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DUt 7 2 R B T I e BB G # Kk, BARBEETM - M RAEFIMHEAR T
A~ FE 5 B AT RE A, 2 B b AT REAE B K B — N RAME N IR A B9 IR AR 5.

WHARH X={x 2,2 BREAERT m MM C, Gy, C, HEI—A. PCIXOFR
AHA X BTRRC A3, R I 1 E B8 LS 3

Pz, 23, ,x, | COP(C) _ P(C")EP(IJ | C)
PO - PO
BT &MEMNEHE S POORAZR, WA 250 B T XA X

PC | X) =

D

Cunr = arg maxc e cP(CO [] P(a; | C) (2)

ji=1

B 5 o B SR 7R B8 0 BRI (5 B AR E F— A X R BB i AR T B B
MM KXBEENHAZXANBERTHFER SN L, A2 RXENENHSLBEER T,
BEBGE : An ANBYE BHARER  PRIERTLA X ={z,2:, sz, ) BR MBELBFEED 1L 5
A ? MegREFR: P X ={x) 2,2, HEE X p MERDPIR sy syn) RsEHT
TR A2 MNE KA LA ye = (e s yez o sy ) RFTIR . ERUMHEHI HBIRATR T, ZXR
RN RBEER AR A

Cuapr =arg max. e P (c; | XD

=arg max(ie(‘P(Cj)P(X | ¢;)

=arg max('jECP(Cj)P(Il P s Ly s Vel 9Ty Veir 2t 0 Yipl 97 s Yipr | Cj)

n kp r
=arg max,_ecP () [[ P | ) [] [T PCou | ¢ (3)
i=1

g=41 t=1

2 BNXARBE

42 3% 2RI LU 0 B S R 15 45 TR 0 R 0 7 8 AR P (6 1R K
BORMBRMHEMRE, EXAXNEN, . LAAHBEEDPENRZEMEELR. FHBITES
R RENBS, HERRRAMBEERREEPE RS ARRZABOKE,

21 EX

1B X % & B (Semantic Relationship Graph,SRG) E—MA R THE. EEE=FTE. T4 A,
EERRMEERE., BXXAEARREANNEEBREEIEERAEREEPHIA RS RE
HEX. BRREEBEXXZEMNES. EHSHMRESEIERERABNEEBRMEE. ERKRE
ABF. —FMEFEIMENEE IEERERRNETPSEI B NEERBRRBVRPHE
B H—MEAARBIEBRAEE NEERAHENERSAIBERAEEREREORPHER.
ATRABE B XX REMR T M B EPRERNTAME LR, EMIER S ER EXLL.

BN RREZFURA M, —REEN A M E R LS8R 0 EERT, 2R E
FTHARZEHRXRREERE—F, WREBEXXRERLHM . BAXHEIRZIANEZXRATE
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S MR BRI RSN EAT . R HE SO 15 P BT LA A A 3R 5 e 40 B0 0 4 L B
2.2 %)

1 4T PKDD CUP99 I —A~ & BUHR A 0B S RIE . P o AN 55 A AR 0 00 o iy —
A%, Loan R HinK, KR EL HERAFEN T R G Loan RMHE., ¥ THEEN, B HEK
TEZERME. NEHERZEKXE, B P Disposition M Car REH BT FK , N> THWARE, X/NE
XRFE GBI 4 03 KA WA 4 X L& FETE Disposition M Car %, FER M EGFETRRE
B3 b TR SEPRE T R M E R RN — R, B EX B5 .

Bl hEXRABNERZEX R R, SIREBXXRREAFH LB K, BN h A
SRy 48 P vh MY 3R 22 JH] R BE AR A L R 0L 2R, DX T R I Ah T B FE IO TR IR )

&l 2 434 T Inductive Logic Programming™ 45 58 % FH i M i B 3B £ Mutagenesis MIEEMHXER
. H T Bond RIS Atom AT UHITT B REE, FUREZME R —IH., W THEEXEL
AREPRBEIMER, TERIFTR— &8, Rt EHANA Atom FH Bond . 1T LRI SRS
RRERERIRE,E 3 BREH —KMiIBEXXRA.,

Bl $MEBEENENXER B 2 Mutagenesis BIIEEMH L EHF

Mole Molatm, Atom

Bl 3 Mutagenesis IBENENXERER

23 BUXRERMRL

X% B PR R T B0 AR5 2 B U3 L S B 7R 4 2 T B 4 T 4 26 M B B
WA, TSR AR, 1t 7R 5 0B ok R MR e b A B 56 — 8 SR T 49 2, SR A
I B R TTAR » 51 A — B AR 3 A OHR 22 , 718 B G 3 13 4 R0 7 LT T B 2 W 40 2 YR T
Graph-NB 8 9@ 880 (AL TH XX R E, £ 5 B £ R
AR (0 0 B8 75 40 2 W B BE . EL A MMk O 2 S B
1 HEHE— AR XU SR 7T — YR 5226 763 5 0 23
ST IS , BG4 0 5 25 o 0 B T 140 4 5 X O S 6 R I
HATRRYY, BRI IE XL R, B 4 4 TR

S HEMS Xt PKDD CUP99 H) % Rl 8048 FE 347 38 30 46 4L 1038
XXFRA, B4 RUESMBENXRBRE

Transaction

3 Graph-NB &%

BT X XRER L K RE N 3742 H % (Graph-NB ﬁ%>5ﬁ1&"%’ﬂﬂﬂﬁ%@ﬁ&~# i
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FINGFPUAWNE B W TEXCRE P HRAT LR AR KRR, MEE R RS E
MR . FRIKEHRBATES™AERRKE R, BN Graph-NB HRITHE M A G EEE B R
B, BRI RETNROEREEETE N R ERMEERRE—-EY. BALRKEH
WGP BT (8 B 25 B AL B AR B I PT RE P R R R B 4 EME TR B, s B R BT IRk & R b & A —
. THERBMIFETSERBENTM B H A AR R R R M k.

31 HREMEKRE

KBAEELRRESAHZ N0 BER ARSI R —EHIRFZE 8BS, WA
REIT—NAZEABIT A0, ENYGEHITHEN, LIRS 2B H T MR, RER YN
OFSTHY R RS S0, R RAIT I S 42, BRCHRRARRAN T ERBH BN XER
FPE) 2, I Sk BOIR BE L e Kk 9 Graph-NB BT

#WiE1 Graph-NB REMRE—IlSEHE

WA BER o, HihRES TAEXXRABG

W ILIELERE OG, BHEMBEITEHES P

Fik:

1. maxAccuracy= CollectAndClassi fy{tt)

2. Initialize edgeNo=0,maxEdgeNo=0;

3. for each out edge of target table ¢ do
edgeNot+t
NextEdge(it)
end
4. Cut off all of edges with number=maxEdgeNo,and output remaining part of G as OG.
F 117 NextEdge(parentTable pt)
Tk
1. let t=table pointed to by edge with number edgeNo;
2. propagate(pt,t);
3. accuracy=_CollectAndClassi fy(t);
4. if Caccuracy™ maxAccuracy) then
maxAccuracy=accuracy;
maxEdgeNo=edgeNo;
5. for each out edge of current table ¢ do
edgeNo++ ;
NextEdge(t) ;
end
B E %A CollectAndClassify BB B ARR MG IHE B I k474326, B B 40 K AT I
iR (84 maxAccuracy. % A HHI k2R R edgeNo Hl maxEdgeNo, H it edgeNo & E LK R K
BRI ] — A~ R W BEH £~ edgeNo, B K% R BEAFE F L4 . maxEdgeNo g4
HRERRNG R . REXNTERRRNEND X BEHEAM nextEdge B BJE, BIEX EHER
£ E#55 KT maxEdgeNo HIREHAITRE, RF T Z AT RMEAMALHIEXRRE.
TEFid 2 nextEdge H , B ¥ 8 FH propagate pR ¥ %} % 35 B 42 R W5 9 F #E4T tuple ID propagation™™ #
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YE, 8 J5 [ CollectAndClassify ¥ HH#ETHITERH XK, MAR YN ED SR ERE L H/TH
maxAccuracy B K, W H S ¥ maxAccuracy Ml maxEdgeNo H{l. ZJ5 . nextEdge & H K& B
FRAL PR B R BT A 53

WM B R  BE BB T X 5 B A& 8 4 608300 i 15 B0k ok 0 25 B0 6 W58 3%
WEAATRMR . T ERFER LR T WK H B M Graph-NB Bk,

#i%2 Graph-NB EERE— AR MR

BN Wik s, HRES T MEAKIELXRRE OG

W, xR ISR

Tk

1. computeProb(st);

2. for each table ¢ pointed to by each out edge of target table sz do

Classify(sz,t)

3. output class label of each tuple in table sz.

Fit#8 Classify(parentTab pt ,currentTab t)

HiE:

1. propagate(pt,t);

2. computeProb(t) ;

3. for each table ¢t pointed to by each out edge of table ¢ do

Classify(z,cz)

AUES, BB 5YI 50 B A A0 0L, 8 50t —# , H 27 maxEdgeNo fyHb 75 2 (| 4k ¢

B,

32 TEMREKR

ETEMEREY Graph NB HEEART S BERRMENHIAR- RERFXERT —2
AR, ALk, THRVIGH BRETF EMRERKER Graph-NB B k. B TR K B LB HE ML, 3%
REHHFH.

#i% 3 Graph-NB "B E—l &M

BA: BrRu, HWRES T MIBEXXREAG

W RICHEBEXXRRE OG, REMELIMEES P

FH.

<left,right >>-one edge of SRG (< target relation,target relation™ is the first edge of SRG)

Q-propagating routes stored in the form of queue

addQ(<left,right >>)-add edge to the rear of Q

delQ()-return the front edge of Q and remove it

propagate (<left,right>>)-join relation right and load its data using tuple ID propagation method

Fik:

addQ(<target relation starget relation™>)

maxAccuracy=0

while Q is not empty do

a. propagate( delQ( ) ),edgeNo++ ;



6 ERASYE So8T| 1HEE2®

b. add propagating routes (or join edges )
for each edge out of current relation do
addQ( <current relation ,right r=> )
end
c. accuracy= CollectAndClassify(current relation)
d. if(accuray> maxAccuracy)then
maxAccuracy=accuracy;
maxrEdgeNo=edgeNo;
end
end
B A I SR 45 MR B . TERIERIL— 7 U BRI 5 , ks B A 2 A 8 7 CHI B 42 46 R 3
2 B AR B BBE ) AN BAF b, SR 5 M BA S s B — N S SR B AR SR T IR BR AR R m R R
MRBERE R PRI R BT a ST X (EEBE R WM B A M & 5, e S AT 5RE 8ER
S GREHITHEZIG, BIAFIRFF LB — N EEREH#T T P rEE. RELERIFA
T Ah , H 1 5 TR AL J SR s RO BOE 2 — B0 .

4 SLRERS5DM

IR o AE 2 4R B3R 45 b I 3K L 3¢ Graph-NB # CrossMine, FOIL, TILDE, 1BC1, BC2, Mr-
SBC ZH MW E SEERR, B BRMNBBIT LR EEEREMRSE ST EREFMRENILS
e, LBHETIFER IBM 204 R40, Intel Pentium 4 2. 2GHz CPU,512MB NE.BEREGE
Windows 2000 Professional, Yin fJ CrossMine B P Ml Tk i, HBHRE 53[5 R
=HIE BN MIN FOIL GAIN = 2.5. MAXRULE LENGTH = 6. NEG POS RATIO = 1. MAX
NUM NEGATIVE =600,

4.1 Mutagenesis ¥1E &

8 — LW SRR E ILP SUs 2 6 Y Mutagenesis B E. X MHEWEME 4 R
15218 &i0F. BARRME 188 Kics ., BB HUA B AT, 4 BIXT N 124 F& A 64 Kk, & 15
H T I BOHE R R =R SR

% 1 Mutagenesis 38 FE %5 & H1iJ

-1 = H by
BK, BAYFASET, HFE RUEER,EFRBURE T L0 Bi
BK, BK, HRIE X UK mole Ty ind! M inda B¥E
BK, BK, 1B%E X UL K mole FHH) logp Fl lumo BHE

BRA1F% A 4535 H53F 773 (Bl ten-fold cross-validation 7 ) R #ATMIR. % 2.3 M 4 25151
H T 4 Fp B B 7F Mutagenesis BUEE “HE F MR T HETE S, H+,FOIL f1 TILDE W4 R &
FESCHR[4],1BC B ScBh 45 5 M k(1003578 ,1BC2 45 RS k[ 9], FS BT X =ME R
WTFHFEHER,
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# 2 Mutagenesis 21 E BK,iZ1T& R

- | 73 BBE/% IE1THRE/#

Graph-NB(without pruning) 77.5 1.1
Graph-NBOE ) 77 1.2
CrossMine 68. 8 2.5

FOIL 61 4950

TILDE 75 93
1BC 80.3 —
1BC2 72.9 —

Mr-SBC 76.5 36

% 3 Mutagenesis #[iE8FE BK, IZ{T& R

H % BRE/% EfTHE/B

Graph-NB(without pruning) 77 1.1
Graph-NBUEE) 84.1 1.1
CrossMine 88.2 1.6

FOIL 61 9138

TILDE 79 355
1BC — —
1BC2 — —

Mr-SBC 81 42

3 4 Mutagenesis #[iE F BK, iIE1TH R

" & ERE/% i={T RS iEl/#

Graph-NB(without pruning) 78.1 1.1
Graph-NB(IR ) 86. 2 1.1
CrossMine 88. 8 1.4
FOIL 83 0.5

TILDE 85 221
1BC 87.2 —
1BC2 72.9 —

Mr-SBC 89.9 48

% 5 Mutagenesis FIEEFEHIEITHER

" F 3 HEBE/ %
Graph-NB(without pruning) 77.5
Graph-NB(E &) 82.3
CrossMine 81.9
FOIL 68. 3
TILDE 79.7
Mr-SBC ' 82.4

MEE LR PATLUE H, Graph-NB B BEMEHWEREAFBERER. SHMOB KM
o, OB AT AT ] B, AT R R . BRI SR R —, U L% — & Mr-SBC K 7 BE 1



8 ERRANE Fo2BFE 1@ES2®)

0.1% . FE=RH& F T WM E L TERHKKFE.
42 SRBEE

B HASSE T ARKIERR R PKDD CUPY9 i — N ERBEE. RITBIEEMT 53X
IS THRIMEU RARER T HEXERIETE. RARNREFECE 8 MRE\EM 75982 %&id
F. BFrsk Loan F&H 400 KiCF, HinREH P, 53 5H 324 M 76 KidFRk., K6 AHT

SEMBALNTEREGER, K, TILDE &R & BXE(5].
x6 TRUBEFEYEITEHR
5 & KRB/ % EITR E/#D
Graph-NBOEE) 85. 25 2.94
Graph-NB(J" &) 85.25 2.91
Graph—NB( without pruning) 79.2 1.9
CrossMine 87. 25 13.4
FOIIL. 71.5 3479.3
TILDE 81.3 2429

MEB LR R AT LIE 3], Graph-NB B R AR HRE X, SHMEHRML, HiE
oo fa] B A, MER AN LB R B CrossMline & 2%, (EREIMR T — /N BB %K., BE S BERERFM K
R TE X HOHE SR b B - JEHE R BE — B, T O 5 LU TR BE 1 S BT 18 A - X e () g 2L, X R A T RE R IR
FEARSE BT R R IR 07T S R AR R BN,

43 AHBEE

B =S R B IR BN S5 5 ) BE 40 583X 191 o RS ) A8 45 4 2 i 5 R A 888 B AR SR (5 e
BIBEAE AR A . R 7 Gl T HEA RSN EASHET.

F7 BEERSESNER

£ " # .3 iE X
|R] # relation x
T win Min # tuples in each relation 50
T Expected # tuples in each relation . y
A Min # attributes in each relation 2
A Expected # attributes in each relation
Viin Min # values in each relation 2
A\ Expected # values in each relation 10
Foia Min # foreign-keys in each relation 2
F Expected # foreign-keys in each relation z
|r] # rules 10
Lin Min # complex predicates in each rule 2
Loax Max # complex predicates in each rule 6
s Prob. of a predicate on active relation 0.25

ATHRBEEERREER MR ICREAFRMNELTHAERESSTERE, RIEE LS H
AR, AEHRANBEIERERA N SYERERP A BESE RaTy. Ko ARBBFEEP RO,y



Graph-NB: —fIBBUERNB X ANR NI H X E% 9

REERBRPHENICR D BEE PRI RDBRN 1. B oh, A B SRS AT 90 % FE I
GREEFIT Y 1020 fE MRS, FrR B0 4 MR R FAMETREE. % 8 FIH TR SRS e
HEY 6 YR b RS R .

RS GHNMBEEETHRRE.JERL

. REMRE ImERE
HRE/% IBEITREIE/# HEWE/% EfTRE/®
R10T1000 81.0 16.0 81.0 4.4
R10T3000 87.3 3.8 90.0 3.7
R10T6000 96,2 4.1 96. 2 3.9
R10T10000 70.5 23.4 70.5 24.9
R15T1000 69.0 4.8 69.0 3.0
R20T1000 87.0 12.0 87.0 3.7
Average 81.8 10.7 82.3 7.2

M BT G R E L T B JE 3R e L R B O B R MR TR B B BT 2 % L B 7, W 198 47 B[]
B, ETHRERE, LT EMRERE T (UAF RI0T3000 — R4 b 5940 IS HE T BE L IR BE AR
SEREE AR, BRI A E. R T R S RS B A TS B BB Nk RE S
BRE—BENTETREMRERBHTBEN SRG, | EHRERKELESBHREMIENE, R
FRT AR MEEREREEELEE - M XEFREREATUE SN F 3.
MTRRUBENEAE SRG G i BB B B PR, 7 1 00 5 9 W% B 05 1) B 80 H 4 /0 10 2 3 15 3
HWERGRBMF B ER QS REFE. B ERE, TG BER R0 ERTHEERE
R

5 RB&

ASCHR T —FiRTRL 4 2 6 AN DUt 7 40 KB ¥k, Graph-NB, ‘¥ 5 H b5 3 4 7 32 10 8 47
BE UERXRRFREXMRARAES LRI, THEREI,E LR E ML T
R RMREE. M, Graph-NB 5 CrossMine fl Mr-SBC % £ 3% R 40 K8 s Ml , Graph-NB —
MEEBXBI BB XERE BITREE. S5 BEP BRERBERMEANIEERELL
DR AR S0 SR RO BENE 18T, L BEAR S0 SR W 6 0 AT B ] LU R BE R e WS B (B B AL S Bk A B
BERPSHERCRBEAAFRRE RGNS R T, FURATS, T ERERBERTFRERK L
R
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Graph-NB; an Efficient and Accurate Multi-relational Naive

Bayesian Classifier

LIU Hongyan',CHEN Hailiang' , HAN Jiawei? & YIN Xiaoxin®
(1 School of Economics and Management, Tsinghua University, Beijing 100084
2 Department of Computer Science, University of Illinois at Urbana-Champaign, Urbana, Illinois 61801, USA)

Abstract Multi-relational classification is one of the most popular research areas in data mining. Current multi-

relational Bayesian classifiers take all the tables connected with the target table into consideration, including the weakly-

linked ones. In this paper, we propose a new Classifier, Graph-NB. It optimizes the semantic relationship graph by



