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Abstract

Bayesian network can solve multi-modal data processing in complex environments that cannot be
processed by regression technology, and it can infer causality in both forward and reverse direc-
tions, and visualize the causal inference of uncertain, which has gradually become a key tool for
the research on the era variable causality of artificial intelligence. In terms of educational mea-
surement, Bayesian network establishes a hierarchical probability model, combines prior proba-
bility with posterior probability, improves the accuracy of cognitive diagnosis, and improves the
efficiency and efficiency of Computer Adaptive Test. In terms of causal inference, Bayesian net-
work can clearly show the relationship between multiple independent variables and multiple de-
pendent variables in multi-modal data, which not only breaks through the limitation of regression
analysis, but also makes the dependence between variables more clear, which significantly im-
proves the scientific nature of causal inference and uncertain decision-making. At present, the
probabilistic propagation algorithm of Bayesian network still needs to be improved, and the solu-
tion to the problem of structural learning and reasoning based on massive data still needs to be
improved. The application fields of dynamic Bayesian network and Bayesian network need to be
expanded continuously.
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1. 51§

) 265 i e I — B SR T LR RR T A AR AR TS T UG 2y . R B T AR I AR A T R S PR T 5
WA, HEDCER A LB BE RS 22 VERI K, 21.3% R /D ARk I 2% A S L E 100 JERA L
FoREHRCE KAT T T B IR BN YUE R R ICE ) B T WAL AT 2% IR 55 hrifE: 8~16
JA G AN, BIRFEEFASEE 50 o AR, & H e E &5 805 Hd 200 7oA R T
16 A% UL ERIRBAEN P, IR TS 100 T AR T, & A RESF R iS85 400 ¢
AR

A BRI E A RE M 2B LY DA WU 9, G0 SR 5 0 [ 4 e X 2RAT IR R R DL
WL EEAIER, ALRETE RO M R R R R, BT R &R Z BB 48 ¢ R AT 00T, & sedixt b
A X 28 7 R I B T B R P 0 5 2
2. DIMHErRILE

DU 25 45 77 (Bayesian Networks, BN, i AR DLH-3r[99) & JE T D 50 28 s Rl oA R A Y,
A AR RSB R &R R RN R R, (AR IR T RRFE R R, E0EH T FRIEF 747 IR LA 8 1
IR REY), BE MATEA . KSR 76 40 R ER B ARAE 2 i s i A i As SR,
S H ATAN 58 T AR I AE BAHEER o A S A U /i TR 2 —(CRINZLAE, 2016).
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DU IH- 3r X 2% £ 5 AN K38 or 4R . A R) JC 35 K (Directed  Acyclic Graph, DAG) i 4& 14 1 5 7> #i
(Conditional Probability Distribution, CPD),  H 47 [r] Jo A [ 3= B IR 1 UL 37 00 28 5 ki 2 1) ) % i 1 56
R, FAFREER AT IR T L7 I 2% 45 i 2 (A1 P e B o0 R (P21, 2013). &) 1 AR T R A5
LA B 7 — /MR DU 2, BT B 45 R3S T A R A A

W 3E K E A \\\\

HILIRA2

pEA3 > FERITA4

Figure 1. Simple Bayesian network
B 1 R NETR L

KL R DA S R AT 269, Sl AL FET R A2 S SRR L B ANERAT AT RE S EUR ALK
Be A3, FERFIREIGTEOLT, MEPORATIREGRIT . MR BRI HR N S H R A2, RIER
ARBAEIR, WRPREEIETT o KA — AT B UL R 28 ARG o B DU R R AL SXRRR
AN 2 AR VEARSS S (root),  FLAhah ;b SRR N ARMRSS 55

DU 0 2% 24 R R SICRIE T 45 R R A 2R, A RPN G R SICE L U P 2 TR — 2 112
BRAR, Bl AL AW RESELA3. RN E 2 [BAT EAEARE, WU P 2 A2 AR R
HURTRETERR AN, AR TN 25 18] (AR ELAR L 5C 28 A DU Hr R 4 24 rp AR L — AN @bk, ATBURK
Ui/ AR 322 DU S P 2 S R 2 v TSR B, ARIEARST 5 ZR R A DL R 2t R — AN BB T ik,
A5 Y DRt 87 90 2% 2 e T DA N5 I A0S i 1R 45 ARV S0 2R, (45 DL ek 87 0 3347 ZEURT T30 A% (]
1158 FRALATAXT 75 5 LB o

AN LT 5 P WA, DL 2% L AR AN S8 ) R B BRI IL S, e R AR T Y
FRK AR R EERIZEC R, M ABRIHE TZRZ BIBAERR, NI IR 7
BUAZ o SCIE I UL 288 15 20 0B ATDR] SRR W A U R P S SRVBIE DU $4 X 4% £ A BB 5
P ) AL_E A S RS

3. ET DI 4% BB E U B A0 SRHERT

() 2T DU R i H0R T

HEBAITHE, HHEMNELPEOIABE a2 R RO, BIEEm, hZ2EE
KU HAEEMERA LG, R4S SO F AT P68 B0 56 Kk 2 34 52 DA% Sl S 3 i
(CTT) R SR FEAT A (00, X AMECE MG A SRS AR IR, BARE MGG, O AT DUREE 2245 e 1)
FRETMIRR F R, AR 2 A AR I B SRS AA R R R A E 1, BUMBIC NG A0 ik
A E LI, B S TR DL 2% 51\ #0R & 4UE (Vomlel, 2008).

1) DUw-Hr 2 o 2K 48

HENER Y TR AT AR W, 9 7 ] EE &2, &2 Em A RZE. I
34 [0 2% 73 SR A5 RES AR I U B2 i A RIS W O HE R P (e £, T R, 4552, 2012), H Rl DL 2% 3
KBV BA IO Z , Horh iR B AN S T B — AR AR DU 2% 70 S 88 . AR SR DL J 0 73 e 25
T B A LR DU I 2 00 2K 4%, ERPINIRIIIE A B RASWIE, BUOAESHZECHE, AR
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BHATEN ] BRI RARE A ORI, 2012).

2) FUFIHNER DU X 7 R 8 AT A RI2 W

K 2 B AN DU 2 SR AR B ARG M) o AT DI RE B IR DU B 70 28 85 it — Nl
A 0 AIH, $EAIX n ATHB#TES, 5318,B,,B,, -, B, XA, £ n DNIHBEEER
B35 (R0 D30 23 25 38 K B 5 55), B, B,, By, -+, B, FIANEME AL A X B T AR IFEZ L. C )
ANFARZS XS LT AN A B RR E AR DL(F N XS R T B, B,, By, -+, B, FIANFMEL AL ), B DL 7 2645
FRREE RS, CHARBFIRERFEIL(EIRIRARE, knowledge state)i it 5 i Mok [y s icdfa vl A
BRI, BT RIS SRR IR I, (HCPE, 2008).

Figure 2. Bayesian network classifier
2. FhZR DIRHR 43 235

AR 2 LR R 4y KRB AT A R A AR AR R . 241 B, B, By, -, B, INME, XA i HE
P(Ci/B.,B,,By, -+, B,) s iE N I A SR 3 A 2K
P(B,.B,.-,B,|C;)P(C))

P(B,,B,,-,B,)
P(B,.B,.--,B,|C/)P(C,)

[

;P(Bl'BZ""'Bn|Ci)P(Ci)

Heh P(C) AWM. BIRELSET S C KM, B,B,, B, B, &MILH, HHEFRILEH:
P(Bl!leB31”"Bn/Ci)zz:P(Bj/Ci) °

RANLHE, WEBHEART SROERMEME, FHRMEP(C/B,,B,,B,, -+, B, ) X EIH AN C; KK
1B, BERFE G RIOAAS 72 AT N 26, Wl RGR A A PUIRES, S5 SRl 2 B TR 3R DU iog 73 26485
SEHL T N2 i (Cheng & Greiner, 2013).

3) DL X 28 5 AN [ 7 2 gt 1) 5

DU R I T T ANENS I, e AT DUR T g, TE I8 R AR SR R AR AE M g 2 T SR L R
5 (CAT), Dn-Hips#hess TR KA.

DU ert357 00 2% 0of T AR 2 W0 6 (0 345 10 3 A T DU 07 o0 445 2 R 38 7 B ) e 1) P A B A R R )
B . flan, FH— AN E R 3 FhEiRe S, S, MIS;EIRSH(H 1 RnEiE, ok
AARENR), MEAE 3TEMH, Xyor Xyg M Xog, XS EEE A H 620 [F] I F 5 PR 35 RE B S 42 A A
WS, BB Xy o UL AR Sy R Sy, HARFHE(R 70, EA7 A, 2005),

ARG BB ME S, @ IR F SRS MR MR, JF B e 8= AR AR .

NEOMARY, IR 3 JEMUH BT 1, HUTIREA IMEREE S AL TS R R RE SO R . (HR IR
JHI D034 X 2 SR o3 A T A 148, S 2% RE o5 P e 2 8] R Z AR AT AROE , B BOAR 4 AT SR RRAS 21
Si—Sy, S,—S;, MH %N P(S) =0, P(S,=0/S;=0)=0.5, P(S3=0/S,=0)=0.5, ATTUHESH:

P(Ci|B1!Bzf”’Bn)=
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P(S,=0/X,,=0,X,5=0,X,,=0)=1

0)

P(S;=0/X,,=0,X;5=0,X,5=0)=05.

L

P(S, = O/XL2 =0,X,53=0,X,,

TRALG AR, 2 ENRARRE SO S, AR SsHIMEE N 0.5. Ut AN, sH N
- 30 A 4 s | 8 7 U 96 W] AR B BE 22 1045 JE o SRR AN A6 B RELL I 1 A A A IR AR I DU 27 3] i
FE, FORMEIRNG S, A i

JHI DU S8 0 285 Ay S - AL 1 I 6 A — N S A I R, R T B AT DA S 4 fR7 R DL P 207 o 2% 35
s W 3 FR, eIt AEMER AN X, RAERT, NN E R Xy, XSS E X R
RXBEXT, FPMEHMRER Xy XANMEHE X, WA — RIE H R BIERNS . 1R &
BB )AL T E B, AR A RIEE R OUAN R, 20 B8 058 13X 45 SR I5 2 Hh R0 T8 2 A4 R iR
BRI, X B A X

X2:

yes X,

=no

Figure 3. Computer adaptive test
E 3. i HENBERNE

() T U307 X 285 1) DR SR 4 B

FE DR R HE T it LIS RT DUE I b R A 2 RS R T, 2R EM S AR B 8 158
Ay AMURBE T AT R R, AR ARG R TN BA R, AT EREAT DR SR HE IR AS B i 1
PRI B 22 A B B B4R & .

X T G AT FH DU B X 248 g R AN PR R SR I R, R 028 — N ROISR T A — T, 5 8 s B A (A
%2 JiE, 2006).

BURAEEAT W Z8 X o SR I 2 2 BIR Z R 52, R IRIX LRI A BN, Fws,
A, T 2er= S AL, R ARG o XX e AR R DL PR AR B R e ST

© MRl SRS,

@ 4. N 12~15 %, 16~18 %, 19~22 %, 22 ¥Vl k.

@ MMEM: B = A B EERSZ, RS AR A R, T R IE

@ F=E AL ERRIE B R AN TR AR, A NI AN

© VAL DU ETERERE, 73 R i I A4 38 X Ui AR A4 56 TG R M o

SRR B AR S TR 2 R 2R SR I I N TE R, B AR I TN B S K e SR AT . IAE LA
I 37 ) 448 Sk 2 37— AN T AR AR
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oG, PRI R 2 AT DOl % 500 € B H 6 R B 2 SRR Em e, ARG 2, S v
WA EME TR RS R R AR, A K DI 25 A R dn ] 4 fro «

i 2 A
:::;> WA WL
P it

Figure 4. Initial model of consumption decision prediction problem
B 4. THZRRR TN B) A iR iR R

H I 4 w5, 7SR, ARV R A B0 T 2R SR IR Y s, TR A=A R A EE KR,
T3 ARSI T AR AR T A TR S ) 2 JE e R R HUE S SRR {12~15 ¥/, 16~18 ¥/, 19~22
%, 2 B LY, WAE, &}, PERANRLESE, REEY, MENUMEET, Mg mEY, kA {i
R AL, TR}, VORISR e T, BN Y (TSR, B X2 T R SR A
RO o I ERRAF B B &M DU AR R (Z2 775, XM, W75, 2020).

AR DU By IR 2 AR, G SR S AnAEe s . PR AN I (E AN R A IR A O, N PR DL 17 )
ZEROR T, AT DARIIE I S ORI S IO, IR AT DL BT S A TR T 2

DA bt A2 FH DLt 37 ) 28 A8 AR e AN o M 4 S 0 i () B BB A, T DU HH R DL 0 T 4% gk e AN T o
PE RS ) AR 5 I I B Y
4. BT IUHERA & MR E ST

HREBINAFAL . TR ss . WOBIRGEF 7 S SMURT = S A0 A R R R RO T B 0 A B R . A
BRI T “ EHFM” Bk, WA T 516 L DENERITH . RALM KT NS AR IR T H,
FFRET R DI RG] 7 “ EFH R DA g, WAL 4 DR 12 NEH, AT a2
PE(E L o RN 0,934, ST B 0Hr, AWETHe T B - (LA 5).

//@\\
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Figure 5. Hypothetical model of this study
Bl 5. AFRERIER

Horp R i 7 B3R 2 L A
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KANKE TER VYA 2=

SY—— KA A H I B
SI—RIANHE B2 1
KF——K F A& T
LT—— R A A A b
DD—— KT AME H (138 sk

W AR BN -
H1: KIS AT LB R 2%t 5k

T—— DI AT DA eyl )i A 6 i R 2 ¥ 9% F) T RE K
A——[RIAE B YSCER AR TG £ e T R R ¥ 9% PR AT REAE
W——[K17 i S 5 1T R 5 ¥ 9 O ] e
J——[RP= S M 5 3 T R A2 VH 2% (R PT REE

H2: st OB 7 S ARROURT T i i A% 2 SR B e
FEAERIVERAE R IR G, BEAT ARG, ot R R Z ARG R R . &R WL 1 Fw,
TR ARG ORI AE 7 SRR S AN R 2, 5 AR I EEAR I AR

Table 1. Correlation analysis of each variable

*® 1 BEEHREXST

A 1 2 3 4 5 6 7 8 9
3 N —

FEAZ M -0.044 —

Tk 0.288™ 0.091" —

Fil fih 12 -0.137"  0503™  0.147" —

T K -0.225"  0.260™ 0.050 0.406™ —

LR A 47 0.213" 0.033 0.089" 0.022 0.076 —

FE R 0.163™ 0.025 0.071 -0.017 0.077 0.738™ —

TRk AAR 6 0.172™ 0.008 0.082 0.008 0.047 0.795™ 0.755™ —

FE A 01777  -0.012 0.054 -0.008 0.037 0.766™ 0.751™ 0.766™  —

¥: n=516; p<0.05, "p<0.0L

i R X DU EEAT T AR ST RS

&)

(@)

®

1F B 21 DU R 25 (1] 6 FT7m) o

O
O

Figure 6. Bayesian networks that influence network consumption decisions

B 6. FZAmMILEHBR R E) DU HT 4%

SRR, RTINS IR PR 0 2 A RO B LA 3R, FLAth DY AN ZE B2 o P i 25 ik
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U6y 2 SN B ACTRR i 4 WACTRR A 2 S B 50T 7 i A% SRS AT 72 i A UL I P
N T I EXR G RBAT R, DO — AR =K, B, =R R i D
WM S EeE ], BIERR AR, RN 2 IR R

Table 2. Probability distribution between T and LT
F2.TE5LT 2 EMENT

T LT % H =

i 0.433% 0.477% 0.182%
i 0.335% 0.406% 0.318%
= 0.231% 0.117% 0.500%

HI7E 2 WIRL, 2 DB AR ARSI b A e IR0k, 32X 44 B o AT AR B 5 v T e AR 562 1T 31 2% 14
A REVERCR . BACR U A R E — NI R T AR TE RS, AR IUEA 50%(1 T e 2 AR
L R AR AR T R R D S A 5™ o

pug

Table 3. Probability distribution between A and T
FIAEST ZENEERSH

A T fiG i %—
ik 0.668% 0.092% 0.010%
i 0.283% 0.696% 0.375%
=n 0.049% 0.211% 0.615%

HIC 3 AIR, 2D DugR R AR B e i e A IR 1T R i B (RN ik, T LA I/ Boo o R A U B 11
i 7 T R T8 V8 2 BT PR 61.5%: RN Eu S A B il AR IR T B T 9, A BUAMUEE R
A it Y O 11 4R ) S 7 i R RT BEAE A 4.9%

Table 4. Probability distribution between J and A
F 4.5 A ZERNBEEST

J A % H =

i 0.788% 0.123% 0.117%
i 0.188% 0.685% 0.396%
= 0.023% 0.191% 0.486%

HIE 4 AR, B ORI Sh K R G T 920, DA 48.69% (1 m] REVE R 7™ S ks 153
HREMZE T .

Table 5. Probability distribution between A and W
#E5 A5 W ZENBERSE

w A % i =

& 0.747% 0.131% 0.063%
i 0.241% 0.685% 0.468%
= 0.011% 0.183% 0.468%
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H# 5 AIAL,  MBLE RS SR AF I 2R 0T, DA 46.8% AT REME R A1 S /b W AT &
TR T 2%

L EJUANRATLOIE R TR E 2 MR R, 4EH MIEHRE, 7T LAS 25881 DU
2%,

AT, HTFRIAEE BN, TV AR AN BB R i, R KA
AN S E HAN LR, RE5S AN E—RHEAT . XK, BT IR R R
AT MR 200, IS HER RO Rk, B DU 2347 2 d, AR B (8] 1 96 &gt vl
DABH R ok e A, DU $0 X 28 B FHRE = 43 A 2 B0 BV AR HH AR o 2 R B2 R &R
5. fixRE

LI 7 00 28 A5 50 7 280 I R XURG GR SR AU (T2 A, LRSI R 2 B TR IR R, BRI E,
DL 7 9 245 B 45 DA BT 5 38, B PR SE B 0 LR SRR et . SRR BRI T b, DL S AT 5 A LA 77 THI ik
— (L FALE, 2006):

1) MEEEETH LN . E AT DU 4 o AR BT 0 R MR R R, IR R T A R
BB T BT R R, (R A SR I 4 2 s B H IR BT BB, X R A OV A B T .
FITRA,  FE S BRI 25 G il R R ke TSR OR B 52 2% I 4% 11 S8 B0 R 200 e A SR T2 1) — A AR

2) 12 FHg SRR I 45 0 2 STRIHERE o ARG T AN T A8 TR, ol d il 28 9 28 R st A% B, DLy
W) P i i A 3R AT S5 40 2 S D e R s — P .

3) BhA WML e 7t. HAT DBN R R IR Tk 240 145 S BE R a4k, 3 —D it 5
Wb R B 2 EE 40 1) Bh A58 4k

4) TERFWEFCTTE, DU I R T R, ARG IR S T (FTA) SR BT (ETA) Fix
AT FEVE AT AR RSSO U VE BB — AN J7 T, A R IX e LRSI VA AT L D
T IR X AR . 53 ok, BT DU S0 B A DR SR I AN e SR S AU A AR R A3, DU i 5 .44
B RONAE N T8 RE AT AT AN e B AN A ) — M T A

2020 4= (B i Rk 117 3 S PR B 05 2786.87 4270,  H I N 45 JifE ek B AR AR 6.65 [N . FHAD TR
W2 PR R, 2021 AELICK, IR L8 ek T it PR T . DR ORAP S SUEER T
B ZRVE, — 7 T B T D 8 it e Ml (R e R RS, 5 — g THD B Y ik s R D A A 2
SR OAME LA R . = 2 b SO R, fEBE FLB B 80 J5 . 90 JE BUNAE R IR T i,
AP IR R M N AR AN WTINGR , I AR AR A AW, =it 5 & 56 ZEHiAR M)
BRI, WZSTE RS SR P A . (R LRI, AR K e, ekl G . 5
S RSN, GVIT AN TR R LA T RIHER AR A T KT AN R AR R A,
FH P (55 SR 19 B0 78 70 W03l R FIHZ 4 o 5T DLk 307 199 £ I 286 i xR At 98— 7 T mT DA o BT SR A Wy
W b R BRI D15 R, Sy — AN DT AR AT DO T A 2% 3 R SR A S8 (S i, K E,
2022),

E&WmE

HE NS R FEIE S CNENRUN LT D WX 25 2547 48 ) 5 N4 R R IR TR
(19YJC880011); 1l 4 48 F 70 AE 2L A i & $2 Th v Rl 205 2 0 27 78 16 (sdyal 19055) 5 H 3, K 2 A ] 142 /it
(321/R22WD38).
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