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Table 3 Reduction result statistics

e ) :(;RA(: _ MB(;DSP . R
EATHESES K EATHESES KR

Qsar {0,1,4,8,14,15,16,21,30, 34} 10 {0,1,4,8,14,15,16,21,30, 34} 10 —
Ches {0,2,3,5} 4 {0,2,3,5} 4 —
Krvs {0,2,3,4,5,6,---,32,33,34,35} 29 {0,2,3,4,5,6,---,32,33,34,35} 29 —5
Hypo {0,1,2,7,9,17,19,21,23,28} 10 {0,1,2,7,9,17,19,21,23,28} 10 —
Ticd {0,1,4,6,9,13,---,63,67,79,82} 25 {0,1,4,6,9,13,---,63,67,79,82} 25 —5
Stat {0,3,10,13,17,24,35} 7 {0,3,10,13,17,24,35} 7 —
Phis {0,1,2,3,5,6,--+,26,27,28,29} 23 {0,1,2,3,5,6,--,26,27,28,29} 23 —5
Lete {1,2,3,4,5,6,---,12,13,14,15} 15 {1,2,3,4,5,6,---,12,13,14,15} 15 —

i a2 3T LA, 78 523 A e B 48 b, FGRAG 8.4 5 BGDSP AL A 45 B b o4 —3, 3
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machine, SVM) 5 K 5 4B (K-nearest neighbor, KNN) 432888 F 00402805 1, Hodp 58 2 51 Oy JE 4R K4 1y
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Table 4 Classification accuracy of the selected algorithms using SVM classifier

GRS Raw data FGRAG BGDSP
Qsar 84.7045.57 81.60+6.67 81.60+6.67
Ches 99.60 99.60 99.60
Krvs 93.60+4.26 94.00+3.49 94.00+3.49
Hypo 92.304-0.08 92.304-0.08 92.304-0.08
Ticd 94.004-0.07 94.004-0.07 94.00+0.07
Stat 86.70+3.87 85.0044.02 85.0044.02
Phis 94.704-0.70 95.004-0.86 95.00+0.86
Lete 57.8041.21 58.2041.23 58.20+1.23

K5 FHKNNOEBHHEBE

Table 5 Classification accuracy of the selected algorithms using KNN classifier

Bin £ Raw data FGRAG BGDSP
Qsar 83.10+£5.11 80.80+6.67 80.80+6.67
Ches 99.504+1.29 99.804+0.22 99.80+0.22
Krvs 77.20+5.35 81.10+5.23 81.10£5.23
Hypo 92.304+1.03 92.3040.92 92.30+0.92
Ticd 93.50+0.40 93.40+0.40 93.40+£0.40
Stat 85.904+4.10 84.404+3.75 84.404+3.75
Phis 94.80+1.31 94.50+1.61 94.50+1.61

Lete 67.80+1.34 66.70+0.98 66.70+0.98
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Efficient Attribute Reduction Algorithm for Generalized Decision Preservation

Based on Stripped Quotient Set

LIU Zhongkai, ZHANG Nan’
(School of Computer Science and Control Engineering, Yantai University, Yantai 264005, China)

Abstract: Attribute reduction is one of the core research problems in rough set theory, aiming to identify a
more concise subset of attributes without compromising the classification capability of the original dataset.
Among various reduction strategies, attribute reduction based on generalized decision preservation has been
widely applied due to its strong interpretability and practical applicability. However, existing algorithms for
generalized decision-preserving attribute reduction often suffer from significant computational inefficiency
when dealing with large-scale datasets. How to efficiently achieve attribute reduction under the generalized
decision-preserving framework has become a critical issue that demands urgent attention. To address this
problem, this paper explores the stability characteristics of objects in the positive region during the
generalized decision-preserving process. By employing the stripped quotient set method, a simplified and
more representative equivalence class structure is constructed. On this basis, we propose an efficient
heuristic attribute reduction algorithm under the generalized decision preservation framework. The
proposed algorithm significantly improves computational efficiency while ensuring the correctness of the
reduction results. Experimental results on eight benchmark datasets from University of California, Irvine
(UCT) repository demonstrate that the proposed algorithm achieves higher reduction efficiency compared to
existing methods.

Highlights:

1. A fast generalized decision-preserving attribute reduction algorithm based on stripped quotient sets
(BGDSP) is proposed to improve the computational efficiency of large-scale attribute reduction.

2. A stripped quotient set strategy excludes positive-region objects from subsequent calculations, and a
discriminability measure with a proved monotonicity property is developed to guide attribute selection.

3. Experiments on eight data sets from University of California, Irvine (UCI) Machine Learning Repository
show that BGDSP achieves the same reduction results as the forward greedy reduction algorithm for
generalized decision preservation (FGRAG).

Key words: rough set; attribute reduction; heuristic algorithms; stripped quotient set
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