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break;
end if
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end while

/IR 5%/

for vbec'
i+ﬁ:]vc',{b};
BE— B EH L, =AU, =41

/¥ VE 3 1S, Nc’_{b}:[]ac _{M]

i

(n—n’)xr’.

(n—n")x(n-n")’ LC’_{b} =

5 g =Ié Lk
[(Dif ](n—ni)xr’ UCL{b}_[¢’-JI ](nfn’)xr’ /

BRI E, (D)
5 G, (b, D);
PGy (b ¢l D)= Ec'—{b} (D)-E (D)*/
if G, (b,c’,D)=0
c'c'-{b};
end if

end for

return ¢4 B 6%/

TEST 3, A R 2 D B 3 i TA) &2 2% B R
O(C|- |U F+[CI-|U |- U, 55 4 T A8 8 142 I 1 A1
B IBAE R )5 22 B2 8 O(C) - (U ), TR I e 3
3] 24 R O(C)-(U T + U T +|U - |UD)-

4 IO

ARSI AN A7 BRSC A BRI 27 21 B A I
(https:/archive.ics.uci.edu/) 1 F 7 T 8 A I a4k
R EANR 1R, Hrh B 4R BB B S5 1 R R (R
FAMN 22 TE AL 5 T Am AL 220, LTS TR N o Ry DR IF S
BRI Pk TR R X R SR EZ
1, I BRI bRic B2 Bl bn s B 50
ATIBAT I F B 4R : CPU AY-5- 2y Intel(R) Core
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Fz1 LHHIEE

Tab.1 Experimental datasets

Gy BURIESFR XIGECE JRPERcRE I Al

1 Cylinder 512 40 3 IRAT
2 Wdbc 569 30 2 BfE Y
3 Credit 1000 20 2 KA
4 Abalone 4177 8 29 RAEH
5 Mushroom 5 644 22 3 [y e]
6 Ticdata2000 5822 85 3 RO
7 Musk 6598 166 2 Hf
8 Thyroid 9172 29 2 RAT

41 MSEMANEEXSIHEEXE RN M RELL
X1 AR B AR  BEPLEE PEE IR 50% 1F:
VI IREARAE B 50% 15 K s 28 1 g 48 |, 4%

JE R FAAS S B30 2 O G238 ik ity 49 2 505800 ) Fnda
2 VR 005 70 i e A 5 IR PR 2 fay i3, 4RIk
7 SR 0111228 3 2 g WAL 0 B M 2 T AR
JE, XF T 1% 2 1 45 R0 ) R T S 1] HL Ay 2R AR
(SVM) FIANZR DU 3732645 (NB) BEA 773 S8 25, 45
FAUNZE 3 P [, 20 i s Bk 2 A 1 s Ak
AREs AT WA SRR, A BRI 10 Uk,
JE L P-4 18 7 TN TR AN 4 7R
2 WHEMEERSIEREXEEIBMHAEEKE
Tab.2 Length of attribute reduction sets for incremental and
non-incremental algorithms when objects increase

YETES N Hk2
Cylinder 13 13
Wdbc 15 16
Credit 9 9
Abalone 6 6
Mushroom 14 12
Ticdata2000 23 21
Musk 27 28
Thyroid 11 12

*3 WMREMEEEXSELEXNFTZBMABEN K
BE
Tab.3 Classification accuracy of attribute reduction sets for
incremental and non-incremental algorithms when
objects increase
%

—_ NS A2
SVM NB SVM NB

Cylinder 87.37 88.35 87.37 88.35
Wdbe 93.24 92.41 94.18 91.79
Credit 83.48 85.69 83.48 85.69
Abalone 90.32 91.53 90.32 91.53
Mushroom 79.65 81.41 82.85 80.56
Ticdata2000 85.84 84.96 84.46 85.75
Musk 90.47 92.56 91.31 92.59
Thyroid 78.64 80.85 79.25 81.72

x4 NEEMIHEEX SIFEER TR EHERIEER
Tab.4 Comparison of computational time for incremental
and non-incremental algorithms when objects increase

s

EACIIE S Akl A2
Cylinder 9.22 0.34
Wdbc 6.41 0.32
Credit 8.80 0.66
Abalone 24.56 4.60
Mushroom 339.18 23.12
Ticdata2000 5387.71 95.07
Musk 26391.46 238.47
Thyroid 1556.49 80.50
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Tab.5 Length of attribute reduction sets for incremental and
non-incremental algorithms when objects decrease

Htadk Akl A3
Cylinder 14 14
Wdbce 16 16
Credit 9 9
Abalone 7 6
Mushroom 14 14
Ticdata2000 24 23
Musk 29 29

Thyroid 15 14

#6 WAL EXSFEBEXNEEIBMHNEHEN L
BE
Tab. 6 Classification accuracy of attribute reduction sets for
incremental and non-incremental algorithms when
objects decrease
%

Ko 7 k3
SVM NB SVM NB

Cylinder 85.90 87.05 86.71 89.08
Wdbe 93.48 91.66 93.76 91.87
Credit 84.24 86.48 82.90 86.49
Abalone 91.14 91.50 90.86 90.87
Mushroom 79.52 82.08 83.33 81.30
Ticdata2000 86.10 84.17 85.04 86.49
Musk 90.79 93.03 91.75 92.39
Thyroid 78.88 80.31 79.57 80.95

R7 WEBLHEERSIEEEXE LS HREELR
Tab.7 Comparison of computational time for incremental
and non-incremental algorithms when objects decrease
s

PGS Hik1 L3
Cylinder 2.30 0.23
Wdbce 1.60 0.21
Credit 2.20 0.44
Abalone 6.14 3.07
Mushroom 84.79 15.41
Ticdata2000 1346.92 63.38
Musk 6597.86 158.98
Thyroid 389.12 53.67
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Tab. 8 Incremental attribute reduction algorithms involved in

the experimental comparison
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Fig. 1 Comparison of execution time for various incremental algorithms with increasing objects
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Tab.9 Comparison of attribute reduction set lengths for various incremental algorithms when objects increase
Hitadk X EASEL xRk WU XTEERER4 Ao E (I 2)
Cylinder 13 15 12 13 13
Wdbce 17 19 15 16 16
Credit 9 10 9 9 9
Abalone 6 8 6 6 6
Mushroom 11 14 11 12 12
Ticdata2000 21 24 20 22 21
Musk 28 29 26 27 28
Thyroid 12 15 12 12 12

HIF2 10 AT A SCHE R U R R R B BT i iy
R RS, oS g U080k 3 i 7 RS B 4 R
SR TASSOY R U X R RO T He s st
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BEPE A 24 fay 2 R )RR A B e i 2 P RE X FU
AFE AL DT B SE NAH ASSCRIE E R 73

NG BE |, AN E B 4 Wdbe R R SVM 23251 ks
FE TEEHE S Abalone T R HINB 23250 IOAS X
PR T IR E 4R T — RO R
(AR A5 I8 A 1 T M 24 a7, X 5080 =2 1] 1 4
FREEHEAT T A, 76— SR O R A B i S 4k b
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Tab. 10 Comparison of classification accuracy for attribute reduction sets for various incremental algorithms when objects increase

%

; Xof He g U 1 Xof P i UA  2 X g i A i 3 X RAST R4 ASOE R E (0 2)
H SVM NB SVM NB SVM NB SVM NB SVM NB

Cylinder 90.11 84.79 84.11 84.34 90.91 86.37 87.37 88.35 90.98 91.27
Wdbc 92.09 90.11 90.38 87.51 94.62 93.57 95.68 91.79 95.42 95.92
Credit 87.29 85.16 80.62 84.67 87.36 87.96 83.48 85.69 87.40 88.21
Abalone 90.18 91.03 87.08 88.66 93.03 91.43 90.32 93.13 94.44 92.86
Mushroom 85.27 82.00 82.20 78.75 86.29 82.24 82.85 80.56 86.65 82.61
Ticdata2000 85.77 82.85 80.53 82.48 87.40 85.73 84.46 85.75 88.12 87.07
Musk 92.94 91.11 90.32 90.03 93.53 93.37 91.31 92.59 93.66 96.84
Thyroid 76.64 81.76 75.53 79.71 80.48 83.34 79.25 81.72 80.88 83.77
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Fig.2 Comparison of execution time for various incremental algorithms when objects decrease
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Tab. 11 Comparison of attribute reduction set lengths for various incremental algorithms when objects decrease

Bl PR T RS2 R X R4 AU R (B 3)
Cylinder 15 16 12 14 14
Wdbce 16 17 14 16 16
Credit 9 9 9 9 9
Abalone 6 7 6 6 6
Mushroom 14 15 14 15 14
Ticdata2000 24 26 22 23 23
Musk 29 32 26 28 29

Thyroid 15 25 13 14 14
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Tab. 12 Comparison of classification accuracy for attribute reduction sets for various incremental algorithms when objects decrease
%
" Xof b B 1 Xof eI UG 2 Xof b B 3 Xof b 5 4 AT RS (B 3)
MR SVM NB SVM NB SVM NB SVM NB SVM NB
Cylinder 87.11 87.62 83.57 84.73 90.09 88.80 86.71 89.08 90.69 89.69
Wdbce 91.45 90.13 90.47 88.76 91.48 92.13 93.76 91.87 96.95 94.57
Credit 81.65 84.43 80.77 83.59 85.50 87.37 82.90 86.49 86.45 87.82
Abalone 88.59 90.42 88.10 87.08 90.61 92.58 90.86 90.87 91.91 93.12
Mushroom 83.74 79.09 82.09 78.47 84.04 83.94 83.33 81.30 86.08 84.66
Ticdata2000 87.19 85.99 83.21 82.84 87.22 86.82 85.04 86.49 88.58 90.78
Musk 87.85 88.75 87.65 87.81 90.65 94.92 91.75 92.39 92.37 96.65
Thyroid 79.81 80.13 76.62 77.58 81.79 83.51 79.57 80.95 83.02 83.93
44 ATHBREEEREMITE ®15 SENRETHSROMEERSEEERTLE
b5 3T A% S 0 3 T RAMFILRER o
Tab. 15 Comparison of computational time for incremental
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Tab. 13 Experimental dataset 2

[T

Bl TR X H R Wt B Fl
DrivFace 606 6 400 2 IRAT
Arcene 900 10 000 3 TRA T
Gas sensor 180 15000 3 TRA
TCGA Kidney Cancers 1020 60 660 5 TRA
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Tab. 14 Comparison of computational time for incremental
and non-incremental algorithms when objects
increase under high-dimensional datasets

N

A S (N Hik2
DrivFace 2256 1540
Arcene 5215 4047

Gas sensor 1093 829
TCGA Kidney Cancers 13758 11 083
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and non-incremental algorithms when objects
decrease under high-dimensional datasets

S

Hutadk i ER7AK
DrivFace 476 1104
Arcene 2025 6 100

Gas sensor 282 729
TCGA Kidney Cancers 3707 7783
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Incremental Attribute Reduction Algorithm for Dominance-based Neighborhood Relative Decision Entropy
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(1.School of Computer Science, Huainan Normal University, Huainan 232038, China;
2.College of Electronic and Information Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)
Abstract:

Objective In a big data environment, data is continuously and dynamically updated, which imposes significant limitations and challenges on tradi-
tional machine learning algorithms. Incremental learning is a learning paradigm that focuses exclusively on newly changed data based on the
learning outcomes of existing models, substantially improving learning efficiency during data update processes. Incremental attribute reduction is
a widely adopted method and strategy for achieving efficient attribute reduction in dynamic dataset environments. However, in ordered informa-
tion systems with dynamically updated and evolving objects, existing incremental attribute reduction methods neglect the potential classification
information provided by rough approximation sets, which limits their effectiveness in supporting attribute reduction.

Methods In existing research results, scholars jointly proposed a relative decision entropy model by utilizing the roughness and dependency of
upper and lower approximation sets to combine information entropy. This entropy model considered both the classification information of the up-
per and lower approximation sets of attributes and the classification information from the perspective of attribute information entropy, and it dem-
onstrated better performance in attribute uncertainty measurement and attribute reduction. At the same time, the basic calculation unit of relative
decision entropy was the upper and lower approximation sets of attributes. When the object changed, there was no need to calculate the informa-
tion granules of the updated object. Therefore, this study extended relative decision entropy to mixed ordered information system environments.
First, the relative decision entropy model of dominance-based neighborhoods was proposed. Then, the relative decision entropy of dominance-
based neighborhoods was constructed based on the dominance-based neighborhood relation. The relative decision entropy of dominance-based
neighborhoods was reconstructed in the form of a matrix, and a non-incremental attribute reduction algorithm for hybrid ordered information sys-
tems was designed. Finally, for the two scenarios of increasing and decreasing objects in a hybrid ordered information system, the matrix-form in-
cremental update of the relative decision entropy of the dominance-based neighborhood was analyzed and studied, and incremental attribute re-
duction algorithms were constructed using this update mechanism.

Results and Discussions In the experimental stage, 8 public datasets were selected for simulation experiments to compare the incremental algo-
rithm with non-incremental algorithms. In the case of increasing the number of objects in the dataset, the number of reduced attributes for the non-
incremental and incremental algorithms was basically similar across the 8 datasets, with averages of 14.75 and 14.62 attributes, respectively. The
classification accuracy of the non-incremental algorithm and the incremental algorithm was also basically similar across the 8 datasets, with aver-
age SVM classification accuracies of 86.12% and 86.65%, and average NB classification accuracies of 87.22% and 87.24%, respectively. The pro-
cessing time of the incremental algorithms was significantly shorter than that of the non-incremental algorithms. The processing time of the non-
incremental algorithms on the 8 datasets was 4 215.13 seconds, whereas the processing time of the incremental algorithms on the 8 datasets was
only 55.38 seconds. The performance of the incremental algorithms was significantly superior. In the case of reducing dataset objects, the number
of reduced attributes for the non-incremental and incremental algorithms was basically similar across the 8 datasets, with averages of 16.00 and
15.62, respectively. The classification accuracy of the non-incremental algorithm and the incremental algorithm was basically similar across
the 8 datasets, with average SVM classification accuracies of 86.25% and 86.74%, and average NB classification accuracies of 87.03% and
87.48%, respectively. The processing time of the incremental algorithms was significantly shorter than that of the non-incremental algorithms,
with the non-incremental algorithms consuming 1 053.56 seconds and the incremental algorithms consuming only 36.92 seconds. The effective-
ness of the incremental algorithm was verified through these experimental results. An experimental comparison was conducted between the incre-
mental algorithm proposed in this study and four superior comparative algorithms to verify the superiority of the algorithm. In the case of increas-
ing the number of objects in the dataset, the number of reduced attributes for the four comparative algorithms and the algorithm proposed in this

study were 14.76, 16.75, 14.87, 14.62, and 14.62, respectively. The SVM classification accuracies of the four comparative algorithms and the al-
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gorithm proposed in this study were 87.53%, 83.84%, 89.20%, 86.84%, and 89.69%, respectively. The NB classification accuracies of the four
comparative algorithms and the algorithm proposed in this study were 86.10%, 84.51%, 88.00%, 87.44%, and 89.81%, respectively. In terms of
processing time, the proposed algorithm was 35%, 32%, 40%, and 7% faster than the four compared algorithms, respectively. In the case of reduc-
ing dataset objects, the number of reduced attributes for the four comparative algorithms and the algorithm proposed in this study were 16.00,
18.37, 15.90, 15.82, and 15.62, respectively. The SVM classification accuracies of the four comparative algorithms and the algorithm proposed in
this study were 85.92%, 84.06%, 87.67%, 86.74%, and 89.50%, respectively. The NB classification accuracies of the four comparative algorithms
and the algorithm proposed in this study were 85.82%, 83.85%, 88.75%, 87.43%, and 90.15%, respectively. In terms of processing time, the pro-
posed algorithm was 55%, 46%, 63%, and 12% faster than the four compared algorithms, respectively. Comparing these results demonstrated that
the incremental algorithm in this study selected fewer attributes, achieved higher classification accuracy, and significantly outperformed the com-
parative algorithms in terms of efficiency.

Conclusions The experimental results demonstrate that the proposed incremental algorithm exhibits superior attribute reduction performance on
dynamic datasets, significantly enhancing the efficiency of dynamic attribute reduction while maintaining the number of attribute selections and
classification accuracy. At the same time, the proposed incremental algorithm selects fewer attributes and achieves higher classification accuracy
compared to similar algorithms. Most importantly, the algorithm demonstrates higher computational performance.

Key words: attribute reduction; object changes; incremental; ordered information system; dominance-based neighborhood relative decision entropy
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