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TSR AT B T HESL . FEIZAE R T, B e
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R 1Y) £ BE 2 0 2 TG S R AR OGPk, e st T —
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FRIEEE A —R, DS AR IR T o Bl .
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TSEE A, SEER A R UE T AR SCHR R A R R
MEZR R AT AT o

1 MOOC iBiEZ MR

AR, MOOC ~F- 15 o 4t 5 4% b i %50E 1
FHRAE T A Z 0 f 9k #E 2R Y, — 2 MOOC
£, 4N Coursera, udacity, edx., XuetangX % EL 28 1%,
HFH RS RS B R E RN LR R
 MOOC MR T &5 8] s 40 ik B, (H{E 15 1 &
A 2 35 e IR TR B B MOOC 2 B iy e
ZE— PR, A TSR WL, B 909 1 T P AR
AEENF H/E MOOC F- & 158 sl AR, Rk, i
2% 2] 22 T30 Fe R 0 T R st AR Al i E e,
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D5k Y S ZE Pk . AN, SCHR [18-19] X421
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IR AT R

TERFSE MOOC - 6 1 2% 2 25 2] 41 R R Y
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W9 — A~ F B 2 2] B AT R I B[] 51 48 R
3 b e it A AR T DA — A N W AR AR Y A
A E A PIREFOR, R A7 RS FROR, wiie
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MOOC 2 > Jit S 1) — b 5 B2 45040 St U5 222, o R
[F] Py 25 A 38 8 A A [] 1 2 20 5 23X R X T (R
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25 28 1 7 VR R R a5 TR A T AR

T 38 A S T R T S, — SRS
N B3 LA 2 I i 2 2 F AR SR B 5 2 2] K oF
SIS, B 2 ) 2 AR TRAT R . B, Wang
ZEE O L — Fif 3 386 U5 1 28 9 4% (recurrent neural
network, RNN) [ % FE A A H R B F0 . 2Bl
Tang %5 P71 Hy — Fl 56 T RNN H A7 46 19812 300
(7. Xiong %Y MIME—AFF & THTRE W
(long short-term memory, LSTM ) % 4% (1) Ty 1= 3 T il
S ARZS . [FIHRE, Fei #1 Yeung®™ #2H1—/> LSTM #
TG R A 28 ) 24 R0 A7 2B SR T 3 T 2
> 5 AT R P A 0 Ay A N AR PR AT Ry
Wos i TE IR I, B il i S E A T R
o AER, ST 30 F 50 N AS [RGB 2 6] /9 7R
B R WAEAR ST/ 5T . an, 5 HABIE S AR e,
A" 5 WE IR WA S R, A7 2
FAa i, BT S T N AR T B 2 ] A B R R, AR
3 o ik I PR I Bl 2 ) A ARORSE R N i A B T R
e SRR 2 AT 55 Y R

FERIESE A5 T U7 P0G Bl 06 R )5 THT, Wang %57 2
T —Fhgh & T BB 4 W 2% (convolutional neural
networks, CNN) #1 RNN 75 ¥ 1) ConRec % 4%, M JF
I MOOC %4 h B Zh 2 BURFAE o 25U, 5 T A1)
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F2E 2341 R Z B R G, Wen %520 45031 T — A5k
T IH] 7 51 9 R S B4 Sl ONIN B B A AL
I 18] 45 8 5 2 2] 3 BOAT R AR S, &, AT ]
B figp AT R A B R AR OGP IR BR T WE TSI
B Z (A YA SR LLAE, i w5 24 AN [R) P RS ]
PR T BE R A A [R] B3 sl X, X R 1 S AR G
Pt 3 55l I P R R R Y £ BE EAT B9 . PR
b, —BEBETEN BUER Y, DI A ERAR AN [F] 1 £ S5
FWIFFE T AR SCTE R 52 1 MOOC IR A 1R PR
TR, DR A AR T SRR TR 55 0 s A R TR A A
KA, FE AT I FE v, A [R] b 2K i) ER A X
SR 2D AT AT A A [ 52 . Feng 45
FERPIXANRREHEAT TS, S il T —Fh LR SO

T

AEAZ H. M 2% (context-aware feature interaction network,
CFIN) > i I 86~ M 32, JF 72 56 K iy ¥ dls 4 H IS
T RIS

2 RIRFUNAEZE

5] 7 E X

LueUMceCHA P ARAER, Hrhufmcsil
ARG IR RS, W Fuse > 5 DL
cURFR2 2] H AR B BUH 7 1922 2117128 X(u, o), Hirh
BTG xi(u, )RR E TN, vt xi(u, OB I3 —
RGE T, HAH R AT R 2R R s = {wihi, (e “m
A ), Hdw RIRAT R xi(u, o) B TR A

2.1
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B, Is A IZ A PRI BE o 22 AT Y R SUE R
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THEEE. BMREEES), REFETER
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PO -
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Fig. 1 User and coursed information perception enhancement based dropout predication framework
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AL ST AT R B G Bt R ], AR IRT 2 B o
E G FRN s = fwyhe SO — AR GETHE R vilt) 2% 2T 47
o, A8 GloVe TRl ik ACKE s, 9 454> 1) il S5 2] o)
23 [ R G HE B TIH— 1k . (] LSTM 1 2 fih
i, DB 3 i A R 3R BRUET S X A L. LSTM
TES ZI BV H AT 230 8RR ] 2 a1 ) 22030 B
wr:

2= (Wilgw,):hi i1 +b) (1)
2 = (Wil gwi)i i1+ br) (2)
Z,O =o(WolgWi); 1]+ bo) (3)

A A Wi, W, WoRllb, . br. booh LSTM A 24 3] i
2805 g(w,) B 17 w, X NV BY GloVe i/ ik A ; b oK
= 1 20 B BEOIR 2S5 [as BIK 7K i aFl 1Y PF F2 45 2R
o i sigmoid BLTE BREL . EERITIRESE R

¢, = tanh (Wc[g(wi); b, 1]+ be) (4)
v We. bl IRz R TR S L 2
F1%) B S R PR R i 5 R A C R GRS

i AT AN s ST TR TR A, Hoh ok
NG S R ST e
€, =208¢+72 0c., (5)
1 ZI A BEOIR 2 A
h, = z° Otanh(c,) (6)

H I I 20 8 BEObR 2R A Sy 27 23 A7 B4 3 SO
ik, K HA LA — AL 5 B G HEAT B i & ) 2 2T 17
NFFIERIR f2 R

S =vioh (7)
211N
FHE
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Load Video Count
W
Sl
T AR
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Fig. 2 Semantic oriented based click activity

feature encoding

222 % RS R

TEIRIRFMAT 55 b, A — L2 47 R A B
A, an s i ” R R AR AT B S IR G
Fo XM LIS BIHEZR IR AHL T M FH

TR N T HEHESE H 28 %) 2% 2 47 0 2 [0 A B AE
(AL RE ), A SCER R T 2 A B AR AR 5 2 (mullti-
perspective feature enhancement, MFE) , i%Z )2 M £ 14~
FARESREL T 27 A7 Ry Z A A A G

A F* e R4 IR 27 AT HFRIE SR &, fr3RoR
Forb S5 a2 AT g o X6 I 1) 43 i, Hebl, fd g3 ) 2R
AT N R A AT AR SR K B,
TN Z A B S AT R Z ) A D, AR SCR A
T 23R4S B EE PR, Ak B R E
TR F AR O, Ha R AR
H, = softmax (Fa‘(/l;l;:)T> F (8)
s d o HAFAEXT N A 48 B . BE 8 T A 1) H AR
TESEAT PFEAS B 22 40 BEAT W AH G HERFE AL -
H=[H H, - H, (9)
K WATEEIZR8 A XCFHLEERE G
[] 1) Sk AR, 43 000 P 23 05— A RN B 22 i 4 ok f
FERHIE LB FNERFE . TR T BA 2 M A C
PEIG SR (127 2T AT R REAE o
F* = LayerNorm (F?) (10)
223 AT rldEsusl a9 BT AR X 4 AR AL

RS 22 2047 R 0 EE B AR P AR AR Y
ANTET AR A, R, 4200 FH A 2 20 47 R B REAE
SIAETEAR Z2 W 75 AT S B e e e 25 . o Tl
GEE T A BYAROC BT SUE BORILAAT A RHE, A
SCHRE S T T T ALE A R SOM DGR AR $2 UL
1k JZ (gated context-related feature refine, GCR), %)=
A3 9T H P B IE AR R (S B IE 1S B A
AHOGTE = HLHI AT MR AE, SRS T T L&
FFaxX 2 MRHIE

& F e RWCHIFe e R3] 378 I SR i
i 215 20 /9 H P A5 B R AE AR RS BRRE, Horp
LA A3 50 P R DR AR AL A FRRIE A S 28 i, AR S
FIFH A 42 20 Fofl Fedy 5 3 G RS RRIE 5K 6

J" = Wy, Flatten(F") + by, (11)

f¢ = Wy, Flatten(F¢) + b, (12)
s We, M, 5300 2 T 55 1P S BURRIE B9 2
PR 22 08 WS R I R 5 We FIDe 53 53 FH T 386
DRELE ERRE (9 22 1 J2 1 B 555 0 2 5 Flatten 7R
i Z YRR BT B —4EFRRE, AT RE S5 K Ho g A 4>
AR E T BRI T P B U AT
RFE, IR A 0 PR AE f S R B SR I 2
AT HRRAE AT PR, TS P AT
jjf%ﬁ}a/i:
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1 = WauaRELU (Wi, [74/7]) (13)

a = exp (d'z) ( 14 )

i L
Zexp (a))
=1

A Wa s Wan 20500 0 I TR0 P AT M EE T
FHOPBUSE 1) 50 2 JREREZ AW 1

P AT B ad KB T 2 145 0 xi(u, ¢)
X B B R, 2 — P R A0 %)
$ 58 B0 25 I AT AR BEAT INBCGRORT, AT A 31 5 T
F PR ML AT RS AE £

I,

fi=>af (15)

i=1

AL LR A TR 8 X5 20 5 IR R T AL
H B AT A ERAE fo, AEAR SCH T foR f2xX 2 A4
ik, F P AE S AR B A [ 55 431 1) 2 2
PEATR], DA i — 20 ok F T4 AL 1 ok & T 3 26 R
HE . F A B P ARE FRR R fT BT
A5 0 00 SR, B H ] A B T P L
il AT R R A TR AR T = AL B AT R RRAE
T PR FR VR B ML AT MR AIE
g=0 (Ws [f:f]) (16)
A Wo v TR T TFLAS 43 i 21 J2 W R B

RYETTEE SRS oM 585 BT SoE B
AH AT R RFAIE :
fr=gofi+(-gof: (17)

B a0 P RRAE fe, SRR ERAE foRD B SOl
SBAHKE I 2 AT R AE FubAT PR AR N o FERAE,
B NS 1 J2 F sigmoid 4T PRECAR 15 AL A 1R 27
HER:
Swey = o (We [f5F f] +bp) (18)
A Wb 23 310 FH T 3R 2 A 30 1 4 1 2 ke
SR o A

TEYIN LRI B, AR SO A8 SR 30 2% pR IOk 27 2]
P 2L S50
L0ss = =Y In (Jua) = (1= Yao) 0 (1=Jue)  (19)

3 SCIGUGIIF

31 BE\E

TR UE T R A AE AL, AR AR SO AR, X
XuetangX 4 4 19 20 AR FR UEAT T 5256
XuetangX BUHE4E & A T 2019 4F, 415 i 1 220 000
AN, 3 HLH KDDCUP 2015 K1542, KDDCUP 2015
ok A XuetangX Zdi4E, H A F L 120 000 4~ 1%

Bl H ko AR SCIE G AL 3 IR B A B S R
142 149 SIS, 15 794 A FF & SR 67 699 4
DR S, 55 SR [8] SR 1 AR R By T &, Ty 5230 AN
T 3 530> 35 d A 10 do

32 LWKE

AR SCHRETT & ERESR (PR RE L 2 8.
BEHE 5 SClk [8] AH LAY L&, {4 50 4E1% GloVe ik
A AN E 50 A BB TR LSTM JZ . it
b AT L2 4k HEEJZ, i Adam fh Ak ER
XPHEZR AT T O0AL, JFH 27 20 R 8 1074, AL
1073 L2 1E WAk 3 T DLk o ik BE 005 o AR
K/ANEEE N 32, W T 50 4 epoch, fdi I 1EIT & 4
R E AR E R S HOR AT IFAS
3.3 MEEFEE

N T BAE TSR AE SR, AR SCH S AL T B kAT
Hh# .

1) # %5 0] 9 (logistics regression, LR): LR & —
T Z T R APERNR A ik . iR i T
Xof AN [ A2 5t 22 18] 1 [ 0 28 50000 40 B SR A T SE A =R
TFREB & RA . LR BAE A AR 5 H T
Z MOOC B IR FIAE 55 .

2) 37 ¥ m & Hl (support vector machine, SVM) :
SVM | Z FIF 20 24T55, IF H A A M s ii™
RO PR R RRTE SR T3 MOOC SRR .

3) BfiHL A% AR (random forest, RF): RF & & Ttk
A7, RN ik B b 5] ABEAILYE R £ 5 432
PEHPERE, L —Fh MOOC B i FUm B v 2
FHEYEEA T 1

4) 1 B P2 F+ P 56 B ( gradient boosting decision
tree, GBDT): $&F- GBDT fYR IR 15 A5 A J2 fiff JH e
TR R AR T AR 2, TREE KT 1, I BAE AT 55
Wl R T AL A R

5) 4 A 24 M 4 (deep neural network, DNN):
14> 3 JZ DNN, HIF A58 TR o~ BoAR ) TR R
TIAT: 55 B9 AT A7

6) CFIN: |~ S0 D) Re <2 B M 4™, J2& B i
T[] 35 K B9 XuetangX B4 45 1) 85 TR A
3.4 TEfHIEFR

AR SO RS BB (ACC) Y| $232 H VB RRAIE 1 26
(ROC) , M1k T i i BLAUC) 7 Sk Ak T 412 A 42
MIPERE . X T A 2SR R, AR S0 A3 2 RN S PR AR
Zeml I REA S 732 4 25, BRECIE B (TP) | R IE ]
(FP) . FLIZM (TN) A S 49 (EN). - 53 2R 25 5 AT LA
FYRVEHEFE” RoR, I3k 1 s,

3 S HE B e B S RE A 1Y) i 4 R — Ry SR
(B, X T30 0 B {E, B SR E A A 8, KT
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=1 PRERBEERE
Table 1 Confusion table confusion matrix for

classification results

#F2 ACC #1AUC Bf1ERE
Table 2 Overall performace in terms of ACC and AUC

Jrik ACC/% AUC/%
S LR 82.23
Fbrbrzs — - SVM 82.86
IEBE R 2k
RF 83.11
EGIEEE TP FN DNN 85.64
A FP N GBDT 85.18
CFIN 84.78 86.40
Iﬁ]{ﬁé@iﬁﬁﬁézﬁ, }iZﬁﬁTiZIKQ @ﬂﬁﬁ?%lﬁlﬂ’ﬂ AT 85.09 86.07

B, PTLAAS BIAS [ 40 28 25 3 . R A A e HR T )
A5 30 1 SBUE 3 B HEA T HET B B RE A X R
14 S BTV hy BRI, 0 mT A AS B R A% 2500 AH 24 1)
GrRER . BB BE T 0 a5 R, G R
T HEAAS B 25 SR A HE P B, DT BE % B 4 b
S MRERR Tz ARE T o MR PR SEBRFRZE, AT LATHER
i FH 2. (FPR) A2 B PH S (TPR) A9 {f:
FP

TP
TPR = TPIEN (21)
H4E FPR F1 TPR, ACC W] 2 LKy
TP + TN
ACC_TP+TN+FP+FN (22)

ROC 7] LA B FPR FIl TPR 2K 15, 5 &4
I3 B %F 07 ) (FPR, TPR) s 2% il £ Ak A5 B o, 45 %]
ROC [f1 £k, ROC i1 Ze i1 A 45 S 1R 1E ] 2%, AR A
R ECIEBIE . FIH ROC il 2%t 43 R HE SRR w47
FLAR I, 25 S HESR (K ROC #h 4R35 & 28 X, M
LR YR, F A2 ROC 26 A 78 48 T H At AE 42 1)
ROC [th4k, L, FhMZE R ROC M XN Y 4 S HE
WUR Bl . A FEZR ) ROC Bk & A4 T2 X, TR
LG H R He i ROC £k 1 AL O K07, R,
iZ 1 FLED AUC 8 SR 98 Sk 38 FH 1) 43 JSHE 2201 45 )
Wit o FESLBRI it B — R U A RS, R
il 743 2 15 ROC ikt A FRA~ (FPR, TPR) iU 3% 4511
B, MABAREEA A (X1, 1), (X2, 32), -+ 5 (s Y}, U AUC
A DL PR B 2 B AL R SR AR X0 7 1 5K

m—1

1
AUC = 2 Z:l:(xiﬂ = x)(yi + Yir1) (23)

35 ZBRESH

F 25 T4 K ACC Fl AUC 1) AR RE,
AUC T 5, A8 SCHE A AE 22 0] DL i K 2 B0 4%
2 2] 05 1, AHEE AR Je ki 5 1 CFIN BfIk—2E i
TE ACC J5 I, A SCH A HESR AT DU CFIN, 3R 2
FW, A SCHE R AE SR S R BB 4R rh i B 2 07 Tk
I BA ST

N T 25 M Y SAE . MFE il GCR 4014

YRR, A S T8 3o LA O ik AT I Al . D8
FHBEHLA) G A B8 A 16 2 T AN S T8 SRR 44 5 )2
(AL SAE); @M Bk 2 0L ff1 e Ak 18 58 2 (O %
MFE ) ; (3 FI - 241t A0 J22 45 46 18 5 14 2 >0 47 O A
(A LFE GCR) BT M BT SCH SRR AL JZ o
AR SCTE T B B W ) [ K AR AR B0 MFE Y1 0
T, XUE T AR AR AT O 2 A A R AR
P FEBCA SAE MELL T, B i BUHERLRAIE TR X
B HRA BRI R AR R HE ST 4y o sk 3
7, T3 SOM SR 20 A6 J2= 7T LAY B A 2 it
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Behavior based MOOC user dropout predication framework
CHEN Hui" ", BAIJun', YIN Chuantao’, RONG Wenge', XIONG Zhang'

(1. School of Computer Science and Engineering, Beihang University, Beijing 100191, China;
2. School of Sino-French Engineering, Beihang University, Beijing 100191, China)

Abstract: Though the massive open online courses (MOOC) have greatly changed the way of learning, properly
understanding the user’s behavior and then predication of dropout is one of the most challenging tasks. MOOC have
significantly altered the way that people learn, yet one of the most difficult challenges is correctly interpreting user
behavior and then predicting dropout. In this research, to improve the dropout prediction performance, we firstly
analyzed users and courses from the perspective of activities by using the long short term memory mechanism. In this
study, we used the long short term memory mechanism to analyze users and courses from the perspective of activities
in order to improve the dropout prediction performance. Afterwards we further proposed a multi-attention based
multi-perspective feature enhancement method to investigate the correlated activities among users and courses.
Finally, we provided a gated mechanism-based feature integration framework for dropout prediction. The experiment
study on the public dataset has shown our framework ’s promising potential, thereby making it possible to better
investigate the reason beneath these phenomena and improve the overall study experience. The experiment study on
the open dataset has demonstrated the promising potential of our framework, allowing us to more thoroughly explore
the causes of these events and enhance the learning environment as a whole.
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