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FiE:

1. maxAccuracy= CollectAndClassify(tt)

2. Initialize edgeNo=0,maxrEdgeNo=0;

3. for each out edge of target table ¢z do
edgeNo++t ;
NextEdge(it)
end
4. Cut off all of edges with number=maxrEdgeNo,and output remaining part of G as OG.
Fil# NextEdge(parentTable pt)
Fik:
1. let t=table pointed to by edge with number edgeNo;
2. propagate(pt,t);
3. accuracy=CollectAndClassi fy(t);
4, if (accuracy™> maxAccuracy) then
maxAccuracy=accuracy;
maxEdgeNo=edgeNo;
5. for each out edge of current table ¢t do
edgeNo++ ;
NextEdge(t);
end
W B EMA CollectAndClassify ¥ H iz R MG IHHE B I3 KT 428, BRNSRERE
i& [B] 45 maxAccuracy, B P15 2 RE R edgeNo M maxEdgeNo, JH# edgeNo fL#iE X X R A+
BRIBTWUF , B — 1 RTEH Z edgeNo, A ZRFTREFLET 45X P . maxEdgeNo id &4
HREBRNER. REXMTERRNEN X, HEBEFA nextEdge R, B, W B0 EH B
#2 E#55 KT maxEdgeNo BIRMHATRY, RM T Z M RIEIRANEXXRA.
¥ T3 & nextEdge 4, WL propagate o X i #2 B2 K i Y R AT tuple ID propagation’™! #
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ﬁﬁ:

1. computeProb(st);

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

Classify(st,t)

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

F it M Classify(parentTab pt ,currentTab t)

Fik.

1. propagate(pt,t);

2, computeProb(t);

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

Classify(¢,ct)

AUES, HEABRSIIGHBEEAMM, BHPF S, R27E maxEdgeNo i) 77 5 11 44
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ﬁm :

<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

FiE:

addQ(<target relation ,target relation>)

maxAccuracy=0

while Q is not empty do

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



6 MARGHHR M2 I REM2®)

b. add propagating routes (or join edges )
for each edge out of current relation do
addQ( <current relation,right r=> )
end
¢. accuracy= CollectAndClassi fy(current relation)
d. if(accuray> maxAccuracy)then
maxAccuracy=accuracy;
maxEdgeNo=edgeNo;
end
end
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M 2 Mutagenesis 3 ¥k % BK,iE{T& N

. 2 3 HERME/% EfTeE/®

Graph-NB(without pruning) 77.5 1.1
Graph-NB(iE &) 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 ¥ %% BK, @174 R

n 7 3 BME/% Efre /B

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

FOIL 61 9138

TILDE 79 355
1BC — —
1BC2 — —

Mr-SBC 81 42

! 4 Mutagenesis M & BK, ZITHR

x % BENE/% BT E/®

Graph-NB(without pruning) 78.1 1.1
Graph-NBUF ) ' 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 SR E F9EITHR

" & RWE/%
Graph-NB(without pruning) 77.5
Graph-NB(& ) 82.3
CrossMine 81.9
FOIL 68.3
TILDE 79.7
Mr-SBC 82.4

MELRERFATLUE N ,Graph-NB HILZAWRMMENEREEABRKER. SHAEM
W, FB T B, AT B . Wk VIR BE A RS —, (U LS8 — & Mr-SBC #) 5% B 1K
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x ;3 WA/ % BITHE/P
Graph-NB(® ) 85.25 2.94
Graph-NB(J™ ) 85.25 2.91

Grapi’x—NB( without pruning) 79.2 1.9

CrossMine 87.25 13.4

FOIL 71.5 3479.3
TILDE 81.3 2429

MEBZRF A LUE R, Graph-NB IR AMMALREHRBE. SHMOBEHL, K
78 B B S8 , ME B BE (U L B B 9 CrossMine ik 220, (HEf[RIR T — MBS . WE 5T BEK W F K
B TE XN MO8 SR B B S SRR BE — 4, ) BE O 56 b R BE 4R S B 4 R B F 3 i [ 2, SX AR A T RE R IR
BEREFTRANBETEREARBEHTIEH.

43 ARBEE
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27 MEERBSMHERE

& = # ' X
{R| # relation x
T in Min # tuples in each relation 50
T Expected # tuples in each relation y
Anin Min # attributes in each relation

Expected # attributes in each relation

Vmin Min # values in each relation

A% Expected # values in each relation 10
Frin Min # foreign-keys in each relation 2

F Expected # foreign-keys in each relation z

|r] # rules 10
Lain Min # complex predicates in each rule 2
Limex Max # complex predicates in each rule 6

fa Prob. of a predicate on active relation 0.25
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IR RERE I ERE
HEWME/% BT E/B HEWNE/% BiTHE/®
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
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B, ETHEXERE £ ERERE T A RI0T3000 — M HIEE L4952 00 B L BB IR
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1. 8
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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, llinois 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
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cutting off some tables, and reduces the adverse effect of those weakly-linked tables thereby. It is implemented by both
the depth-first and width-first traverse strategy. Experimental study shows that the optimization of the semantic
relationship graph is effective on the increase of accuracy. Comparing with other multi-relational naive Bayesian
classifiers, it has short run time and relatively high classification accuracy.

Key words Multi-relational classification, Naive Bayesian classifier, Depth-first, Width-first



