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Abstract—With increasing adoption and presence of Web
services, designing novel approaches for efficient Web services
recommendation has become steadily more important. Existing
Web services discovery and recommendation approaches focus
on either perishing UDDI registries, or keyword-dominant
Web service search engines, which possess many limitations
such as insufficient recommendation performance and heavy
dependence on the input from users such as preparing compli-
cated queries. In this paper, we propose a novel approach that
dynamically recommends Web services that fit users’ interests.
Our approach is a hybrid one in the sense that it combines
collaborative filtering and content-based recommendation. In
particular, our approach considers simultaneously both rating
data and content data of Web services using a three-way aspect
model. Unobservable user preferences are represented by intro-
ducing a set of latent variables, which is statistically estimated.
To verify the proposed approach, we conduct experiments using
3,693 real-world Web services. The experimental results show
that our approach outperforms the two conventional methods
on recommendation performance.

Keywords-Web service recommendation, collaborative filter-
ing, content-based recommendation, three-way aspect model

I. INTRODUCTION

After a decade of research and development, Web services

have become one of the standard technologies for sharing

data and software and the number of Web services available

on the Internet is consistently increasing [1], [2], [3], [4].

According to recent statistics1, there are 28,606 Web services

available on the Web, provided by 7,739 different providers.

This increasing adoption and presence of Web services calls

for novel approaches for efficient Web services recommen-

dation and selection, which is a fundamental issue in service

oriented computing [5], [6], [7].

Web services recommendation is the process of automat-

ically identifying the usefulness of services and proactively

discovering and recommending services to end users. We

can also view service recommendation as the process of

service selection augmented with end user behavior analysis

1http://webservices.seekda.com, as of 07/01/2013.

to achieve relevant and accurate service suggestions. Tradi-

tional Web service discovery centers around UDDI (Univer-

sal Description, Discovery and Integration) registries [8], [9].

Unfortunately, UDDI is no longer the choice for publishing

Web services, evidenced by the shutdown of the public

UDDI registries by big players such as IBM, Microsoft, and

SAP [10]. Over the last few years, a considerable number of

Web services searching approaches have been proposed [11],

[12] and several Web services search engines, such as

Web Service List2, XMethods3, and seekda4, have emerged.

These search engines largely exploit keyword-based search

techniques and are insufficient to catch the functionalities of

Web services. Furthermore, considerations on non-functional

characteristics (e.g., quality of service) of Web services

during the service selection and recommendation are very

limited [13]. In a recent work by Zheng et al. [5], [12], a

Web services search engine is designed and developed that

ranks Web services not only by functional similarities to a

user’s query, but also by non-functional QoS characteristics

of Web services.

The main goal of our work is to advance the current state-

of-the-art on Web services selection and recommendation.

More specifically, our work is inspired by the following

observations. To find desirable Web services by using Web

service search engines, a user normally has to execute

queries herself and is often at a loss as to what queries

are appropriate (e.g., which keywords should be used, what

values should be set for a QoS attribute). Another problem is

that Web services that do not satisfy user’s searching query

are completely excluded from the recommendation list. It

is therefore desirable that a recommendation system selects

Web services that people probably prefer by estimating

user preferences without requiring users to explicitly specify

queries.

In this paper, we propose a novel approach for Web

service recommendation by combining collaborative filter-

2http://www.webservicelist.com.
3http://www.xmethods.net.
4http://webservices.seekda.com.
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ing [14], [15], [5], [16] and content-based recommenda-
tion [17], [18]. Collaborative filtering is a technique widely

used for recommending items to a user by considering other

similar users’ ratings on the items. For instance, suppose that

a user likes Web services sa and sb. If there are many other

users who like sa and sb also like service sc, sc should prob-

ably be recommended to the user. Although the technique is

effective, a big problem is that Web services without ranking

information (e.g., newly deployed Web services) cannot

be recommended (also known as the cold start problem).

Content-based methods recommend Web services based

on the similarity of user preferences and content of Web

services (e.g., functionalities). Unrated Web services can be

recommended by this technique. Unfortunately, associating

user preferences with Web service content is not a trivial

task and very few solutions have been proposed. In current

Web services search engines, queries that represent user

preferences are typically prepared by users. Our approach

exploits the advantages of both techniques by proposing

a hybrid method that considers both rating and content

information of Web services. The main contribution of our

work is as follows:

• We identify three main requirements that are important

for conducting an effective Web services recommenda-

tion,

• We propose a novel hybrid approach that combines col-

laborative filtering and semantic content-based meth-

ods. Our approach exploits a three-way aspect model

that simultaneously considers the similarities of users

and content of Web services. User preferences are

represented using a set of latent variables that can be

statistically estimated, and finally

• We conduct extensive experiments using real-world

Web services to verify the proposed approach. A

dataset5 consisting 5,825 Web services is carefully

examined and 3,693 live Web services are selected and

used in the experiments. The experimental results show

that our approach achieves better recommendation per-

formance than the conventional collaborative filtering

and content-based methods.

The remainder of the paper is organized as follows.

Section II discusses Web service recommendation require-

ments and overviews two complementary recommendation

approaches. Section III introduces our hybrid Web services

recommendation approach. Section IV reports our experi-

mental results. Finally, Section V overviews the related work

and Section VI offers some concluding remarks.

II. WEB SERVICES RECOMMENDATION

In this section, we first discuss the requirements on Web

services recommendation, and then briefly introduce two

5http://www.wsdream.net/dataset.html.

typical recommendation approaches, collaborative filtering

and content-based recommendation, which will be used for

comparison with our proposed approach in Section IV.

A. Requirements in Service Recommendation

There are three main requirements in order to conduct an

effective service recommendation task:

• High recommendation accuracy. A good recommen-

dation system should recommend more favorite Web

services and fewer disliked ones, particularly in the

situations where available information might be not

sufficient (e.g., missing QoS of some services).

• Recommendation diversity. Recommending services

that are well-known to a user is often found unsatis-

factory or meaningless. If the recommended services

are unfamiliar to a user, the chances of finding new

Web services that match the user’s requirements would

increase.

• Overcoming the cold-start problem. Solving this prob-

lem not only enables users to find newly-deployed

Web services, but also enhances the recommendation

diversity.

Our approach will unify both methods for effective ser-

vices recommendation. In the rest of this section, we will

briefly introduce collaborative filtering and content-based

recommendation.

B. Collaborative Filtering

Collaborative filtering predicts rating scores of a user

for Web services by considering other users’ rating on the

services. A widely used approach employs Pearson Cor-

relation Coefficient to calculate similarities between users

and predicts QoS value based on similar users [19], [5].

In [20], a model combining latent features and memory-

based QoS prediction is proposed to enhance the prediction

performance. Based on the predicted QoS values, the Web

service with the best score or the top n Web services

are selected for the recommendation. The probability of a

service s being recommended to a user u can be calculated

using this method as:

ŷu,s =

∑
u′∈U wu,u′yu′,s∑

u′∈U wu,u′
(1)

where yu′,s is the estimated value, and wu,u′ measures the

preference similarity of users u and u′, using the following

formula:

wu,u′ =

∑
s∈S(ru′,s − r′u)(ru,s − ru)√∑

s∈S(ru′,s − r′u)2
√∑

s∈S(ru,s − ru)2
(2)

Where ru′,s is the score given to service s by user u′, ru
and ru′ represent the average rating values of user u and

43



u′ respectively (u, u′ ∈ U ), and s ∈ S is the Web services

rated by both users u and u′. It should be noted that there

are usually very few of these services. Particularly when the

number of Web services is large, the above formula often

fails. A possible solution is to replace the empty scores

in QoS matrix with a default score. For example, if Web

services are rated on a 0 to 4 scale, we could set the default

value as 2.

C. Content-based Recommendation

Content-based service recommendation is based on the

analysis of the similarities of the content (e.g., WSDLs and

short descriptions) between Web services. There have been

two main approaches in content-based Web services recom-

mendation: syntactic based approaches [21] and semantic
based approaches [22]. We discuss only semantic based ap-

proaches in this paper since syntactic based approaches have

limitations in suggesting high quality recommendations.

The semantics of a Web service s can be represented by

a set of semantic attributes: i) functional category F(s),
ii) functional parameters (i.e., inputs IP(s) and outputs

OP(s)), and iii) requirements (i.e., preconditions P(s) and

effects E(s)). We assume that these attributes can be pro-

vided by a domain ontology through semantic annotations,

which will ensure to provide users with recommendations

that are semantically similar to Web services previously

invoked. It is possible to construct a domain ontology by

analyzing Web service descriptions (WSDLs and free text

descriptors). Interested readers are referred to [23] for an

approach for bootstrapping ontologies based on Web service

descriptions.

The semantic similarity of Web services si and sj can be

calculated using:

q(si, sj) =∑
l∈{F,IP,OP,P,E}

wl × (qcd(l(si), l(sj)), qm(l(si), l(sj)))

(3)

where wl ∈ [0, 1] is the weight assigned to the lth service

description attribute and
∑

l∈{F,IP,OP,P,E} wl = 1. Prefer-

ences on some particular service attribute can be done by

simply adjusting the value of wl. The result returned by

the formula is a pair of values in [0,1] × [0,1], represent-

ing the common description rate qcd and matching quality

qm between si and sj respectively. The matching quality

between two semantic descriptions (i.e., qm(sdi, sdj)) is a

value in [0, 1] defined by a matchmaking function (i.e., 1

for exact match, and 0 for disjoint). The common description

rate reflects the degree of similarity between the semantic

descriptions of two Web services. Formally, the rate can be

calculated using:

U

W

S

Z

Figure 1. Graphical representation of our approach

qcd(sdi, sdj) =
|lcs(sdi, sdj)|

|sdj\sdi|+ |lcs(sdi, sdj)| (4)

where lcs(sdi, sdj) is the least common subsumer of sdi
and sdj , which refers to information shared by sdi and sdj .

sdj\sdi represents all the information which is a part of sdi
but not a part of sdj . The expression in between | refers to

the size of ALE concept descriptions of DL (Description

Logics) [24].

III. THE HYBRID SERVICE RECOMMENDATION MODEL

To meet the three requirements described in Section II-A,

in this paper, we propose a hybrid approach that combines

collaborative filtering techniques and the content-based ap-

proach. To achieve this, it is necessary to reflect both rating

and content data in modeling of user preferences. Unfortu-

nately, user preferences are only indirectly represented and

observable data such as ratings or content (e.g., semantic

descriptions) do not completely reflect the preferences.

To solve the problem, we propose a hybrid approach that

associates rating and content data with newly-introduced

variables that represent user preferences. Our work is mainly

inspired by a three-way aspect model presented in [25]. This

model has a set of latent variables that directly describe

substantial preferences, which cannot be observed directly.

The preferences are statistically estimated using expectation
maximization (EM) that thereafter contribute to better rec-

ommendation. In the rest of this section, we will describe

how to adapt this model for Web services recommendation.

A. Model Description

The graphical representation of the three-way aspect

model for Web services recommendation can be found

in Figure 1. The model includes four components: a

user set U = {u1, u2, ..., um}, a Web service set

S = {s1, s2, ..., sn}, content of Web services W =
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{w1, w2, ..., wn} where wi is a semantic description of Web

service, and a set of latent variables Z = {z1, z2, ..., zk} that

governs the recommendation process. The model captures a

three-way co-occurrence data among users, Web services, as

well as the content of Web services in the form of semantic

descriptions. An observation is typically a triple (u, s, w)
that corresponds to an event where a user u accesses a Web

service s that contains a semantic description w. In the three-

way aspect model, observation data is associated with one of

the latent variables (zi ∈ Z). The latent variables represent

user preferences of Web services. It is assumed that users,

Web services, and semantic descriptions are independent in

the model. It is also worth noting that the aspect model

allows multiple semantic descriptions per user, unlike most

clustering methods that assign each user with a single class.

In the context of Web services recommendation, an event

of a user u ∈ U accessing a service s ∈ S containing

semantic description w ∈ W , is considered to be associated

with one of the latent variables z ∈ Z . Conceptually, users

choose (latent) topics z, which in turn generate both Web

services and their content description. Therefore, a latent

variable in this new model is associated with not only a

distribution of services but also a distribution of service

content. The joint probability distribution Pr(u, s, w, z) over

user set U , latent topic variables Z , Web service set S and

service content W is given by

Pr(u, s, w, z) = Pr(u)Pr(z|u)Pr(s, w|z) (5)

Since we consider that the distribution of s and w are

independent in our model, we can have Pr(s, w|z) =
Pr(s|z)Pr(w|z). The above equation can be rewritten as:

Pr(u, s, w, z) = Pr(u)Pr(z|u)Pr(s|z)Pr(w|z) (6)

An equivalent specification of the joint probability distri-

bution that treats users and items symmetrically is

Pr(u, s, w, z) = Pr(z)Pr(u|z)Pr(s|z)Pr(w|z) (7)

Marginalizing out z, we obtain the joint probability dis-

tribution Pr(u, s, w) over U , S, and W as the following:

Pr(u, s, w) =
∑
z

Pr(z)Pr(u|z)Pr(s|z)Pr(w|z) (8)

This model has a set of parameters Pr(z), Pr(u|z),
Pr(s|z) and Pr(t|z), which for simplicity is represented

as θ. The model parameters are learned by mining the user-

service history data H = {< u, s, w >}. One way to learn

θ is to maximize the log-likelihood of history data which is:

L(θ) =
∑

<u,s,w>∈H
n(u, s, w) log(Pr(u, s, w|θ)) (9)

In our work, we adopt the EM algorithm to find a local

maximum of the log-likelihood of the training data. The

detailed model lof the earning process will be presented in

Section III-B.

After the model is learned, the inference of Web services

can be ranked for a given user according to Pr(s|u) ∝∑
w Pr(u, s, w), i.e., according to how likely it is that

the user will invoke the corresponding Web service. Web

services with high Pr(s|u) that the user has not yet invoked

are good candidates for recommendation. This addresses

the requirement of recommendation diversity raised in Sec-

tion II-A.

B. Model Learning

Let n(u, s, w) = r(u, s) × n(s, w), where n(u, s, w)
indicates how much a user u prefers the semantic descriptor

w in Web service s, r(u, s) is the rating score of user u
for service s, and n(s, w) is the number of times semantic

descriptor w occurs in Web service s. Given training data

of this form, the log likelihood L of the data is:

L(θ) = log
∏

<u,s,w>∈H
Pr(u, s, w|θ) (10)

which can be rewritten as:

L(θ) =
∑

<u,s,w>∈H
n(u, s, w) log(Pr(u, s, w)|θ) (11)

One way to learn θ is to maximize the log-likelihood of

the history data. However, directly maximizing L(θ) is hard.

The EM algorithm applies an iterative method to improve

model parameters. The Equation 11 can be derived as:

L(θ) =
∑

<u,s,w>∈H
n(u, s, w) log(Pr(u, s, w)|θ)

=
∑

<u,s,w>∈H
logPr(u, s, w|θ)

=
∑

<u,s,w>∈H
log

∑
z

Pr(u, s, w, z|θ)

=
∑

<u,s,w>∈H
log

(∑
z

Pr(z|u, s, w, θ(t)) Pr(u, s, w, z|θ)
Pr(z|u, s, w, θ(t))

)

≥
∑

<u,s,w>∈H

∑
z

Pr(z|u, s, w, θ(t)) log
(∑

z

Pr(z|u, s, w, θ(t))

Pr(u, s, w, z|θ)
Pr(z|u, s, w, θ(t))

)
� Q(θ|θ(t))

(12)

Therefore, instead of maximizing L(θ) directly, the EM

algorithm tries to find the model parameters θ(t+1) to
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maximize Q(θ|θ(t)). So:

θt+1 =argmax{Q(θ|θ(t))}

=argmax
θ

{ ∑
<u,s,w>∈H

∑
z

Pr(z|u, s, w, θ(t))

logPr(u, s, w, z|θ)
}

=argmax
θ

{ ∑
<u,s,w>∈H

Ez|u,s,w,θ(t){logPr(u, s, w, z|θ)}
}

(13)

Then we can use the EM algorithm to solve the equation

with training dataset. In particular, E step and M step are

iterated alternately until the log-likelihood L converges to

a local maximum. It should be noted that both content

and collaboration data can influence recommendations. The

relative weight of each type of data depends on the nature

of the given data for training. For practical use, it is better to

adopt an extended version of the EM algorithm to cope with

the data sparseness. One such extension is the deterministic

annealing EM algorithm and interested readers are referred

to [26] for more details.

IV. PERFORMANCE EVALUATION

This section focuses on reporting the performance study

of our proposed hybrid approach for Web services rec-

ommendation. In particular, we conduct two experiments

to: i) compare our hybrid approach with the conventional

methods including collaborative filtering and content-based

recommendation and ii) study the sensitivity of the hybrid

approach under different markoff ratios. All experiments

were conducted on a Core 2 Quad 2.70 GHz machine with

8GB RAM.

A. Dataset Setup

To perform reliable experiments, it is ideal to use large-

scale real Web service data that is sufficient to a certain

extent. Unfortunately, constructing such data is extremely

time-consuming. Luckily, there is a recent effort made by

Zheng et al. [5] in their WS-DREAM project6, which

shares a large-scale real Web service dataset. WS-DREAM

developed a Web crawling engine to crawl publicly available

WSDL file addresses from the Internet. It also collected non-

functional attributes (e.g., QoS) of these Web services, which

are observed by 339 distributed computers located in 30

different countries, from Planet-Lab7. We use this dataset as

our base dataset and perform the following pre-processing:

1) We traversed all 5,825 WSDL addresses offered from

the dataset and retrieved WSDL documents of 3,693

6http://www.wsdream.net
7http://www.planet-lab.org

Table I
ORIGINAL DATASET STATISTICS

Number of Users 339
Number of Web Services 5825

User-Service (Response Time) Matrix Density 5.11 × 10−2

User-Service (Throughput) Matrix Density 7.26 × 10−2

Table II
PROCESSED DATASET STATISTICS

Number of Users 339
Number of Web Services 3693

User-Service (Response Time) Matrix Density 5.32 × 10−2

User-Service (Throughput) Matrix Density 7.67 × 10−2

Average Words for each Services 12.79
Average QoS Ratings 3.84

live Web services. We then calculated the tf/idf to

find out the weighted descriptors for each Web service

from its operations name, method names and WSDL

address by exploiting the approach developed in our

previous work [23]. Consequently, each Web service

has a keyword list describing the Web service.

2) For some Web services, we collected their correspond-

ing rating scores directly from seekda.com. For those

Web services whose rating scores are not available

from seekda.com, we determined rating scores (e.g.,

from 1 to 5) based on their QoS values (e.g., response

time, throughput) using a multi-attribute utility func-

tion [27].

Table I and II show the dataset statistics for the original

dataset and the one after the pre-processing.

B. Performance Comparison

In order to study the recommendation performance, we

compared our proposed hybrid recommendation approach

(HR) with the other two methods: collaborative filtering

(CF) and content-based recommendation (CR). The matrix

(see Section IV-A) was randomly divided into the training

matrix and the evaluation matrix by masking 70% of actual

scores. The reason that we set the ratio as 70% is from the

experimental study shown in Section IV-C.

The recommendation performance was evaluated by ex-

amining the quality of top x rankings of Web services (x
= 1, 5, 10). Specifically, after each model is learned, we

used the model parameters to find ∀s, Pr(s|u) for all users.

The Web services in the testing dataset were ranked based on

their Pr(s|u). The average precisions and average recalls for

top x recommendations were used as the evaluation metrics.

Average precision was calculated as the ratio of the number

of top x recommendation hits to the recommendation size;

and average recall was calculated as the ratio of the number

of top x recommendation hits to the size of user’s validation

item set. We calculated the average precisions and recalls of
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Figure 2. Recommendation performance comparison between HR, CF, and
CR with top 1, 5, 10 Web services: (a) average precision and (b) average
recall

all users for three different methods. Figure 2 shows the

result.

From Figure 2 (a) we can see that, the top x precision

values of our hybrid approach (HR) are higher than col-

laborative filtering (CF) and content-based recommendation

approach (CR). In Figure 2 (b), the top x recall values of

HR are also higher than the other two approaches. It is clear

that our approach outperforms the other two approaches and

more relevant Web services can be recommended by our

approach.

C. Sensitivity of Markoff Ratio

As mentioned previously, we divided the whole matrix

into training and testing matrices. In this experiment, we

studied the impact of the markoff ratios on the performance

of our proposed hybrid approach. We randomly marked off

y% (y = 10, 30, 50, 70) of actual scores and the rest of the

matrix is used as training dataset to infer model parameters.

Our algorithm was then used to recover the information that

has been marked off. We applied cross-validation method

to find the average precisions and recalls for top x (x = 1,

5, 10) Web services recommendation. Figure 3 shows the

result.
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Figure 3. Recommendation performance with top 1, 5, 10 Web services:
(a) average precision and (b) average recall

From the figure, we can see that with the increase of

the markoff ratio, the overall recommendation performance

decreases. This is easy to explain: a higher markoff ra-

tio means less data available for training the approaches,

therefore worse recommendation performance. Interestingly,

we notice that the recommendation performance increases

quickly until markoff ratio reaches 70%, and then increases

slowly when markoff ratio decreases.

V. RELATED WORK

Web services recommendation and selection has been a

fundamental research issue since the dawn of Web service

technologies. Traditional Web services discovery centers

on UDDI registries such as the work presented in [28],

[8], [9]. Unfortunately, UDDI is no longer the choice of

publishing Web services. The available Web services search
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engines such as seekda largely exploit keyword-based search

techniques and are insufficient to catch the functionalities

of Web services. These search engines barely consider non-

functional characteristics (QoS) of Web services. Further-

more, users normally have to specify and execute queries

themselves. The performance of Web services recommenda-

tion of these search engines is therefore quite limited.

Over the past few years, a heavily researched topic in

Web services recommendation centers on QoS-based Web

services selection that supports optimized Web services

selection by considering QoS attributes of Web services

with similar functionalities, as well as the preferences from

service users [27], [29], [12], [30]. The quality of the

recommendation from these approaches depends on the

quality of available QoS information for Web services.

Most QoS-based service selection approaches assume that

the QoS information (e.g., availability of Web service) is

pre-existing and readily accessible with guaranteed quality,

which unfortunately is not true, as indicated by Zheng et

al. in [5]. Service providers may not be able to deliver

the QoS they promised and some QoS properties (e.g.,

network latency, invocation failure-rate, etc.) are highly

related to the locations and network conditions of the service

users. Thus, this kind of approaches are impractical for use

in many applications. In this work, we consider classical

recommendation methods and propose a novel approach

that automatically recommends Web services by considering

the information of similar service users and the content of

similar Web services.

There are two main recommendation methods, namely

collaborative filtering and content-based recommendation.

The content-based approaches recommend items (Web ser-

vices in our context) similar to those that a user appreciates

based on the item’s characteristics while the collaborative

filtering approaches recommend items based on the similar-

ity of different users. Zheng et al. [5] propose a collaborative

filtering approach to predict missing QoS based on the

information of similar Web users and services. The work

by Chen et al. [14] presents RegionKNN, a collaborative

filtering algorithm that is designed for large-scale Web

services recommendation. This approach considers service

users’ physical locations and proposes a region model by

considering the QoS characteristics of Web services. A

refined nearest-neighbor algorithm is then developed for

QoS-based service recommendation. Blake and Nowlan [21]

develop a Web services recommender system by exploiting

an enhanced syntactic approach to compare the content of

Web services. Both approaches have weaknesses as dis-

cussed in Section II.

Our work presents a hybrid approach for better Web

services recommendation by systematically combining both

methods together. In particular, we propose a three-way as-

pect model that considers both QoS ratings and the semantic

content of Web services. User preferences are modeled as a

set of latent variables in the aspect model [25], which can

be statistically estimated using the expectation maximization

(EM) method. To the best of our knowledge, this is the first

of few approaches that combine collaborative filtering and

content-based approach for Web services recommendation.

VI. CONCLUSION AND FUTURE WORK

Web services recommendation and selection is a funda-

mental issue in service oriented computing. Existing Web

services discovery and recommendation approaches focus

on either perishing UDDI registries, or keyword-dominant,

QoS-based Web service search engines. Such approaches

possess many limitations such as insufficient recommenda-

tion performance and heavy reliance on the input from users

(e.g., preparing queries). In this paper, we have proposed a

novel hybrid approach for effective Web services recom-

mendation. Our approach exploits a three-way aspect model

that systematically combines classic collaborative filtering

and content-based recommendation. The proposed hybrid

approach simultaneously considers the similarities of user

ratings and semantic Web service content. Our approach is

validated by conducting several experimental studies using

3,693 real-world Web services publicly available from the

Internet. The experimental results show that our approach

outperforms the conventional collaborative and content-

based methods in terms of recommendation performance.

Our future work includes conducting more experiments

to study the performance of the proposed approach (e.g.,

capability for dealing with new services). We also plan to

explore more refined/personalized Web services recommen-

dation by considering the specific contexts (e.g., goals an

end user would like to achieve, physical situations, etc.).
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