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Abstract: Recommendation of Web service is the popular area of research in the field of IT. Collaborative filtering
(CF) is one of the popular methods of web service recommendation which is based on a quality of service (QOS)
parameters of the service. Web services are nothing but software components which are designed to perform
machine to machine communication over the network. The QOS of web service is essential factor which is taken into
consideration while selecting the appropriate web service. QoS factors of the web service are nothing but the
response time, throughput time and availability of selected web service. Previously a number of studies or methods
were conducted for choosing web services and making their recommendation by performing collaborative filtering;
here we are going to examine these methods with their advantages and limitations. And also based on this study we
are proposing a new technique for web service recommendation which is based on past experience of user regarding

QOS of web service and location of selected user.

Keywords: Web Service, Service Computing, Collaborative filtering, QoS values, Web service recommendation; QoS

prediction; collaborative filtering; privacy preservation

I INTRODUCTION

Web services are nothing but a service offered by one

electronic machine to another electronic machine which are
communicating through each other via world wide
web(WWW).Web is a piece of software which support
interoperable interaction between two machines over a
network. Due to the increasing demand and acceptance of
web services in big organization, the robust and powerful
technique is required for recommendation and selection of
optimum web service amongst the number of available web
services on WWW. For constructing service- oriented
applications web services have been widely used by both
individual developers and large organizations.  While
considering the QoS related data of web services, some
features of web services are depend upon user and contains
similar values for different users (e. g accessibility, cost,
reputation etc.)The values of the user independency of QoS
properties are normally offered by service providers or third-
party registers (for example, UDDI). In another case some
QoS features for users are reliant and have dissimilar values
for different users (for example, Invocation failure rate,
response time, etc.). Web service evaluation at client-side

requires real web service calls and it faces the below

mentioned drawbacks:

1. First, invocation of real web service enforces costs
for service users and it uses the resources of service
provider. Some web service calls can also be
charged.

2. It can be possible that on many web services which
are observed by candidate are marked as suitable
web services in the assessment list but it may be
possible that it cannot detected and observed by the
service user.

3. Finally, all the users are not expert in web service
evaluation.

However, without complete evaluation of QoS properties
at client-side, correct values of the user relevant QoS
properties cannot be obtained. Hence selection of optimal
web service and its exact recommendation is not easy to
obtain.

Il LITERATURE SURVEY

Large organization and individual user requires a
particular system which can understand the interests of user
and recommend them the best utilizable services. In this case,
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Recommender systems can assist users with the most
appropriate items as per their requirement; have been
considered as one of the best technique
2.1 Collaborative Filtering Methods
Collaborative  filtering is nothing but an
identification of similar users, related web services and
recommend them. Collaborative filtering is generally
employed in commercial recommender systems like as
Amazon.com and Netflix.
Collaborative Filtering algorithm uses two processes:
Prediction process[3][4] where a numerical value
expressing the predicted probability of web services that
cannot be upheld certain users. This predicted value is in the
same scale as opinion by the same user supplied values.
Recommendation process [3] where a list of N items
that the active users like the most is recommended. This
interface of collaborative filtering algorithm Top N
recommendation [13] is called Collaborative filtering process
and is as shown in the following figure 1.
There are two types of collaborative filtering
algorithms:
1.Model Based Collaborative Filtering
2.Memory Based Collaborative Filtering
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Figure 1. Web service recommendation process

2.1.1 Model-Based Collaborative Filtering

On the basis of ratings of dataset a models is built in
this technique. In other words, we take out some useful
information from the dataset, and consider that model to
make recommendations [5] without using the whole dataset
every time. With the help of this approach ones can
potentially offers advantage of both speed and scalability.
Typical examples include user-based approaches (e.g.,
UPCC [8]) that leverage the QoS information of similar users
for prediction.
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2.1.2 Memory Based Collaborative Filtering

In. memory-based algorithms approach the
collaborative filtering is perform by considering the complete
database. As described by Breese et. al [9],1t finds the users
those who are similar to active user (i.e. the users we want to
make predictions for), and it uses their preferences to forecast
ratings for the current user. For making predictions memory-
based algorithms uses the data (users, services and QoS
data)stored in memory. Top-N recommendation is to
recommend a number of N top Web services; this will be to a
specific user of interest. Analyze Top N recommendation
[10] techniques to correlate the user service matrix dissimilar
users or services and use them to calculate the
recommendations.

11 SYSTEM ARCHITECTURE

The explosion of web services on the internet brings
new challenges in service discovery and selection.
Particularly, the demand for efficient quality of service
evaluation is becoming urgently strong. To address this issue,
we define a formal privacy preserving formal location-based
prediction framework which allows an efficient global
optimization scheme and then exploit different baseline
estimate components to improve prediction performance.

With respect to the collaborative QoS prediction, the
commonly used methods are neighborhood based
collaborative filtering and matrix factorization. The
advantages of location based CF are simplicity, justifiability
and efficiency. By the same token, users of cloud services
certainly hope to get reasonable explanation for the QoS
predictions provided by a service recommendation system.

The dataset which contains the user data is passed
for collaborative filtering. QoS predictions are made from
these aggregations, through which recommendations are
generated for the active user. For example, there are four
users U1, U2, U3, U4 in our system and U1 is requesting for
recommendations.
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Figure 2: System Architecture
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IV FRAMEWORK OF QOS-AWARE WEB SERVICE
RECOMMENDATION

In this section, an online service searching scenario
to show the research problem of this paper. The basic idea of
this approach is that users closely located with each other are
more likely to have similar service experience than those who
live far away from each other. We employ the idea of user-
collaboration in our web service recommender system.
A.Location Information Representation, Acquisition and
Processing

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

We represent a users location as a [IP Address],
[Country], [IP No.], [AS], [Latitude], [Longitude]. 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.
b)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 GeoL.ite Autonomous System Num
c)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.
d)Similar Neighbor Selection:

This selection is a very important step of CF. In
conventional type of user-based CF, the Top-N similar
neighbor selection algorithm is used invariably [16]. It selects
N users that are most similar to the active user as neighbors.
Similarly, the Top-N similar neighbor selection algorithm can
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be employed to select N Web services that are most similar to
the target Web service.
B.User-Based QoS Value Prediction:

Authors presented a user-based location-aware CF
method, named as ULACF[16]. Traditional user-based
CF[17] methods wusually 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.

C.ltem-Based QoS Value Prediction:
Author says, an item-based location aware CF method
[17][18][19].

V RESULT ANALYSIS
A. Result 1
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Figure 3: Obtain MAD and User Region Center Form
Figure 1 shows the homepage the implementation
which contains the list of all IP addresses specified in the
dataset.
Result 2:
Figure 5 shows the form for computing correlation
and recommendations for the asked service. Here user has to
enter
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the service ID of the service for which he/she wants the
recommendation.
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Figure 4: Recommendation Form
B. Performance Analysis
The comparison of prediction time of web service
recommendation with previous methods such as IPCC,
UPCC, WSRec, LORec and Region-KNN is done in this
experiment.
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Figure 5: Response Time Comparison of Various
Algorithms
The comparison for response time required is shown
below in Figure 3 in graphical format. As shown in above
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figure, the response time of proposed system is compared
with different algorithms like IPCC(which employed only
item based similarity computation), UPCC(which involved
only user based comparisons) and other methods like WSRec,
Region-KNN, LoREC.
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Figure 6: Throughput Time Comparisons of Various
Algorithms
As shown in figure 7, we have compared different
methods for prediction time of throughput with our proposed
techniques. It takes about 0.0855 sec to fetch the most similar
items based upon the throughput from the file which contains
the computed similarity coefficients of all pairs of services.

VI CONCLUSION

The association of the various QoS properties is
important for the achievement of web service
recommendation. Due to the increasing demand of Web
services and the latency of dynamic service selection and
integration, some service providers now provide parallel
services. QoS is one of the modified factor to differentiate
functionally similar Web services. The basic idea behind this
work is to predict web service QoS values and recommend
the best web service to active user best on past QoS records
of web service. In this work we combine prediction results
generated from user region and service region which gives
better results than existing techniques. We also noticed that
combination result is much better than the result from either
one method of prediction from user region or the one
generated from service region. Our future work includes the
correlation between different QoS properties and detecting
the users those who are contain inaccurate QoS information.
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