wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

FXEESEMERRYBEENSHOE
%, SKIRA, BRI

SIRAAX

BB, KRR, BMEMS. HRIEEMFRREEENSHBARE]. TEHIRIE, 2022, 49(11A):
210700191-5.

XU Wei-hua, ZHANG Jun-jie, CHEN Xiu-wei. Distribution Reduction in Fuzzy Order Decision Data Sets
with Attention Degree [J]. Computer Science, 2022, 49(11A): 210700191-5.

B EEE (BERXIMNE IE JESREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
HEF—###q-rung orthopairtZ#isz WBHNEMELBEEE

Attribute Reduction Algorithm Based on a New g-rung orthopair Fuzzy Cross Entropy
HHEHEIE, 2022, 49(11A): 211200142-6. https://doi.org/10.11896/jsjkx.211200142

ETRBERE SR SR ET=R
Fuzzy Random Events and Its Probabilities Based on Axiomatic Fuzzy Sets
HEHEIE, 2022, 49(11A): 211100242-7. https://doi.org/10.11896/jsjkx.211100242

ET R BEUEE SRR
Fuzzy Reasoning Method Based on Axiomatic Fuzzy Sets
HEHEIE, 2021, 48(11A): 57-62. https://doi.org/10.11896/jsjkx.201200140

EF SR EEEE RSB EMENRIREEETE

Optimal Granulation Selection Method Based on Multi-granulation Rough Intuitionistic Hesitant Fuzzy
Sets

IHEHEIE, 2021, 48(10): 98-106. https://doi.org/10.11896/jsjkx.200800074

ETEREMENENFIEE
Ensemble Learning Algorithm Based on Intuitionistic Fuzzy Sets

HENRIE, 2021, 48(6A): 270-274. https://doi.org/10.11896/jsjkx.200700036


https://www.jsjkx.com/CN/10.11896/jsjkx.210700191
https://www.jsjkx.com/EN/10.11896/jsjkx.210700191
https://www.jsjkx.com/CN/10.11896/jsjkx.211200142
https://doi.org/10.11896/jsjkx.211200142
https://www.jsjkx.com/CN/10.11896/jsjkx.211100242
https://doi.org/10.11896/jsjkx.211100242
https://www.jsjkx.com/CN/10.11896/jsjkx.201200140
https://doi.org/10.11896/jsjkx.201200140
https://www.jsjkx.com/CN/10.11896/jsjkx.200800074
https://doi.org/10.11896/jsjkx.200800074
https://www.jsjkx.com/CN/10.11896/jsjkx.200700036
https://doi.org/10.11896/jsjkx.200700036

http: /www. jsjkx. com

DOI:10. 11896/jsjkx. 210700191

Sy THHF

mREERMFRREBERNSTHAE

BB KER  FEE
TWEAFALE® SR FIK 400715

i E MAXRHETROGIN L ZBOSENTHERBIL L KBEENEETRAARMAS IR YR T HBLIBG X E,
H AR L BTHATHEEER T EERAART LRGN PERRLEATAEE BFRABELE RERXBELELE, EAL
EFEFP ANABRBEEFTENFHBEGXRZEEERR—HN, AL E2AEMERMBEEG AR L X REWEHE
MHHRAT R, XL B B it — T ELTFREEOENFREZEEZR, REEZAZATIAS A R4, BT HH T
PREE R TRy FAMA T k., RGBT EH PHBIET &5 ke T,

KBER BME P ERAKBE X EZE ;2 FAR ;2 HF THIRES

hEESES TPI8

Distribution Reduction in Fuzzy Order Decision Data Sets with Attention Degree

XU Wei-hua,ZHANG Jun-jie and CHEN Xiu-wei

College of Artificial Intelligence,Southwest University, Chongqing 400715, China
Abstract With the advent of the era of big data, the structure of data becomes more and more complex,and the dimensions of da-
ta set become higher and higher, which will affect the efficiency of data mining greatly. Therefore,it is necessary to perform data
compression or attribute reduction to information systems, that is, to remove unnecessary redundant attributes, reduce data di-
mensions,and improve the efficiency of data mining. The reduction methods proposed by many scholars in the past regard each at-
tribute as equally important. But in real life,people’s attention to each conditional attribute in the data set is often different. Ai-
ming at this phenomenon,based on the classical fuzzy decision data set,this paper weights different conditional attributes,defines
the weighted score function,and further establishes the fuzzy order decision information system with attention degree. Then the

distribution function is introduced into the system and the distribution reduction method is established by the distribution discer-

nible matrix. Finally, the feasibility of the method is verified by a case study.
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