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1. Introduction

“Social is not just about sharing connections, it's about providing
different ways for people to interact…. Social commerce excites me —

we already know how powerful recommendations from friends can be
and the group shopping experience can easily be replicated through
social commerce.”

[Sophy Silver, Facebook's UK & Ireland Public Relations Chief]

With booming social networking technologies and platforms, most
e-commerce companies are creating social network profiles of their
own. J.P. Morgan anticipates that global e-commerce revenue will
reach $963 billion by 2013 [28]. The report forecasts that e-commerce
revenue will grow to $680 billion worldwide, up 18.9% from 2010
revenue, and online retail commerce in the U.S. alone will grow 13.2%
to $187 billion.

For many people, shopping is a social experience, and they often
want to get their friends' opinions before buying. Social commerce
is helping people buy where they connect. It integrates social media
into e-retail sites and adds e-commerce functionality to social networks.
For online storeowners, social commerce is becoming a way of thinking
about transacting business online. Some e-commerce sites use your
friends' preferences to help you make better purchasing decisions.
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Amazon, for example, helps you find records and books by the artists
and authors your friends have listed in their Facebook profiles.

Recommender systems assist users in making choices from various
alternatives; the goal of these systems is to estimate user preferences
and provide predictions of appropriate information. Social recommender
systems aim to relieve information and interaction overload by applying
various techniques that ultimately present the most relevant and attrac-
tive information to users. These personalized recommendations based
on social interactions or preferences are viewed as a huge opportunity
for vendors. Indeed, a survey of online retailers in 2010 found that
over half planned on implementing recommendation features on their
sites [20].

To date, a variety of recommendation techniques has been developed.
To our best knowledge, collaborative filtering, content-based, and hybrid
approaches are three popular approaches that have been used to gener-
ate recommendations [23]. An approach that has received less attention
is using the social relations on individuals as an additional source of
information. The principle of homophily from the social network field
suggests that “similarity breeds connection.” In other words, users
share many attributes with the people close to them. This suggests
that if we have information about the connections in a person's net-
work, we can infer some of that person's attributes. Most commercial
recommender systems are strongly supported by the demographic in-
formation of users. Since some of the similarities within a network are
caused by the influence and interactions of its members, it would be
reasonable and feasible to develop a social recommendation based on
the connections of individual users. In reality, people tend to be affected
by the opinions of and suggestions by people with similar interests,
shopping experts, and close friends.

http://dx.doi.org/10.1016/j.dss.2013.02.009
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However, most of current social networking platform, such as
Facebook and twitter, and electronic commerce platform, such as
Amazon and Yahoo! Shopping, are independently operated. The
supporting recommender systems are also independently deployed
on the two kinds of platforms based on social factors and purchase
history respectively. As a result, the electronic commerce (retailing)
platforms generally do not consider social factors such as relation-
ships and trust etc. among the users and the power of social influence
is not exploited. Contrarily, social networking platforms generally do
not consider online shopping related factors such as purchase history
and product rating etc.

To address these issues, in this research, we synthesize the fea-
tures of social networking and electronic commerce platforms to de-
sign a social recommender mechanism that considers the factors of
preference similarity, recommendation trust, and social relationship
in order to increase the prediction accuracy of product recommenda-
tions in e-commerce. The factors of human interactions and relations
(e.g. trusts [30,61], reputations [40,64], and social relationship [34,68])
have been applied separately in different application contexts. In this
research, by building several new social metric formulas, we exploit
and consolidate various types of consulting information source to gener-
ate product recommendations.

The proposed mechanism allows us to identify suitable products
for individual customers by utilizing the collective intelligence from
social networks and to balance the consulted sources based on these
personalized preferences. Our experimental results based on users'
evaluations in Yahoo! Shopping show that the proposed model could
enhance recommendation accuracy. The proposedmodel could beprac-
tically applied to new emerging social commerce platforms.

The remainder of this paper is organized as follows. In Section 2,
we discuss the existing literature related to our research topics. In
Section 3, we discuss the factors that contribute to the proposed
social recommendation framework. Section 4 describes the ex-
perimental data source, settings, and procedures. The experimen-
tal results and evaluations are discussed in Section 5. Section 6
concludes our research contributions and presents future research
directions.

2. Related works

2.1. Recommender systems

Recommender systems can help users identify the items that suit
their needs or preferences in an effective way. They are usually used to
solve information overload problems and to grow sales in e-commerce
[55].

For providing personalized recommendations, there are two ways
to receive users' preferences [21]: implicit and explicit. First, the im-
plicit method collects users' behavior to infer their preferences.
When detecting changes, these user preference data change simulta-
neously [2]. Choi et al. [10] derive implicit rating information from
transaction history to identify preference of users. Nunez-Valdez et al.
[48] investigate the behavior of electronic book readers to capture,
measure, and classify implicit information for discovering user inter-
ests. Koren et al. [32] construct matrix factorization models that use
implicit feedback. Second, the explicit method filters and analyzes in-
teractions and feedback to infer users' specifications [5]. Schafer et al.
[58] collect feedback from customers about books they have read to
construct recommendations. Based on the user defined reading prefer-
ences, Wen et al. [67] build a personalized news recommender system
on the Web.

A variety of common recommendation techniques has been
developed: collaborative filtering, content-based, and hybrid recom-
mender systems [23]. Content-based systems use items' characteristics
and the ratings that users have given to generate recommendations. Lee
et al. [37] propose a content-based online product recommendation
using Amazon's book rating and review data to support business-to-
consumer e-commerce. Mooney and Roy [46] construct recommender
systems by using text content. Phelan et al. [52] analyze Twitter to rec-
ommend news; however, this approach has a critical problem: when
collecting or providing insufficient information, recommender systems
tend to fail [3]. Collaborative systems identify similar users and analyze
their preferences to generate recommendations. In the work of Choi et
al. [10], the users' purchase patterns (e.g. ratings and items) are derived
by sequential pattern analysis to collaboratively recommend items to
users. Based on the music rating information, Lee et al. [35] identify
the taste-liked users for users and provide the collaborative-based rec-
ommendation in the mobile environment. Amazon.com analyzes cus-
tomers' interests to recommend books [42]. There are many studies of
the combination of content- and collaborative-based systems [44,67].
Wen et al. [67] develop a hybrid news recommender system in which
recommendation is made based on analyzed users' preferences and
computed news similarities. Liu et al. [44] combine user-based and
item-based methods to build a hybrid recommendation of movies in
P2P networks.When the content of the description is not obvious, a col-
laborative approach increases the system's precision [53]. By contrast,
when users are not sensitive, a content-based approach increases preci-
sion [51].

In the current paper, we develop a social recommender system by
merging and extending content- and collaborative-based recommender
systems.
2.2. Trust and reputation systems

Online communities allow users to easily express their personal
preferences, such as the users they trust and the products/services
they are interested in [18]. In the online services environment, users
have insufficient information about other users, service providers,
and the services offered. This phenomenon forces consumers to face
some risks during transactions [26].

The basic idea of the trust and reputation system is to derive a
score for users. According to these scores, users can decide whether
or not to transact with a user. Trust means a subjective expectation
that an agent has about another's future behavior based on the inter-
action history of their encounters [47]. Gambetta [17] defines trust as
the subjective probability by which an individual expects that anoth-
er individual performs a given action on which its welfare depends.
This definition shows the concept of dependence and reliability
between trusted and trusting parties. Furthermore, Josang et al. [26]
define trust as the extent to which one party is willing to depend on
something or somebody in a given situation with a feeling of relative
security, even though negative consequences are possible. Further-
more, trust is a firm's belief in the competence of an entity to act
dependably, securely, and reliably within a specified context [18]. These
definitions explain that the situational risks that result from previous ex-
perience are accepted by the trusting party.

Reputation can be considered to be a collectivemeasure of trustwor-
thiness (in the sense of reliability) based on the referrals or ratings of
members in a community [26]. This indicates that a combination of re-
ceived referrals and personal experience could derive the measurable
subjective trust of an individual. According to Bromley [6], reputation
can be separated from the person it belongs to. This will lead to the
effect that people take action to enhance and protect their reputa-
tions, because they have value to them [6]. In other words, the
trust of a person can be built or enhanced from his or her reputation.
Van Baalen et al. [60] note that trust is a construct that has a signifi-
cant impact on users' online purchasing behavior. Doing business
with people we have never met before requires a great deal of
trust, especially when the transaction is executed online without
any physical interaction [16]. Therefore, trust plays a critical role in
e-commerce behavior.
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2.3. Social networks and relationship

Social networks have become an important web service with
broad ranges of applications such as collaborative work, collaborative
service rating, resource sharing, and searching for new friends [13].
The definition of a social network is enriched. The concept of social
networks does not just stay merely in the conceptual aspect but also
moves into implemental fields. As long as the relationships of users
can be described and analyzed, a social network of applications and
online services can be found and defined. Network theory concerns
the study of the representation of relations between nodes [31]. A social
network is a network formed by a set of specific ties that connect actors.
Social network theory suggests that the positions of actors in a web of
relationships influence their access to resources, friends, and informa-
tion [60]. Many works on the applications of social network analysis
have been developed. For example, DeMeo et al. [12] develop a frame-
work to recommend similar users and resources based on social net-
work analysis. Zhen et al. [69] apply this social network concept to
develop a recommender system for peer-to-peer knowledge sharing.

Recently, e-commerce companies examine how to leverage social
relationships to improve customers' purchase decision making so as
to increase sales [29]. The users with closer social relationships to
others are much worth to be believed [8] and are much powerful in
influencing others [36]. Social influence might create shopping inten-
tion for people to consume a product [29] so that the social relationship
is one of the important factors for predicting the potential purchasing
intention of a customer [36].

Closeness centrality measures the average geodesic distance to all
other nodes in the network and has been applied to the study of social
influence. Carchiolo et al. [7] indicate that the relationships of friends
and friends of friends within a social network are crucial when
referencing trustworthy and reliable information. Albert and Barabasi
[4] note that social networks are a type of complex networks that
have social entities as nodes and links show the relationships. The na-
ture of a social network focuses more on the relationships of compo-
nents that form the network than on its own structure. Evaluating the
closeness of social relation, the rankings or scores of social nodes in a
social network could be derived to represent the strength of influential
power or trust [59]. Regarding the applications, Wang and Chiu [62]
combine social closeness and social reputations to discover the trusted
online auction sellers. In a study of targeted advertisements, Kempe et
al. [27] indicate that information spread by the people with higher
closeness relationship would be more influential to other nodes in the
network.

In this research, by analyzing the relationships among users, we also
measure the influence of a recommender on product recommendations.

2.4. Multi-Criteria Decision Making (MCDM) methods

MCDM methods can be considered to be complex and dynamic
processes including generating and evaluating alternatives [14].
They need to define the quantitative weights for criteria while aggre-
gating in order to assess the relative importance of different criteria
for ranking alternatives to support users' decision making [49]. Chen
et al. [9] apply an MCDM method to support consumers to select a
suitable mobile phone and propose a web-based personalized recom-
mender system. Li and Kao [39] utilize the fuzzy inference system and
fuzzy MCDM method to support decisions about service choice.
Consumers make purchasing decisions based on their own private
criteria — even for the same items. Generally, objective weighting
and subjective weighting are the two kinds of weighting methods
[24]. Subjective weighting is based on the preferences of a decision
maker's subjective judgments (e.g. the analytic hierarchy process
(AHP) [24,57,58] and Delphi method [56]), while objective weighting
derives from observed values (e.g. the Principal Component Analysis
method [11,25]) and entropy method [24,66]).
The AHP is one of the common approaches to dealing with the
uncertain weighting problem of parameter combination [33]. It is an
effective method to solve MCDM problems by determining the rela-
tive importance or weight of criteria using mathematical pair-wise
comparison [22,63]. The AHP has been extensively applied in many
research fields, such as location selection [33], social network analysis
[41], and recommender systems [22,43]. In this research, we use AHP
to deal with the personalized factors weighting allocation for consol-
idating various types of information sources.

3. The model

In product purchasing, people tend to ask for advice or sugges-
tions from people with similar interests or professional expertise, or
from close friends. However, close friends may not have the expertise
or interest in certain products. Furthermore, we may not always
believe the suggestions of product experts with whom we have no
acquaintance. Consulted sources also differ when product types vary.
Therefore, an effective product recommendation should appropriately
incorporate these factors. In this study, we propose a social recom-
mender system that comprehensively employs preference analysis,
recommendation trust analysis, and social relation analysis modules,
as well as a personalized decision module, in order to construct a
more comprehensive and personalized framework for product recom-
mendation in e-commerce. Fig. 1 depicts the architecture of the pro-
posed recommendation mechanism.

Four analysis modules have been developed to analyze the in-
formation from the constructed form network. The objectives of
the analysis modules included in the system are described as
follows:

(1) The preference similarity analysis modulemeasures the prefer-
ence similarity between two customers based on the product
rating records of each customer.

(2) The recommendation trust analysis module computes the
reputation quality (success rate) of the product recommen-
dations of a customer according to his/her product rating re-
cords.

(3) The social relation analysis module analyzes the relation
closeness degree between two customers according to implicit
interaction records or explicit closeness ratings between them
in a social network.

(4) The personalized product recommendation module computes
the personalized factor weights for product evaluation and
recommendation based on individual factor ratings with respect
to different product categories.

For each customer visiting an e-commerce website, the system
can provide a list of recommended products, which is individually
determined based on the combined product recommendation scores
of preference similarity degree, recommendation trust degree, and
social relation degree. The whole process of the recommendation
mechanism is detailed in the following subsections.

3.1. Preference similarity analysis module

People with similar preferences or behavior tend to be interested
in the same products, even though they may not know each other
[1,12]. Based on the activities of users in a specified social context,
a group of users with the same similarity level can be identified.
The preference of a targeted customer towards a specific product
can be predicted by a group of other customers with the same pref-
erence similarity. The preference similarity degree of two customers
can be estimated according to their product purchases or rating
records.
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Denote Ip as the set of products customer p has rated. Rp,j repre-
sents the evaluation (rating) of product j by customer p. The average
product rating of a typical customer p can be formulated as:

Rp ¼ 1
Ip
∑j∈Ip

Rp;j;∀p∈ SN; ð1Þ

where SN is the set of all customers in a social network of customers
with similar interests. The preference similarity of two customers c
and p can be estimated by comparing their records of product purchases
or ratings with the Pearson correlation rule [55]. This is formulated as:

Similarity c; pð Þ ¼
∑j∈Ip∩Ic Rc;j−Rc

� �
Rp;j−Rp

� �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑j∈Ip∩Ic Rc;j−Rc

� �2
r ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∑j∈Ip∩Ic Rp;j−Rp

� �2
r : ð2Þ

A higher value for Eq. (2) indicates a higher similarity in the prefer-
ences of two customers. It is important to note that the value of similarity
could be negative and the magnitude of negativeness standards for the
dissimilarity degree. Using the preference similarity between customer
c and other customers in the social network, we can predict the rating
of customer c on product j as:

PS c; jð Þ ¼ Rc þ
∑p∈SNSimilarity c;pð Þ Rp;j−Rp

� �
∑p∈SN Similarity c; pð Þj j : ð3Þ

Eq. (3) predicts the level to which customer c likes product j based
on how other customers feel about product jweighted by the similar-
ity between customer c and them. The prediction is performed with
the support of pair-wise similarity and collective ratings.

3.2. Recommendation trust analysis module

When faced with problems that have high information complexi-
ty, people may seek help from friends/experts [69,70]. It is likely that
recommenders with high expertise make more plausible product
recommendations. In other words, the recommendation predication
accuracy is positively associated with the recommendation trust
(expertise reputation) of recommenders. In this research, the recom-
mendation trust of a recommender is evaluated by his/her success
rate of product recommendations and this is measured as follows.

Denote I0 as the set of all products offered by the e-retailer and the
set of product recommendations made by user p to all other customers
in the social network as:

RecSet pð Þ ¼ c; ið Þ c≠ p∈ SN; i∈ I0;Rp;i≠0;Rc;i≠0
��� o

:
n

ð4Þ

A product recommendation is successful only if the rating of the
recommender is very close to the rating of the target customer. Therefore,
we define the set of successful recommendations made by user p as:

CorrectSet pð Þ ¼ c; ið Þ∈ RecSet pð Þ; PS c; ið Þ−Rc;i

�� ��b ε
n o

; ð5Þ

where ε is the threshold represented by a small real number. The recom-
mendation trust of user p for a product is defined as the successful recom-
mendation rate of the specified product and is formulated as:

Trust p; jð Þ ¼ c; ið Þ∈ CorrectSet pð Þ; i ¼ jf gj j
c; ið Þ∈ RecSet pð Þ; i ¼ jf gj j : ð6Þ

After we obtain the recommendation trust values from all recom-
menders in the social network, we can predict the rating of customer
c for product j as:

RT c; jð Þ ¼ Rc þ
∑p∈SNTrust p; jð Þ Rp;j−Rp

� �
∑p∈SN Trust p; jð Þj j : ð7Þ

The prediction of whether product j is suitable to customer c is
performed based on the weighted authorities and ratings of the rec-
ommenders' recommendations for this specified product.

3.3. Social relation analysis module

It is common that people gather product information by consulting
their friends and thus their purchasing decisions can be significantly
influenced by close friends [50]. Therefore, recommendations by close
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friends should bemore accurate because of the effect of social influence.
The closeness value of a relation path between two users ismeasuredby
theweakest tie strength (closeness) at the edge of the path.When there
are multiple relation paths between two users, the path with the stron-
gest closeness value is used to represent the social relation strength
between the two users.

Denote Θc,p as the set of all available relation paths from customer
c to recommender p and δ(e) as the tie strength of a direct relation
connection between two users e in a relation path L. Note that the
tie strength of a relation between two nodes is asymmetric, namely
the tie strength of a direct relation from customer A to customer B
(evaluated by customer A), eAB, could be different from that from cus-
tomer B to customer A (evaluated by customer B), eBA. The social relation
closeness between customer c and recommender p is formulated as:

Relation c;pð Þ ¼ maxL∈Θc;p
mine∈L δ eð Þf gf g ð8Þ

δ(e) in Eq. (8) is a tie strength estimation function,which could be formu-
lated by structural and interactional closeness. In practice, the structural
dimension (e.g. possessing friend networks [19]) and the behavioral di-
mension (e.g. interaction frequency [38]) are two common measure-
ments of tie strength. Granovetter [19] defines the tie strength as the
overlap of friends of two nodes in a social network. Li and Du [38] use
the frequency of the interactions to represent the tie strength between
blog readers and authors. In our experiments, because current electronic
commerce services do not provide social networking service with online
shopping, the social relations could not directly be captured from the
website. Thus, the values of δ(e) are explicitly evaluated and provided
by participants.

After we find the social relation closeness between customer c and
all other users in the group, we can predict the rating of customer c
for product j as:

SR c; jð Þ ¼ Rc þ
∑p∈SNRelation c;pð Þ Rp;j−Rp

� �
∑p∈SN Relation c; pð Þj j : ð9Þ

Eq. (9) shows that the prediction accuracy of recommending a
product to customer c is positively associatedwith theweighted relation
closeness and the ratings of recommenders' for this specified product.

3.4. AHP personalized recommendation module

Even when facing the same product/category, consumers will still
have their own purchase criteria. These criteria are significantly affected
by the impact of personality traits, such as gender, age, and economic
status. In the present research, we use the AHP [15,33], one of the
best-known methods for solving MCDM problems, to analyze the rela-
tive weights of the factors (preference similarity, recommendation
trust, social relation) included in the proposed framework. The AHP
uses mathematical pair-wise comparison to determine the relative im-
portance or weight of criteria so as to support people in making deci-
sions. It has been applied in many research fields, such as product
recommendations [43] and tourism recommendations [22].

In order to achieve the personalized recommendation criteria, users
are invited to evaluate the relative importance of preference similarity,
recommendation trust, and relationship closeness. Let Astr be the
relative preference weight matrix of customer c in which element
aij denotes the relative preference weight of i criterion, in terms of j
criterion. This is formulated as:

Astr ¼
1 ast asr

1=ast 1 atr
1=asr 1=atr 1

2
4

3
5; ð10Þ

where ast is the relative weight of preference similarity to recom-
mendation trust, asr is the relative weight of preference similarity
to social relation, and atr is the relative weight of recommendation
trust to social relation. To derive the relative weight of the criteria
from the comparison matrix Astr, an arithmetic mean method is
used as follows:

wi ¼
1
3
∑3

j¼1 aij=∑
3
i¼1aij

� �
; ð11Þ

where wi is the relative weight value for criteria i.
Then, we can obtain the decision weight matrix of customer c on

the three factors (preference similarity, recommendation trust, and
social relation):

WSTR cð Þ ¼ WS cð Þ;WT cð Þ;WR cð Þ½ � ¼ w1;w2;w3½ �: ð12Þ

Finally, the personalized recommendation score for product j with
respect to customer c can be calculated by the formula:

P c; jð Þ ¼ WS cð Þ⋅SR c; jð Þ þWT cð Þ⋅RT c; jð Þ þWR cð Þ⋅PS c; jð Þ: ð13Þ

Notice that if a customer cannot complete the questionnaires, we
can predict his/her preference according to the proposed preference
similarity analysis module. The information source preference of a
targeted customer can be predicted by a group of other customers who
have revealed their weight preferences on the questionnaires. Alterna-
tively, we can use the weights generated from the group consensus of
AHP weight on specific attributes, such as the product category, gender,
and age range.

4. Experiments

In the following section, we conduct an empirical study based on
the proposed social recommender framework. According to the eval-
uation results from the recommendation ratings of users participating
in e-commerce, we compare the performance of the proposed frame-
work with those of other traditional collaborative product recommen-
dation approaches.

4.1. Data source

We conducted our experiments with customers using Yahoo!
Shopping, which is the largest online shopping site in Taiwan. We
used the product categories and corresponding products provided
on the website, and invited users who had experience in purchasing
products there to participate in our experiment. In the experiment,
four product categories (consumer electronics, entertainment & living,
boutique, health & beauty) were selected. In total, 25 different products
belonging to these categories were chosen to collect decision weight
preferences and product recommendation ratings from participating
customers. To establish the social network of customers, we initially in-
vited a few customers as the starting nodes and then expanded the so-
cial network by inviting friends of these starting nodes. Note that in the
experiments, the relationships between users were explicitly evaluated
and provided by participants because currently Yahoo! Shopping does
not provide a social networking service with online shopping/auctions
and thus the relationships between users could not be captured directly
from thewebsite. Specifically, online questionnaires were first random-
ly disseminated to users who had purchasing experience on Yahoo!
Shopping (at least twicewithin the past six months). Then, the selected
users further disseminated the questionnaires to their friends who met
the same shopping experience criteria. This process continued until the
friends of a visited user had a satisfactory shopping experience or a user
was revisited. Finally, the social network was constructed by all the in-
vited users who agree to participate in the experiments.

The survey questions in the online questionnaires for collecting so-
cial relation closeness and product rating information are included in
Appendix A. In this research, Likert scales were used for social relation



Table 1
Statistics of the experimental dataset.

Number of users invited 1075
Number of participants 424
Average connection degree of a user 2.654
Number of recommendation ratings collected 7199
Average preference similarity 0.229
Average recommendation trust 0.637
Average tie strength 4.926
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closeness, product preference, and importance of recommendation
factors rating evaluation. The social relation closeness levels between
two social nodes (direct linked users) are ranged from 1 (lowest) to
10 (highest). The product preference rating levels are ranged from 1
to 5 (very bad: 1; bad: 2; moderate: 3; good: 4; very good: 5) and the
relative importance of recommendation factors was evaluated by five
levels: the values of 1, 3, 5, 7, and 9 respectively represent equal impor-
tance, weak importance, essential importance, demonstrated impor-
tance, and extreme importance.

In total, 1075 userswere included in the social network construction
stage and 424 users (174 males, 250 females) aged between 20 and 50
(47 users below 25, 341 users between 25 and 40, and 36 users above
40) participated in our experiment (successfully filled and returned
questionnaires in product information collection stage). Table 1 shows
the statistics of the dataset collected in the experiment. Figs. 2–4 depict
the distributions of preference similarity between two users, recom-
mendation trust of a user on a product, and the relation closeness
(tie strength) of two directly linked users. These all show bell-shaped
normal distributions.

Using the AHP, we obtained the relative importance of the factors
with respect to product category, gender, and age. The distribution of
these derived factor weights was used as the default factor weight
setting if a customer did not reveal his/her preferred factor weight
distribution or when only partial individual information was avail-
able. Table 2 shows that the importance rankings of decision factors
with respect to products in different categories significantly diverge.
When people purchase products of “consumer electronics,” recom-
mendations from experts had the highest importance; however, the
opinions from friends were lowest. For products of “entertainment
& living,” recommendations from friends and individual preferences
had the same high importance; however, the opinions from experts
were lowest. For “boutique” products, the consideration of individual
preference had the highest importance; however, the opinions from
experts were lowest. For products of “health & beauty,” recommenda-
tions from experts had the highest importance; however, individual
preferences were lowest.
Fig. 2. Preference simi
Table 3 shows that the importance rankings of decision factors
with respect to different genders significantly diverge. Recommenda-
tion from experts had the highest importance for male customers.
However, opinions from friends were lowest. For female consumers,
the consideration of individual preferences had the highest importance,
but opinions from experts were lowest.

Table 4 shows that the importance rankings of decision factors
with respect to different age ranges significantly diverge. The ranking
of factor importance for younger customers (aged 25 or under) was
identical to that of older customers (over 40). The consideration of in-
dividual preference had the highest importance. For consumers aged
between 26 and 40, the relative importance levels of different factors
were approximately the same, whereas the opinions from experts
were less weighted.

4.2. Recommendation strategies

In this research, we compare our recommendation approach with
five benchmark approaches to evaluate the performance of the pro-
posed system design. The six different approaches used in the exper-
iments are described as follows.

1. Resnick model [54]: A traditional collaborative filtering approach
that mainly uses preference similarity analysis among a customer
and other recommenders.

2. Average model: A filtering approach that considers all three factors
(preference similarity, recommendation trust, and social relation),
but without exploiting the AHP criteria weighting technique. The
recommendation prediction of the average model is formulated as:

AVG c; jð Þ ¼ Rc þ
∑p∈GWeight c; p; jð Þ Rp;j−Rp

� �
∑p∈G Weight c;p; jð Þj j ; ð14Þ

where Weight ¼ 3⋅Similarity c; pð Þ⋅Trust p; jð Þ⋅Relation c; pð Þ
Similarity c; pð Þ þ Trust p; jð Þ þ Relation c;pð Þ : ð15Þ

3. SR model: A product filtering approach that exploits only prefer-
ence similarity and social relation factors.

4. TR model: A product filtering approach that exploits only recom-
mendation trust and social relation factors.

5. ST model: A product filtering approach that exploits only prefer-
ence similarity and recommendation trust factors.

6. STR model (our approach): A filtering approach that considers all
three factors (preference similarity, recommendation trust, and so-
cial relation) and exploits the AHP personalized criteria weighting.
larity distribution.



Fig. 3. Recommendation trust distribution.
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5. Results and evaluations

In order to evaluate and compare the performances of different
product recommendation strategies, we randomly separated the col-
lected 7199 product rating records into a training dataset (95%, 6839
records) and an evaluation dataset (5%, 360 records).

5.1. Prediction precision rate

For customer c, the recommendation level of product j predicted
by the recommender system is denoted as Γc,j and the rating of product
j evaluated by customer c is denoted as Rc,j. A recommendation predic-
tion of product j to customer c is successful if |Γc,j − Rc,j| b ε. Let NT be
the total recommendation predictions and NS be the successful recom-
mendation predictions. The recommendation prediction precision rate
is defined as:

Predictionprecisionrate ¼ NS=NT : ð16Þ

Fig. 5 depicts the frequency distribution of the absolute value of
prediction error ε = |Γc,j − Rc,j|. We can observe that the success
frequency distribution is similar to a bell-shaped normal distribution
with the highest success frequency when ε = 0.6. We can also observe
that the proposed STRmodel has higher success frequencies than do the
Resnick and average models when ε is small (smaller than 0.6) and has
lower success frequencies than do the Resnick and average models
Fig. 4. Relation closen
when ε is large (larger than 1.5). The statistics from the distribution im-
plies that the STRmodel has the best prediction accuracy and the tradi-
tional Resnick model the worst. Furthermore, we also compared the
performance of the proposed approach with those of the SR, ST, and
TR models. We observed that the proposed STR model has higher suc-
cess frequencies than so the SR, ST, and TR models when ε is small
(smaller than 0.6) and has lower success frequencies than so the SR,
ST, and TR models when ε is large (larger than 1.2). The statistics from
the distribution implies that the STR model has the best prediction ac-
curacy and the TR model the worst.

Fig. 6 compares the performance of the proposed approach with
those of the other models. Under the precision threshold ε = 0.6,
the STR model has a precision rate of 0.62, the Resnick model has a
precision rate of 0.36, the average model has a precision rate of
0.44, the ST model has a precision rate of 0.47, the SR model has a
precision rate of 0.50, and the TR model has a precision rate of 0.41.
The results verify that a social recommender including all three
factors and using the AHP personalized recommendation weighting
approach has better recommendation accuracy compared with the
other approaches.

Fig. 7 depicts the performance comparisons on root mean squared
error (RMSE) and mean absolute error (MAE).The following figure
depicts the RMSEs and MAEs generated from different recommenda-
tion approaches (under the precision threshold ε = 0.6). The results
verify that a social recommender including all three factors and using
the AHP personalized recommendation weighting approach has a
ess distribution.

image of Fig.�3
image of Fig.�4


Table 2
Factor importance of different product categories.

Preference Expert Friend

Consumer electronics 0.318 0.385 0.297
Entertainment & living 0.388 0.211 0.401
Boutique 0.375 0.306 0.319
Health & beauty 0.316 0.358 0.326

Table 3
Factor importance of different genders.

Preference Expert Friend

Male 0.332 0.351 0.317
Female 0.372 0.297 0.331

Table 4
Factor importance of different age ranges.

Preference Expert Friend

≤25 0.467 0.337 0.196
26–40 0.333 0.317 0.350
>40 0.421 0.325 0.254
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significantly lower rate of recommendation error, compared with the
other approaches.

To further verify the statistical significance of our comparison re-
sults, we use paired sample t-tests to confirm the significant difference
of the prediction results with respect to various recommendation ap-
proaches and weighting models. Table 5 shows that at 95% significant
level, all the test results show that the proposed STR model is signifi-
cantly different from other benchmark approaches. Therefore, it verifies
that our proposed approach has the best performance, compared to
other benchmark approaches.

Table 6 shows the results of a paired sample t-test on the results
generated based on different weighting approaches. It can be verified
that the personalized weighting approach has the best performance
with statistical significance.

5.2. Recommendation precision rate

A product recommendation is made only when the recommendation
level of a product predicted by the recommender system is equal to or
greater than a specified value. Specifically, product j is recommended to
customer c when the predicted recommendation level Γc,j > δ, where δ
is a predefined recommendation threshold. The accuracy performance
Fig. 5. The distribution of successfu
of a recommendation approach can be evaluated by two indexes: rec-
ommendation hit rate and recommendation loss rate. These two mea-
sures are formulated as:

(1) Recommendationhit rate ¼ c; jð Þ Γc;j ≥ δ;Rc;j ≥ δ
�� �� ��
c; jð Þ Γc;j ≥ δ

�� �� ����
�����

(2) Recommendationloss rate ¼ c; jð Þ Γc;j < δ;Rc;j ≥ δ
�� �� ��
c; jð Þ Γc;j < δ

�� �� ��:��
�����

The first measure (hit rate) calculates the probability that the
products recommended by the system are also highly rated by the
targeted customers. The second measure (loss rate) calculates the
probability that the products not recommended by the systemare high-
ly rated by the targeted customers.

In Figs. 8 and 9, we observe that even under strict conditions
(recommendation threshold δ = 5), the proposed STR model still
has a 60% hit rate and only a 3% loss rate. The average model has
a 30% hit rate and 5% loss rate. The Resnick model is unable to
make any successful recommendations under this threshold level
(δ = 5). The loss rates of the average and Resnickmodels are all higher
than are those of the proposed STR model. This implies that the pro-
posed model will miss fewer potential business opportunities. The ex-
perimental results verify that the proposed STR model has the highest
recommendation effectiveness.

Notice that the experimental results also show that these three
factors (preference similarity, recommendation trust, and social relation)
should be appropriately balanced to fit the weight preference of the
target user. Otherwise, the effectiveness will deteriorate. For example,
the effectiveness of the AVG model, which considers all three factors
without considering the weighting preference of the target user, is
worse than those of the personalized two-factor models (SR, TR, and
ST models).

To further evaluate the effectiveness of the role of personalized
factor importance weights in the proposed recommender system,
we compared the personalized AHP weighting method with various
group AHP weighting methods (product category, gender, and age)
in the STR model. Figs. 10 and 11 show that the recommendation
hit rate of the proposed STR model with personalized factor impor-
tance weight is higher compared with any other group relative im-
portance weights but the loss rate is lower. These experimental
results verify that the personalized factor importancemethod effective-
ly improves recommendation performance. In addition, among these
three group relative importance factors, we observe that although the
recommendation effectiveness (higher hit rate and lower loss rate) of
the importance derived from product category is lower than is person-
alized importance, it has a better performance compared with the
others. Although personal information (e.g. gender and age) may not
l recommendation prediction.

image of Fig.�5


Fig. 6. The precision rate of successful recommendation prediction.

Fig. 7. The RMSEs and MAEs of different recommendation approaches.
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be obtainable, the recommender systemcould be implemented according
to the default factor important weights extracted from each product
category.

6. Conclusion

When shopping online, people tend to seek the suggestions and
help of similar people, shopping experts, and close friends. However,
most of current social networking platform, such as Facebook and twitter,
and electronic commerce platform, such as Amazon and Yahoo! Shop-
ping, are independently operated. The recommender systems deployed
by famous electronic commerce websites, such as Amazon.com and
eBay, are based on personal purchase history, aggregated rating of mem-
bers, and feedbacks [58]. They generally do not consider relationships
Table 5
Statistical verification of different recommendation models.

Paired Group Mean Std. deviation Std. error
mean

T Sig.
(2-tailed)

STR model
V.S.

Average −0.328 0.513 0.028 −11.550 .000
Resnick −0.453 0.647 0.036 −12.637 .000
ST −0.289 0.608 0.034 −8.613 .000
SR −0.249 0.559 0.031 −8.076 .000
TR −0.304 0.567 0.031 −9.707 .000
among the users and the power of social influence is not exploited. To
consider and balance these consulting factors, this paper proposes a social
recommender system that incorporates the preference similarity, recom-
mendation trust, and social relation analyses in order to offer product rec-
ommendations in e-commerce. Our experimental results show that the
performanceof theproposed social recommendationmechanismoutper-
forms those of other benchmark approaches. The proposed framework
can thus be effectively applied to electronic retailers in promoting their
products and services.

6.1. Research contributions

The contributions and managerial implications of this paper are
summarized as follows. First, from the perspective of system innovation,
Table 6
Statistical verification of different weighting models.

Paired Group Mean Std. Deviation Std. Error
Mean

T Sig.
(2-tailed)

STR model
personalize
weighting
V.S.

Age
weighting

−0.151 0.373 0.021 −7.318 .000

Gender
weighting

−0.171 0.360 0.020 −8.580 .000

Product
weighting

−0.078 0.286 0.016 −4.927 .000

image of Fig.�6
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Fig. 8. The recommendation hit rates of different approaches.

Fig. 9. The recommendation loss rates of different approaches.
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as product recommendations in e-commerce have become increasingly
popular, the designs of social recommender systems remain an emerging
issue. Second, from the perspective ofmethodology,we not only consider
the consulted sources of the group with similar interests (preference
similarity) and people with expertise (recommendation trust) but also
close friends (social relation) and personalized multi-criteria decision
factors in the evaluation of product recommendation. Third, from the
Fig. 10. The recommendation hit rates
perspective of performance, better recommendation accuracy implies
that our mechanism can improve the relevance of product information.
Lastly, from the perspective of practice, our empirical survey shows that
the importance rankings of decision factors with respect to products
in different categories significantly diverge. For example, recommenda-
tions from experts have the highest importance when people purchase
“consumer electronics” and “health & beauty” products. However, for
of different weighting approaches.

image of Fig.�8
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Fig. 11. The recommendation loss rates of different weighting approaches.

Table 7
Social network construction questionnaire.

Part I: Social relation closeness scale and definitions. 

Scale Description 

1 I do not believe his/her suggestion. 

2 I am dubious about his/her suggestion. 

3 I am just listening to his/her suggestion but don’t consider it.  

4 I will simply consider his/her suggestion. 

5 I will carefully consider his/her suggestion. 

6 I will seriously consider his/her suggestion. 

7 I will keep his/her suggestion in my mind. 

8 I will agree with his/her suggestion. 

9 I will absolutely believe his/her suggestion. 

10 I will make my purchase by following his/her suggestion. 

1. Please record name/nick-name/ID and relationship of your friends who you disseminated to  

according to above definitions.

Name: Relationship: 

Name: Relationship: 

Name: Relationship: 
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“entertainment & living” and “boutique” products, the consideration of
individual preferences and friends' opinions becomes more important.
Furthermore, the social recommender system – according to the factor
weights extracted by product category – has higher effectiveness than it
does for gender and age. The proposed product recommendation mech-
anism provides e-commerce retailers with a powerful vehicle to improve
service quality, enhance customer relationships, and promote products
successfully.

6.2. Limitations

There are several limitations to this research. First, although the
social networking service is increasingly promising, the offered features
of social commerce are still limited to prestigious e-commerce sites,
such as Amazon and Yahoo! Shopping. Owing to platform constraints
and data privacy, in the experiment we collected experimental data,
such as product rating and relation closeness degree, via online question-
naires. Without these constraints, the data should be appropriately gath-
ered fromonlineuser activities, such as product browsing andpurchasing
as well as information sharing and social interactions. Second, in this
research product recommendation and performance evaluation were
based on the level of interest in the recommended products. Although
interest rating may reflect how much a customer likes a recommended
gift, his or her purchase intention may be different. Third, owing to the
constraints of the experiment, only 424 users and four product categories
(25 varieties of product) were studied. Although the number of partic-
ipants and varieties of products are representative and statistically
explainable, an experiment on a larger scale would be helpful if more
business transaction and social relation dataset are obtainable in the so-
cial commerce platform.

6.3. Future studies

There are some directions for future studies. First, the proposed
social recommender mechanism includes three important decision
factors. Other factors may be included to further enhance recommen-
dation effectiveness. However, balancing prediction effectiveness and
computational efficiency should remain a concern. Second, incorpo-
rating implicit data on online user activities into the mechanism may
be a desirable direction to improve the quality of the system. Specifically,
it would be interesting to analyze user preference, expertise reputation,
and relation tie strength by mining user activities. Third, the computing
methodologies for similarity, trust, relation, and MCDM techniques can
be further advanced by exploiting other techniques such as artificial
intelligence and machine learning. Fourth, some computational issues
in the design of social recommender system can be further studied. For
example, the data sparsity problem [45,65] in the collaborative filtering
environment may also occur in the social recommendation as the
proposed mechanism includes the component of preference similarity
which is evaluated based on the customers' product purchases and rating
records. Finally, the targets of recommendations can be further extended,
such as promoting a bundle of highly correlated products and social
networking-driven products (e.g. group purchasing products).
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Appendix A

In the social network construction stage, the questionnaire shown
in Table 7 was used to record the information of friend list and social
relation closeness. In the product information collection stage, the
questionnaire shown in Table 8was used to collect the personal product
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Table 8
Product information collection questionnaire.

Part II Shopping behavior analysis for Category products 

The purpose of this part is to understand your product preference, and importance of recommendation   

factors of category products, please fill in according to your personal evaluation. 

Impact assessment in accordance with the assessment scale. 

Assessment scale

1 

3 

5 

7 

9

4. When you are looking for Category  products, three different consultations will impact your 

final decision. Which one will impact greater? Please give it a grade.  

975313579

Personal preferences The advice of experts 

Personal preferences The advice of friends 

The advice of experts The advice of friends 

5. How do you like the following Category products? 

Please click the link to preview the product.(Source Yahoo Shopping Center) 

Product 01 product page link of Yahoo!Shopping 

Product 02 product page link of Yahoo!Shopping 

Product 03 product page link of Yahoo!Shopping

Very Bad Bad Moderate Good Very good 

1. Product 01 

2. Product 02 

3. Product 03 

Extremely inclined to  the preferences of a party's proposalExtreme importance

DescriptionDefinition 

The impact of the two reference sources are equal importance Equal importance 

Weakly in clined to the preferences of a party's proposalWeak importance 

Essentially inclined to the preferences of a party's proposal  

Demonstrate inclined to the preferences of a party's proposal 

Essential importance 

demonstrated importance 
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preference, and the importance of recommendation factors rating eval-
uation of each product category.
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