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Abstract. With the increasing number of services, the need to locate
relevant services remains essential. To satisfy the query of a service re-
quester, available service providers has first to be discovered. This task
has been heavily investigated from both industrial and academic per-
spectives based essentially on registers. However, they completely ignore
the contribution of the social dimension. When integrating social trust
dimension to service discovery, this task will gain wider credibility and
acceptance. If a service requester knows that discovered services are of-
fered by trustworthy providers, he will be more confident. In this paper,
we present a new discovery technique based on a social trust measure
that ranks service providers belonging to the service requester’s multi-
relation social network. The proposed measure is an aggregation of three
measures: the social position, the social proximity and the social similar-
ity. To compute these measures, we take into account both semantic and
structural knowledge extracted from the multi-relation social network.
Semantic information includes service requestor and provider profiles
and their interactions. Structural information includes among other the
position of service providers in the multi-relation social network graph.

1 Introduction

Traditional service discovery techniques in Web services area utilize functional
and non-functional properties to decide which relevant service to discover among
a huge number of available services. However, with the emergence of Web 2.0
and especially social networks, users show the willingness to use their social net-
works to find services as well as to offer services. Recently, few studies tried
to integrate social networking into Web service discovery [1–3]. In these works,
Maamar et al. argue that using social networking at the level of Web services
facilitate services discovery and composition. For authors, acquisition of inter-
actions between services by using social networking is beneficial to organize and
to extract sequences of anterior successful interactions for future needs of the
user requester. Despite enhancements in the service discovery, they lack support
for trust to make this task more effective. Another challenge in the service dis-
covery task is to find providers that can be trusted by requesters before using
their services. If a service requester knows that discovered services are offered
by trustworthy providers, he will be more confident. In social networks, a par-
ticular interest have been given to trust relationship. Golbeck [4, 5] proposes a
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FilmTrust site for generating predictive movie recommendations from trust in
social network. The trust-based movie recommendation is founded on knowledge
extracted from annotations and user ratings added in the system. The idea is
to help film requesters to find the best offer from his social network. However,
this approach presents some weaknesses. First, the system covers only the case of
films. Second, knowledge defined in the social network can be richer than ratings
and reviews and includes other kind of relevant information such as user profiles.

In this paper, our research focuses on trustworthy service providers discovery
in a Multi-Relation Social Network (MRSN) of a service requester. We propose
to compute social trust between the service requester and service providers by
aggregating three measures: social position, social proximity and social similar-
ity. To compute these measures, we take into account semantic and structural
information extracted from the service requester MRSN. Semantic information
includes service requester and provider profiles and their interactions. As stated
in [6, 7], there is a strong correlation between trust and similarity of profiles:
people generally prefer suggestions that come from individuals with similar pro-
files. Thus, the more important the similarity between two users is, the more
likely a trust relationship exists between them [6]. Structural information in-
cludes among other the position of service providers in the MRSN graph. For
example, a weather service provider like the national weather provider is usually
more trusted than a corporate weather provider and very sought-after and subse-
quently is connected with a large number of requesters. In this case, such service
provider occupies a central position in the social network and is considered as a
trustworthy provider. The centrality measure is fundamental in a social network
and participate in the computation of the social trust as proved in [8]. As far as
we know, only [8, 9] combine both social dimension and trust to help users to
discover appropriate services from their social network. Both of these works do
not consider the multi-relation aspect of social networks.

This paper presents a new service discovery technique based on a social trust
measure that takes into account both semantic and structural properties of the
service requester MRSN. According to this measure, the outcome is a Trust-
Relation Social Network (TRSN), that is requester centered and based on a
single relation, the social trust relation that filters and ranks service providers.

The remainder of the paper is organized as follows. In the next section we de-
scribe our approach for building trust-relation social network for service providers
discovery and we present our three measures as well as how to aggregate them in
a single social trust measure. Experimental results are interpreted in Section 3,
and Section 4 contains our concluding remarks and future work.

2 Social Trust Measure

In this section, we begin with some definitions followed by a description of our
approach. We model a multi-relation social network by an undirected graph,
where nodes represent users (i.e. service requesters or service providers), and an
edge between two nodes indicate a symmetric social relationship between users.
More formally, a multi-relation social network is defined as follows:
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Definition 1 (Multi-Relation Social Network (MRSN)). Given sets V
of users and R of types of symmetric relationships with R = {R1, . . . , Rr}. A
multi-relation social network is a connected undirected graph G = (V,E), where
V is the set of nodes and E = {E1, . . . , Er} is the set of edges where Ei is the set
of edges with respect to the ith relationship. In other words, an edge (u, v) ∈ Ei

implies the existence of a social relationship of type Ri between nodes u and v.

In a MRSN graph, the notion of neighborhood of a node can be expressed as
follows:

Definition 2 (Neighborhood). Given a MRSN graph G = (V,E), the neigh-
borhood of a node u regarding a type of relationship Ri, denoted NRi(u), is defined
as NRi(u) = {v ∈ V | (u, v) ∈ Ei}.
Our approach involve two steps as outlined by Figure 1. It takes as input a
MRSN, a service requester query Q, and produces a Trust-Relation Social Net-
work (TRSN). The service requester query is defined as Q = (G, s, U), where G is
a MRSN graph, s is a requested service, and U is a utility function expressing the
service requester preferences over types of relationships. For example, a babysit-
ting service requester will feel most confident if a member of the family looks after
his/her baby; otherwise he/she could prefer to a friend rather than a colleague.
So clearly, preferences over relationship types are: family � friend � colleague.
These preferences are modeled by the utility function as follow: U(family) = a,
U(friend) = b, and U(colleague) = c, with a ≥ b ≥ c and a, b, c ∈ N. To produce
the TRSN, we proceed in two steps: social measures computing step, and trust
computing and TRSN construction step. Next, we describe these two steps.

2.1 Social Measures Computing

This first step consist of analyzing the MRSN to extract useful information that
includes profiles of the service requester and service providers that contains per-
sonal data and information about their interests, and the kind of relationships
between them. Based on the analysis of the MRSN graph and the extracted in-
formation, three measures are computed: the social position, the social proximity
and the social similarity measures.

Social Position Measure. The social position of a service provider p, SPo(p),
represents its degree centrality which gives an indication of its social power. We
do not simply compute SPo(p) as the number of edges node p has, but we also
consider the type of relationships connecting p with the other nodes in the MRSN
graph. This measure is given by the following formula:

SPo(p) =

|R|∑

i=1,∀p′∈V

wi . a
i(p, p′)

where ai(p, p′) = 1 iff p and p′ are directly connected according to the relation-
ship Ri, 0 otherwise; and wi is the weight of Ri computed as 1

U(Ri)
.
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Fig. 1. Trust-Based Service Discovery Process

Social Proximity Measure. The social proximity between two nodes is com-
puted based on the MRSN graph and service requester r preferences. SPr(r, p)
represents the average cost of the path, from r to service provider p, that uses
the minimum number of different kind of relations regarding requester r prefer-
ences. For requester r, the cost of a path (x1, . . . , xk) where x1 = r, xk = p, and
(xi, xi+1) ∈ E, to a service provider p of length k − 1 is computed as follows:

SPr(r, p) =

∑k
i=1 U((xi, xi+1))

k − 1

where U((xi, xi+1)) is the cost of the edge (xi, xi+1) given by the utility function
in the requester preferences.

Social Similarity Measure. The social similarity between two nodes is com-
puted based on their profiles and the MRSN graph. SSi(r, p) is an aggregation
of two measures, namely, Degree Similarity (DS) and Profile Similarity (PS).

Degree Similarity (DS). From the MRSN graph, we propose a DS measure
to find ties between requester r and provider p based on the comparison of
their neighborhood. For a type of relation Ri, we count the number of nodes:
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in common in both neighborhoods (ai = |NRi(r)∩NRi (p)|), in the neighborhood
of r without nodes in common in both neighborhoods (bi = |NRi(r)| − ai), in
the neighborhood of p without nodes in common in both neighborhoods (ci =
|NRi(p)|−ai). For a pair of nodes (r, p), the degree similarity, DS(r, p), can thus
be calculated as follows:

DS(r, p) =

|R|∑

i=1

wi . δ
i(r, p) with δi(r, p) =

1

1 + disti

where wi is the weight of the relation Ri; and disti = bi+ci
ai+bi+ci

is the Jaccard
distance [10] between r and p according to the relationship Ri.

Profile Similarity (PS). In social networks, a profile consist of a set of items
structured into a set of fields, each field containing one or several values (e.g.
gender=[female], music-likes=[folk, jazz, pop]). In the former, the field is called
a single-valued field and in the latter a multi-valued field. The aim of PS is to
compare values of fields in requester profile to those in provider profile in order to
determine how much requester and provider are similar. We chose the Burnaby
measure [11] to evaluate the profile similarity. This choice is motivated by our
interest in the neighborhood of a node, composed of nodes with which there
is interactions and therefore expected to be similar. More precisely, Burnaby
measure evaluates similarity between single-valued fields of two profiles as shown
by the following definition.

Definition 3 (Burnaby). Let i be a profile item consisting of a set Fd of
fields. Let Xk and Yk be the values of the kth single-valued field Fdk respectively
in profiles of service requester r and service provider p. The similarity of single-
valued fields is given by:

Burnaby(Xk, Yk) =

⎧
⎨

⎩

1 if Xk = Yk∑
q∈Ak

2 log(1−p̂k(q))

log
p̂k(Xk)p̂k(Yk)

(1−p̂k(Xk))(1−p̂k(Yk))
+
∑

q∈Ak
2 log(1−p̂k(q))

otherwise

with

p̂k(x) =
fk(x)

N

where Ak denotes the set of all possible values of field Fdk; N the total number
of profiles; fk(x) the distribution of frequency of values taken by a field (i.e. the
number of times a field Fdk takes the value x), and p̂k(x) the sample probability
of a field Fdk takes the value x.

Next, inspired from [12], we show how to compute the similarity between items
and the similarity between profiles.

Definition 4 (Item Similarity). Let i be an item of a profile consisting of a set
Fd of fields. Let V(Fdrk) and V(Fdpk) be the set of values taken by the field Fdk for
item i in profiles of r and p respectively. Let Bk = {Burnaby(Xkm, Ykn), ∀Xkm ∈
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V(Fdrk) and ∀Ykn ∈ V(Fdpk)} be the set of single-valued field similarity com-
puted between all possible pairs of V(Fdrk) and V(Fdvk). Let MaxBk = {burl ∈
B | ∀l, 1 ≤ l ≤ |V(Fdrk)|, burl = Burnaby(Xkm, Ykn)} be the set of the |V(Fdrk)|
biggest values in Bk. The similarity between the ith items of r and p is defined
as:

Si(r, p) =
1

|Fd| ×
|Fd|∑

k=1

1

|V(Fdrk)|
|MaxBk|∑

l=1

burl

From the service requester r point of view, we define profile similarity, PS(r, p),
with a service provider p as follows:

PS(r, p) =
1

|I| ×
∑

i∈I

βi . Si(r, p)

where I is the set of items in profiles; and βi is a weight attributed to the item
i reflecting its importance in the profile description.

Social Similarity (SSi). The overall measure of social similarity, SSi(r, p), is the
product of the two above measures defined for a service requester r and a service
provider p as follows: SSi(r, p) = DS(r, p)× PS(r, p)

2.2 Trust Computing and TRSN Construction

The aim of this step is to build a new social network, a TRSN that is service
requester centered and based on a single relation, the Social Trust (ST) relation.
Before building the TRSN, this step computes based on all the social measure
values, generated in the first step, a single social trust value. After computing
all the social measure values, a vector Mp associated to each service provider p
is defined as Mp = (SPo(p), SPr(r, p), SSi(r, p)). By merging the vectors of all
service providers, a matrix M = (Mpj , p ∈ V and 1 ≤ j ≤ 3) is built.To compute
the value of the social trust for each service provider, we use a simple additive
weighting technique that proceed in two phases. The scaling phase which aims
to transform every measure value, of Mp vector, into a value M ′

pj between 0 and
1. We obtain a matrix M ′ = (M ′

pj , p ∈ V and 1 ≤ j ≤ 3).The weighting phase
which aims to rank service provider according to their social trust scores. The
score of social trust of a requester r in a provider p, ST (r, p), is computed by
using the following formula:

ST (r, p) =

3∑

j=1

λi . M
′
pj(r, p)

where λj is the weight of the jth social measure with λi ∈ [0, 1] and
∑3

j=1 λi = 1.
Based on the computation of ST (r, p) for every service provider p, we build a
TRSN that is service requester centered and modeled by a directed weighted
graph G′ = (V ′, E′), where V ′ is the set composed by the service providers and
the service requester, and E′ is the set of edges. An edge (r, p) ∈ E′ implies the
existence of a social trust relationship between r and p and the weight of an edge
(r, p) corresponds to the degree of trust requester r has in provider p.
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Fig. 2. Computation cost by varying the number of nodes and relations in the MRSN

3 Implementation

In this section, we present implementation and results of evaluation of our ser-
vice providers discovery technique based on social trust measure on a variety of
synthetic datasets. The prototype was developed in JAVA and the MRSN graph
data were stored in a GML format1. All experiments were run on a 3.1GHz
Core(TM) i5-2400 running windows 7, with 8Go of RAM.

The experiments involved a MRSN varying the number of nodes and varying
the number of different kind of relations. Experimentations were done over the
10 scenarios. In the first scenario, the number of nodes in the MRSN is 1000 and
the number of relation types varies from 2 to 5. In the last scenario, the number
of nodes in the MRSN is 10000 and the number of relation types varies from
2 to 5. In all scenarios, the requester preferences were U(R1) = 1, U(R2) = 2,
U(R3) = 4, U(R4) = 8, and U(R5) = 16. We randomly generate the MRSN
graph. For each scenario, the experiment was executed 10 times sequentially
and the average execution time was recorded. Figure 2 shows execution time
(in milliseconds) of the social trust measure computing. We observe that the
computation cost increases when the number of nodes in the MRSN increases.
Also, the computation cost increases when the number of relations increases in
the MRSN.

4 Conclusion

In this paper, we considered multi-relation social network in the service discov-
ery task. We have proposed a new service providers discovery approach based on
social trust between requester and providers computed by taking into account
knowledge extracted from the requester multi-relation social network. The pro-
posed social trust is an overall score computed from values of three measures,
social position, social proximity and social similarity measures. According to the

1 Graph Modelling Language, 1997, http://www.fim.uni-passau.de/en/fim/

faculty/chairs/theoretische-informatik/projects.html - Extracted on Mai
2012.

http://www.fim.uni-passau.de/en/fim/faculty/chairs/theoretische-informatik/projects.html
http://www.fim.uni-passau.de/en/fim/faculty/chairs/theoretische-informatik/projects.html
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social trust measure, the outcome of the proposed approach is a weighted di-
rected graph modeling a new social network that is service requester centered
and based on a single relation, the social trust relation. With this relation, we
were able to rank service providers by mean of weights of an edge corresponding
to the degree of trust service requester has in service provider.
As future work, we would like to investigate enhancement of service discovery by
exploiting feedback of service requesters experiences. The idea is to accumulate
within each service provider the history of use of its service as well as requesters
past experiences with the service. We also would like to explore the extension
of our trust model to find a trustworthy composition of services based on the
propagation of trust among providers.
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