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Abstract The prediction and analysis of student performance aims to achieve personalized guidance to
students, improve students’ performance and teachers’ teaching effectiveness. Student performance is
affected by many factors such as family environment, learning conditions and personal performance.
The traditional performance prediction methods either treat all the factors equally, or treat all
students equally, which cannot achieve personalized analysis and guidance for students. Therefore, we
propose a two-way attention (TWA) based students’ performance prediction model, which can assign
different weights to different influence factors., and pay more attention to the important ones. Besides,
we also take the individual features of students into account. Firstly, we calculate the attention scores
of the attributes on the first-stage performance and the second-stage performance. Then we consider a
variety of feature fusion approaches. Finally, we made better predictions of student performance based
on the integrated features. We conduct extensive experiments on two public education datasets, and
visualize the prediction results. The result shows that the proposed model can predict student

performance accurately and have good interpretability.

Key words performance prediction; attention mechanism; attribute characteristics; feature fusion;

personalized analysis
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Table 1 The Description of student performance Dataset
3 1 student performance £ & & $ i&

1D Attributes Characteristics

1 School GP=0,MS=1

2 Sex F=0,M=1

3 Age [15,20]

30 Absences Number of school absences (from 0 to 93)
31 G First period grade (from 0 to 20)

32 G Second period grade (from 0 to 20)

33 Gy Final grade (from 0 to 20) (output target)
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Table 2 Category of Each Attribute
x2 BEMHESE

Attribute Types

The Specific Attributes

Basic Information
Family Factors
Student Performance

Learning Conditions

Sex, Age, Health

Famsize, Guardian, Pstatus, Famrel, Famsup, Mjob, Fjob, Medu, Fedu
Studytime, Freetime, Romantic, Failures, Higher, Dalc, Walc, Reason, Absences, Goout, Activities

School, Address, Internet, Schoolsup, Traveltime, Nursery, Paid

Table 3 Statistical Results on student performance Dataset

% 3 student performance #{IEEHIE LR ITHE R

Dataset Total Number Gs5=G; G3=G, G3=G; or G3=G»

portuguese 634 427 476 543

math 357 232 296 318
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Table 4 The Statistical Results of Final Grade Distribution
T4 HERBESHRITER

Dataset Group A Group B Group C Group D
portuguese 82 194 273 85
math 40 91 134 92
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SR J5 3% CTWA D [] 32 35 18] J AL (support vector
machine, SVM) .3 # 0] 77 (logistic regression,
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RS 3 25 FU I J7 ¥ 4 W #E student performance
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Table 5 Performance on Portuguese

x5 HAEFBHEELHTNER %
Classifier Accuracy Precision Recall F1-Measure
GaussionNB 53.54 51.20 59.22 54.92
LR 72.44 70.33 68.22 69.26
SVM 88.98 90.35 85.11 87.65
DecisionTree 90.55 88.73 90.62 89.67
Our TWA 96.06 95.51 95.20 95.36
Note: The best performance is in bold.
Table 6 Performance on Math
xo6 HFEHEELNTNER %
Classifier Accuracy  Precision Recall ~ F1-Measure
GaussionNB 61.97 47.51 58.91 52.60
LR 74.65 76.62 74.01 75.29
SVM 80.28 81.91 77.60 79.69
DecisionTree 92.96 93.23 92.90 93.06
Our TWA 95.77 95.27 96.49 95.88

Note: The best performance is in bold.

T 5 IR 6 MY S0 45 T LA Y, A b A
4 FpaE B8 (1) B & 1 77 % (GaussionNB, LR, SVM
#1 DecisionTree) , 4 X 3T two-way attention [
BAE 2 ANAFFEE B8 LS T 5 A Ry T
R A %G V8 S B B B LS R R
{1 F5U0 o4 5y 2% 1T 43 S 3Kk B 96.06 6 R 95.77 6 L A L
T iR U 4 1% G2 J5 ¥ Decision Tree 43 ] #2 7+ T
5.51%f12.81%. AN, TE A HEFR (Precision) (A 42K
(Recall) VA N F1-Measure 3X 3 A48 45 D IH B
R HEr Y=

XiF L S H Y 4 B R GE R 2 ST O Tk T o
R A e A3 AT R AT R R < A% e VR R BE R
FiAE 1 s B bR 4 IBOHE 2 0 RRAE AR B, T2 A5 R
PEARRIE L HEAE R 43 R AF i AR BY 3E 47 2% 2 U1 25
S-S5 G T A4S TR P R AE X U R R A Y R e R R
A SCH A B I LG AT LAAT X550 1% 57 4% )8
PERFIE Y 8 2 B e =2 A 5 8 5 1 A LA [
2 55 T IR 4 5 i B B D sl i 4 A 5 O B
PR AERRY Hh i g B U T B RIS T 2
Weu i £ 501 AT A5 8 B AD  A 00R A0 % 1 AL
Tl B AN J2 s DT RO T T #5221 800 68 ), A 1
BEGF B TN SR, S5 45 A UE B T AR S P 4 O
A B
3.4.2 WU R ITHLH B9 Rl AF 5T

g T k2 IR AR S 4R O v B A R TR
%) oF th UGV RIE B b HEAT T OB T R DT AL ) T
WFSE BT A S5 5 B FE fil & 5 4 maxpooling F #
7. 908 45 R N3 7 Pros . Horp No_attention $8 #Y 52
BRI 5E 4 R ] attention ML T ~F- 45 XF £ Br A J&
PEFEAE, BPEL 1 o 248 Two-Way Attention Layer
BBk B Input Embedding Layer Z J& B J& 14 45 fiF
KAV S ST B gy Mg, SR A5 2 F A 226
2 I ERIE £.G1_attention 5 G2_attention 43 %
TR 2 BB attention MY ZE IR, BIIE 1 H 48 One-
Way Attention T A5 [& 55 — B 032w 0] LIAS H

1) #H#F G1_attention A1 G2_attention iX Ff
R BB T T S BILTR DL B TW A 33X R A R 1 2 7 BL
ffill s No_attention BY45 A T KR FE B F B, 2o
iR ARE TWA TR 6.3 %0, 5 1 W1 TE 38 L A
R, 27 2] AN [R) Ja P 9 A G S R B TP A X
Fr A Ja PR AR 00 52 0, RE B 4 b B T S R )
fig 7.

2) it b3 G1_attention 5 G2_attention, HJ
DLk B & 00N RE 7 5, 3 Ul BH G A Dy s e S
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E5A R MG AH G o PR I %o B R R 4 T O L A S
IR WE R 3 R g A — 2

3) AHES T BRI R I HLAR L AR SCRT 4 % XL T
R IHLHNLE & T 38 b5 b # A B 5 52 T v
WS, TWA 3 G1_attention #£F} 3.93% , #H
% G2_attention #2 7+ 1.57% , X Ut B W HF — 8
AR 05 LA S S R AT UM il I RE HE— 0 R THAR
T F%) T 4 B

Table 7 Ablation Study on Two-Way Attention Mechanism

F7 WEEBANHBEBHRE %
Methods Accuracy Precision Recall  F1-Measure
No_attention 89.76 87.51 87.86 87.69
G1_attention 92.13 91.84 90.24 91.03
G2_attention 94.49 93.56 93.10 93.33
Our TWA 96.06 95.51 95.20 95.36

Note: The best performance is in bold.

3.4.3  BUBRRAE Rl S 50

AR SCAE ) 4 8 TR RO A R AT TR B A e S
B, LS [R] B AiE Bl & 7 2 Cavgpooling , concatena-
tion Al maxpooling) X 1% %Y 52 56 2% L [y 52 ., 52 56
gE R 8 s Al LLE L % B maxpooling J5 2
HEAT R AR Rl A I %) 280 2R, B G, T o % AT A )
96.06 %.%% #8 concatenation J5 I HEATHFIE Al & AU 5K
Rz, B WM AR F N 95.28 %, 0% maxpooling
AT T 0.78%. 4% IR avgpooling 77 2 17
AR Fill G 04 75000 9 5 %8 R 93.70 %0 B maxpooling
g T R T 2.36 2.

Table 8 Results of Different Feature Fusion Ways on

Portuguese
*8 HEFBEPARABKTEREAXTHRNER %
Methods Accuracy Precision  Recall — F1-Measure
avgpooling 93.70 93.37 94.05 93.71
concatenation 95.28 93.54 95.67 94.60
maxpooling 96.06 95.51 95.20 95.36

Note: The best performance is in bold.

F TR AR Fl S XA A [ A5 0 45 SR A e
S oM BE R B] BE N - 4% B8 maxpooling 5 20 #E AT
FEOE RGO 25 T8 PR RR AT v (%) O i R AR A Bl R
B 545 M R AE T SR AE 0 45 S N I RN 4
LI 50 A U 4% B/ concatenation 5 R AT Rl G
J5 BRI TR 5 1R R RS Y BT A A L I Ak
R Z i I avgpooling J5 20 #F 47 45 1iF gt 5 Bk Xf

25 JE PR AR I 6 N 1) T R AR 4 BT 35, 1T B R 3
S SC B JE MR RRAE 1 S R R R (R A% 7 X
TR T 255 R X e 2 e A B AR 1) R T
R 23 X 52 565 25 TR i il — 265 )
3.5 AR SHh

S T A2 R e AN [ S 2 ) A A i B AR R
2SI AR A A TR R FRATTREAS [R] B 28 5
W A5 B PERRAE AT T R S 4 SR AT AR, T B0
i 8 7R R RS AR AE O S T 4 SR % B i 3 o
AN [ J 5 288 00 1 2% A BEAT 43 BT R S Bl o A AR 22 5
A1 T AR SO 2 A 2 2 28 1 3 oK 4 e RO [R)
Sy IR AT 45 8 VR R A Y T B 1 40 A AT Ak 4 AT
Ph avgpooling J5 =UHEAT R AE fill & o0 441, 7T 404k 285 1
mE 2 fros i A bR R B AR E R S H 53R 1
BHE SR A 0 G 5 DR — 3 DA bR R R 45 B
REAE X L A T A L PR e 2k e R T R AR
0.1, B T HEARRAE A H 3 2 AR I 45 TR 1 RRAE 1Y
WA A1 O, AR SOH 1 B AR KT 0.1 (W&
O AIE Ly 25 A 3 R B ) S e i TR 2K

SPATEL 2 R R TR S 2R 5 o A By SRR
MF . JBPERE 24 (FE X FRD) M 8 (R Z HH 2
JEE) 2 5 At 1T B 4 1 G B PR ER , H v AR RE G AR 1Y Y
Wi 5 o0 S, HERT O HE B 2 50 %6, R LA
FR 5% B2 K 2R 2 B S5 G 5 g o e HG o, J kR
26 (R &AM W EO DL K 29 CH B /Y f BER )
XiF 122 ) B 2 1 R B — S R ).

XFFWIR MBI H N B W2 A0 5 R st
Z MR Z R 2 b, B RRE 14—
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XEFWIARRBEHN AN C W40 5 8t FR IR
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R R, B YRR E S(ALEZHH T L9 (B 3E
TAE) T GEFER R 12 A 13 (B2
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Fig. 2 The attribute probability distribution on each grade group
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Table 9 Category of the Key Attributes
K9 EEEMHESE

The Specific Attributes

Attribute Types
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Fig. 3 The influence of each attribute on different

grades
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