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Abstract—The last decade has witnessed a tremendous growth of Web services as a major technology for sharing data,
computing resources, and programs on the Web. With the increasing adoption and presence of Web services, design of novel
approaches for effective Web service recommendation to satisfy users’ potential requirements has become of paramount
importance. Existing Web service recommendation approaches mainly focus on predicting missing QoS values of Web service
candidates which are interesting to a user using collaborative filtering approach, content-based approach, or their hybrid. These
recommendation approaches assume that recommended Web services are independent to each other, which sometimes may
not be true. As a result, many similar or redundant Web services may exist in a recommendation list. In this paper, we propose a
novel Web service recommendation approach incorporating a user’s potential QoS preferences and diversity feature of user
interests on Web services. User’s interests and QoS preferences on Web services are first mined by exploring the Web service
usage history. Then we compute scores of Web service candidates by measuring their relevance with historical and potential
user interests, and their QoS utility. We also construct a Web service graph based on the functional similarity between Web
services. Finally, we present an innovative diversity-aware Web service ranking algorithm to rank the Web service candidates
based on their scores, and diversity degrees derived from the Web service graph. Extensive experiments are conducted based
on a real world Web service dataset, indicating that our proposed Web service recommendation approach significantly improves
the quality of the recommendation results compared with existing methods.
Index Terms—Web service recommendation, diversity, user interest, QoS preference, service usage history
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1 INTRODUCTION

W

eb services have been rapidly developed in recent
years and played an increasingly significant role in
e-commerce, enterprise application integration, and other
applications. With the growth of the number of Web services on the Internet, Web service discovery has become a
critical issue to be addressed in service computing community [1]. Since there are many Web services with similar functionalities and different non-functional quality, it
is important for users to select desirable high-quality Web
services which satisfy both users’ functional and nonfunctional requirements.
Recently, recommending qualified and preferred Web
services to users has attracted much attention in terms of
the information overload problem. Web service recommendation is a process of proactively discovering and
recommending suitable Web services to end users. A
number of works have been done on service recommendation based on quality of service (QoS). Most of them
employed Collaborative Filtering (CF) techniques [2-6],
some of them applied content-based approach, and a few
of them combined CF approach with content-based techniques. They focus on predicting missing QoS values of
Web services used by similar users for an active user.
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However, there are drawbacks for these approaches. To
begin with, they simply recommend users Web services
with the best QoS values on a certain QoS criterion without exploiting the user’s potential QoS preferences, which
may likely be mined from his/her service usage history
[7]. A user’s QoS preference for services is certainly important for real service recommendation scenarios, since
it can be used for measuring the QoS utility of a Web service in a more accurate and personalized way. Moreover,
existing service recommendation approaches may have
unneeded similar services in the top-k recommendation
lists, since there is a default assumption that all the 𝑘 results are independent of each other, which may not be
true in many times. As a result, the user’s satisfaction degree may decrease in their experience of selection in the
recommended list due to the redundant services in the
limited top-k recommendation list. For example, suppose
there is a certain category of services with similar or related function (i.e., in the same service domain) which
match a user’s interests and have comparatively higher
QoS than the services in other categories. It is probable
that existing service recommendation approaches will
only recommend services in this category to the user in
the final short recommendation list. From the user’s
viewpoint, however, the recommended services with similar functionality are redundant, and services in the other
categories which are interesting to the active user should
also be incorporated as many as possible in the only limited top-k recommendation list. In order to remove the
redundancy in service recommendation list, and at the
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same time maintain the quality of the recommended services, diversity should be considered in recommendation.
In recommender systems, when the k best recommendations are very similar to each other, many of them may
be useless to the user, and thus the usefulness of k recommendations may be very low. It is desirable for a recommender system to return a diverse set of cases in order to provide the user with optimal coverage of the information space [8]. Currently, diversity is considered as
important as similarity in many existing recommender
systems [9-12]. For example, Zhou et al. [9] discussed the
diversity-accuracy dilemma of recommender systems,
showing that hybrid method with diversity can improve
the recommendation performance. Ziegler et al. [10] proposed that recommendation can be improved through
topic diversification. Based on these facts, we argue that
diversity is also an important feature in Web service recommendation systems. In this paper, we propose a novel
service recommendation approach by taking diversity
into consideration. We incorporate the functional relevance, QoS utility, and diversity features of Web services
for recommending well diversified top-k services to users.
Specifically, the contributions are as follows.
1) We mine a user’s functional interests and QoS preferences by exploring his/her service usage history. The
user interests are two-fold: the historical user interest
and the potential user interest. The historical user interest is mined through its own service usage history,
query logs and profile, while the potential user interest is derived through collaborative filtering approach.
User interests and QoS preferences are used for measuring the functional relevance and QoS utility respectively for Web service candidates.
2) We compute a score for each Web service candidate
using the functional relevance and QoS utility. Meanwhile, we construct a Web service graph based on the
functional similarity between service candidates with
a certain level of user interest relevance. A diversity
measure is defined based on the Web service graph.
3) We perform a novel diversity-aware service ranking
algorithm to find the optimal top-k Web services
based on a proposed comprehensive ranking measure.
The experimental results indicate that the proposed
approach improves the performance of service recommendation compared with the existing methods.
The rest of this paper is organized as follows: Section 2
surveys the related works on service recommendation.
Section 3 presents our framework of the proposed Web
service recommendation approach. Section 4 discusses
how to effectively recommend Web services and diversify
the service recommendation results in detail, including
functional evaluation, non-functional evaluation, diversity evaluation, and ranking of Web services. Section 5 describes the experimental results. Finally, we draw conclusions and outline our future work in Section 6.

2 RELATED WORK
To discover high quality Web services, a number of QoS
models for Web services and QoS-driven service selection

approaches have been proposed in the service computing
field [13-17]. In their study, it is usually assumed that a
user explicitly specifies his/her interests (e.g., by using
keywords) and QoS requirements, and submits them to the
service discovery system [18]. Then the service discovery
system matches the user’s interests and QoS requirements
with corresponding attributes of Web services, and returns
those with the best matching degrees to the user [19-21].
The scenarios for service selection can be divided into two
categories. The first scenario aims to select a set of services
for a composite service, which is widely studied by existing work on service selection [16,17,22]. The second scenario is to select a single service for a user request [23,24], or
to select multiple services with the same function for multiple user requests [15,25]. Recently, there has been an
increasing interest in actively recommending qualified
and preferred Web services to users without initiating
service requests. Existing Web service recommendation
approaches can be roughly divided into three categories:
CF-based approaches, content-based approaches, and
hybrid approaches. In the following, we survey the related work on service recommendation in these three categories, and on diversity-based ranking algorithms.

2.1 CF Methods for Service Recommendation
The main idea of collaborative filtering is to recommend
new items of interest to a user regarding the other users’
experiences over a set of items. Existing collaborative filtering algorithms can be divided into two categories: memory-based and model-based. Memory based methods are
more popular in service recommendation, partially because
they are more intuitive to interpret the recommendation
results [26]. Memory-based collaborative filtering can be
further divided into user-based approaches [27] and itembased approaches [28]. User-based collaborative filtering
methods recommend a user the items preferred by the users with similar interests, while item-based collaborative
filtering methods recommend a user the items similar to
those he/she preferred in the past. Shao et al. [6] proposed
a user-based CF approach that uses PCC (Pearson Correlation Coefficient) to compute similarity between users in
terms of their experiences on used Web services. Zheng et
al. [29] proposed a hybrid CF approach for QoS-aware service recommendation by combining both item-based PCC
(IPCC) and user-based PCC (UPCC). They exploited not
only similarity among users but also similarity among services for missing QoS prediction. Jiang et al. [2] improved
the hybrid CF-based service recommendation approach of
[5] by taking the personal characteristics of users and services into consideration when measuring similarity among
users and services using PCC. Zhang et al. [30] proposed a
context-aware service recommendation model, which simultaneously considered users’ experiences, the target
user’s environment factor and his/her input factor to make
recommendation decisions. Chen et al. [4] observed that
user-perceived QoS metrics of services are highly related to
users’ physical locations on the Internet. They proposed an
efficient region model with the properties of QoS for QoS
prediction. Tang et al. [3] incorporated both users’ and services’ location information into QoS prediction, and pro-
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posed a location-aware CF method for service recommendation. Zhang et al. [31] observed that QoS performance of
services is highly related to the service status and network
environments which are variable against time. They proposed a QoS prediction framework, called WSPred, to provide time-aware personalized QoS value prediction for
different service users. Wu et al. [32] presented a neighborhood-based collaborative filtering approach to predict such
unknown values for QoS-based service selection. Most recently, some CF based service recommendation approaches
employed the matrix factorization theory to improve the
accuracy of QoS prediction [33,34].

vices via using a three-way aspect model. In their work,
user interests are represented by a set of latent variables,
which is developed offline. However, QoS preferences of
users are not considered in these works.

2.4 Diversity-based Ranking algorithms
As mentioned previously, existing service recommendation approaches assumed that all the returned results are
independent to each other, which may result in many unneeded similar Web services in a top-k recommendation
list. As a result, diversity of the recommended Web services would be quite low. Actually, diversity has been widely
considered as an important criterion in the areas of infor2.2
Content-based
Methods
for
Service mation retrieval and data mining, and there has been a
Recommendation
large body of research work on diversifying search results
Content-based service recommendation approaches fo- in text, graph and other searching applications [40-43].
cused on exploring the description information of Web Smyth et al. [11] argued that often diversity can be as imservices and the user’s own service usage history. General- portant as similarity, especially in case-based recommenly, the Web services which are highly relevant to the user’s dation systems. Hurley et al. [12] conducted analysis and
service usage history and own high QoS utility would be evaluation on novelty and diversity. They argued that the
recommended to users. Kang et al. [35] proposed an active motivation of diversity research is to increase the probaWeb service recommendation approach based on service bility of retrieving unusual or novel items which are releusage history which incorporates both user interest and vant to the user and introduce a methodology to evaluate
QoS preference into Web service recommendation. With their performance in terms of novel item retrieval.
the user interest and QoS preference, recommender sysIn the literature, employing graph models to do diversitems can recommend top-k optimal services with user- ty-based ranking is the mainstream, and there are two
desired functional and non-functional requirements. In [35], popular techniques. The first one is based on a greedy vera user’s potential QoS preference is acquired by the aver- tex selection procedure [44,45], and the second one is based
age QoS preference from service usage history. This poten- on a so-called vertex reinforced random walk [46]. In partial QoS preference is used for all the service candidates. ticular, the greedy vertex selection procedure chooses a
However, the QoS preference may be not accurate because vertex with maximum random walk based ranking score at
a user may have different QoS preferences to different ser- one time, and then removes the selected vertex from the
vices. Therefore, this approach should be further improved. graph. To get the top-k ranking list, this process will repeat
Liu et al. [36] proposed a semantic content-based recom- K times. There are two algorithms based on this framework:
mendation approach that analyzes the context of intended the Grasshopper algorithm [44] and the manifold rank with
service use to provide effective recommendations in condi- stop points algorithm [45]. Both of the two algorithms have
tions of scarce user feedback. Hu et al. [37] proposed a per- empirically shown that they can improve diversity in ranksonalized search approach for Web service recommenda- ing on graph-type data. However, the drawback of this
tion, in which interests are extracted from users’ records. type of algorithm is that they lack theoretical explanation
While these two works do not consider QoS preferences for the algorithm on why it can improve diversity of the
and potential user interests of users, which will be ad- ranking results. In [46], Mei et al. proposed a diversified
dressed in this work.
ranking algorithm, named DivRank, based on a vertex
reinforced random walk. They also presented an optimiza2.3 Hybrid Methods for Service Recommendation
tion explanation for DivRank so that it can achieve diversiHybrid service recommendation approaches combined ty in ranking. However, their optimization explanation
both collaborative filtering and content-based recommen- cannot be used in directed graphs other than undirected
dation techniques. Freddy [38] proposed a semantic con- graphs. In addition, the convergence property of DivRank
tent-based recommendation system that provides end- is not clear, because it resorts to some approximation stratusers with recommendations about semantic Web services egies to the original vertex reinforced random walk.
that could be of their interest. Firstly, this approach considThe above diversified ranking algorithms neither are
ers the neighbors of the active user by computing similari- scalable to large graphs due to the time or memory reties between different users’ personal information. Then, quirements, nor are intuitive and reasonable diversified
Web services manipulated by similar users, except the ser- ranking measures. To overcome the problems in above
vices already used by the active user, are ranked depend- algorithms, Rong-Hua Li et al. [47] proposed a novel divering on their semantic similarity with services the active sified ranking measure on large graphs, which captures
end-user used to interact with. Finally, the top k services both relevance and diversity, and formulate the diversified
are recommended to the user. Yao et al. [39] proposed a ranking problem as a sub-modular set function maximizahybrid service recommendation approach by combining tion problem. An efficient greedy algorithm with linear
CF with content-based features of Web services. This ap- time and space complexity was developed.
proach exploited both rating data and content data of serHowever, diversifying Web service recommendation re-
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sults has received little attention so far, and the existing
diversity-based ranking algorithm cannot be applied directly for the practical Web service recommendation. In
this paper, we will address this issue by recommending
top-k optimal Web services to a user that not only match
well with the user’s interests and QoS requirements but
also have a sound diversity. Modified from literature [47],
we also formulate the Web service recommendation with
diversity as a sub-modular set function maximization problem, and developed an greedy algorithm with linear time
and space complexity which is suitable for handling large
number of Web services in a big data environment.

QoS preference on a service candidate through mining the
service’s usage history, then calculates the QoS utility of
the Web service with the obtained QoS information. Diversity Evaluation first calculates the functional similarity between service candidates, and then constructs a Web service graph with the computed similarity values between
service candidates. After functional, non-functional, and
diversity evaluation, WSRD performs the diversified service ranking algorithm based on the functional relevance,
QoS utility and Web service graph to yield a well diversified top-k service recommendation list for the active user.

4 THE SERVICE RECOMMENDATION APPROACH
3 FRAMEWORK OF OUR APPROACH
Now we describe the framework of our service recommendation approach which takes diversity into consideration as shown in Figure 1. In the framework, Web Service
Recommendation with Diversity (WSRD) is the key component. For simplicity, we suppose that the service usage
history and functional description information and QoS
information of all services are already provided or acquired. The collected service pool can be updated dynamically by the service search engine. However, we assume
that the number of services does not change in the small
interval during the process of service recommendation.
Top-k
Web
Service
List

Usage History

Diversity Evaluation
Service Graph

Non-Functional
Evaluation

QoS Utility

Diversified Web
Service Ranking

QoS Information

Interest Relevance

User Interest

Functional
Evaluation 1

Internet

Service similarity

Web Services

Functional Evaluation 2
Potential Interest Relevance

Collaborative Filtering Similarity

Web Service Recommendation with Diversity

Fig. 1.

Framework of Our Service Recommendation Approach

WSRD has four subcomponents: functional evaluation,
non-functional evaluation, diversity evaluation, and diversified Web service ranking, as shown in Figure 1. The functional evaluation can be further divided into two parts:
Functional Evaluation 1 and Functional Evaluation 2. Functional Evaluation 1 evaluates the relevance of the user’s
historical interest with Web services based on a contentbased similarity measure. Content-based similarity is acquired by text similarity. This work only considers Web
services that are described by the Web Service Description
Language (WSDL). Nevertheless, it is easy to extend our
work to handle other kinds of Web services. The user’s
historical interest can be mined from his/her own service
usage or query history. Functional Evaluation 2 predicts
the user’s potential interest and evaluates its relevance
with Web services by employing collaborative filtering
based user similarity. The user similarity is measured
based on the service invocation history of all service users.
Non-functional Evaluation first infers the user’s potential

Suppose there are M services in the service usage history
of an active user 𝑢 , denoted by 𝑊𝑆𝑢 ,1 , 𝑊𝑆𝑢 ,2 , ⋯ , 𝑊𝑆𝑢 ,𝑀 ,
and the QoS preference vector specified by the user on
𝑊𝑆𝑢 ,𝑖 is denoted by 𝑷𝑢 ,𝑖 . If the Web services invoked by
the user were recommended by the Web service search
engine, their QoS preference vectors may also be empty.
Suppose there are N Web service candidates for Web service recommendation, which are 𝑊𝑆1 , 𝑊𝑆2 , ⋯ , 𝑊𝑆𝑁 . With
these notations, next we describe our Web service recommendation approach, which includes functional evaluation, non-functional evaluation, diversity evaluation,
and diversified Web service ranking.

4.1 Functional Relevance based on Historical User
Interest
Terms in WSDL documents of all the available Web service
candidates can be looked upon as a corpus and therefore
we employ the well-known TF/IDF (Term Frequency/Inverse Document Frequency) [48] algorithm to weight
the importance of terms in the corpus. TF/IDF is a statistical measure to evaluate how important a word is to a document in the corpus. The importance increases proportionally to the number of times a word appearing in the document but is offset by frequency of the word in the corpus.
Variations of TF/IDF weighting scheme are often used by
search engines as a central tool in scoring and ranking documents’ relevance given a user query. It analyzes most
common terms appearing in each document and appearing
less frequently in other documents.
We extract the meaningful words from WSDL documents to form the corpus. The format of a WSDL document
conforms to the rules of XML document. There may be
many words or tokens which need to be preprocessed in
WSDL documents. There are usually three steps for document preprocessing: normalization, word stemming, and tokens and stop-words removing. Specific details on WSDL
document preprocessing can be referred to [35,49].
The term count in a given document is the number of
times a given term appears in the document. This count is
usually normalized to prevent a bias towards longer documents (which may have a larger term count regardless of
the actual importance of that term in the document) to give
a measure of the importance of the term. Thus the term
frequency 𝑡𝑓(𝑡𝑗 , 𝑊𝑆𝐷𝐿𝑖 ) of the 𝑗𝑡 term of the WSDL document 𝑊𝑆𝐷𝐿𝑖 in the corpus is defined in the simplest case
as the occurrence count of the term in the document, which
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is calculated as follows:
𝑡𝑓 𝑡𝑗 , 𝑊𝑆𝐷𝐿𝑖 =

𝑓𝑟𝑒𝑞 (𝑡 𝑗 ,𝑊𝑆𝐷𝐿 𝑖 )
|𝑊𝑆𝐷𝐿 𝑖 |

(1)

where 𝑡𝑗 is the 𝑗𝑡 term in the corpus; 𝑊𝑆𝐷𝐿𝑖 is the WSDL
document of the 𝑖 𝑡 Web service 𝑊𝑆𝑖 ; 𝑓𝑟𝑒𝑞(𝑡𝑗 , 𝑊𝑆𝐷𝐿𝑖 ) is
the occurrence number of 𝑡𝑗 in 𝑊𝑆𝐷𝐿𝑖 ; |𝑊𝑆𝐷𝐿𝑖 | is the total
occurrence number of all meaningful terms in 𝑊𝑆𝐷𝐿𝑖 .
Therefore, we should have |𝑊𝑆𝐷𝐿𝑖 | = 𝑗 𝑓𝑟𝑒𝑞(𝑡𝑗 , 𝑊𝑆𝐷𝐿𝑖 ).
The inverse document frequency 𝑖𝑑𝑓(𝑡𝑗 , 𝑊𝑆𝐷𝐿𝑖 ) is a
measure of the general importance of the term 𝑡𝑗 (obtained
by dividing the total number of documents by the number
of documents containing the term, and then taking the logarithm of that quotient), calculated as follows:
𝑖𝑑𝑓 𝑡𝑗 , 𝑊𝑆𝐷𝐿𝑖 = 𝑙𝑜𝑔2

|𝑊𝑆𝐷𝐿 |
|{𝑊𝑆𝐷𝐿 𝑖 : 𝑡 𝑗 ∈ 𝑊𝑆𝐷𝐿 𝑖 }|

(2)

where |𝑊𝑆𝐷𝐿| is the total number of WSDL documents,
which equals to the number of Web services, i.e., 𝑊𝑆𝐷𝐿 =
𝑁 ; |{𝑊𝑆𝐷𝐿𝑖 : 𝑡𝑗 ∈ 𝑊𝑆𝐷𝐿𝑖 }| is the number of documents
where the term 𝑡𝑗 appears. If the term is not in the corpus,
this leads to a division-by-zero. It is therefore common to
adjust the denominator to 1 + |{𝑊𝑆𝐷𝐿𝑖 : 𝑡𝑗 ∈ 𝑊𝑆𝐷𝐿𝑖 }|.
Since WSDL documents are generally short, we choose
to give higher weight to the IDF value to normalize the
inherent bias with Formula (3), while the common implementation of TF/IDF gives equal weights to term frequency and inverse document frequency (i.e., 𝜔 = 𝑡𝑓 ∗ 𝑖𝑑𝑓). The
reason behind this modification is to normalize the inherent bias of TF measure in short documents [50].
𝜔𝑖,𝑗 = 𝑡𝑓 𝑡𝑗 , 𝑊𝑆𝐷𝐿𝑖 ∗ 𝑖𝑑𝑓 2 𝑡𝑗 , 𝑊𝑆𝐷𝐿𝑖

(3)

A high weight in TF/IDF is achieved through a high
term frequency and a low document frequency of the term
in the whole collection of documents. The weights hence
tend to filter out very common terms.
Suppose there are n terms in the corpus. Then with
TF/IDF algorithm, the WSDL document of a Web service
𝑊𝑆𝑖 can be transformed into a term weight vector 𝒘𝑖 . To
measure the text similarity between 𝑊𝑆𝑖 and 𝑊𝑆𝑗 , we use
the Cosine Similarity.
𝑡𝑒𝑥𝑆𝑖𝑚 = cos 𝒘𝑖 , 𝒘𝑗

=

𝒘𝑖 ∙𝒘𝑗
|𝒘𝑖 |×|𝒘𝑗 |

(4)

where |𝒘𝑖 | and |𝒘𝑗 | are the Euclidean length of the vector 𝒘𝑖 and 𝒘𝑗 respectively, and the numberator is the dot
product of 𝒘𝑖 and 𝒘𝑗 .
It is worth noting that treating WSDL as common text
and simply employing text similarity to measure the functional similarity of Web services may be not enough. Two
Web services with a low text similarity could be similar
because they may contain similar or equivalent service operations. Thus, measuring the similarity of service operations is also needed for assessing two Web services’ similarity. A Web service operation consists of three elements
𝑂𝑃𝑓 = (𝑲, 𝑰𝒏, 𝑶𝒖𝒕) [49]. The keywords (𝑲) element of service
operation 𝑖 can be denoted by a vector of words 𝑲𝑖 =
(𝑘1𝑖 , 𝑘2𝑖 , ⋯ , 𝑘𝑙𝑖′ ). The input (𝑰𝒏) and the output (𝑶𝒖𝒕) ele𝑖
ments can be denoted by vectors 𝑰𝒏𝑖 = (𝑖𝑛1𝑖 , 𝑖𝑛2𝑖 , ⋯ , 𝑖𝑛𝑚
′)
𝑖
𝑖
𝑖
𝑖
𝑖
𝑖
and 𝑶𝒖𝒕 = (𝑜𝑢𝑡1 , 𝑜𝑢𝑡2 , ⋯ , 𝑜𝑢𝑡𝑛 ′ ) , where 𝑖𝑛𝑘 and 𝑜𝑢𝑡𝑘 are
terms appeared in the input and the output respectively.

Thus, service operations are described as sets of terms. By
applying the TF/IDF measure into these sets, we can also
measure the service operation similarity 𝑜𝑝𝑆𝑖𝑚 of two service operations by using Cosine Similarity, i.e., o𝑝𝑆𝑖𝑚 =
cos 𝑲𝑖 , 𝑲 𝑗 + cos 𝑰𝒏𝑖 , 𝑰𝒏𝑗 + cos 𝑶𝒖𝒕𝑖 , 𝑶𝒖𝒕𝑗 . Considering
that a Web service may contain multiple service operations,
we measure the operation similarity of two Web services
with the maximal service operation similarity of two service operations from the two Web services respectively.
Therefore, if two Web services have high text similarity
and high service operation similarity, we can say that they
are similar. Based on the above observations, we define the
𝑤𝑠
similarity 𝑆𝑖,𝑗
of two Web services as follows, where 𝜑 and
𝜙 are adjustment parameters, satisfying 𝜑 + 𝜙 = 1.
𝑤𝑠𝑆𝑖𝑚(𝑊𝑆𝑖 , 𝑊𝑆𝑗 ) = 𝜑𝑡𝑒𝑥𝑆𝑖𝑚 + 𝜙𝑜𝑝𝑆𝑖𝑚

(5)

Considering that an user’s historical interest may
change over time, to acquire the user’s latest interests accurately, we construct a user interest vector by merging
WSDL documents of recently used Web services into one
WSDL document, named 𝐵𝑖𝑔𝑊𝑆𝐷𝐿. Then we also add the
corresponding query logs and the user’s profile into the
𝐵𝑖𝑔𝑊𝑆𝐷𝐿 , namely 𝐵𝑖𝑔𝑊𝑆𝐷𝐿 + . 𝐵𝑖𝑔𝑊𝑆𝐷𝐿 + is transformed into a term vector 𝒘𝑢𝑖 via TF/IDF, indicating the
user’s historical interest. Since 𝒘𝑢𝑖 is a full description of
the user’s historical interest, it is reasonable to use it to
yield diversified Web service recommendation results for
the active user. We measure the similarity 𝑆𝑖𝐻 between
𝐵𝑖𝑔𝑊𝑆𝐷𝐿 + and a Web service candidate 𝑊𝑆𝑖 with Formula (5), indicating the very historical user interest relevance.

4.2 Functional Evaluation based on Potential User
Interest
The relevance of Web services with the user interest computed above is only based on the active user’s own Web
service usage history, while the service experiences of the
other users are neglected. The service experiences of the
other users can be used to predict the potential interest of
the active user. Thus, we also apply collaborative filtering
approach to find the Web services which are probably interesting to the active user.
In collaborative filtering approach, user similarity is calculated based on the Web service invocation records of a
set of users. Similar users usually share the common interest, so they are likely to use Web services with the same
functionality. The more commonly invoked Web services
two users have in their invocation records, the larger the
user similarity between them. Based on this observation,
we use the following formula to calculate the user similari𝑢𝑠𝑒𝑟
ty 𝑆𝑖,𝑗
between two users.
𝑢𝑠𝑒𝑟𝑆𝑖𝑚 𝑢𝑖 , 𝑢𝑗 =

2×|𝐶𝑆 𝑖𝑗 |
𝑆𝑢 𝑖 +|𝑆𝑢 𝑗 |

(6)

where 𝑆𝑢 𝑖 and 𝑆𝑢 𝑗 are the sets of Web services used by user 𝑢𝑖
and 𝑢𝑗 respectively, 𝐶𝑆𝑖𝑗 is the set of Web services used by both
𝑢𝑖 and 𝑢𝑗 , i.e., 𝐶𝑆𝑖𝑗 = 𝑆𝑢 𝑖 ∩ 𝑆𝑢 𝑗 . If 𝐶𝑆𝑖𝑗 = 0 , then we have
𝑢𝑠𝑒𝑟𝑆𝑖𝑚(𝑢𝑖 , 𝑢𝑗 ) = 0.
In CF based recommendation approach, usually the
items used by similar users will be recommended to the
active user. As for a Web service, several similar users may
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have used it. Thus, in this paper, we use the maximum user
similarity to the active user as the potential user interest
relevance 𝑆𝑖𝑃 of a Web service candidate to the active user.

4.3 Non-Functional Evaluation
Suppose that m QoS criteria are used for assessing the nonfunctional quality of 𝑊𝑆𝑖 , its QoS vector is denoted by 𝑸𝑺𝑖 ,
i.e., 𝑸𝑺𝑖 = (𝑞𝑖,1 , 𝑞𝑖,2 , … , 𝑞𝑖,𝑚 ), where 𝑞𝑖,𝑗 represents the value of the 𝑗𝑡 quality criterion. Generally, there are two
types of QoS criteria. A QoS criterion is considered to be
negative if the higher the value, the lower the quality, (e.g.,
Response Time and Cost). On the other hand, if the higher
the value, the higher the quality, the QoS criterion is considered to be positive (e.g., Availability and Reliability). Values of different QoS criteria need to be normalized to the
same range for uniform measurement purpose. While before normalization, we apply statistical method (i.e., Pauta
Criterion method) to preprocess the QoS values in advance
to remove the outliers. In this section, we transform each
QoS criterion value to a real number between 0 and 1 by
comparing it with the maximum and minimum values of
the QoS criterion among all available Web service candidates. After such normalization processing, larger value for
any quality criterion means better quality. Concretely, for a
negative QoS criterion, its value 𝑞𝑖,𝑗 would be normalized
′
as 𝑞𝑖,𝑗
according to Formula (7), and for a positive criterion,
𝑞𝑖,𝑗 would be normalized using Formula (8), which are defined as follows:
𝑄𝑚𝑎𝑥 𝑗 −𝑞 𝑖,𝑗
′
𝑞𝑖,𝑗
=

𝑄𝑚𝑎𝑥 𝑗 −𝑄𝑚𝑖𝑛 𝑗

′
𝑞𝑖,𝑗
=

𝑄𝑚𝑎𝑥 𝑗 −𝑄𝑚𝑖𝑛 𝑗

1,

𝑞 𝑖,𝑗 −𝑄𝑚𝑖𝑛 𝑗

1,

, 𝑖𝑓 𝑄𝑚𝑎𝑥 𝑗 ≠ 𝑄𝑚𝑖𝑛 𝑗
𝑖𝑓 𝑄𝑚𝑎𝑥 𝑗 = 𝑄𝑚𝑖𝑛 𝑗
, 𝑖𝑓 𝑄𝑚𝑎𝑥 𝑗 ≠ 𝑄𝑚𝑖𝑛 𝑗
𝑖𝑓 𝑄𝑚𝑎𝑥 𝑗 = 𝑄𝑚𝑖 𝑛 𝑗

(7)
(8)

where the maximum value 𝑄𝑚𝑎𝑥 (𝑗) and minimum value
𝑄𝑚𝑖𝑛 (𝑗) of the 𝑗𝑡 QoS criterion are defined as Formula (9)
and (10), respectively. We denote 𝑸𝑺′𝑖 as the QoS vector of
𝑊𝑆𝑖 after normalization processing.
𝑄𝑚𝑎𝑥 𝑗 = 𝑚𝑎𝑥{𝑞𝑖,𝑗 }

(9)

𝑄𝑚𝑖𝑛 𝑗 = 𝑚𝑖𝑛{𝑞𝑖,𝑗 }

(10)

Let 𝑷𝑢 ,𝑖 = (𝑤1 , 𝑤2 , … , 𝑤𝑚 ) represents the user’s QoS
preference on different QoS criteria over the Web service
candidate 𝑊𝑆𝑖 , where 𝑤𝑗 ≥ 0 and 𝑚
𝑗 =1 𝑤𝑗 = 1 . Then the
QoS utility 𝑈𝑢 ,𝑖 of 𝑊𝑆𝑖 is calculated as follows:
𝑈𝑢 ,𝑖 = 𝑸𝑺′𝑖 × 𝑷𝑇𝑢,𝑖 =

𝑚
𝑗 =1 𝑤𝑗

′
× 𝑞𝑖,𝑗

(11)

In WSRD, we mine the active user’s potential QoS preferences to service candidates from historical QoS preferences of the active user or similar users who used the
service candidates. We firstly transform WSDL document
of 𝑊𝑆𝑢 ,𝑖 into a term vector 𝒘𝑢 ,𝑖 by using TF/IDF algo𝑤𝑠
rithm. Then we compute the similarity 𝑆𝑖,𝑗
between 𝑊𝑆𝑖
𝑤𝑠
and 𝑊𝑆𝑢 ,𝑗 , i.e., 𝑆𝑖,𝑗
= 𝑤𝑠𝑆𝑖𝑚(𝑊𝑆𝑖 , 𝑊𝑆𝑢,𝑗 ) which is calcu𝑤𝑠
𝑤𝑠
𝑤𝑠
lated with Formula (5). As for 𝑆𝑖,1
, 𝑆𝑖,2
, ⋯ , 𝑆𝑖,𝑀
, we find the
Web services with both the similarity above the threshold
𝜀 and valid QoS preferences in service usage history to
form the set 𝑆𝑠𝑖𝑚 . It is reasonable to assume that the active
user has similar QoS preferences to similar Web service

candidates, i.e., Web services with similar functionalities.
Based on this observation, we choose to use the QoS preferences used for the similar Web services in usage history to calculate the potential QoS preference over the current Web service candidate based on their Web service
similarities, which is defined as Formula (12).
𝑷𝑢,𝑖 =

𝑊𝑆 𝑢 ,𝑗 ∈𝑆 𝑠𝑖𝑚

𝑤𝑠
𝑆𝑖,𝑗
×𝑷𝑢 ,𝑗

𝑊𝑆 𝑢 ,𝑗 ∈𝑆 𝑠𝑖𝑚

(12)

𝑤𝑠
𝑆𝑖,𝑗

In some cases, the number of services in 𝑆𝑠𝑖𝑚 could be
very small. In this situation, the resulting QoS preference
may not be accurate enough, since limited information
can be used. To address this drawback, we use the QoS
preferences from similar users who have used the current
service before to compensate the problem of lacking information, which is defined as Formula (13), where 𝑃𝑢 𝑘 ,𝑖 is
the effective QoS preference of 𝑊𝑆𝑖 by user 𝑢𝑘 , and where
𝜓1 and 𝜓2 are adjustment parameters, with 𝜓1 + 𝜓2 = 1.
𝑷𝑢,𝑖 = 𝜓1

𝑢 ,𝑗

𝑠𝑖𝑚

𝑊𝑆 𝑢 ,𝑗 ∈𝑆 𝑠𝑖𝑚

𝑤𝑠
𝑆𝑖,𝑗

+ 𝜓2

𝑢 𝑘 ∈𝑈 𝑠𝑖𝑚

𝑢 ,𝑢 𝑘
𝑢 𝑘 ,𝑖
𝑆𝑢𝑢𝑠𝑒𝑟
,𝑢 𝑘

𝑢 𝑘 ∈𝑈 𝑠𝑖𝑚

(13)

Based on the above discussion, we propose an algorithm for non-functional evaluation of Web service candidates, which is described in Algorithm 1. Please note
that the QoS preference information may be not always
available for Web services in the usage history. For example, when Web services used by a user are from recommendation, there will be no QoS preference information
recorded in the usage history. Therefore, they cannot contribute to evaluate the potential QoS preference of the
active user to the current Web service in Algorithm 1.
Algorithm 1 Non-Functional Evaluation
Input: 𝑊𝑆𝑢,1 , 𝑊𝑆𝑢,2 , ⋯ , 𝑊𝑆𝑢,𝑀 ; 𝑷𝑢,1 , 𝑷𝑢,2 , ⋯ , 𝑷𝑢,𝑀 ; 𝜀;
𝑊𝑆1 , 𝑊𝑆2 , ⋯ , 𝑊𝑆𝑁 ; 𝑸𝑺1 , 𝑸𝑺2 , ⋯ , 𝑸𝑺𝑁
Output: 𝑈𝑢 ,1 , 𝑈𝑢,2 , ⋯ , 𝑈𝑢,𝑁
1: for i=1 to N do
2: 𝑸𝑺′𝑖 = 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒(𝑸𝑺𝑖 );
3: 𝑆𝑠𝑖𝑚 = ∅;
4: for j=1 to M do
𝑤𝑠
5: 𝑆𝑖,𝑗
= 𝑤𝑠𝑆𝑖𝑚 𝑊𝑆𝑖 , 𝑊𝑆𝑢,𝑗 ;
𝑤𝑠
6: if 𝑆𝑖,𝑗
> 𝜀 𝑎𝑛𝑑 𝑷𝑢,𝑗 ≠ ∅ then
7:
add 𝑊𝑆𝑢,𝑗 into 𝑆𝑠𝑖𝑚 ;
8: end if
9: end for
10: if 𝑆𝑠𝑖𝑚 < 𝑁𝑢𝑚 then // 𝑁𝑢𝑚 is a threshold number
11: Find the top-10 similar users 𝑈𝑠𝑖𝑚 that have used 𝑊𝑆𝑐,𝑖 ;
12:

𝑷𝑢,𝑖 = 𝜓1

13: else
14:

𝑷𝑢,𝑖 =

𝑊𝑆 𝑢 ,𝑗 ∈𝑆 𝑠𝑖𝑚

𝑤𝑠
𝑆𝑖,𝑗
×𝑷𝑢 ,𝑗

𝑊𝑆 𝑢 ,𝑗 ∈𝑆 𝑠𝑖𝑚

𝑊𝑆 𝑢 ,𝑗 ∈𝑆 𝑠𝑖𝑚

𝑤𝑠
𝑆𝑖,𝑗

𝑤𝑠
𝑆𝑖,𝑗
×𝑷𝑢 ,𝑗

𝑊𝑆 𝑢 ,𝑗 ∈𝑆 𝑠𝑖𝑚

𝑤𝑠
𝑆𝑖,𝑗

+ 𝜓2

𝑢 𝑘 ∈𝑈 𝑠𝑖𝑚

𝑆𝑢𝑢𝑠𝑒𝑟
,𝑢 𝑘 ×𝑷𝑢 𝑘 ,𝑖

𝑢 𝑘 ∈𝑈 𝑠𝑖𝑚

𝑆𝑢𝑢𝑠𝑒𝑟
,𝑢 𝑘

;

;

15: end if
16: 𝑈𝑢,𝑖 = 𝑸𝑺′𝑖 × 𝑷𝑢,𝑖 ;
17: end for
18: return𝑈𝑢,1 , 𝑈𝑢,2 , ⋯ , 𝑈𝑢,𝑁 ;

4.4 Diversity Evaluation
To evaluate the diversity degree of Web services in a recommendation list, we employ a generalized diversified
ranking measure modified from [41] for Web services. For
simplicity, we firstly specify the following definitions and
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notations for discussing the diversity measurement.
Definition 1. Web Service Graph:
A Web service graph 𝐺 = 𝑉, 𝐸 is an undirected weighted
graph consisting of a set of nodes 𝑉 and a set of edges 𝐸,
wherein a node denotes a Web service candidate, i.e.,
𝑣𝑖 = 𝑊𝑆𝑖 , and an edge denotes that the connected nodes
are similar. 𝑉 = 𝐾 is the number of nodes (i.e., Web services) in the graph. Please note that not all the Web services
in the Web service pool are used for constructing the Web
service graph. Only the Web services with a certain relevance to user interest are used. We set two thresholds 𝜃𝐻
and 𝜃𝑃 for the historical user interest relevance and potential user interest relevance, respectively. Each node has a
score calculated with Formula (14), where 𝛼, 𝛽, and 𝛾 are
three parameters, satisfying 𝛼 + 𝛽 + 𝛾 = 1, indicating how
much each factor is important in the final score measurement. For each pair of nodes 𝑣𝑖 and 𝑣𝑗 , we compute the
similarity between them. If the similarity value is no less
than the predefined threshold 𝜏, then an edge is added to
connect them in the Web service graph 𝐺, i.e., (𝑣𝑖 , 𝑣𝑗 ) ∈ 𝐸,
indicating that 𝑣𝑖 and 𝑣𝑗 are similar.

𝑆𝑐𝑜𝑟𝑒𝑢,𝑖 = 𝛼𝑆𝑖𝐻 + 𝛽𝑆𝑖𝑃 + 𝛾𝑈𝑢,𝑖

not share the common neighbors in the Web service graph.
Therefore, the definition of expansion ratio can be considered as a diversity measure [41].
With Def. 2 and 3, we can infer that a set of nodes with
larger expansion ratio are more dissimilar to each other.
Given a Web service graph in Figure 2(a), let’s select three
nodes from it. Figure 2(b) and Figure 2(c) are two different
cases, where white nodes represent the nodes selected.
There are six nodes (white nodes and gray nodes) in the
expanded set for the case in Figure 2(b), and nine nodes for
the case in Figure 2(c). We can infer that the expansion
ratio of the selected nodes in Figure 2(b) and Figure 2(c) are
0.6 and 0.9, respectively. The selected nodes in Figure 2(b)
are well connected, thus they are probably similar to one
another. On the contrary, there is no edge between any two
selected nodes in Figure 2(c). Therefore, the selected nodes
in Figure 2(c) are more diverse than those in Figure 2(b).
This example shows that nodes with a larger expansion
ratio have better diversity. Our diversified ranking measure is on the above definition.

(14)

Based on the above definition of the Web service graph,
Algorithm 2 presents the procedure of Web service graph
construction.
Algorithm 2 Web Service Graph Construction
Input: 𝑆1𝐻 , 𝑆2𝐻 , ⋯ , 𝑆𝑁𝐻 ; 𝑆1𝑃 , 𝑆2𝑃 , ⋯ , 𝑆𝑁𝑃 ; 𝑈𝑢,1 , 𝑈𝑢,2 , ⋯ , 𝑈𝑢,𝑁 ;
𝜃𝐻 , 𝜃𝑃 , 𝛼, 𝛽, 𝛾
Output: Web Service Graph 𝐺 = (𝑉, 𝐸)
1: 𝑉 = ∅, 𝐸 = ∅;
2: for i=1 to N do
3: if 𝑆𝑖𝐻 ≥ 𝜃𝐻 or 𝑆𝑖𝑃 ≥ 𝜃𝑃 then
4: add 𝑊𝑆𝑖 to 𝑉;
5: end if
6: end for
7: for each node in 𝑉 do
8: 𝑆𝑐𝑜𝑟𝑒𝑢,𝑖 = 𝛼𝑆𝑖𝐻 + 𝛽𝑆𝑖𝑃 + 𝛾𝑈𝑢,𝑖 ;
9: end for
10: for each pair of nodes 𝑣𝑖 and 𝑣𝑗 in 𝑉 do
11: if 𝑤𝑠𝑆𝑖𝑚(𝑊𝑆𝑖 , 𝑊𝑆𝑗 ) ≥ 𝜏 then
12: add edge (𝑣𝑖 , 𝑣𝑗 ) to 𝐸;
13: end if
14: end for
15: return 𝐺 = (𝑉, 𝐸);

Definition 2. Expanded Set:
Let 𝑆 be the subset of nodes in the Web service graph
𝐺 = 𝑉, 𝐸 , the expanded set of 𝑆 is 𝑁(𝑆) such that
𝑁 𝑆 = 𝑆 ∪ {𝑣𝜖(𝑉 − 𝑆)|∃𝑢𝜖𝑆, (𝑢, 𝑣)𝜖𝐸}, where the symbol
“-” in 𝑉 − 𝑆 denotes the set minus operator.
Definition 3. Expanded Ratio:
The expansion of set 𝑆 is defined as |𝑁(𝑆)|, where 𝑁(𝑆) is
defined in Def. 2, and |𝑁(𝑆)| denotes the cardinality of
𝑁(𝑆). The expansion ratio of 𝑆 is defined as 𝜎 = 𝑁 𝑆 /𝐾.
It is worth mentioning that the definition of expansion
ratio is based on the topological structure of the Web service graph. Intuitively, the larger expansion ratio of a set of
nodes implies that the nodes are more scattered in the
graph, and thus resulting in a better diversity. Here, the
intuition behind is that two nodes are dissimilar if they do

(a) A Web Service Graph G (b) σ = 0.6

(c) σ = 0.9

Fig. 2. Illustration of Expansion Ratio v.s. Diversity (white nodes
denote the selected nodes and gray nodes are the expanded nodes)

4.5 Diversified Web Service Ranking
We use expansion ratio to evaluate the diversity of Web
services. Based on this diversity measure, a comprehensive measure for ranking Web services and an efficient
greedy algorithm for finding top-k optimal Web services
are proposed in this section. We aim to find the 𝑘 nodes
(denoted by 𝑆) in a Web service graph that have the highest scores and the largest expansion ratio 𝑁 𝑆 /𝐾. Formally, our goal is to maximize the following comprehensive ranking measure.
𝐹 𝑆 = 1−𝜆

𝑣∈𝑆 𝑆𝑐𝑜𝑟𝑒𝑣

+𝜆

𝑁 𝑆
𝐾

(15)

where 𝑆𝑐𝑜𝑟𝑒𝑣 denotes the score of node 𝑣 , and 𝜆 ∈ [0,1] is
a tunable parameter that is used to tradeoff the score and
the diversity. The first term in Formula (15) is the sum of
scores over the selected nodes, which reflects the functional relevance and QoS utility of the selected services.
The second term is the expansion ratio of the selected
nodes. As discussed before, larger expansion ratio indicates better diversity. Hence, Formula (15) captures both
the score (i.e., the combination of functional relevance
and QoS utility) and the diversity of the selected services.
However, Formula (15) does not tell us how to find the
optimal 𝑘 services in the Web service graph. We proposed
an algorithm that can address the above issue well. In
essence, the problem of finding top-k diversified and optimal Web services on a Web service graph can be formalized as Formula (16), which aims to maximize the non-
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decreasing modular function with a cardinality constraint.

𝑎𝑟𝑔 𝑚𝑎𝑥 𝐹 𝑆

(16)

𝑆⊆𝑉

𝑠. 𝑡. 𝑆 = 𝑘

Let 𝜆 = 1 in Formula (15), then the problem of finding
the top-k diversified Web services is equivalent to the
maximal expansion problem defined in [51] which is
known to be NP-hard. As a consequence, our problem
defined in Formula (16) is also NP-hard. However, the
proposed measure 𝐹 𝑆 is a non-decreasing sub-modular
function, which will be proved later. The definition of
non-decreasing sub-modular is presented in Def. 4. One
can also refer to [52].
Definition 4. Nondecreasing Sub-modular Set Function:
Let 𝑉 be a finite set, a real valued function 𝑓(𝑆) on the set
of subsets of 𝑉, 𝑆, is called a nondecreasing sub-modular
set function, if the following conditions hold.
 Nondecreasing: For any subsets 𝑆 and 𝑇 of 𝑉 such that
𝑆 ⊆ 𝑇 ⊆ 𝑉, we have 𝑓(𝑆) ≤ 𝑓(𝑇).
 Sub-modularity: Let 𝜌𝑣 𝑆 = 𝑓 𝑆⋃ 𝑣 − 𝑓(𝑆) be the
marginal gain. Then, for any subsets 𝑆 and 𝑇 of 𝑉 such
that 𝑆 ⊆ 𝑇 ⊆ 𝑉 and 𝑗 ∈ 𝑉\𝑇, we have 𝜌𝑣 𝑆 ≥ 𝜌𝑣 𝑇 .
We prove that Formula (15) is a nondecreasing submodular function with 𝐹 ∅ = 0, where ∅ is an empty set.
We state the theorem as follows.
Theorem 1: The set function 𝐹(𝑆) defined in Formula (15)
is a nondecreasing sub-modular function with 𝐹 ∅ = 0,
where ∅ denotes an empty set.
Proof: For ∀𝑆 ⊆ 𝑇 ⊆ 𝑉 and 𝑣 ∈ 𝑉\𝑇 , let 𝜌𝑣 𝑆 =
𝐹 𝑆⋃ 𝑣 − 𝐹(𝑆), and 𝜌𝑣 𝑇 = 𝐹 𝑇⋃ 𝑣 − 𝐹(𝑇). We have
𝑁 𝑇⋃ 𝑣

−𝑁 𝑇

𝜌𝑣 𝑇 = 1 − 𝜆 𝑆𝑐𝑜𝑟𝑒𝑣 + 𝜆
𝐾
= 1 − 𝜆 𝑆𝑐𝑜𝑟𝑒𝑣 + 𝜆 𝑁 {𝑣} 𝐾−𝑁 𝑇
≥ 0.
Note that the nondecreasing property of 𝐹(𝑆) can be
guaranteed by 𝜌𝑣 𝑇 ≥ 0 . Similarly, we have 𝜌𝑣 𝑆 =
1 − 𝜆 𝑆𝑐𝑜𝑟𝑒𝑣 + 𝜆 𝑁 𝑣 𝐾−𝑁 𝑆 ≥ 0 . By definition, we have
𝐹 ∅ = 0 and 𝑁 𝑣 − 𝑁 𝑆 ≥ 𝑁 𝑣 − 𝑁 𝑇 . Hence,
we conclude 𝜌𝑣 𝑆 ≥ 𝜌𝑣 𝑇 ≥ 0. This completes the proof.
Many existing diversified ranking measures exhibit
sub-modularity [52], resulting in an efficient greedy algorithm in polynomial time with 1 − 1 𝑒 approximation
ratio to maximize it. Since 𝐹 𝑆 is a sub-modular function,
the top-k diversified ranking problem can be approximately solved by an efficient greedy algorithm. In the
following, we present our greedy algorithm for solving
the diversified service ranking problem as Algorithm 3.
Algorithm 3 Diversified Web Service Ranking
Input: Web Service Graph 𝐺 = (𝑉, 𝐸), parameter 𝜆,
adjacency matrix A

Output: A set 𝑆 of 𝑘 ranked Web services
1: 𝑆 = ∅;
2: while |𝑆| ≤ 𝑘 do
𝜆
3: find 𝑣𝑚𝑎𝑥 = 𝑎𝑟𝑔 max (1 − 𝜆)𝑆𝑐𝑜𝑟𝑒𝑣 + 𝐾 |𝑁 𝑣 − 𝑁(𝑆)|;
4: 𝑆 = S ∪ {𝑣𝑚𝑎𝑥 };
5: end while
6: return 𝑆;

𝑣∈(𝑉−𝑆)

We use the Web service graph constructed in Algorithm 2 as the input of Algorithm 3. The algorithm choos-

es a node with maximum marginal gain 𝜌𝑣 𝑆 =
𝜆
(1 − 𝜆)𝑆𝑐𝑜𝑟𝑒𝑣 + |𝑁 𝑣 − 𝑁(𝑆)| at each iteration (line 3),
𝐾
and adds it into the output set 𝑆 (line 4). To get the top-k
ranking list, this procedure will repeat 𝑘 times (line 2-5).
Algorithm 3 will eventually produce an ordered ranking
list according to 𝜌𝑣 𝑆 . Since 𝜌𝑣 𝑆 satisfies the nondecreasing properties, Algorithm 3 is indeed a reasonable
ranking procedure that the node with high ranking score
will appear in the top ranking list. The time complexity of
Algorithm 3 is 𝑂(𝐾|𝐸|). Theoretically, the greedy algorithm (Algorithm 3) is a (1 − 1 𝑒 ) approximation algorithm for the top-k diversified ranking problem. This can
be proved by similar argument that has been used to
prove the approximation factor of the greedy algorithm
for sub-modular set function maximization problem [52].
And it is worth mentioning that the (1 − 1 𝑒) approximation factor is quite tight [53]. In other words, there are no
other polynomial-time algorithm that can obtain a more
tight approximate factor unless P=NP.
The proposed diversified ranking measure (𝐹(𝑆)) in Def.
3, only considers the immediate neighborhood information
of 𝑆. Naturally, we can generalize the diversified ranking
measure 𝐹(𝑆) by taking k-hop nearest neighbors into account. We call such a measure a generalized diversified
ranking measure and denote it by 𝐹𝑘 (𝑆). In the following,
we give the definitions of k-hop expanded set and k-hop
expansion ratio.
Definition 5. k-hop Expanded Set:
Let 𝑆 be the subset of nodes in a Web service graph
𝐺 = 𝑉, 𝐸 , the k-hop expanded set of 𝑆 is 𝑁𝑘 (𝑆) such that
𝑁𝑘 𝑆 = 𝑆 ∪ {𝑣𝜖(𝑉 − 𝑆)|∃𝑢𝜖𝑆, 𝑑(𝑢, 𝑣) ≤ 𝑘} , where 𝑑(𝑢, 𝑣)
denotes the length of shortest path from 𝑢 to 𝑣. The symbol
“-” in 𝑉 − 𝑆 denotes the set minus operator.
Definition 6. k-hop Expanded Ratio:
The k-hop expansion of set 𝑆 is the cardinality of the k-hop
expanded set denoted as |𝑁𝑘 𝑆 |. And, the k-hop expansion ratio of 𝑆 is defined as 𝜎𝑘 = 𝑁𝑘 𝑆 /𝐾.

(a) A Web Service Graph G

(b) σ = 0.6

(c) σ = 1.0

Fig. 3. Illustration of 2-hop Expansion Ratio v.s. Diversity (white
nodes denote the selected nodes and gray nodes are the expanded
nodes)
Consider the Web service graph in Figure 3(a) and select
two nodes from it. Figure 3(b) and Figure 3(c) are two different cases, where white nodes represent the nodes selected. There are six nodes (white nodes and gray nodes) in
the 2-hop expanded set for the case in Figure 3(b), and ten
nodes in the 2-hop expanded set for the case in Figure 3(c).
Then, the 2-hop expansion ratio of the selected nodes in
Figure 3(b) and Figure 3(c) are 0.6 and 1.0, respectively. The
selected nodes in Figure 3(b) are well connected, thus they
are probably similar to one another. As a contrast, there is
no edge between the two selected nodes in Figure 3(c).
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Therefore, the selected nodes in Figure 3(c) are more diverse than the selected nodes in Figure 3(b).
Based on the k-hop expansion, we define the generalized diversified ranking measure 𝐹𝑘 𝑆 as follows.

𝐹𝑘 𝑆 = 1 − 𝜆

𝑣∈𝑆 𝑆𝑐𝑜𝑟𝑒𝑣

+𝜆

𝑁𝑘 𝑆
𝐾

(17)

Obviously, 𝐹(𝑆) is a special case of 𝐹𝑘 𝑆 when 𝑘 = 1. Like
𝐹(𝑆), 𝐹𝑘 𝑆 is also a nondecreasing sub-modular function.
We give a theorem as follows. The proof is similar to the
proof of the Theorem 1, thus we omit it for brevity.
Theorem 2: The set function 𝐹𝑘 (𝑆) defined in Formula (17)
is a nondecreasing sub-modular function with 𝐹𝑘 ∅ = 0,
where ∅ denotes an empty set.
Likewise, the problem of maximizing the set function
𝐹𝑘 (𝑆) subject to a cardinality constraint is NP-hard. However, based on the sub-modularity property of 𝐹𝑘 (𝑆), we
can develop a greedy algorithm to optimize it accurately
similar with Algorithm 3. While, now the problem is that
the greedy algorithm gain 𝜌𝑣 𝑆 = (1 − 𝜆)𝑆𝑐𝑜𝑟𝑒𝑣 +
𝜆
|𝑁𝑘 𝑣 − 𝑁𝑘 (𝑆)| in each iteration. Therefore, our ap𝐾
proach is scalable to any k-hop expansion. In this paper,
we mainly focus on the 1-hop expansion, which is evaluated in our experiments presented in Section 5.

mance (response time and throughput) were recorded in
our dataset.
TABLE 1
Characteristics of the Dataset
Parameters
Number of users
Number of services
Effective invocations
Average effective
invocations per user
Observed QoS quality

values
339
1982
637595
101
Response time, throughput

For all the 1982 Web services in our dataset, both response time and throughput were employed in our experiments. The values observed by 339 users on the 1982
Web services are presented in Figure 4. Since Web services in the dataset may have different response time and
throughput values for different users, for consistency, we
use the average of the response time and throughput values of each Web service as its QoS.

5 PERFORMANCE EVALUATION
In this section, we report the performance study of our
proposed approach for Web service recommendation.
Four parts are included: i) comparing our approach with
the other Web service recommendation approaches including collaborative filtering approach, content-based
recommendation approach, and their hybrid approach; ii)
comparing our approach with the state-of-the-art diversified ranking methods; iii) precision evaluation; iv) studying the sensitivity of our approach under different tradeoffs of different parameters. We first describe the Web
service dataset collected for the experiments and then
report the experimental results.

5.1 Dataset Setup
To obtain solid experimental results, it is ideal to use a
real world Web service dataset. Zheng et al. [29] published a large-scale real world Web service dataset acquired in their WS-DREAM project 1 . WS-DREAM is a
Web service crawling engine that collects publicly available WSDL file addresses from the Internet. It also collected QoS information of these Web services by using
339 distributed computers to monitor the Web services.
This dataset has been widely used for performance evaluation by previous work on Web service recommendation.
In our experiments, we used this dataset as our base
dataset. Some Web services in the dataset are unavailable
now, thus we only choose the available ones to form a
new dataset which initially contains QoS data of 1982
Web services. The characteristics of the processed dataset
are described in Table 1. There are 339 users and 1982
Web services in our dataset. The behavior of Web services
in each invocation, as well as the observed QoS perfor1

Fig. 4.

QoS Values of Web services in the Processed Dataset (a)
response time and (b) throughput

In order to simulate the variety of QoS preferences
from different users, we divide the 339 users into 5
groups. Users in different groups are supposed to have
different weights on response time 𝑤𝑟𝑡 and throughput
𝑤𝑡𝑝 for the Web services. The user partition is presented
in Table 2.
TABLE 2
QoS Preferences of Users
Users
Group 1 (68 users)
Group 2 (68 users)
Group 3 (68 users)
Group 4 (68 users)
Group 5 (67 users)

𝑤𝑟𝑡
0.0~0.2
0.2~0.4
0.4~0.6
0.6~0.8
0.8~1.0

𝑤𝑡𝑝
1 − 𝑤𝑟𝑡
1 − 𝑤𝑟𝑡
1 − 𝑤𝑟𝑡
1 − 𝑤𝑟𝑡
1 − 𝑤𝑟𝑡

5.2 Evaluation Metrics
In our experiments, we randomly choose 10 service users from the dataset as the active (test) users. We report
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(18)

The second metric is the expansion ratio given in Def. 3. The
rational is that the larger expansion ratio of the top-k ranking
nodes indicates the better diversity.
Here, we present the parameter settings and experimental environment. In our proposed approach, there are several
parameters: 𝑁𝑢𝑚, 𝜓1 , 𝜓2 , 𝜃𝐻 , 𝜃𝑃 , 𝛼, 𝛽, 𝛾, 𝜆, and 𝜏. We set
𝑁𝑢𝑚 = 10 , 𝜓1 = 𝜓2 = 0.5 , 𝜃𝐻 = 𝜃𝑃 = 0.6 , 𝛼 = 𝛽 = 0.4 ,
𝛾 = 0.2, 𝜆 = 0.5 , and 𝜏 equals to the average similarity calculated with Formula (19). Therefore, in our experiments, we
take the score and diversity as equally important factors.
While we also test the impact of variance of parameters in
our approach. All the experiments are conducted on a 2.50
GHz CPU and 4 GB PC running Windows 7. All algorithms
are implemented by MATLAB 2009a and Visual C++ 6.0.

𝜏=

2∗ 𝑆𝑤𝑠
𝑖,𝑗
𝑁(𝑁−1)

(19)

5.3 Comparison
with
Other
Service
Recommendation Approaches
Baselines: We compare our proposed approach with the
Content-based Web service recommendation approach
(rank Web services according to their historical user interest relevance and QoS utility), CF-based Web service recommendation approach (rank Web services according to
their potential user interest relevance and QoS utility), and
Hybrid approach (rank Web services according to the
combination of historical user interest relevance, potential
user interest relevance, and QoS utility) under the diversity,
score, and the ranking measurement defined before.
5.3.1 Diversity Evaluation
In this section, we conduct experiments to study the performance of our approach with the diversity metric and make
comparison with its competitors.
As shown in Figure 5(a), WSRD achieves the best diversi-

5.3.3 Overall Evaluation
The diversified ranking measure defined in Formula (15)
captures the functional, non-functional and diversity feature of Web services in a recommendation list, so it evaluates the overall quality of a Web service recommendation list.
In Figure 5(d), WSRD achieves the best performance
under the diversified ranking measure, followed by the
CF-based approach, then Hybrid and Content-based approaches. Content-based approach shows the worst performance under the diversified ranking measure. Therefore,
WSRD outperforms the competitors when both the diversity and the score of the Web service recommendation list
are taken into consideration.
Density v.s. k

Expansion ratio v.s. k
Content-based
CF-based
Hybrid
WSRD

0.5
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(a)
Score v.s. k
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Fig. 5.

0.7

0.4

0.1
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Diversified ranking measure

|{(𝑢,𝑣)|𝑢∈𝑆,𝑣∈𝑆,(𝑢,𝑣)∈𝐸}|

5.3.2 Functional and Non-functional Evaluation
The score defined in Formula (14) describes the user interest relevance and QoS utility of Web service candidates,
so it can be used to evaluate the functional and nonfunctional quality of recommended Web services. In this
subsection, we conduct experiments to study the performance of WSRD with the overall score of Web services in
the recommendation list compared with its competitors.
As shown in Figure 5(c), WSRD, Content-based, CFbased, and Hybrid approaches achieve very similar overall scores for their recommendation lists. Our approach is
slightly worse than the Hybrid approach, with a very
small difference so that it can be neglected. Content-based
approach is slightly worse than WSRD when k is larger
than 50. The CF-based approach has the most similar performance as WSRD.

Density

𝑑 𝑆 =

ty under the density metric, followed by the CF-based approach, then Hybrid and Content-based approaches. Therefore, we can conclude that Hybrid and Content-based approaches exhibit poor performance in density evaluation.
With expansion ratio measure, WSRD also outperforms the
other competitors, which can be seen from Figure 5(b). The
expansion ratio of CF-based and Hybrid approaches are
comparatively close. When k becomes larger, the effect is
more obvious. Content-based approach achieves the worst
expansion ratio. Based on the above observations, we can
conclude that WSRD achieves the best diversity performance than its competitors.

Score

the average performance evaluation from several aspects.
In our Web service recommendation approach, score and
diversity are incorporated. The score involves the functional
relevance (w.r.t user interest) and non-functional relevance
(w.r.t user QoS requirements) of Web services. Thus, in our
experiments, we mainly evaluate the performance on the
total score, diversity of the recommendation list, and the
overall diversified ranking measure defined in Formula
(15). The precision metric will be presented later in Section
5.5. When comes to weighted summation, we do normalization processing with similar method to Formula (7) before
weighted summation for each factor.
We employ two metrics to measure the diversity. One is
proposed in [46], which makes use of the density of the induced sub-graph by the top-k ranked nodes. The density of
a graph is defined as the number of edges (excluding selflinks) presenting in the graph divided by the maximal possible number of edges in the graph. The density of sub-graph
𝑆 formed by the top-k ranked nodes is defined as Formula
(18). Intuitively, the density inversely measures the diversity
of the top-k ranked nodes, i.e., smaller density means larger
diversity.
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Comparison of Web Service Recommendation Approaches

IEEE TRANSACTIONS ON SERVICES COMPUTING on Volume: PP; Year 2015

Density v.s. k

Expansion ratio v.s. k
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5.5 Precision Evaluation
To further evaluate the effectiveness of our approach, we
evaluated the precision of our approach and compared it
with the state-of-the-art service recommendation ap-

proach—CF based approach as shown in Figure 5(d), and
the state-of-the-art diversified ranking method —
Grasshopper as shown in Figure 6(d). Since there is no
ground truth in Web service datasets, we use the Hybrid
approach as the ground-truth rank. The precision is defined by Formula (20).
𝑃𝑟𝑒 = |𝑆 ∩ 𝑆| |𝑆|

(20)

where 𝑆 denotes the set of services in the top-k diversified
ranking list produced by the service recommendation
approach or diversified ranking method, and 𝑆 denotes
the set of services in the top-k ranking list by Hybrid service recommendation approach which always yields the k
most relevant services as can be seen from Figure 5(c).
In this experiment, we select three groups of 10 active
users to observe the average precision (i.e., each group
with 10 active users). Figure 7 shows the results. From
Figure 7(a), we can clearly see that WSRD consistently
outperforms CF-based approach and Grasshopper in the
experiment of group 1. In group 2, we can observe that
three approaches generate comparable rank, and the performance of WSRD is slightly better than Grasshopper;
while CF-based approach is the worst. In group 3, Grasshopper does not perform well, and CF-based approach is
in the middle. In contrast, the performance of our approach is very stable in three groups of experiments. With
the above observation, we can conclude that WSRD is
better than CF-based approach and Grasshopper.
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5.4 Comparison with Other Diversified Ranking
Methods
Baselines: We compare our proposed algorithm with
three diversified ranking methods in graph domain again
with the diversity, score, and the overall ranking measurement as evaluation metrics. The three baselines are: (1)
Grasshopper: Grasshopper is a ranking algorithm that
leverages an absorbing random walk to achieve diversity
[44]; (2) Manifold ranking with stop points (Mani_stop):
The Mani_stop algorithm was proposed in [45], which is
very similar to the Grasshopper algorithm; (3) DivRank:
The DivRank makes use of the stationary distribution of a
vertex reinforced random walk to rank nodes [46].
In this experiment, we implement the proposed algorithm and compare with three baselines described above
over our dataset. From Figure 6(a), we can see that WSRD
achieves the best diversity under the density metric, followed by Mani_stop algorithm, and then Grasshopper
and DivRank algorithms. There is a large gap between
WSRD and Grasshopper, implying that the Grasshopper
and DivRank algorithm exhibit poor performance to enhance diversity in our Web service dataset. And Mani_stop shows a little worse diversity than the WSRD.
Under the expansion ratio measure (i.e., Figure 6(b)),
WSRD outperforms the competitors. Grasshopper and
DivRank achieve nearly equivalent diversity. And the
Mani_stop algorithm performs the worst. For the score
(i.e., Figure 6(c)), we can observe that the best algorithm is
Grasshopper, followed by DivRank, WSRD and Mani_stop. In terms of this observation, improving diversity
will reduce the score. Hence, in practice, we should seek a
reasonable tradeoff between score and diversity. In this
experiment, we find that WSRD can achieve this end, as it
considerably improves diversity but do not significantly
sacrifice the performance of the score. As shown in Figure
6(d), WSRD achieve the best performance under the diversified ranking measure, followed by Grasshopper, then
DivRank and Mani_stop. And there is a big gap between
WSRD and its competitors. Therefore, WSRD outperforms the competitors in the overall diversified ranking.
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5.6 Impacts of Parameters
In this section, we conduct experiments to study the effects of parameters in our approach. Specifically, we
study the impacts of 𝛼, 𝛽, 𝛾, and 𝜆 on our approach. When
we study the effects of 𝛼, 𝛽, 𝛾, we keep 𝜆 unchanged with
the default value. And When we study the effects of 𝜆, we
keep 𝛼, 𝛽, 𝛾, unchanged with the default values.
We study the effects of parameters 𝛼, 𝛽, 𝛾 in Formula
(14) to our approach, which are leveraged to tradeoff the
historical user interest relevance, potential user interest
relevance, and QoS utility, respectively. The results are
presented in Figure 8. In this experiment, 𝛼 and 𝛽 are
both weights to the functional relevance of Web service
candidates, thus we set the equal value to them.
In Figure 8(a), we can see that the density decreases as
𝛾 increases, and the effect is especially obvious when k is
small. From this observation, we can conclude that larger 𝛾
causes better diversity. However, this phenomenon is only
obvious when k is less than 20 under expansion ratio evaluation, as can be seen from Figure 8(b). As for the score evalua-
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tion, we can see from Figure 8(c) that larger 𝛾 tends to cause
higher score, especially when k becomes large. In Figure
8(d), larger 𝛾 tends to cause slightly better diversified ranking. And the gap is relatively large when k is less than 20.
This phenomenon is very similar to Figure 8(b) when k is
less than 20, since the scores are nearly the same when k is
less than 20 in Figure 8(c). Theoretically, in our approach,
larger 𝛾 means the score tends to be more dominated by the
non-functional quality (e.g., QoS utility), so the resulting
recommended Web services tends to be more dissimilar to
each other (indicating better diversity). Therefore, the experimental results in Figure 8 verified the fact.
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In this paper, we presented a Web service recommendation
approach with diversity to find desired Web services for
users. We incorporate functional interest, QoS preference,
and diversity feature for recommending top-k diversified
Web services. A diversified Web service ranking algorithm
is proposed to find the top-k diversified Web service
ranked list based on their functional relevance including
historical user interest relevance and potential user interest
relevance, non-functional relevance such as QoS utility,
and diversity feature. Experimental results on a real world
Web service dataset show that the proposed approach improves the Web service recommendation performance in
terms of diversity, the combination of functional relevance
and QoS utility, and the diversified ranking evaluation.
In future work, we will study Web service clustering
methods to improve the similarity computation and conduct real user survey to evaluate the usefulness of our method further. In addition, our proposed diversified ranking
measure (𝐹 𝑆 ) mainly focuses on the immediate neighborhood information of S in the Web service graph. More
tests will be performed by our diversified ranking measure
with k-hop nearest neighbors in the future work.
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Next, we study the effect of parameter 𝜆 in Formula
(15), which is leveraged to tradeoff the score and diversity.
The experimental results are presented in Figure 9.
0.45

according to their preferences.

100

Top-k
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The Impact of Parameter 𝜆

In Figure 9(a), the density decreases as λ increases, since
smaller density means better diversity. And in Figure 9(b),
expansion ratio increases as λ increases, since larger expansion ratio means better diversity. Therefore, diversity generally increases as λ increases. This is because a larger λ
means more weights are assigned to the diversity feature.
In contrast, according to Figure 9(c), the total score decreases slightly as λ increases, but the decrease is trivial.
From the above observations, improving the diversity will
oppositely reduce the score, while the change of λ is not
much sensitive to the diversified ranking measure as can
be seen from figure 9(d). Hence, in practice, users can set a
reasonable tradeoff between the score and the diversity
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