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ABSTRACT

Collaborative Filtering (CF) based Web service recommendation aims to predict missing QoS
(Quality-of-Service) values of Web services. The proposed method leverages both locations of
users and Web services while choosing similar neighbors for the target user or service.
Collaborative Filtering (CF) is widely employed for making Web service recommendation. CF-
based Web service aims to predict missing QoS (Quality-of-Service) values of Web services.
Although several CF-based web service by using QoS prediction methods. However, the
performance still needs development. Firstly, existing QoS prediction methods rarely considers
personalized influence of users and services when measuring doing the comparison between
users and between services. Secondly, Web service QoS factors, such as throughput and
response time, usually depends on the locations of Web services and users. However, existing
Web service QoS prediction methods very rarely took this observation into consideration. In this
paper, we propose a location-aware personalized collaborative filtering method for Web service
recommendation. The proposed method leverages both locations of users and Web services when
selecting similar neighbors for the target user or service. To evaluate the performance of our
proposed method, we conduct a set of experiments using a real-world Web service dataset. The
experimental result proves that our approach improves the QoS computational efficiency and
prediction accuracy significantly, compared to previous CF-based methods.

KEYWORDS: Web services, service recommendation, QoS prediction, collaborative
filtering, location-aware.

INTRODUCTION

Web service is a software - based system designed to support interoperable machine-to-machine
interaction over a network. Web service discovery become a crucial and challenging task for
users. Quality-of-Service (QoS) is widely employed to showcase the non-functional performance
of Web services [3][4]. Due to the high importance of QoS in making successful service-oriented
applications, QoS based Web service discovery and selection of such services has grabbed much
attention from both academia and industry [5], [6]. Web service QoS is highly depends on both
users’ and Web services’ circumstances. QoS of Web service candidates is both time and
resource-consuming. Some QoS properties are difficult for evaluation, since they require long
observation duration and a large number of invocations [7],[8]. Based on the fact that a service
user may only have invoked a small number of Web services, CF-based Web service
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recommendation technique focuses on predicting missing QoS values of Web services for the
user [9]. Employing CF technologies, Web services with optimal QoS can be identified and
recommended to the user. The effectiveness of CF-based Web service recommendation is
usually represented by the prediction accuracy, which measures the deviation of the real QoS
value and the predicted QoS value of a Web service. Besides the prediction accuracy, the time
efficiency of QoS prediction can be improved further.

RELATED WORK

In this section, we give a brief survey of CF algorithms, and summarize recent work on CF-based
Web Service recommendation.

COLLABORATIVE FILTERING (CF):

Collaborative filtering is a method of making automatic predictions about the interests of a user
by collecting preferences or taste information from many users (collaborating)

CF techniques can be generally decomposed into two categories: model-based and memory-
based [12],[13]. Depending on whether user neighborhood or item neighborhood is considered,
neighborhood-based CF is classified in two ways, user-based and item based.

WEB SERVICE RECOMMENDATION:

Various recommendation techniques have recently been applied to Web service
recommendation, such as the content based [23],[24], link prediction-based [25],[26], and CF-
based [7],[8],[9]. CF based recommendation has attracted the most attention for its effectiveness
and simplicity. Shao et al. [7] proposed a user-based CF method for QoS, Web service
recommendation. Zheng et al. [8], [9] combined both user based and item-based CF algorithm to
predict Web service QoS values. Based on the traditional CF approaches, several enhanced
methods have been proposed to improve the accuracy of prediction. The method groups users
into a set of regions according to users’ IP addresses and QoS similarities. When identifying
similar users for a target user, instead of searching the entire user set, the method searches the
region set. Thus, the time efficiency of QoS prediction is improved. However, these model-based
CF methods may have difficulties in handling dynamics of the user-service interaction matrix.

SYSTEM ARCHITECTURE

Overview of our Web service recommendation method:
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Fig. No.1 Overview of the implemented system.

2|Page



NOVATEUR PUBLICATIONS

INTERNATIONAL JOURNAL OF INNOVATIONS IN ENGINEERING RESEARCH AND TECHNOLOGY [IJIERT]
ISSN: 2394-3696

VOLUME 3, ISSUE4, APR.-2016

We consider an active user is searching for high-quality Web services. Web service discovery
system or the system is providing high-quality web services to an active user. This work focuses
on predicting QoS values of Web services for recommendation. Our web service
recommendation method consists of the following modules:

(1) User location information handler: This unit gets location information of a user including
the network and the country according to the user’s IP address. Apart from this It also works as
support system for efficient user querying based on location.

(2) Service location information handler: The handler acquires additional location information
of Web services according to either their URLs or IP addresses. The location information
includes the network and the country in which the Web service are located.

(3) Find similar users: This module is intended to find users who are similar to the active user
by considering both the users’ QoS experiences and locations. For improvement in accuracy and
scalable similar user selection, author has proposed a weighted user-based PCC via exploring
QoS variation of Web services and incorporate user locations into similar user selection.

(4) Find similar services: This module finds similar Web services for a target service,
considering both QoS of Web services as well as service locations.

(5) User-based QoS prediction: This function aggregates the QoS values they perceived on
target Web services, and helps in prediction of the missing QoS values for the active user.

(6) Service-based QoS prediction: After a certain number of similar services are identified for a
target Web service, this function aggregates their QoS values to predict the missing QoS values
for the active user.

(7) Hybrid QoS prediction: This function combines the user-based QoS prediction and the
making final QoS predictions. The cold-start problem and data-sparsity problem in QoS
predictions are also attended in this module

(8) Recommender: This function recommends Web services with optimal QoS to the active
user.

INFLUENCE OF USER LOCATION ON QOS PREDICTION:

Service 3

Fig. No.2. Model for Influence of user location on QoS prediction

There are various factors affecting the network performance between the target user and the
target service. The most important factors include distance and bandwidth of network which are
highly relevant to locations of the target user and the target service. When the user and the
service are located at different networks which are far away from each other on the Internet,
network performance is likely to be poor due to both the transfer delay and the limited bandwidth
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of links between different networks. In contrast, when the user and the Web service are located
in the same network, the user is more likely to observe high network performance. Therefore, the
locations of user and service are crucial factors affecting QoS. Fig. 1 provides an example to
illustrate why locations of two users can be exploited to improve both the accuracy and
efficiency of QoS prediction.

Suppose Bob and Alice are two users located in different networks that are far from each other
(see above fig.). Each observed similar QoS, such as response time and through-put, on two Web
services, e.g., Service 1 and Service 2 (The two services might be deployed in some networks
that have similar performance to Alice and Bob). According to conventional CF-based QoS
prediction methods, the two users are somewhat similar. Thus, they are likely to ob-serve similar
QoS on other Web services (e.g., Service 3). However, provided Service 3 was deployed in the
same network as Bob, thus being close to Bob but far away from Alice, it’s highly likely that the
two users will observe quite different QoS values on Service 3. This is in contradiction with the
expectation of conventional CF-based prediction methods. Actually, Alice and Bob are not really
similar, but happen to have similar QoS experiences on a few Web ser-vices. Conventional QoS
prediction methods mishandle this case. By taking locations of users into consideration, we can
avoid choosing inappropriate neighbors for the target user, thus improving the accuracy of QoS
prediction.

LOCATION INFORMATION REPRESENTATION, ACQUISITION, AND PROCESSING

This section discusses how to represent, acquire, and process location information of both Web
services and ser-vice users, which lays a necessary foundation for implementing location-aware
Web service recommendation method.

LOCATION REPRESENTATION:

We represent a user’s location as a triple (IPu, ASNu, Country IDu), where IPu denotes the IP
address of the user, ASNu denotes the ID of the Autonomous System (AS)1 that IPu belongs to,
and Country IDu denotes the ID of the country that IPu belongs to. Typically, a country has
many ASs and an AS is within one country only. The Internet is composed of thousands of ASs
that inter-connected with each other.

However, users located in the same AS are not always geographically close, and vice versa.
Therefore, even if two users are located in the same city, they may seem to be at different ASs.
This explains why we have chosen, AS instead of other geographic positions, such as latitude
and longitude, to represent a user’s location.

LOCATION INFORMATION:

Acquisition fetch the location information of both Web services and service users can be easily
done. Based on the users’ IP addresses are already known, to obtain full location in-formation of
a user, we only need to identify both the AS and the country in which he is located based on IP
address. A number of services and databases are available for this purpose (e.g. the Who is
lookup service2). In this work, we accomplished the IP to AS mapping and IP to country
mapping using the GeLite Autonomous System Number Database3.
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SIMILARITY COMPUTATION AND SIMILAR NEIGHBOR SELECTION

Here we have defined notations for the convenience of describing our method and algorithms.
We implemented a weighted PCC for computing similarity between both users and Web
services, which takes personal QoS characteristics into consideration. Finally, author has
discussed incorporating locations of both users and Web services into the similar neighbor
selection.

SIMILAR NEIGHBOR SELECTION:

This selection is a very important step of CF. In conventional type of user-based CF, the Top-K
similar neighbor selection algorithm is used invariably [8]. It selects K users that are most similar
to the active user as neighbors. Similarly, the Top-K similar neighbor selection algorithm can be
employed to select K Web services that are most similar to the target Web service. Traditional
Top-K algorithms ignore this problem and still choose the top K most ones. Because of the
resulting neighbors are not actually similar to the target user (service), doing this will impair the
prediction accuracy. Therefore, abandoning those neighbors from the top K similar neighbor set
is better if the similarity is not greater than zero. Secondly, as previously mentioned, Web service
users may happen to perceive similar QoS values on a few Web services.

Considering the location-relatedness of Web service QoS, authors have incorporated the
locations of users and Web services into similar neighbor selection.

USER-BASED QOS VALUE PREDICTION:

Authors presented a user-based location-aware CF method, named as ULACF. Traditional user-
based CF methods usually adopted for finding value predictions. This equation, however, may be
inaccurate for Web service QoS value prediction. As Web service QoS factors such as response
time and throughput, which are objective parameters and their values vary large. Therefore,
predicting QoS values based on the average QoS values perceived by the active user (i.e., r (u) )
is flawed. Intuitively, given two users that have the same estimated similarity degree to the target
user, the user nearer to the target user should be placed more confidence in QoS prediction than
the other.

ITEM-BASED QOS VALUE PREDICTION:

Author says, an item-based location aware CF method, named as ILACF. Based on the similar
assumptions and finding of ULACF’s, author used Eq (14). from paper [26] to calculate the
predicted QoS value.

INTEGRATING QOS PREDICTIONS:

Due to the diversity of the user-item matrix, for finding predicted value as accurate as possible,
it’s better to fully explore the information of similar users as well as similar services. Therefore,
we develop a hybrid location- aware CF, named as HLACF, which incorporated the user-based
QoS prediction with the item-based QoS prediction. The following four cases will be considered
in integrating QoS predictions.

CONCLUSION & FUTURE WORK

This paper has presented a personalized location-aware collaborative filtering method for QoS-
based Web service recommendation. Aiming at improving the QoS prediction performance, we
take into account the QoS characteristics of both users and web services for computation of
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similarity between them. We also incorporate the locations of both Web services and users into
similar neighbor selection, for Web services and users. Comprehensive experiments conducted
on a real database indicate that our method significantly outperforms previous CF-based Web
service recommendation methods.

In the future, we will take more detailed location information into consideration for QoS
prediction, such as the Internet’s AS topology. We will also consider incorporating the time
factor into QoS prediction, and plan to obtain bigger datasets for evaluating our methods.
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