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Abstract: With the

amount of knowledge rgs

n of online education, various learning platforms have generated a massive
user data. Based on these auxiliary data and collaborative filtering algorithms, this
paper proposes a hyBg edge recommendation model to solve the cold start and sparsity problems in traditional
recommendation systems, thereby improving the efficiency of online learning. Firstly, in this model, the user's
registration information and implicit feedback on knowledge are used to construct a preliminary personal profile.
Secondly, the user's explicit rating of knowledge and other feedback are used to improve the personal profile. Finally,
recommendations are made based on the similarity between the profile and knowledge. The experiment shows that the
average MAE (Mean Absolute Error) of the model tested with different number of neighbors is about 0.775 5, which is
lower than the 0.790 1 of the modified cosine algorithm and there is no significant noise. At the same time, the standard
deviation of MAE is about 0.072 4, which is lower than the 0.083 7 of the Pearson algorithm. Compared with traditional
modified cosine algorithm and Pearson algorithm, the proposed model can well balance accuracy and stability in
knowledge recommendation.

Key words: collaborative filtering; knowledge recommendation; personalized learning; recommendation algorithm
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*1 RAPMREHITHIER
Tab.1 User's scoring matrix for courses
LRIV
Mg R i c2 RRC3 REcd R R Ce

Ul 5 0 0 1 2 1
U2 2 1 3 4 0 0
U3 0 1 5 2 5 2
U4 1 2 0 4 0 0
Us 5 0 1 0 5 1
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W R 5 AN A (UL~USD X 6 TTIRERCI~COMIE iR,

Ao X HLH PR TS A 1~5 4, A BOHGE AR IESN x4 BB EHIRHECER

LT, 0 43 R A TEAr IR . AR YR PE 4046 B v LA 3a s Tab.4 Cosine similarity between courses
i;ﬂ;‘i%%%Zl‘Eﬂ BRIV AR B B L AR ST LA SR AR R BE O 51 136 B 3 4R e
LNE,

HE AU 2 Fh 71 . 2K S i Pearson AH 26 250 Al PR C1 1 —0.48 —0.74 —0.28 0.18 —0. 31
R B PR DU . Pearson HICRBTRUAR  mmez —048 1 —0.12 048 —0.75  0.49
TR AT H Z [a) A AE e, A .

) WRC3 —0.74 —0.12 1 0.09  0.10  —0.04
. Z;(T X imy) PR CL —0.28  0.48  0.09 1 —0.78 —0.47
sim(x,y) = = . @D
D, =) X | Dy —)? BRI Cs 018 —0.75 0.10 —0.78 1 —0.03
i=1 i=1
TIE H R 2 ) ) 2 ZR A 6 R 8K, g 2 o, BAC6 —0.31  0.49  —0.04 —0.47 —0.03 1

R2 RBEZEE R REEE

Tab.2 Pearson similarity between courses

WA RGO REC R R BRCS BREECe
P Cl 1 —1 —1 —0.97 0 0
ez —1 1 0 0.5 0 0
e —1 0 1 —1 0 1
PR C4 —0.97 0.5 —1 1 1 1
P C5 0 0 0 1 1 0.5
PRFE C6 0 0 1 1 0.5 1
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Tab.3 Processed scorin

H AR SR AL 22 23S R 1IN Wﬁi{\
)

Hy% il iffc iffc R Cs R Co

Ul 3.5 —1.5 - . 0.5 —0.5
U2 0. 33 —0.67 1.33 2.33 —1.67 —1.67
U3 —2.5 —1.5 2.5 —0.5 2.5 —0.5
U4 —0.17 0. 83 —1.17 2.83 —1.17 —1.17
Us 3 —2 —1 —2 3 —1
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Tab.5 Prediction scoring matrix

LAYy

Mt RECT REC R B REC R Ce
Ul 0 S1 S2 0 0 0
U2 0 0 0 0 S3 S4
Us S5 0 0 0 0 0
U4 0 0 S6 0 7 S8
Us 0 S9 0 S10 0 0
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4 1ZEE (Model test)
4.1 EMHIEIR

PR TR T i — AN 8 FH O 52 O R 25 20407 » B FH Y
Fobnde MAE™) | - 344 Xt 2 2158 22 4 G 1 - 24948 . 118
AN W/

MAE = 2D ler| = 5 2 |y =5

SR 246 SR 22 3 5 b I 5 22 A 1 G A 8 T 5 00 b )
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ARG, o7 2R B8 Y T B
4.2 MXER

AR SCHAT IR ZE T Ttem CF 38300 51 B2 /R A 56 R
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FEAE R MAE (5% Ebinge 6 AIEl 1R,

Fz6 MAE LIGHER
Tab.6 MAE experimental result

(3

) R
ik
1 2 3 4 5 6 7
JRAD
E:’Jf’i 0.914 2 0.8108 0.7724 0.718 6 0.724 0 0.6825 0.679 2
GRS
%IE%O 914 2 0.856 0 0.747 2 0.758 9 0.7514 0.751 4 0.751 4
- . . . NG . .
Zh
0.9142 0.8231 0.7603 0.754 3 0.748 4 0.7358 Q. 692
GRS
0.85 [ ‘
w 080 -
£ o EURHE
ol -0~ EEfIEE
L ——auE

FEHE/

B 1 MAE ##%*k
Fig. 1 MAE data comparison
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LR AR MAE (B AR AL 4 B0I0RS B2 1975 oK, =
H I MAE B4 9204 0. 757 4,0. 790 1.0. 775 5, MAE *5
TEZ A3 12 0. 083 7.,0. 067 1,0. 072 4, Hirh g BB Fa 2
Pl D SR A L HAD ST YA T MAE MR SR
PR T WA AR e
5 %52 (Conclusion)
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