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Abstract: In this paper, aiming at the redundant rules produced during multi-level association rule mining, an approach
for eliminating multi-level redundant rules based on semantic dividing is proposed. In the method, the redundancies are di-
vided combination with semantic ontology into tﬂree categories: sub-rules redundancies, synonymous redundancies and re-
ducible redundancies. Deleting the redundant sub-rules, grouping the synonymous rules and treating these rules having the
same meaning, reducing rules that express only part of information to higher level, when pruning redundancies. Finally,
the approach is evaluated on a real mobile subscription service dataset, and its effective in treatment of the redundant rules

is proved through the experiment.
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WI=11L,I,,1,} REEBEHRES, K
PEA L1 <j<m) HAEEPHEESHRE
. BUETE X EHETIHENES XS 1.
BT HhERBESFE BEFEEEBETELES 1, BB
L€ THLC I —4FSEETE X, 4HXYE X
Cor TR X R 1 Esup( X)), BEREEFET
FEE X WEFR. X EBEFEST PRXFEN
X M EH B sup(X) 5 T FESH BB count( T) ML
1B . RIS PRI R A AR B, T 20 X
> Y,EFXCI,YCTHXNY = o, X#HKAH
MR, Y BROBFL ST, XY = §50 A] DA R A 4
FARREER EABEE. H X — Y X REE XN
HEES THRNGCETHEX MY WESEICE
sup(X U Y). XMW HEALES S PERERE
APMTFHEEMBAMGMRZALE. AN X > Y
MEBERFEE A

conf(X = Y) = S_M )

sup(X)

2.1 AEHEXR

EBX 1 (F) ARSI R
PEEALO Ak Ry HTH, O(C,R,H,P,A). H
P CRELBEESES; R RBIBEIEEERKRXRE
E;HREAGCRKREW, DR THEZEEKRE
B, H(cic;) RTHES o, BIES ¢ WTFHAP R
FRMES ;A REREAHE. A 1 FiR.

Same_as(0.8)

Same_as(0.75)

B1 FEESXER

EX2 (HEWE) BAHMEES YO X, X
C C, R Y PHE—Ty,, X PEFAET ;W2
KFEH(y, ), Y =1{Vy | (3,2) € H,Hux;
€ X, Hj=0,1,2,-,m;i =0,1,2,,n},M
R X BTEY %k, iEfEsub( Y, X) . IRR
FEZ < C 58 sub(Y,Z) Msub(Z, X) Bz,
B X BRUAE Y WHEEHE.

EX3 (is_aXF) R M, BCHHBEE,
MR ¢, Bec; WLPIBE ¢; Bc; S, MIAK o\

¢ is_aRR,itMEis_alc, ) EE 1P E a,
AFERC.CHRIs_aXR, FHERHis_ala,
A),is_a(c,C). is_a X REEEPHERKR, B
is_a(c;, ¢j) € H. is_a RER—MAFEER.

EX 4 (same_asFKR) ’c, Flc; BC TR
&L MR o FIBEHBUER N T EEBR, U
AR c;cj F& same _as X R, 104E same _ as(c;,
¢;). TR AT SUHLUE BB K, XEHA RUA
R oo TR EMMUBERER T 2RSS . B
1 PHES a By FIHES ¢ B, W e same _as R EK, 4
HFRH same_as(a, By),same_as(c, B,). same
_as RARAKEFIERKRKR, B same _ as(c;, ¢;)
€ R. same _as XRER—MFMEER.

— IS5 EERFHMHELERN 1, Bl same _
as(c;,c;) = 1. MRFEMETELBH ML, B4
XFHEERAERUE R 0, BI same _ as(c;,¢;) = 0.
MERH same_as(c;,¢;),same_as(c;,c;) , BB . same
_as(c;,c;) = same _as(c;,c¢;) X same _as(cj, ).

X5 (part_of RR) &’ ¢; Fic; &C 8%
=, MBE o RIS B —84, RATEEE
ci~cj F& part _of RF&R ,iCHE part _of(c;,c;). part _of
RATUFRREE co; TS WEEE. 8%
B R, W0%E part_of(c;,¢;) A/MF R, A&
G BZTHE EEHEB R, FEFHL TR
FHEE ;. B 18R B, .B #iEB,.B W& part
_of RE, 5 H|FRA part _of(B;,B) ,part _of(B,,
B). part _of REARAKKPHEKKE, B part _
of(c;,c;) € H. part _of RER—TRFERXR.

BMRESHETCASGH—5, H part _of(c;,
;) = 1 TR WAARHARMBLEATRELL R part_of
RE,part_of(c;,c;) = 0RABEE c; 5HERc; AFF
TEBEASHIWEXR. HERN—BIH—BIEX
MR —FB 4, BRI R part _ of(c;,cj), part _
of(c¢j,cx) WAL, A part _of(¢;,c;) BSL, B part _
of(c;,c,) = part _of(c;,c;) X part _of(cj,cp).
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R, 24 H AU - BRTHEE P c 5H
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= R, H% R B&/MEERE.
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BE . 30 AR (DL BE BRI o 4% [R) SO SCAR DL BE e B
/ME., B same _as(ry,7;) = min{same_as(c;1,¢j1),
same _ aS(Ci29Cj2) b

EX 8 (FAHM) W i RAN -, HEL
HN, M EAY - WETERE TR E D ¢; S,

HRMETRERE TR T ¢; W R part _ of(c;, ¢;) =
R, Hr R BR/PHCEEDUE , BN &R
JEHEIIR ¢, , c, W B same _as(cy, ) =R, HH R’
RB/MEREEUE.

RPN 7y BAN 7, BOFRHL, HEW -, 7]
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3 ETFENYSHSERRBEAN TR
i

REEFNIZ &7 4 KB BLY , B R 2
EFP T &K, ERNIMEE RN E S LS
BXFERERIIAMNERFTERRNEEE, N
RETE PR MER X MU AT TUAR AL B, SO 42 R
BRERGTERBLO TR LEEIBRZREERE,
R BGE RN HETE.

FEEFEES R 3 A (1) H AR AT B H
HHATHALER , FAMLU AT - R S RT
X RGBT E RN ERE RN ATENES
H. Q) GETE S AMGE T S IRETEM . AATZMIR
W RBMEEN SRR BREHA TR — &AM
FATBIT , RIS U FF 36038 57 BT B i 31 R R
FRA, XA RH R T R, AT B S
R, R %I H 51 R A B ETS, R EIATT
RANRBEE S . X 58 UG B ARG MA
AR TIARBMEEES . Q) BB ITURBNE
HRE, TN A TR,

3.1 #HENEH
createPreTree (ruleset)
BAHNES ruleset

B AYIAARMRTERES prefixTrees
get all premise from ruleset;
Set < Set < premise > > sortedPre = sortAndGroup
(premise) ;
for preSet in sortedPre
get the first item ITEM
root = buildTree (ITEM);
current = root;
for premise in preSet
if pernise not equal current
if current. childs not contsin premise
current. childs= U {premise} ;
End if
current = premise
End if
End for
prefixTrees= U {root} ;
End for
A5 R A0 00 T 0 e R A 5 i 0 N T A
B, AN W HTHE T HE R it 8, i —14
T B A E R E - RSP N TEIMES A
b 15 B AT TR S AT BRI — N B
BTN BB 8, KR A P B R RNETR,
MERTEN , R MENART RBMPHETRR
HIBE BRI RCE BT, XA B ERIANES
HRETE R, SE R BT A M AR B R ERT R
WREH.
3.2 SHEENFEEHREN
scanPrefixTree ( pfnode, ontology, relType, weight,
premises)
WA BT I K pinode, 24K ontology, X B 25 rel-
Type, weight XEBEAUE , premises TR BTRM WBH &
BHALY KB RES , RACERAH A REIR
i TTRMMME RS candreds
for path in premises
path= U {pfnode} ;
if path is premise of a rule
candred= U {path};
paths= U {path} ;
End if
relNodes=ontology. find (pfnode, relType, weight);
if relNodes is not null
for renode in relNodes
newPath<—path. deepclone() ;
newPath. pop() ;
newPath= U {renode} ;
if newPath is premise of a rule
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candred= U { newPath| ;
paths= U {newPath} ;
End if
End for
End if
candreds= U {candred} ;
End for
childs<—fpnode. getchilds() ;
if child is not null
for child in childs
scanPrefixTree(child, ontology, relType, paths);
End for
End if
LA AR P AL AT R , X 25 B TTR 4L
AL . A BTBAR I A root, 454& ontology, %
BXRAY relType, KEAUE weight, K FHIEE L7
8 5 . AT ERR T ST IR AR 8K e
TR LA WA, R T SRR —F
FUMBTI, WIS TR R & . R E 4K, iR
Bl 5 4ETW RE e R ER relType HAUE KT
weight BIRBRT A, IR X BB 5 METH A
%ot BB AR b BR 2R A8 BT T R0M SR ) B
T, N X S I A BIAHRL TR B E A, 318
R P MR A BT AL XSRS R ]
R KAK O(#?). Itk R ERIER )G , BT A B
FLMER I A BIAERL I TOR B E S .
3.3 MNTRMNMEEEEZITHRLE
reduceRedundancy (candred)
A TTRANBEER S candred
B EITTRBMEA rules
for rule in candred
get consequent of rule
get relation ITEMS of consequent
if conSet is not contain consequent and ITEMS
conSet= U {con}
rules= Urule
End if
End for
XN TURBEE S HITLE. TRFEERES
g AR AL B BT IR R A AT e SR — 2R R
BT X i AR EE RGP E AN ST, i
RERBEEM G TR FXERR, BAXFM
WA B B B TTAR PN , BEAT AR R A AL 2.
BERRETIIT RS BRI KRB E#*
TiRse . LB R, A SCIR I TR AL B 5 HL R

HBIHBRE B R BRALI TTAR , M2 48 H B ML
AF & KRS, KPR R I RA 1R E G
B 3E 5 Ak B T AR A b B T A% 425 40 B 1) 6 9% 1 %o
b, RIS R § 07 SR [RIFE 28 B R T LAR

ZH.
4 HFRiF

SCHRE R 2 R UCORBRALIN S 98 7 A TR, 2
HEETIE LR IR AL B 7 3, R R (R
B KBAMITTARRI SR 3 28 FRNTTAR F
MITTA FTRABNTTR . HAT TR B BB
TUAREIT-BLI , F ) SO 24715 8 W RA MR
FOCRHLN LB R R T #8258 AT = A4 AL AL
AZEREK.

SCHR H A3 T8 R4 i 2 B BRI TT &R
AEBRTT PR TUAR B AL TR 52 3 TiF XA RS E
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