmiﬁ'ﬂsﬁanﬂmﬁnymzﬁw Principal Component Analysis
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1ngi 3.4 msnadongudnuuz Tagld Principal Component Analysis #13150
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dataset Before Select After Select
Z0o 17 9
pakinsons 23 10
hapatitis 20 10
network intrusion 42 6
thyroid 29 11
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