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Max-relevance min-redundancy restrictive BAN classifier learning algorithm

FENG Yuejin , ZHANG Fengbin
(Computer Science and Technology Institute, Harbin University of Science and Technology , Harbin 150080, China)

Abstract: NB (Naive Bayes) classifier is a simple and effective classification method, which is based on
Bayes theorem. However, its attribute conditional independence assumption usually doesn’t correspond to
reality, which affects its classification performance. BAN (Bayesian network Augmented Naive Bayes)
classifier extends the ability to represent the dependence among attributes. However, BAN learning
algorithms need a large amount of high dimensional computations, which impairs the classification accuracy
of BAN,especially on small sample datasets. Based on the variant of max-relevance min-redundancy feature
selection technology, a new restrictive BAN classifier learning algorithm (k-BAN), which builds the
dependence by selecting the set of edges for each attribute node,is proposed. Compared with NB, TAN and
BAN classifiers by an experiment, the restrictive BAN classifier of our algorithm has better classification
accuracy,especially on small sample datasets.
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743 28 4 2 — ol TRT BRI A5 00 DU 30 0 2% e R A5 A B M AR SR AR A 0 A R AR LIRS AR AR ST Y
2 DL -7 40 S 8 AR 22 1] BIAT 25 AR A 0 0 2 of 0 LR P A ) A % 2 i ST v A K 22 B S o ) A3 e B
SBT3 kAR 28 UL i A AR A (3 Bt L (A A S 0 A S A A B — 2B SR TR LA A
FECHE 32 4 B BF 98 ol 2 —

WEAETE 2 07 AN R DU 3T A3 2888 50— R Or I R B IE T AT F A e A AR R T
B oK A TR 5 5 ST T BRSSP AR T R DL I T X 445 3 I B AR R AR R 6 9 AR i A A O
G5 R A T A VA ORI R Y ) A L DT B2 i AR R A A MR M . SO A0 IR A X W R Oy ik A A Rk iR A A
SHIE . MEL R T 2 R IE MR L £ . Friedman VA5 T H A 45 A TAN (tree augmented
naive bayes) 73 J585 BN TN 28 DL 7 43 AR rp g kST M BB AR B R TR 38 DL T I 4% 1 S5 4
FAVFEA YL S 2 T UK T 1 A2 5. TAN BRI ATERS R T 2% 2 808 540 J05 i
Z AN —FE Y R . BANS 259 J# T TAN 2549, fui/F @ ¥ 22 8] w] LB AR A ) o A6 5 8] 4l
FR i MR Z TR MO 56 R 1Y B D 1G5 T DL — D4R S VE R . HE L BAN S5y 1Y 2 ) 5F B 4RO 7
INRBEBE S b A B A0 25 AR ] BE A A A KR 22 L R R 4 R A 1

it R S KO S B /N TUAR AR S B 00 0 A T 5 s 1 % 30 1 42 L Ak A 2o AR v el Y e KA
KT/ NTUARF A =4 R AR B 4R T WL 70N BAN 3 288824 ) (TS 4R AR SCHR T — Fp
Z BRI BAN 432588 B-BAN, B 5017 55 A J8 PR 25 S e 2 T DR £ (R<<<IN, N N JE P45 S0 IR 2845
RUPEE TIRAY TSE M A L BAN 20288858 /N RAE RIS . JF B AR SCER Y A2 BR BAN 4328
2 2 B G- BAND X 25 55 5 HAs 6 A 45 o5 48 22 (6] 19 Jir A5 3 422 S0 17 95 R A 40 308 36 6 0 288 ofe ) 1Pk vl o e
RIERERFRE M TRHRIMAZ KA 1 (k=edges=0), 53 HJg &% I TRk RREZMA 1 &)
M LA, i — 20BN T AR R R B A 2 SR T R

1 HXx#EMEE

1.1 BAREARHEES

B AFERT —HA 8 X = {21,202, ) BRFEEIEES D P(aox s sx) (1<Kis by j<n) R
A (s o) P Aok j<<n) Z BRS04 . RAEBIEES D IR A RAEARSES .Y
HACY  DCRFEERAE S D, R HER TR AR e (2 B <C3) 748 o 21 22 18] A 06 5 ME 230 0L, O o 0 v 2 (4 >
3) AR i 2 2 W) AR G AN B A O L RR AR AR T (AR
1.2 DUM-HR ) 4% 53 K 2542 8L (BAN)

BAN i — 4" & 7 NB Al TAN, B A& M4 il Z [ 0] LUE AT 2 /A ) TS 36 18 1A 22 R s H
FRMKHT C R R BE B as Wt — 2t eR A 2R W) IE#IPE . Friedman #2 3 conditional log likelihood (CLL)
a7 N, % 3 BAN 432K 88, Cheng fll Greiner 32 W 3 T 45 4 oh 57 P 1) 3% ( conditional mutual
information, CMD "™/ ff) BAN 2% 3] 53 . BAN 2% > 50k # 5 2 o 4 31 50, IRt 76 K 22 5000 3 85090 46 5 51
SETE R Y/ N R RO AR b I RBORE NB Fl TAN 22,

1.3 EXHEX-BITRMEXREEEXRATEE

MAE B A RRE B o KA Bk R B — A& m DNRRE R IEE A S, 5 B
PRAE R ¢ ITLAS BBOR 8 U8 rargmax [ (S, 50

e KA S~/ N IO AR FRAE S 428 P b S A i S

AR T BRRMNFFIEES X PEREEE T m — 1 DAL S, Kon . HARE R ¢ H b2 MR IE 4R

A& X—S,, .k E—NRE 2, = argmax [1(1”/- ;t)*# >, I(x; ;I,v)]g
2 EX-S,

m—1.¢€s, |
2R 2 FERREREE S LR —NRRE R R T I KA eI/ NIUAR T i e A UL F

1
x, = argmax [1(.7@ ) ﬁ}, ;711(11. 3 )} ~ brzjregxrgifﬂl({sm e st .

@ E€XS, )
AT 2 AL T B R A =B/ N ITUARFFIE A R 1, 2 520(2) 158 ISR AR E 4R B v 1 &> FRAE 5 KA
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JE O L IAE A/ RAERE AR b R U A AR CBPBT A 500 L IE 4 MRMR M2 e K
H ORI E T R S BT

2 MERAXBEXREPDTRFMEERFFRARNZR BAN &2

2.1 PHEMRAEXRDTREFMEEERAR
R m i C AtrEd oy oo WEPEE S X e & 7 om — 1 DRE S, s s W&
X=S, . H k-1 E

r = argmax[1G ot O =L ST 1 | 7. (D

7 €X=S, 2 €S,

BEAH S VBRI A HARRAE ¢ 0926 RS R ILECR ) w, ~ argmax [TCLS, 12152 O) ]

2.2 F[R BAN 4} K& 3 (k—BAN)

DU $4r 73 285 R S — b S TR ) B T S8 3 07 06 1 23 SR RL 0K SR 1 e 0 E R S B R I R R R L A
PS50 7 S8 RREAS SO0 15 B il 7 PR 1 5 Bt

R U= (A1 Asuees AL CHE B ELREPLZL 5 A RS o AL A Lo A R IR IEAR B R R C I
EIEE N (crversmerve ) va EIBYEA MIBUHE I, #R A R RESGCREE O S 2= {aiaz,
a, yJE T o MR ATRR N

P(al sy st e, | C_/)P(C.I) —

P(C' ‘ Al sy s°°° sd ) -
! " P(al 76127”'961,,)

aP (¢)Playsasssa, | ¢) = aP ()| [Pla | Oa sc;),
i=1

DL o 25 3 e — 32 Bl La say s o sa, ) BB ERAE PCep) | [ Plar | I sep) BRI o MBS0 Hbn %
i=1

Z PR BAN 73 2R (k-BAN) R [ Iy | <<k . HrpG=1,.n) k=08, Z R BANFREMN K NB
P RBERL Y k= 1, 3Z R BAN AL ZEMN Ry TAN 732 BERL ;2 b = n i}, 52 BR BAN BRI 47 S A 52 R BAN
YRR R A RIE LA RS S, AL A A b Ay F A= L R AHTR IS, A O F A E
Tglﬁ\fiji,ﬁﬂ»argsmaxl(S,,,;AI | O,

3 ZWRBANSEKBJZFEIHE

Z M BAN 40258527 2 575 k-BAN S2ELT 4 AN J7 1 1 Gt

1) feft FH R %) B3 KR G e /N TU AR FRAE E B AR BI85 (1D B 4 B8 T e R R B (5 B CLL 8 CMI
AT ARG 45 08 78 B I B A4 ARG DT ) 7 e 0 A 4 fU AR & I T T B30 48 B I 3] = 48 7 /D SR A BT 4R
B TR R A A

2)H A7 B BAN A, BRG] B 45 s A4 AR B A8 B B B kB SRR P (a, 1L OO 1Y
TREERER] b+ 1.2 k BN TE/NRFERUE S b — 2D 5w 0 o h 3 A0 AT v A etk

)AL R IR S AR AT 4R 24 ) B 2 40 1715 21 (0<ledges<Ch) . 53l ] BAN 2# ) 53k (R Ik s 2k A 4k
) ) 1 2 1) 3 30D M L3 RE RS T 25 ) ik 1 R 50 e 1 1

A) R BT AT AR 3 ek X At s R A e A 2 A 2 R T A A T R R AT Y R R i — U T
2O AR R B e A
3.1 EEk#Eik

BN ARG R Con DEERAERER X={A LA A X 28 DA T 25 S E B A R
IRE— R TG - BEIMA T Xpaea IG5 8o RN AL WRIEACES SR o Rm AL 1S HT AL 45 B4R
FELFRRA S on, ZIAMEE — AN A M EEBEE FR A Sen, ZIMMWTANAMAENESR E =
{E ) s (0<im<T3") s Sepes /R — IR BB P, AT RE A B 4 J 43 248 9 r A5 A 1l 2 BB Seiee =
{E;}, (A=<<i<in); E.. &8 4 Hi 73 254 Class., A 15 E.., 278 81 73 K4 Class,. A 1 14 ; Accuracy.,
FoR Y FT 4324 Classe, B35 PERE s Accuracy .. /8 BT 73 54 Class,., 970 PERE s Classye. 78 S 7T IR 15 1
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GV B AT I 43 25 4% » Accuracyye, R Classye, 1953251 fiE 5 i /R 22 5t isModified = true /R X Fi A9 57 25 A
AR T o PR RE T A 1 2 258 A I TR A A R R A R, MIGe, ) J&—A> mo» n B HEETAL
APRFM | | <k 1<i<n,
2 BR A BAN 432688,
Bk
) S —ERA WAL+ /
[ox SRS SRR EAEE «/
i) initialize MI(n, n) to 0;
2) for i=1 to n do

3) for j= i+1 to n do

4) begin

5) MIli,j]=MI[j.i]= I(x;,2;]C);
6) end for

7) end for

/o WAL 2 HT 0 2 48 AN R DL o 2R ORI NB g 2R PERE « /
8) Class., = NBj;Accuracy., = Accuracyyg ;7 =@, (1<) 5 Xpanaied = D5 3
/o B AR AT AR AT R BRI — AN B R 22 5T ] B R ARAT ) 0 R AR B o R R SR AL
FIAREF BN 70 FEPERE S UF Y 3 2% 1k > /
9 do { // —RorAE iR

10) for each A;, (1<i<n)
11D cr; =@
12) end for
13) Sutpe = s
/% SRR TRLE S A, e, %/

14) for each A, , A, & Xiundiea s 1<
15) while |em; | + | | <<k
16) v=, argmax_ [MILAA,1C] —m% X MITAA,|C]]
17) emi=cm Uyt
18) end while
19) end for
[ XFHEAS e WiE A 5 ems S5 RV ITA A 1) AR IES E A Sages %/
20) for each cmisem, AP, 1<i<in
21) acquire all the sets E; of directed edges between A, and cx; ;
22) Sedges = Sedges UE 3
23) end for
/o X TR 1) A R I Y 2R g AR — B R 2 S AR L IR EAT LB B+ /
24) Classes =Class., ; Accuracyy., = Accuracy ., ; A = @3 stModified={alse;
25) for each E,, ,E,, € Seiges » 1<i<<n1,,
26) acquire a new classifier Class, ey s Enew = Ecor U Ein 3

/[ FIR o 2e 4% Class,., & il 2 % R BAN B2 = /
27) for each nodeA; (1<j<<n)
28) Compute the number ParentNum; of parent nodes for A; in the Class,. ;
29) end for

30) if all ParentNum,; <k, (1<{j<{n) then
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31) compute Accuracy,., for Class,., ;

32) if Accuracy,.,>Accuracyy., then

33) Classpe = Class,ey ; Accuracypes = Accuracypey 3 Apess = A; 3
34) stModified=true;

35) end if

36) end if

37) end for // corresponding to line 25)
/x QRAE— WA A D RS T D R RE B AR A e I AN R AR B« /
38) ifstModified= = true then

39) Class,, = Classye s Accuracy . = Accuracyies » X handied = X handied U { Apest } 3

40) for each node A; (1<{j<n)

41) Update x; according to the Class,, ;

42) end for

43) endif

44)  while, (stModified= =true) ;

45) return Class., ;

52 MR BAN 73R og A ik oy g 2 Ao

S — o T B AL RS R A B W06 1 o AR AR DL S o 28 8% L ORI LR R RE 5
B AR R T DA IR S AT % S A W 1A B R SR e /N T AR B R S i A 0 3 S 2 A A (5 A

BRI k) 95 I A A A B8 R H A 1 A 25 A 22 [) Y A T i i L A8 03 R P BE T ) e A AT 1) S e 4R
PR3 2 ds b 20 0 R SR A HA S A 2 B VERE I 4 6 4 .

TE B o QDAT IR B EE i A IR R RS o= (AL AR ALA S o S5 R 1 TR A
MERENES E=(E, . 1<m<3'"' ), K £, =0;E, = (A=A} E; = (A=A }E, = {A,—A ) E; = (A,
—A, b Es={A—>A ,A,—>A, }E; ={A —A ,A—A, ) Es={A—A ,A,—>A, | Ey = {A—A ,A—A, ),

4 LWHERMSH

SCEL T Z R BAN 432548 k-BAN(£=3) NB 432528 . TAN 22588 fil BAN 432K 2%, 766 & M Pentium5
3GHz,2G RAM, Windows XP [ 5 AL b7 5250, I HAE 5 1 RIERIPE B4 iR es R . H 85 1
INRAREAESE 1, P Ca, [ I O [ o] S A0 M 2 BUB/INW & (B R=3,

S A UCT SRR . & 1890 7880 8 0 2650 28 80 B PEA B DL S e 6 A R R 5%
B A5 B . BT RR R AR A B % 2 BB B G (] MILC+ - dr U i s i Ak T 5L o 3 4 R A0 (E B AR
oo FEA Z KA MBS S b 8 BT A 19 25 R (B Sy — > S A (e R b 28

®1 IREHFEEHGRMEIR

Domain Size £ Classes # Attributes# Missing vlaue
Anneal 898 6 38 Yes
Car 1728 4 6 No
Cleveland 303 2 13 No
Horse-Colic 368 2 22 No
House-Votes-84 435 2 16 Yes
Mushroom 8124 2 22 Yes
Nursery 12960 5 8 No
Promoter Gene Sequences 106 2 57 No
Flare-C 1389 2 13 No
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FH M EE H RN k- BAN(k=3)5 NB, TAN Fil BAN 732 88 76 & 46 & 11 3 8 E B R AT 1
Bo BRI R IET R R AN AR s WO A4 5240 o S S R g3 b R 10 B A SUERIE A Ty
REAWIEF R, 4 DI e i B 4 Ll 1 20 IR EERR AT R B 10 BRI, £ 2500 T
20 Y IR F- 2 TE Ay R s HE DT 22

K2 AWMOEBHLEER

Domain NB TAN BAN A-BAN(k=3)
Anneal 96.247 540.27 96.236 3+£0.27 92.655 340.41 96.742 940. 29
Car 85.575 7%0. 32 94. 600 1£0. 21 94. 040 1£0. 44 93.691 0£0. 27
Cleveland 83.157 1£0.69 81.448 340.94 80.921 1£0.33 86.196 240. 34
Horse-Colic 80.258 140.52 80.937 540.57 76.273 3+1.12 81.235 740.52
House-Votes-84 90. 069 040. 14 93.195 4+0.32 88.147 640. 26 95.034 440. 22
Mushroom 95.768 0£0.03 99.409 0+0.03 99.831 1£0.03 99. 488 9£0.03
Flare-C 79.013 72£0. 23 83.120 94£0. 31 82.850 9£0. 31 83.106 1£0.29
Nursery 90.284 740.05 92.531 9£0. 23 93.750 840. 39 93.033 3£0.19
Promoter Gene Sequences 91.273 8+1.76 82.971 743.26 80.462 3+2.94 92.276 7+1.19

MgE R DUAR B 5T R AE TS 70 19 K208 £ (mushroom nursery) , BAN )73 28 1E 8 4 f U k-
BAN(k=3)IRZ JHIERIER LT TAN I NB, 245045 4 A R FE 7040 0 1 0] DUSE - 5528 i el
(B A M 20, DR O o S 2 B %) R, TE AT B2 A 35 114D BAN 4 28455 780 114 43 28 1E 10 2 4 52 B 19 CRDY o 7 76 7T 2 {1
B BAN 43 ZEI R 5 B 45 1455 09 (B, 3-BAN (&= 3)) BAN 43 2480 AU (1) 43 245 1F 8 1 4 R o) 4% 14 5 (431
TAN(k=1) ,NB(k=0)) ) BAN 43 i % ,

Xt A BRAE AR BR 4 - BAN (h=3) 20 M REOE T BAN, TAN Fl NB, Y504 4 & £ A 50 B AR A5
Y i SRR VAR T AR AR AR AL (AR 3D IS S (E L 3-BAN 4r 2R IE#i  fE F BAN:{H,3-BAN [
A3 E R PEAL TR 45 438 (i, TAN (h=1) ,NB(k=0)) ff§ BAN 43 K570

5 % iE

TE DU 37 73 2 i o o v IR PR DAl o7~ SEA 0 25 1 B R AR o i R T A Y B R S —d /NI AR
AR 39 456 A T S R 0 AT AR 4 A BRI A SN R 08D T R e TR R A SR A R R S A
b, E o) B 2 00A [ Bl (e 2 A & 250 - REAE B4 008/ BT 27 73 6 A 19 Jm B dee e A s 10 HL » 4 3K 97 28
AR 38 0T A ARG L AL 2 AT 2 A ) A A 1) B R T AR AT 95 R R — 2B 0N TR A R A 1 R R
el . R 7 2 B = AN SRR A B 2 B BAN 2% ) B E S BR il b, 5 NB\TAN\BAN 432
e LB R T A R e R IR
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