
Int J Data Sci Anal (2016) 2:61–74
DOI 10.1007/s41060-016-0026-x

REGULAR PAPER

Semantics-based Web service classification using morphological
analysis and ensemble learning techniques

S. Sowmya Kamath1 · V. S. Ananthanarayana1

Received: 24 May 2016 / Accepted: 22 September 2016 / Published online: 18 October 2016
© Springer International Publishing Switzerland 2016

Abstract With the emergence of the Programmable Web
paradigm, the World Wide Web is evolving into a Web
of Services, where data and services can be effectively
reused across applications. Given the wide diversity and
scale of published Web services, the problem of service
discovery is a big challenge for service-based application
development. This is further compounded by the limited
availability of intelligent categorization and service manage-
ment frameworks. In this paper, an approach that extends
service similarity analysis by using morphological analysis
andmachine learning techniques for capturing the functional
semantics of real-world Web services for facilitating effec-
tive categorization is presented. To capture the functional
diversity of the services, different feature vector selection
techniques are used to represent a service in vector space,
with the aim of finding the optimal set of features. Using
these feature vector models, services are classified as per
their domain, using ensemble machine learning methods.
Experiments were performed to validate the classification
accuracy with respect to the various service feature vector
models designed, and the results emphasize the effectiveness
of the proposed approach.
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1 Introduction

Service-oriented computing (SOC) is a distributed comput-
ing paradigm that employs fundamental computing entities
called services, as constituent elements in developing com-
plex business systems [29]. As per SOC concepts, a business
landscape comprised of service-centric applications, called
service-oriented architecture (SOA), allows reorganization
of business applications and infrastructure as a set of reusable
services. In domains such as e-commerce, e-government and
B2B,1 Web services are the most popular way of achieving
service orientation. Web services use the XML2 standard for
encapsulating the data to be exchanged between diverse busi-
ness platforms. Further, XML-based protocols are also used
for data transfer (SOAP3) and for describing the service capa-
bilities (WSDL4). In business ecosystems, most applications
are complex, which means that full service orientation can
help in designing newapplications faster, using existing func-
tionality exposed as services [1]. Hence, the main advantage
of a service-oriented application development is that services
can be exposed as discoverable software components, thus
promoting reusability.

For service-based application development, a designer
either creates new services or tries to find appropriate exist-
ing services for performing the individual tasks as per a
defined business workflow. The process of finding existing
services, capable of performing a particular task, is called ser-
vice discovery [14]. Despite considerable research effort in
simplifying this process, service discovery is still challeng-
ing due to primarily keyword-based search for appropriate

1 Business-to-Business Systems.
2 Extensible Markup Language.
3 Simple Object Access Protocol.
4 Web Service Description Language.
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services. A unified service registry such as the Universal
Business Registry is no longer available, and Web services
are currently available in some service portals such as Pro-
grammableWeb and BioCatalogue or directly from service
providers’ websites [21]. These service portals mostly pro-
vide keyword searching and manual categorization, due to
which finding the most relevant services for a given task
is still challenging. There may be several services already
developed by third-party developers which may be very well
suited for the given task that did not even appear in the search
results due to these issues.

The problem of adding semantics and machine under-
standing to Web service capabilities to support automated
dynamic discovery, matchmaking, composition and recom-
mendation [9] has remained an area of active research
interest. The primary motivation for semanticizing data and
services on the Web is to facilitate seamless interoperation
and knowledge discovery over the Web [2,12]. However, at
present, semantically enhanced published services are very
few and the task of adding semantics to those lacking may
prove to be quite a monumental job, in terms of time and
cost. Therefore, alternate methods that are not dependent on
the immediate availability of semantic markup, but can still
overcome the problems associated with keyword-based ser-
vice discovery, are the need of the day.

In this paper, we use different feature vectors selection
techniques to represent a service document in vector space,
with the aim of finding the most relevant set of features for
a particular service. We proposed a novel process for effec-
tively extracting the structural features of a service from its
service description for the purpose of tag generation and tag-
based service clustering5. We extended this mechanism for
the extraction and formal representation of the functional
semantics of services, for use in the process of multiple fea-
ture vector generation. Using the obtained feature vectors,
services available in a repository can be categorized as per
their domain. Various machine learning algorithms such as
maximum entropy models, Näive Bayes and Support Vec-
tor Machines (SVM) have been widely used to automatically
solve classification problems. Ensemblemethods ofmachine
learning have been proposed that can put together multiple
base estimators to obtain better classification accuracy than
the individual base algorithms by themselves. Experiments
have been performed to validate the accuracy of classifica-
tion with respect to the various feature vector generation
approaches, and each of the classifiers used and the results
are presented. The main contributions of this paper are sum-
marized below:

5 Proposed in an earlier publication ‘Similarity analysis of service
descriptions for efficient Web service discovery’ published in the pro-
ceedings of IEEE DSAA’2014. The current work uses an extended
version of the technique proposed in the DSAA paper.

– An approach that extends the technique proposed in [16]
for extracting the functional semantics of Web services
from their service descriptions for generation of multiple
service feature vectors is presented.

– Hybrid feature selection techniques that use the extracted
functional semantics for effectively capturing the rep-
resentative features of each individual service are dis-
cussed.

– Ensemble machine learning algorithms are used to clas-
sify services in domain-specific categories.

– Experimental validation of the classification accuracy
with respect to the various feature vector generation
approaches and classifier ensembles.

The remainder of this paper is organized as follows. In
Sect. 2,we discuss relevant literature in the area of semantics-
based Web service discovery and classification. Section 3
presents a detailed discussion on the various processes and
components of the proposed approach. In Sect. 4, we present
the experimental evaluation of the proposed methodology
and observed results.We describe the relevance of techniques
discussed in this paper to other data science applications
dealing with large-scale unstructured/semi-structured data in
Sect. 5, followed by conclusion and references.

2 Related work

Many researchers have proposed ideas for addressing the
issues associated with the large volume of services and
their functional diversity through automated categorization
techniques. Many of the initial approaches focused on first
classifying service descriptions to a particular concept,which
was then used to generate annotations for the service.Oldham
et al. [27] developed a framework called Meteor-S Web Ser-
vice Annotation Framework (MWSAF) that employs graph
matching techniques for categorizingWSDL documents into
classes. Each WSDL is first represented as a graph using
its XML Document Object Model (DOM) structure. This
formal representation is then compared with ontology con-
cepts relevant to the document category, based on which
services are classified. Patil et al. [30] proposed to con-
vert the syntactic definitions of Web services to semantic
concepts through annotation and classified various services
into classes based on a semantic concept mapping technique.
However, the authors used only 24 services to evaluate their
technique. Heß et al. [13] proposed a service annotation tool
called Assam that uses the syntactic service descriptions and
machine learning techniques such as SVM and Näive Bayes
Classifier to classify services. They used a small dataset of
391 services and achieved an accuracy of 60%.

Other works proposed approaches for adding semantics
to syntactic service descriptions. Corella and Castells [6]
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proposed an approach for semantically classifying services
based on a metric called Normal Similarity Score (NSS).
NSS computes the similarity between a set of service-
specific terms and a limited set of predefined categories.
Saha et al. [32] used a two-stage approach where the ser-
vices are represented as tensors using a Tensor SpaceModel,
and then, rough set-based classification scheme is applied for
categorizing the services. The rough sets are used to combine
individual service tensors’ information during classification.

Yang and Zhou [40] performed the process of semi-
automatic Web service classification after representing the
extracted WSDL elements in a digital vector form and then
using C4.5 classifiers to test the accuracy for single ele-
ment and multiple element-based classification. Own and
Yahyaoui [28] proposed a rough set-based classification tech-
nique for the QWSWeb service dataset, which also provides
a service’s Quality of Service (QoS) values. They used the
concepts of rough set theory to reduce the QoS attribute set
of Web services to a lesser and more relevant dimension,
after which services were mapped to predefined categories.
Varguez-Moo et al. [36] used Näive Bayes classifier for per-
forming classification of SAWSDL service descriptions and
reported good results by evaluating the performance with
respect to QoS parameters.

The problems associated with manual categorization of
Web services can be dealt by automating the process by
using unsupervised classification and supervised clustering
methods.Various unsupervisedmachine learning approaches
such as k-means, fuzzy c-mean, expectation maximization
clustering, quality threshold clustering, kernel k-mean clus-
tering and density-based clustering have been proposed and
successfully applied to Web service clustering. Liu and
Wong [23] used text mining techniques to generate a repre-
sentative feature vector for a set of services and then clustered
the documents based on similarity computed using a Grand
similarity measure. They used Normalized Google Distance
(NGD) [5] to compute this similarity. In our earlier work
[16], we proposed a crawler-based system for gathering ser-
vice descriptions available on theWeb for building a scalable
service repository. Similarity analysis techniques were used
for extracting service features and automatically generate rel-
evant tags for each service. These tags and the pair-wise
service similarity values were used for clustering services
using hierarchical clustering, and for optimizing time and
precision of service discovery.

Crasso et al. [7] used a query-by-example approach
for recommending services for discovery. They combined
machine learning and text mining approaches to automat-
ically classify services using their semantic descriptions.
Katakis et al. [17] combined both interface details and the
semantic annotation ofOWL-S6 service advertisements. This

6 Web Ontology Language for Services.

extended feature vector was given as input to Näive Bayes
classifier. Wang et al. [37] used a hierarchical classification
as per the UNSPSC taxonomy to automatically categorize
services based on the captured domain-specific terms. They
used Support Vector Machines to classify the documents, by
treating the UNSPSC taxonomy as a multi-level tree, where
each of non-leaf nodes (parent class) corresponds to a sub-
classification system.

In many of these approaches, we observed that the inher-
ent semantic information that can be captured from a service
description was neglected. Service descriptions are primar-
ily XML artifacts with natural language element names and
service providers often provide a natural language docu-
mentation of a service’s capabilities. To capture the inherent
domain-specific terms of a service document for clustering,
models such as Vector Space Model (VSM) [34] and Tensor
Space Model (TSM) [22] that use document-specific feature
vectors for conducting the clustering process have been used
[7,39]. However, choosing only those features that best rep-
resent the document’s domain is critical for attaining good
accuracy and best performance time-wise. To this end, tech-
niques such as feature reduction and feature selection can
be used for effectively identifying the most relevant and
smallest dimension feature set for a given document. The
proposed methodology uses a hybrid approach where the
merits of multiple feature vectors are analyzed to determine
the best possible feature set, for performing service classifi-
cation. The performance of basemachine learning algorithms
against that of ensemble classifiers is also compared.

3 Proposed methodology

The proposed approach consists of three major stages—(1)
Web Service Functional Semantics Extraction, (2) Web Ser-
vice FeatureModeling and (3)Web Service Classification. In
the first phase, we use the preliminary methods described in
our work [16] for preprocessing the service description files
using natural language processing (NLP) and dynamic pro-
gramming techniques. These processes have been described
in greater detail in Sect. 3.1. In Sect. 3.2, we describe the
process of featuremodeling to capture the service functional-
ities in detail. The concept of feature reduction and semantics
is also used to identify and capture the most relevant features
for each service. Finally, the process of service classification
with machine learning ensembles using the various service
feature vector models is discussed in Sect. 3.3.

3.1 Web service functional semantics extraction

3.1.1 WSDL parsing and element extraction

The first phase of the proposed approach deals with the
extraction of the functional semantics of each service, which
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is contained within its service description. The WSDL ser-
vice descriptions provided in the service dataset OWL-S
service retrieval test collection (OWL-S TC4) were used
for the experiments. For every service in the dataset, the
WSDL DOM tree is parsed to extract all its component
elements. Since each WSDL has some common elements
such as the XML tag structure and namespace declarations,
these are automatically removed by using a regular expres-
sion and pattern matching. The opening and closing tags of
each element are also removed, and the phrases that are left
over after this processing are the natural language names of
the WSDL elements such as types, input and output mes-
sages, operations and portTypes. The service name and the
documentation is also captured from the WSDL file. For
example, for the sample WSDL for the service ‘StockQuote’
provided by W3C,7 the input/output messages are named
as ‘GetLastTradePriceInput’ & ‘GetLastTradePriceOutput’
and the corresponding operation name is ‘GetLastTrade-
Price.’ Many datatypes are provided, one of which is named
as ‘TradePriceRequest.’ During element name extraction,
these are extracted after parsing and are used for term token
generation.

3.1.2 Term token generation

OnceWSDLelement names are obtained, these are processed
further to extract term tokens from each element. For each
of the natural language phrases extracted, we need to deter-
mine the splitting positions in order to obtain the individual
words. It is a common practice to name the service elements
are per standard naming conventions, with an emphasis on
the functionality of the service element. Hence, standard pro-
grammatic naming conventions, such as combining multiple
words and using camel case/pascal case to distinguish the
individualwords, are commonlyusedbymost service design-
ers. For correctly capturing the name of each service element,
certain rules referred to as token generation rules are defined

Case 1: Standard naming conventions were followed.

Rule 1: term tokens are generated by considering
capital letters as the start of a new token.

Rule 2: term tokens are generated by considering
special characters as token separators.

Rule 3: Elements containing words with contigu-
ous capital letters are considered as a single
token, as these mostly represent acronyms
(e.g., ‘SMS,’ ‘SSN’ and ‘ISBN’).

Case 2: Standard naming conventions have not been fol-
lowed. If no capital letters or special characters
mark the beginning of a new word in the element

7 http://www.w3.org/TR/wsdl.

name, proper splitting positions cannot be found.
If these are used as features, they will result in
incorrect similarity values. Algorithm 2 is used to
correctly extract terms from such element names.

Algorithm 1WSDL element extraction and term token gen-
eration process

1: procedure TokenGeneration(listofWSDLs)
2: Parse WSDL of service S and extract element names.
3: listo f Elementso f S ← element names
4: listo f T okens ← ∅
5: for each name_phrase np in listo f Elementso f S do
6: if camel-casing/pascal-casing, etc. then
7: Split into tokens as per rule (1)
8: if special characters then
9: Split into tokens as per rule (2)
10: if contiguous capital letters then
11: Split into tokens as per rule (3)
12: end if
13: end if
14: else
15: Further process name_phrase � as per

Algorithm 2
16: end if
17: return list of generated tokens.
18: end for
19: end procedure

For finding the correct splitting positions for WSDL ele-
ment names and obtaining the constituent terms, the element
names are processed as shown in Algorithm 1. Once all
the term tokens are extracted, any stop words are filtered
out. For example, the name of the service ‘Academic-
degreeScholarship’ is a feature and will result in the term
tokens ‘academic,’ ‘degree’ and ‘scholarship.’ Similarly, the
service’s operations are also considered as a feature, so after
splitting, an operation named ‘getAcademic-degreeType,’
will result in ‘get,’ ‘academic,’ ‘degree’ and ‘type.’ Finally,
stop words such as ‘get,’ ‘type’ are discarded.

During preprocessing, we found that standard naming
conventions were not followed while naming the elements
of several service descriptions in the dataset. For example,
the service ‘Citycountryaccommodation’ does not have any
camel-case representation in its name and element names. It
is then impossible to determine the correct splitting positions
using rules (1) through (3). If such unkempt element name
are considered as a single token, then the semantic related-
ness between service terms cannot be calculated, which will
adversely affect classification accuracy. Hence, to generate
the correct tokens from these types of names, a separate pro-
cedure has to be followed. For the given example, the term
needs to be split into the tokens ‘city,’ ‘country’ and ‘accom-
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modation.’ For this, a dynamic programming approach was
designed, to correctly select the splitting positions. This
exploits the concept of relative word frequencies based on
Zipf’s law [26], to identify valid English words.

Algorithm2 shows the approach used for determining cor-
rect splitting positions for badly named WSDL elements.
According to Zipf’s law, ‘the probability of encountering
the rth most common word in the English language is given
roughly by P(r) = 0.1

r for r up to approximately 1000.’ As
Zipf’s Law does not apply to low frequency words, the prob-
ability of a word of rank r in a dictionary of N words sorted
by their relative word frequencies is given by 1

r ·log N . This is
used in the dynamic programming approach, for finding the
word splitting positions for badly named service elements.

Algorithm 2 Term token generation from badly named
WSDL elements
Input:

List of badly named WSDL elements L
D = custom dictionary consisting of words successfully
extracted from the service dataset (sorted by their relative
frequencies).

Output: term-list
1: term-list = φ

2: for (each badly named element in the list) do
3: string str = element-name
4: start-index = 0
5: end-index = 0
6: for i = (str.length − 1) till i=0 do
7: end-index = i � Start from the end of the

element-name string
8: term = splice(str , start-index, end-index) �

check if spliced text exists in D
9: Check in dictionary D for occurrence of term
10: if f ound = true then
11: Add term to term-list
12: start-index = i � Reset current position to end

of extracted term
13: i = (str.length − 1) � Find current length of

element-name string
14: end if
15: Decrement i by 1 � Start checking for next valid

term
16: end for
17: end for

After preprocessing all service descriptions as per Algo-
rithms 1 and 2, all possible service element names are
processed and term tokens are generated. Next, a stop word

removal is performed to remove common English words and
the Porter Stemmer was used to perform stemming on the
resultant terms to reduce the multiple derivatives of the same
word (e.g., ‘process,’ ‘processing,’ ‘processes,’ etc. are the
derivatives of the word ‘process.’ Stemming reduces all such
features to a single feature ‘process’). In addition to this,
words used commonly in the Web services domain referred
to as functionwords (e.g., ‘service,’ ‘input,’ ‘output,’ ‘request,’
‘response,’ ‘SOAP’ and ‘parameter’) are also filtered as they
contribute very little to the context of a service. After this,
a feature vector comprising of extracted terms is obtained
for each service feature considered. These individual service
term vectors together form the set of feature vectors for a
particular service.

3.2 Web service feature modeling

To capture both the interface level features and the con-
text level features of the service, multiple feature vector
approaches were employed. The feature vectors obtained
from each of these approaches are used for service classi-
fication, to comparatively evaluate their effectiveness. The
different approaches used to generate the five different ser-
vice vectors (SV) are described here:

1. From service name and documentation tags (SV1)
The terms obtained by applying algorithm 1 (Algorithm
2 also has to be applied, in case of badly named ser-
vice elements) on the service name and the contents of
<documentation> tag of theWSDL document, form the
feature vector model SV1 for each service. For each ser-
vice i, SV1 is of the form,

SV 1i = {t(i,1), t(i,2), . . . ., t(i,|T |)}

where, |T | is the total number of terms obtained from the
<documentation> tag of all services in the dataset.
To obtain the relative ranking of these features which
are highly relevant for a given service, the term fre-
quency/inverse document frequency (Tf–idf) technique
is applied. Tf–idf helps in computing the importance of
a particular term in a given service when compared to its
importance in other services in the dataset. Tf–idf values
are computed as per Eqs. (1) through (3).

T F(t) = Number of times term t appears in d
Total number of terms in d

(1)

I DF(t) = ln

(
Number of documents D

Number of documents with term t

)

(2)

T f −id f =
(
0.5 + t f

t fmax

)
· log

(
0.5 + D

d f

)
(3)
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Here, t f is the term frequency of a term t in the given
WSDLdocument d, t fmax is the highest frequency of any
term in the WSDL document d, d f is the frequency of
occurrence of the term t in other WSDL documents and
D is the total number ofWSDL documents in the dataset.
Using the computed values for each term, a Tf–idf matrix
is built to compute the relative importance of each term
word in the service document.

2. From input/output messages and operation names (SV2)
SV2 of each service is comprised of the terms suc-
cessfully extracted from the names of the <input> and
<output> message of the <portType> tag and also the
<operation> names. For each service i, its SV2 is of the
form

SV 2i = {u(i,1), u(i,2), . . . ., u(i,|U |)}

where |U | is the total number of terms obtained from the
different terms explained above, for all services in the
corpus. To obtain the relative ranking of these features
which are highly relevant for a given service, again, Tf–
idf technique is applied as discussed earlier.
After the generation of SV1 and SV2, a feature reduction
technique called Principal Component Analysis (PCA)
[38] is applied to reduce the dimension of the resultant
feature space (explained in Sect. 3.2.1). After PCA, the
reduced feature set obtained for both SV1 and SV2 are
used to generate SV3, SV4 and SV5.

3. Semantic SV1 (SV3)
For the generation of SV3, the reduced feature set of
SV1 is used. The extended service vector of SV1 is
obtained by using NLTK’s WordNet package to deter-
mine each term’s synsets and morphological variants
such as hyponyms and hypernyms (referred to as SV3
of each service).

4. Semantic SV2 (SV4)
SV4 is generated by a process similar to that of SV3, by
applying WordNet concepts to the terms in the reduced
SV2 (referred to as SV4 of each service).

5. Merging SV3 and SV4 (SV5)
Finally, the last service vector model uses all the features
of the service obtained from its various interface elements
after semantic analysis (SV3 and SV4), and uses this for
the classification (referred to as SV5 of each service).

3.2.1 Dimensionality reduction of SV1 and SV2 feature sets

The SV1 and SV2 feature list obtained for each service rep-
resents its multi-dimensional feature vector, i.e., each term
represents a dimension as indicated by the ranked Tf–idf
value of the term in the corpus considered [33]. However,
even for a small-sized service collection, the number of dis-
tinct terms obtained from all documents can result in several

hundred such terms or dimensions. Using all these terms as
features not only is computationally intensive, but can also
affect the accuracy of classification and ultimately, service
retrieval performance. Determining an optimal set of most
relevant terms that represent a service’s functionality to the
highest extent possible is thus very important. This can be
achieved by applying dimensionality reduction techniques
such as Singular Value Decomposition (SVD) [19] and PCA
[38], for deducing the optimal feature set for each service.
In this paper, we use the PCA technique for achieving a low-
dimensional feature vector for each service.

PCA is an applied linear algebra technique that uses an
iterative process of orthogonal transformations for identi-
fying the uncorrelated variables (principal components) of
possibly correlated variables from the original dataset [38].
Each orthogonal transformation is defined such that the first
set of uncorrelated variables (called the first principal com-
ponent) represents the highest diversity (variance) in the
considered dataset. The second principal component is the
one with the highest diversity possible, under the constraint
that it is orthogonal to the first principal component. The
principal components are orthogonal because they are the
eigenvectors of the covariance matrix, which is symmetric.
This process is continued and ultimately results in p principal
components for a d-dimensional term space, where p ≤ d.

The procedure followed for performing PCA on the
processed services is described next.

– For the given dataset, the d-dimensional mean vector is
computed as

X̄ = 1

n

n∑
i=1

(Xi ) (4)

– Then, the covariance values between each pair of dimen-
sions are computed and represented as the covariance
matrix. Covariance values between two dimensions X
and Y can be computed using Eq. (5) as below.

Cov(X,Y ) =
∑n

i=1(Xi − X̄)(Yi − Ȳ )

n − 1
(5)

where Xi are the set of terms in the any two dimensions
in the d-dimensional data, X̄ and Ȳ are the mean.

– The eigenvectors and corresponding eigenvalues are now
computed from the covariance matrix.

– Finally, the eigenvectors are ranked from highest to low-
est eigenvalue and the top k eigenvectors are chosen as
the most significant features.

For computing principal components, the covariance
matrix for the considered dataset is first computed, using
which the eigenvalues are calculated. Based on eigenvectors
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(principal components) obtained from the largest eigen-
values, we reconstruct the new data matrix with a lower
dimension. The optimum number of attributes was obtained
at a variance value of 0.95, and all attributes with the vari-
ance value less than this value were selected. Finally, the
reduced service feature vectors SV1 and SV2 were obtained.
After PCA, the reduced SV1 and SV2 are considered for the
generation of SV3, SV4 and SV5.

3.3 Web service classification

Web service classification is the process of automatically
categorizing a service to one or more predefined categories
based on its feature vectors and similarity [25]. Supervised
classification consists of two phases—training and classifi-
cation. During the training phase, a part of the categorized
document dataset (services) is taken, based on which the
classifier is trained to learn the classes. Then, during the
classification phase, this classifier deduces one or more cat-
egories for a new document with varied accuracy levels. As
service descriptions are natural language artifacts, there are
dependencies between the category of a Web service and its
description, in terms of the terminology chosen by the ser-
vice designer and the classifier uses this latent information
to categorize services into functionally similar groups with
certain accuracy.

As it is, the class prediction accuracy of a single classifier
is dependent on its ‘inductive bias’ and generalization error,
as different classifiers may pick different patterns in the input
data to make the classification [8]. The objective of using
ensemble learning techniques is to integrate the combined
predictions of different base machine learning classifiers, to
achieve a better model that can reduce the limitations of an
individual classifier. We analyzed the classification accuracy
with both based estimators such asMultinomial Näive Bayes
(MNB) and Support Vector Machines (SVM) and ensemble
methods such as Bagging Classifier, Random Forests Classi-
fier and AdaBoost Classifier on the service dataset. We used
the scikit-learn machine learning library for Python [31].

1. Näive Bayes [24] is a class of supervised classifiers
that apply Bayes’ theorem to given data, naively assum-
ing that the features are independent. Multinomial NB
(MNB) implements the Näive Bayes algorithm for
multinomially distributed data and is well suited for
classifying documents represented as word or frequency
vectors.

2. Support Vector Machine (SVM) [15] is a supervised
learning method that uses the concept of hyperplanes
for classifying high-dimensional data. They provide dif-
ferent kernel functions for use in the decision function,
which can be customized for different types of data.

Ensemble methods which differ based on the way the
predictions of the underlying individual machine learn-
ing algorithms used are combined. Two categories can be
identified—averaging (e.g., Bagging, Random Forests) and
boosting (e.g., AdaBoost, Gradient Tree Boosting). Three
different ensemble methods were used.

1. In the Bagging Classifier, each classifier in the ensem-
ble is trained on a random redistribution of the training
set [3]. That is, for training a classifier, N samples are
selected randomly with replacement as the training set,
from the original dataset of size N. Due to the random
selection, there may or may not be overlap between each
training sample, or some samples may even be left out
all together. This effectively means that each individual
classifier’s result is generated with a different random
sampling of the training set.

2. Random Forests [4] is an ensemble of multiple decision
trees. Each decision tree is constructed by using a random
subset of the training data, and each can vote for the most
popular class label during a classification problem, thus
making Random Forests a majority voting-based classi-
fier.

3. The AdaBoost [11] or Adaptive Boosting classifier per-
forms classificationbyfittingone classifier on theoriginal
dataset. In the later stages, additional copies of that clas-
sifier are applied to the same dataset, but the weights
of incorrectly classified instances are adjusted such that
subsequent classifiers focus more on difficult cases, so as
to achieve better accuracy.

In summary, in averaging methods, several base estima-
tors work independently and the final result is given as the
average of all estimators results. Boosting-based techniques
arrange their constituent classifiers sequentially such that the
ultimate result is the cumulative effect of each. Hence, we
use both base machine learning estimators (MNB and SVM)
and ensemble approaches (Bagging, Random Forests and
AdaBoost) for Web service classification, on the different
service feature vector models proposed, and analyze their
effect on classification accuracy.

4 Experimental evaluation and results

For experimental evaluation of the proposed approach for
service classification, we used OWL-S TC48 dataset. This
dataset provides a collection of 1076 Web service descrip-
tions from 9 different domains such as communication (58

8 OWL-S test collection, version 4. Available online at http://projects.
semwebcentral.org/projects/owls-tc/.
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services), economy (359 services), education (285 services),
food (34 services), geography (60 services),medical (73 ser-
vices), simulation (16 services), travel (165 services) and
weapon (40 services).

Table 1 provides details of the five different service vec-
tor models (described in Sect. 3.2) and their composition.
These service vectormodelswere used for classifying the ser-
vice dataset using various classifiers (MNB, SVM, Bagging,
RandomForests andAdaBoost Classifier). The classification
accuracywas determined using 10-fold cross-validation [20].
Here, the dataset is divided into 10 parts with a homogeneous
distribution of classes. Out of the 10 parts, one is retained for
testing while 9 parts were used for training. This process
is performed 10 times with different testing partitions each
time.

Differentmetricswere used to evaluate the service classifi-
cation performance. Each classifier’s accuracy is calculated
by taking the average of 10 accuracy scores for each fold
during cross-validation. The classification accuracy itself is
calculated as per Eq. (6). Precision gives the number of pos-
itive predictions of the classifier with respect to the total
number of positive class values predicted and is given by
Eq. (7). Recall (also called Sensitivity or the True Positive
(TP) rate) is a measure of the number of positive predictions
with respect to the number of positive class values in the test
data and is computed using Eq. (8). F-measure or F1-score
is a metric which is the harmonic mean of the precision and
recall performance of the classifier [given by Eq. (9)].

Accuracy = (TP + TN)

(TP + TN + FP + FN)
(6)

Precision = TP

(TP + FP)
(7)

Recall = TP

(TP + FN)
(8)

F-Measure = (2 ∗ Precision ∗ Recall)

(Precision + Recall)
(9)

The proposed feature vector schemes are comparatively
evaluated by using the above metrics. In addition, the ROC
curves for each classifier were plotted, and the area under the
curve (AUC) was observed as a measure for effectiveness of
each classifier. These results are discussed in the following
sections.

4.1 Effect of dimension reduction on classification
accuracy

The effect of dimensionality reduction on the service vec-
tors is evaluated by comparing the accuracy of classification
before and after applying PCA. Table 2 shows the number
of features obtained for SV1 and SV2 before and after PCA.
The feature space was reduced significantly after the appli-

Table 2 Features obtained for SV1 and SV2 before and after PCA

Service vector Number of features New service vector

Before PCA After PCA

SV1 1490 29 SV1A

SV2 1646 22 SV2A

Table 3 Classification accuracy using SV1 and SV2 before and after
PCA

Classifiers Before PCA (%) After PCA (%)

SV1 SV2 SV1A SV2A

MNB 59 54 63 65

SVM 79 76 83 85

Bagging 70 71 83 86

Random Forests 79 77 81 84

AdaBoost 77 74 83 85

cation of PCA for both SV1 and SV2.While Random Forests
and SVM achieved the highest accuracy using SV1 and SV2
before PCA, MNB showed the worst performance. Bagging
and AdaBoost classifiers achieved an accuracy of 70–77%
before PCA. Random Forests is an ensemble approach that
works with a randomly selected set of features per iteration.
So, it can be inferred that some subsets of features tended to
have higher accuracy than other subsets.

Table 3 shows the comparison between accuracy obtained
when SV1 and SV2 were given as input to the classifiers
before PCA and after PCA. It can be observed that the accu-
racy of classification increased by a margin of 4–11% when
PCA was applied for dimension reduction of SV1 and SV2.
Though the Bagging classifier achieved the highest accuracy
of 86%, SVM also performed well at 85% accuracy, despite
being a base estimator. This shows that SVM can deal with
multi-dimensional data very well and achieve good accu-
racy for both low- and high-dimensional data. The accuracy
obtained for service classification using each classifier for the
dataset before and after dimensionality reduction is shown in
Fig. 1a, b.

4.2 Comparison of classification accuracy for various
service vector models

Experiments were performed using each of feature vector
models to classify the service dataset. The classification
results pertaining to all five classifiers is presented in Table 3.
It was seen that ensemble methods outperformed Multino-
mial Näive Bayes by more than 18–20%. However, SVM
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Fig. 1 Service classification accuracy before and after PCA. a For service vector SV1. b For service vector SV1

achieved an accuracy comparable to Bagging Classifier,
despite being a base estimator. As SVMs are constructed to
adhere to the Structural Risk Minimization (SRM) principle
[35], they are able to capture the inherent data characteris-
tics better. This, in turn, minimizes the upper bound on the
generalization error, thus making SVMs efficient despite the
dimensionality of the feature space.

The results obtained for the service vectors SV3, SV4
and SV5, which were enhanced by using WordNet concepts
to provide the semantic relatedness between service terms,
are presented in Table 4. Among ensemble methods, Ran-
dom Forests classifier achieved the best accuracy for SV3
and SV5. As SV3, SV4 and SV5 are all service vectors that
take semantic relatedness into consideration, the classifica-
tion accuracy improved by about 4–10% when compared
to the syntactic service vectors SV1A and SV2A. Similar
results were observed for the Bagging and AdaBoost classi-
fiers. Random Forests again achieved the highest accuracy of
93% for SV5,which contains the semantic relatedness values
obtained from all the interface elements of the WSDL. Both
Bagging and AdaBoost achieved better accuracy in the range
of 4–7% for the semantic service vectors, when compared to
that obtained for SV1A and SV2A. Figure 2 summarizes the
results obtained for each service feature vector approach for
the various base and ensemble classifiers considered for the
experiments.

4.3 Classification accuracy for syntactic versus semantic
service vector models

To analyze the effect on classification accuracy when the
purely syntactic features and semantic features are used, an
experiment using SV1A+SV2A (reduced syntactic feature
set) and SV5 (final semantic feature set) was performed. The

Table 4 Classification accuracy observed for the various service vec-
tors models

Classifiers used Service vector types

SV1A+SV2A SV3 SV4 SV5

MNB 63 64 65 67

SVM 83 86 85 89

Bagging 84 87 88 92

Random Forests 87 89 90 93

AdaBoost 81 84 86 92

service vector {SV1A+SV2A} represents the reduced fea-
ture set obtained from all the service elements such as service
name, documentation text, input/outputmessages, operations
and portTypes, thus representing the entire interface details
of the service directly. The service vector SV5 represents
the semantic relatedness values of the reduced service terms
obtained from all the service elements, thus representing the
service interface details in an enhanced manner.

Table 4 summarizes the results of this experiment. It can
be seen that for all classifier approaches, the classification
accuracy is better when the final semantic vector is used
to represent the service. In all cases, the semantic vector
approach outperforms the syntactic vector approach by 4–
8%. Figure 3 depicts the results for classification accuracy
for both approaches.

4.4 Precision, recall and F-measure

Each classifier algorithm learns on the training data and
saves a trained model, which is hence used to predict the
probabilities of the occurrence of each class for each test

123



Int J Data Sci Anal (2016) 2:61–74 71

Table 5 Classifier performance when syntactic feature vector (SV1A+SV2A) was used

Classifier type Classifier TP rate FP rate Precision Recall F-measure ROC area PRC area

Base MNB 0.639 0.082 0.657 0.630 0.632 0.717 0.725

Base SVM 0.851 0.047 0.866 0.858 0.853 0.886 0.761

Ensemble Bagging 0.843 0.031 0.890 0.891 0.889 0.955 0.946

Ensemble Random Forests 0.870 0.022 0.921 0.921 0.921 0.958 0.964

Ensmeble AdaBoost 0.808 0.027 0.900 0.899 0.898 0.932 0.864

Table 6 Classifier performance when semantic feature vector (SV5) was used

Classifier type Classifier TP rate FP rate Precision Recall F-measure ROC area PRC area

Base MNB 0.671 0.073 0.692 0.671 0.674 0.799 0.763

Base SVM 0.892 0.036 0.897 0.892 0.889 0.928 0.816

Ensemble Bagging 0.920 0.024 0.920 0.920 0.889 0.987 0.959

Ensemble Random Forests 0.931 0.020 0.943 0.943 0.943 0.993 0.982

Ensemble AdaBoost 0.924 0.022 0.924 0.924 0.903 0.964 0.899

Fig. 2 Classification accuracy for different service vector approaches

instance. Tables 5 and 6 present each classifier’s perfor-
mance statistics for the reduced syntactic feature vector
approach (SV1A+SV2A) and the semantic feature vector
(SV5) approach, in terms of True Positive (TP) rate, False
Positive (FP) rate, Precision, Recall, F-measure, ROC area
and PRC area. The ROC curves were plotted for each service
vector approach (syntactic vs. semantic) for all classifiers,
and are shown in Figs. 4 and 5.

As illustrated by the ROC plot, the Multinomial Näive
Bayes classifier displayed the worst classifying performance
and had the least AUC, while the F-measure value indi-
cates satisfactory precision-recall performance, for both the
syntactic and semantic feature vector approaches. SVM per-

Fig. 3 Classification accuracy for syntactic and semantic service vec-
tor models

formed well for both feature vector approaches, and showed
an F-measure value of above 0.85. The best performance
for both feature vector approaches was achieved by Random
Forests classifier, with a ROC area of more than 0.95 and
F-measure values of more than 0.92.

To summarize, the five feature vector models used for
formally representing the service functional semantics were
designed such that all morphological variants of the phrases
used in the service description are captured. It was seen that
ensemble methods outperformed Multinomial Näive Bayes
by more than 18–25%, while SVM achieved a classification
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Fig. 4 ROC plot for reduced syntactic feature vector (SV1A+SV2A)
model

Fig. 5 ROC plot for semantic feature vector (SV5) model

accuracy comparable to AdaBoost classifier, despite being a
base estimator. Among ensemble methods, Random Forests
achieved the best accuracy for the service vector SV3 and
SV5. As SV3, SV4 and SV5 are all service vectors that
take semantic relatedness into consideration the classifica-
tion accuracy improved by about 4–10% when compared to
the syntactic service vectors SV1A and SV2A. At 93%, Ran-
dom Forests performed the best for the final semantic feature
vector SV5, which contained the semantic relatedness values
obtained from all the interface elements of the WSDL.

5 Relevance to data science applications

Today, the volume of publicly available Web services has
been reported to double every three years as per Li et al.’s [21]
report. Some researchers [10,18,21] report that there are
more than 20,000 published services on the Web, most with
WSDL-based service descriptions, without any associated

semantics. While some of these are published in existing
UDDI registries and service portals, most are hosted on
their publishers’ servers. This makes a service hosted on the
provider’s server truly distributed and distant, especially as
the exact URL where it is hosted is unknown, most often
than not. Another major challenge is the task of correctly
and intelligently inferring the domain details of published
Web services.

In UDDIs and service portals, the task of categorizing a
service into relevant categories is delegated to the service
provider. UDDIs use standard taxonomies such as UNSPSC
for defining the categories into which a service can catego-
rized, and these are organized hierarchically. Some of the
core problems associated with adopting such standard tax-
onomies for a specialized domain such as Web services is
that most are extremely large, consisting of thousands of cat-
egories, within multiple hierarchical levels. The placement
of a service under the most suitable category requires a con-
siderable amount of knowledge of the taxonomy, the service
characteristics, the application domain, the overall organi-
zation of the repository, implicit guidelines, etc. in order
to make good classification decisions. Service portals such
as ProgrammableWeb and BioCatalogue actually allow ser-
vice providers to create their own categories to describe the
domain of their services, without adhering to a finite set of
category terms. Since UDDIs and service portals still allow
publishers to classify their services themselves, this can often
lead to suboptimal classification and sometimes, misclassi-
fication.

These problems are quite challenging as service data
primarily contain natural language terms and are semi-
structured. This is an interesting data science problem
requiring extensive intelligent processing and management
for supporting varied tasks such as service discovery, ser-
vice selection, service matchmaking and composition. The
proposed service functional semantics extraction method-
ology is based on NLP techniques, to process explicitly
available data (service’s functional elements) and discover
latent knowledge (service domain/context). Each data arti-
fact can have multiple facets (or distinguishing features) and
capturing those that represent it most is very important to
discover the best knowledge. The proposed hybrid feature
selection approaches are specifically applied to services to
deduce their most representative features which can then be
used to discover its domain information usingmachine learn-
ing algorithms. Hence, the major contributions of our work
can be readily adapted to suit other types of semi-structured
such as XML documents, Web Server Logs and sensor data.
These can also be applied to unstructured data such asHTML
Web pages, online news items, blogs articles and user com-
ments/ratings to automatically process them and extract their
latent knowledge for applications such as sentiment analysis
and market trend analysis. Some possible data science prob-
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lems where the discussed techniques can be adopted for are
discussed in the following section.

5.1 Some use-case scenarios

The techniques described in this work can be easily adapted
to suit other types of unstructured and semi-structured data.

1. Online news is a fitting example for big data, due to its
high volume, velocity, volume, value and need for verac-
ity. The published articles are primarily semi-structured
and are formatted using XHTML tags. The techniques
that are discussed in this paper for extracting the func-
tional semantics of a service can be modified to process
the natural language content of a sports news article, and
obtain those representative features that can distinguish it
from articles on other topics. The hybrid feature selection
techniques and models that were designed and compared
can be used to rank these features so that this process can
help achieve highest accuracy. It can also be used to auto-
matically classify news articles into relevant categories,
so that users can have easy personalized access to news
of their choice. News articles from multiple sources on
the same topic can be clustered together using their rep-
resentative features to verify claims and glean truthful
facts.

2. In case of Web server logs of a particular Web site, intel-
ligent processing techniques similar to those described
in this paper can be applied to categorize similar user
sessions based on their specific usage patterns to provide
better user experience while browsing theWeb site. Ana-
lyzing the usage pattern and browsing behavior of users
can also help in improving the navigational structure of
the Web site or provide collaborative filtering or product
recommendation features to users.

3. Streaming social media data has become the source for
large-scale knowledge that can be used in applications
ranging from political leaning to product market percep-
tions. With the continuous real-time streaming of data
and its high volume, it becomes impractical and time con-
suming for a human to analyze and classify each observed
behavior manually. If one can automatically identify dis-
tinguishing patterns and classify this behavior using an
efficient classification algorithm, it would be very ben-
eficial. Ongoing research work on bias detection, rumor
identification, sentiment analysis, community detection,
influence estimation, etc. use NLP techniques for deter-
mining the most representative features of each tweet, so
that they can be categorized accordingly. In this, tech-
niques similar to the feature selection and optimization
processes discussed in this paper can prove to be helpful.

4. Healthcare analytics is another example which can
benefit from the semantics-based intelligent techniques

described in this paper. Currently the most prevalent
application for real-time healthcare analytics is for Clin-
ical Decision Support (CDS). These programs analyze
clinical information at the point of care and support health
providers as theymake prescriptive decisions. These real-
time systems are active knowledge systems, which use
twoormore items of patient data to generate case-specific
advice. As patient health reports are available in the form
of Electronic Health Records (EHR) stored in structured
and semi-structured form, the presented techniques can
be adapted to extract and analyze pertinent health data.

6 Conclusion and future work

In this paper, a data science-based approach for Web service
classification based on morphological analysis and machine
learning techniques was proposed. NLP techniques are used
for capturing the functional semantics of real-worldWeb ser-
vices for facilitating effective categorization. To capture the
functional diversity of the services, different feature vector
selection techniques were used to represent services in vec-
tor space, with the aim of finding the most relevant set of
features for a particular service, for use during classification.
Experimental results indicated that the combined feature vec-
tor that captures the semantic relatedness between service
terms helped achieve nearly 93% accuracy during service
classification. It was also found that the Ensemble methods
performed better than base estimators such as Multinomial
Näive Bayes and SVM for the proposed combined vector
approach.

For further improvement, we intend to explore the appli-
cation of other ensemble methods to further improve the
accuracy of service classification. Other service vector mod-
els and semantic relatedness measures can be explored to
handle caseswhenmulti-context terms exist. Another issue is
automaticallymanaging any new services added to the repos-
itory, instead of a static dataset.We intend to explore avenues
for autonomic management and online categorization as
these new changes occur, using swarm intelligence-based
clustering techniques such as Ant Colony Optimization
(ACO) and Particle SwarmOptimization (PSO), that are well
suited for dynamic data clustering.
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