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Abstract: Naive Bayes classifier is a simple and effective classification method, but its attribute independence
assumption makes it unable to express the dependence among attributes, and affects its classification performance.
On the basis of analyzing the classification principle of Bayesian classification model and a variant of Bayes
theorem, a new classification model based on Bayes theorem, DLBAN (double-level Bayesian network augmented
naive Bayes), which adds the dependence among attributes by selecting the key attributes, is proposed. DLBAN
classifier is compared with Naive Bayes classifier and TAN (tree augmented naive Bayes) classifier by an
experiment. Experimental results show this model has higher classification accuracy in most data sets.
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O3 B A2 AL 2% > Th ) — N EE AT UR AL ) H AR A G A 2 S R AR A A 1) S 1)
808 IG5 A RAR R VF 2 00 ROTIEANEAR T T3 73 JERER A SEps . R . R 4% . k-Bd 4B, D
W49y 535 DA K SCFRF ) B LA 0 DL 397 773 ol 1 B I S B BB AL DA K 235 S I AR AN B s A A B

Hb 2% DU 23 S 288 A2 B T 23 DA I — i 7 50 T A 2K (R MR 26 23 28 T vk HLPE BB T 5 MRS | 4t 22 ) 24 45 SV AT
S E R LA h L A I HE S A L AR T, A 3% DL e B 402 T ik e (<A ST AR K 2 B S A
o RN AL, TR AT SE AR R AT FA 3 — A28, vy DL TBORA A 3 DI 357 e AN B SEE (10 sk AR 1, DT 922 1 23 S 4
P gE.

N T e HE RN 2R DU A SRS P R AR T VR VA R T AR B (K Sy VAR, A S R
S, TR AT R A 1 LU U] 2 0% i kA 2 ) T BE A7 AE B K A5 55 R Kononenko [¥] semi-naivel® JUIH- #7432
200 MR B A B A T AN A AE A 1 M 4L AR U AR AN (R 2L R ) Ak 2 TR S AR LT () T ) — JE L 1SR
P46 5215 Friedman 11 Goldszmidt!"if 9% T B A5 # 45 ¥ 1) TAN(tree augmented naive Bayes)ZJSa%, &I T
2% DU S v R Rk S PR AR B 45 1, 9 R T AD 3% DU S () S5 40, R VR RN JB R S i 2 v LUK T 1 AN ESRSS
BUTAN HAT BT IO 254 P RS AREIL T 2% SI30R 5 49 2K T2 2 T (1) — FhodE 4 11 97 & 1% BAN(Bayesian network
augmented naive Bayes)!" ik — U9 & T TAN (1145 Ky, S04 &8 1 22 18] T LAJE AT 3 0T 10 P A LSRR el o &
1) fie 3 5, SR T, e T L A M AT B, 5 — M DU 30T R 45 — R BAN 45 4 I 2% S) ) AN 5 I CCHR[10] E30F
DU 17 P F 2 3] 52—~ NP-Complete [7] 1),

T8 o SRR D 2 DL S0 50 At 7 A R S A SIS A P R IR 1 22 U s AT A S R A 5 A TR okt A AN I ) g
AT 2R R B LR R IER, 1 TAN I BAN, il AF = (R 9I0HS S  T7 P3AJ E 2 TB) AR % 2R B PE T AR R R S
JETEAR B IR PR O, S8 8 R 5 I B ek e T I AR S 0O T e TR, R AT A B I 0 e
PR 45 R 2 I Ja A 2 T PR 4 2R R — S A i LA AR R e ) S e R R R B AR B MR
TG A PR DGR TT LUK R A v R S O OC R R A R

A SCN AT 1) FE Bk DB 307 194 5% 1) 73 28 S AT T 3518 DA LA A T AR 38 U7 . TAN Rl BAN B ZY
S Ry s DA R T I8 0 S A (1 T 05 R T 3R T DL S B BB 19 40 A DLBAN(double-level
Bayesian network augmented naive Bayes), %5t T #43& DLBAN BRI 5730 JF 5256 Lh#: 7 DLBAN,TAN FiAh %
DU 0753 2848 B I e 8 T AR ST AR DR — 2B a7 1)

1 DRtHEr o EARE

DU 07 3 SRR — b R F) R T e vk 5 1k K 20 R A DL 40 s B DU SO PR vh e LA — A A
J VU 30727 39 5 % K RV FE Gt R 2 1) S 6 R A B S0 AR 3 T 2l B R S R R Y S A R AR A B £
S 52 AR S

L U={4,4,,.,4, C} & E UM ZRNARE LD 4.4,,..4, ZEIEEE RLE C WEREEHEA
{C1,Cpneny}, a; FEJBYE A HUE. S X, = (a;,a,,....a,) (LA T-BEFROR F ) J8 T3 ¢, (KA, s DU 307 52 3
KRN

P(a,,a,,...,a,|c;) P(c;)

- P(a,,a,,...,a,) €))
=a-P(c;) P(ay,a,,a;,..,a,|c;)
Hob o EMLI T Pc)) % ¢, IR, P(c, |ay.ayonay) J 5 ¢, 15 HOMEZE 0 6 E 35 0 o T U1 4B
AR, 00 6 M Sk T REAS B XK ¢ RIS

MR R B RN, X (1) W] BLER R R

P(c;|a,ay,.-,a,) =a-P(cj)~ﬁP(ai la;,a,,..,a;15¢;) 2)

i=1

P(cl.lal,az,.,.,a,,)
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BB NGB D={x,x,,..,xy}, 7 BAES W H b2 X E W& D AT 70 01, 8 08 — A WL R 2L
Fi(Ay 4y, d) = C AFIFHAT R BIR IR B 2B x, = (a,,a,,...,a,) FTHRLGE S0 285528 C7 .

AR A DL 37 d5 K 5 WE U, 45 58— S X, = (ay,ay,a,) , DU T 23 208 25 8 #6415 50 4% % P(c gy,
ay,e.ert,) T KIS CTAEIAZ I I SRR 2E . R, DU 307 3 Y (1) 82 T 5 P(a, | ay,ay,e0a,0C))

FI R AS ) DL 7 43 A5 (1 X 3 A5 T AT AAS IR R 77 2R R Pajfay,ag,. . aim.c;) AE A 32 DU 53 6 3%
B E BT A IR JE AR A LS A AR ST AN A USRS A C ORI B e, U (2) i
P(ajar,az,....ai1,¢)fF N P(aj|e)) ARXE T F0At 432 T 105, kb 32 DU i 43 2 288 1) Je S RURAS T 2 R U U 1
b VSR 581 55 A S AR A A T A 0 0 T DA T A S P R AL L DR T A 2R DL 43 2 5 11

CELT
TANUSL i PO 249 ) DL 72 15 TAN 4450 4 K28 2 ML MY 5286, B TR~ @ (T F € 1525
SR FAE R R AR PSR S 4 2 ) Ce T, (1T, 7 A, IS 101 2, JRE A A, T AR €

VE R FLA G LA i AT 1 A HoAth g 1 A 1 O LA 46 e B 77 |<2. 81 06, K () ) Pailay,a, ... a,¢) B T
A P(ajlc), B3 TR Pajlay.c), 3 a,e{ar,as,....a;-1} Friedman 55 N2 H T FIH 440 045 B 1E TAN 5328
WML Keogh il Pazzani S AN A () B HY 3 TAN 732588 36 B Al 23 280K 1 5t e K I IAE 4 TAN (184
iR B3 P b 7 YA P AN [) 2 A A R P AN T PP A7 9 DU SR 32 % 444 ik .

BAN BRIV ) | %4445 20 A0 46 A BB A7 B s, L 7 4% TR 050 3 52 (K PP AR v U, 76 5 T8 1 45 05 4, A
KERIE 1L A, Ay, A;0,C TR A BISCHES RN 0 A, TT DR 2 /N A &5 m N 4G 0 A4, IR AL Sl T e
[7i). 55— fis DU 307 I £ 2 3] D i AL BAN FR9 2% 20 A A R 5 5120 i o s 28 5 I RIAH S vk 4 T 7 .

2 DLBAN &8

2.1 NMHHTEEER AR
2 G M G, IBIELE (A, 4,,...,4,} K1 —ADXI9Y, g M g, 7302 @ VESE G, A G, IIBUE, S4B (ay,a,,.0a,) (B

EHh (g1,8,) VE T2 ¢, (KR, mT ey DAt 307 5 B AR T 28 50U 7R
P(g,lc;,8)

AT 3)

= B-P(ge; &) Ple; | &)

Hooft g AN EWALE T g, = {0y, oy, }» 8 = ()01, oy, I ELAESGE ¢, B g, I, g, 005 T 1
SV, B A N (3) 5 A MW LA IR R

B-P(c;lay,ay,,a, ) P(g ¢, a, ,a;, 00, ) =B P(c;la, ,akz,...,a,fm)~HP(a15 [Choy sy ses @y ) @)

s=1

SR8 57 WL A LD Ay, A,y )2 LA T 46 PR ST R 22 D B 57
58 55 0 S LR VA SRS T G, = (A, A, o Ay} R EROANEC G, PR HEA B0k % 200 57
A 55 th T

P(Ci,-lglsgz) =

P(c;lay ay,say,) :}/-P(cj)-HP(a,ﬂ [Cisy s @y, sens @y ) 5)
=1

J=

Horpry M ERAE R R X)) 55 5 A 0,75 21 5K (6):
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m n—m
,B'V'P(Cj)'HP(“k[ lcj,ap,.ay, a-“’ak,,l)'HP(als lej apap,5ay,)

t=1 s=1

=ﬂ'7’P(c/)'ﬁP(Gk, |ci’K(ak,))'ﬁP(a/i ¢, K(a,)) (6)
:ﬂ~y~P(cj)-l£[P(ai le;. K(a,))
IP(C/)'ﬁP(a[ ‘C/.,K(a[))

i=1

ot K(ay) A, I0AE S5 50 K (A VI IR A, € Gy U K(A4) € (A, ) Ay ooy} SBISE A, € Gy K(4) =
(A A A )

DAL 45 5 — S (ay, g, ) SSSETHN S SRS VR (A, A, 4, EPEAE P(c,) [ P(a ¢, K(a,) Bk
i=1
(12 C" A i SE B 1 bR 25

2.2 DLBAN#&#!

EX(DLBAN #52). Ltttk A= {4, 4,,..4,} KERN C,G ={4, 4, .4 } MG, ={4, 4, ,..4, }
SEJRIELE A RIS, Gy A P& T T8 AT DU OO 2R, 45 € Gy C, G AR P & TR e 4 A
AL KA R C ot A PREANRIEM L R, G I EYE AT L G, T AREAN 8 M 5045 a0, 19 A X B8 2 A1 1) DL
W oy FAEAFR ) DLBAN AL

12 —/NAT R DLBAN AL Ay 87 Sk 1R 2 /s OB OC 2R

A, A,

Fig.1 An example of the DLBAN model
1 DLBAN 7Y SEH)

2.3 DLBANEEIZEHEIES]

FJi& DLBAN A8 () S B 2 AT 16 4% Gy, — B E T VESE G, A8 & 1 A1 I ml DA b 2% DL 07 14 5
ST A AR (0 1 e I, T AR 28 2 M A 3 HH DLBAN Y,

JEVELE (A, Aye.s A, ) AT RE A B 2 TR RT BEAFAE — R I HOBG AR AEAN ] 1R 2, P A J 1 2 1] PR AR
R FEANTR], M0 ELAR SR AT 4 5 A P AR L3R A5 B IR L A ST B 4, 5 4, KA BLAR BB R AN E 2
] R OR &R, I
Pla;,a; | c)

P(a; | c),P(a; [¢) @

I (4,,4;1C)= Y. P(a;,a,|c)log

a;,a;.c

JEYE 4, 5 SUAt & P 10 AR S IMEN ET (4, (C) =%iI(A,.,Aj |C) o T T7 {3, AR 8 5 23 A 1

S Jm VEGAN 59 8 VAR QR 1 A4, K9 ELA B A (AR WAL Oy i Jes s i SRR A A, 1) AR S B (L, TR
FCh 5 Ja A i e P A 555 JeR A AN AT (R, 7 AR L AR 1) B B R T L AT RS AR R () s 2
58 g 3 A 5 R L

DLBAN H R A 45 LR JLAS D B

(1) 23JEPESE G, A 39 B AE G, = {4, Ay A, RSB YEANECh m  BIME & UM SEEL
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(2) HIZREE S D Gert AR RPN 8 R K 2 PEAELAE R A S8 B IR counts [c][a;][a,; ], 56 ¢ 2
KA, a, RJETE 4 R, o, ZIETE 4, @ PEAE;

(3) LA LL I counts[c][a;)[a,] T EEAE— X IR PEZ R 2 AT AR B 1(4,, 4, 1C) 5

@) WHEANBEN AR RMEEL (410);

(5) ATt =TT 4 548 1) 43 PR R, IR R AL T 45 SR ORAE 7 OldAccuracy HY;

(6) WBTEEE G, Tik# El (4, | C) e KINJETE 4, KA RSB E TR G, PN G, & iz s 1

(7) X T G, FIRENEYE 4, WK 1(4,,4,1C)> e WK A4, AN A, IG5 /00T G s 4 g
A Ay IR EL(4,) > EI(4, ) W A, 7 A4, BSLE RN, 4, R 4, FIS0EE

(8) AN UT T 7 S48 19 3 IR M G, 148 45 AN NewAccuracy, i1 NewAccuracy>OldAccuracy, 7% H. G, H 11
5 J& MEAN N T oK B AN m U NewAccuracy— OldAccuracy, R P10 B (6); 75 W, 45 5.
2.4 EEMBESR

QIR R 24 O(N -n?) N & SEHIANELn 2 EHANELEQ) DI MG 5 E R O(c-n’) e 2
BT, ¢ << N JITLAE G, RN — A4 S I R R 22 B8 O(N - i F G R B AN SR IR £
(G, T A B ) 38 0K A 15 T A T 2 PR 28 IR U AN S8 20 ), P DR B4 T LE ff 26 19 2 DS 2% O LL i 2D,
LA S rh BB 3, EE R IN Tl 28 8 O(N -n?) 55 TAN [RINTa) & 2% B — A0S (88 S0 8 7 e
TAN [P KT 2K

3 LWER

T AT SES# 2 E Weka FR 6B S8 i, SLB SO IR [ UCT BEURPE. 36 1 FI M T AEAN B0l 4 i 52 A S
RAK JETEA B SIS AT T RAL A AR A 2 T BATTA S A 8 A P S Mo Kbl A B Weka
) “weak filiters. Discretizefilter Xl 34 S Y HARL 25 FEOH, 4 B A7 €0 55 A P B 20 Bl 10 ol 4 10 A S 4 T A 11
B AR AR Py SO B AR AT 5 AR R B 2 o K DT AT 1) 25 SR AR Db — S SRR (R b B

Table 1 Description of data sets used in the experiments

R 1 SLRERARI R IR

Domain Size# Classest# Attributes# Missing value
1 Anneal 898 6 38 Yes
2 Bupa 345 2 6 No
3 Car 1728 4 6 No
4 Cleveland 303 2 13 No
5 Contact-Lenses 24 3 4 No
6 Flare C 1389 2 13 No
7 German 1 000 2 20 No
8 Horse-Colic 368 2 22 No
9 House-Votes-84 435 2 16 Yes
10 Hypothyroid 3163 2 25 Yes
11 Iris Classification 150 3 4 No
12 King-Rook-vs-King-Pawn 3169 2 36 No
13 LED 1 000 10 7 No
14 Mushroom 8124 2 22 Yes
15 Nursery 12 960 5 8 No
16 Post-Operative 90 3 8 Yes
17 Promoter Gene Sequences 106 2 57 No
18 Segment 2310 7 19 No
19 Tic-Tac-Toe End Game 958 2 9 No
20 Vehicle 846 4 18 Yes
21 Zoology 101 7 16 No

SZO6 1R £ 3 H 2% DLBAN 5 Naive Bayes 1 TAN 43 2K 88 2 SE NS 42 B 1020 FE R R AT LL A, Horp
TAN 70228 K F 56 T 450 BAS B 5 0 A AN 40 S 88 10 0 28 1E A 35 2 A AR 4 b p 2 00 1 53481 ol A 5 491
9 E 4 LGSR 10 A2 SRR A T 43 28 2% 19 IE A 6.

3 RBEAEEABARE BT 20 KRR SERCSRHAAF R 10 ERIZR 2 71T 20 B -F
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W IEH0 5 BARHE S 22 IR E R G —1THIH T 3 AN 288 dE 21 MR SE By R IERI R 19135 {H,DLBAN 43 254%
EE TAN 3 22852 i 240 1%, EUAR 28 DU 3023 2888 3 w5 2%. 00 T ELAE 3 Bl 03 27 AR AR B 45 1445, SR F XL
FEBCAT ¢ 4556, % DLBAN 5 Naive Bayes 1 TAN 73l #EAT LL#R, 36 3 s T 76 235 PE/KF 0.05 15 L T ,DLBAN
IYRB BT M T LU BT Naive Bayes f1 TAN 20 2528 (5 45 A3 3 ol LAF L 7E 21 MR
4L DLBAN 43 2843 7F 14 MR BI04 RIETZ 9 AL T Naive Bayes 732844, 75 15 MEURAE LN A2KIE
1% BT TAN 43288

Table 2 Experimental results by comparing three classifiers

R2 3PP LR

Domain Naive Bayes TAN DLBAN
1 Anneal 96.2475+£0.27 96.2363+0.27 96.4031+0.35
2 Bupa 57.058010.87 57.0580£0.87 57.0580+0.87
3 Car 85.5757+0.32 91.6001+0.22 94.3302+0.38
4 Cleveland 83.15711+0.69 81.448340.94 83.223640.71
5 Contact-Lenses 72.76671+3.33 65.83331£4.68 72.7667+3.33
6 Flare C 79.0137+0.23 83.1209+0.31 83.8408+0.19
7 German 73.30531+0.52 73.0105£0.65 74.4403£0.57
8 Horse-Colic 80.25811+0.52 80.93751+0.57 82.078810.53
9 House-Votes-84 90.0690£0.14 93.1954+0.32 94.1724+0.34
10 Hypothyroid 98.7449+0.23 98.7241+£0.18 98.8686£0.16
11 Iris Classification 93.1667£0.73 91.7500+1.47 93.4000£1.07
12 King-Rook-vs-King-Pawn 87.8989+0.12 93.4473£0.12 87.898940.12
13 LED 73.88741+0.34 73.9600+0.24 73.887410.34
14 Mushroom 95.7680+0.03 99.4090£0.03 99.6147+0.05
15 Nursery 90.2847£0.05 92.5319+0.23 95.5128£0.16
16 Post-Operative 68.88891+0.86 66.0000+1.63 68.889010.86
17 Promoter Gene Sequences 91.2735+£1.76 82.9717+3.26 91.2735+£1.76
18 Segment 91.0044£0.20 94.8068+0.28 93.3334+0.35
19 Tic-Tac-Toe End Game 69.7390+0.32 74.4394%1.17 72.8497+0.80
20 Vehicle 61.44421+0.71 70.5004 £0.94 68.9230+1.46
21 Zoology 94.0325+1.04 95.5270+0.84 96.0230+£0.29
Average accuracy 82.6056 83.7397 84.7417

Table 3 Experimental results of comparing three classifiers using a two-tailed pairwise ¢-test

% 3 DLBAN 5 Naive Bayes fl TAN 78 XURBC KT ¢ K 5206 25 51

Naive Bayes TAN
Higher than 1,3,6,7,8,9,10,11,14,15,18,19,20,21 1,3,4,5,6,7,8,9,10,11,14,15,16,17,21
Equal to 2,4,5,12,13,16,17 2,13
Lower than — 12,18,19,20

M SE B 45 AR BLE H ,DLBAN 71 R &6 4> 56 B £ 4 & AR T d 4F 1 3 2K M B X CarFlare C,
House-Votes-84,Mushroom,Nursery 25 % it £, DLBAN HJ 5 22 1E i R 24 L #b 25 DU R0 TAN 49 2 28 1 43 25 1E
HEL ) H 2, King-Rook-vs-King-Pawn 1115 HLAT LUK, e 4F 1) 73 28 25 7 TAN,JF H. TAN (¥ 7 S AEff 4 b Al
DRBEWM SRR R EG B IFZL FEA XK DLBAN WL, mEt& 2 EHN 3 A HE
King-Rook-vs-King-Pawn Fll Vehicle [1525 i #2, FATE I, 58 )8 M 1 ANEINZE 3 4, King-Rook-vs-King-Pawn
)53 RAERI 2N 84.6996% 14 111 42 87.8989%, 5 14 I — ™tk Ja& 12k, 3 S HERA 2~ 2 B4 1 1.5%.Segment 1 Vehicle
A, HH BB R 155 O, 4 238 T e ke, 2 S 2R R P S e — P .

4 % g

3% DU 307 7 288 i Bl AT P T A AT 2 R A A Je P ST AP A 8 A T v AR S B M R A
IR A7 5 I MR 28 H AT VF 22 0 5 i AN B AR - ik A 38 DU 07 0 PR e AR SCRR HE 17— AN T 16 DL i A 7
DLBAN, ‘& i e 326 45 5% 2 15 385 1) J 1 2 7S Joms 1k 2 T R MR O% 2R, — 5 T K T A s A ] 0 1 Jes A
Gy T3 3 2 ) £ 4 3RO S N e P 2 TR] PR AR % AR TR AT ) S 3 R W)L DLBAN . 73 S8l HAT 5 1) 70 2K
PERE.
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f£ DLBAN Sk 0SBl rp ot Jas 1 (K 30 6 75 325 2 Al B S0 A SCR IR T i R 42 R AN T PR 1) LA R 2
(BRI 6 1) 2 117 3 A FUA B4 1) 5l i R B £ 07 R R AT R — 2B R ST — A 2 0 A0 A8 S 36 R BATTR T 19
S8R e MRS B KA HE N 3.5 BR b 0 T AN [R] ) o B, B 10 8 e M S BB AN [R] B9, 5 A A2 5 s R A Bt 22,
SRR AN R D A B T XA i B DTS A )
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