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ABSTRACT
This paper presents a framework for weaving the principles
(or metaphor) of social networks into Web services with em-
phasis on supporting their discovery. Despite the regular
updates of the existing discovery techniques, the discovery
of Web services continues to exacerbate users due to the
large number of available Web services on the Internet. Dif-
ferent needs trigger the discovery of Web services such as
developing new, value-added composite services and sustain-
ing the high availability of other peers. These needs reveal
three types of relationships between Web services, which are
substitution, competition, and collaboration. The proposed
framework includes tools that capture these relationships
into social networks so that Web services discovery can be
made smooth. Some implementation and simulation details
are, also, discussed in this paper.

Categories and Subject Descriptors
H.4 [Information Systems Applications]: Miscellaneous;
D.2.11 [Software Architectures]: Service Oriented Archi-
tecture (SOA)

General Terms
Design

Keywords
Discovery, Social network, Web service

1. INTRODUCTION
Web services, which are considered as the flagship imple-

mentation technology of service-oriented architecture, fulfill

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
WIMS ’11, May 25-27, 2011 Sogndal, Norway
Copyright c© 2011 ACM 978-1-4503-0148-0/11/05 ...$10.00.

the promise of developing loosely-coupled, cross-enterprise
business applications thanks to an exhaustive list of stan-
dards and specifications (WS-*) that service engineers can
count on. Composition is another positive point in favor of
Web services. Composition handles user’s request that can-
not be satisfied by any single, available Web service, whereas
a composite Web service obtained by combining available
Web services may be used.

With the tremendous popularity of Web applications and
increasing reliance on mobile handheld devices, socializing
over the Web has become an integral part of our daily lives.
Looking for old friends and seeking recommendations on
movies are some examples of how far Web socializing has
gone. In a DEMOS (a London-based think tank focused
on power and politics) report1, enterprises were told to en-
courage their employees embrace, in a controlled way, social
applications so they can establish and foster contacts with
their colleagues, customers, and suppliers.

Different arguments are in favor of developing a framework
that should help service engineers weave social networks’
principles into Web services. They are dynamic by nature;
they appear and disappear without prior notice. People do
regularly the same by signing up/off with/from online ap-
plications. Web services, also, evolve in a changing environ-
ment in which they compete against other peers in order to
take part in compositions [7], collaborate with other peers in
order to answer complex users’ needs [11], substitute other
peers when these latter fail [15], just to cite few examples
of all the interactions that Web services are engaged in and
hence, can be used by service engineers to build these Web
services’ social networks. Although some researchers per-
ceive Web services as passive components that react upon
request only [6], others suggest that Web services can han-
dle social elements [16, 21] in order to make Web services
aware of their surroundings and past interactions. “Social”
stems here from Web services interactions that correspond
to aspects found in people’s life like collaboration and com-
petition.

In this paper, we address the specific issue of Web ser-

1Bradwell, P. and Richard, R., ”Network Citizens: Power
and Responsibility at Work”, Demos, 29 October 2008,
www.demos.co.uk/publications/networkcitizens.



vices discovery using our social network-based framework.
This discovery has been exacerbated by the increasing num-
ber of Web services that offer similar functionalities to users
and other peers as well. Current discovery techniques are
registry-based and rely on syntactic descriptions of these
Web services’ interfaces along with some additional seman-
tic enrichments. Unfortunately syntactic discovery returns
results with low precision and high recall ratios [12], and
users’ non-functional requirements are not taken into ac-
count during this discovery, which requires an additional
step for identifying the appropriate Web services.
Our framework along with its different tools permits to

reach two main goals: build Web services’ social networks
and capitalize on these networks to help Web Services dis-
cover other peers. On the one hand, building such networks
require capturing over time the interactions that Web ser-
vices engage in. Based on a previous work [14], we identify
collaboration, substitution, and competition interactions that
will be detailed later. On the other hand, using such net-
works requires navigating through their constituents for in-
stance nodes and edges depending on the nature of the op-
eration (e.g., collaboration, competition) to perform.
The remainder of this paper is organized as follows. Sec-

tion 2 introduces briefly social networks and discusses the
rationale of social Web services. Section 3 discusses the
weaving of social networks into Web services. Sections 4,
5, and 6 present implementation details, related work, and
concluding remarks, respectively.

2. BACKGROUND
In [13], we discuss the limitations associated with Web ser-

vices including they know about themselves only, not about
their users or peers; cannot reconcile ontologies among each
other or with their users; cannot delegate their invocations;
do not instantaneously and voluntarily cooperate with each
other or self-organize; limit users’ intervention considerably
and operate as black boxes; and, consider only their own
internal functional and non-functional details during exe-
cution and ignore other external details, such as user past
interactions.
Assisting Web services socialize through appropriate tools

means “showing” these Web services how to first, build their
own networks of contacts and second, capitalize on these
networks when they need to find peers with whom they like
for example to collaborate. We identify two categories of
social networks based on the intrinsic characteristics of Web
services: similar and different. On the one hand, similar-
ity means that Web services offer homogeneous functionali-
ties (e.g., ticketBooking and ticketReservation are semanti-
cally equivalent) to the external community independently
of their non-functional properties. We refine a similarity
social network into two types: competition and substitu-
tion. On the other hand, different means that Web services
offer heterogeneous functionalities (e.g., ticketBooking and
weatherForecast) that can be put together for the benefit of
the external community. We refine a difference social net-
work into one type, only: collaboration (or composition).
Competition, substitution, and collaboration are the three
types of interactions that a Web service can engage in.

2.1 Social networks in brief
Simply put a social network is a graph that consists of

nodes connected to each other through edges. The edges

are labeled with elements usually found in people’s daily
life like friendship, partnership, and dislike. The edges are
sometimes directional, bidirectional, with weight, or a mix-
ture of all of these. The size and shape of a social network
vary over time for different reasons such as node deletion
that affects outgoing and incoming edges.

To locate information in online social networks users nav-
igate through them, screening the contents that their mem-
bers post/refresh regularly. Some sites like LiveJournal and
BlogSpot provide keyword-based search for textual or tagged
content. Other sites like Youtube and GoogleVideo, also,
propose a top-10 list of the most popular content, where the
popularity is determined based on how often users screen the
content or submit recommendations [3]. Social networking
has been exploited to address other issues such as P2P re-
source management [8] and routing in ubiquitous computing
environments [5].

2.2 Rationale of social Web services
Web services are basically software components deployed

on the Internet. They are expected to function autonomously
when they receive requests to satisfy. When this satisfaction
requires several Web services at a time, we propose (in fact
to service engineers) that the Web services use appropriate
tools to keep track of (i) the peers with whom they have
interacted, (ii) the outcomes of these interactions, (iii) the
peers that have replaced them when they failed, (iv) why
they were selected over other peers, etc. The variety and
richness of interactions and cases allow the identification of
at least three types of social networks that we gather into
two main categories namely similarity and different as stated
earlier.

A substitution social network is driven by the similarity of
Web services’ functionalities and stems out of the potential
failures of Web services at run-time. To fix these failures,
similar peers replace those that fail. In this social network
the Web services substitute for each other. The more a
peer is close (e.g., edge distance) to a Web service in the
network, the more appropriate for substitution this peer is
for this Web service.

A competition social network is, also, driven by the sim-
ilarity of Web services’ functionalities. Selecting appropri-
ate Web services out of similar ones depends on users’ non-
functional requirements. In this social network, the Web
services are in competition and just one Web service will be
selected. The more a peer is close to a Web service in the
network, the more competitiveness this peer is for this Web
service.

A collaboration social network is driven by the difference
in Web services’ functionalities and stems out of users’ re-
quests that require the combination of several Web services.
In this social network the Web services are ready to collab-
orate with each other. The more a peer is close to a Web
service in the network, the more appropriate for collabora-
tion this peer is for this Web service.

Fig. 1 shows the criteria that we use for building the above
three social networks. These criteria are “non-functional
properties”(QoS) and“semantic and policy matching”. Match-
ing refers to the efforts that are put into addressing semantic
and policy conflicts. Semantic conflicts arise due to the po-
tential mismatches between Web services’ input and output
data [10]. And policy conflicts arise due to the potential con-
tradictions between Web services’ internal regulations [19].
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Figure 1: Criteria driving social networks building

Here we focus on semantic matching, only.

3. THE FRAMEWORK IN ACTION
Fig. 2 provides an overview of the framework for weav-

ing social networks’ principles into Web services discovery.
Three levels are shown in this figure. The Web services level
hosts different Web services made available for use. The tool
level consists of a set of tools upon which service engineers
rely to carry out this weaving. Last but not least, the social
level stores the different social networks of Web services in
a dedicated repository.
The weaving of social networks’ principles into Web ser-

vices discovery occurs through steps that are (Fig. 3): iden-
tification of the components of a social network, matching
analysis of Web services, social networks management, ini-
tial evaluation of the weights of edges, social networks navi-
gation, ongoing evaluation of the weights of edges, and finally
social networks ongoing management. In the rest of this sec-
tion the description of each step includes the necessary tools
that services engineers use to complete the step.

3.1 Identification of the components of the so-
cial network step

The purpose of this step, which is linked to the configura-
tion tool, is to work out the components upon which a social
network is built. A network’s nodes and edges correspond
to Web services and interactions between Web services, re-
spectively. We consider three types of interaction to support
Web services discovery.
Collaboration interaction means that some Web services

that participate already in ongoing compositions recommend
to involve additional peers to be part of these compositions
as well. For example, AirBookingWS recommends Taxi-
BookingWS to the user so that a taxi is secured at the
destination city, although TaxiBookingWS was not initially
requested when AirBookingWS was selected. Collaboration
is subject to the complementarity of the functional proper-
ties between Web services, independently of the respective
non-functional properties of these Web services2.
Substitution interaction means that someWeb services ac-

cept that similar peers replace them when they fail. For ex-
ample AirBookingWS substitutes for AirSeatReservationWS
if necessary. This kind of substitution is possible because of
the similarity of the functional properties between the Web

2In case of recommendation, the compatibility between the
Web services’ non-functional properties is assumed (Fig. 1).

services [15]. Plus this kind of substitution is quite different
from the current substitution approaches that adopt copies
of Web services to replace those that fail. To achieve a per-
fect substitution of Web services, the similarity of the non-
functional properties of these Web services is highly recom-
mended although this is not required (Fig. 1). The objective
is to avoid conflicts between the failed Web service’s pre- and
post-peers and the substitute Web service.

Competition interaction means that some Web services
have the same functional properties and just one Web service
will be selected for invocation because of its capacity of sat-
isfying the non-functional requirements of the user (Fig. 1).
For example AirBookingWS and AirSeatReservationWS can
be both used for the same purpose, which is airplane seat
booking.

In Table 1, the purpose column highlights further the role
of each social interaction in building Web services’ social
networks. The purpose of the collaboration interaction is to
enrich compositions with additional Web services. The pur-
pose of the substitution interaction is to make Web services
highly-available. Finally, the purpose of the competition in-
teraction is to develop compositions of Web services. This
table also shows the impact of functional and non-functional
properties on these interactions.

• In Row #1 - Table 1, “not-important” means that the
non-functional properties do not really contribute to
establishing the collaboration interaction; however the
complementarity of the functional properties between
Web services is critical.

• In Row #2 - Table 1, “similarity recommended”means
that having similar non-functional properties on top of
similar functional properties would simplify the sub-
stitution of Web services by avoiding conflicts between
the new and existing Web services.

• In Row #3 - Table 1, “not important” means that the
non-functional properties do not really contribute to
establishing the competition relationship; however the
similarity of the functional properties between Web
services is critical.

3.2 Matching analysis of Web services step
The purpose of this step, which is linked to the match-

ing tool, is to structure the interactions that may exist be-
tween Web services. This depends on the functional and
non-functional properties (both forming a Web service’s pro-
file) of a Web service and calls for a matching analysis of
these properties in term of either similarity or complemen-
tarity. The profile of a Web service is decomposed into five
categories: Preconditions (P), Inputs (I), Outputs (O), Ef-
fects (E), and QoS.

Many approaches deal with Web services matching us-
ing their respective profiles. The matching consists of mea-
suring the subsumption relationships between the concepts
of each category in these profiles. For the matching tool
in our framework, we adopt the work of Min et al. [17].
They use different matching algorithms to establish the de-
gree of similarity between two Web services wsi and wsj .
For each pair of concepts Cwsi and Cwsj in the same cat-
egory (i.e., P/I/O/E/QoS), the Matching Score (MS) be-
tween these concepts is a function of (1) l, number of edges
from Cwsi to Cwsj in the ontology, (2) h, depth of Cwsi in
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Table 1: Role of social interactions in Web services discovery
Type of social Purpose Properties

interaction functional Non-functional

Collaboration Composition enrichment Complement Not important
Substitution High availability Similar Similarity recommended
Competition Composition establishment Similar Not important



the ontology, and (3) d, local semantic density of Cwsi and
Cwsj [23]. So, the matching score is computed as follows:

MS(Cwsi , Cwsj ) = f1 × f2 × f3 (1)

where f1 = eαl with α as a constant, f2 = eβh−e−βh

eβh+e−βh with β

as a smoothing factor, and f3 = eλl−e−λl

eλl+e−λl with λ as another

smoothing factor.
The Degree of Similarity (DS) between wsi and wsj is cal-

culated using the weighted average of the matching scores
between the pairs of the profile types. Its value ranges be-
tween 0 and 1.

DS(wsi, wsj) =

∑
k wk ×MS(Cwsik

, Cwsjk
)

∑
k wk

(2)

where k is the total number of concepts being similar and
wk is the weight associated with the matching score between
a pair of concepts.
We adopt a similar approach to compute the Degree of

Complementarity (DC) between wsi and wsj , which is de-
noted by DC(wsi, wsj). We say that wsi and wsj are com-
plementary when all the preconditions of wsj match the
effects of wsi. So, we use Equation 2 for calculating the
degree of complementarity, except that a matching score is
performed between two concepts respectively in the precon-
dition and effect categories.
Independently of the similarity/complementarity degree

that might exist between Web services, these latter are con-
nected in the future social networks through either (i) com-
petition and substitution edges if their functional properties
are declared similar (e.g., AirBookingWS and AirSeatReser-
vationWS) or (ii) collaboration edges (e.g., AirBookingWS
and TaxiBookingWS). It is worth noting that not all Web
services have to collaborate with each other. Usually col-
laboration depends on factors such as (i) Web services be-
longing to the same domain for example travel (e.g., Air-
BookingWS and TaxiBookingWS) or (ii) data dependencies
between Web services (e.g., OutdoorActivityWS depending
on the feedback of WeatherForecastWS).

3.3 Social networks management step
The purpose of this step, which is linked to the manage-

ment and clustering tools, is to either trigger the building
of a new social network from scratch or extend an exist-
ing social network following the addition of new nodes and
edges to this network. Node/edge deletion is handling in a
different step (Section 3.7)
As per the interaction types that are now established be-

tween the Web services along with their respective degrees
of similarity and complementarity, the management of the
social networks in term of either construction or extension
begins. To this end, we split the similarity degree value into
“weak” (e.g., 0 � DS � 0.33), “average” (e.g., 0.34 � DS �
0.66), and “strong” (e.g., 0.67 � DS � 1), and the comple-
mentarity degree value into “no” (e.g., 0 � DC � 0.49) and
“yes” (e.g., 0.5 � DC � 1)3. These different degrees are
later used to assign the initial values of the weights of edges
that connect the Web services in the social networks. In the

3The initial values used for splitting similar-
ity/complementarity degrees are chosen randomly. Other
values can be used with no impact on social networks
management.

rest of this paper, we focus on the degree of similarity as the
same process applies to the degree of complementarity.

To simplify the construction of a social network for each
Web service, we group Web services according to their de-
grees of similarity to a certain Web service into three clus-
ters (Fig. 4 (a)), one cluster per range of degree of similarity.
We refer to this Web service as Web service root. If a peer
has a strong-similarity degree with the Web service root
(e.g., DSwsi,wsj = 0.8), then the management tool places
this peer into the strong-similarity cluster of this root. A
cluster might already be populated with other Web services.
The placement of Web services into clusters is a continuous
process that occurs as long as Web services are made avail-
able and accept to be discovered through social networks.

While the clustering of Web services is in progress, the
connection of Web services together into the social networks
is in progress as well, which leads into the extension of these
social networks. Fig. 4 (b) illustrates the result of mapping
the clusters onto the nodes and edges of a social network.
The ways the initial values of these weights are obtained and
the length of the edges between the Web services are both
discussed in Section 3.4. In terms of numbers of edges, all
Web services are of one edge only from the Web service root.

3.4 Initial evaluation of the weights of edges
step

The purpose of this step, which is linked to the manage-
ment tool, is to evaluate the weights of edges in a social net-
work. As per Section 3.3, this evaluation takes place either
during the construction of a new network or after adding a
node to an existing network.

The initial value of the Weight of an Edge (WE) between
wsi and wsj where wsi is the Web service root corresponds
to the degree of similarity between these Web services as
per Equation 3. This initial value will change as soon as
the discovery of Web services through the social networks
becomes effective (Section 3.6). Each time a Web service is
discovered through the social network of a peer, the weights
of some edges are updated. Equation 3 calculates the initial
weight of the edge connecting wsi to wsj at time 0 (t0).

WEt0(wsi, wsj) = DS(wsi, wsj) (3)

In Fig. 4 (b), the lengths of edges are different per type of
cluster and for each Web service connected to the Web ser-
vice root. Although multiple Web services are in the same
cluster, the lengths of the respective edges that connect them
to the Web service root are not the same. By doing this, the
value of the degree of similarity is reinforced. We use the
initial values of the edge weights to calculate the lengths
of these edges as per Equation 4 where Length(wsi, wsj)
stands for the distance (e.g., in cm) of the edge connecting
wsi to wsj , and n is any random positive number (e.g., 15)
that is selected in this step. The purpose of n is to have rep-
resentative distances for the edges since the weights’ values
of these edges are small, i.e., between 0 and 1, and hence
their graphical representation might not be clear.

Lengtht0(wsi, wsj) = n×WEt0(wsi, wsj) (4)

3.5 Social networks navigation step
The purpose of this step, which is linked to the manage-

ment tool, is to develop mechanisms that allow to navigate
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through the nodes and edges of a social network (Fig 4 (b)).
Because of the collaboration, substitution, and competition
relationships, the management tool suggests two options for
deploying social networks based on their edges’ weights.
In the first option, a Web service has three separate social

networks, one per type of relationship that the Web service
may have with other peers. If a Web service is not and
will not be engaged in a certain relationship, the social net-
work of this relationship will not be designed. In the second
option, a Web service has one social network for the three
relationships. To differentiate between these relationships
in the social network, the weight of an edge is structured
as a triple of values that correspond each to a specific rela-
tionship. If a value is set to null for example, this means
that the Web service is not engaged in the relationship that
corresponds to this value.
Independently of how the management tool structures the

social networks, each Web service root constitutes an entry
point to its social networks. As a result, the discovery of
substitute, collaborative, or competitor peers starts by nav-
igating through the different social networks commencing
with the node of this Web service root. Depending on the
activity that is ongoing whether collaboration, substitution,
or competition, we identify the factors that drive the identi-
fication of the peers with respect to the needs of this activity
as follows:

• Pc is the priority of screening a specific cluster of Web
services (Fig. 4 (b)). Strong clusters have the highest
priority, which means that the navigation of the so-
cial networks targets first the nodes and edges of these
clusters. The priority of a cluster is fixed and thus,
does not change over time.

• Cows is the cost that a Web service asks for when it is
selected through a social network. The Web services
located in the strong clusters have higher costs com-
pared to those located in other clusters. This cost is
proportional to the cluster’s priority and inversely pro-
portional to the weight of the edge that connects the
Web service to the Web service root (Equation 5).

Cowsj =
Pc

1 + (Pc ×WEtn(wsi, wsj))
(5)

Since the weights of edges change as per Section 3.6,
the cost of using a Web service is dynamic. Thus a
Web service can be either promoted, which makes it
move to a better cluster (e.g., from weak to average
clusters), or demoted, which makes it move to a worst
cluster (e.g., from strong to average clusters).

• Ews represents previous experiences’ satisfaction level
when a Web service was selected through a social net-
work and obviously deployed with success.

• Lws represents the current load level of a Web service
that needs to comply with its non-functional proper-
ties. The higher the level is, the less attractive the Web
service is. Load assessment is linked to the monitoring
tool.

We now define a selection function Selectionwsj which is
an aggregation of these factors, as follows:

Selectionwsj =α1 × Cowsj + α2 × Ewsj+

α3 × (1− Lwsj )
(6)

where
∑

i=1,3 αi = 1.
After applying Equation 6 to the Web services in a social

network, the management tool returns the peer with the
highest Selectionws’s value as it is the most appropriate
substitute, collaborative, or competitor peer.

3.6 Ongoing evaluation of the weights of edges
step

The purpose of this step, which is linked to the manage-
ment tool, is to reinforce the role of social networks in Web
services discovery. This reinforcement happens by updating
the weights of edges each time a substitute, collaborative,
or competitor peer to a Web service is discovered thanks to
these social networks. We recall that the initial values of
weights of edges are obtained using the degrees of similar-
ity (Equation 3).



To update the weights of edges, appropriate functions are
to be suggested per type of relationship. For example, the
function to evaluate the weights in a substitution social-
network can be given by the formula used in reward-based
price mechanisms [24] (Equation 7).

WEt+δt(wsi, wsj) =WEt(wsi, wsj)+

α× (
|wsj selectiont+δt|
|wsi failuret+δt| −

WEt(wsi, wsj))

(7)

where α is a constant between 0 and 1, δt represents the
update period, |wsj selectionT | is the number of times that
wsj has substituted for wsi following the use of wsi’s sub-
stitution social network at time T, and |wsi failureT | is the
number of times that wsi failed at time T. In Equation 7, it
is expected that wsj did not fail as well so that the update
of weights is finalized.
Because of the changes in the weights’ values affecting

the distances of edges that connect the Web services to the
Web service root in a social network (Equation 8), this re-
sults in either promoting or demoting a Web service from a
cluster to another.

Lengtht+δt(wsi, wsj) = WEt+δt(wsi, wsj)× n (8)

As shown in Fig. 3, the actions of the steps discussed
in Section 3.5 and Section 3.6 form a cycle; they are exe-
cuted back and forth, e.g. Step 5 → Step 6 → Step 5 →
Step 6 → · · · .
3.7 Social networks ongoing management step
The purpose of this step, which is linked to the manage-

ment tool again, is to review the shape of a social network
following the occurrence of different events like edge’s weight
dropping below a certain threshold, Web services ceasing to
exist, etc. All these events require deleting nodes and edges
(incoming and outgoing), which impacts the shape of a so-
cial network.

4. IMPLEMENTATION
The implementation of our framework to weave social net-

works’ principles into Web services consists of two steps.
The first step is similarity assessment through the matching
tool and the second step is substitution analysis through the
management tool.
In the first step, we selected Service51.Specialist and Ser-

vice12.Miscellaneous (Service51 and Service12 for short),
from a set available at andreas-hess.info/projects/
annotator/index.html. Both belong to the dictionary cat-
egory whose concepts are illustrated in Fig. 5. Service51
translates English word into Pig Latin, and Service12 trans-
lates a Word from one language into another. Only input
and output elements are used in building their respective
profiles (Fig. 6).
The matching tool uses Equation 2 to assess the degree of

similarities between two Web services. The values of α and
β were assigned to 1, l is the number of arrows for reaching
a common superclass between the concepts being analyzed,
and h is the depth of the concept in the ontology taxonomy,
being 0 the depth of owl:Thing. The weights for the pairs
formed by the Input and Output categories were the same.

BabelFishService

service:presents

BabelFishProfile

return

profile:hasinput

sourcedatatranslationmode

profile:hasOutputprofile:hasinput

process:ParameterType

ontology:Language ontology:Word

process:ParameterType

Figure 6: Service12 ’s profile

The similarity between Service51 and Service12 is calcu-
lated as follows:

• The pair of concepts formed by the Input category
from Service51 and Service12 is: {(Word, Word), (Word,
Language)}.

• The pair of concepts formed by the Output category
from Service51 and Service12 is: {(Word,Word)}.

• The matching scores for these pairs are:

MS(Word,Word) = e0 × ( e
2−e−2

e2+e−2 ) = 0.964

MS(Word, Language) = e−1 × ( e
2−e−2

e2+e−2 ) = 0.355

• Having the matching score among the pair of concepts
of each category computed, the similarity degree be-
tween the two Web services is:
DS(Service51, Service12) =
MS(Word,Word)+MS(Word,Word)+MS(Word,Language)

3
=

0.964 + 0.964 + 0.355

3
= 0.761

In the second part, we worked on substitution by failing
Service12. To this end the strong, average, and weak clusters
were built (Figure 4 (a)). We examined the impact of a
Web service’s load (Lws) on accepting substitution requests.
Different scenarios were planned as follows. Fig. 7 is a partial
listing of the experimental values used in these scenarios (S
and W refer to Selection and Weight as per Equations 6
and 7, respectively).

• Scenario 1: Each Web service’s load is set to null (L =
0). Amongst the Web services in the strong cluster,
the management tool selects Service51 (W = 0.76 and
S = 2.50).

• Scenario 2: Service51 becomes fully loaded (L = 1).
Service52 that is in the same cluster as Service51 is
selected (W = 0.96 and S = 2.45) instead of service51
(W = 0.77 and S = 1.49).

• Scenario 3: Service51 and Service52 are now fully
loaded. Service95 in the strong cluster is selected.

• Scenario 4: All Web services in the strong cluster be-
come fully loaded after a couple of iterations. Ser-
vice53 in the average cluster is selected (W = 0.36
and S = 2.42).



Figure 5: Taxonomy of concepts used during implementation



Network weigths for Service12

W Cluster Co E L S subs W Cluster Co E L S subs W Cluster Co E L S subs
1 service2 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0
2 service6 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0
3 service12 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0
4 service17 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0
5 service20 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0
6 service22 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0
7 service30 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0
8 service38 0.56 Average 0.39 1.00 0.00 2.39 0 0.56 Average 0.39 1.00 0.00 2.39 0 0.56 Average 0.39 1.00 0.00 2.39 0
9 service51 0.76 Strong 0.50 1.00 0.00 0.77 Strong 0.49 1.00 1 0.77 Strong 0.49 1.00 1.49 1

10 service52 0.96 Strong 0.45 1.00 0.00 2.45 0 0.96 Strong 0.45 1.00 0.00 2.45 0.94 Strong 0.46 1.00 1.46 1
11 service53 0.36 Average 0.42 1.00 0.00 2.42 0 0.36 Average 0.42 1.00 0.00 2.42 0 0.36 Average 0.42 1.00 0.00 2.42 0
12 service60 0.66 Average 0.38 1.00 0.00 2.38 0 0.66 Average 0.38 1.00 0.00 2.38 0 0.66 Average 0.38 1.00 0.00 2.38 0
13 service76 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0
14 service85 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0
15 service91 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0 0.13 Weak 0.19 1.00 0.00 2.19 0
16 service95 0.96 Strong 0.45 1.00 0.00 2.45 0 0.96 Strong 0.45 1.00 0.00 2.45 0 0.96 Strong 0.45 1.00 0.00 2.45

Scenario 1

Strongest: 0.96 Strongest: 0.96 Strongest: 0.96

Subs. Weight 2.50 Strong 3 Subs. Weight 2.45 Strong 3 Subs. Weight 2.45 Strong 3

Position: 9 Average 3 Position: 10 Average 3 Position: 16 Average 3

Element: service51 Weak 10 Element: service52 Weak 10 Element: service95 Weak 10

16 16 16

List of available
Web services

Iteration 0 Iteration 1 Iteration 2

cluster amount cluster amount cluster amount

2.50 1.49

1

1.00

1.00

1

Scenario 2 Scenario 3

1 1.00

Figure 7: Some experimental values during simulation

• Scenario 5: We keep the previous experimental condi-
tions unchanged, except for Service53 whose load value
is now set to 0.5. Service60 in the average cluster is
selected.

• Scenario 6: All Web services in the strong and av-
erage clusters become either fully loaded (L = 1) or
half loaded (L = 0.5). Service2 in the weak cluster is
selected.

We moved afterwards to study the impact of Web services’
promotion and demotion in a social network (Fig. 4 (b)).
This happens based on user satisfaction rating. The fol-
lowing scenarios were established using the aforementioned
Scenario 6’s experimental conditions:

• Scenario 1: Several iterations were required before ob-
serving the transition of Service2 from weak to average
clusters. As the weight of Service2 increases through
the iterations, it was selected several times.

• Scenario 2: Service2 ’s load was changed from zero
(L = 0) to half (L = 0.5). Service2 continued to be
selected.

• Scenario 3: Each Web service becomes idle (L = 0).
Service51 in the strong cluster is selected again.

• Scenario 4: In the following iteration, we assumed
that Service51 failed in satisfying the substitution re-
quest (E = 0). In this case, Service95 in the same
cluster is selected.

• Scenario 5: When we reiterated the selection process,
we noted that Service95 moves from strong to aver-
age clusters as its cost (CoService95) calculated as per
Equation 5 decreases.

5. RELATED WORK
Major research challenges in Web services can be split

into two main streams: how to find Web services with re-
spect to the descriptions that users provide of their needs

and how to differentiate between Web services with simi-
lar functionalities using QoS properties. Existing standards
for Web services discovery such as UDDI let organizations
publish their Web services and allow keyword-based search
of these Web services using tModel elements. As UDDIs
proliferate along with their size increase, screening multi-
ple UDDIs has become time consuming and ineffective [1].
Alternative discovery approaches use Web services’ opera-
tions. In [18], Sajjanhar et al. propose information retrieval
techniques such as Term Frequency and Inverse Document
Frequency to identify a Web service’s operations that are
almost similar to a user description. These techniques con-
sider all textual elements in a WSDL document in order to
extract and compare them against the textual elements of
the available Web services. Unfortunately, these techniques
can not reveal the semantic relationship between Web ser-
vices. Matching algorithms deal with Web services discovery
in a different way [22]. Given a textual description of a Web
service, these algorithms retrieve the desired Web services
that match operation structures. The drawbacks of these
algorithms stem from the fact that simple structural match-
ing may be invalid when two Web services’ operations have
many similar data type substructures.

In the semantic Web community, Description Logic is used
to develop inferring mechanisms to establish similarity be-
tween Web services and a given Web service [20]. In ad-
dition, ontology mapping [9] and semantic processing are
exploited widely to annotate Web services (e.g., SAWSDL,
DAML-S, or OWL-S) [4]. Most of these approaches depend
on the names of parameters and operations and do not deal
with the QoS properties. Web services discovery based on
QoS search criteria has been studied extensively to retrieve
the most relevant Web services. Ontology matching, clus-
tering, and similarities of metric values [2] just to mention
a few, are fields that the service-oriented community exam-
ines. The main lack of all these representative approaches
is the discovery of Web services independently from each
other. In our work, we first discover Web services according
to a specific context that could be collaboration, compe-



tition, or substitution and second, pay a special attention
to Web services’ histories, past compositions, and dynamic
relations. Extending the social network paradigm to con-
textual Web service discovery is particularly useful to find
most relevant Web services, which not only provide the right
functional and non-functional properties but, also, the ap-
propriate Web services for a specific context driven by the
needs of collaboration, competition, or substitution. The
power of social networks stems from their ability to capture
real-world phenomena such as collaboration, competition,
and partnership.

6. CONCLUSION
In this paper, we presented our framework to weave so-

cial networks’ principles into Web services discovery. Differ-
ent steps along with different tools were identified includ-
ing identification of the components of a social network,
matching analysis of Web services, management of the so-
cial networks, initial evaluation of the weights of edges of
these social networks, navigation through these social net-
works, ongoing evaluation of the weights of these edges, and,
finally, ongoing management of these social networks. We
adopted social networks’ principles because they capture the
relationships that exist between Web services. Collabora-
tion, substitution, and competition are examples of these
relationships. Each relationship is subject to analyzing the
similarity and complementarity of the functionalities of Web
services. We clustered the Web services depending on the
outcome of this analysis prior to mapping these clusters onto
social networks. Weaving social elements into Web service
operation means Social Web Services that will establish
and maintain networks of contacts; put their users in the
heart of their life cycle enabling additional functionalities
through, e.g., collaboration and annotation, count on their
(privileged) contacts when needed; form with other peers
strong and long lasting collaborative groups; and, know with
whom to partner so ontology reconciliation is minimized [13].
Our future work consists of fine tuning the implementation
and comparing for example discovery time using our social
networks and other registry-based means.
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