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Abstract Online learning has become more and more popular for its convenience without time and
space restrictions. How to choose a suitable course from thousands of online courses is a great
challenge for online learners, so online course recommendations have emerged. But the existing course
recommendation system still faces two main problems: 1) Different users have different learning
abilities and needs. Therefore, the suitability of different courses for the target user should be
carefully considered;otherwise, it may recommend too difficult courses for users. 2) Existing methods
usually ignore the collocation relationship between the recommended course and the courses that the
user has learned, which may lead to inappropriate recommendation. To address the above problems,
in this paper the user’s learning characteristics, types and their study suitability for different courses
are analyzed firstly; meanwhile, it explores the common selection frequency of courses to study the
collocation relationship between different courses. Based on the above two aspects, the user-suitability
and course-matching aware course recommendation model (SMCR for short) is proposed. The results
of comparative experiments on the Canvas Network (CN for short) dataset and the China university
MOOC (MOOC for short) dataset show that this method can achieve higher recommendation
accuracy. Moreover, the SMCR model can recommend courses that are suitable for users’ learning

ability as well as matching with the courses they have learned.
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con fidence(c;—>c;)=

9

IN ()|
. |N<(,)mN(C])‘
con fidence(c;—>c;) = NG| ,
confidence (c,—>c; )+ confidence(c;—>c;)

Q(CI’CJ): 2

(5)

HRAE 2 A48 T Y TR AR SR B R HC B {5 B A R
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43 HERZKEEE
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Qs FANAEAE  FETE BE Ry 0.4 1 7 B3 & B P ANt
FREFEICE Q 45 R 19 B A URAEHERE

Rec(c;)=w, XP+w, XQ, (6)
Forywoy Flwo, 23001 S TP 36 B R R AR 45 B 1)
RO RECBUETELOL L FE RN, B 38 Z fh 1A
SCAR I TR R AR Rec (o) X 8 U 75 08 47 HE
Fo T £ A URFR, SEHL top-k HEFE.

AR SMCR AR iof FH P 3 £ 1 A DR 5 2
Uk T B TS A AL EE R RE S O Y e
R8I EL AT 05 1wl i e PR, Lo dn, ) DU HE 7
URTE ¢ 1P P 88 DR AR 15 T A Sy 7 1 e .

5 XREERSH

AR WTE 2 DBHRE CN H MOOC H, 3l 3 %)
Ll 52 360 S B0 41F AR 32 SMICR 352 # 7 B 78 (0 200 4 L 9F:
Xt 78 2 SRR AT

ARG PP AR EBAT 3 A HETRR Precision
B Recall MEEETEFR F1 _score.

SR, N T,
Precision =~ ————————, (7)
2R
«EU
DR, NT.|
Recall = ——— | (8

DT
uelU

F1 score— 2 X Precision X Recall ’ 9
- Precision +Recall
Horp R, R URFRHESR 51 3R v Jie #7710 DR AR AR A 11
N T, R AR B P BT e 86 1 27 ] PRFEFEAS 11
L.
5.1 XfteAiE

9T AR TR O O ROR AR Gk E T HAl
5 M A 7 1/ B4k, Bl UserCF, ItemCF, LFM,
BPR,MPR, ffi /- 41F

1) UserCF™* (user based collaborative filtering).
FET P b R) Ao 8 ARk R A 45 A P HERE
ARARLFE 7 BT 3 1 BR A

2) TtemCF"* (item based collaborative filtering).
FET Y i U R Ao R ARk R A 4 B A P HERE
55 H 3 URAR AR DL B IR R,

3) LEM'"/ (latent factor model). [ i X A& 7l
VL AR S N TR IR AR AT 43 2, AR 4 P
AR 6B O 2 2 T P A 2 00 2R R AR

4) BPR™ (Bayesian personalized ranking). Il
W ST A T A I T B . R AT e o 1 e 2 D P HE 7
(R T it 2 BEAS P A O e 2R 17 HE T

5) MPR™ (multiple pairwise ranking) .2 5 ;
Xf HE 44 B 2 Bk G T D AZ I B 2 A
HeA2 R HERY T H Z 18] B9 IR, AT 98 T BPR %1%
T T PR X e 41 1L

6) SMCR.ASCHT #1245 & H 3l 17 B M ER AR 15
TC R A DR A o 5L 7R (] B % R P G R R 1S G
JEERTERFR 2 6] A9 45 0 B2 OF 4 DR AR F2 IR HE 72 b AT
HEF 47
52 XMHUEEWHERESTH

AL SMCR Je 5 Bl 4 J7 ¥k 1E CN Bdii 46 A
MOOC $H65E Y top-k 72 MERE 2 3 40 3 4 A
5 PIR A k=2 KW — LMK T A £
{ELH S LE 45 2R an el 11 Rl 12 fiow.

Table 4 Comparison of Experimental Results on CN Dataset

4 CNEBELHWEIWER %
ViR Precision Recall F1_score
LFM 3.801 3.804 3.802
UserCF 7.998 7.795 7.895
ItemCF 21.756 20.368 21.000
BPR 19.103 17.862 18.264
MPR 18.620 17.690 18.000
SMCR 23.788 22.270 23.000

TE IHL T AR R A SR B 45 2R
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Table 5 Comparison of Experimental Results on MOOC Dataset
£5 MOOCHEE FHXLTHRER %

yiRis Precision Recall F1_score
LFM 0.192 5.601 0.409
UserCF 12.121 4.062 6.085
ItemCF 15.243 22.205 18.077
BPR 7.345 4.813 5.815
MPR 7.801 5.149 6.203
SMCR 15.640 24.089 18.966
TE ML 2 PR 3R 7R 7R S 52 o 24
0.25
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¥ LFM
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k
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Fig. 11 Comparison of experimental results under
different £ on CN dataset
Bl 11 CN iR EANIR e (B Y X5 b 52 6 45 23
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- —4— BPR
® i -9~ MPR
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Fig. 12 Comparison of experimental results under
different £ on MOOC dataset
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TR 1.9%, b BPR 2T+ 17 K% 4.41% . b MPR
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@~k ,F1_score@Fk BE k EZZ BB OIE 11 F1FE 12
iR, K 11 f £€{2,5,8,10,15}, & 12 d k€ {2,
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Fig. 13 Performance under different £ on two datasets
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