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Bayesian Network Structure Learning by Ensemble Learning and
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Abstract The Bayesian network is an effective tool to express uncertain information in the field
of artificial intelligence. It is widely used in various fields. Bayesian network learning mainly includes
structure learning, parameter learning and inference. The Bayesian Network Structure Learning
(BNSL) is the key and difficulty of Bayesian network research. The task of BNSL is an NP-Hard
problem. At present, the methods for BNSL mainly include constraint-based structural learning,
score-based structural learning and hybrid-based structural learning. By analyzing the state-of-the-
art structural learning methods, we found that they not only have bad efficient and effective but
also easily fall into local optimality. In order to improve the accuracy and reliability of structural
learning, we propose a new algorithm called Ensemble-Feedback Bayesian Network Structure
Learning (EFBNSL) in this paper. The ensemble learning strategy is used to reduce the number
of invalid edges (e. g. multi-edge. less-edge, and reverse-edge) and the feedback strategy is used
to update the initial network and enhance the quality of initial network. This algorithm is mainly
divided into the following two steps. In the first step, we build the initial network. We employ
Maximal Information Coefficient (MIC) to determine whether there is an edge between the
random nodes, and construct the initial network (directed graph) according to edge-adding rules.

In the second step, we use the Bootstrap method to sample n samples from the data sets. We use
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the initial network bn,—, which represents the network after kth iteration to initialize the Tabu
search algorithm, and combine the BDe score function for Bayesian network structural learning
from each sample. As a result, we obtain n Bayesian networks that are represented n matrices.
Then, we calculate the weight of each edge by the function of ensemble strategy W according to n
matrices., We determine the directed edge by setting the threshold @, and generate the Bayesian
network BN, , where BN, represents the Bayesian network after £th iteration. We use the BN,
to update the initial network bn,_, according to the update condition C and use the updated bn,
for the next iteration. We obtain the optimal Bayesian network, which is the network that our
EFBNSL algorithm outputs when it is satisfied with the termination condition by ensemble
learning and the feedback strategy in an iterative way. Finally, we perform experiments using
seven benchmarks with different sizes. We calculate the Fl-score, Hamming Distance and the
number of correct edges of the Bayesian network and compare them with other state-of-the-art
algorithms. The result shows that the EFBNSL algorithm proposed in this paper is superior to
other algorithms in terms of effectiveness and generalization ability. After analysis, we conclude
that the success of this algorithm has the following abilities: First, we use MIC to construct the
initial network structure directly, it easier than the previous method, which first obtains the
undirected edges, then eliminates the loops, and finally decides their directions. Second, we
propose a function of ensemble strategy, which is used to reduce the number of invalid edges that
may exist in the Bayesian network. Finally, we employ the feedback strategy to adjust the edge
directions of the initial network, and improve the quality of the initial network, and then we can
obtain the optimal Bayesian network by iterative optimization.

Keywords ensemble learning; bayesian network; structural learning; feedback strategy; maximal

information coefficient
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W 28 285 K 2 2, JF 8 2 o 3 B DL 3y 0 2% i [ Ak 3R
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St SR 2 AL AR B 2 20 5 AR I T 2 A T
S G 3 B9 5 1) ) o ke 4 00 iy 9 25 A Ay S5 3
PR B, C R BEF A5 4, E SCANTR « 38 2o ) 18
BN, 5 %04 £ i 1005 2 J32 0K 1 5 I 75 X ) B 19 2%
b HATHR A0 B 3 iR, Hoh 8 score” RoR
UHT I AE P4 T4y, 4 score (BN, D) > score” , Vi,
W3 o ) 46 9 28 bny o 453 2 19 DU 2 B 25 BN, B
B+ WA X6k 400 4 ) 28 33547 B 387 5 5 score (BN, . D) <<
score” Y W 18 3 9] 46 B0 4% bn, ) 15 B HY M 48 BN,
B35, MIAT update (M, s W) XF 1 56 19 4% 3 A7
BB, Hoh, M RIR W) AR W 2% b, 1 JE B AL R
7RG W R DU 3 M 4% BN, (1945 BE AL R i 3
iR,

iR

e
el

hng
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N
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Y BEFMC
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]
PN

Bl 3 EFBNSL 237 & H

4.2.3 TEHRE
HRAE W) 46 2% on FF 01 B9 O 18] 2R 4T A
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M, W AR 1 %6 B W 3 Mo B W A
TR (WA FEREHR S 01 SEFE ., BRI AAAE 1. 5 0
KO HEATFIWE . 45 My [q. p1=Wi [q. pJ. Wik
M, [p.q]=1.M,[q.p1=0, 5 B E H 15 2 4]
UG 2% on, E T — B kA T B W R 2k SR
score(bn, D) <score(bn,—, » D) Bt 1% [0 24 iy DI -y
P 2% . BIAS 2 d5 p D137 9 2% Can gl 3 ).
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2. k=1

3. FOR i=1:n DO

4, BN,; =tabu(bn,—, ,BDe,D,)

BN,; —>M,,

6. M, =M. +M,. //GEit55 505 2 BIIR AL
7. M., = /m/Ny * My, /N8 FKNR T E

8. M. =M, +M,. //THEEFHEHNEE
9. W,=M, O M, /mlog(D) //MHEXH#HITIHHE
10.  Wy=normalize(W,) / /3£ 0 EHITIH— L FR
11. FOR g=1:m

12. FOR p=1:m

13. IF Wi [q.p]1<<0 //M 3R 5 U 1 i 13 1

(92

KPR R
14. W.lq.pl=0 //0 KRN EZIERAEAEL
15. ELSE
16. W.lg.pl=1 //1 FRN 8 ZOAFTE D

17. W,—>BN, / /BB HE 1 W, 5 3k DL 48 BN,
18. IF score (BN, , D) <score” //score” 3~ 24 Hi

B AT 5
19. M, =update(M,—, ,\W,)
20. ELSE
21. score(BN, , D) —score”

22, k=k+1 J/HAT—RBER
23. WHILE score(bn, s D)<Cscore(bny—, s D)
/BB R R A
24, RETURN BN, //ig Bl ff D nt 3 5 26 BN,
4.2.4  IW[R]FNAS 6] 52 2% B A B
TEATT h, FATTR EFBNSL 55055 (1% i 8] 52 % B2
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FEHE S A 1 MIC {8y T MIC B 4 ik . R2 ENESNA
e Hit 2T n(n—1)/2 I MIC. I3 g 1) MIC TR BAR WA L RARBAK
{EE’JBTIEUE RERZIMA RN, H micGn,r) R ASIA 10000 8 8 2
AR SOk I R R AR B \Soeance oo o1 o :
FREBTAT 7 5 I MIC {E (g i 18] 5 2% BE 9 O (n” » CriLD o002 ’
micCm,r)). ¥ PTA T A58 MIC {5 3E 17 HE & CBRL HEPARII 20000 70 123 6
HEFF ) H i 1 2% N OCnlogn). fEMR YR MIC {54 WIN9OPTS 20000 76 112 !
) 4 1 CBERLSE 1) L JLR 1) 5 2 O e

: i 5.2 FMistR
R 23 43 11 B 0] 52 2 FEE S O (). A 3t 452 A5 £ TR e A R A FL (P

JEIBIYHEIN il B OG0 RIENTA RGO RE (b (6) 5 ) AW B  Hamming Distance.
BRI /2| RIRMPSAERAIRINRE U 7 gy o sl 0 009790 920 00 300
B A )42 2% FE A O’y . B AR B 2 B9 0 4R T recall 3578 [ 2%, precision 2 K%, TP F 5
FARIT I I L2 By QG e mic Grerd) ') S EW g e o i 1 8 i 60 24 o 329 7 4 19 04K B0 2 ) 51
FR 2R B R T W R B BRI TR poim s, FP 25 45 16 T 25 0 9 26 v i S 76 bt
BEAGZRAE AR AL A o DU I 2 2R A I B e g it o a0t B0 00 30 1 K5 PN 28 0% 14E T b 1)
WRAE R AR OG?) 35 BDe IMEFT 25 dh i A 76 24 57 I 26 b H B 00 30 10 4 0. HD A ik
i B AL O o) 0 RIS LSS BE N g o) S0 DU I 357 P 24 3 30 2S5 ) 4.

O®) . A X n B 40 B AR UG 35 35 R L B AR I L 46 TP

R fl 50 54 40y 1 0 A 1 Pt TP EN) “
ek S R 8 1E L L ) A 2R E AR O (). B precision = ——F 5)
MAX_ITER Jyf5 K 35 AR UKL, At 2 > 0L 7 19 (TP+EP)

I S R4 [ I ) 2 Bl O(MAX _ITER » n°). :2><recall Xpre.c?'sion 6)
Al 12 38 vk R Bt ] 8 2R B R O mic (my 7)) + Hr;c‘a:l;—;jj:;';zon -
OMAX_ITER «n*). 25 [0 & 32 53 Hr » 25 B R B 5.3 BRI

% oh JR A R AL R R T Ok L T JR TR R Bk A A
REAS LR B0 28 ) 52 4% A — o 23 [A) rp 4 3] 5 3
fiff. T TR A QR E &S (B S AR O s
PRI Sk B 23 [ S R B2 2 O () TR i B vk
(25 (] 52 2% B 06 T VB 2 I 3Rk

5 XBWEHERSN
5.1 LWfESH
A R ESF YK bnlearn T H A2, 58 i3
R 5 5 g e 04T DLt 20y ) 48 45 44 27 2] . bnlearn "EJ,EE
T DL 300 I 4 25 4 2 20 L S B AR AR
IR 2 4.3 WA, L e 7 /\j(/J\KEJE’\JﬁY’E
W 28 JE AT X L S 5, BOHE 46 3R 0 S8 N Bayesian
Network Repository® T # RDA 3¢ 4 3 i 4% BN,
SRIGAE R rom BRECHE UM I R /IS AR AR L LA B0 4

g XS T3 BhAS [ RIS 08 A o T 4 4 4
“ONELT R 4 ASTA B e 4R R ALY R 4% ALARM,
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M2 HEPARII, WIN9SPTS %4 4 , ¥4 1 K. 2K,
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B (TP)YIX 3 A48 b5 B iE AT X% L 43 B, 25 5 o8 10 1R
23] J5 07 AR R A BB AR E 25 (R 4 FE S b R
ARSI B E AT B H 0= 0. 35, % {H 1 1 £5 )
T 28 55 HL 1 5% ) - AN B5URK S AT DAAE — 5 3 1R P (L.
AT ALARM $dls EYAEA SN 1K B k4T 1
SLEY L WK 3 PR,

@ https://www. r-project. org
@  http://www. bnlearn. com
®  http://www. bnlearn. com/bnrepository/
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£33 FEOBEN RN

0 F1 HD TP
0.05 0. 768 21. 8 36.0
0.10 0. 785 19. 6 35.7
0. 20 0. 774 20. 1 34.5
0. 35 0.776 19.1 33.3
0. 45 0.701 24.1 28.4
0. 60 0.702 22.4 26.5
0. 80 0. 669 23.4 23.7
0.90 0.566 28.2 18. 4

X2 3 A M T, XY AR A 3 /N
AT W22 ok R I i A B 4 . e T 2
AL I8 3 H U AT 0 Ot A AR ™, B
TP Fl HD #8423 AHXE A . YA i (o i 3 £ 5 K
45 5 /0 A 3 e R O i A B 4% L S EUIR £ T
A T B0 A0 20 5 W A R0 4%, i O A 320 6 B A
A TR st el (1 5t 2 B L R TP 24X
BN HD 23 KX 88 284 20 B o A 300 43 1) (L
KN HERR IR AT I 28 25 1) 2% 2] (i 3, 76 PR UE A

22 E B 320 1 () A o s 745 22 300 st i ) 19 DL 3

MR A4 A DA A SCRR I SR AR A T
G2 ) BRI UG T 8T B 2D OR. X T ASIA
W 2% Y REAS B 50 I (1K) EFBNSL 8 3 35 #
BRI HE S A 8 >1 K B, EFBNSL 8.9k
2o SR, o HC RN TS Bk th B0 1 A
B SR, G g & B HC F1 TS k24 ) 3|
IEB 0 5 K T 4% T EFBNSL 503k 2% 2] 21 IE #
A ECE . HD i = T EFBNSL 2958 HD fH.
XU B EFBNSL 57325 7] LA 2008 2> M 4% o ] g
FEAE Y TCRGA R, X T S8 2 L I 2% 445 44 A
X 21 ALARM [ £% , EFBNSL 57k 78 2% 2] JUR
AR M. X TR E W 4 HEPARII,
EFBNSL H ik LA K 7EREA &y 2K i,
HC fl TS 20 T7E ASIA W rh iy R 3. [F] A
FEI B B IR A R HD A 18 B 42 2 ) A
AR T o — 2 ) S B — 2 .

®4 AREHESET EFBNSL HEMEEEH ZERE Tt

- ASIA 1K ASIA 2K ASIA 5K
ik F1 HD TP F1 HD TP F1 HD TP
pPC 0.313¢0.010)  8.8(0.4) 2.0€0.0) 0.320€0.038)  8.9(0.5) 2.1€0.3) 0.310€0.070)  9.3(1.0) 2.1€0.5)
GS 0. 349(0.092) 7.9(1. 3) 2.1€0.5) 0.349(0.092)  7.9(1.3) 2.1€0.5) 0.441¢0.083)  6.9(1.2) 2.7€0.5)
IMBA 0. 360(0. 061) 7.8€0.7) 2.200.7) 0.463(0.066)  6.5(0.8) 2.8(0.4) 0.429(0.079)  6.9¢0.9) 2.600.9)
HC 0.837(0.094)  2.6(1.6) 6.6(0.7) 0. 897(0. 065) 1.6(1.0) 7.0(0. 6) 0. 898(0. 056) 1.6€0. 9 7.000. 9
MMHC 0. 738(0. 047) 3.3€0. 5 4.700.5) 0.772(0.033)  3.0(0.4) 5.1€0. 3) 0.761¢0.062)  3.1€0.7) 5. 0€0. 6)
TS 0. 813(0. 086) 3.0(1.5) 6. 4(0.5) 0. 844(0.060)  2.4(0.9) 6.5(0.5) 0. 876(0.096)  2.0(1.5) 7.0(0. 8)
DiG-SIRGA 0. 795(0. 045) 3.1(1.0) 5.1€0.8) 0.820(0.054)  2.9(1. 1) 6.6(0. 8) 0. 832(0.055)  2.6(0.6) 6. 7¢0.5)
ESL-GA 0. 817(0.060)  2.9(0.9) 6.50.7) 0. 804(0.057)  3.0(0.9) 6.1€0. 3) 0.822(0.062)  2.9(1. 1) 6.6(0.5)
EFBNSL 0. 835(0.058)  2.4(0.8) 6.6(0.5) 0. 908(0. 043) 1. 4¢0. 71 6.9(0. 3) 0. 921(0. 046) 1.2(0.7) 7.000. H)
N ALARM 1K ALARM 2K ALARM 5K
ik F1 HD TP F1 HD TP F1 HD TP
PC 0.270€0.070)  50.5(3.9)  9.4(2.7) 0.398(0.115)  46.3(8.8) 15.3(4.5) 0.540€0.049)  36.5(3.4) 21.5(2.2)
GS 0.057(0.039)  59.6(2.5)  1.8(1.2) 0.078(0.022)  59.7(2.9) 2.500.7) 0.154(0.039)  57.2(2. 4) 5.2(1.3)
IMBA 0.334(0.084)  48.5(5.9) 12.2(3. 1D 0.338(0.077)  49.9(6.2) 12.7(2.8) 0.409(0.081)  45.7(5.8) 15.9(3.4)
HC 0.564(0.081)  43.8(9.3) 28.1(3.6) 0.592(0.061)  40.4(6.8) 29.2(2.6) 0.615(0.063)  38.5(7.1) 30.6(2.6)
MMHC 0.568(0.045)  31.6(2.9) 20.8(2.0) 0.633(0.024) 27.8(1.7) 24.0(1.1) 0.668(0.027)  26.2(2.2) 26.4(1. 1)
TS 0.555(0.043)  45.7(5.4) 28.4(2.0) 0.627(0.068)  37.0(6.7) 31.2(3.7) 0.676(0.042)  31.8(4.4) 33.2(1.9)
DiG-SIRGA 0. 653(0. 054)  36.7(3.4) 25.7(2.0) 0.683(0.034)  32.2(2.2) 28.4(1.2) 0.690(0.064)  34.5(2.5) 30.0(1.4)
ESL-GA 0.675(0.035)  35.0(2.4) 29.5(0.9) 0.680(0.021)  27.2(1.5)  29.5(0.8) 0.688(0.033)  23.2(1.3) 32.4(0.9)
EFBNSL 0.787(0.066) 19.0(6.0) 35.0(2.8) 0.839(0.017) 14.5(1.5) 37.9(0.9) 0.851(0.021) 13.6(2.0) 38.8(1.0)
. HEPARII 1K HEPARII 2K HEPARII 5K
ik F1 HD TP F1 HD TP F1 HD TP
PC 0.122(0.037) 141.0(5.6)  9.8(3.0) 0.174(0.043) 137.5(6.4) 14.5(3.7) 0.214(0.044) 138.7(7.2) 18.9(4.0)
GS 0.147(0.027) 128.5(4.5) 11.1(2.0) 0.167(0.036) 127.2(5.0) 12.8(2.8) 0.209(0.032) 122.1(4.7) 16.1(2.6)
IMBA 0.148(0.041) 137.8(6.6) 12.0(3.3) 0.218(0.052) 132.1(7.5) 18.5(4.6) 0.283(0.072) 127.4(12.7) 25.2(6.5)
HC 0.486(0.017)  105.0(5.6) 49.5(1.7) 0.571€0.013)  87.7(2.2) 58.4(2.1) 0.652(0.018)  74.6(4.7) 69.9(1.6)
MMHC 0. 389(0. 013) 98.2(1.5) 31.3(1.3) 0.435(0.023)  95.5(4.0) 36.7(2.1) 0.504(0.021)  88.9(4.1) 45.1(1.9)
TS 0.472(0.030) 108.6(6.9) 48.5(3.2) 0.561¢0.029)  91.1(7.5) 58.2(2.6) 0. 644(0.029)  76.9(6.5) 69.6(3.0)
DiG-SiIRGA  0.456(0.010)  87.6(1.6) 36.7(0.8) 0.461¢0.007)  86.8(1.1) 37.1(0.5) 0.518(0.006)  81.0(1.0) 43.5(0.5)
ESL-GA 0.423(0.012) 91.2(1.8) 33.4(0.9 0.433(0.005)  89.6(0.8) 34.2(0.4) 0.487(0.004)  84.2(0.6) 39.9(0.3)
EFBNSL 0.52000.019)  88.4(4.7) 47.9(1.6) 0.586(0.013)  80.8(2.6) 57.3(1.6) 0.674(0.014)  68.0(3.7) 70.2(1.0)

XA I AEAS R 1 2 2] 25 2R 00 A 2 B AT
DR (LKD) FEAE A BOR (2K S KO B H RE IR

/

AP 22 ST ROR. X TN M 45 ASTAL FERE A &
B L RE

TN 0927 S ORI IZ R 28 380
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TEAEA Ty 1K I BB % 58 58 70 b 3047 45 18 27 ).
X 4% 25 0 B 2 4% 1) ALARM Fil HEPARII %k
PAE UM BB 2E T AT BEE AR
219 20 A 2] B AT A eE ) A5 R
ST Kk EFBNSL 8.3k 193z AL BE 7 1 98 55 . 3%
e ZARMERIR S L aEAT 7525, an il 4 fr . )
Kl 4 #4750 Fr & B EFBNSL 8 5 7E 25 $dls 4 11y
BIF B WL SAE B A 3 R R ) I M 4
fE RS0 AR T 4512 S BB A SR 4 18 R %
) 45 v B P R AR, 1 EL A IR M4 R A
PR e 2 2 > 5 L RN TR N 25 AE 2 )
b AR O T LA 46 P 2% 1 A5 ) 1 X 2% AN
VBT 3T TSI X 4% PR Ik A s 1 D I B0 T 8% e, 5 4z i
B4 I ) 2 S S R S T I L. BRI
) £ S 3 Ao X AR o (] ) MICE A7 R A5 20 10, 5
FRUE 248 H IR A7 A — 2 iR 25 (23 i) »
) IR X 2% FIT RE 23 %8 Do 48 45 Ky 1 2 2] 7 A A0 THD 5%
XA TE RSB A B )2 S ORI IR R R A

(1): [wEFBNSL 8 PC 0GS 2 IMRA 8 HC 8 MMHC oTS]
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05
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03 i z
0.1 ?
0 H B HH Iﬂﬂ - i
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IS
Bl 4 5B AEAS VB 4 b A SR R H

Wk AR BT R B A SCHR 1 EFBNSL H9%
FEHEAT DU 307 0 4 25 4y 24 2] if s (D) b F 75 5
(14 DU 307 I 45, FEFE AR B A5 /0 B T DA ) 2% E 4T
A THT A AR L T A5 TR 06 R AT DL HE B I 2R
(DM T2 MR, R F B E BT
B — [ 2 S B SR 2 2 R B AR R R B R
BI040 2 TR A B 0 4% ] BB A R Y TR 5 (3) 3%
T4 2 2] AR EFBNSL 5532 76 A5 [R] K/ (19 44
o 4 b BRI AR G A 5 1 25 1 RE A6 R AR 45 4 2% )
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it 4 EFBNSL 559k #E17 43 H & 30 A 2% 2
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. R TR A S B Bl R AU 3G T 2 ) &
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AR AFAM I A0 A0 A B LR AU R b S ih
P 4% 5 A i i 49 2 T OB S 47 B 6L 45 21 54 DT -3 1)
25 ] BEATAE By AR A R AF A 2L 1 i BLAN B 5 () froR
(175 20 LI 5 2~ TR A A6 19 245 A D S 38 0
YU T DU R 245 45 K 27 2] RN T — A9 45 4 =7~
B GO T3 7 8 R 0 07 O FE AR R R |2 ol 3%
AP ) AT AT i ey UL I 34 190 2% 45 g =~ 1) A 21

6 #& i
A SCEE A B[ B AR MIC F8E 102 5 F A

B DU 100 2% 25 ¥y 27 o) b L B2 i T EFBNSL 59,
A R R MIC {E 0 00 46 I 45 254 i
i Tabu 1% 2855 35 1 BDe /3 o8 BAR 45 4 % 42
I >0 IS ST SR 2 AT DL S8 9 2% Sk o o)
fé TR R A RO Sl TR 7 R bR o 9 4% B R AT
SEH IR B B S5 A o SRR E AT X B B T
EFBNSL 53 (8 4540 2 2] 1 i A R0 R 5 . X
AN T 9 5 4 2 o B0 3 TR AT 46 AL 7800 RIS IR 45 4
5 2] TR IO S Ay DL 3 100 4 2 4 2 o) B R T —
A BRI 5
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Background

Bayesian Network (BN) is a classical tool of representation
for uncertain knowledge and reasoning in artificial intelligence,
and has widely used in data mining, medical diagnosis, pattern
recognition, industrial control and other fields. Bayesian network
learning mainly includes structural learning, parameter learning
and inference, in which structural learning is the key and
difficulty of Bayesian network research.

The goal of Bayesian Network Structure Learning (BNSL)
is to learn a network structure that has the highest fit to the
data set, but it has proven to be a NP-Hard problem. At
present, BNSL methods can be classified into three categories:
(1) constraint-based structural learning; (2) score-based
structural learning; (3) hybrid-based structural learning.
The core idea of these algorithms mainly includes the following
aspects. First, to improve the efficiency of the search
algorithm, and avoid the search algorithm fall into the local
optimum. Second, to enhance the score function, which is
used to measure the fitting degree of Bayesian network and
observation dataset. By improving the score function, the
algorithm is no longer restricted in one aspect (e. g. the K2
algorithm needs the order of the nodes as the prior knowledge).
The accuracy of the algorithm can be improved and the over-
fitting risk of the algorithm can be reduced. However, there is
always a certain deficiency in a single algorithm, and ensemble
learning which combines single models can reduce the
randomness of learning results and improves the effectiveness
and the generalization ability of the results. In this paper, we

use Maximal Information Coefficient ( MIC) to determine

QIN Biao, Ph.D., associate professor. His research

interests include bayesian network and data mining.

whether there is an edge between the random nodes. And
then construct the initial network. Then we use the initial
network to initialize the Tabu algorithm and combine the BDe
score function for BNSL. To ensure the effectiveness and the
generalization ability, we exploit ensemble learning to reduce
the number of invalid edges(e. g. multi-edge, less-edge, and
reverse-edge)in the network and employ the feedback strategy to
update the initial network. Using the ensemble learning and
the feedback strategy in an iterative way, our Ensemble-
Feedback Bayesian Network Structure Learning ( EFBNSL)
algorithm can output an optimal network structure. Finally.
we perform experiments using seven benchmarks with different
sizes. The result shows that our EFBNSL algorithm outper-
forms the other algorithms and has better generalization ability.
This research method can provide a reference for BNSL.

The main contributions of our work include: (1) we
propose a method to evaluate the edge score, and use the
ensemble learning to reduce the number of invalid edges that
may exist in the Bayesian network; (2) we propose a novel
structural learning algorithm, which employs the feedback
strategy to adjust the edge directions of the initial network,
and obtains the optimal network by an iterative optimization;
(3) we use the edge-adding strategy to determine the directed
edges and obtain the initial network. It is easier than the
previous method, which first obtains the undirected edges.
then eliminates the loops, and finally decides their directions.
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