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An approach to attribute reduction combining
attribute selection and deletion

YANG Chengdong' , DENG Tingquan®
(1. School of Informatics, Linyi University, Linyi 276005, China; 2. College of Science, Harbin Engineering University, Harbin
150001, China)

Abstract ; Attribute reduction has been defined as a method for removing information redundancy effectively, which
has been widely applied to artificial intelligence , and machine learning. However, an example demonstrates classi-
cal attribute reduction approaches based on discernibility matrix may not get a reduction with redundancy. There-
fore, an attribute reduction based on discernibility matrix combining attribute selection and deletion was proposed
and thus, the problem was solved effectively. Moreover, UCI standard data sets provide further explanations on the
feasibility, effectiveness, and as well as additional information on reducing the number of attributes without the
classical approaches.
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Input; S=(U,CUD,V.f)

Output ; red

1) compute discernibility matrix M .

2)if M =0

3) return red

4)end if

5)for ae C —red

6) compute the attribute frequency of a

7) end for

8) select a, with the largest attribute frequency, then
red=redU {a,};

9) set the elements of M including a, with 0.
10)if M =0.

11 ) return red;

12)else

13) tum to 5) ;

14) return.
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Table 1 A decision system

U a b c d e D

1 Middle Middle Middle ferl pesl High
2 Middle High High  fer2 pes2 High
3 High  Middle Middle fer2 pesl High
4 High High High  fer2 pesl High
5 High Middle High fer2 pesl Low
6 High High  Middle ferl pesl Low
7 High Middle High ferl pesl Low
8 High High  Middle ferl pesl Low
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Input:S=(U,CUD,V,f)
Output ; red

1) compute discernibility matrix M according to red.
2)if M=0

3) return red

4) end if

5) forae C —red



F2H

VAR, % 8 R R bR e R L T 7 i - 185 -

6) compute the attribute frequency of a
7) end for
8) select a, with the largest attribute frequency, then
red =red Ua,;
9) set the elements of M including a, with 0.
10)if M =0,
11) return red;
12 else
13)turn to 5) 5
14)end if
15)for each a ered ,
16)if ¥, q-.(D) =yc(D) ,
17)red = red —a;
18) end if
19) end for
20) return red
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Table 2 UCI standard datasets

BiRS&E (L7 MR RENEK
Car Evaluation Car 172 7
Spect Heart Heart 267 23
Tic-Tac-Toe Tic 958 10
Lymphography ~ Lymphography 148 19
Soybean (Large) Soybean 683 36
Zoo Zoo 101 17

®3 527 FMLE
Table 3 Comparison of UCI standard datasets and the classical approaches

Bl L AR T B
PiEE b - - - -
B HEEFF B HEEEFF BEEH
Car 7 {2,1,4,6,5,3} 6 {2,1,4,6,5,3} 6
{16,22,21,20,19,1,13,
Heart 23 15 {16,22,21,20,19,1,13,3,5,9,14,12} 12
3,8,5,9,10,14,4,12 }
Lymph 10 {18,14,13,12,1,15,2,10! 8 {18,14,13,12,15,2,10} 7
{6,5,7,9,16,4,10,1,22,
Soybean 19 16 {6,5,7,9,16,4,10,1,22,29,15,8} 12
29,15,28,13,21,14,8}
Tic 36 {5,2,4,6,8,1,3,7} 8 {5,2,4,6,8,1,3,7} 8
Zoo 17 {6,13,4,8,3} 6 {6,13,4,8,3} 6
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