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EOCTHHATHY . IR R #A, R E N NSNS B SRR 2 —, X A Bl ) iR R I AR
EAEH. 1997 5, Zadeh BU F— k32 H TRTHE (granular computing) FIMES. B 5 E Br_E1F 2 A [F
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P, AR LR T, A [FJZ T A AR AT DA AN [FI R BE AR5 SRR 22 0, SR i R P AR 22 A ik
ATHESEANTH B, B0 T A B R G A RO BN 4 ) D JE 2. B0 A A 4%, Daphne 55 (01
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LA, SR RL TS A R ABR SR A R Bl i B U — Be P BOR R . Ye 55 (641 Jed of Hodhs 23 [A) A1
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IEFEGEARL, JREETBed i T AR AR FE I A, AT I — KSR 1A ST R AR IR R #5500, Chen
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5.1 {FERL

B A LR B HEAT 0, S ERE T A 2 M ) SR B s 2 e A R SR EDIT AL 1. BT e
I EHE AT L AR P ] B0 AR, th T RE F J R) RBSR A P A T ROME SR L AR . TR EOR B A
Xt JRy FRESCHE 1) A IR SR AT R 20 5 2H 23 LA B TR TH SO SRR R 2 2% i) R P 2l K
PR T LR BUAERE AU (R B2 AR AL RIS ) v 4 P AN D T T K P R M R HRAE I B
ARG IR MEAE B2 T e, BRI B ) 2 U E . SR TR AN DL K 2 Bt i U5AS B
ISR R 2. R ORI R PEXT R ER 298 (U mT 50 SRR BRI L 1230 45 R I B A
HN AR T BBk, X PR BT RE AR A 248 WA BAT S5 S IR R 5%
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X R B R U, ol BB ARG R Y, TR S RS, B AT 23 K TR R A ) B
PR — A BB i L ] S BE LA AN & i R DS T M BSCH R A P A P A, 2 IR
TSRS, K R SR I% 70 s TSN 4R, S B — S N B SR AT HEIRT, SR)5 R /NEE S B
FHE B R T2 Bl — A BEAAHE IR, A 45 B S R B B R RE L B AR . 4% 70 RO A S5 DR XA - 2 3
it AR B A0 RE L8 (B, JE38) BEARARAE. WD ROBT FUER M. T R B 7T e 7 28 <
3ANEN: SRl AR ik S Do 18] SRR LA S5 RS RURE R A (Y 7 A1 2 5 B R
& 1) 0 A AT BE — B AR R AR B BR8] R RS BB R A AR, i PESR 2
JR SR R E A BRI PTA AEAES TRE MR . ATt A2 X 3 R S EREAL 77 120k 2 AR
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Theory and method of granular computing for big data mining
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Abstract The external form of big data often presents large-scale, multiple modal, and growth characteristics.
In this paper, we discuss and analyze the challenges in data mining from the viewpoint of big data; these chal-
lenges include computability, effectiveness, and efficiency. Granular computing is an effective method for solving
complex problems for intelligent information processing. By analyzing the feasibility of large data analysis based
on granular computing, we argue that granular computing shows great promise as a new way for data mining in
the context of big data. We also analyze several important problems in data mining based on granular computing,
and the results will lead to further interpretations and developments in the field of big data mining.

Keywords big data, data mining, pattern discovery, granular computing, information granulation, multigran-
ulation
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