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Student Drop—out Prediction for Online Learning with Deformable
Convolutional Networks

SHAO Yongwei, MA Kun, JING Shan, CHEN Zhenxiang
(Information Science and Engineering , University of Ji'nan , Ji'nan 250022, China)

Abstract: To address the issue of high dropout rates in Massive Open Online Courses (MOOCs) , this paper has built a predictive model
based on deformable convolutional networks to predict student dropouts. With the KDD Cup 2015 dataset, experimental results demonstrate
that this method outperforms existing machine learning and deep learning models. Additionally, by analyzing student behaviors to explain drop-
out predictions, this paper has improved the credibility of the results. This analysis of dropout prediction assists teachers in providing personal-
ized guidance and help students master the learning as an intelligent assistant.
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Fig. 1 The model structure
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Table 1 Explanation of the student learning behavior
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v 2R | 43 M browser Fll server; event 3 78 2 2 1T 5 ob-
jects TR 2F AR U ) 8 ST XS 42 id o
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NBU2 AN 2 D3 (Naive Bayes) R4, & S — Fl 3k T
DUt 5 R AR S5 A S AR Y 4 28 0

CNN3! ., 45 #1138 28 W 4% (Convolutional Neural Net-
work ), Bl B SC A BRI A M4, 2 JE MR 23 it AL RN
A VEHARAE , TITAS 2 T 25
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Table 2 Example of student’s original learning behavior record
®2 FHERBFEITHIERTA
enrollment_id time source events object
1 2014-06-14T09:38:29 server navigate 0j6eQgzrdqBMlaCtaq 11k Y6zruSrb71b
1 2014-06-14T09:38:39 server access 3T6XwoiMKgol57em29Rjy8FXVFclomxl
1 2014-06-14T09:38:39 server access 2e¢mZrZW2h61191it03e89FGe ABLWh{3W
1 2014-06-14T09:38:48 server page_close RMigC2bTAqEeftenUUyia504wsyzeZW{
1

2014-06-14T09:41:49

browser

problem 0j6eQgzrdqBMlaCtaq11kY 6zruSrb71b
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Table 3 Example of data processing results

F3 HIERBERT

enrollment_ 7
time access discussion navigate problem video wiki
id close
1 0 20 0 0 17 14 0
1 1 0 0 0 0 0 0 1
1 2 21 0 5 13 27 1 0
1 3 9 5 4 0 0 3 0
1 4 14 0 4 2 14 1 0
1 5 3 41 0 2 0 2 3
Table 4 Environmental configuration
®4 NEERE
KRB TR
CPU 16 vCPU Intel(R) Xeon(R) Gold 6430
GPU NVIDIA RTX 4090, 24 GB GDDR6X
BERGE Windows 11
PR Python
FEZR Pytorch
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Table 5 Comparison results of the proposed model and baseline mod-
els on the KDD Cup2015 dataset
£S5 ANEBGSELEREKDD Cup20154iEE FRMRELLEER

Model Accuracy Precision Recall F1
LR 0.862 3 0.853 1 0.862 5 0.8524
DT 0.806 0 0.869 6 0.887 6 0.878 5
RF 0.865 1 0.879 6 0.946 2 09116
NB 0.854 6 0.773 2 0.733 1 0.770 0
CNN 0.860 7 0.865 8 0.934 0 09143
LSTM 0.864 5 0.870 1 0.9325 0.901 2
CNN-LSTM 0.871'1 0.880 0 0.952 1 09156
Ours 0.8753 0.8954 0.960 0 0.923 5

ATLAE P T Bagging 8 BUEAR SRR T 24
TR 1Y) Bt L AR AR AU P e 2 I 2500 T HAB AL e bl
M, Accuracy “}7 86.51% , Precision 5 87.96% , Recall
N 94.62% ,F1 1 91.16% . Sk DLt 77 1441 1L, CNN J7
HETE Precision F1 Recall I~ 4845 HHETHIH &, 20 542 F T
9.26% H12.009% , 3% Je: HH T+ IR BE 2 > J7 B AT L sl fe i
GUFFAE, DT HUS T8 AF R RE . A SCIE R S S PL AR 7
27 LR Ml EL, 7R 35 65 Recall A1 F1 23 BT T 9.29%
F16.99% , Ut I A SCABE AU AE FEAE 2% > 7 T 2AT 5 3 L 3
55 CNNMIE, B0 A LSTM J5 82 50T 4008 i) Bt 5 45
i, AT CNN-LSTM 4 AU FE Accuracy Fl Precision B3~ 48 b5

B ES T 1.04% F11.42% ., CNN-LSTM A5 R 5] i 2% j&
TR A AR AT O RRAE AN PR AR, 5 SRR A L, H
BARVERETR 2] 7HETE . A SCRALEE ] TR AR TR S B AR
i AN [ B8 B30 A S 25 R R SRR, 7 SR il s 1] v B
FNEZ R A ST AT A RIE . 5 CNN-LSTM £ 2
FHLE, BORLTE 4 D oe bR LR PERE X 13 3] 1 — & 72 B2 A 42
T, BEARIZE Accuracy ., Precision . Recall #1 F1 [ 1) 3& B 43 51
4 87.53% .89.54% .96% F192.35% .
42 ZERRFEHESH

AR SCH I 3 B2 A o AT AT R R X IR SR £
VEIE— DR o X P 5 12 A 00 s AE T3 B2 AR R PR T
R AERTR G B BN SRS A ST AT R (A B AR R
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BOE RIEHOR 3. ARYEURAR W 1D BORE aff 2 AR B0 L IR
a2 A TR J 39 e 2 2D A7 R 18 A URBIO 2 A AR
IRIE. RIPrai Rk e s .

Table 6 Clustering results of student group

K6 FHEBRUERKLR

. R ARRERSE R
i ik PR di /% i /%
0 11837 5143 69.71 30.29
1 12 654 90 396 12.28 87.72
2 470 42 91.79 8.21
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AR EL 2R 723, 3K — 228 A AT B A 2 A A b Y
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Fig. 2 The average frequency of effective learning behaviors among
students
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Fig. 3 The average numbers of occurrences of all learning behaviors

among students

B3 FERMAFITAFHRERY

250 om0
2350 1
200 — %3 2

\J !

=
[
o

SFiéJ%_g;iaﬂa‘J (5%
{ = ]
o

[$2)
o

\_/\/’W

0 - S S
12345678 910111213141516171819202122232425262 7282930
P

Fig. 4 Average duration of student learning behavior
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Fig. 5 Proportion of average occurrences of 7 learning behaviors
among cluster 0 student groups in four course sub cycles
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Fig. 6 Proportion of average occurrences of 7 learning behaviors
among cluster 1 student groups in four course sub cycles
B6 A 1ZFEBEEIANREFAPRTIMHEITAHRERBFEY
EhLE

O 1 A AR o i R v A B LA R PR AR B U
(access) Ky, I HiZAT WAL T AW b 2 o5 dc s L 491
Forb  AE wl-w3 B Bt access 170 70331 i LE 38.22% . 44.84%
H144.70% ,(BAE wa B BE IZHEAR R BT AT 27 20 47 0 B 24 ik
L AT RER WX ER 3“2 A e IR s 1 2 2] o b %A
PRAE wi-w3 B Bed 2 PR AL 47 4 (problem) 5 HE 43531
10.38% . 11.16% Fil 12.25% , P& B IZBEAAAE 25 > 11 45
T WSS BRI 25 RER . HAlAT>



5% 4

HRRAR, B B 3R] L, S ST A AR 2 I 25 KR 2 A A 22 > IR DRI © 197 -

%502 - wt 3 2 - w2

100
75 75

50 50
34, 44% 34_47%

2 21.29%9_05% — 2 B71%7. 624 o
. 7.05% 8.08%, . 5 7749 VB AT
f)ob ()

P S e PR P P PR
o - O X ) (2 N O G .0 X C) 2 N

N N o” . N 3 N N > o’ & N
2 o * o @ & b o @

100 100

75 75

503, 50 40.78%

_04%

» 19,091 34% 10. 58% » 5'4”:0 71% 8.99%

. 6.360410.58%7.85% | . . . 7.47%8.99% 5 58% | ool
o e &2 A

© PN e O O & P o O O
& 3 KCEPT Gt G R N R RN
&9 s & AR &9 s & ACHRCEIEN
& & G o 3 & & G o
& & K s & & R 9
AR R I 4 R R

& e & e

Fig.7 Proportion of average occurrences of 7 learning behaviors

among cluster 2 student groups in four course sub cycles
El7 52245 BEEINEEFEARRIMESTHR ERBTY
E&

7, P E R R A 4317 N (navigate ) 7E wil-w3 B B
5 R 19.15% ., 14.22% M 14.90%, 5 4] 00 1E 17 R
(page_close) 7£ wl-w3 B B 43 %l i [t 15.73% . 7.20% FiI
22.52% , F WZBEORAEUIRAR i 1 L T kG AR AT R
W AL ZHEAR XA BREE I (video ) F1IN) YT DR AR 4k
FEE R (wiki) (9 248G o R BE AR 1) 2 A AE 1 99 48 R i
B, A5 ) IR B U (0T XL TR A AT R ) Y TR R A
R B A 2] IR A D JF HAE URER 5 1 AT AE
A A

00 2 2 A BEARAE 44 R B AR R RE O R E 1Y
2 )R, Hs AR B R AE wl-w3 B Be o3l o 34.44%
34.47% F1 34.04% , 1€ wa By Be AT BT N &, 25.41%. {615
HERENE, ZHR NS 53R THE (discussion ) A7 4 5 Fe Al
XA v, 18 wl-w3 B B ok 51 i b 9.05% . 7.62% 1 21.34%,
TE wa [ BET 238 3 T 40.78% , Ut B 1% B AR 7 I 1) 5 415 i)
Fil e S 5% 2 o WA Z BRI AR $E 3817 R 7
wl-wd B Bt &5 L 4 3 ok 21.29% . 23.71% . 19.10% F1
10.71% , B AR FRINB A B, CHAERTEL 2 58 £ (1
TEwa BB TR BEAb 28 AR 10 0 SRR A0 451 A )
YEMRFELEIL R T AR D (R AR H ) 1 2R T
R o IR AR A B R 25 ) 2 R 15 )
RSN, B2 5 5 IR NS, R E TR R = e
ENLZ 5B . (BAE G, Ui il R RE O R AL 36 281 0 A
JIE R R PR AR TS AT R R b T, 2 B2 A R i ) T
TE 2 2 J W i HE SR BN

FE O 27 A AR I A A 2 S B T2 0] 1 A2 ) 2
ZM8], HL7 ) DR A S VAR wil-w4 B By ) o b 38.16%
40.48% .40.90% F140.90% , 7£ 4 > JE3H H AR R A R -
32 R A AT N FE wl-wd By BE A il & L 17.47%
17.61% . 14.78% F1 13.82% , B AR T K a5 5218 . 1t
AhZBHR R 2 5IRBETIRAT N TE wl-wd B B i L3l ok
8.24% .6.51% .7.53% 1 8.05% , FA X} HEAR , Ui W IZ EAARAE 2
> 3k A AN i) T ST 2 2T AN 2 I A AR HRUR

W EA R IR Y C ] 5L (page_close) 174
1 wl-wd By BE 0 9l 5 H 15.41% . 16.44% ., 17.09% Fi
16.92% , 3% BH 3 43 2 A= 1) T 1 U1 4 AR H AT o8 B ol A
FE o WA AR SR ) Y R AR A L B T A R AR R D
IZRE IR A AR B A DR R P PR e A o R i U [ R
FEEAT A AR B AC AT IS T R, OF BXHRR T IR S
55 EE R EAG, T RRAG 1) Ak ST S8 L AR S . AN %
A B D0 IHIOC A A T A AR XT3 1, AT R R AT A2 2]
BN PR, 2T 10 ) DT

X 3 e A AR AE 4 AN ERER T R A 2 S AT R
AT AT AT LR B, AN TR AR 2% 2 il B v 2 B OR [R] Y
Frommiat s 2 0 28 4 T IR AR WE IR 0 24 ) A7 b ek,
VEM 325847 A4 T 0 1 HE S 5 BB, 7T BE A0 ) T
SETE I AT S5 o 25 1 AR AR TR AR U AR BRI (E
Vb B 22 B, % 4 Bl 2 >0 5 05 (08 75 T4 R AL 00 R ) B
IRFRAE S A B 24BN, IF A IR I e e 2e > . 2%
W2 20 A B R (02 2 21 B S 5L R 52, O
A S 5 A ) e IR AR TS IR BUATA
423 FABRBERNIELEAKLRENL

54 VL BB g, 3 2 R R IR R A AN 28
51 0 2 A4 R BRI R 0] B8 2 2 ) O it ks iz 5
b2 2 0 B Bl G IRRE R T R 25 %R, TR I, I S
5 Z 05 200680, W/ HE B EEAR R 2= 2] HE
T, DAFR R 2% S R 55 5 24080 5 28500 1 2% A f AR PR PR AT fig
SR Z FREEN 2 2] B ) GRERIE 2 B 5 FE AR G RR D%
AN IR R, AT s 2E A BRI BT 2 AN R L S b
TR 22 9 2 2 R, TR B B840 8 A2 ST 30 285 2
2 AR R D R AT R R S VR HE B i K 2 R |
T, 3 B AR DR 1T 0 A K R i e 3 380 174 ) 0 T 5 B0R
R, I A E A R T 2 0 2 2 SR, TR s 2E )
SHF (AN B ol BT YR 8 ) | i fe RO PR
ARUDNIIFES? 38

5 #iE

ARSCHE T — AN J T A AR Y 3 BURR 26 I 45 1) 2 AR R
PRI Z AR 38 8 7] AR T 4 B 2 2] 2 R 24 2 AT
LR o A B ST, B AS TR SR AL, DT BT A A 4R
B 22 A A ST 1T IR o e 28 FRAE i 22 )
A E)A R AR VR IOIN 25 3 . SEEFE KDD Cup 2015 %4
B LIPS0 AL GEpLAs 27 2 FITR 2 ) J5 1k i S e
RUMH L, A SCIRERUAE 4 D IF M e bm LRI AE . I0sh, 45
B RBETT BT F A RER $8 R T B2 A R BRITI J5E
PR, FE T T S0 5 5 i T i e

SR IZ R AF AR — 26 R o Bt X 22 A fiff R
A BF PR B R AE R BN 7855 ARk TAE D, AT 4R
B 22 4 i i 2 AR RRAE O 08 ) B 22 B4R R LA TiE A5 A



BAE 5 A

2026 4

[2]

[5]

(6]

[7]

[8]

[9]

[10]

[14]

WATTERS A. MOOC mania: debunking the hype around massive open on-
line courses [EB/OL]. https://www. slj. com/story/got-mooc—massive—
open—online—courses—are—poised—to—change—the—face—of—education.
LIPI M, BERTINI M, FRASCONI P, et al. Short—term traffic flow forecast-
ing: an experimental comparison of time—series analysis and supervised
learning [J]. IEEE Transactions on Intelligent Transportation Systems,
2013, 14(2):871-882.
JORDAN K. Initial trends in enrolment and completion of massive open on-
line courses [J]. International Review of Research in Open and Distance
Learning,2014,15(1):133-160.
MEYER R. What it s like to teach a MOOC (and What the Heck’s a
MOOC?)[EB/OL]. https : //www. theatlantic. com/technology/archive/2012/
07/what-its-like-to—teach—a—mooc—and-what-the-hecks—a-mooc/
260000/.
SINHA T,JERMANN P, LI N, et al. Your click decides your fate: inferring
information processing and attrition behavior from MOOC video click-
stream interactions[ DB/OL]. https : //arxiv. org/abs/1407. 7131.
FENG W, TANG J,LIU T X. Understanding dropouts in MOOCs| C ]//Pro-
ceedings of the AAAI Conference on Artificial Intelligence, 2019:
517-524.
MOHAMAD N, AHMAD N B, JAWAWI D N A, et al. Feature engineer-
ing for predicting MOOC performance[J]. IOP Conference Series Materials
Science and Engineering,2020,884(1) :012070.
ZHANG H F, CHEN Z X, XU S J. Artificial intelligence enables new re-
form of higher education pattern [J]. Software Guide, 2022, 21 (11) :
166-171.
KRB TRAT A AR KS . AT AR B F R AR E R[]
F71,2022,21(11):166-171.
KOTSIANTIS S. Educational data mining: a case study for predicting drop-
out—prone students [J]. International Journal of Knowledge Engineering
and Soft Data Paradigms,2009,1(2):101-111.
XING W, CHEN X, STEIN J, et al. Temporal predication of dropouts in
MOOCs: reaching the low hanging fruit through stacking generalization
[1]. Computers in Human Behavior,2016,58:119-129.
DESMARAIS M C,NACEUR R, BEHESHTI B. Linear models of student
skills for static datal C]//Montreal : UMAP Workshops,2012.
NIU K, ZHOU Y, LU G, et al. PMCT: parallel multiscale convolutional
temporal model for MOOC dropout prediction[J]. Computers and Electri-
cal Engineering,2023,112:108989.
LIN'Y Z,HUANG P. Research on the technology of intelligent correction
of online homework system for “fundamentals of mechanical design” [1l.
Technology Innovation and Application, 2019(29):145-147, 149.
B, 3R AL B (IR IR T AR A ) R B AR Ak R e HORAT R
[J]. AHEA137 5 5 0 ,2019(29) : 145-147, 149.
GUO K, ZHONG Y, LI D, etal. Effects of chatbot—assisted in—class de-
bates on students’ argumentation skills and task motivation [1l. Comput-
ers & Education,2023,203:104862.
LU X F, LIAO J, XU Q. The current status and prospects of the applica-
tion research of educational robots in foreign language oral teaching[J].
Foreign Language World,2021(1):11-19.
o, Ba] Bt T AR AL SNE TR 0 R AT ALK
BATBE[T]. 9ME R ,2021(1) : 11-19.
TAYLOR C, VEERAMACHANENI K, O'REILLY U M. Likely to stop?

predicting stopout in massive open online courses[ DB/OL]. https : //arxiv.

[17]

[18]

[19]

[21]

[23]

[24]

[26]

[28]

[29]

[34]

org/abs/1408. 3382.
KLOFT M, SITEHLER F, ZHENG Z, et al. Predicting MOOC dropout
over weeks using machine learning methods[ C ]//Proceedings of the EMN-
LP 2014 Workshop on Analysis of Large Scale Social Interaction in
MOOCs,2014: 60-65.
LIU T Y, XIU L. Finding out reasons for low completion in MOOC envi-
ronment: an explicable approach using hybrid data mining methods[ C ]/
2017 International Conference on Modern Education and Information
Technology,2017: 376-384.
LIANG J,YANG J,WU Y, et al. Big data application in education: drop-
out prediction in Edx MOOCs [C1//2016 TEEE Second International Con-
ference on multimedia big data (BigMM) ,2016:440-443.
MUBARAK A A, CAO H,HEZAM 1 M. Deep analytic model for student
dropout prediction in massive open online courses[J]. Computers & Elec-
trical Engineering,2021,93:107271.
MRHAR K, DOUIMI O, ABIK M. A dropout predictor system in MOOCs
based on neural networks[J]. Journal of Automation Mobile Robotics and
Intelligent Systems, 2020, 14(4) :72.
FU Q, GAO Z,ZHOU ], et al. CLSA: a novel deep learning model for
MOOC dropout prediction [J]. Computers & Electrical Engineering,
2021,94:107315.
ZHENG Y, SHAO Z,DENG M, et al. MOOC dropout prediction using a
fusion deep model based on behaviour features [7l. Computers and Elec-
trical Engineering,2022,104:108409.
CHEN X, LIU H Q, ZHAO F. Prediction of MOOCs dropout based on
IQPSO-PLSTM model [ C]//Proceedings of the 2023 8th International
Conference on Mathematics and Artificial Intelligence ,2023:7-12.
NITHYA S, UMARANI S. MOOC dropout prediction using FIAR-ANN
model based on learner behavioral features [J]. International Journal of
Advanced Computer Science and Applications,2022,13(9):607-617.
HANCOX Z, RELTON S D. Temporal graph—based CNNs (TG-CNNs)
for online course dropout prediction [ C]/International Symposium on
Methodologies for Intelligent Systems, 2022 :357-367.
NIU K, LU G, PENG X, et al. CNN autoencoders and LSTM-based re-
duced order model for student dropout prediction [J]. Neural Computing
and Applications,2023,35(30) :22341-22357.
TANG Z. Research on key technologies of MOOCs based on modeling of
interactive behaviors[ D ]. Nanjing: Nanjing University of Posts and Tele-
communications,2023.
JEWE . R TR EAT A AR MOOCs AL ABZ[D]. b« w0
X F,2023.
WON H S,KIM M J,KIM D, et al. University student dropout prediction
using pretrained language models[J]. Applied Sciences, 2023, 13(12) :
7073.
DE VILLE B. Decision trees[]]. Wiley Interdisciplinary Reviews: Com-
putational Statistics,2013,5(6) : 448-455.
BREIMAN L. Random forests[ J]. Machine Learning,2001,45:5-32.
ZHANG H. The optimality of naive Bayes[C]// Florida: The Seventeenth
International Florida Artificial Intelligence Research Society Conference ,
2004.
SALEKSHAHREZAEE Z,LEEVY J L, KHOSHGOFTAAR T M. Feature
extraction for class imbalance using a convolutional autoencoder and data
samp]ing[CJ//ZOZ] IEEE 33rd International Conference on Tools with Ar-
tificial Intelligence (ICTAT),2021:217-223.
SHOU Z, CHEN P, WEN H, et al. MOOC dropout prediction based on
multidimensional time - series data[J]. Mathematical Problems in Engi-
neering, 2022(1):2213292.

AL BT A7)



