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Accelerating the Recovery of Markov Blanket Using Topology Information

FU Shun-kai SU Zhi-zhen Sein Minn LV Tian-yi
(College of Computer Science and Technology, Huagiao University, Xiamen 361021, China)

Abstract Markov blanket(MB) has been known as the optimal feature subset for prediction, and there exist fertile
works to induce MB by local search since 1996. A novel one called FSMB was proposed which heavily relies on condi-
tional independence(CI) test to determine the existence of connection between nodes, so it is kind of constraint-based
learning as well. However, it differs from previous works by treating candidate CI tests unfairly. FSMB extracts critical
d-separation topology information from conducted CI tests,and applies them to sort and perform those more likely to
uncover independent relations with priority. Search space therefore is expected to shrink quickly in a more efficient man-
ner. Experimental studies indicate that FSMB achieves tremendous improvement over state-of-art works PCMB and
IPC-MB in term of time efficiency, but with no sacrifice on learning quality. When given large networks(e. g. 100 and
200 nodes) , FSMB runs even more efficiently than ITAMB which is recognized as the fastest algorithm by now, requiring
up to 40% fewer CI tests,and produces much higher quality of results. Experiments with UCI data sets and four classi-
cal classification models indicate that the classification accuracy of the models trained on the output of FSMB are close
to or exceed performance achieved by models trained on all features, hence FSMB is an effective feature subset selector.
Keywords Markov blanket, Bayesian network, Local search, Structure learning, Constraint-based learning, Conditional

independence test
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1. CADJ<-U\{T} ; / /Mg M 4R 5
2. PCD(T)~RecognizePCD(T,CADJ],D,e) ; / /5% X F
3. MB<-Q;//G/RELRE
4. FOR(YXEPCD(T)) DO
5. CADJ«U\{X}
6 PCD(X)<—RecognizePCD(X,CAD],D,e);
7. IF(TEPCD(X))THEN //ABRAERLTHA
8
9

MB<—MBU {X};

FOR(Y Y€ PCD(X) AND Y¢ MB) DO
10. IF(In(T, Y{DScr, v U{X})>>¢) THEN
11. MB<MBU{Y};// & BFF BB H

12. RETURN MB;
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1. NotPC<-Q);
2. dss<=0; //#14E4k d-seperator size
3. DO
4. FOR(Y X& CAD]) DO
5 SS=(GenerateSS(CADI\ {X} ,dss, DSA);
6 FOR(VY SE€SS) DO
7. IF(Ip(T,X]|S)<(e) THEN
8 NotPC<-NotPCU {X};
9 DScr,%<S; /BB 1 hfEM
10. VY YES,DSAy<-DSAy+1/|S|;
11 BREAK; //Bk#%%) 4
12. IF(|NotPC|>>0) THEN
13. CADj<-CADJ\NotPC;
14. NotPC<~Q;
15. dss<dss+1;
16. WHILE(|CADJ | >dss)
17. RETURN CAD]J;
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2. FOR(Y SCX AND |S{=dss) DO
3. i‘f‘ﬁYZG:SDSAY % SHA PRQ; / /IR #1853 B K
4. RETURN PRQ;
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Test200 3000 0.44 0.62 0.63 0.63
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5000 0. 47 0. 67 0.68 0,68
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