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Abstract In an attempt to retrieve useful information for an efficient decision in the large knowledge system,
it is generally necessary and important for a refined feature selection. Rough set has difficulty in generating
optimal reducts and classifying boundary objects. In this paper, we propose quick reduction algorithm generating
optimal features by rough entropy analysis for condition and decision attributes to improve these restrictions. We
define a new conditional information entropy for efficient feature extraction and describe procedure of feature
selection to classify the significance of features. Through the simulation of 5 datasets from UCI storage, we
compare our feature selection approach based on rough set theory with the other selection theories. As the
result, our modeling method is more efficient than the previous theories in classification accuracy for feature
selection.
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QR(C, D)
C: the set of all conditional features
D: the set of all decision features

1

) d

) T‘*R

) VxE€(C-R)
) if Krow(D) > K(D)
) T<—RU{x}

7  R<T

8) until Kr(D) = Kd(D)

9) return R

[Fig. 1] QuickReduct Algorithm
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EBR(CD)
C: the set of all consitional features
D: the set of all decision features
D R<{)
(2) d
3) THR
4)  VxE(C-R)
(5) if HRU{x) > H(T)
(6) T—RU{x}
(1)  R<T
(8) until H(DIR) = H(DI|C)
9)

[Fig. 2] Entropy QuickReduct Algorithm
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RR(CD)
C: the set of all consitional features
D: the set of all decision features
()R« C
(2) YaeC
3) if Kruw(D) = 1)
(4) R—R-{a}
(5) return R

[Fig. 3] Relative QuickReduct Algorithm
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USQR(C)
C: the set of all conditional features
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(Table 1) a knowledge system

x€U a b c d
1 1 0 2 1
2 1 0 2 0
3 1 2 0 0
4 1 2 2 1
5 2 1 0 0
6 2 1 1 0
7 2 1 2 1
EBR(CD)

C: the set of all consitional features
D: the set of all decision features
1 R<—{)
(2
3
4
5

)
) d
)IHH

) Vx€(C-R)

) VyeCl

5)  KruwOW)=11-HRU{x}y)|/1UI
)

)

)

)

~ =
a

if KpuD),VyeEC > Ki{(D), VyeC
6 T—RU{x}

(7) R=T

() until Kr(y) = Kdy)

9) return R

[Fig. 5] Rough Entropy QuickReduct Algorithm
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H({1,2,34}{1,2,34)=-4/7+4/Tin(4/4)=0
H({1,2,34}(5,6,7)=-3/7+4/7In(0/3)=0.245
H{5,6,711{1,2,3,4)=-4/73/7In(0/4)=0.245
H{56,7}{5,6,7)=-3/73/7n(3/3)=0
H({b}[{1,2,3,4)=min(0,0.245)=0
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H({b}{5,6,7})=min(0,0.245)=0
H({b}l{a})=mean(0,0)=0

H({1,2}1{1,2,34)=-4/7+2/7In(2/4)=0.113
H{1,2}{5,6,71)=-3/7+2/7In(0/3)=0.122
H{84)1{1,2,34)=-4/7+2/7In(2/4)=0.113
H{B4}{5,6,71)=-3/7+2/7In(0/3)=0.122
H({56,7}1{1,2,3,4)=-4/7+3/TIn(0/4)=0.184
H{5,6,7}{5,6,7})=-3/7+3/7n(3/3)=0
H({b}{1,2,3/4})=min(0.113,0.113,0.184)=0.113
H({b}{56,7H)=min(0.122,0.122,0)=0
H({b}l{a})=mean(0.113,0)=0.0565

H({1,2,4,7(1,2,3 4})=-4/7+4/Tin(3/4)=0.0%4
H({1,24,7}{5,6,7))=-3/7+4/7In(1/3)=0.269
H({35}1{1,2,34})=-4/7+2/7In(1/4)=0.226
H({35}1{5,6,71)=-3/7+2/7In(1/3)=0.135
H({6}{1,2,34})=-4/7+1/Tn(0/4)=0.082
H({6}1{5,6,7})=-3/7+1/7In(1/3)=0.067
H({b}I{1,2,3,4})=min(0.094,0.226,0.082)=0.082
H({b}I{5,6,7})=min(0.269,0.135,0.067)=0.067
H({b}l{a})=mean(0.082,0.067)=0.0745

H({1,47}1{1,2,3,4)=-4/7+3/Tin(2/4)=0.170
H({1,47{5,6,7})=-3/7+3/7In(1/3)=0.202
H({2,356}[{1,2,34)=-4/7+4/Tn(2/4)=0.226
H({2,35,6}{5,6,7})=-3/7+4/7In(2/3)=0.099
H({b}1,2,34})=min(0.170,0.226)=0.170
H({b}I{5,6,7})=min(0.202,0.099)=0.099
H({b}{a})=mean(0.170,0.099)=0.1345

H({a,b,cd}{a})=mean(0+0.0565+0.0745+0.1345)/4
=0.066375

(Table 2) Degree of Attribute by Positive Region

ylx {a} {b} {c} {d}

1.0 1.0 0.1429 0.0

0.4286 1.0 0.1429 0.0

0.0 0.2857 1.0 0.4286

d 0.0 0.0 0.4286 1.0

K{P}(y), VyeC| 03571 | 05714 | 04285 | 03571

(Table 3) Degree of Attribute by Rough

Entropy
ylx {a} {b} {c) {d}
0 0 0.0199 0.0485

0.0566 | 00283 | 00377 | 0.0663
0.0806 | 00609 | 00406 | 0.0446
01345 | 01121 | 00826 | 0.0619
K{P}(y), VyEC| 00679 | 00503 | 00452 | 0.0553

[=7% Kol Kol ]

(Table 4) Degree of Attribute by Positive

Region
vilx {ab} {b,c} {b,d}
a 1.0 1.0 1.0
b 1.0 1.0 1.0
c 0.2857 1.0 0.7143
d 0.0 0.7143 1.0
K{P}(y), VyeC 0.5714 0.9286 0.9286

(Table 5) Degree of Attribute by Rough

Entropy
yIx {ac) {b,c) {c,d}
a 0 0 0.0153
b 0.0099 0.0050 0.0192
c 0 0 0
d 0.0149 0.0145 0.0097
K{P}(y), VyeC 0.0062 0.0049 0.0111
<Table 3>9] Z+7t¢] ZYEd| tfato] JE%E ALt
8% <Table 4>} 2T}, A 7H =& SRS e
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Wi

(Table 6) Degree of Attribute by Positive

Region
vlx {a,b,c) {b,c,d}
a 1.0 1.0
b 1.0 1.0
c 1.0 1.0
d 0.7143 1.0
K{P}(y), VyeC 0.9285 1.0
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(Table 7) Degree of Attribute by Rough
Entropy
vix {abc) {b,c,d}
a 0 0
b 0 0
c 0 0
d 0.0141 0.0071
K{P)(y), VyeC 0.0035 0.0018
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(Table 8) Datasets
no. Datasets objects classes attributes
1 Iris 150 3 4
2 ‘WBCD 699 2 9
3 BUPAiver 345 2 6
4 Pimaln Diabetes 768 2 8
5 Wine 178 3 13
(Table 9) Selected features
no. QR EBR RR USQR RER
1 123 123 234 1,234 123
2 1267 [ 1267 | 56789 1.9 12345678
3 125 125 345 235 234
4 127 127 6,78 127 12346
5 17 17 12,13 12 1,710,12
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(Table 10) Classification accuracy values

. . Data sets

Algorithm |Classiifers 1 2 3 1 5
DTNB | 9200 | 96.85 | 57.68 | 73.82 | 98.88
[Unreduced|  JRip 94.00 | 9542 | 6463 | 76.04 | 92.13
data J48 96.00 | 9456 | 6869 | 73.82 | 93.82
LMT | 9400 | 9599 | 66.37 | 77.47 | 97.19
DTNB | 9400 | 9728 | 5768 | 7331 | 92.13
OR JRip Q.67 | 9970 | 6232 | 71.88 | 90.44
J48 9333 | 9556 | 9290 | 72.14 | 9494
LMT | 9333 | 9%.28 | 60.87 | 75.00 | 90.45
DTNB | 9400 | 97.28 | 5768 | 7331 | 92.13
EBR JRip 9267 | 95.70 | 62.32 | 71.88 | 90.44
J48 9333 | 9556 | 9290 | 72.14 | 9494
LMT | 9333 | 9%.28 | 60.87 | 75.00 | 90.45
DTNB | 6267 | 96.13 | 57.68 | 67.18 | 86.52
RR JRip 9333 | 9413 | 6492 | 6361 | 87.64
J48 96.00 | 94.27 | 6376 | 67.70 | 89.89
LMT | 9533 | 9542 | 64.63 | 69.92 | 89.89
DTNB | 9200 | 96.85 | 57.68 | 7331 | 7865
USOR JRip 94.00 | 9542 | 6377 | 71.88 | 78.65
J48 96.00 | 9456 | 66.96 | 72.14 | 78.09
LMT | 94.00 | 9599 | 6550 | 75.00 | 80.34
DTNB | 9400 | 97.14 | 57.97 | 7408 | 93.26
RER JRip 92.67 | 9471 | 6319 | 7447 | 92.70
J48 9333 | 9485 | 57.10 | 7396 | 96.63
LMT | 9333 | 96.14 | 64.35 | 7656 | 91.57

%3 Pimaln Diabetes¥} Wine2] 79 Alhe Wi o]
2709 E771914 Zstdith USQRE 744 irisell A €
dlolel o} Edgk 25 YepldArt 25H 540 1
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