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Application of Multi-Classification Algorithms Based on ECOC

in MOOC Data Mining

PAN Lifang', XIE Shutong®, CAO Xiujuan®

(1. School of Science, Jimei University, Xiamen 361021, China;
2. College of Computer Engineering, Jimei University, Xiamen 361021, China)

Abstract: This research collected and integrated the data of learning behaviors of students from many col-
leges through MOOC platform, and designed ECOC multi-classification algorithms based on data complexity.
The algorithms use data complexity to reduce the classification complexity between multiple categories, thereby
improving the prediction accuracy of the algorithms. The experimental results showed that the ECOC classifica-
tion algorithms based on data complexity proposed in this paper have higher classification accuracy and robust-
ness than the classic ECOC algorithms in MOOC data sets of different colleges. The proposed algorithms per-
form effective prediction of students’ academic performance, which lays a foundation to realize the personalized
teaching for the students.

Keywords: ECOC; multi-classification; MOOC; grade prediction; educational data mining
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i, HAT EEARME

o PG XTI R AEAE Coursera T FIFIRNY 6 [ THRIE 1T WBURIE T4 54248 . 45
R, BT 25 I A RAE B T e AU 5 — A AR 5 BB R AR IREIEAS . Qiu %55 S F1
TEREF 2 AR ISR B, P2 B SR F IR (latent dynamic factor graph, LadFG) i
M2 AR, DL eS8l iR ARHE B . Xu 451l i e AR RS & B sh &, 13
AR AE 2 2] S AL, Bt B T SRR AL (SVM) A9 43 2 55 1 T 2% A B A OIS IE 5
Zhang &5 LK (BRI SEIE) 5 GFEVS®) WITEE, LRZHESWEE, St
B2z N, U ERAR A AR a2 A DU S B A PP AG 2 AR RN TFUIRE , JF Bt B wit
PSR PIRIR IR Yu SRR E RIS H A, SO S E B RN S SRR BT
T K FGE48 (KNN) . SVM, AT HZM4 (ANN) AY/-2RE, T4 G i PR %,

N TR EEGL TR RS F AR AR, Meier 250 FIHTIRRR A DG s 800 (2004
PR . /NI 2 iAs ), B AR TR S Ak T TR AT RE R (BF/22) , NN AR SRR AR A
P TRF T WA ], Xu SO T — U2 R B R R G0, W 2E A R AR TR A 24 2 RS
PEATEAST, JREEE T — B T VB TR DR A A AL 59 0 ik O SR B Bl i, B T ERAR A G
P, M S T AERRE . Ulloa-Cazarez %[“]j’}%ﬂjiﬁ{?%ﬂﬁﬂ (genetic programming, GP) =7 =
AR AR, S TR AT CBeERT) IR RAERY A=A, Hussain SV ANN 5
SVM Z5530% , RIS RG8 ERYF A7 8l B0 2 > INMERY 7 A=, 7 BB T 2 T3

AR TAERZ MR R P 22 17 8, BTN SR I J5 2 > ik, RS0 2
ARE I PEATRIR RIS XS0 IR AR RIS . SR, A2 )
Z oy L — AR T E AL S, (H 202 R, H AT N M AR
a2 0 T A BIFFEAR D, AR S Hh 3 T 0080 52 2 B A 2 85 a1 2 i (error correct output codes,
ECOC) Z/rBk, WasiREBIRHATIZ, DUW SIS 228 it i 22 3 25 0, B Fi 2% 4= e i) o
NEEY (B, B, G ARG, W2 A 2es T I e Bl 5 HoR S

1 BETFHEIESZEMN ECOC HEREZE

ASCEE M B T RARE 24 B ECOC 2850k, B /eI SO 2 24 B IRM A 0 2 20 1, 4R
J&, M ECOC BB LA /2, W SCBZ 2 i, 2500k 50 AL, TR
PR AR S i BE T ECOC By 2 7325 fui
1.1 ETHEEXENRAESL

RO 5 2 B 3 1o S W B A SR A R BIR R AR 0 X R 1 B A A B R 1 432
R/, AR DA SE IR B A 4SS T, DRI, AR SR T Z2 R0 BE 52 2% B O VA AR 4 Il Y 43
RERBE, BNmNERAERARNE (F), ZXESEM (F,) ., E&XEEHESH (F,) . FH
KW G RBTBIBEE L (N,) . T HRAEAB R IRE (V). INN REIRZER (N,) |
LM IR RS (L), WIRSETFOITER T (€)™,

1.2 ECOC &4%E*%

ECOC £/ H Bk 7 b A5 SR A5 5 A ) A B 1, JH A 40 [ A0 ) O B T B R K
e 75 A S AD SeEmE R SR B . ECOC 2240 JE Bk 1 32 B3R W Sk 22 28 I UG Ak ol 224> 43 2 ) 1t
WATRME, ECOC ZHRAAMFE=ANTALEE . Fmid, gk, s,

i SR I A 8 T A T A5 2 S B 22 2840 il AN 3 0 25 RS 4R LAY SR D AR B, AR MR i e
(-1, +D)EE=IC (-1, +1, 0) 4, Hrp -1 RFRHRE, 0 XN A IETE 53 205 1k 205
+ 1 RFIEZ; I ERR— N, PR IR — A 2888 BLAh, Snfish 3w o3 H5 8 o 5 Ak
PEAHSC PR ZSRY B 0 OC 1 R AR G i B AR AEAS | B AH DG 248 A i B REACRRAE 19 20 A B
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WK R B S M, Bl o R AL s —
%f— (One Vs. One, OVO) ., —%f£ (One Begin
Vs. All, OVA) . #i & F ML ( sparse ran-

dom) FIAERHL (dense random) %, Data %ﬂll ]:J:[ﬁ_illlmirm

BEAH 54340 5 DECOC | Forest-ECOC | l

ECOC - ONE 45, % fil%E FE47 %1 1 S AT RE A RC T RICE

ORI, WD~ 4 F B 5 2 [ B AT s Class C is divided into two

PE. U152 B 5K 2 2 911 25 8O % ECOC e LB

K AR B FE e A E AT N 2k, DA T ) 3K y

PO T A
firp s SR 2 48 AE DR S FEAET class

AL A AAR AR S 7 A — A R B ) )

BRI, SRR VIS i i o0 B 2 RO R R AR R

R RS 2 B R PR RS, BERR IR B /D Exchange the two classes with

AT e R L, R4 L 92 A i e i

IR T ZAEA, MRS RIS A4S AED | ED r

ELB. ELW. HD, LAP, LLB % _ = = ,c-h:'JFIIL‘2i1_I’1'_L‘.L.j{I|’II’-J ﬁ?f-if_!_l“il:ﬂﬁl':"?}"f]ﬁl

L3 EEER || e
B, HTRORE ZLE R ECOC 4355 . contained in Cl and €2 as +1/-]

VK AT OSBRI DR T R S o R

FOIZE, SRS R BRI EA T AR ) R 2
IRV, RS P B i R
IS, DT AR L 2 P A i Hf
/N5 D O DIV s iU PP -

T PR Z B B R AL, (332K
RPN 27 1v 0 o NCIE S N T Er o= i)

Yes

ClLfnC2rp L & 2 Ay 1 3
Do Cl and C2 contain at least

two classes?

AERRA F b7 ZEIESRIR L P R B 2 o
FERE, FL L F PR A 2B b R
WA, WO TTAER BT FI 2% F3 $5471 Generate coding matrix
(A BERENR G 2t RWFIRRE L 12550401 i

SRR BRI A, VLR e ik U
PR, JERSSHIRI A, B A ‘ ;“‘
+18 -1 (B"AS SRNG5S HN L F

0), T2 4 B 1y — 1), 45 360 4 ) Predict_sample

Ja, FEHVIZR 2 REAR BEA T B, S0k
REREZANE 1 B,

S IA 4 B E EB1 ETHESEXERN ECOC SXERIES
S % lﬁ é}*ﬁ Fig.1 The framework of ECOC method based on data complexity
2.1 HEESIRSHIRE

WIS = I R R BTN A PR R A s DR, TOUAR 38U 28 B0 | RRIESIR: . HEACSR:
mFE 1 PR, RIEFARPR RS, O EREAR s, 28T 0 (5 0) 260 ZMEFHE 4
XK, HEALT 60 (F60) FNT5 ZEFIHHE3 K, HEALT 75 (F75) B85S ZMFNE 2 2, 534K
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785 (& 85) F100 (7&) ZIEFAE 13, TREAREH . &8 . RSN, ZIRFEN
RPUS TR RGN, ARG S W NN | SR GRAE | Bl EBoR | Bk oAl A
W N1 o o= R S QS e o A S/ DA S I RPN 0 G 2 U 1) G R S B S A o2 o o I = R 22
TG 2, 3B BCE/ N, DAL 2 A RS R R . ARWFIE T AR RS B R
FUAOURIAT O (GG DIl a] . DRI . BT TR ) | s S e . S AR
M EE . NI, AR R S A5 e AR BE 1927 >0 7 B
F1 ZERREITAHAREE
Tab. 1 Data sets of students’ learning behavior in MOOC

BYELE Data set FGEE Number of classes FRAEECE Number of features FEZASEE Number of samples
KL A School A 4 32 2430
2 B School B 4 80 3107
A C School C 4 151 3611

BRAE Matlab FSZEE, FFR A Sklearn T HAY, IR0 FiE Bk AR, LR H T3 X
RUTIR, BOFYEME AV SR TR 02588, B SVM RTARZ DLnHHT (NB); fr
AR IS RIE YR ELW  (BPFS B IAU#AS ) Jra, A& SE ECOC Bk, BN gnttiems h
OVO. OVA, DECOC, ECOC - ONE . Forest - ECOC BY¥JHEAT T AN AYS2H6, LAXT HEAR SCHE S (R 36T
BRI EH ECOC H51&48 ECOC YBALTERE,

2.2 XGRS

IR 2 TR 3 P, MERR R i 1Y SE B 25 R R FH R RIZIT kAR IR . 3R 2 BT SVM 1Y ECOC
FIL TS SR LU B, fEeke A BdiedE b, SR TEIRE 4R ECOC Bk Al ECOC Bk hE
AT, MERRTE 81% /Ay s TR B BR4E I, T O ICE A5 & 24 C1 B ECOC Bk i ik
RIS, KF) 73.32% , ST HIREIEN ECOC FIAPEREMIIL, {HHE4E ECOC Sk kR % T
KHRT 0. 6% 5 FE2F4% C e I, T RO ILHMEIEE 24 C1 1 ECOC Bk ik 15 fe i e R
A[ik 73.55% , FETFHAEE 4N ECOC Bkt A ECOC Bk emi RV T+25 0. 51% ; 7ET A
it Iy, BT RO VU HEC AR & 258 C1 1 ECOC 355 318 e - X MEw 28K 75.95% 45 b4y
Broffs, EEFEIEE 2 ER ECOC Bkl F1&4: ECOC ik HA i MERE .

x2 ETSVM BARE ECOC BERMEMREITLE
Tab.2 Accuracy of different ECOC methods based on SVM

HIP RS Gy 77 X FREA KB FHC Rl e
Base learner Encoding method School A School B School C Average accuracy
ECOC - F, 0. 8097 0.7287 0.7327 0.7570
ECOC - F, 0.8099 0.7264 0.7308 0.7557
ECOC - F, 0.8101 0.7308 0.7317 0.7575
ECOC - N, 0.8105 0.7282 0.7320 0.7569
ECOC - N, 0.8101 0.7288 0.7285 0.7558
ECOC - N, 0.8105 0.7269 0.7288 0.7554
SVM ECOC - C, 0. 8099 0.7332 0.7355 0.7595
ECOC - L, 0.8107 0.7282 0.7324 0.7571
(090 0.8101 0.7290 0.7262 0.7551
OVA 0.8109 0.7166 0.7166 0.7480
DECOC 0.8105 0.7218 0.7312 0.7545
ECOCONE 0.8107 0.7171 0.7288 0.7522
Forest — ECOC 0.8103 0.7280 0.7292 0.7558

T NB (9 ECOC FIEMISE NG 3 P, TEFTARILT, BT Rar B A i iR R s 2 2%
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FE N3 () ECOC BEAE = M4 V30 i i, 183 68.95% ., TR A B4 1, OVA
FEBUS AF IMERT R, J 71.56% , H:AY ECOC B3k B HERG R AL ; 78248 B BdE4E |, DECOC
RIS I MER R, B 70.26% ; 7E2#A% C B4R [, TR S0 70 848 1 B 2 R 80 B 24
N3 ) ECOC L BUS A HER 2, B167.63% . MFIHEri &, T8R4 ECOC 5k
LS ECOC FEvE %A I B 251

H 2 T 3 MERAITE, 7R A, B, C =8 b, BT SVM i) ECOC Sk nyPERE W] ik
BT HT NB () ECOC Bk, P fEsf 2 il4e s 74 1% . 4% |, 6% ., B2 \ILIES, T
SVM 1y ECOC FE T () P-4 EmR 5 ( =B £ i ER S ME) I RAL T T NB B ECOC &
Bio HE—LATLURIR, AR SVM RS R ERIE LT, ECOC Bk R SR N shi N, Hh T4
P BN ECOC Bk vERe i inte e, HALT&4: ECOC, S, TEHET NB /2K a8 EHL T, ECOC
SR ER R SR, o TR B 24 B Y ECOC FARUR BT .

%3 ET NBHARE ECOC EEREMEITLL
Tab.3 Accuracy of different ECOC methods based on NB

oL G 77 X FREA R B FRC P2 A R
Base learner Encoding method School A School B School C Average accuracy
ECOC - F, 0.6872 0.6775 0. 6660 0.6769
ECOC - F, 0.6918 0.6789 0. 6685 0.6797
ECOC - F, 0. 6844 0.6780 0.6679 0.6768
ECOC - N, 0.6829 0.6770 0.6673 0.6757
ECOC - N, 0.6913 0.7010 0.6763 0. 6895
ECOC - N, 0. 6868 0. 6900 0.6679 0.6816
NB ECOC - C, 0.6858 0.6783 0. 6669 0.6770
ECOC - L, 0.6922 0.7002 0.6693 0.6872
ovo 0.6924 0.6751 0.6687 0.6787
OVA 0.7156 0.6637 0. 6485 0.6759
DECOC 0.6926 0.7026 0. 6665 0.6872
ECOCONE 0.7024 0.6749 0.6613 0.6795
Forest — ECOC 0.6833 0. 6885 0.6672 0.6797
0.76 [ r--—---—""._"""‘"—"l—-—--fﬂ"‘_'.h“-"""—' -
- i . b LR
= i
’é 0.74 1
)
?:D
2072} =e= SVM
vl NB
=
& L
= 0.70
H_

. | M

F, F, F; N, N; N, C, Ly OVO OVA DECOCECOCONE Forest
ECOC 7% ECOC method
2 EFSYMFNBH ECOCEZMN=ZFERKFHEMRMETLL
Fig.2 Average accuracy of different ECOC methods based on SVM and NB in three school data sets
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3 it

A SO A R RFAE I FER 2 AT B, BT T ds 20 T80 5 44 1) ECOC 47
2, HEES ECOC BIETEN I+ 2 AT ECOC ML REk TR, SCRES IR L, ML T4
il ECOC By, BT HIRE AW ECOC 23 KBNS BE Ty | SRR, XA s A7
AN ITRI , SERIUERR AT I5 75% VA b, ERRTECE TRt T &%,

R AT 2 i F 2 (W B A2 2% P SR B = I A I S A, M s B R A A L
Gb, A ISR 2R RS ECOC Sk mrERE, Bk, FE IR R EARA
IR 7 1]
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