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Abstract

With the rapid development of information technology, a large amount of data has been generated,
which is huge in volume, diverse in form, rapid in generation, low in value density, and high in
commercial value. How to make these data have a positive impact on the progress of human society
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is a challenge. Rough set theory can directly reduce the dimensionality of the data, discover the im-
plicit knowledge in the data, and promote the social progress. The classical rough set theory is
based on a single binary relationship, which lacks flexibility and universality. The rough set theory
based on multiple binary relationships can solve the above problems. Therefore, this paper mainly
focuses on the generalized multi-granularity rough set and introduces the meta-heuristic algo-
rithm, and proposes to implement the generalized multi-granularity rough set feature selection
algorithm by the meta-heuristic algorithm (ant colony algorithm). The experimental results show
that the proposed algorithm can reduce the dimensionality of the data set and the classification
accuracy of the obtained feature subsets is basically consistent with the original data set.
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Table 1. A generalized multi-granularity rough set feature selection algorithm based on ant colony algorithm (GL-AFS)
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oz, (¢) FoRiBAQ e RN BRAE (i, /) EREERME; 1, (¢+1) 2R F—UEARNEAR (4, /) ERIE R
p(0< p <) TG BRRBRIIBEIRFE: Ar, (1) ForBEAR (i, /) LAFERIE B RME, HHEIT .

- [o1RCN 61807
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Horb g REEMFEE: R() FRRTEERRE I, Aai1E 3] B R K

R 2 e O SR SR I 2 R B R RE R R AR R BRI SR, AR BARRE IR LR 1,

1, PR 2 HE R Xk EERREE RS, SDIR 3 H T RIS KRBz e 4, DR
4 H TR i R, ok, PR 4.1.3 MO B R, IR 4.2 NERE R BRI
4. LI Sr 4T

ARATEAEIBAT I [ A1 43 0k BE AN 7 T B SRR AT 50E . SEI0 e 6 dHAifE UCT 2l 4,
B SRS W% 20 B4R iE Tt WEKA3.6 BT A 1l , 500 4 v 44 1) 1 504 4 ) B it AT B 4k
TNo SEIGFTIEAT IR BN : Windows10 64 Hi#E R4 ; 8192MB RAM W 1F; Intel Core i3-9100 CPU;
AL N: Pycharm 20205 ZwfE1E F: Python.

Table 2. Dataset description

2. BUESERHIR

s EEITE S X H RS FE
1 OBS-Network-DataSet 1075 21 4
2 Audit_risk 776 26 2
3 Wdbc 569 30 3
4 Congressional Voting Records 435 16 2
5 House 506 13 4
6 Lymph 148 18 4

Table 3. Feature subset length comparison

T3 FHEFEKERR

Ui G/ |C] num =3 num =4 num=>5
1 OBS-Network-DataSet 21 15.60 16.55 15.95
2 Audit_risk 26 17.45 18.05 17.35
3 Wdbc 30 10.30 10.10 10.15
4 Congressional Voting 16 995 15.10 15.25
Records
5 House 13 11.00 11.80 12.05
6 Lymph 18 8.50 15.25 16.35
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Table 4. KNN classification accuracy

% 4. KNN 938

ks e C num=3 num=4 num=>5
1 OBS-Network-DataSet 0.9954 0.9818 0.9942 0.9911
2 Audit_risk 0.9030 0.9057 0.9014 0.8984
3 Wdbc 0.8753 0.8695 0.8690 0.8784
4 Congressional Voting 0.7934 0.7807 0.7851 0.7859

Records

5 House 0.6347 0.6270 0.6254 0.6290
6 Lymph 0.7157 0.6971 0.7237 0.7233

AATIAE GL-AFS Hka ek, AT TR SFIETERKE IR, R 35 fRIE T4
SRR, WAk 4. K5, ATIHEZREREE, SRRATIE 3 ANMEEEE—NRE(num=3). 4
MNEMEE—MRE(num =4)s S ANBYWENE—DRE(num =5),  FLi R RURLEE 2 (8] 3SR 2,
KR RN B, LB E: B =06+ a=1. 5b=0.01. p=09. ¢g=0.1. £=0.001. ]
RIS R EFN 0.5, B ATIF Ih M A2 IR BB KA A = OE R B AR BRI ZE A AH [F] o e
FFBARYEE BRI R IE R . R R PR B (A U BV E AR B A R ARH, N T RIESLER
MR PE, ¥ GL-AFS BEEAT 20 IR, HURFEIE SRS K EHPIMERBONE 3 . @il % 3 vl LUE Hil
REARSCHR 1) GL-AFS HUIE AT DA % i E 500 S5 AT B4 R 2R . 35 44 4 5 20508 GL-AFS
TRIZAT 20 R, KHRIRAS B 45 R IE T 28 U R VAT BELZE KNNL SVM 32888 BRI, &
B 20 KHCFME . Wi 7 4. 3% 5 ATLLE HTIE 3 NMEME—ARE . [Tk 4 AR ANRE . [Tk S
ANEME— /MR BT GL-AFS Hi545 BIRHESE & 1070 B AR MR C T 945 010 20 2088 2 1 Ul
FZEA K. ATLASH, il GL-AFS 5095 0] LS 2R 20 73 M Re A Z A KR IESE & o

Table 5. SVM classification accuracy

525.SVM S48 E

s s C num =73 num=4 num=>5
| OBS-Network-DataSet 0.7628 0.7754 0.7824 0.7791
2 Audit_risk 0.8900 0.9035 0.8886 0.8917
3 Wdbc 0.8594 0.8615 0.8602 0.8660
4 Congressional Voting 0.8529 0.8540 0.8533 0.8538
Records
5 House 0.7529 0.7242 0.7263 0.7345
6 Lymph 0.7838 0.7414 0.7832 0.7808
5 B4

HRTET X 2R EER RS SR AR AL L B TEAN 583, Tl o R R sRREHEAT T SO R BR R SRR il
WHARA AT, Hk, ASCR oA R EZREWO R I T X2 R R AR AEie 3 h oA R E 2
WETE R o SRR W] A SO R SR AN BURT LUK vt 25 Kt S L R 4E ) ROR HAS BRI 4RFIE R & B AR 2
TR ZEAKRI 7> HHEL .
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