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Abstract—In the fastidious ever-growing world of businesses when the constant exchange of
web services takes place, it is important for the buyer and seller to understand where their web
service stands. A web service is a set of open protocols and standards that allow data to be
exchanged between different applications or systems. Web services can be used by software
programs written in a variety of programming languages and running on a variety of platforms
to exchange data via computer networks such as the Internet in a similar way to inter-process
communication on a single computer. The QWS dataset version Il is collected from literature
which is not having class level. The dataset is normalized using min-max method and employ
stratified cross validation to make different fold systems. To make the different web services
into different class levels, we employ two different clustering algorithm viz. K-means, and Fuzzy
C-means to cluster different web services into different clusters. To test the different class level
simulated by clustering algorithm, machine learning algorithm is employed i.e. Genetic
Programming (GP), and Random Forest to test the efficacy of the model. From our
experimental results, it is observed that C-Fuzzy means clustering provided the best clustering
level compared to other techniques. The average accuracy of 99.23% provided by Genetic
programming.

Index Terms— Fuzzy C-means, K-means, Genetic Programming, Random Forest, Intelligent
Techniques, Web Services.

|. INTRODUCTION

The inter connectivity of thousands of different types of computers across the globe that are a component of
various networks is known as the Internet. A web service is a defined technique for message transmission
between client and server applications on the World Wide Web. A software module called a web service is
designed to perform a certain set of tasks. In cloud computing, web services are searchable and dynamically
typed across a network. The client that called the web service would be able to receive functionality from the
web service [1].

A web service is a collection of open protocols and standards that enable the transfer of data across various
software programs or computer systems. In a manner similar to inter-process communication on a single
computer, web services may be used by software programs created in a range of programming languages and
running on a variety of platforms to exchange data across computer networks like the Internet.

A web service is any piece of software, application, or cloud technology that connects to the internet and
exchanges data messages, typically in the form of XML (Extensible Markup Language), using defined web
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protocols (HTTP or HTTPS). Web services have the advantage of allowing programs developed in different
languages to connect with one another by exchanging data over a web service between clients and servers. A
client invokes a web service by submitting an XML request, which the service responds with an XML response.

A. The functions of web services are

e It can be accessed through intranet networks or the internet due to the standardized XML message
protocol.

e Independent of programming language or operating system.

e Itis self-describing when using the XML standard.

e ltiseasy to find using a location-based strategy.

The basic Components of Web Service are XML and HTTP is the most fundamental web services platform.

The following components are used by all typical web services:

A SOAP (Simple Object Access Protocol):

It is a message protocol that is independent of transport. Sending XML data in the form of SOAP Messages is
the foundation of SOAP. Each communication includes an XML document that serves as an attachment. Only
the XML document's structure, not its content, follows a pattern. The most advantageous aspect of Web services
and SOAP is that all communication is done via HTTP, the industry-standard web protocol [2].

B. UDDI (Universal Description, Discovery, and Integration)

UDDI [2] is a standard for specifying, publishing and discovering an online service provider. It offers a
specification that makes hosting data through web services easier. In order for a client application to find a
WSDL file and learn about the various activities that a web service performs, UDDI offers a repository where
WSDL files can be hosted. As a result, the UDDI, which functions as a database for all WSDL files, will be
completely accessible to the client application. The necessary data for the online service will be stored in the
UDDI register, just as a phone book would have a person's name, address, and contact information. So that a
client application can determine its location [3].

C. WSDL (Web Services Description Language)

A web service cannot be used if it cannot be located. The web service's location should be known to the client
making the web service request. In order to invoke the relevant web service, the client application must, second,
comprehend what the web service does. This is done using the WSDL, or Web services description language.
Another XML-based file that describes what the web service performs to the client application is the WSDL file.
Using the WSDL document, the client application will be able to comprehend where the web service is located
and how to access it [2].

In this paper, QWS version Il [4, 5] dataset is collected from literature which is not having any class labels. To
categorize the web service, it is propose to employ K-means and Fuzzy C-means clustering and followed by
machine learning algorithm to the accuracy of categorization.

The remainder of the paper is organized as follows. Section Il provides a concise discussion of the literature
survey. A summary of machine learning approaches is given in Section Ill, and a thorough explanation of the
results and discussions is given in Section IV. Finally, the paper's conclusion is presented in section V.

Il LITERATURE SURVEY

To evaluate and categorize web services, a variety of machine learning approaches have frequently been used.
As a WSDL component is crucial for classifying web services, Fokaefs et al. [6] used the VTracker tool to
represent a WSDL file by calculating the minimum distance between two trees. From this, they discovered that
the simulation results' accuracy varied significantly if the WSDL component was removed from the data. The
tool's output is the proportion of XML models for two WSDL interfaces that have had items added, altered, or
removed.

Romano et al. [7] use of a comparable technique known as WSDLDiff allows for the analysis of WSDL interface
evolution without the need for manual inspection of the XML modifications. In order to extract highly
dominating attributes using feature selection, Aversano et al. [8] compare the associations between the various
attributes and also extract the relationship among attributes by employing machine learning. To represent various
UML diagrams, Xing et al. [9] chose UMLDiIff and discovered the function of each attribute in the classification
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of web services. In order to categorize and forecast whether web services will be suitable for a given purpose,
Zarras et al. [10] concentrated on Amazon Web services' progress in the real world.

A number of SOA anti patterns were discovered by Kral et al. [11] and several anti-patterns in SOA architecture
were also addressed. Recently, Moha et al. [12] used the SODA for SCA systems rule-based approach (Service
Component Architecture). Later, this technique was expanded for Web service ant patterns in SODA by Palma et
al. [13]. Using a set of WSDL metrics, W is used to specify/identify the primary symptoms that characterize an
anti-pattern. WSDL is a declarative rule specification based on a domain specific language (DSL). Based on
eight bad practises in the development of WSDL for Web services, Rodriguez et al. [13] and Mateos et al. [14]
presented a set of principles for service providers to follow when producing WSDLs. Recently, Ouni et al. [15]
proposed a search-based approach based on standard GP to find regularities, from examples of Web service anti
patterns, to be translated into detection rules. Most recently, Mohanty et al.[2, 16,17] employed neural networks,
decision Tree and support Vector Machine to classify the To uncover regularities from samples of Web service
anti patterns to be converted into detection rules, Ouni et al. [14] recently presented a search-based technique
based on conventional GP. Most recently, Mohanty et al. [2, 16, 17] suggested data envelopment analysis and
FMADMA to categorize various web services based on the quality of web services. They also used neural
networks, decision trees, and support vector machines to identify the quality of web services. Quality of web
services and also proposed data envelopment analysis and FMADMA to classify different web services based on
the quality of web services.

I1l. METHODOLOGY

In this paper, two different types of clustering method used to classify the web services into different class labels
based on their quality attributes.

@) K-means algorithm

(i) Fuzzy C-means Clustering Algorithm

A. K-means Algorithm

K-Means Clustering [19, 20, 21] is an Unsupervised Learning algorithm, which groups the unlabeled dataset into
different clusters. Here, K specifies how many pre-defined clusters must be produced as part of the process; for
example, if K=2, there will be two clusters, if K=3, there will be three clusters, and so on. It gives us the ability
to divide the data into various groups and provides a practical method for automatically identifying the groups in
the unlabeled dataset without the need for any training. Each cluster has a centroid assigned to it because the
algorithm is centroid-based. This algorithm's primary goal is to reduce the total distances between each data point
and its corresponding clusters. The algorithm takes the unlabeled dataset as input, divides the dataset into k-
number of clusters, and repeats the process until it does not find the best clusters. The value of k should be
predetermined in this algorithm.
The two major functions of the k-means clustering algorithm are:

e Through an iterative approach, chooses the best value for K Centre points or centroids.

e Each data point is assigned to the nearest k-center. A cluster is formed by the data points that are close

to a specific k-center.

Hence each cluster has data points with some commonalities, and it is away from other clusters.

B. Fuzzy C means Clustering

It is an approach for unsupervised learning that enables us to create a fuzzy division out of data. The approach is
dependent on a parameter m that represents how fuzzy the result is. The classes will become muddled for high
values of m, and all items will tend to belong to all clusters. The parameter m affects how the optimization
problem is solved. In other words, different m choices will likely result in distinct partitions. An illustrating the
impact of the m selection determined by the fuzzy c-means is provided below.

Instead of belonging to only one cluster as is the case with classic k-means, each point has a probability of being a
part of each cluster with fuzzy clustering. In Fuzzy-C Means clustering, each point has a weighting associated
with a specific cluster, as a result, a point is not so much "in a cluster” as it is "affiliated" with the cluster, with the
degree of association being decided by the inverse distance to the cluster's centre. It is actually performing more
work than K means, fuzzy-C means will typically run more slowly. With each cluster, each point is reviewed, and
each evaluation involves more processes. K-Means only needs to calculate distance, whereas fuzzy c-Means needs
to perform a full inverse-distance weighting.

The process flow of fuzzy c-means is enumerated below:
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Assume that there are k fixed clusters.

2. Initialization: Calculate the likelihood that each data point x; belongs to a specific cluster k using a
random initialization of the k-means p and the formula P (point x; has label k|x;, k).

3. Iteration: Recalculate the cluster centroid as the weighted centroid given the membership probability of

all the data points. X

inek X; * P(.Uk|xi)b
inek P (uy|x;)?

4. Termination: Continue iterating until convergence or up to the amount of iterations that the user
specifies (the iteration may be trapped at some local maxima or minima).

w(n+1) = 1)

C. Genetic Programming

GP is an extension of GA that does away with the requirement that the chromosome representing the individual
be a binary string of a specific length. In GP, the chromosome functions as a kind of programs that is performed
to provide the desired consequences. A binary tree with operators and operands is one of the most basic types of
programs, and it works for this application. As a result, each answer can be evaluated as an algebraic expression.
According to Koza [23] "GP can be used to solve a huge number of seemingly dissimilar issues from many
different domains,"” which is a startling and counterintuitive result.
The executional steps of Genetic Programming are as follows:
1. Generating an initial population (generation 0) of distinct computer programs at random from the
available terminals and functions.
2. The next sub-steps (referred to as a generation) should be applied to the population iteratively until the
termination criterion is met.
¢ Run each program in the population and determine (explicitly or implicitly) its fitness using the fitness
measure for the problem.
e With reselection permitted, choose one or more individual program(s) from the population with a
probability depending on fitness to take part in the genetic processes in (c).
e By conducting the following genetic operations with the following probability, create new individual
program for the population:
e Copy the individual program you have chosen to the new population. - Crossover: By recombining two
selected program ' randomly chosen portions, produce new offspring program(s) for the new population.
- Mutation: By randomly changing a randomly selected portion of one selected program, one new
offspring program will be produced for the new population. - Operations that change the architecture.
3. The best program in the population created throughout the run (the best-so-far person) is collected and
declared as the run's outcome once the termination requirement has been met. If the test runs well, the
outcome might be a solution or a close approximation to the issue.

D. Random Forest

Random Forests are an example of Ensemble methods that are used for the purpose of classification. If numerous
decision trees are used with a random selection of attributes, the result is a random forest, which improves the
performance of a great example. At each split, a fresh random sample from the features is selected for each tree
[24, 25, 26]. For instance, the dataset can have a highly potent feature. Most trees would use that feature as the
top split when using bagged trees. A group of trees with a lot of correlation would come from this. Such highly
connected numbers cannot be averaged, hence the gap will remain. Random forests attempt to build trees by
randomly deleting features from each split, which is advantageous [26].

Algorithm

Decision Tree (T, P, y)

. Initialize a new Decision Tree(DT) with a single root node

o If one of the stopping criteria is met, then, label the root node in DT as a leaf with most prominent value
of ‘y”in DT.

o ELSE, search for a distinct function (f(p)) at the input attributes value such that splitting DT according
to f(p)” outcomes(vi, Va, Vs,......Vy) gains the best splitting metric with highest accuracy.

° If best splitting metric>"threshold” THEN label‘t” with f(p).
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° FOR each outcome v; of f(p)

o] Set ST1=DecisionTree (BS(f(p))= (yDT, P,y)

Where BS=best splitting metric.

. Connect the root of t’pt to sub tree ‘e’ with an edge that is labelled as v;

. END FOR

o ELSE mark the root node in T as a leaf with the most common value of “y’ in S as label
. END IF

. END IF

. RETURN DT

T= Training data, p= prediction, y= class label

IV. RESULTS AND DISCUSSIONS

In this paper, Quality Web Services (QWS) dataset of version Il is collected from literature. The dataset is
having 10 attributes viz. Response time, Availability, Throughput, Successability, Reliability, Compliances, Best
Practices, Latency, and Documentation and having no class labels [18]. The data set is having two thousand five
hundred seven samples of records. Firstly, the dataset is normalized by using min- max method so that all data
point within the range of 0 andl. As dataset is to be categorized into different labels as to find out the web
services rank demanded by different software organizations claimed to be a particular category, two different
clustering techniques are employed viz. K-means algorithm and Fuzzy C-means algorithm to the web services to
categories into four labels. By employing Fuzzy C-means algorithm, it is observed that there are 766 samples of
web services categorized into cluster level “1°, 706 samples of web services in category ‘2’ followed by 549 in
category ‘3’ and 485 web services comes under the category of class ‘4’. But in case of K-means algorithm, it is
also observed that there are 369 samples of web services categorized into “1°, 466 samples of dataset categorized
into category ‘2’, followed by 548 samples of web services in category ‘3’ and finally 1123 web services
categorized into category ‘4’.

As it is found that the two algorithm categorized the web services into different clusters, it is required to test their
accuracy level by employing machine learning techniques. Accordingly, two machine learning techniques are
employed i.e. Random Forest and Genetic Programming to find out the accuracy of different clusters based on
their quality attributes.

TABLE |. WEB SERVICE RANKING BY FUZZY C-MEANS ALGORITHM AND ITS ACCURACY BY MACHINE LEARNING TECHNIQUES

Sl. No Techniques Fold-1 | Fold- Fold-3 | Fold- Fold- Fold- Fold- Fold- Fold- Fold- Average
(%) 2(%) | (%) 4(%) | 5(%) | 6(%) | 7(%) | 8(%) |9(%) | 10 (%)
(%)
1 GP 99.9 99 98.9 99 98.9 99.9 98 99.9 98.9 98.9 99.23
2 Random 97 96.8 97 97 98 97.7 97.8 97 97 98 97.33
Forest

It is learned from Table 1 that folds 1 and 6 had 99.9% accuracy for clustering. The accuracy of the folds 2, 4,
and 8 is 99%, while the accuracy of the folds 3, 5, 9, and 10 is 98.9%, on average of 99.23% for results derived
from GP simulation. The accuracy of folds 1, 3, 4, 8 and 9 is observed to be 97% using Random Forest. The
accuracy of folds 5 and 6 is 98%. The accuracy for fold 2 is 96.8 %, fold 6 is 97.7%, fold 7 is 97.8%, and the
average accuracy is 97.33%.

TABLE Il. WEB SERVICE RANKING BY K-MEANS ALGORITHM AND ITS ACCURACY BY MACHINE LEARNING TECHNIQUES

SI.No Techniques Fold- Fold- Fold-3 | Fold-4 | Fold-5 | Fold-6 | Fold-7 | Fold- Fold-9 | Fold- Average
1%) | 2(%) | (%) (%) (%) (%) (%) 8(%) | (%) 10 (%) | (%)

1 GP 99.9 99 98.9 99 98 99 99.9 97 99 98 99

2 Random 97.3 94.8 95.6 97 95.4 97.7 96.8 97 96.5 95.9 97.33
Forest

Web services are ranked using K-means clustering in Table 2, the GP and Random Forest are used to test the
precision of the rankings. From the simulated study, it can be seen that folds 1 and 7 have accuracy of 99.9%,
while folds 2, 4, 6, and 9 have accuracy of 99%. The maximum accuracy was determined to be 99.9% for folds 1
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and 7, which is pretty, incredibly good. Similar to the random forest method, the average accuracy of web
services ranking were determined to be 97.33%, which is also quite good.

Oveally, it is observed that both techniques are predicted high degree of accuracy as far as web service is
concerned.

V CONCLUSION

With the ubiquitous use of web services, it is crucial to track down and evaluate their quality. The machine
learning models (techniques) that have been employed to categorize these web services into four main categories
based on quality criteria. In this paper, fuzzy C-means and K-means algorithms were used to rank various web
services into four clusters. The QWS dataset has been subjected to analysis using a number of supervised
models, including A, B, C, and D. Later, the accuracy label of the clustering approaches used by the K-means
and Fuzzy C-means algorithms was checked the accuracies using Random Forest and Genetic Programming. In
this paper, the scikit learn library has been used for simulation. While Random Forest approach has done quite
well, genetic programming has performed exceptionally well.

To increase the mannequin's accuracy, feature scaling and hyper parameter tuning have been used. The phases of
machine learning modelling, from data splitting into train and test sets (used exclusively for hyper parameter
tuning), through computation of average accuracies for all 10 folds presented. Finally, we draw the conclusion
that, given the collection of quality attributes, this study might be utilized to classify a new web service into one
of the four major classifications.
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