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Data Driven Prediction for the Difficulty of Mathematical Items
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Abstract The construction of item banking system is an important guarantee for the reform and
development of educational examination, and meanwhile, is also an essential means to promote the
modernization of examination. In such a system, item difficulty is one of the most important
parameters, which has a direct influence on item designing, test paper organization, result report and
even the fairness guarantee. Unfortunately, due to the unique education background and test
characteristics in China, it is difficult to evaluate item difficulty through pre-test organization like
some foreign countries. Thus, traditional efforts usually refer to the manual evaluation by expertise
(e. g. . experienced teachers). However, this way tends to be laborious, time-consuming and
subjective in some way. Therefore, it is of great value to automatically judge the difficulty of items by
information technology. Along this line, in this paper, we aim to propose a data-driven solution to
predict the item difficulty in mathematics leveraged by the historical test logs and the corresponding
item materials. Specifically, we propose a C-MIDP model and a R-MIDP model, which are based on
CNN and RNN respectively, and further a hybrid H-MIDP model combined with both C-MIDP and R-
MIDP. In the models, we directly learn item sematic representation {rom its text and train its
difficulty with the statistic score rates among tests, where the whole modeling do not need any
expertise, such as knowledge labeling. Then, we adopt a context-dependent training strategy
considering the incomparability between different groups. Finally, with the trained models, we can
predict each item difficulty only with its text input. Extensive experiments on a real-world dataset

demonstrate that the proposed models perform very well.
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Table 1 Example of Item Associated Q-matrix
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Table 2 Example of Mathematical Item
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Attribute Value
Item ID(Q,)  00004b28-4a67-4a51
. E M a,b,c 530 ANABC Wi A,B,C X i,
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a’=bc, M /A H’Jﬂiﬁ{ﬁlf’ .
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e A iK1 RS
Table 3 Example of Answer Log
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Attribute Value
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Test Date 2017-1-17
Student 1D 4444000020013967
Item 1D a8da5256-fe26-451b
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Table 4 Related Symbols and Explanations
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Symbol Explanation
Q Set of all items
Qi Ttem ¢
R; Average score of item i
P; Predicted difficulty of item 7
T Set of all mathematical tests
T; Mathematical test ¢
Q, Item set in T;
Q,, Item j in T,
R; Set of average scores in T;
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2 AR Z R X, = (wiawy s awy) €
RO*Y,LSTM Zth 4t o, &3t B2 LSTM 1%
FRE H = (kR b)) = (y .y, y8) €
RN HA b= (Rl o hls s eee s R < IE [8) i ACHEAY
y. FI % LSTM H2E AR 3E .

i, =c(Wyw,+b; +Wyy,_ 1 +by), 4
fi=cWyw, +b;+Wyy, +by), (5)
g =cW,w,+b,+W.y,_,+b,), (6)
0o,=c(W,w,+b,+W,y_,+by), 7
c=f xe_ti, xg,. (8)
y,=o, % tanh(c,) , €D

Hrbi fovo 0 ATT GBI R d TT.w R
B Z0 e B sy BT Z] e —1 B LSTM Cell 1% i,
¢, HBFZ] ¢t B Cell BARZS .0 i sigmoid PREL. * Ky
GRIBHE. H' 45 p-max 621 5% 8 515 38 1Y
B2 H? = (h* b - R H s

h? =max(hj, i shj s shjN).

H™ P28 08— 2 4 2 e 2t i 12 e i 1)
TAE P, .

2.3.3 H-MIDP 7%

Tk — 4, R g4 C-MIDP 1 R-MIDP ix 2
AR LB 5t — FR A A H-MIDP, LAY [R]
I X6 2 R SCAS 1 J o ORI 4 8 R A L AT
ARG, H-MIDP 4545 i 2 (o) Jir . A5 84 Rip 2
oo AT 2 JR gy, Horh — o 5 C-MIDP A
[\, 0 ABFIEZ 2 2B FUZ A Max Pooling )2 5158

FNBRJRE HS 5 55— & 4r 5 R-MIDP A [6] , i A R#E
% LSTM il Max Pooling 2 G153 )2 E H™ %
H; 5 H* P8 HER 7 &5 2 R &
J2 A% B R FE ) B P,

2.4 &%

TR A I AR R I 2 R 2 DA
IR B8 1R AE 1) 2 4 S g AL DAk A 4 32
Y R br 2 B A [ 41 2K bR 4K (loss function)

L(T) = > (P, — R, (10)

Ho T A B2 UG P, AR, 4300 ik
R q R FIN HE R S PR AT 23 R

A 7 A TR U A 4 S LA B
PEAT s LIRS 2 R X 43 S () 2 7 B A s AR [
Gy i AR S BR b AR b T A BRI R
[ A0 2 B — @ AT v m. gl iR ik A 1
B A R — 13 i 247 %l A B il o 15
G300, 8, B KM b 75435k 0.7, AN HE TR R
AR & LI o SEME, Ry A RE S AR Y R A
KAERTRESR T B BeoE A TSP A Bl o 4% 53
N 0.9, B AR o 74533 0.6, PR A W7 1A
a MMET I o T4 B

H O AT R A O R A2 B o A R OK O 22
Pl S S T RE 0 T B X A R IR L AR SCIN R L Y
IR R BE AL TR I Y context 36 LR+ 38 it % i
TR A 53 % A4 LA Al . AL context BT
LhsE S Tl — A FEGR L T] — T 2 A ) — 3% 2% 1 6
BN A — 3 % i b, AR a 7345 R AR T
b BIRIINH a LE b ME. A% SOH 78 92 50348 43 Bk xd
I R A T 52 g U

HARH A SO 3 RS AL R ] context AH G 1Y
W2 T5 3R A 451 2K pRAKC
L(D)= >) ((P,—P,)— (R, —R,;»N* (A1)

(1,.Q,-Q)
o, T, /R~ context i FE ¢, P, fil P,; 43548 context
T, ik 8 Q. A Q; ¥y T M B L R, A1 R, 43 B 48
context T, HiX M Q, Ml Q; Wy SLBRMERE (15505,
it FH 33k A A A5E 7R 0 2 o 50 RT LV RS ) 2 A B
TRy 22 S M L AR BOCHE (9 2R 45 D1 445 ) A A4
FE % T I XA 1Y) L S B O i A 28 I sk v
B A AT T B ME R TR & X T R
2 A RO
2.5 MEETN
T YI S5 56 K8 o E 47 180 A T B o T
T () 3k A 2 AIE 1) & A U 245 B B 8 (C-
MIDP s R-MIDP % H-MIDP) , 15 2] 19 45 Bl %y 1 {H
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RISy 1AM 4 I AEL. A S B B 52 T 2R i
R TR VR 25 R I B 70 A L A& LG A7 2 2 T T 1)
A L (1 i AT LA S 3T TR A ) X
(FXETEE SR

3 REBEGIFSLW

3.1 HIEENA

Hdiok 7RI R B A BR S R SR AE Y N £
A-rfiag 20142017 A5 9 2% 1 1 AR 24 A0 3% L A G
Giit W3 5.

Table S Statistical Analysis of Data Set
x5 BEEMEXHZITSW

Attribute Value
Amount of Schools 1314
Amount of Tests 5185
Average Amount of ITtems per Test 18. 33
Amount of Different Items 53027
Amount of Logs 57457353
Amount of Students 1035526

X A S AR B A 1AL B B v T )RR K
JE CRI 4330 J A 200 T 5% D L 45 81 0 A an &1 3
s B3 R AR R R R AE K A A A Sk B
48 145 AL AARIE 1 B KT 600 A 21 B0l 4 1Y
0. 2% PR 1 52 560 v BRURRAE 1) & K N =600, 52 B

AT 600 AR FHFE . 2 T 600 A 38 2 48 B Hip
600 A~ 1) A g 3ol A AR AL

1073x Amount of Items

0 200 400 600 800 1000
Feature Length

Fig. 3 Distribution of item feature length

B3 U AT B o A

e A JH 2 — 13 1 48 A W] 37 2% 1 A0 25 T %
2 A TR A A ) AT 20 R R P AN 4 s )
PLF B, A [F] 2 B AE 45 Al b A9 45 0 R oA B 2
26 5 AH R 2 6] B 45 70 AR X 25 S A AR AT TR 4 o
A K G B s i 20 108 Qi W15 23 R0 0. 3.,
Bt (e For a4 g ikl Q, s 4 % k0. 22,
EAS B 177 5 LA G ) B oA Qo B MEBEAIR T Qo s ALK
ARCHYVBIRBE SR T B K. S2BR B A BRI Q.
185030 0.4, B K1l Q. 153 53 %k 0. 08,
MUABIABRE AL B K8 Q 137
i T Quo BT 0 5, DRI ) W7 AT Qo 14 X 2 1
T QA X IERUE T 2.4 15 py WAL

1.0

0.8

0.6

Average Score

0.4 -

0.2 F

0.0 |

School 4

1 1 1 1 1 1 1 1 1

1
10 11 12 13 14 15 16 17 18 19 20

Item Number

Fig. 4 Scoring rates of 6 schools in a final exam
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3.2 SRIFEMiEMR
3.2.1 IR FRAH K ZR %L (Pearson correlation coeffi-
cient, PCC)
PCC R H EH M B VFA 18 b . 7] LA i 4 —
37 1 v i B S I e -5 A 7R 00 XfE R 2 (] R DG
PR sz th PCC BARE X R

Z(P,,. —P) (R, —R)

Lpce = ——= . (12)
\/Z(P,]—Pi)z\/Z(INQij—Ri)Z
Horpym, RIS R Py oM%K
F R T XE L P, N %3 % i rp R R S 1
T M LR 1% 3% % 3K v i A S BR e LR,

R 123 3 PR ) ST 34 S B o

PCC B 78 X B [ — 1. 1], 8 K 1 4 XF {8 & ok
B R R PEAE EPE, H O PCC >0 E£oR IE M X,
PCC<C0 FoR .
3.2.2 —% M (degree of agreement, DOA)

DOA 7] LU it — 37 2% 3k o 280 B0 X 22 1) e 3 0
DU ARG /N o L R

> 6(Pu Py A o(Ri Ry

1<a.b<m
i

LD()A - , (13)

2 U(Eia aﬁlb )

1<ab<m

Ferbom, R W IR R P P, 4 R
HH %R AP o R b B MERE LR, TR,
SR 2 R I o R b S B M B
o(x, E XN

1, a>y.

o(x,y)= ] (14)
0, otherwise.

DOA B HE7E X [E] [0, 11, DOA i K 3 B i
g 3R X 22 T R % Y A /D O R e v 1
3.3 X E

R IR E A SR H B AL R K 5 4 B baseline
T 7 B AT X G

1) logistic [, & 45 (1 2k [a] )5 455 75, 455 78
i ARRAE S 128 1) 1) 28 R AE L >R A context JE G Y
VI E Ve

2) FHEAEHIL(SVM P SVM 75 £ 1 il 4
P ] U ] S50 v 4 B 38 L R ML 2 T v R AR
2. %F OB R R P AR 2tk v 307 4% i A h a8 11 1) 4%
FRAE , JF R H context TR MY ZRT7 .

3) BEHLERAR (random forest)™ . BEHLZRAK [H 15
R AR MR, 721 2 AT 4 © B

R 1 2R R ALy A () A SR R 1) i) AR R AE L HL
K H context Jo MY 2k 7 .

4) P M2 context Jo RN T 2. AL 3
TS 7Y 25 46 AN A8 H YN 25 T7 MCH context TE&, B
K2 CLO) VR A 4 2% ok 25, DA 3k A 1) 00 3000 xfe B 5 5
BRA% 43 28 1Y 2287 J7 PR R B AR pR &L 3 A A
MILL CNN-I, RNN-I, Hybrid-T #§ 4.

3.4 XHRERRSH
3.4.1  FERIXE LS5

AT % i C-MIDP, R-MIDP, H-MIDP i% 3
PR Y A S 36 45 21, DA K 7 AT 5 baseline #5258 52 56
45 BN . b . C-MIDP, R-MIDP, H-MIDP 3% 3
FRAEEAL T 1Y) context & XA [F] — 3 % 2l ¥ [, B =X
AD T, Fms e B R, 5250 53 5 O 5
HiRHCR B 40%6,30%,20 %, 10 %0 1 R K 4, A
T I53% 11 2 v 7 0 3K 4R R A A 3k 2 i A
ARG A3 B LG B A S FVER AL I .
HEE R, T A8 & — PR I, . nT BE 2
BAFERG T B L2 AR X IR AR U
X153 07 AR < A — 7 27 ¢ ] — R A H [R]— £ i 45 Jal
53R —57% 3 VR iR B4R 2 R Y context, 7E
I RE F I C-MIDP, R-MIDP, H-MIDP £ %1,
LA H) S A AE DK EE i PCC 5 DOA #5 #7
B A 1& 5 B

M S LG 25 5 Rl 4, C-MIDP, R-MIDP, H-

L
I

0.69 L = C-MIDP
| = R-MIDP
0.67 | = H-MIDP

0.65
0.63
0.61
0 40

5

PCC

Test Ratio/%
(a) PCC of MIDP model results

0.76
—= C-MIDP
| = R-MIDP
gk == H-MIDP
é 0.74 +
@)
0.73
0.72
50 40 30 20
Test Ratio/%
(b) DOA of MIDP model results
Fig. 5 Experiment results of three models
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MIDP B &R A R 47 i 2 3, I H vl LA 21, 78005
B R 40%.30%,20%,10% 1% % T » H-MIDP
(I 45 bR 24 5 T C-MIDP Fil R-MIDP.,

Pl 6 J2& A 3C 3 FAsE B 55 X)L A 7R S 55 25 L, A
K6 ] LLE 3 Tt A A

== ] ogistic == CNN-I == C-MIDP
== SVM == RNN-I == R-MIDP
== Random Forest == Hybrid-I == H-MIDP
0.7 ‘
L I \
0.6 |
S o5t
a9
0.4}
50 40 30 20 0

Test Ratio/%
(a) PCC of baseline and MIDP model results

== [ ogistic == CNN-I == C-MIDP
== SVM == RNN-I == R-MIDP
== Random Forest == Hybrid-I == H-MIDP

DOA

50 0 30 20 10
Test Ratio/%
(b) DOA of baseline and MIDP model results

Fig. 6 Results contrast experiments

6 X segegs R

1) 7EAf H] context J& 3¢ By Y Zk Jr X AT #2 T,
logistic [AI AR 22, B SR 26 2 [ U5 S BE 06 kAT 3
RIUME B 0 AT 55 5 SVML [l R0 4 logistic [A] 4 T
U s BEMLAR AR T E AE 3 IR 5 28 W 2% baseline 517
th P 4F s CNN-1, RNN-1, Hybrid-T 3% 3 #h # £5
Do) 24 A5 7R 114) ST 6 45 SR WY Sl O T T 3 A AR e 4 I 26 A
T B B 25 0 28 oF AT 55 1) A R ) B AR

2) H# 3 Fhpi 2 N 28 B AL Y context AH OGS
context Jo& 2 Pl Zx 7y Y L 45 1, v] LLE F
JR& {d B context JC &l 45 77 = (CNN-I, RNN-1,
Hybrid-D & £ 3815 R 45 09 SE 50 45 3 . 2 A context
N2 T7 25 BERVSUR A T i — 2 4R T, 3]
A 2R B S50 33X AT 55 >4 v s context AH G Y Il 2k
T WA

3) it W AR Ll 3] Y A RN 25 28008 1 4
T L3 Tl A5 Y ) AR B 4 T K A Y L A I )

10 200 3 Fhpi 28 0 25 A R () PCC ik %) 0. 66 DL I,
DOA A% 0. 74 DL I fESLBR#H A5 8 2 2
g B DL R - BEAE A B R 47 0 T AR
3.4.2  context Rl 43 J5 2 X I 45 5 1) 5 il

AR TIE AR A context Xl 4 %of T 328 0 Mk &
T 45 5 0 5 . 3% FL Y context R 43 M TR
(3 43 49 G AE — 35 Z BB v AT LUK — S BRI
ISR o — 3 7% 3, AT DUKE — Jr A 1 3 5 il
53R —5 % B R A A 2R T i sk 3 [ AR
h 37 . A B R B SR T 2 FPOR R B R 4 T
e D)W ] — 2 A [R] — R feff A TRl 46 4] 43 —
A~ context; 2) B¢ FHAH [R5 1 BT A 12 sk R 43—
A~ context. MR HEAT LG . BFFE context X] 435 A Xf
T M R T 45 2R 1) 5

K7 02 2 Fhkl o3 07 AR e 4R By PCC A
DOA f8 47 09 B 7 . a7 LB B 2 Fhsal 43 7 X9 52 56
SERA 22 HE 5 1 R R O S S e 4 SR T
w52 AR 2y 07 2L B context f R4 75 =6 T
SR . EA IR A b B K
FEL 240 £k 3] 2 A2 22 T 7T DA el [X 0 o O ) 2 4%
SR REUR Y 22 v L DA AR AR A i L A
SR R g S R I k5 0 PP R AR A
SRR IE M context )43 75 =

== C-MIDP == H-MIDP == R-MIDP_2
== R-MIDP == C-MIDP 2 == H-MIDP 2

0.70
0. 66

Q

&)

[+
0.62 }

" 7750 40 30 20 10
Test Ratio/%
(a) PCC results of models with 2 different contexts

== C-MIDP
== R-MIDP

== H-MIDP
== C-MIDP 2

== R-MIDP_2
== H-MIDP 2

DOA

50 40 30 20 10
Test Ratio/%
(b) DOA results of models with 2 different contexts

Fig. 7 Experiment results of two different context division
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3.5 RBISH

AT RO B4 L 40 20 i 1
% RiX 8, ] C-MIDP, R-MIDP, H-MIDP #
AT A E TR b 8 T 45 5 L AL AR Sy 3 A

TR AT . 8 2 A% B AR FTN 435 SR A 2R TR L v s
PRAS 0 IR JOHE 5 v P AT (P 02 £ 3 BB 9 2
I SR A3 AR O 2 45 21 LS v At B e 1R 5 PR

0.8

0.7

0.6

0.5

Score Rate

0.3

0-2 —&— Real Average Score
---e--- C-MIDP

0.1+ — #-— R-MIDP
——%—— H-MIDP

0o 1 2 3 4 5 6 7 8 9

10 11

12 13 14 15 16 17 18 19 20 21 22

Item Number

Fig. 8 Comparison between score rates predicted by 3 models and ground truth on a test paper

B8 il 3 AR ASEL U A5 3 5 FLS A LR

#* 6 =V br PCC.DOA,RMSE {H. Al LI E
#| H-MIDP f#y 3 #4545 09 {5 ¥4 T C-MIDP Hl R-
MIDP,{H C-MIDP f1 R-MIDP [ ¥ # {f th 75 7] $
ZVu . UL 8, ml LA F] 3 R A AE K 2 B0
B T BE A% 42 T S PR AR 4 R 1l 3 7 AR X
MEFE S R 4, b H-MIDP (% 3 ih 2% 5 2052
(B f5e M 2305 1t A B 8Y B 06 38 5 context A 3¢ 1 1]
5 Ty 2ok T 3 R s %ol

Table 6 Metrics Values of Models in Case Study
x6 EHIHWBZEETFNISRE

Model PCC DOA RMSE
C-MIDP 0.766 0.788 0.171
R-MIDP 0.627 0.723 0.179
H-MIDP 0.797 0.823 0.136

4 £ it

Shy i R VR e A T 50 X T I
VR Rl B v A 0 280 2 B R R R A R AR S
P T B0 SR B 1 B A 28 I 45 1 i R 00 A
HARH, B et 1A T8 B 4 N % () C-MIDP

TR R T 0 26 o 22 1) 2% 19 R-MIDP A 3~ 2] 35
WSO PP 9 2 A5 S s i — 20 455 2 MR BY 0
Fe AR RS H-MIDP 1, 3 R ) 1 17 4 X 3 i
SCAR EAT BRARE AN SCFRALE  RT OR B 4R 4 3k 1) Ry
T SRR 5 B s 985 O RO AN ) %5 3 rp 2 AR A
HA AL F P A )R £ A5 I 25 ik 25 8 2% R T %
(i £ R 30 2R context A 5¢ 1 I 2507 2 B Jm » Bt
Fie A A6 20 L AR A R SCA RV RT 0 R 1A
JEAE O N AR TE Se g6 RS B AR SO S0 4 dls
B BHEAT T ORI S SR AR R W T A SO
ORI BLAT R A TR BE.

AR SCARASE RS HAT E — A5 R R 1% 7 ) A 1] G A 2
LR B R RETE. 12 ARRMEFE AT LA T8 BT Y A 1Y
S5 R 3 R SCAS B B S R L I Attention [ 45
Memory [ 4% 2. J 0, 8% 5 ofiE i A0 AR E /9
context AR 73 T7 3 LAl 20 X6 1200wl B2 T4 45 2R
SR FATTI A 7 T X AN [ A2 2 8 3 B O kg
Y 1) 000 465 750

2 % X #

[1] Mao Jingfei. Exploration of difficulty prediction methods for
questions in college entrance examination [J]. Education

Science, 2008, 24(6): 22-26 (in Chinese)



1018

HENMR S R B 2019, 56(5)

(2]

(3]

[4]

[5]

(6]

(7]

[8]

(9]

[10]

[11]

(12]

CB3E K. o % i A v 3 e 8 o sk R R LT, #E R
2%, 2008, 24(6): 22-26)

Liu Qi, Chen Enhong, Zhu Tianyu, et al. Research on
educational data mining for online intelligent learning [J].
Pattern Recognition and Artificial Intelligence, 2018, 31(1):
77-90 (in Chinese)

G, BRIELL, KRR, 45, T LR 22 ST I 208 Bdis
R AARDI ] BEAPUS5 N TR A8, 2018, 31(D) . 77—
90)

Liu Qi, Chen Enhong, Huang Zhenya, et al. Cognitive
ability analysis of students for personalized learning [J].
Communications of the CCF, 2017, 13 (4): 28-35 (in
Chinese)

G, BRELL, ERW . 4. T A Ml 2 2T B 22 A A AT RR
15 BilI]. L 2@ IR, 2017, 13(4) : 28-35)

Fan Xitao. Item response theory and classical test theory:
An empirical comparison of their item/person statistics [J].
Educational and Psychological Measurement, 1998, 58(3):
357-381

De La Torre J. DINA model and parameter estimation: A
didactic [J]. Journal of Educational and Behavioral Statistics,
2009, 34(1): 115-130

Dong Shenghong, Qi Shuging, Dai Haiqi, et al. Research on
manual assignment methods for difficulty and distinction
parameters [ J]. Testing Research, 2005, 1(1);: 25-32 (in
Chinese)

(XM, WAE . BGR, & BHWE. XKOESHATL
WG J7 3% B E e [T ]. B iWT 5L, 2005, 1(1): 25-32)

Beck J, Stern M, Woolf B P. Using the student model to
control problem difficulty [C] //Proc of the 6th Int Conf on
User Modeling. Berlin: Springer, 1997 277-288

Kubinger K D, Gottschall C H. Item difficulty of multiple
choice tests dependant on different item response formats—-An
experiment in fundamental research on psychological
assessment [ J]. Psychology Science, 2007, 49(4); 361-374
Wu Runze, Liu Qi, Liu Yuping, et al. Cognitive modelling
for predicting examinee performance [C] //Proc of the 24th
Int Joint Conf on Artificial Intelligence. Menlo Park, CA.
AAAT, 2015: 1017-1024

Zhu Tianyu, Huang Zhenya, Chen Enhong, et al. Cognitive
diagnosis based personalized question recommendation []].
Chinese Journal of Computers, 2017, 40(1): 176-191 (in
Chinese)

CRRTF . SR, BRBLL, . JET A H1I2 WA Ak i
et dr [T, HSEHLAER . 2017, 40(1): 176-191)

DiBello L V. Roussos L A, Stout W.

3la review of

cognitively diagnostic assessment and a summary of
psychometric models [J]. Handbook of Statistics, 2007, 26
979-1030

Zhang Xiao, Sha Ruxue. Research advance in DINA model of

cognitive diagnosis [J]. China Examinations, 2013 (1);

32-37 (in Chinese)

[13]

[14]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

GIKS . Y anSs. A 012 W DINA AR BT 5 ok e [T, b [ %
i, 2013(1): 32-37)

Maris E. Estimating multiple classification latent class
models [ J]. Psychometrika, 1999, 64(2);: 187-212

Wu Ruize, Xu Guandong, Chen Enhong, et al. Knowledge
or gaming?: Cognitive modelling based on multiple-attempt
response [ C] [/Proc of the 26th Int Conf on World Wide Web
Companion. New York: ACM, 2017. 321-329

Liu Qi,
knowledge proficiency of students with educational priors [C]
/|Proc of the 26th ACM Conf on Information and Knowledge
Management. New York: ACM, 2017 989-998

Liu Qi, Chen Enhong,
difficulty prediction for reading problems in standard tests
[C] //Proc of the 31st AAAI Conf on Artificial Intelligence.
Menlo Park, CA. AAAI, 2017. 1352-1359

Chen Yuying, Huang Zhenya, et al. Tracking

Huang Zhenya, et al. Question

Wang Weigiang, Gao Wen, Duan Lijuan. Text mining on the
Internet [J]. Computer Science, 2000, 27 (4): 32-36 (in
Chinese)

CEAB#R, B30, B8, Internet FAYSCARSEIZIII]. i
BHLE, 2000, 27(4); 32-36)

Wei Shunping. Learning analysis technology: Mining
educational data’s value in the era of big data [J]. Modern
Educational Technology, 2013, 2(23): 5-11 (in Chinese)
CERIBF-. 2220 Sp A H AR - 248 K BCHs AR T 3808 B 19
1], BARZEH A, 2013, 2(23) . 5-11)

Yang Pei, Yang Zhihao, Luo Ling, et al. An attention-based
approach for chemical compound and drug named entity
0l
Development, 2018, 55(7): 1548-1556 (in Chinese)

(B ks, BaEse, B, 55 BT HEEHLH 01k 25 9 i 44 56
PRARSILIT. T HLIESE 5 & i, 2018, 55(7): 1548-1556)

Zhang Ying, Wang Chao, Guo Wenya, et al. Multi-source

recognition Journal of Computer Research and

emotion tagging for online news comments using bi-

directional hierarchical semantic representation model []].
Journal of Computer Research and Development, 2018, 55
(5): 933-944 (in Chinese)

GiRZ, oM, SFoCHE. 55, BT 0w 43 2R URBERLY £ U5 8
[l P81 2 N [T ). S ALPE 5 & . 2018, 55(5):
933-944)

Zuo Wanli, Sentence

Gao Yunlong, Wang Ying, et al.

classification model based on sparse and self-taught

Journal of Computer

179 - 187 (in

convolutional neural networks [J].
Research and Development, 2018, 55 (1):
Chinese)

(k. ZARM, £, & ETHEA T B2 M 4%
W o BT ]. R AL S &R, 2018, 55(1):
179-187)

Chen Ke, Liang Bin, Ke Wende, et al. Chinese micro-blog
sentiment analysis based on multi-channels convolutional
neural networks [J]. Journal of Computer Research and

Development, 2018, 55(5): 945-957 (in Chinese)



e R A L BIOHR BIK Sl 1 B3 1 1019
CBRFT, Fosak, FTSCHl, 5. JET 238 18 4 U 2 W 45 14 v S [34] Liu Qi, Chen Enhong, Xiong Hui, et al. Enhancing
T AT L] IPEPLIFSE 5 & R, 2018, 55(5): 945— collaborative filtering by wuser interest expansion via
957) personalized ranking [J]. IEEE Transactions on Systems.,
[23] Miner G, Elder IV J, Hill T. Practical Text Mining and Man, and Cybernetics: Part B, 2012, 42(1); 218-233
Statistical ~ Analysis for  Non-Structured = Text Data [35] Cox D R. The regression analysis of binary sequences [J].
Applications [M].  Amsterdam, Netherlands: Academic Journal of the Royal Statistical Society: Series B, 1958, 20
Press, 2012 (2): 215-242
[24] Mikolov T. Sutskever I. Chen Kai. et al. Distributed [36] Drucker H, Burges C ] C, Kaufman L, et al. Support vector
representations of words and phrases and their composi- regression machines [C] //Proc of the 26th Advances in
tionality [C P { the 26th Ad s in Neural
fonality [C] /[Proc o ¢ vanees n eura Neural Information Processing Systems. Cambridge, MA:
Information Processing Systems. Cambridge, MA. MIT
MIT Press, 1997 155-161
Press, 2013. 3111-3119
[37] Breiman L. Random forests [J]. Machine Learning, 2001,
[25] Le Q, Mikolov T. Distributed representations of sentences
45(1): 5-32
and documents [C] //Proc of the 31st Int Conf on Machine
Learning. New York: ACM, 2014. 1188-1196
[26] LeCun Y, Bottou L, Bengio Y, et al. Gradient-based Tong Wei. born in 1984. PhD candidate.
learning applied to document recognition [ J]. Proceedings of His main research interests include
the IEEE, 1998, 86(11). 2278-2324 statistics, data analysis in education
[27] Graves A, Liwicki M, Ferndandez S, et al. A novel database.
connectionist  system  for  unconstrained  handwriting
recognition [ J]. IEEE Transactions on Pattern Analysis and
: : 5Y. Q55— .
Machine Intelligence, 2009, 31(5): 855-868 Wang Fei, born in 1997 Master
[28] Cambria E, Gastaldo P, Bisio F, et al. An ELM-based model . . . .
candidate. His main research interests
for affective analogical reasoning [J]. Neurocomputing,
) include data mining and deep learning.
2015, 149: 443-455
[29] Bowman S R. Angeli G, Potts C, et al. A large annotated
corpus for learning natural language inference [EB/OL].
(2015-08-21) [ 2018-08-17 ]. https://arxiv. org/abs/1508.
05326 Liu Qi, born in 1986. PhD, associate
[30] Yin Wenpeng, Ebert S, Schiitze H. Attention-based professor. His main research interests
convolutional neural network for machine comprehension include data mining and knowledge
[EB/OL]. (2016-02-13) [ 2018-08-17]. https:/farxiv. org/ discovery in database, machine learning
abs/1602. 04341 .
method and application.
[31] Hochreiter S, Schmidhuber J. Long short-term memory []J].
Neural Computation, 1997, 9(8) . 1735-1780
[32] Gers F A, Schmidhuber J, Cummins F. Learning to forget: Chen Enhong. born in 1968. PhD.,
Continual prediction with LSTM [J]. Neural Computation, professor and PhD supervisor. His main
2000, 12(10); 2451-2471 research interests include data mining and
[33] Benesty J, Chen Jingdong, Huang Yiteng, et al. Noise machine learning, social network analysis,
Reduction in Speech Processing [M]. Berlin: Springer, and recommender systems.

2009: 37-40




