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Social Trust Recommendation Algorithm Combining Item Similarity

YU Ai-xin, FENG Xiu-fang and SUN Jing-yu

College of Software, Taiyuan University of Technology, Taiyuan 030024 ,China

Abstract With the rapid development of Internet,it is difficult for users to find the content they are interested in from massive
network data.while the recommendation system can solve this problem. Traditional recommendation systems only rely on user’s
historical behavior data for recommendation, which has the problems of data sparsity and cold start. The integration of social net-
work information into the recommendation system has been proven to effectively solve the problems of the traditional recommen-
dation system and improve the quality of recommendation system. However, most recommendation systems based on social net-
works only focus on the one-way trust relationships between users,and ignore the influence of the trusted relationship and the
item’s own factors on recommendation results. Therefore,a social trust recommendation algorithm, called SociallS, which com-
bines item similarity,is proposed. The influence of neighbor users on user when the user is truster and trustee is considered by
SociallS,and the Node2vec algorithm is used to train the item similarity vector containing the user’s preference, and then the
graph neural network is used to learn the feature vector of the user and the item to predict the score. A large number of experi-
ments are conducted on the Epinions and Ciao data sets,and the performance of the proposed algorithm is measured by error-
based indicators (MAE and RMSE) ,and compared with other algorithms to verify its performance. Experimental results show that
compared with other algorithms, the proposed algorithm had smaller scoring prediction error and better recommendation effect.

Keywords Node2vec.Graph neural network, Trust recommendation,Social network, Recommendation system
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Fig. 1 Structure of graph neural network
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FH P A] LA 38 0 5 S 20K R 26 B i 3 B i AT 04 R A
B9 1—5 43 (1 RARREI” .5 RR“EFEW™) P45 &
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L 5HAMME P ET R BB b |8
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mz 1 frsl,
# 1 Epinions fl Ciao $tiEHE 51
Table 1 Epinions and Ciao dataset statistics
HEE Epinions Ciao
il & 49290 7375
L/RE & 139738 106797
W4 664824 284086
fFHEEx 487181 111781
W/ % 0.0965 0.0361
51w/ % 0.0707 0.0142

20 3R 55 F Intel (R) Core (TM) i7-7700HQ CPU @
2. 80 GHz AL FEZS A1 8 GB W 1F , Windows10 64 i #: 1F & 4t .
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4.2 EMAE

7 SR B AT 45 2 WU P X 9 i 0 T 4, B0 T 4 5
SEBRVE S 1R 22 /N U AR SCSE ek i P RE AR AT . B L, PR A
R bR R B2 I 0 P A RS B B 98 AR, OF 35 46 %) iR 2%
(Mean Absolute Error, MAE) Fll ¥ 77 A i 22 (Root Mean
Squared Error, RMSE) i1 2001 F .

2y —ry |

G
MAE= N

(34D

(35)

Horp N WK E P W B RS P w, XY
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4.3 EFHZE

o T VAN A SO G 25 A R R A A TR SR 1
HerE b g . AL SociallS Bk 5 H A 3 J A9 41 38 M 45 #e
FRLIAT T W, FE LB RS T LR,

(DPMF, %8 ¥R T 8ER5E M 43 i 09 J7 %, JF AL
155 390 43 A1 % P RIS A Y LR R AR HE AT AT, R AL A Y
FERRDT,

(2)SoRec, Ma %51 F 2008 4F#EH T SoRec R, 38 i3
L ZE 40 A UF 43 0 [ R P 4k 52 A U A5 B0 00 P AR AR R DR
BI85 G A28 KRR,

(3)SoReg, 4t fbIE NIALH b 1 2% {5 B A S 1F ) 4k
o 24 SR B A3 A HE 2, 5 SR FH PE 40 A R o B & P 2 TR Y
FAEEN,

(4) SocialMF, Jamali %1 F 2010 4E 42 T Social MF
BT, 8 50 [ 53 il b S AR ARAL 3 . 2 B AR P 0 26 R 4F 5
HABJE 0P 097 24 e 47 AR ARL L R b T SoRec 15151 1Y B BE

(5) TrustMF, LB LM Yang S0 52 H O P e
WAL At 28 18] (fF 4R 2 )RR A A & 25 D) R 3E 5 AR 1 O
17 o 5 4 9 46 147 43 M

(6)DeepSoR. %5 1 44 TR B M 28 W 2% 1 FH T 44 38 I 2%
Y HESE T o 27 20 P 08 e A0 2 380 ME 38 46 B 43 A o i AT O
A3 W 0T

(7)GraphRec., %8 3 H Fan S8 W, F) B #f 4 W
26 AL 32 RN H 55 ] 2% 3 P R AE AL E RRAE T 4T T 4
o
4.4 SEIFMR

43 5% B embedding size M {E ] [8.16,32,64,128,256]
PEATINR A T 64 dE K/, 4 BIEE B batch size
fEH032,64,128,256 JF 47 ik, 8 & LI AT LU, BT
128 () batch size, X F R (18) T Y w, £ 3 5K I, o B
0.8, [AIFEH , 78 28 3 Kt A% 55 50 X L I« 2% 2 R L 0. 000 4,
B PR BCR FH 2R M B 0 PR B0 (Rectified Linear Unit, Relw) .
4.5 ZWHEREDW
4.5.1 g

AR 3CiEPE MAE Al RMSE £ 30 4645, 31 R L TR A
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Table 2 Experimental results of different algorithms

Model Ciao(60%) Ciao(80 %) Epinions(60 %) Epinions(80 %)
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
PMF 0.961 1.1984 0.9116 1.1205 1.0318 1.3119 1.0032 1.2214
SoRec 0.8563 1.0798 0.8385 1.0692 0.9165 1.1897 0.8978 1.1425
SoReg 0.8972 1.1147 0.8618 1.0873 0.9312 1.1986 0.9121 1.1756
Social MF 0.8423 1.0975 0.8287 1.0611 0.8875 1.1510 0.8668 1.1028
TrustMF 0.7998 1.0844 0.7897 1.0779 0.8686 1.1458 0.8460 1.1355
DeepSoR 0.7886 1.0737 0.7736 1.0376 0.8572 1.1167 0.8353 1.0672
GraphRec 0.7540 1.0093 0.7387 0.9794 0.8441 1.0878 0.8168 1.0631
SociallS 0.7262 0.9956 0.7176 0.9465 0.8142 0.9978 0.7942 0.9842

(3) M\ DeepSoR #il SoRec, SoReg, Social MF X JL Fh & =
I 552 56 45 SR L AT L& L DeepSoR 5575 ) MAE 1 RMSE
B 0K T A LA S HE TR A R T A, X 4 PR AR A
T H X 0 T 445 BR AL 22 M 4% {5 AT {5 8. {2 )2 Deep-
SoR R JH T #4245 45 Ky, 100 B 4 28 ) 2 B R AE M A R L
BT R B TR AEM .

(4) )\ DeepSoR Hil GraphRec . ¥ 1Y 52 56 45 - & vl LA

F |, GraphRec 8 ¥: 1) MAE 1l RMSE # ik T DeepSoR %
B W AR T R P T AR B R 2SR 4 {5 AT AR
BB FLAR I 3 T 1 48 W 2% 45 44 1, {H J& GraphRec SRR T
Pl 2 W 45 (CGNIND St i A7 U1 5, B I O 1 43 T30 3 7 L 3
WU T GNN 7E BB £ 4 2 7m 2% 2 J7 10 2 A 3R KW
BE 7.

(5) W5 S 56 25 B AT 5, AR SCHR H 1Y) Social IS A58 5 Al
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54 . SociallS Bk 4 T H AW 5 s, 7 W1 B 1 s HOA A
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4.5.2 HmE®
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T B9 9 AR U SR X B W R AR AT R, R, o T I A

— T 43 0 BT T R 2 SR B B 0 AR SO AN TR 4 HEAT T
RS, SCIR LS A AN 3R 3 A5, H b SociallS-s BEAL HUjin 17 4
A S 0 2 it R AR 24 SR TR L T Social 1St 455 7 2 X
TAT P AR SR A AT 3 RV A AT 3 A 4 Bl A5 8

MZ 3 AT LLFE ., Social-s F1 Social-t # I iy MAE Al
RMSE 15222 ¥/ T I T WA B0 A AR, 3 36 B 9 355 43
Bk e R A T L I R R S5 A T P R
SociallS 57 2k [ PF 43 B %R 25 thn /N 43 1) 2 m A — 4~ Btk i
Social-s Fl Social-t 5 #1 , 33 3 B 5 X5 FH P Re 4F 140 5 R AE 19
P A S A BRI T SR,

3 DI EUE S LI Bl S 5 o A
Table 3 Ablation analysis on two datasets

Model Ciao(60%) Ciao(80%) Epinions(60 %) Epinions(80 %)
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
PMF 0.961 1.1984 0.9116 1.1205 1.0318 1.3119 1.0032 1.2214
SocialMF 0.8423 1.0975 0.8287 1.0611 0.8875 1.1510 0.8668 1.1028
GraphRec 0.7540 1.0093 0.7387 0.9794 0.8441 1.0878 0.8168 1.0631
SociallS-t 0.7296 1.0068 0.7224 0.9642 0.8186 1.0428 0.8034 1.0458
SociallS-s 0.7300 1.0112 0.7252 0.9678 0.8223 1.0654 0.8048 1.0624
SociallS 0.7262 0.9956 0.7176 0.9465 0.8142 0.9978 0.7942 0.9842
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