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1 Abstract: Social recommendation is almost as the integration of the business platform and social
= platform, and gradually become a top in recommendation system. Social recommendation algorithm
s solves the problem of cold start and data sparseness for traditional commodity, while the internal
«  structure of the relationship graph in social relations has not been fully excavated. This paper proposes
s two models of Micro Relation Transfer Model and Macro Relation Transfer Model of social relations,
s and applies the social relations transfer models into the social recommendation system. A relationship
»  graph is built from the relationship between customers on the Internet. Micro Relation Transfer
s Model establishes the transfer activation function by calculating the relationship between the two
s customers using the similarity of interests set. Micro Relation Transfer Model spreads the relationship
1o of friends by calculating the proportion of common neighbors held by the customer’s social relations.
1 Inorder to effectively control the transmission range and effect of social relations graph, we introduce
1z pruning algorithm based on Monte Carlo Decision Tree convergence algorithm. The experimental
1z results show that SRRTC algorithm enhances the success rate and stability significantly.

1= Keywords: social recommendation; relationship graph; micro relation transfer model; macro relation
15 transfer model; monte carlo decision tree

¢ 1. Introduction

-

17 With the development of cloud computing and big-data analysis, the performance of
1= recommendation systems has been greatly developed in theory and practice. Currently, the
1o recommendation system has become a very important technology in e-commerce and social
20 networking, and has produced significant economic benefits. The most famous application in large
22 and medium-sized sites, such as Facebook, Amazon, Taobao and Douban, uses various forms of
22 recommendation algorithms to provide content, friend, and shop items recommending.

2 Collaborative Filtering (CF) algorithm, which is the primary applied algorithm, takes advantage
2a  of fast and accurate features. Content-based recommendation algorithm was trying to explain the
= interpretable relation between items in a certain extent. On the other hand, some researchers introduced
26 the user’s personal information, browsing history, and physical location information to improve the
2z accuracy of the recommendation system. However, these methods could not solve the data sparseness
2s and cold start problems.

20 Currently, some researchers use the social relations to deal with the sparseness and cold start
s of recommended algorithm when some online shopping or media platforms developed the social
a1 modules. According to social relations and user’s feedback for relation estimation and reasoning,
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2 SocialTrust, such as EigenTrust [1], TidalTrust [2], MoleTrust [3], and James Caverlee [4], propose a
s recommending theory based on the credibility of the dynamic trust reasoning model.

34 The existing credible recommendation methods are more concerned with dominant trust
ss relationships, ignoring the transitivity of social relations, like: friends of friends are more likely
36 to be friends, and birds of a feather flock together. In this paper, two trustworthiness models, Micro
sz Relation Transfer Model and Macro Relation Transfer Model of social relations, in sociology are
ss  introduced into the social recommendation system to solve the sparseness and cold start problems. We
3o build a relation graph of the relationship between customers on the Internet. Micro Relation Transfer
20 Model establishes the transfer activation function by calculating the relationship between the two
a1 customers using the similarity of interest set. Micro Relation Transfer Model spreads the relationship
«2 of friends by calculating the proportion of common neighbors held by the customer’s social relations.
a3 In order to effectively control the transmission range and effect of social relations graph, we introduce
4 pruning algorithm based on Monte Carlo Decision Tree convergence algorithm. The experimental
4« results show that SRRTC algorithm enhances the success rate and stability significantly.

46 This paper is organized shown as follows: Section 2 introduces the trusted recommended system
«z and the social relation transmission research hotspot. Section 3 introduces the recommendation
s algorithm of friend social transfer and explains Micro and Macro’s Relation Transfer Model. The
4 optimization pruning algorithm is proposed in Section 4. Section 5 illustrates the experimental
so processes and measurements. The performance is discussed in Section 6. Finally Section 7 presents a
s1  summary of the work of this paper.

2 2. Related Works

53 The traditional recommendation systems which are mainly based on review comments
s« collaborative filtering (CF) [5], content similarity estimation and mixed recommendation. Many
ss algorithms in [6] have achieved good performance in e-commerce and media platforms, such as the
ss Amazon, Taobao, and Reuters News, to solve the sparsity problems of CE.

57 In general, the CF method is subject to cold start and data sparsity problems. There are many
ss literatures that propose ways to attempt to solve those problems. One possible solution is to reduce the
s sparsity degree by removing the non-representative user or project to narrow the user rating matrix
e [7]. Another approach is to identify the most appropriate user in the forecasting process by using
e1  specific methods such as specific similarity measures [8,9], pattern mining [10], social networks [11], or
ez resource allocation [12].

o3 Social relation (Trust relation [13]) mining or a new research hotspot that many scholars
e« have discussed extensively in recent years. In [14], the author proposes a social network service
es recommendation method with trust enhancement function, called "trustman". In order to improve
es the accuracy of the prediction of the top k ranking, [15] proposed a method based on the objective
ez function recommendation, in which the users are divided into two types of trustees. Based on the
es Tensor factorization technique, Kim and Yoon proposed a trust model in [16], which shows a trust
e model with additional information as a factor. In [17], the author defines the trust and reputation, and
70 introduces the corresponding calculation method in which the trust factors have certain advantages in
7 a film recommendation. In [2], two novel methods of using the trust network to improve the top-N
72 recommendation are proposed. In order to alleviate the cold user problem, the author uses a special
zs APl in [3] to select the most valuable node in an aspect to calculate the probability of a similar favorite
7a category. In [4], the author attempted to provide a personalized news recommendation in the news
7 reading community through implicit social information to deal with cold start problems. In [18],
76 Krauss and Arbanowski introduced the social preference ontology to solve the cold start and sparse
77 problems.

78 Yilmazel and Kaleli analyzed the robustness of some typical recommended methods based
7o on distributed data in [19]. In order to limit the behavior of malicious recommendation and
s fraud, Wang and Gui proposed a dynamic recommendation trust evaluation model based on
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a1 e-commerce environment bidding in [20]. In [21], Shambour and Lu developed an implicit trust
ez filter recommendation method and an improved user-based collaborative filtering recommendation
es method to select a reliable business partner to do reliable business deals. Since the trust value is
s« calculated based on the user’s average rating, the reliability and sensitivity are not high. Alejandro
es and Parapar used spectral clustering to deduce a clustering-based collaborative filtering algorithm in
e [22]. The method of sorting could accurately select the appropriate neighbors, so the performance is
ez superior to other technologies. [23] proposed a reputation measurement method that measures service
ss reputation to prevent malicious users from web service recommendations. By detecting malicious
s feedback ratings and integrating feedback anomalies, the method can identify the trustworthiness
o0 of Web services and generate prevention programs to improve the Web service recommendation
o1 performance. In [24], a multi-category recommendation system for a specific domain trust network is
»2 proposed, which used a more scientific root mean square error MAE coefficient as a measure of the
»s recommendation system performance.

0a To sum up, these methods improve the recommendation system performance successfully in
os some degree through using trust value between users. However, social relations, as a complex social
o network model, have the dynamic transfer feature. Therefore, based on previous researches [25], we
oz propose a macro friendship relation similarity expansion algorithm, and the micro-friend relation
es expansion algorithm of depth transfer, combined with MCTS algorithm and pruning algorithm, to
s optimize the collaborative recommendation system and as far as possible to solve the cold start and
100 Sparse problems.

101 3. Social Relation Transmission Recommendation

102 Currently, more and more social communication platforms begin to provide the online
103 shopping model in oder to increase the incoming and user adhesion. Therefore, the social relation
s recommendation algorithm is also being proposed to improve the performance of traditional
105 collaborative filtering model. In this section, the social relation transmission model will be introduced
1s deeply after the social relation recommendation model.

w7 3.1. Social Relation Recommendation

s 3.1.1. Collaborative Filtering Algorithm

100 Assuming there are M users and N items on the platform, the user set and item set can be
1o described as User = {uy,uy, ..., uy} and Item = {itemy,itemy, ..., item, }. We can generate a review
11 score matrix Ry, = {r11, ..., Tijs e tmn }, if the ith user buys the jth product, and the evaluation score for
1z the item is 7;;. Then, we can estimate the similarity of evaluation scores between user 4 and user b
us using Peason model:

Y Rux ¥ Ry

' % Rm‘ « Rbi o icuab nicuab
. R 1CUG
sim™(a,b) = 1
(®) VAx B @
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Figure 1. Social relationship network diagram
us  3.1.2. Social Recommendation Algorithm
116 In the social platform, we can get a friendship matrix F = {f11, ..., fap, .., fmm } Where we can use

ur  fap to describ friendly relationship between user a and user b. f,;;, = 1 represents user a and user b is
ue  a friend, the relationship is credible, and f,;;, = 0 represents there is no direct relationship. Then we
us obtain the social relation similarity between user 2 and user b using cosine function.

Y ab
SimF(a,b) —__abeF (4)
Y oa |y b?
acF beF
120 Assume that the social relationship Sim’ is orthogonal to the user’s interest Sim®, we can use a
121 linear function to construct the social recommendation model Sim® as:
Sim® = aSim® + pSim* (5)
122 here « and § is undetermined coefficient. And the strategy of value can be described as follows:
a+p=1 (6)
123 3.2. Relationship Transmission Model
124 In the real world, most people become friends in the following two ways (as shown in Fig. 1). On

125 one hand, “Friends of friends are more likely to be friends”, which we call it as Micro Relation Transfer
126 Model. On the other hand, it calls "things of one kind come together, birds of a feather flock together"
12z phenomenon. Two people have a lot of common friends, when they become friends, the surrounding
128 friends will be more and more dense, which we defined as Macro Relation Transfer Model.

120 3.2.1. Macro Relation

130 If A and B have many common friends like C, D and E, they are much easy to be friends. Thus,
11 the friendly relationship transfer model is similar to width traversal, which we called Macro Relation
132 Transfer Model. We use Pearson correlation coefficient to estimate the common friend degree
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133 At the same time, we assume that @ and b can become a direct friend when the transfer relationship
13a  is larger than a threshold J,4¢r0:
1 tfmacro(a,b) > 6
! , b — macro 7 — Ymacro 8
f(ab) {0 other ®
135 3.2.2. Micro Relation
136 Assuming that A and C are good friends of B, B introduces A to C, and C introduces A to his

13z own good friend D. Thus, the friendly relationship transfer model is similar to deep traversal, which
132 we called Micro Relation Transfer Model. But in real life, the trustiness between friends to pass once
13s Will be descended certainly. Therefore, we define the micro transfer model between new friendly
10 relationship as follows:

t b) 9
fmzcro a |L| ZEEL dl ( )
141 where User a can contact b through relational path / and L represents all possible paths. Like the

12 macro relation, we assume that a and b can become a direct friend when the transfer relationship is
13 larger than a threshold 6,icr:

1 tfmicro(a,b) > Oy
! , b — micro 7 - Ymicro 10
fa,b) 0 other (10)
1aa 3.2.3. Transfor Model
145 Assume that the obtained relationship matrix TF can be accumulated on the original friend
s relationship matrix F after y intration:
FF=Fr1 4 TFF1(a,b) (11)
147 4. Transmit Optimization Method
148 We believe that the transfer of friendship can improve the performance of the recommended

s system, but there are also some problems, such as over fitting. Therefore, we propose the following
150 optimization methods.

w1 4.1. Category Recommendation

152 We think that users could buy the same category product with the same functional requirements,
153 but in the specific purchase of the product model will have their own tendencies, such as different
1s¢ brands and different price range. Therefore, we use the category to calculate the recommending list.
155 Assume that category c; contains i product items, {itemy, ..., item} € c;, the review score of user a
16 for category is:

1
R, = T X;rm (12)
1

157 Then, the category recommendation function can be written as:


http://dx.doi.org/10.20944/preprints201711.0033.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 November 2017 d0i:10.20944/preprints201711.0033.v1

60f 10
L Ryx L Ry
Z RC‘ « RZ _ iclyy, iCUpyy,
at 1 n
. R iCUgy
sim=(a,b) = 13
ot VAX B -
e 4.2. Optimization Methods
159 We propose the MCST Direction Optimization and Threshold Pruning Optimization methods to
160 deal with the credibility problem in the relationship transfer.
161 4.2.1. MCST Direction Optimization
162 In the real society, the friendship between people will decrease with the increase of the

163 transmission number of layers. Therefore, we introduce the MCTS algorithm to guide the Macro and
e Micro relations. MCTS algorithm is divided into three parts: selection, transmission, backtracking. The
s details are as follows:

166 Select: From the root node (A layer node), recursively select the B layer node L that meets the
1z following convergence constraints.

A(n) = F" — 1 (14)
lim A(n) <7 (15)
168 F" is the nth transfer. The transmission will be terminated when the difference between two
160 transfer results is less than the threshold +.
170 Transmission: If it does not terminate at L-level, it will continue to look for its child nodes (C-level
i1 nodes), traverse its child nodes (L; in the C layer) and add the above convergence constraints again at
172 Ll.
173 Backtracking: Update the value on the current eligible users; action sequence (create the

17a  relationship between layer A and layer C).

ws  4.2.2. Threshold Pruning Optimization

176 In this section, we use the threshold pruning algorithm to preprocess the similarity matrix of
177 the original user, similarity matrix of the original friedn relationship, similarity matrix of the Macro
17e  transfer relation in expansion and similarity of the Macro transfer relation in expansion, processing
17e  method is as follows:

n
Seut = Y, Cut(S; < 6) (16)
i=0
180 S; is a certain similarity in the matrix of similarity needed to be processed, and J is a threshold. If

1e1  similarity between two users is less than the threshold in the similarity matrix, this similarity between
12 the users will be deleted.

183 After the data is preprocessed by the pruning algorithm, the friend relations with weak reliability
1es  in the original data are removed, and a new similarity S¢,; matrix could be obtained. We could finish
1es  the recommendation based on the cut similarity Scy;.

1es 5. Experimental Environments

17 5.1. Experimental Data and Environment

188 The data set used in this paper is from the prestigious e-commerce commodity evaluation website
180 Epinions.com. The amount of data is shown in Table 1. The user scores to the item are from 1 to 5 in
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Table 1. Experimental dataset size

Table Name Data Size

User 131228
Product 317755
Category 587

Review 1127673
Similarity 3689606
Trust 538391

10 Review table, and the trust defaults are 1.0. Through calculation and analysis, we find that there are
101 17599 users who do not exist the score information, more than half of the user scores are less than 5 or
102 the number of direct trusts is less than 5 which means the data set is very sparse.

13 5.2. Measure of Recommended Algorithm

104 1) Recommended Success Rate (SR)
R % (PR N ZR,ERtaprs PR/)
€ Reest
SR = 17
Riest 17
195 R is the user needed to be recommended. R’ is the users whose similarity with the user R ranks

s among Top — N in the corresponding data table. Ry is the test user set. Pg is the item number
107 (category) set purchased by R. Pr’ is the number (category) set of items purchased by the Top-N users.
18 Ryppn—s represents the Top — N users set with the highest similarity to the user R in the data table S.

100 In the experiment, the recommended success rate is used to measure the macro-quality of each
200 recommendation algorithm. The higher SR, the better recommendation performance.

!
Y RujieRyeg |Rui — R} |
Rtest

MAE = (18)
201 |Rtest | is the number of reviews in Review table. R, ; and R/, ; respectively represent the amount of
202 user’s actual comment (purchase) and user’s predicted comment (purchase). Particularly, |R, ; — R;/i|
203 is Boolean minus.

208 Since MAE is absolutized, there is no case of positive and negative to be offset, which could
205 better reflect the actual situation of the prediction error. Therefore, we use MAE to determine the
206 recommended system micro-quality level. The smaller MAE value, the lower error of the recommended
207 algorithm, the more stable recommendation, and the higher performance.

208 6. Results

200 In the experiment, we use four methods, traditional Collaborative Filtering (cf),
210 social-based recommendation (friend), Macro transfor recommendation (Macro) and Micro transfor
2 recommendation (Micro) for results comparison.
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Figure 2. Collation Map Under Different Recommendation
212 Figure 2 shows the the SR and MAE results on the category recommendation. We can see that the

23 Macro and Micro algorithms are improved by 3.4% and 1.5%, respectively compared with existing
21a friend social-based collaborative recommendation algorithm in Figure 2 (a). However, the MAE for
x5 the Macro and Micro algorithms alos increased for Macro and Micro algorithms, which means that
zs  this two kinds of extended algorithms have decreased in the recommended stability in in Figure 2 (b).
2z The Macro and Micro delivery have some improvement on the accuracy of the recommendation.

20.00% 35.00%
18.00%
16.00%
14.00%
12.00%
10.00%
8.00%
6.00%
4.00%
2.00%
0.00%

30.00%
25.00%
20.00%
15.00%
10.00%

5.00%

N
N

friend

V7777777777777
AMMMIImmmINNN...
mpmmm

V7777777777777

AN\
AN N NN\
Z AN

V77

AN\
mmmmmn;

V7777777777777 7/
AN
V7777777777777
5‘\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\&
mmmmmmmmmny;
AN

V /7777777
El
mmmmmmmn
AN
mmmmmmy
ANMMIMMBPBPIONNM
mmmmmmnny

////////%
M\

0.00% =

A\

=
g
3

friend Macro

Nitem #Zitem-opt N category % category-opt Nitem #item-opt N category % category-opt

(a) Results of SRs (b) Results of MAEs

Figure 3. Collation Map Under Different Optimization

218 In order to analyze the experimental results more clearly, we show the effect of item-based and
20 category-based recommendations with different methods in Figure 3. Figure 3 (a) illustrates the SR
220 results for item-based and category-based with four recommendation methods. We can clearly see that
221 the SRs results based on category recommendations are almost more than 4~5% in average comparing
222 with the item-based SRs. Moreover, the proposed optimization pruning algorithm basically does
223 not reduce the SR results of each method. Figure 3 (b) illustrates the MAE results for item-based
224 and category-based with four recommendation methods. It is very clear that the MAE value based
225 on category recommendations is much smaller than the item-based recommendation results. The
226 proposed pruning algorithms can effectively suppress the recommended error conditions for Macro
22z and Micro transfor.

22s 7. Conclusions

220 This paper proposed relations transmission in the social recommendation system based on the
230 social relation theory of internal structure of relation graph. We named the deep spread of relation
21 as Micro Relation Transfer Model while the wide spread of relation was Macro Relation Transfer
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22 Model. Micro Relation Transfer Model is considering that birds of a feather flock together, transformed
233 the relation with maximum interest similarity. Macro Relation Transfer Model is conceding that
23 people who have mutual friends are most likely to friends, spread the relationship by the proportion
235 of common neighbors. The Monte Carlo Decision Tree convergence algorithm was introduced to
23 diminish the effect of social transmission. We used epinion dataset to enhance the performance of the
237 entire recommended system successfully.
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