BT AR RER. S 33 K% 5 4,202 £ 10 A
Journal of Zhejiang University of Science and Technology

Vol. 33 No. 5, Oct. 2021

doi: 10.3969/j. issn. 1671-8798. 2021. 05. 003

BT 3 EF S E iR R A A A 4 T il 4 B

EFER.E EZREE.2 W
GHT VLR B 24 e B 22 Be , BU M 310023)

B E: AEERIZIE AR YRR R Z — o BER A AR RS TN o A 2 AR 1Y IR A B D e
(broad learning, BL) %32 S /N A2 5 2% 19 IACAE U~ > B o 8 6 MO D 50 B 2 ) S8 R T 2% A6 4 1l T 58
A BRI E REAS B FE o W B A8 b L 5 B0 el 30 SR I N AS AR T 1 X B R 2 o B AT R ARG B
H 5 R AN AEE B ) D 3R B (decision tree, DT) 52k Al 2 )2 BN ML 48 M) 2% (multi-layer perceptron neural net-
works, MLP) 53 i 85 JREAT X . 25 SR 3R W] 5 B 2% o S0 O A A 2 20 28 09 A 48 530 Be 8 afF — 4
i g A AR U 255 SR T A A R AE R LR Bk b R R B T 91, 600, X A M 4R T S 4 T A A
R, W4T R 2 s AR T ik & %

KR FEEARAZI 5 T8 2 > B AU A5 R & T

hESEE. TP312.8;G424.7 XHRARERS: A XEHS: 1671-8798(2021)05-0362-07

Weighted ensemble achievement prediction model

based on broad learning algorithm
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Abstract: Educational data mining technology is one of the hot topics in current research. In
response to low accuracy of student achievement prediction, a weighted ensemble learning
algorithm was proposed on the basis of broad learning (BL) algorithm. First, the broad
learning algorithm was used to predict students’ scores. Given the unstable performance and
sensitivity to data changesof a single classifier, the weighted ensemble method was adopted to
improve the broad learning algorithm. Then, the results were compared with those of weighted
ensemble decision tree (DT) algorithm and multi-layer perceptron neural networks (MLP)
algorithm. The results show that the weighted ensemble algorithm based on the broad learning

algorithm as an individual learner can further boost the prediction effect of the model, and the
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prediction accuracy is the highest among the several algorithms compared, reaching 91. 6%,
which effectively improves the accuracy of achievement prediction. The research results can
provide an effective method for students’ achievement prediction.

Keywords: educational data mining; broad learning algorithm; weighted ensemble learning;

achievement prediction
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Table 1  Attributes of academic achievement data set and its category characteristics

TR TE T3 VT A R
HEHID N
D BB B O L Y R TR L L 24 L %
1 G5 -2 44
HE O B B UL L Vb R TR L 3 L 24 L% AT
3 R R R D L B
ZHEKTO N TR R
EHO 1~12 44
HE T D A,B,C
pats ‘;’b/E\‘ ?:/E
21 ®) FOE 1230, SUB 2 23] RROUEE
2RO YOI PR R 1 BHEAR O AL A
22 7 R/ dD <7.>7

ACB 2 5 LR A 0] 4 @ 2
SCBE XA R T AR @ 4, 2

‘7@

) H LS HRHE

2 5iHEH KB 0~100
DR &8 8 & () 0~100 3 )
R 13 K AL
PR F RO 0~100
A B IR ® 0~100

1.2 HiETmLIE

B T A BT 5 0 AR A T R G e T AL R T DR RO A B R . B AL B A e
FI R A B B 2 R0 RO A e . BSR4 RN A R S I OO S M PR S B 5 4l IE
FERAE R . BRI T 500 ZR 404, L6 I Bk F 52 K00 R O KUHE O 08 B B S L B AR L T
480 o FAE A 24 J2 38 1A TR B IS T 8 22 b AR BR D B b 00 A RUOME S, BTG B ARE R AT R AR R R LR
R 5 S A 4 v BT A RT R 1 TR R AR AR D SR R A L SRS R R A R T T T o A R A v 1 T A
R BB R A 45 SR L A B T 1 T T RE A TSR ATk T L 4 A R PSR L 2 2 B ML
W 2 1 B i = 2] Sk SRS R IE AT U S A RPN 28 30 I 25 A5 B 3 S RUR B dr i Ay AR . o DLSEE
FABEINGRBN 3N ESRGREETERS 2 N 0000®QVIOBG.DOOOLOB®,
DOOOOOO@UB®W . HHk A8 4 23 i AR s 9 47 AR L5 (58 155 R & BT 1015 8L 3228 02 X S
HEATFRUEAL A B BAL . BR v Al A 3 A O 3% 2 A AR it L (A0 3G BB AE O LI TR] iR N IEZS 40 A . X R
B R B AT bR AL 38 6 20 S AR AE AT 4 B B AN o S A B0 00 A7 4 A B00KE 20 K OF R
ANEE R Ay AR HEAL R 102,03, B Ak 2 R AR A 2 A 0 A B R 2R AR LB O 3 AN SR IR
(L), 0~69; F (M), 70~89; B %% (H) ,90~100, &8 i $ 48 Wi 345 2] 7 A5 dE AL 10 B0 L 9K )5 F) ) Ak
B A B0 2R A7 2

2 BMNEZEERERIT

2.1 WMEE

A S 2 BEAR I A GBI B 0ok 2 A A U 5 o B B s A T T 30 e R T A A ) K e e A L A
P BCHE SR AT U G, I 98 B2 2% ) SRR RV I ) S S 4 N T 2 A I T AR A
2.1.1 RAEFIF*

B JE 2 2] R B P U R AR N TR 2 ) BRI B R O I AR Y R — P L T R IL 1 R RO B
B RE 2 20 SR T e i A B S B R AR Y U B e I R A T G Y a5 B S R A B S
I T R L R B 2 A R O SR B 2 S R R R R A R R . YRR BT S
BT A B TR AT 55 T SR I S T R 2 20 SRk i R 0 1y X 2 0 A 0 4% 2, S B bR



55 W S B A5 < 5 58 B 2 > BT O AL ARG S N A Y 365

HHNGR . BIERINGER A X8 A DINGREA . BN EARA B A JE 2 I 255 1 b5 228 51
S MR R B AR R AN
GRS X B SRR T SR R . I GRAE X A0 O ¢ AR AR WS A B AR ¢ UL Y A
Z.=¢;(XuW. +B.). (D
DA W, o i 2 REAE MO ASCEE 5 B R85 @ 2R I R SR B I
SRIG S AR R AR Y SR PR S B0 5 AR . BT AR R 2, a5 S A R SIS 25 5
A SR R
H,=&ZW, +B,). (2)
KW, NHE G A S N A R 5 B, D5 AL SRS R B 2 =2, .2, - . Z 3R | A
FEAE Y SRR I 5 4 s W B W B SO BERLRD GG FE . H2Y W R ORI W, R HLIESE
T SR ) B AT SRR N

Y= [Z] yZz [ yZ“ ‘S] (Z”‘llj,1 +ﬁ/,] ) [ 951' (Z”W/,m +ﬁ/,m )]Wm - (3)
3
[Zl 7Z2 s 7Z71 ‘Hl 9H2 [ 9Hm]Wm - [Z” ‘ H]”]Wm °

3D H W SRR A Y i R0 5019 i 30 i 2 A B R I B AT 2SR M BB e R i (2 [ H TR fh
WAfE S R B W =2 |[H TTY e L2 [ H ] AT LU O 50 [ U 30 AR5 2R 75

[Z'|H"]" =1AiI?(AI+[Z” |H" [ 2" |\H" ] '[Z2"|H"]", D)
HOF A BFHA L, EEQENL T A 56 R . DI W ZJa R4 A IR E vT i X (5) 1531
Y=[Z"|H"W", (5)

1 TR0 4R BT AT 0L BE 0 AN A i B T Y OB R DR R pR . FRATTHE i — 2 4 5
TR AR AE T R R R B 2 AR R M W A =2 | H R A AT 5 C6)
ECEGER

W —BD'Y
Wm+1 :|: }O (6)
B'Y
A6
D=(A") &ZW, +B s (7
Cc'.,.C=0;
BT= N N &
(1+D"D) 'B"(A") " ,C#0;
C=eZ'W, +B. )—A"D, (9)

13X C6) T RLFE Y o 58 B 2 > Bk AR 304y s i o (5038 5k 3 S5 1Y e iy DAt st mg SR R B i A
B s BT THRURT A 8 9 0 O 0 R aL o m S BRI A ) T A S Sk
SR AnIE 1 BN .

Bl 1 S AR R B

Fig. 1 Broad learning update structure diagram
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Fig.2 Comparison of model prediction accuracy
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