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Abstract: Objective Social recommendation introduces users’ social information based on traditional recommendation to
generate better recommendation results. As social recommendation involves not only the user’ s information but also the
user’ s social relationship information, privacy protection for users becomes more important. However, most current social
recommendation methods focus only on improving recommendation accuracy and overlook the issue of privacy protection for
users’ personal information. Therefore, a privacy protection method for the social recommendation based on community
division (SRCD) was proposed to address the privacy protection issues of users’ rating data and social relationship data in
the social recommendation. Methods First, considering the impact of rating value distribution on user similarity and
combined with the social relationships between users, communities in the social network were divided, and the average

ratings of users for items they have viewed in each community were calculated. Then, based on the results of community
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satisfactory recommendation results for users.

used to predict user ratings for items, thus evaluating the algorithm’ s performance. Results Through simulation
1 5l

=

division, similar communities to the community where the target users belong were identified. This allowed for the
construction of a community-item rating average matrix. Additionally, for sparse rating average matrices in practical

scenarios, median imputation was used to fill in missing elements in the matrix. Finally, matrix decomposition results were

Keywords: privacy protection; social recommendation; community division; grouping aggregation; matrix decomposition
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experiments, it was verified that the proposed method not only provides a guarantee for privacy protection but also has a
A

similar prediction accuracy in recommendation accuracy compared with existing social recommendation algorithms.
Conclusion The proposed method not only protects users’ privacy information to a certain extent but also provides
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Fig.1 The graph model of social graph and preference graph
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Input; A 7 7 % users, R B ) & items, A F - BiE - FH
user_scorings , 7t X 249 P 3 k

Output ; # X 7 % communities

(1) #4s4 = 5] K communities JA T G35 X 45 69 4L R

(2) M4 E F I user_similarities | T8 F A3 A P Z [ 6§
LRS- ARDLL

(3) for each userl in users:

(4)  for each user2 in users:

(5) if userl! =user2.

(6) AR X (1) EEFE sim(userl ,user)

(7) if userl,user2 X A AR B .

(8) user_similarity = sim (userl ,user2)

(9) else:

(10) AR X (2) - H A P AAE sim_i(userl ,user2)
(11) user_similarity =sim (userl ,user2) +

sim_i(userl ,user2)
(12) similarities. append (userl ,user2 ,
user_stmilarity)
(13) similarity. sort( reverse = True ,key=lambdax :x[ 2] )
(14) fori=1to k do
(15)  community =find_user_by_index( similarity[ i][2])
(16)  communities. append( community )

(17) return communities
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sim_i(u,v)=

M A
AP
1 2 3 5 7 11
1 1 1 3 2 4
2 2 5 3

FHP LR 2 4550 H 1 BRE e[ 1, 2] IX ], 44
WH 11 EaAE[3,5] XM, Mg H 2 B3 A7
(12 X [EANEEL 3,5 X Bl BT LA P 1L AP 2 19
AL B A H A 2 A4S, TR 1 57 2 ZIiE s H

2 1
AL 2 szm_l(u,v)=m=?o
Ba A1 5 2 ELE A FUE ]

i a@zszéwwgw%%%o

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



34 ERIHAFFR(AARFER)

%41 %

YRR DL O RN P R SRS AR

I A H AR P 5 A P 2R A AR R
FH -5 HEs P AU P SRR kA
M PR — X

Example 4 B4 1 b4, Of Hoi% B 4t
XIS ECE R 5, RIS 5 A, A
PRI 4 X B FH P 2Z R AR UM f K, B SE ik P 1
B 5 HADLE A M CUE R K — P B2 P
3, BRI K L U 3 RO E— AR IX, 4ksE T
LA AR 5 Y mrat X FrA F 2 ) AR i 5ok
FIEE AP, B 1 558 AP EEH
WM R 3 55 AP LA HAUE, JF ik #E
A SR ASAS F P Fe AR G 7 vk, B 4 T4
B2 KX AP R o B R — ANk X 38 G R )
77 3K, RERSHA PR IRl — 4L X BLAG FH AR

BRI 2 B B L BT 2R EE R O(m?) . m
AP - 12 77 P Z 2R A AL 817
BHAELR O(m?) 514-16 FT5245 HARH P G4 (k-1)
AL P BRI 22 BE R O (mk) o k 33 /NF m, T
DIBEYE 1 BRI 24 0(m?)
3.2 HHIERA

B2 R X BRI H P IE, ik
2 fridk

Sk 2. R

Input; #£ X communities , F| F' = B 75~ F $& user_scorings
Output; # X 333 B 89 3F 5 15 F & communities_avgs
(1) #4st = F - communities_avgs B T F 3 AL K 2t 3
B #3F 5314
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ALy R B Feif o

(4) for each user in community :

(5) for each item ,score in user_scorings[ user] :
(6) community_item = user_scorings | user ]

(7) community_items. append ( community_item)

(8)  for each item,scores in community_items

(9) FA K (3) AR community 3T B item #93F 5
¥ A avg

(10) community_avgs| item | = avg

(11) communities. append ( community_avgs )

(12) return communities_avgs| item ]
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Table 2 Results of community division

A X A F
1 1 3 4 51 96
2 2 9 12 13
3 3 1 4 51 96
4 4 51 46 72 96
5 5

7 19 37 89
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Table 3 Item score data of users in Community 1

-
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1 3 6 7 11 13
3 4 3 1
5
51 1 5 5
96 2 1 2 3
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Table 4 Average item scores for Community 1
A
1 3 6 7 11 13
1 0.2 1.2 1.0 20 24 26
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Input; # X %) & communities , FAA4 X A4 n
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Z 8] W AR B

(3) for communityl in communities ;

(4)  for community2 in communilies ;

(5) if communityl! =community?2 .
(6) F)RA K (4) 7 FAL R Z 8] 694805
(7) community_similarities. append ( ( communityl ,

community?2 ,similarity) )
(8) community_similarities. sort( reverse =True ,key=
lambdax :x[2])
(9) fori=1ton do
(10)  sim_community = find_community_by_index
(community_similarities[ 1] [ 2] )
(11)  sim_communities. append( sim_community)

(12) return sim_communities
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Table 5 Matrix of community—item scoring means
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Table 6 Statistical information of Film Trust dataset
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Table 7 Social recommendation algorithms and models
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Table 8 Experimental parameter settings
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