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Collaborative Filtering Recommendation Algorithm Based on Multi-relationship Social Network

BIN Sheng SUN Geng-xin

(School of Data Science and Software Engineering, Qingdao University, Qingdao, Shandong 266071, China)
Abstract Recommendation system is one of the most common applications in big data. Traditional collaborative filte-
ring recommendation algorithm is directly based on user-item scoring matrix. For massive user and commodity data, the
efficiency of the algorithm will be significantly reduced. Aiming at this problem, this paper proposed a collaborative filte-
ring recommendation algorithm based on multi-relational social network. The information propagation method is used to
detect communities in the multi-relationship social network based on multi-subnet composite complex network model,
the users with similarity are divided into the same community. And then the k-nearest neighbor set of users is selected
to construct the user-item scoring matrix within the community. Then the collaborative filtering algorithm is used to
recommend through the new user-item scoring matrix, thus improving the efficiency of recommendation algorithm with-
out reducing the accuracy of recommendation. Compared with traditional collaborative filtering recommendation algo-
rithm on real data set Epinions, the results show that the proposed algorithm has high recommendation efficiency and
accuracy. Especially for big data, the execution time of the proposed recommendation algorithm is improved by more
than 10 times.
Keywords Recommendation algorithm., Social network, Big data, Multi-subnet composite complex network model. In-

formation propagation, Community structure

1 3l

il

HEFE F GE R A e A 3 ) A T B R R
BORPOR M W LN 2 — o 3 RGEF AR R A,
AR 00 T A B R 2 e S5 AR AT 07 3 ) SO AR A £
B it TS A PEACHERE . FRD . e RO IR 72 R g4
AR HE TV () S Ul i e A Sk X R R T - H
VI3 5 9 S T 380 TP AR B2 R o AR B JE B T Sy T P A
FCRTRETS ZEAY R b . (ELBE A T R o R A 5 b ) o

| H Y .2018-11-27 iR H M. 2019-05-02

BB P BE A BT IR AR 3k PR O R T G R 5 T P ] Y
ARARLE THERFE Bl T dk I (] {H X B 2 Y 72 45 R OF A B
FR M L IE R R B RN (B R M A AR

BEAh KB 19 B IE 2 SORAE TR e T2 0, e
75 22 BUE B Rl 5 3 8 v 8 0 B2 3t 23 i 4 HG DN 7 Y Bk
o R IR 58— B4 L L B — RO URE S W HOE A M S
B A R R BE B ELIE RS SC, R K P R A AL SR 56 &
Al B R g W LS A B P A ULBE L OF HLRETE
— TR I fifp P £ G PP [ ok 2 A 1 Tk P A T B KON A

KL ZHE WA SR AR H AT H (15YJC860001) , 4 [/ i i R £ WF 5 & A 5 H

(20171.238) , IN A48 B4R E 4 T 1 H (ZR2017MGO1D) , I R4 2 Rb 22 %035 H (17CHLJ16) % i) .
E BA979—) ., W @R FEOFIE O A KBURE 287 . E-mail : binsheng@qdu. edu. enGEE/EE) s INEHFH (1978 —) . B . i+, Bl 42,

TS 10 A



12 W =

B o A T 20 50 A SZ I 45 14 D[R] o D 4 Ak 57

WA Sh A HAR S R 2 R P AR 2 R OE R L
il 5 28 % T 4 7 B B2 0RO () Y L B ) A — okt 225G &
SR T A 5 R B AR

PG AR SCHR T — ol T 22 56 AR A 52 9 4% 119 B [ o 3
Ak, BAERZTME SR 2 RMERAE M EZ R
W 255 5 SR 5 T AR S A% 46 7 1 % 40 B Y 2 0 R AL S R 2% S
O 32 A 8 P 235 4 R0 o AT 46 A B2 482 30T 119 P i 2 38 — 4>
P o5 B 7 A P DS Sk 3 5 R A TP A B I R Yk
AP AURCH: - 4B A& o i FH 2 AR 4R & 4 1 P - F O
IR FERE A R 98 Sk AT MR . T AL IS5 A Z A AE
T8 5% 25 70 0 ) 0 P 75 S ) ek P 05 4 A9 R 7 1 ) AR 0 1
553 o DR AT 1 7 I A o 5 A o o AR O 4 P o 9 T P -0 O
B AT S BT A AN I8 A R 7 T R P R R R AR
L PATROR

2 MXTIIE

b U A 3 A S B T A2 1 [ e g A 3 T A
ALY fy O3 IR] o 0 33K 79 288 v A 2 LA D P <A O 4 R M Dl
il F) o EL BEE FEP  R  h A En  FH -  E  E RR
A R A R DA TR 7 P ) O B s Y RS T R
TR R TR B AT AR, Roh BRI R Ik R 28 Tk
X TP R R O R AT 2R 2 LR AR T R 0 I T A AR A
TTHER? . Zhang S5 6 RSO 2 26 05 12 R0 43 35 WO 1oL 490 it 11
FH R R AR [ 1 2 0 W il 7% L SR 05 BEATHE RS . Santhini
AU Y T3 o 3R 2 T iR 0 RO R AT W IR o e A Y
AR AE— R RS T AR R, (R R
ARAREE JH P - g 3 3 4 IR AR Sy T 304 U fe B i i 3
WAZ M Z AR (FELRFH SR WA
B BT 1 R A SO A A T R B S R 2 X SE
TRRMER AR SRR, Il kA R 2 5] A
EFE F G0 PR S8 38 VP A LR A AR 2 A A 77 R gt s ik
Chang S EMEFE R & TH M & hIEE X R
FH P 8] 945 AR BEAE S P -0 B R e vh s e £ A 2 1Ok T
43, Pan SR AL 28 45 P (5 AR C ROR BRI TR R
G v Y R0 i Ve IS Bl IR TR BT A S 0 4% RE A8 TEAR R
PRI LS THETE R G A PR RE . Ak 52 IR 4% g Y B A2 O T
25 AT A A P A T T AT LK IR 2% 5 R 43 R N O
FEE VNG RBB A AE AT Wang SF5CUR A AR 45
A 6 B 12 o SC 51 T 1 O 2% 0 485 kA7 4 P 2 Al 4,
FETR] — # PR Py T 4 3 B kil A7 2% R 3B SCHE## . Zhang
SRS T P30 B o3 R i S ) AR R 4L 2 R
2% v B AL ALK HE P S B9 Top-n B Gl HEFE 45 TP L B2 71 T 4%
B HERR PEAIZOR . Guo S & Y T — il 4 4 58 9 2% R AE
4 P T b 0 77 B0k TDSRec, 76 — 8 B2 B2 b D T 1% 5 O
(7] dod 08 B % vl ) Al A g 1) B Forsati 55U 42 Y So-
cial MF BB A5 (R A B AL 51 A LSS v B st S e T
HAE L AFAE R R XA LR, Park 450042 11 ) TDRec
B U 3 — 0 o A 52 I 45 v A A D6 R 20 SR AR AR AR AR
BRI AT MR . BRI 1Y 5L T 2% P 4 4 P R 43 11
HEFE Tk O R A R 7 1O 1 25 R0 T B0 BRAT 280 O i A T

— 5 B E AP L (H X e PR AR e T A5G R AR R 45 1 L RN R
b 22 0 245 o AN AAF TR — F OC 2R T 30 55 v A9 4 52 19 46 52 s |
S Z R WL ) Ak 22 W 4 i P R TR P (S A
KE OB RS, X8 B R g T H P
(R B9 52 B AFAT o DTS H 7 45 2R 7 AR R R G 2ma . I 51 A
A7 2R B8 B R S R 46 B2 — 2 00 R B AEAE S T R
B A2 4% TR 445 T A2 5 114 02 24 ) 446 A 80 O O 8 AR 4 b e 38 ik o
e IRIC R WL R S T R M A EAR . T
A SCHEE TR MR AL MR Z X RN Z TRNESE
2% 100 245 A5 20 R A it 22 0 ZR A S 19 2% L O AL 8 A% 16 7 T %
oy S By P00 45 BEAT A AT 5 K i o3 o OIS 7 PR 0 L 2
FPF o3 4 R BE VTSR P ML S5 5 18 AE R Y P O
3 AR ABLAE A0 R P A S A R 7 AL DA 5 A TR A A A T i
B kT ABAR A M RO/ T e B i T B8

3 ETETHMEGEANERENEXAEHRS
W) 2% 44 32

TEMERE R Go i, Hoor 3R 0] LU 43 o P RS o A 42
B R m AP R FERTE L P RS U AT RR A
U=l sz s su, b B EE T AIRRN T= i sin s
TEMCEERE b P A F RS I B R Hom Xn N ER
itz sttt s P BB RN A Lr Jocn s o s RoORH P w X T
S5 0 PFRT A P PE Sy P — R AR RS AR MR AN SR 1 R

71'71}0

i | B3| iy | s
w | 3 5 4
u; 2 3
us 2 1
Uy 4 1
us | 2 5 4

1 - P o34
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