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From Certainty Factor Model to Bayesian Network
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Abstract In this paper, the relations and differences between certainty factor model and Bayesian Network are re-
searched. Firstly, the limitation of the theoretical basis of certainty factor model is discussed; it is proved that the
certainty factor model implies a conditional independence hypothesis same as the simple Bayesian model implies.
Then . some functions of Bayesian Network, which correspond to certainty factor model, are explored. The concepts,
analysis approach, and computing formula of condition’s influence degree and effect direction to the inference conclu-
sion in Bayesian network are presented, and it is also proved that the equivalence of the probabilistic inference be-
tween the Noisy-OR model and certainty factor model. Finally, the superiority of Bayesian network to certainty factor
model is discussed in the aspects of representation, inference, and acquire of the knowledge. Our conclusion is that
the Bayesian network not only has the main function of the certainty factor model, but also can break through some
limitation of this model, so the Bayesian network can be a main trend probabilistic model in intelligent information

process instead of the certainty factor model eventually.

Keywords Bayesian network, Certainty factor model, Conditional independency, Modularity of rule, Uncertainty in-
ference
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P(E|C,,C)=P(D,|C)P(D,|C)+F(~D,|C)P(D;|
C:)+ P(~D,|C)P(~D,|C>
= P(D,|C+P(D,|C)(1— P(DIC)
a3
(DX EBBFHFHHTEGHEARNERE -
%oi%ﬁ:
P(D,|C)P(D;|C)+P(~D,|C)P(D,|C)+ P(D|
COP(~D;|C)+P(D, |CHOP(~D,|Cy)=1
Hit, ADXPTER -
P(E|C,,C;)=1— P(~D,|C)HP(~D,|C)=1— (1—
P(D,|C,)(1— P(D;|Cy)) s
X IE A& Noisy-OR M A ¥ A8 R T BAK.
EARAEERBIAEC, RERAGE B LYY
Bayes £ A2 EFR) . MREAD R QDX K -

P(E |31,cz>=;P<E.CI 1B,.C) = ;P(Cl |B,.C)P
1 1

(E,|B,,C:,Cy= ;P(Cl |BOP(E. |G, C))

=P(C |BYPD,ICH+PWD,|C)A—~PD, |
CON+EP(~C,|B)(PD, | ~C)H+P(D,|CHA
—P(D,|~C)»
=P(C,|B)YP(D,|CY+P(C,|B)P(D,|C,)(1—P
(D, IC)O+U—PC,|B))YP(D,|C,)
= P(C,|B))(P(D,|C)+P(D,|C)A—P(C, | B
P(D,|C»
Hp CERCHK~C.HEH.
P(E|B,\.C.)=F(C,|B)YP(D,|C)+ P(D,|C,)(1—
(C,|B)P(Dy|C)) as)
AADMETFHREEFEAESTESHE. FEHST
BHEH. B, Noisy-OR BAEBE S THIEE FER M ST
ZAETHEARXMFTESEE AR PN H LN . B E
ERBE AL CFER B ERB) =00 MEEHT,
ML AR CF(AB.EET)=0.3. R K. WE. \RE
BERBHERKHE STREFET.NH.CFE LR
B KD)=08CF(ERET K)=1. 0. REFEEFH ST
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LR N I

CF(EEs . K =CF k5. 8 FifiBOmax {0, CFUE L
WK} =0.9X0.8=0.72

CF(kHs,K)= CFUERS . Fi5 T O max{0, CF(EFET,
K)}=0.3X1.0=0.3

HHBERTHHTEELAXF:
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CF (&1, K, co K))=CF(EH . K)+CFCEEE.K) (1
—CFCREH,.K1))=0. 804

5 At R ) Bayes M4 4 & o, Hp P(C | BOIMRE
FCFUE LW R.K) i P(D |COMRTF CFUEES 8 L
B P(D, |CHORM BT CF U, Hi TH. REAR AR,
#:P(E|B,,C;)=0.804,

a BANEfFH Bayes %

4 EXKEA Bayes MABAAR MY THEETHENTIE
TheE T B EMASAEE. T — 1 AFHRER R R KL%
=AFEKF Bayes B AABRBEETREURE HF
RE.

5 Bayes REAILERIE R

TERIR KR I H  Bayes M {E AR GHMES fEHH
WA RIET ARM — Bk, X 2 W5 E TR AELULE 89,
FXan st Bayes W 45 A WL (E I FHE F 005 XK MR
FRAE T Bayes R T S AT B R R — 1 R 6
B MATURRGEER. T AOREBFURE AL,
BT AR Z AN BB S % s XSRS TR
ZEAAHEEHRBRGHHESI TS HBEN ST
REFHOZRPBRARLE, AR S —D L
N EZ R BB S T REMEBGR R IREE B R SR
BERRE AR — AP LHOR L R X TPl E B A
HEEEMFETHREEL.

(a) (b)
B3 HERTREMYEERNE

TEHER /T  Bayes P R EHEE FHRERREHXR
EIHERRRE /7 AT AT R A P e SUIR U HE T B AL BE Rl s 4 ()
Biga aEREEFSERGER. A M TH/RER
RN (B A~ B, B~C, I A~C) BT st 5
FABEERER . MG TR AR EN RS Wil A
AN EREE, W TR T HEKEE K WEEE.
BERYER  ERAKETA MR THT . EmERES
RHOFEEETREMMOERNFF - EHit HEE 7
B {1 3000 50 2 BUIR VE AL (ol BB B0 SO A S W AR ) C ey

b Noisy-OR £ &

¢ Bayes W 38 £ 1235

SEIE) A5 7 — ML P 7 27 S P R AU, A L

FEAT R HEE
° o PDIE)=0.7; P(DI~E)=0..0002;
P(AIB)=0.8; P(AI~B)=0.0001

(4 Bayes Pt G 5 % F L

WiEEFED RN BRE AR EBLETFES
FAHENRZAMB.FM EX KEEEHLZRENE
FhRASIE KAEROERSW T SREEHENREITRES
M E3O R AHEEME K. T E ARFRKEA
BRI EEEANEE:BRRFRFW"CRR"RRE /N
W HEAFETEABEOREE T REHREE TS
rrEaAKE:

CF(C, AY=CF(C, B)max{0. CF(B, A)}=0.8X0. 95
=0.76

ik So Ak IE B ] & O, S0 B ke B A9 48 7 itk 2 B S R )
EET I g KEAENG A2 EMS T HE
P EHHERMERTX M HERLE, WHER ML E3)F
BTHEIL, b E DERKREEFIKRSNXTHE
PIHEIR 7, E Ron K EM R AREE2(bD) ZBEE F 0T
B THARE:

CF(B, D)= CF(B, E)max{0, CF(E, D)}=0.7X
0. 95=0. 665

CF(B, Dco A)= CF(B, A)+ CF(B, D)(1— CF(B,
A))=0.95+0.665X (1—0.95)=0.98325

CF(C, Dco AY= CF(C, BYmax {0, CF(B, D co A)}
=0.8X0.98325=0. 7866

BEMERET RN . BAVRREGIRESLEM TR
5 RA MO TEERNZE DN FEBERNTIEFRRR
MR MBLAENE BLIRERN,CF=0.6)
SHEANGEARKFEFR BT ERA B2 AR
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P(C)=0.01; P(E)=0.001;
P(BE, C)=0.8; P(BI-E, C)=0.6;

P(BIE, ~C)=0.5; P(BI~E, ~C)=0.001
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o] g 57 4T R B Bayes M 4% 3 4b F X 2K 0] 8, — %
¥ Bayes Mgt MM A m FHE R E LTS
(Bt ah P Xt S G IR BE N = A HEIE R B
H Bayes M4 ik 4 % 5% (4 T S AEAE (TER 1) % T ™ 4 T
ffl—AFd, REC AR ERA R TTLMEA KT ST
M R A EAE TSN ERIEES M.

TERTEHAFF R U TS ARNDELFET L. H
Bayes M#EHEH B H C WEREE P(ClA. D). E (10)
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P(C,A,D)=EZ;P(C,E,F.A,D): EZ;P(C)P(E)P(F

IC,E)P(AIB)P(D|E)=0.01X(0.001X0. 8X0.
8X 0. 74 0. 9990 6 X 0. 8 X 0. 0002-+0. 9993 0. 4
X 0. 0002 X 0. 0001+ 0. 001 X 0. 2 0. 0001 X 0. 7)
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HP ELR EXN~EBEXR BR~B.FETE P(~C, A,
D)=0.277104X107° ¥ & (P(C, A, D), P(~C, A, D))
JA—1{ki&:. (P(C|A, D),P(~C|A, D)) = (0.01925,
0.98075).Ep7 P(C|A, D)=0.01925. S0 81, & H /Mér
BIREE 40. 01925, 5ARME P(O)=0. 01ETE JHHER
AR,
ke HEER i REWIE XA RNHEE U
BAERAGETE . DEREZFF TS B CHEREE
PClA BEAOKX A -
P(c,A>=E§DP(C.E.E,A,E>=E;DP(C>P(E>P(EI

C.E)YP(AIB)P(DIE) =E§B:DP(C)P(E)P(§IC.E)P

(A|BYP(D|E)=0.01X (0. 001 X 0. 8X 0. 8+0.999
X 0.6X0. 8+0. 999X 0. 4X 0. 0001-+0. 001 X 0. 2X
0. 0001) = 0. 004802

M E[45 P(~C, AY=0.001284, ¥ & (P(C, A),P
(~C, AVH—41B.(P(ClAY,P(~C|A))=1(0. 78902,
0.21098) Bl . &2 A /MaT g HER K0. 78902 H B E R b S
.,

1 BIH R HL T [ - Bayes W 452 S BE W RIE 20t 42
QOEMHUG T B R BB FE X TR EHWMAEG
BEFEENALINEITE AEBEEZEUNTTEH
HEEFEIT NBILZEIFEANKEEZ XETHR
RAERKNTAS, —BEEHEREAFEIRIE L -1
MEHRE LR REEMEEREIREEBRESHS%
HIERER G REH R FEREENEITENY
FErr VISR & AL SR AR B L TT LASE R R AR HLIFI X Bayes M 4%
WK HE. 5.2 Bayes M AT LU £ R MR S HES T #
ARG TE—RB.BEHFHABREAXEMEES.

EEERE FYuAHRBGHEH FRENEDERM,
WIET B EHE FHRE SRR, FEBEHEH TR
BEARFHEE SR B Bayes HAE — R &R H. T8
THEEFRENERERFEZHENTEER REHE
3 Bayes M F MY THEEH FRAENETHE.BET
Bayes M &R H MR MBS LU EWMEESERS
[ 843 4 7 AT B AR RIET Bayes FEEH —FR R LR
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NRAMEME BENRRMER EE KR EITR
Bayes P8 4R X T B (5 B FARBL A HoBe R 45
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