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A Matrix-based Incremental Reduction Approach
for Distributed Dominant Data Set
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Abstract: Traditional attribute reduction algorithms are inefficient to deal with dynamic decision systems, and seeking efficient re-
duction approach of dynamic data is a research hotspot in the field of artificial intelligence. The paper studies dominant conditional
entropy-based incremental attribute reduction approach by introducing dominant conditional entropy and dominant matrix into the
dynamic distributed dominant datasets. Firstly, the dominant matrix and dominant conditional entropy of distributed dominant data
set are defined. Secondly, an incremental learning mechanism and fusion mechanism of dominant matrix are proposed by analyzing
the process of the adding some objects into the distributed dominant data set. Then, a matrix-based incremental attribute reduction
approach based on dominant conditional entropy is presented. Finally, experiments on six UCI datasets were conducted to validate
the efficiency of the incremental attribute reduction approach. The experimental results showed that the reduction time of incremen-
tal attribute reduction approach was reduced by an average of 85.6% compared with the non-incremental reduction approach. There-
fore, the proposed matrix-based incremental attribute reduction method is quick and effective in solving reduction of dynamic distrib-
uted dominant datasets.
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Table 1 The basic information of 6 experimental datasets

[REESEITES XIRHE/A A IE /A PURIBIE/ A
Spectf 267 45 3
Dermatology 366 34 6
Car 1728 6 4
Wine 178 13 3
BCW 699 9 2
Postoperative 90 8 3
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Table 2 Comparison of reduction results and running time between algorithm 1 and algorithm 2 on 6 datasets

" (=37 k2
g —— \ poas \
Yy aiR IRFa] /s EAIHEES i8] /s
1,2,3,4,5,6,8,10,12,13,14,15,16,19,20,21, 1,2,3,4,5,6,8,10,12,13,14,15,16,19,20,21,
Spectf 22,23,24,25,26,28,29,30,31,32,33,35,36.34, 534 22,23,24,25,26,28,29,30,31,32,33,35, 27
38,39,40,41,42,43,44 36.34,38,39,40,41,42,43,44
1,2,3,4,5,6,8,9,10,11,12,13,14,16,17,18,19, 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,17,
Dermatology 694 42
20,21,22,23,24,25,26,27,28,29,30,32,33,34 19,20,21,22,23,24,25,26,27,28,29,32,33,34
Car 1,3,4,5,6 944 2,3,4,5,6 77
Wine 1,2,3,5,6,7,8,9,10,11,12,13 41 1,2,3,5,6,7,8,9,10,11,12,13 8
BCW 1,2,3,4,5,8,9 296 1,2,3,4,5,6,9 35
Postoperative 1,2,3,4,5,7,8 14 1,2,3,4,5,7,8 5
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Fig. 1 Comparisons of execution time between algorithm 1 and algorithm 2 under different data sets when adding different ratio

objects on 6 data sets
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Table 3 Comparison of classification accuracy between algorithm 1 and algorithm 2 on 6 datasets

pISEES Hk1/ % Bik2/%
Spectf 96.86 96.86
Dermatology 94.25 94.45
Car 92.55 92.95
Wine 94.98 94.98
BCW 95.12 95.32
Postoperative 72.45 72.45
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