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Abstract. Web service recommendation is a challenging task when the number
of services and service consumers are growing rapidly on the Internet. Previous
research used information retrieve methods, such as keyword search and semantic
matching, to speculate the intent of service consumers. The intent is matched with
contents or topics of existing data. These methods help service consumers to select
appropriate services according to their needs. However, service evolution over
time and topic correlation has not been given sufficient attention. Thus we propose
a service recommendation approach that is able to extract service evolution
patterns from history statistic data and correlated topics from semantic service
descriptions. To this end, time series prediction is used to obtain evolution
patterns; Latent Dirichlet Allocation (LDA) is used to model the extracted topics.
Experiments results show that our approach has higher precision than existing
methods.
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1 Introduction

An important task is service discovery in an automated style, because service compo‐
sition rely on the precision of automated service searching. Several web sites are
collecting web services and mashups, such as ProgrammableWeb and myExperiment
[1] in the recent years. myExperiment is used for sharing a variety of scientific work‐
flows, such as Taverna and RapidMiner. Although this kind of web sites provide an easy
way for web service consumers, searching desired and suitable services in large data‐
bases of services is still a time-consuming and tedious job for the service consumers.
Service recommendation methods can facilitate consumers discover the suitable serv‐
ices.

Most of service recommendation methods search the information by keywords or
semantic. Keyword-based search is inefficient, and semantic-based search needs much
time to construct semantic information. A search method based on Latent Dirichlet
Allocation (LDA) [2] was proposed for the challenge. In the method, a collections of
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words are extracted from WSDL, and assigned to several topics. Some other researchers
[3] applied social network analysis for service recommendation.

In addition, temporal information has been ignored. The fact is that service topics
change over time. Recommending services with popular topics may be reasonable for
users, but how to decide which service is popular in the future is a problem. To deal with
the problem, we collect the past usage of services at intervals, and predict the popularity
in the future. Besides popularity, topics may be related each other. Using correlated
topics can provide more related recommendation results in a recommendation system.
It is especially useful when a search for one topic returns few recommendation results.
In addition, we assume that services with similar functions aim to solve similar problems,
thus these services are in the same topic.

We summarized contributions as follows: First, we extract a sequence of topic popu‐
larity from service usage history. Based on the sequence and Latent Dirichlet Allocation
(LDA), we predict topic evolution and service popularity in the future. Second, based
on the topic evolution model, we propose a method for service recommendation, called
SRTT.

2 Related Work

Wang et al. [4] proposed an efficient QoS management approach for QoS-aware web
service composition, and they classified web services according to similarity and then
design a QoS tree to manage the QoS the classified web services. Chen et al. [5] proposed
a collaborative filtering-based Web service recommender system to help users select
services with optimal Quality-of-Service (QoS) performance. Their recommender
system employed the location information and QoS values to cluster users and services,
and made personalized service recommendation for users based on the clustering results.
Lee et al. [6] developed a recommendation mechanism to predict user intention and
activate the appropriate services. They chose to employ the event-condition-action
model together with a rule induction algorithm to discover smartphone users’ behavior
patterns. Huang [7] proposed a three-phase network prediction approach (NPA) for
evolution-aware recommendation. They introduced a network series model to formalize
the evolution of the service ecosystem and developed a network analysis method to study
the usage pattern with a special focus on its temporal evolution. In addition, a service
network prediction method based on rank aggregation was proposed to predict the
evolution of the network. Sun et al. [8] presented a new similarity measure for web
service similarity computation and proposed a novel collaborative filtering approach,
called normal recovery collaborative filtering, for personalized web service recommen‐
dation.

Cao et al. [9] designed a cube model to explicitly describe the relationship among
providers, consumers and Web services. they presented a Standard Deviation based
Hybrid Collaborative Filtering (SD-HCF) for Web Service Recommendation (WSRec)
and an Inverse consumer Frequency based User Collaborative Filtering (IF-UCF) for
Potential Consumers Recommendation (PCRec). Finally, the decision-making process
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of bidirectional recommendation was provided for both providers and consumers. Sets
of experiments were conducted on real-world data provided by Planet-Lab.

Wu et al. [10] presented a neighborhood-based collaborative filtering approach to
predict such unknown values for QoS-based selection. In addition, a two-phase neighbor
selection strategy was proposed to improve its scalability. Zheng et al. [11] proposed a
collaborative quality-of-service (QoS) prediction approach for web services by taking
advantages of the past web service usage experiences of service users. They applied the
concept of user-collaboration for the web service QoS information sharing. Based on
the collected QoS data, a neighborhood-integrated approach was designed for person‐
alized web service QoS value prediction.

Chen et al. [12] proposed a collaborative filtering algorithm designed for large-scale
web service recommendation. The approach employed the characteristic of QoS and
achieves considerable improvement on the recommendation accuracy. To avoid the
time-consuming and expensive real-world service invocations, Zheng et al. [13]
proposed a QoS ranking prediction framework for cloud services by taking advantage
of the past service usage experiences of other consumers. The proposed framework
requires no additional invocations of cloud services when making QoS ranking predic‐
tion. Two personalized QoS ranking prediction approaches were proposed to predict the
QoS rankings directly. Zheng et al. [14] proposed two personalized reliability prediction
approaches of Web services, that is, neighborhood-based approach and model-based
approach. The neighborhood-based approach employed past failure data of similar
neighbors (either service users or Web services) to predict the Web service reliability.
On the other hand, the model-based approach fits a factor model based on the available
Web service failure data and use this factor model to make further reliability prediction.
Yu et al. [15] proposed a clustering method and a recommendation method for Web
services. The clustering method combines TF-IDF (Term Frequency-Inverse Document
Frequency) and ontology to compute the similarity of Web services, and it uses Ward’s
Distance to identify irregular shapes. The recommendation method uses matrix facto‐
rization to recommend proper services.

Related works mentioned above have some deficiencies. They do not consider the
changing of service popularity, which may make high ranked services degradation. As
a result, some usable services will not be recommended to the user. Third, the precision
of recommendation results and speed of previous methods still have space to improve.

3 Service Recommendation Method

The recommendation will provide services according to a user query, in which the user
query is matched with service description or mashup description.

After preprocessing on service descriptions, a collection of separated words w1,
w2, …, wn can describe and represent the functions of a service. Likewise, a collection
of separated words w1, w2, …, wn can describe and represent the functions of a mashup.
A user search contains several words that indicate the intent of the user. These words
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can be represented by Q = {q1, q2, …, qn}, and will be matched with the first two collec‐
tions. In the next step, a list of ranked services R(m) will be generated. Higher R(m) is
more likely to be recommended to the user for creating a new mashup.

Considering service history information and content of services, we propose a
service recommendation method. Thus, the components of our approach are TP (Trend
Prediction) and CM (Content Matching) respectively.

(1) TP predict service activity according to service usage history. Regardless of func‐
tional requirements of a mashup, TP provides popularity scores of services in the
near future.TP can offer a list of hot services invoked by a large amount of users.
Hot services may be the result from low fee, high efficiency or lovely appearance
viewing by majority of users, but may not be the required service by the current
user. For complementation, CM and TC give higher score to the functional relevant
services.

(2) By calculating semantic similarity between the requirements and the descriptions
of services, CM selects services with similar functional requirements from existing
mashups.

3.1 Trend Prediction

Popular services cater for users in many different ways, which is a common experience
of users in every consumer market. That is the reason why new users like to consume
prevalent services at current time. The prevalent services must have interesting topics.
Analyzing the service usage history to recommend popular services is a reasonable idea
to topic modeling. Topic modeling assumes that each service has several topics, or called
latent topics which is needed to be calculated. LDA [16], a method for topic mining, can
be used to describe the service generative process.

Suppose kt+1
i

 is topic popularity for topic i at time t + 1. For every topic i,
(k0

i , k1
i , k2

i ,… , kt + 1
i ) become a time series. The future popularity of topic i can be fore‐

casted by Eq. 1. Several methods are able to solve the above problem, e.g. auto regression
and linear weighted moving average [17]. We use the linear weighted moving average
as follows.

kt+1
i

=

n∑
j=0

wj × k
t−j

i (1)

w are weightings, which are positive real numbers, and satisfy the constraint ∑wi = 1.
Giving higher weightings to recent k will amplify the popularity.

According to LDA, a matrix can be represented by two matrices. For extension, we
assume matrix C is represented by matrix Θ, matrix E(k) and matrix Φ. Matrix Θ and
Φ are similar to that of LDA, but matrix E(k) is the extension. Θ is a word-topic matrix,
as shown below. Its elements indicate the probability that a word belongs to a topic.
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Θ=

⎛⎜⎜⎝
a11 … a1n

⋮ ⋱ ⋮

am1 ⋯ amn

⎞⎟⎟⎠
Φ=

⎛⎜⎜⎝
b11 … b1n

⋮ ⋱ ⋮

bm1 ⋯ bmn

⎞⎟⎟⎠
Φ is a topic-service matrix, as shown below. Its elements indicate the probability of

a topic over a service. E(k) is a coefficient matrix, as shown below. It is also a diagonal
matrix that do not change the number of rows and columns of the matrix it is multiplied.
Its elements, which are calculated from Eq. 1, indicate the popularity of each topic.

E(kt+1
i

) =

⎛⎜⎜⎝
kt+1

1 0
⋱

0 kt+1
n

⎞⎟⎟⎠
C is a word-service matrix, indicating that each service is described by several words.

Considering popularity of services, C should equal to the multiplication of matrix Θ,
E(k) and Φ.

C = Θ × E(kt+1
i

) × Φ

When a service consumer submits a query including several words (Q) for a new
service (s), Eq. 2 shows the topic similarity between Q and service descriptions. Services
with higher P(Q|s) will be provided to the consumers.

Ptp(Q|s) = ∏
qn∈Q

T∑
k=1

P(qn|kt+1
i

)E(kt+1
i

)P(kt+1
i

|s) (2)

3.2 Content Matching

Collaborative filtering is used broadly for recommendation [11] in many areas. It
assumes that similar users possibly need similar items. Likewise, we calculate the
mashups similarities by their descriptions, and then provide the component services from
similar mashups for a new mashup based on historical information. For example, if the
descriptions of a new mashup mq is similar to an existing mashup me, and me is composed
by services A and B, then mq probably invokes A and B.

According to mashup descriptions, LDA is used to calculate the similarity among
mashups. A collection of words, which describe functions of mashups, is the input of
LDA. LDA uses Gibbs Sampling to obtain two posterior distributions, which are
mashups-topics p(k|m) and topics-words p(w|k). When a user queries, by submitting with
words Q = {q1, q2,…, qn} for a new mashup mq, the similarity between mq and an existing
mashup me can be computed as follows:

sim(mq, me) =
∏
q∈Q

T∑
k=1

p(q|k)p(k|me) (3)
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After computing two mashups similarities, mashup mq should use a component
service s form similar mashups according to the following equation:

Pcm(Q|s) = ∑
me∈U(k)

sim(mq, me)d(me, s) (4)

U(k) contains the Top K mashups that are similar to mq. d(me, s) indicates that mashup
me contains the service s. Comparing to Eq. 2, this method does not consider trend
information.

4 Service Recommendation Framework

TP and CM have been introduced in the previous section. They will be integrated for
service recommendation in this section. TP is used to obtain tendency. CM is used to
obtain semantic similarity. The probability that a service s is invoked by a new mashup
mq is:

P(Q|s) = w1Ptp(Q|s) + w2Pcm(Q|s) (5)

Where wi are weightings. The ranked services for mashup mq will provide to users
in a descending order of Ptc(Q|s). Alternatively, a technique from paper [18] can be used
to aggregate each ranking produced by one component of our method in the last section
to generate a final ranking.

We use approximate inference (e.g. Gibbs Sampling) to obtain the latent variables
in LDA. Gibbs Sampling is formally a kind of Markov-Chain Monte Carlo.
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5 Experiments

Our experimental platform is: Operation system: Microsoft Windows 7. CPU: Intel Core
i7, 2.5 GHz. RAM: 4 GB. Programming language: Java. Two data sources were used in
our experiments. They are ProgrammableWeb.com and SAWSDL-TC [19]. The former
data source is mainly used to evaluate the precision of each component of our method,
and the latter data source is mainly used for comparing with other existing methods in
the regard of advanced precision and response speed.

For more precise evaluation, we evaluate our algorithm by calculating the Preci‐
sion@n (proportion of the top-n relevant services) and the Normalized Discounted
Cumulative Gain (NDCG@n).

Precision@n computes the precision of the service discovery for the first n retrieved
services. Precision@n indicates the relevance between the user query and retrieved n
services. The Precision@n is given by:

Precision@n =
r

n

n indicates the number of retrieved services. r indicates the number of relevant serv‐
ices from the set of retrieved services. DCG is defined as follows.

DCGp =

p∑
i=1

2reli − 1
log2(i + 1)

Where p is a particular rank position, and reli is the graded relevance at position i.
The normalized discounted cumulative gain is computed as:

NDCGp =
DCGp

IDCGp

We evaluated the effectiveness of our method based on CT by computing the Preci‐
sion@n and NDCG@n. all of 42 queries are encoded by SAWSDL which contain
semantic requirements. We compare our method with syntax-based methods, Apache
Lucene [20] and SAWSDL-MX2 [21]. The queries are represented in a collection of
words in our approach. The queries are submitted in the form of strings of text descrip‐
tions in the Apache Lucene. At last, the most relevant services will be selected for the
user.

Comparing the averaged Precision@n and the NDCG@n, we evaluated different
levels of concept lattices. The Precision@20 and NDCG@20 values are obtained in the
three methods. The results are shown in Fig. 1.
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Fig. 1. Precision@20 and NDCG@20 for nine queries

In both cases, our SRTT method obtains higher Precision@20 and NDCG@20 for
9 queries. The Apache Lucene and SAWSDL-MX2 do not find the relevant services for
three queries. Figures 2 and 3 show the average Precision@n and NDCG@n values of
42 queries. SRTT obtains the highest precision values than others.
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Fig. 2. Precision in each number of services for 42 queries
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Fig. 3. NDCG in each number of services for 42 queries

In the future, we will improve SRTT method to adapt to big data environment [22].
We will propose a new service recommendation method that can be executed in parallel,
with the help of Spark framework.

6 Conclusion

In this paper, we presented a method that combines service popularity and service
content of services to recommend services to a mashup. We first extract topics from
semantic service descriptions, and then analyze historic information to predict service
popularity. In the experiment, the results of Precision@n and NDCG@n show that our
method is better than the other two methods. We also conduct experiments on Program‐
mableWeb.com, a real-world data set. The results show that our method is better than
content matching and collaborative filtering, with respect to mean average precision for
service recommendation.
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