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Abstract: When attribute set in the ordered decision information system is constantly changing, existing static algorithms that
have been studied based on dominance relationship cannot efficiently update its attribute reduction. To this end, this paper
proposes two new incremental attribute reduction algorithms from the perspective of both attribute addition and attribute
deletion, respectively, using the attribute importance of knowledge granularity representations as the heuristic information.
Firstly, the relevant basic knowledge of the dominance rough set method are introduced , and the attribute reduction algorithm
based on knowledge granularity in the classical rough set is extended to the dominance rough set method to obtain an attribute
reduction algorithm that can handle ordered decision information systems; Then, the definition of the inferior attribute matrix
is given, and the incremental update mechanism of attribute reduction during attribute addition and deletion is analyzed by the
matrix calculation method of knowledge granularity. From there, two incremental attribute reduction algorithms are further
designed; Finally, time complexity of the three algorithms is analyzed and compared, and six different UCI datasets are
selected to test the algorithm performance. The test results show that the algorithm proposed in this paper is more efficient
than the static attribute reduction algorithm.
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BN PR B RS S=(U.A=CUD, V.f),
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A4 MR E M 51 GK (D] B), AR X 133
BME ME ¥ GK(D|B)=GK(D|CUP), M4k 47 %
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A B8 5. % T Ya€RED _Pool, # # & P 3 i &
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BU{a, ), A B A 2 1O B3 M5 A M S,
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BN FREEE RS S=(U,A=CUD, V,f),SiH
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Table 1

Time complexity of the two algorithms with

the increase of attributes

REN I i) 42 2 )32
ARKG-DR O(|U\2(\(7|+|P|+(\c\+\m)2))
IARAIDR o(luf(zlc|+3p|+7))

TARAT-DR 5 o, 20 B 1~3 5K 8r 1 Js P 42
P IE S 92 80 ORI L ) 42 2 gk O (U [
(1P| 4 2)); 238 46 4 34 2k 1 o I 1 7 28 i B
K M A 24 (R4 ot T T LR P 3406 2 R

W 60 2 9 o 1 R I ) 394 B BT LA 915, JE A
BTSSR e B 2 A O B O AR R e ] &2

%E%%%OQUW&MXHPD+Q%%%%V
& 1) Fij M 3% 24 15 4 v A U AR S Ak B R A R
O(|UI"). B8 2 . IARAT-DR 5 ik & f 1 i % %%
E—“ziao(|U|2(2\c|+ 3P|+ 7).
ARKG-DR 5 2D B 1 ~4 5K A% & 1, H
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L 4B 0 24 R B C 1 P
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A1 ARKG-DR 9 Fft 54 5 5 o) 1] &2 4% s

x2 BUEMNBRHAMEENNBEERELR
Table 2 Time complexity of the two algorithms with
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(https: //archive. ics. uci. edu/ml/datasets. php) /1
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Table 3 UCI datasets used in experiments
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Table 4 Attribute reduction results of two algorithms on six datasets
ARKG-DR TARAI-DR
J& PE 2 1R KB J M 2 K
Post-operative Patient 8 1,2,3,4,5,6,7,8 8 1,2,3,4,5,6,7,8 8
Blood Transfusion Service 5 1,4,5 3 1,2,4 3
Absenteeism 20 1,2,3,4,7,8,10,11,12,13,14,15,16,17,19 15 1,2,3,4,5,6,7,8,11,12,13,15,17,19 14
4,6,8,9,10,11,14,16,17,18,20,22,23, 4,6,8,9,10,11,14,16,17,18,19,20,22,
Tonosphere 34 23 23
24,25,26,27,29,30,31,32,33,34 23,24,26,27,29,30,31,32,33,34
1,5,7,8,9,10,11,12,14,16,17, 20,22, 1,5,7,8,9,10,11,12,14,16,17, 20,22,
Cardiotocography 36 17 17
26,27,28,36 26,27,28,36
2,3,4,5,6,7,9,10,11,12,13,14,15,16, 2,3,4,5,6,7,8,9,10,11,12,13,14,15,
Diabetic Retinopathy 20 18 18

17,18,19,20

16,17,18,19
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Table 5 Classification accuracy of ARKG - DR and
IARAI-DR algorithms on six datasets
IR S ARKG-DR IARAT-DR
Post-operative Patient 96.76% 96.76%
Blood Transfusion Service 98.21% 98.21%
Absenteeism 89.65% 91.83%
Ionosphere 90. 35% 90. 87%
Cardiotocography 86.54% 86. 54 %
Diabetic Retinopathy 93.35% 93.35%
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