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Abstract—Social commerce based on relations is developing rapidly in recent years and the personalized recommender systems 
make the contribution. Based on the traditional collaborative filtering (CF) algorithm, this study proposes a social recommender 
systems that combing preference similarity, reputation-based trust and social relations between users. Using the real data from 
Epinions.com, we compared it with other five systems to evaluate its performance. The experimental results shows that the new 
recommender systems is quite promising in terms of mean absolute error (MAE), prediction precision, and recommendation 
precision compared to the traditional ones. 
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I. INTRODUCTION 

Social commerce is developed on the basis of e-commerce. 
Compared to the traditional e-commerce, social commerce pays 
more attention to the influences the social network makes in the 
decision-making process of users [1]. For people is part of the 
social network, the community interaction, such as the 
recommendation and sharing, will greatly affect the user’s 
purchase decisions [2]. Actually, purchasing is a social process, 
most people are willing to obtain opinions from their friends for 
reference. Some e-commerce websites have already been using 
your friends’ preferences to help users in making decisions. 
The prediction from Booz&Company shows that the 
transaction scale of social commerce will reach 30 billion 
dollars.  

Research on the social commerce has been appeared in 
recent years. YouRieKang from South Korea addresses that 
sheep-flock effect, social orientation, perceived usefulness, 
perceived ease of use, enjoyment and age are the factors 
influencing the consumers to accept the social commerce [3]. 
The study by CamilleGrange shows that recreational and 
serious consumers have different perceptions on the function of 
social commerce website [4]. In the empirical experiment of 
Pei-LeeTee and Pervaize Khalid Ahmed, 220 questionnaire 
show that motivation, ability and standardization are the 
significant factors that affect consumers to accept social 
commerce [5]. 

A large number of researches have showed that trust have a 
great influence on the purchasing process of consumer. Tang et 
al. found that the interactions between the consumers, social 
commerce websites and online vendors will increase 
consumer’s trust, and then affect the purchasing behaviour of 
consumer [6]. Yao et al. measured the trust in a virtual 
community  and  the influence trust  have  in  the  purchasing 
progress of consumers. In his study, the familiarity between 
members, perceived similarity, structural assurance(such as the 
rules provided by the virtual community) and trust tendency 
have a great effect on the trust between the virtual community 
members, and then affect the purchasing tendency [7, 8, 9]. 

Recommender systems help users to make a better 
purchasing decision [10]. To accomplish this goal, a 
variety of recommendation techniques have been 
developed. Up to now, there are three famous 
recommendation algorithm [11, 12,]: 
 Content-based recommendation mechanism: 

recommend according to user’s history behaviour 
such as browsing, and purchasing records. 

 Collaborative filtering mechanism：recommend 
according to the preference of similar users such as 
recommend a comedy that loved by others to a comic 
fans. 

 Hybrid recommendation mechanism: combing the 
advantages of the two methods above, recommend 
according to user’s history behaviour and considering 
the choice of similar users. 

These three approaches above perform well in 
personalized recommendation of traditional e-commerce. 
For not considering the influence of trust and social 
relations, the three recommendation approaches are no 
longer suitable for the social commerce. 

The idea of collaborative filtering was proposed by 
Goldberg et al. at the ACM in 1992 and applied in the 
Tapestry Systems [13]. Denote SI as the set of all items, 
SN as the set of all users in the community, Iu as the set of 
items customer u has rated, so the Collaborative filtering 
mechanism may be described as: 

                   (1) 
where  is the active user’s average rating on its rated 

items, it can be measured as : 

                                 (2) 
       is the preference similarity of customer 

u and v. Measuring the similarity with a proper method 
has always been a problem. There are two traditional 
approaches to solve this problem [14]. The first one is 
Cosine Similarity described as: 
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                                     (3) 
      The second one is Pearson coefficient [15]: 

       (4) 
      Both of the two approches above measure the 

preference similarity of two customers according to their rated 
items [15]. It is feasible when the amount of data set is plenty 
which is  unfrequent in pratical situation. Hence, the Trust-
Aware Recommeder Systems(TARS) has been created. 
Through the propagation of trust, TARS is more applicable. A 
famous one is proposed by Paolo Massa[28, 29, 30]: 

                                                 (5) 
where  is the maxium trust propagation distance 

(MTPD) in the network.  is the avtive user u’s trust 
propagation distance to user v which is measured as the shortest 

path length from trustor to trustee. On this basis, WeiWei 
Yuan et al. used the average shortest path length of the 
social network instead of  to improve the computing 
performance according to the small worldness. 

 

II. MODELING  

As stated above, the opinions from shopping experts, 
close friends and other customers with similar interests 
have a great influence on the users of social commerce 
[16]. However, for achieve some unknown commercial 
purposes, the experts may lie to customers or our close 
friends may have opposite preference with us. Hence, this 
study proposes a new social recommender system 
combing all the three factors: preference similarity, 
reputation-based trust, social relations. Fig.(1) shows the 
framework of the system: 

 

Figure(1). The Framwork of social recommender system. 

 

In this study, we use the data sets of rating and relationship 
as the input of recommender system and the final output is a 
top K recommendation list where K can be set by the website. 
The computing modules above are described as: 
 Preference Similarity Computing Module: using the 

rating data. System computes the preference similarity 
according to customer’s purchasing history and then 
output a similarity matrix of N*N.  

 Reputation-based Trust Computing Module: using the 
rating data. System computes users’ expertise and 
reputation according to the difference between rating 
score and the real one. 

 Social Relation Computing Module: using the 
relationship data. System computes the relationship of 
two customers according to the coincidence their social 
network share. 

 Weight Distribution and Rating Predicting Module: 
Using the multi-objective decision rules. System 
distributes suitable weights to the three factors and then 
predicts the rating score. 

Top K Sorting Module: using the prediction matrix. 
System sorts the items in descending order and 
recommends the top K items to customer. 

A. Preference similarity  

Preference similarity denotes the consistency of two 
users on type, price and style. In social commerce, it is 
regular that customers with similar interests form a 
community. Some scholars have been studying the 
recommender systems based on community [17]. Hence, 
in a large degree, customers with similar preference may 
be interested in the same goods [18]. As a result, one 
feasible approach to predict whether the customer is 
interested in a certain item is measuring the evaluation 
from other customers with similar interests [20]. In this 
study, we use Pearson coefficient to measure preference 
similarity:  

     (6) 
where  is the set of items graded by both users. 
 represents the score preference of user u,  which is 
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measured as formula (2). The higher the value is , the closer the 
two users’ preference are. It is important to notice that the value 
may be negative which means the two users have oppposite 
attitude[19]. 

Using the traditional collaborative filtering model, we can 
predict the rating of customer u on item j as: 

                            (7) 

B. Reputation-based trust  

Reputation-based trust refers to the trust obtained from the 
past interaction and performance which can be used to predicts 
its future behaviour [21]. Reputation-based trust is a global 
measure which can be obtained by all users in the systems 
when considering the trustworthiness. Actually, reputation is a 
factor that can be hardly computed. However, in rating systems, 
it can be measured by the accuracy of the ratings. If  is the set 
of items rated by trustee, i refers to any items in set   , SRi 
 denotes the set of users who have rated the item I, we 
can compute the average ratings of item I as: 

                                        (8) 
Then, the reputation-based trust can measured as: 

               (9) 
where Max denotes the maximum rating score of the item. 

Reputation-based trust is relatively stable constant, in a range 
of [0, 1] and will not change with the change of trustor. The 
closer to 1 the score is, the more credible the expert is. 

  After obtaining the reputation-based trust of customer 
u, we can predicts the ratings of customer u for item j: 

                        (10) 

C. Social relations  

Social relations denotes to the familiarity between two 
customers. The study from Brown&Reingen indicates that the 
word-of-mouth information with a higher relationship strength 
has a greater influence on the decision of customers [19]. If we 
regard each user in a social commerce website as a node, the 
relation between two users as an edge and then we can obtain a 
network denoted as , where V is the set of nodes and 
E is set of edges. If each edges has a direction, the network is 
called Directed Network. If each edges is weighted, the 
network is called Weighted Network. In a undirected and 
unweighted network, the distance of two nodes is traditionally 
defined as the number of edges from node u to node v. The 
closer the two nodes are, the higher their relationship strength 
is. However, there is not only one approach from node u to v in 
most situations. To solve this problem, Kiyana Zolfaghar used 
the sum of all possible approaches with a weight to calculate 
the distance [21]. Yung-Ming Li chose the weakest edge in the 
shortest approach to evaluate the social relations of two person 
[22]. But, the two method above share two shortcomings: 

(1)The ignorance of implicit relationship between users: As 
the relation establishing is a gradual process in social 

commerce. The ignorance of some important relations 
may have a great influence of the predicting scores. 

(2)With a big cost: the two methods above need to 
traverse each user’s entire social network [23]. 

So, this study uses the Jaccard coefficient to measure 
the relationship strength of two users. If Friend(u) denotes 
the set of customer u’s friends, the model is measured as 
[24]: 

(11) 
The value of Relation is in the range of [0,1]. The 

closer to 1 the value is, the stronger their relations are. 
This model has two obvious advantages: 

(1)The lack of some relations will have little influence 
on the relation strength. 

(2)The model just needs to compute the first layer of 
neighbours. 

 Using the CF model, the ratings of user u for item 
j is calculated as: 

            (12) 

D. The predicting model  

Since  each customers differs in ages, gender, 
shopping experience, they pay different attention to 
preference similarity, reputation-based trust and social 
relations [25]. As a result, we should consider the weights 
of different factors when predicting: 

(1
3) 

                                         (14) 

where  indicates the user’s 
preference to preference similarity, repuataion-based trust 
and social relations. There are three approaches to obtain 

the value of : 
(1)Analytic Hierarchy Process(AHP): expert in this 

field rate the importance of these three factors , summarize 
the rating scores and obtain a global weights value. This 
approach depends on the experts’ experience[26]. 

(2)Train the model using a test set: choose a test set 
using simple random sampling, build a multi-objective 
optimization model of decision making and compute the 
weights [27]. This approach is adaptive to different kinds 
of social commerce. 

(3)Decided by the users: let users decide which factors 
to prefer from the beginning. It is personalized. 

III. EXPERIMENT AND EVALUATION  

In this section, we will use the real data from social 
commerce to test the recommender systems. 

A. Data source  

In this study, Epinions datasets are employed. The 
dataset was collected by Paolo Massa in a 5-week crawl 
from the Epinions.com Web site. Epnions.com is a typical 
social commerce website. It guides customers to shop 
using customers’ comments: 
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(1)To every single item with a 200 words minimum 
comment length limit; 

(2)Customers can review the comments; 
(3)Unique trust mechanism: allows the users to list others 

into the trust or distrust lists according to the quality of their 
comments. 
 The datasets contain: 

 49,290 users who rated a total of 

 139,738 different items at least once, writing 

 664,824 reviews. 

487,181 issued trust statements. 

B. Experiment design  

In this study, we compared the recommender systems 
proposed above with other five model to evaluate their 
performance.  

TARS Model: proposed by Paolo Massa, The model uses 
the distance between two users to measure their closeness and 
then calculate the recommending weights. 

S Model: calculate the recommending weights using the 
preference similarity. 

T Model: calculate the recommending weights using the 
reputation-based trust. 

R Model: calculate the recommending weights using the 
social relations. 

STR Model: proposed in this study.  
AW Model: calculate the recommending weights using all 

the three factors but calculate the weights as follows: 

                                                (15) 

C. Evaluation  

In this study, we will use the following factors to evaluate 
the performance. 

1) MAE Footnotes sparingly 
MAE is a very important evaluation factor to evaluate the 

deviation of the predicting scores and the real one [26]. It is 
calculated as: 

                                 (16) 
where is the set of all users,  is the set of items 

recommended to user u. The smaller the value of MAE is, the 
more accurate the recommendation is. 
 
2) Recommendation accuracy Footnotes sparingly 

In theory, the top K items which are rated should be 
recommended firstly. So, the rate that items which are actually 
recommended in the top K items is also a very important factor. 
It is calculated as: 

                                            (17) 

where  is the top K items that rated by user u. 
3) Predicting accuracy Footnotes sparingly 
When the deviation between the predicting scores to the 

real one is less than the threshold value ε (ε is a free parameter), 

the rating score is predicted accurately. So the rate of 
items predicted accurately is calculated as: 

                                                                    (18) 
where  is the amount of items that meet the 

condition: .  is the sum of items 
recommended. 

4) Experimental results Footnotes sparingly 
At first, we calculated the preference similarity 

between users, the reputation of each user and the social 
relationship strength (in order to control the calculation 
complexity, we only calculated the social relationship 
strength between users and their direct and second degree 
connections).  The results are shown in Fig.(3)(4)(5). 

 

Figure(2). Distribution of social relations strength. 

 

Figure(4).Distribution of reputaion-based trust. 

 

Figure(5). Distribution of preference similarity. 
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From the graphs, we found that preference similarity 
fluctuating from 0.4 to 0.8, reputation fluctuating from 0.87 to 
0.9 and social relationship strength fluctuating from 0 to 0.2.  It 
indicates that users of Epinions.com primarily considered the 
reputation of recommenders and the preference similarity 
between themselves and the recommenders when making 
purchase decisions.  On the other hand, the social relationships 
are weak between users of this website.  We used the 233 item 
reviews of the user whose ID is 1 as a sample data set to build a 
model for calculating the weights of the three factors with a 
goal of minimizing the mean absolute error.  The model is 
shown below: 

 

s.t. 

 
 
 
                             (19) 

where  is the items that were reviewed by the user.  By 
solving this optimization problem, we got 0.462, 0.421 and 
0.117 as the solutions to ,  and .  Therefore, 
the optimal STR model is: 

(20) 

Then, we also performed recommendation prediction.  
Fig.(6) shows the mean absolute errors of the 6 models when 
recommending 5, 10, 15 and 20 items.  From this graph, we 
realized that STR model always performed better than any 
other models under different scenario.  Meanwhile, TARS 
model and R model showed similar results since they both only 
took social relationship strength into consideration. Like STR 
model, AW model was built with preference similarity, 
reputation of recommenders and social relationship strength, 
and it demonstrated a good mean absolute error as well; 
however, the weights of these three factors were calculated by 
taking the average values in AW model, and thus it could not 
compete with STR model 

 

Figure (6). The MAE of each models when K=5,10,15,20. 

Fig.(7) shows the recommendation precision of the 6 
models when recommending 5, 10, 15 and 20 items.  Again, 
STR model displayed dramatic advantage over other models 
from this angle.  It indicates that STR model is capable of 

understanding users’ interests and items’ pros and cons, 
and thus able to recommend items to the right users. 

 

Figure(7). The recommendation accuracy of each model. 

When using the prediction precision to evaluate the 6 
models, different ε affected model performances 
evidently.  In order to show the impact of ε, we compared 
model performances under the scenario of recommending 
20 items since the differences between models were small 
when recommending few items.  From Fig.(8), we found 
that when ε is less than 0.01, none of the models 
performed well; however, as ε grew, the precision of STR 
model improved fast and always demonstrated the best 
performance; it approached 100% accuracy in [1.8, 2] 
while other models achieved the same result in [2,3]. 

To sum up, the experiment results show that STR 
model is outstanding comparing to other models when 
measured by mean absolute value, recommendation 
accuracy and predicting accuracy. 

 

Figure(8). The predicting accuracy of each models. 

IV. CONCLUSION 

A. Summary  

In this article, we analyzed the user behaviours of 
social commerce websites first to discover the essential 
factors that affect user purchase decision, which are 
preference similarity between individuals, reputation of 
recommenders, and social relationship strength.  Then, we 
used mathematical approach to model these factors and 
come up with the optimal method to quantify them based 
on classical theories.  After that, we improved the 
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collaborative filtering algorithm by taking preference 
similarity, reputation and social relationship into consideration 
and create a STR model for recommending items on social 
commerce websites.  Lastly, we selected five reference models 
of STR and test their performances with the mean absolute 
value, recommendation precision and prediction precision.  Our 
experiment results justified the effectiveness of STR model. 

B. Future Studies  

When calculating the power of the three factors, preference 
similarity between individuals, reputation of recommenders, 
and social relationship strength, we only used a sample data set 
to build the optimal model; therefore, the weights of these three 
factors in the final model are only guaranteed to fit the sample 
data set but not the whole data set.  At the same time, these 
weights are also optimal for groups but may be biased for 
individuals.  Therefore, collecting data of individuals’ 
preferences of these three factors may improve the performance 
of STR model.  This could be a direction of future studies. 

Besides, Epinions.com did not provide the user distrust 
data, and thus the social data on this website is incomplete.  
Adding the distrust factor when modeling the social 
relationship strength could also enhance the STR model, which 
deserves future studies as well. 
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