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Improvement for TANC — BIC Structure Learning Algorithm

CHENG Ze-kai, QIN Feng, XU Hao
(School of Computer Science, Anhui University of Technology, Maanshan 243002, China)

Abstract; Bayesian classifier based on probability theory has gained great attention ,because of its simple structure and good performance.
TANC applies widely in practice. The classifier which was set up by the TANC — BIC structure — learning algorithm had acquired success,
but it didn’t consider the class node. This paper suggests a new structure — learning algorithm called TANC — CBIC, makes experiment in
MBNC experiment platform with programming TANC — CBIC algorithm. The results show that the accuracy of improver is better than al-

gorithm based onTANC — BIC and TANC —CMI. The new structure - learning algorithm is effective.
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VAR traindataset D; WeightMatrix Ip;
UndircctedGraph UG; UndirectedTree UT;
DirectedTree DT DirectedGraph TAN;
PriorType priors; Parameter CPT;
BEGIN
for each Ai, Aj Compute Ip=f(Ai,A},D); %itHE i—j 4553
HIX R Ip
G = ConstructUndirectedGraph(Ip) ; % 7 IEE#EE
UT = MaximumWeightedSpanningTree(G); % BB AN E
B
T=MakeDirected(UT) ; % B5E 189K 7]
TAN=AddClass(T); % HHNEL4 S, 185 TAN 4
CPT = bayes_ update_ params( TAN, D, priors); % #R{E45 4
¥IBYK
TANC= (TAN,CPT); % BI% 7l vi#74> 2538 TANC
Clissfy testdataser; % 43203
Evaluate Classifier; % 75725380088
END
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