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Abstract

In this paper, 2,930 literatures related to Bayesian network in the recent 10 years in the web of
science were taken as the research object. Based on the literature metrological content analysis
method, the focus, development rules of research context, existing commonalities and differences,
and research status at home and abroad were systematically reviewed. The study found that, as of
now, especially in the prevalence of neural networks, Bayesian networks can be deepened and
have great potential because of their strong mathematical interpretability. The analysis results
are helpful to provide reference for the research status and progress of scholars in the field of
Bayesian network research in China.
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DU 2% 2 B AR TT (R RAE R ) . R HEWT RIS AT AR TR A 1982 45, Pearl 55 MKt UL X
2 MR ZR AR N F T N A RE 2, IbJS T R ARG AN 8 PR s RO T 58 22 M 4R 43 i DL g 25
AFEARN TR REAEE LR, DU 0 25 DR ks R SRR A L L S 2R 1R e SE 45 G E— e, BT DATEARHE
ANH B IR A PR IR 3. IR SR BRI RGPV ESR I &b &) TERRRFIARRE, A W B IE
SRR BN 72 1 v AL BRRE 77 ReA Rt dAT 2055 BRh G o Bl A 0T DU 37 D 28 (RN 9, L IZR
NEHEFZAE . N T RE S U AN 58 T M R G ER J2 —, IR AR — M AR R[] o

FET I, X SCEH web of science FIR%CEUE O EEVR, B CiteSpace T B SCHER T8 J7775%)
SO 3 (1) SCHRIEAT Ge it 0 BT IR HE R R, ke S T P = ANHIE o

(1) E AN 10 4 RAE U137 R0 25 45088 ) 2 2 [ 5% FORIE e A LA A W 4 2

(2) EAAME 10 4k DU 37 D00 2% S50 (Rt 70 40 n A TR LG 2

(3) 1 Py 4 DL 17 o 245 A3 PRIt 7 77 ) PR R J A A a3 2

AR EARTARWN . B RER 7B RIS T I7E, AR5 T DU 28 3 At se kAT Rk, 15

8, A BRI B AL AT LA B 1) SR o [ A At T D 1 2% 4F T O BIDIR AR B0 55 3L oK
D3 U7 o 45 5L O AT TN SRR BEBUN S I 2%

2. BURRIREMMARSE
2.1 BHEkRIR

iRk JET Thomson Reuters /A & JT % fft] Web of Science (5 8 Z 4. 1) MK MG R TEN
TS = ((data “Bayesian network” ) or (data “probabilistic network” )). 2) i}[a]# & =2008~2018. 3) &3l
i E = (SCI—EXPANDED), XiikZi#%! = (PROCEEDINGS PAPER OR ARTICLE), F:74%I3Cik 2930
o XX LUANGRL, M2 TS DU AT N ZE T STk, B 23RS 1613 25 SCHRAER o 31X 6 SR s AL 4
PE& . bR, OB FHEL. (R, SIRMSHE Gk, 50k, W E RSB e, BErr il dr.
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Figure 1. Research method flow chart
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Figure 2. Keyword clustering bubble chart
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Table 1. Use direction branch table
#z1 BRAFASXE

W RTTA EMEA W% R MY R

DU R B IE Fl B 32, % Bayesian Estimation ( U1 i
LG22 ST @8 N . T miEH 1), Probabilistic Knowledge (1
b3 IR OECE W LIRS RS TN ZANiR). Dynamic Probabilistic — ZEZEFRMI. ALZZTRIN. Hods

HETR poiiztymne. BTRIFEREOU,  (BAREEE). Probabilisti e R
W IBE AR 2R, (G SETT Bl —iE Parameters (##%Z44).
FE T BRI A AP 22 5 T8 Inference methods (1 J57%)

DS 7 DS R B BRI S RS,
A4 DU 59 5 HRT ST R AT
ANTERER RA WM Ao FIN, RIS
YeE s A A5 BT AR ) A LRI, AR Bt

Machine Learning (F1 252 >).
Algorithmic development (572 HLAF AP ST fLin) A %

WSROI i B S A A Zf%ﬂﬁgaﬁﬂﬁxﬁﬁﬁ *%‘ﬁﬁﬁf‘%ﬁﬁ%
Gk DU e OPmiERon :

PRAREE NSRRI BB, LR
RTLHE,

FEIR 5L IR 2 8] (R P AR SR RS REAE M 207

L EE E R FRAME. T T BRI EDF

EWHERT, FEF BRI E LG E

PEME . TR R A @ Gene Networks (FEK %)
R v, RIS RAEE RE AT DURAGRELE Gene Expression (JEHF %),

FBE KBRS S, Jtmidt—23  Complex Structure (55445 441)

AR R Z (A /R FHLEE S ThRE S 2,

IR 245 T TR L 1 97 Do B X6

P — 2 AR SR .

FLPIRIL I A, M
WEE . BEIE

31 FEMRERSHESH

I AN AT 234, AT CAFE Bl 7 A5G 1 SR Bl AR 0 DL et S0y o 2% 8k r) #9F 90 R 2 DA A AT
ZMEEEOL. 1 3 e TRBEMMEXREUS, SlER VB, PSS REER, |
L0 3 L I/INTT SRR, T AR MR ST D AT R A AR TR LI A [ SR BATLAL) 2 ]
HEMERFR: BN AR RS 1R BT [3]

TSR TN RIS, ARBIFIREE I 3. /bl 3 RIS 2 aTLAURIN, K SCE Topls [ 7l
WHEET 9 NEK. FE 3 A, EE3F, FIEA 3P, ®E. EE. A2, P WRIRAEE S 1
Fire Horb, PREERILCRIES Y E R SCEHA ATEE R R SCEHEA T Topls W, X AN E ST FUA L
(R RSB A A4 ENFENLRG R S Topds 1, 5 FEAZAILAG AT Bl 2 R SCHCR T DUR I, 3 4 [ 5K 3R 16 STk
JUF AP RURBE RS RIS S BRIk 20k 22, E. &R, B ARIMHA, EIRXLE
F R SCEAHAERTH, 8 E K IR K SCREAENM K SCHEZ RIS, 3 WX Le R 58 ML Y 3 A
FEXT 738K
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Figure 3. Country and institution knowledge chart
3. EREHAFIREE

Table 2. Top 15 research institutions and countries by number of publications

2. B A REEHR Topls WAARHMFER

WAL g SRR X SCHRER EFE
3 E {6 1 #h 3 T 245 (Rensselaer Polytech Inst) 26 2008 EH 363 0.46
PUYEFAKHL4NIE K 2= (Univ Granada) 25 2009 Ex 214 0.1
fi 2% 47 48 4% 48K %% (Radboud Univ Nijmegen) 20 2008 g 22 129 0.21
Z=FRZ(Yunnan Univ) 18 2008 PFHPEF 118 0.08
FUHE 5 £ 1 51K 2% (Univ Politecn Madrid) 16 2008 %E 104 0.28
P &R P K% (Univ Sao Paulo) 15 2008 T 101 0.1
TH K 2 (Tsinghua Univ) 15 2012 JIIE-PN 86 0.04
LE A £330k 2 (Katholieke Univ Leuven) 14 2008 RRH 65 0.04
S [H TR HERR K 2 (George Mason Univ) 12 2008 fi2 59 0.01
VEYE S B /K g LK % (Univ Almeria) 12 2012 A 53 0
12 H B R K (Univ Nantes) 12 2012 WRH T 51 0.04
P12 BR A2 (Aalborg Univ) 11 2013 = | 49 0.01
Fp [ Rl 255 AR K 22 (Univ Sci & Technol China) 11 2010 it 43 0.03
3 [F] %iE K2 (Yonsei Univ) 10 2008 ERRE 32 0.05
[ it FeAf % K (Carnegie Mellon Univ) 10 2008 il 30 0

PR PR TR — N7 R A Y R R SRR A L R AR B P o (BRI . P P s 1)
W TENURITANE IR o ArF PR IR A B2 VR 22 [ SR rpn P2 0, SR RT3 At AT ot JH At Py [ 500 DL -S4
W2 BB TEBCA P AR KT 0 A 28 NESK, Hrh S oo Pk fie s, O AR R o
PEEIFFISE =, EEAEEIY, PR T SOk, SR EE E B b DU R 2T ST U L o

DOI: 10.12677/csa.2020.103052 497 TFENUER S N A


https://doi.org/10.12677/csa.2020.103052

HiE &%

fusbAr, FEEARGRNEN S . HA . EppTE B K SCELE Topls, (HIELALLPEEIHEDY 0, Bl HAAN
EL TGS T DL PH-407 R 2 ORI U gt P, 9 LK HAt L 5 BT T B 7 AR O R R

3.2. (B

VR R SRR BE R T VR TR — s m . 98500, KR 1613 j& Sk, LR E1ES
1723 o R4 ST 52 HOR T 52 UL 07 I 8 BT e ISR 1 e e 1 2, et AR M = 0.749x /N max
For Nmax 1t 7t s R SR 2 R T R R SCREL MO OER KOS ECR IR, Mk 2
Sy Nmax = 26, THE M =3.819, HUE N 4, HIRFIRTC 4 55 4 R OL 1Ry UL 37 0 28 17F 7 403
iz OfEE, Lt 48 4.

MFE 3 ATRIR 2 B R SCEARTE 10 K 10 BAF, 3R 51 H 1 1 Uk HE BT 473 2 25 T AR ST AT 578 STk
HA JiQ 55— (26 &%), Ji Q #HFZ T ERINF AR AN TR RERN A DS, BFG N A& M4 (BT
T BEF2]), ZERERGARAE NTERR, T UIMRRAETH LN 22 48080 W & [4];: Leray P #Ui%
(19 7 ) FRIBIE F0 60 32 AR v A DL 37 DX 28 PR R 3, R ) DR VE TR R MR 8 L B L AU A 5 4[5
MR SCEGY B, B4y AifE 2008 4E 4 2012 4F, BB 2008 45 LAFT, M FC A 5t DU o4 2% (R e 72
B FIZB BRI B, FHAE 2008 424 2012 SEHTTA T W70 R

Table 3. Number of TOP10 author posts in the past ten years
% 3. iE+4F TOP10 e A X E

=2 SCHRECE TR ROR Sy Gk
JiQ 26 2008 5 EAG i3 T2 e
Leray P 19 2008 PE R
Liu Wy 18 2008 PPN
Larranaga P 17 2008 PHIE S T il B2
Yue K 17 2008 PN
Bielza C 15 2011 PHEESF Tyl B R
Lucas PJF 12 2009 fiif 22 A AR K 2
Moral S 10 2011 PEIE b hr ik K
Cho SB 10 2008 R R
Salmeron A 9 2012 FEYESF B R Mg HE K 2%
Gomez-Olmedo M 9 2012 VU giE K
Cano A 9 2012 PEYEF I R gk K2
Wang SF 8 2014 HE B RAR R
Sucar LE 8 2010 5 [ H KA HiR R
Maua DD 6 2014 iR N2

3.3. UM AR A EERIFE M5 47

TE I S AT DL $0 O 4% 2 AR AR P SR HE R R B A v A R S0 12 AT A O R I A AT 1S O
£ Cite Space H' “node type” #&#£Z:4 “Cited Journal” , 1531 tH kW55 A (3L 5] P 2% S A an 2% 4 fos
(1% D1 17 X 28 SCHR & R H B TOPS (14 51 AT
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Table 4. Bayesian network literature published in the TOP15 cited journals
e 4. DUHERM LR SCEk & R EE TOP15 FI#E 51 HATI

eI R BT
PROBABILISTIC REASON 476 0.12
MACH LEARN 433 0.16
ARTIF INTELL 426 0.14
LECT NOTES COMPUT SC 402 0.03
INT J APPROX REASON 301 0.18
JMACH LEARN RES 295 0.09
LECT NOTES ARTIF INT 269 0.11
IEEE T PATTERN ANAL 246 0.1
JROY STAT SOC B MET 211 0.06
ANN STAT 184 0.1
PROBABILISTIC GRAPHI 180 0.01
BIOINFORMATICS 172 0.05
JARTIF INTELL RES 171 0.15
IEEE T KNOWL DATA EN 167 0.07
SCIENCE 163 0.05

H.v PROBABILISTIC REASON 4 5| SCHR % & =ik 476 F, FEESE —1f7. MACH LEARN (1475
SCHREEN 433 R, HER S, ARTIF INTELL fI# 5] SCHREE N 426 i, HEGSE =, B/EHEA LECT
NOTES COMPUT SC (402 %5). INT J APPROX REASON (301 )% . MootEskE, INT J APPROX
REASON L\ 0.18 HE/E M 7, BEJ5 1A MACH LEARN (0.16), J ARTIF INTELL RES (0.15),
PROBABILISTIC REASON (0.12)% . i AR 5] G IR 2, 7Ry g2 i AR OK,
JtH: Lecture Notes in Computer Science 1547 4% 4556 67, 2 AN FifEAE#R b 1 1# 40 Computer Security
— ESORICS. Network and System S.

ecurity 5148, WA T MEMBAGTHEA WS . A, JARTIF INTELL RES SEAAH: 51 STk A=A 2
S, AR IEIR AR R R AR R, BRI N R I EOR . SRS AT LB, Lecture
Notes in Computer Science. Machine Learing. International Journal of approximate Reasoning F1 Artificial
Intelligence In Medicine 1%L 2% A Hi Fi ) & 1% 4008 Hh e o B 32 (1) 4 1 73, SCIENCE [7E H SRR} 408 &
SRR, AERETE DL 9 28 TR 72 Fp Fe e A 0.05, AR SR U FE X AN 3R i 1

3.4. Rl ICHRSHT

SCHR IR 51 AT 2 fie e BRI SCHR 2 RS2 ) R HANME I 28 bR . & 5 245150k topl0 13T
BRGEit 513, MR R4 Stegle & 3K [“ A Bayesian Framework to Account for Complex Non-Genetic Factors
in Gene Expression Levels Greatly Increases Power in eQTL Studies” 7 & 55 —47, #¢514kmEis 132 %, %
I T — P T2 RIAECE IR I R (eQTL) MR R 7 vk, 1% i3 B DU pie, e ml LARSELJE
DRI 2R AR Bk DA S R0 RT Bk VR 2% PR 1 [6] o 5 A A% 0 STk 22 Ahmadlou & % () “Enhanced probabilistic
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neural network with local decision circles: A robust classifier” —3C, #7515 120 ¥k, 1% 30 T i@
FH T B DL SR U R R 8 B At v, RS ok SR s s e B S N 2R B (R mT e, IR = e o
FEl(LDC) 2 th 1 383 AN) 3L PNN (EPNN), DAf i Hont B g 75 (1) & L[ 7] . Psorakis &K % 1) “ Adaptive
Overlapping Community Detection with Bayesian Non-Negative Matrix Factorization” HE7E 5 =147, #7515k
117 IR, ZSCHE A R HE R FE S R (NMF)EAT BEVE AN, mT DA A I 288 A Q1R B o 4% 31 5 A~ 3 7
FERE, AN R A SR AR B 3 3 JE AR R B ol o0 ot R b ) DU RS, ANXCRT BLA Shrinkage 777%
FE R B W 28 i 3R 61 1AL X K, 38 ] DLESUEFEBORIR L B A0l 15 s A B 45 41 X 1 RGP B . %07
TN FH T e B S 28 R AT SEAE I A RO 2% . B S T A I ) SR 4 R B, 17V RE S U AR B
HEREMESE, JH MG N ESEERN LB BR8], 45& 4 5 MK SRE,
HL RS EEMIE, Bltn Zoppoli K2 “Time Delay-ARACNE: Reverse engineering of gene net-
works from time-course data by an information theoretic approach”— /41 T —Fh \FE T BFE I BEIF
1) FH B 1] 3 270 000 - D DT 8 422 X 8 R D79, S SRV P R A SRR il I B AL D Rt R 2 B Y () i s
L IR AT KB A D 2 TA 1% 2 18] PR IR [ RE 3R A . 45 1 Bl ok B8 1) R I i A 2L R R O
KA, PRERATSENERE[9]. D37 25 BRY 7 AR W R 2 oA 28 AL 28 2 21 A HL A& 1AL #410]

Table 5. Top10 cited references
5= 5. #3555k Topl0 BYSCRR

R PREE (=2 CEIEIT/
A Bayesian Framework to Account for Complex Non-Genetic Factors in Gene Ex- 1 [ 4 g
pression Levels Greatly Increases Power in eQTL Studies DURI S e R 1 Stegle 132
Enhanced probabilistic neural network with local decision circles: A robust classifier M1 22 ) 2% Ahmadlou 120
Adaptive Overlapping Community Detection with Bayesian NonNegative Matrix Bl A .
Factorization RARALHIR Psorakis 17
TimeDelay-ARACNE: Reverse engineering of gene networks from time-course data P .
by an information theoretic approach BRIP4 Zoppoli 114
Empirically building and evaluating a probabilistic model of user affect Bl T 17 ) 2% Conati 113
Comparison of co-expression measures: mutual information correlation and model o DR S 0 2 Son %
based indices LR 9
Neural Dynamics as Sampling: A Model for Stochastic Computation in Recurrent i .
Networks of Spiking Neurons RERES Buesing 8
A Bayesian Approach to Model Checking Biological Systems RGHEY) Jha 86
DL 1 0 .
A Bayesian regularized artificial neural network for stock market forecasting 7~ 1—’,MEJ MEAL Ticknor 72
i 25 Y 24
A review of recent advances in learner and skill modeling in intelligent learning 22 5] R Desmarais 7

environments

4. ET TSR AR

FEAr] T AR LESCHR SR S MRS &, AR R 45 RO2 AR ELIN . BIRT U B4 AT DB 3R 247
RSS2, X BITRE 78 Uk ) S RUHEAT 0Bt o 161 4 vk i AN E A+ TR . SRB 7 BB U o ) O+ 3R
KRB FD AT+ 7 RIRERZ R WA . S Z A I MAARE L2 MR R . HEL+5 53
FRANBIEAR S, SO R SR 4 SRR [11] 7% 6 A1 H (AT T3l 2 B AU e A o
B R S 3R]
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Table 6. List of high-frequency words and high centrality keywords for Bayesian network research (Top15)
5 6. DU HIMLE A= = iR R = o Sk B2 1A — B 3R (Top15)

FRARR B i) e P PR SR 1]
p Xt AE Xt T
1 DUIH-H /% 2% (bayesian network) 606 1 k5> 2K (selection) 0.17
2 7 (model) 173 2 1R (probability) 0.17
3 %% (algorithm) 151 3 55l (recognition) 0.15
4 4 2% (network) 131 4 LI 07 99 4% (bayesian network) 0.1
5 Z 55 (system) 113 5 2 Wi (diagnosis) 0.1
6 Wi (inference) 109 6 5% (model) 0.09
7 W= 9 2% (probabilistic network) 69 7 732 (classification) 0.09
8 MR HE W (probabilistic inference) 68 8 ANH 72 1 (uncertainty) 0.09
9 432 (classification) 68 9 M2 T AL A5 2 (probabilistic graphical model) 0.09
10 AT € P (uncertainty) 62 10 22 9 4% (neural network) 0.09
11 {5 &M 4 (belief network) 61 11 {5 ;2 (information) 0.09
12 WERERALA (probabilistic graphical model) 61 12 Atk (optimization) 0.09
13 B2 L7 k3 2% (dynamic bayesian network) 58 13 HEZR AT (probabilistic model) 0.09
14 DUH-$f 4 W7 (bayesian inference) 53 14 %5 7 (identification) 0.09
15 #ZE  4 (neural network) 42 15 W (inference) 0.08
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Cite Space V 1] LA E 481 H WOS 44 (19 SCRk 10 3%, 38 $ A 0 1 D% Bt 1] s = At 3] Ry AR B AN
[F] 14) B 1] B R 22 (R SR OC 2R, FF R A AR R T =X B0 3 A i) BOC B A BRI TR &,
73 I I AT K B 2R MR ER AR B 1613 fF i Al sk {5 B S\ Cite Space V, B [X 43 (Time Slicing)
= (From2008 T02018) (1Years Per Slice); = /i K (TermSource) AAxi(Title). %% (Abstract ). 1F# %
17 (Author Keywords (DE)). ¥ J& <417 (Keywords Plus (ID)), Bi4s#/a) 1% 15 #2657 (Node Types)ik %%
B (Keyword) ; £ ¢$&W%&WmmmﬁmmmTmﬁﬂb%ﬂmmm)ﬁlﬁﬁﬂ%wmwm)
TREFERIN: BTS2 o ARYEAR SR 2, 75 B0 itk 2t 45 P 1) OGS 49 s AT R B A E IR, A
FEEAFE SR A F R IA T A0 & SCH E 817 . & 91 )5 “baysian network” [ 4k 1] 606 ¢, &4
APF 7 v DL 307 0 28 A3 1 g B B 1 2 R ol /N AR OB LR EAT SR e, RN 6 BRI s
S mO M CEEEI R . N 6 HHRTLUE Y, TEAERVEE PR U DL BT A AU 4y, A
SN TR BRI HLEEE 2] B2 90 55 % 4o DUt e X 28 BRI JZ T R, 38 GV TR
PO AL BOAS I ER AT R A RE B 4 954 BAEAS SCF RN i P BRI R 2 W 0 A3
WL N AT 3 e S5 T8t A 50 v ) 8 SO R R [12]

5. IR S5BR

DUH-#r 2 A2 pearl 1985 4-7E (Avrtificial Intelligence) 4% by dedeth 738 ULk B 1) U137 X 2%
PIRAE . EH T DU 2 AR AF M 45 6 1 3R 18 LA S RV AH DG BR L, 5 2 I B AL AT TR0 T 2 P 0 ) e e 3
FHEG, REWSAR AP Al 2% . BOBIAIANEfE . DR, VR IIAE =T, 'J_'HTEEIWQ%?E}@JT@
WA, I HIESEARABNLES 2 2 5k, SUbFRIR, DUk 2%t BLAA AR %2 438 7 DR SR KT 7] 7
AT — M RS, AR VER A R H B AR e R R O R A, X AR MR A A, ilD
B T R BFRAE Y (HMM) FNS) 2 DU37 25 (DBN) S5 . 7 7 F1 H = ANB B B0 T . R 98 ek DA 2
B 9Tk 2%

lnfurmaﬂon thedeIHabel classif
code exact inference qualitati
ation causalaisbelense

S vmﬂm marki 0 xpen " )
- number fronment
__:._—. 3 ¥2 protein-protein interaction

Mb-bwlllsﬂcw ﬂsk asaosm fam domaln knovlodge
disce pathway| network inference

gene ex, protease
expressit truction assocla&stsnng comnuous time bayesian ne#gk taggmg sys tem

ion

¥ Iadur- motion event m roeptitrs| oMce
brmative expert system knouledge logistic regressiaeusal masigmentatiset retrieval usatiscretiz: alsifistic neural w#ﬁnspommon system
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Figure 5. Keywords development context timeline diagram
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Table 7. Phase analysis table
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