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Abstract: The Semantic Web emerged as an extension to the traditional Web, adding meaning (seman-
tics) to a distributed Web of structured and linked information. At its core, the concept of ontology
provides the means to semantically describe and structure information, and expose it to software
and human agents in a machine and human-readable form. For software agents to be realized, it is
crucial to develop powerful artificial intelligence and machine-learning techniques, able to extract
knowledge from information sources, and represent it in the underlying ontology. This survey aims
to provide insight into key aspects of ontology-based knowledge extraction from various sources
such as text, databases, and human expertise, realized in the realm of feature selection. First, common
classification and feature selection algorithms are presented. Then, selected approaches, which utilize
ontologies to represent features and perform feature selection and classification, are described. The
selective and representative approaches span diverse application domains, such as document classifi-
cation, opinion mining, manufacturing, recommendation systems, urban management, information
security systems, and demonstrate the feasibility and applicability of such methods. This survey, in
addition to the criteria-based presentation of related works, contributes a number of open issues and
challenges related to this still active research topic.
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1. Introduction

The vast amount of information available in the continuously expanding Web by
far exceeds human processing capabilities. This problem has been transformed to the
research question of whether it is possible to develop methods and tools that will automate
the retrieval of information and the extraction of knowledge from Web repositories. The
Semantic Web emerged as a technological solution to this problem. In its essence, it is an
extension to the traditional Web, where content is now represented in such a way that
machines are able to process it (machine-processable) and infer new knowledge out of
it. The goal is to alleviate the limitations of current knowledge engineering technology
with respect to searching, extracting, maintaining, uncovering, and viewing information,
supporting advanced knowledge-based systems. Within the Semantic Web framework,
information is organized in conceptual spaces according to its meaning. Automated tools
search for inconsistencies and ensure content integrity. Keyword-based search is replaced
by knowledge extraction through semantic query answering.

The recent development of the Semantic Web enables the systematic representation
of vast amounts of knowledge within an ontological framework. An ontology is a formal
and explicit description of shared and agreed knowledge shaped as a set of concepts
(and their properties) within a domain of discourse, and binary relationships that hold
among them. The ontological model provides a rich set of axioms to link pieces of infor-
mation, and enables automated reasoning to infer knowledge that has not been explicitly
asserted before.

In many cases, reasoning with knowledge can be cast as a data classification task.
An important step towards an accurate and efficient classification is feature selection.
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Consequently, identification of high-quality features from an ontological hierarchy plays a
significant role in the ability to extract information from documents.

The main research domain where ontologies have been employed in terms of selecting
specific features is text classification, where predefined categories are associated with
free-text unstructured documents based on their content. The continuous increase of
volumes of text documents on the Web makes text classification an important tool for
searching information. Due to their enormous scale in terms of the number of classes,
training examples, features, and feature dependencies, text classification applications
present considerable research challenges.

In standard feature selection approaches, feature representation and selection are
the main tasks prior to the classification, whereas in the ontology-based feature selection
approaches, the task of feature extraction and selection from the input data based on a
data-to-ontology mapping is required.

This paper presents related work on the problem of feature representation and selec-
tion based on ontologies in the context of knowledge extraction from documents, databases,
and human expertise. Beyond important issues related to the volume, velocity, variety,
and veracity (4 V) of the Web of (Big) data, the presented work has been motivated by a
number of open issues and challenges that keep this research topic still active, especially
in the era of Knowledge Graphs (KG) and Linked Open Data (LOD), where bias at dif-
ferent levels (data, schema, reasoning) may cause the development of “unfair” models
in different application domains. Furthermore, developing ontology-based feature selec-
tion methods for achieving real-time analysis and prediction regarding high-dimensional
datasets remains a key challenge. Several research issues related to the use of ontologies in
feature selection for classification problems are investigated. The first issue refers to the
application areas of ontology-based feature selection. This survey concentrates on a wide
range of application areas such as document classification, opinion mining, selection of
manufacturing processes, recommendation systems, urban management, and information
security, where certain algorithmic structures are discussed, depending on the application
framework. The second issue investigates the motivations for building an ontology in
order to perform feature selection. Regarding this issue, the current analysis suggests that
the above motivations are mainly based on the fact that an ontology provides structured
knowledge representation as well as measures of semantic similarity. The former renders
the ontology reusable, while the later determines the applicability of the ontology in multi-
ple domains and algorithmic frameworks. Finally, other issues are related to the nature of
the algorithmic frameworks and the types of the ontologies used. This survey indicates a
wide diversity on the feature selection schemes, where the most common mechanisms are
based on filter-based methods, and different domain ontologies such as existing ones or
custom, which can be either crisp or fuzzy.

The structure of this survey paper is as follows. In Sections 2 and 3, preliminaries on
data classification and feature selection methods are presented. In Section 4, the concept
of ontology as a building block of the Semantic Web is introduced. In Section 5, ontology-
based feature selection is presented, along with related works organized in application
domains and other criteria. In Section 6 open issues and challenges are discussed. Finally,
Section 7 concludes this survey.

2. Classification Methods

One of the most common applications of machine learning is data classification.
In essence, data classification investigates the relations between feature variables (i.e.,
inputs) and output variables. Classification methods have been used in a broad range
of applications such as customer target marketing [1,2], medical disease diagnosis [3-5],
speech and handwriting recognition [6-9], multimedia data analysis [10,11], biological
data analysis [12], document categorization and filtering [13,14], and social network analy-
sis [15-17]. Classification algorithms typically contain two steps, the learning step and the
testing step. The first one constructs the classification model, while the second evaluates it
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by assigning class labels to unlabeled data. A close relative to the classification problem is
data clustering [18,19]. Clustering is the task of dividing a population of data points into a
number of groups, such that the members of the same group are in some sense similar to
each other and dissimilar to the data points in other groups. In general the classification
task is based on supervised learning, whereas clustering is based on unsupervised learning.

A plethora of methods can be used for data classification. Some of the most common
are probabilistic methods [20-22], decision trees [23-25], rule-based methods [26-28], sup-
port vector machine methods [29,30], instance-based methods, and neural networks [31,32].

2.1. Probabilistic Data Classification

Probabilistic methods are based on two probabilities, namely a prior probability, which
is derived from the training data, and a posterior probability that a test instance belongs to
a particular class. There are two approaches for the estimation of the posterior probability.
In the first approach, called generative, the training dataset is used to determine the class
probabilities and class-conditional probabilities and the Bayes theorem is employed to cal-
culate the posterior probability. In the second approach, called discriminative, the training
dataset is used to identify a direct mapping of a test instance onto a class.

A widely used example of generative model is the naive Bayes classifier [31,32], while
a popular discriminative classifier is the logistic regression [31].

2.2. Decision Tree Data Classification

In decision tree classification [23-25], data are recursively split into smaller subsets
until all formed subsets exhibit class purity, i.e., all members of each subset are sufficiently
homogeneous and belong to the same unique class. In order to optimize the decision tree,
an impurity measure is employed and the optimal splitting rule at each node is determined
by maximizing the impurity decrease due to the split. A commonly used function for this
purpose is the Shannon entropy.

An extension to decision tree classification is the Random Forest (RF) algorithm [33].
This algorithm trains a large set of decision trees and combines their predictive ability in a
single classifier. The RF classifier belongs to a broader family of methods called ensemble
learning [31].

2.3. Rule-Based Data Classification

A classification method closely related to decision trees is called rule-based classi-
fication [26-28]. Essentially, all paths in a decision tree represent rules, which map test
instances to different classes. However, for rule-based methods the classification rules are
not required to be disjointed, rather they are allowed to overlap. Rules can be extracted
either directly from data (rule induction) or built indirectly from other classification models.

2.4. Associative Classification

A novel family of algorithms that aim at mining classification rules indirectly, is the so
called associative classification [34]. Associations are interesting relations between variables
in large datasets. Association rules can quantify such relations by means of constraints
on measures of significance or interest. The constraints come in the form of minimum
threshold values of support and confidence. In the training phase, an associative classifier,
mines a set of Class Association Rules (CARs) from the training data. The mined CARs
are used to build the classification model according to some strategy such as applying the
strongest rule, selecting a subset of rules, forming a combination of rules, or using rules
as features.

2.5. Support Vector Machines

Support vector machine [35] classifiers are generally defined for binary classification
tasks. Intuitively, they attempt to draw a decision boundary between the data items of two
classes, according to some optimality criterion. A common criterion employed by SVM is



Future Internet 2021, 13, 158

40f28

that the decision surface must be far away from the data points. The separation degree can
be estimated in terms of the distance from the decision surface to the closest data points.
Such data points are called support vectors.

Finding the maximum margin hyperplane is a quadratic optimization problem [36].
In case the training data are not linearly separable, slack variables can be introduced in
the formulation to allow some training instances to violate the support vector constraint,
i.e.,, they are allowed to be on the “other” side of the support vector from the one that
corresponds to their class.

2.6. Artificial Neural Networks Data Classification

Artificial neural networks have been proven to be powerful classifiers [32]. They
attempt to mimic the human brain by means of an interconnected network of simple
computational units, called neurons. Neurons are functions that map an input feature
vector to an output value according to predefined weights. These weights express the
influence of each feature over the output of the neuron and are learned during the training
phase. A typical tool to perform the training process is the back-propagation algorithm.
Back-propagation uses the chain rule to compute the derivative of the error (loss function)
with respect to the network’s parameters, while gradient-descent-based methods (e.g.,
stochastic gradient descent) are implemented to find the appropriate weight values.

2.7. Instance-Based Data Classification

Instance-based classifiers do not build any approximation models, rather they simply
store the training records [37]. When a query is submitted, the system uses a distance
function to extract, from the training data set, those records that are most similar to the
test instance. Label assignment is performed based on the extracted subset. Common
instance-based classifiers are the K-Nearest Neighbor (KNN), kernel machines, radial basis
functions neural networks, etc. [38]. A generalization of instance-based learning is lazy
learning, where training examples in the neighborhood of the test instance are used to
train a locally optimal classifier. The field of classification is vast and still in its infancy.
For an excellent in depth discussion on classification methods, the curious reader is referred
to [31].

3. Feature Selection

The first step towards successful classification is to define the features that will be
input to the classifier. This process is called Feature Engineering (FE) and encompasses
algorithms for generating features from raw data (feature generation), transforming existing
features (feature transformation), selecting most important features (feature selection),
understanding feature behavior (feature analysis), and determining feature importance
(feature evaluation) [39].

Feature selection is well studied under the framework of FE. An increasing number of
dimensions in the feature space results in exponential expansion of the computational cost.
This issue is directly related to the problem of the curse of dimensionality. Furthermore
as the volume of feature space increases, it becomes sparsely populated and even close
data points may be driven apart from irrelevant data, thus appearing as far away as
unrelated data points. This will increase overfitting and reduce the accuracy of the classifier.
Restricting the used features to only those that are strictly relevant to the target classes
results in improved interpretability of the model

The feature selection process attempts to remedy these issues by identifying features
that can be excluded without adversely affecting the classification outcome. Feature se-
lection is closely related to feature extraction. The main difference is that while feature
selection maintains the physical meaning of the retained features, feature extraction at-
tempts to reduce the number of dimensions by mapping the physical feature space on a
new mathematical space.
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Feature selection can be supervised, unsupervised, or semi-supervised. Supervised
methods consider the classification information and use measures to quantify the contribu-
tion of each feature to the total information, thus keeping only the most important ones.
Unsupervised methods attempt to remove redundant features in two steps. First, features
are clustered into groups, using some measure of similarity, and then the features with
the strongest correlations to the other features in the same group are retained as the repre-
sentatives of the group. Identification and removal of irrelevant features is more difficult
and abstract and depends on some heuristic of relevance or interestingness. To devise
such heuristics, researchers have employed several performance indices namely, category
utility, entropy, scatter separability, and maximum likelihood [40]. Semi-supervised feature
selection addresses the case when both a large set of unlabeled and a small set of labeled
data are available. The idea is to use the supervised class-based clustering of features in the
small dataset as constraint for the unsupervised locality-based clustering of the features in
the large dataset.

Depending on whether and how they use the classification system, feature selection al-
gorithms are divided into three categories, namely filters, wrappers, and embedded models.

3.1. Filter Models

Filter models determine subsets of features to perform pre-processing, independently
of the chosen classifier. In the first step, features are analyzed and ranked on the basis of
how they correlate to the target classes. This analysis can either consider features separately
and perform ranking independently of the feature space (univariate), or evaluate groups of
features (multivariate). Multivariate analysis has the advantage that interactions between
features are considered during the selection process. In the second step, the highest ranked
(i.e., scored) features constitute the final input variables of the classifier.

Some of the most common evaluation metrics that have been used for ranking and
filtering are Chi-square, ANOVA, Fisher score, Pearson correlation coefficient, and mutual
information [39-41].

Chi-Square: The x? correlation uses the contingency table of a feature target-pair to
evaluate the likelihood that a selected feature and a target class are correlated. The con-
tingency table shows the distribution of one variable (the feature) in rows and another
(the target) in columns. Based on the entries, the observed values are calculated under
the assumption that the variables are independent (null hypothesis); the expected values
are then derived. Small values of x? show that the expected values are close to the ob-
served values, thus the null hypothesis stands. On the contrary, high values show strong
correlation between the feature and the target value.

ANOVA: A metric related to x? is analysis of variance. It tests whether several groups
are similar or different by comparing their means and variances, and returns an F-statistic,
which can be used for feature selection. The idea is that a feature where each of its possible
values corresponds to a different target class, will be a useful predictor.

Fisher Score: It is based on the intuition that effective feature combinations should
result in similar values regarding instances in the same class, and much different values
regarding instances from different classes.

Pearson Correlation Coefficient: It is used as a measure for quantifying linear depen-
dence between a feature variable X; and a target variable Y. It ranges from —1 (perfect
anti-correlation) to 1 (perfect correlation).

Mutual Information: The information gain metric provides a method of measuring the
dependence between the ith feature and the target classes ¢ = [cl, Coy.--, ck], as the decrease
in total entropy, namely IG(f;, ¢) = H(f;) — H(fi|¢), where H(f;) is the entropy of f; and
H(f;|¢) the entropy of f; after observing ¢. High information gain indicates that the selected
feature is relevant. IG has been extended to account for feature correlation and redundancy.
Other MI metrics are Gini impurity and minimum-redundancy-maximum-relevance.
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3.2. Wrapper Models

Filter models select features based on their statistical similarities to a target variable.
Wrapper methods take a different approach and use a pre-selected classifier as a way to
evaluate the accuracy of the classification task for a specific feature subset. A wrapper
algorithm consists of three components, namely a feature search component, a feature eval-
uation component, and a classifier [39,40]. At each step, the search component generates a
subset of features that will be evaluated for the classification task. When the total number
of features is small, it is possible to test all possible feature combinations. However, this
approach, known as SUBSET, becomes quickly computationally intractable.

Greedy search methods overcome this problem by using a heuristic rule to guide the
subset generation [42,43]. In particular, forward selection starts with an empty set and
evaluates the classification accuracy of each feature separately. The best feature initializes
the set. In the subsequent iterations, the current set is combined with each of the remaining
features and the union is tested for its classification accuracy. The feature producing the
best classification is added permanently to the selected features and the process is repeated
until the number of features reaches a threshold or none of the remaining features improve
the classification. On the other hand, backward elimination starts with all features. At each
iteration, all features in the set are removed one by one and the resulting classification
is evaluated. The feature affecting the classification the least, is removed from the list.
Finally, bidirectional search starts with an empty set (expanding set) and a set with all
features (shrinking set). At each iteration, first a feature is forward selected and added
to the expanding set with the constraint that the added feature exists in the shrinking set.
Then a feature is backward eliminated from the shrinking set with the constraint that it has
not already been added in the expanding set.

Many more strategies have been used to search the feature space, such as branch-
and-bound, simulated annealing, and genetic algorithms [42,43]. Branch-and-bound uses
depth-search to traverse the feature subset tree, pruning those branches that have worse
classification score than the score of an already traversed fully expanded branch. Simulated
annealing and genetic algorithms encode the selected features in a binary vector. At each
step, offspring vectors, representing different combinations of features, are generated and
tested for their accuracy. A common technique for performance assessment is k-fold cross-
validation. The training data are split into k sets and the classification task is performed
k times, using at each iteration one set as the validation set and the remaining k-1 sets
for training.

3.3. Embedded Methods

Filter methods are cheap, but selected features do not consider the biases of the
classifiers. Wrapper methods select features tailored to a given classifier, but have to run
the training phase many times, hence they are very expensive [42,43]. Embedded methods
combine the advantages of both filters and wrappers by integrating feature selection in the
training process. For example, pruning in decision trees and rule-based classifiers is a built-
in mechanism to select features. In another family of classification methods, the change
in the loss function incurred by changes in the selected features, can be either exactly
computed or approximated, without the need to retrain the model for each candidate
variable. Combined with greedy search strategies, this approach allows for efficient feature
selection (e.g., RFE/SVM, Gram-Schmidt/LLS). A third type of embedded methods are
regularization methods and apply to classifiers where weight coefficients are assigned to
features (e.g., SVM or logistic regression). In this case, the feature selection task is cast as
an optimization problem with two components, namely maximization of goodness-of-fit
and minimization of the number of variables. The latter condition is achieved by forcing
weights to be small or exactly zero. Features with coefficients close to zero are removed.
Specifically, the feature weight vector is defined as in [42,43].

Many more feature selection algorithms and variations can be found in the literature.
Due to its significance in the classification task, feature selection, and feature engineering
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in general, is a highly active field of research. For an in-depth presentation, the interested
reader is referred to [39-41]. Comprehensive reviews can be found in [42,43].

4. Ontologies

The enormous amount of information available in the continuously expanding Web
by far exceeds human processing capabilities. This gave rise to the question of whether it is
possible to build tools that will automate information retrieval and knowledge extraction
from the Web repository. The Semantic Web emerged as a proposed solution to this
problem. In its essence, it is an extension to the Web, in which content is represented
in such a way that machines are able to process it and infer new knowledge from it.
Its purpose is to alleviate the limitations of current knowledge engineering technology
with respect to searching, extracting, maintaining, uncovering and viewing information,
and support advanced knowledge-based systems. Within the Semantic Web framework,
information is organized in conceptual spaces according to its meaning. Automated tools
search for inconsistencies and ensure content integrity. Keyword-based search is replaced
by knowledge extraction through query answering.

In order to realize its vision, the Semantic Web does not rely on “exotic” intelligent
technology, where agents are able to mimic humans in understanding the predominant
HTML content. Rather it approaches the problem from the Web page side. Specifically,
it requires Web pages to contain informative (semantic) annotations about their content.
These semantics (metadata) enable software to process information without the need to
“understand” it. The eXtensible Markup Language (XML) was a first step towards this goal.
Nowadays, the Resource Description Framework (RDF), RDF Scheme (RDFS) and the Web
Ontology Language (OWL) are the main technologies that drive the implementation of the
Semantic Web.

In general, ontologies are the basic building blocks for inference techniques on the
Semantic Web. As stated in W3C’s OWL Requirements Documents [44]: “An ontology
defines the terms used to describe and represent an area of knowledge”. Ontological terms
are concepts and properties which capture the knowledge of a domain area. Concepts
are organized in a hierarchy that expresses the relationships among them by means of
superclasses representing higher level concepts, and subclasses representing specific (con-
strained) concepts. Properties are of two types: those that describe attributes (features) of
the concepts, and those that introduce binary relations between the concepts. An example
ontology is depicted in Figure 1.

In order to succeed in the goal to express knowledge in a machine-processable way,
an ontology has to exhibit certain characteristics, namely abstractness, preciseness, ex-
plicitness, consensus, and domain specificity. An ontology is abstract when it specifies
knowledge in a conceptual way. Instead of making statements about specific occurrences
of individuals, it tries to cover situations in a conceptual way. Ontologies are expressed in a
knowledge representation language that is grounded on formal semantics, i.e., it describes
the knowledge rigorously and precisely. Such semantics do not refer to subjective intuitions,
nor are they open to different interpretations. Furthermore, knowledge is stated explicitly.
Notions that are not directly included in the ontology are not part of the conceptualization
it captures. In addition, an ontology reflects a common understanding of domain concepts
within a community. In this sense, a prerequisite of an ontology is the existence of social
consensus. Finally, it targets a specific domain of interest. The more refined the scope of the
domain, the more effective an ontology can be at capturing the details rather than covering
a broad range of related topics.
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Figure 1. Example ontology.

The most popular language for engineering ontologies is OWL [45]. OWL (and the
latest iteration: OWL2) defines constructs, namely classes, associated properties, and binary
relationships between those classes, which can be used to create domain vocabularies along
with constructs for expressiveness (e.g., cardinalities, unions, intersections), thus enabling
the modeling of complex and rich axioms. There are many tools available that support
the engineering of OWL ontologies (e.g., Protégé, TopBraid Composer) and OWL-based
reasoning (e.g., Pellet, HermiT). Ontology engineering is an active topic and a growing
number of fully developed domain and generic/upper ontologies are already publicly
available, such as the Dublin Core (DC) [46], the Friend Of A Friend (FOAF) [47], Gene On-
tology (GO) [48], Schema.org [49], to name a few. An extensive list of ontologies and related
ontology engineering methodologies have been recently published in Kotis et al. [50].

The Semantic Web is vast and combines many areas of research and technological
advances. A comprehensive introduction can be found in [51,52]. The interested reader can
find a detailed presentation of Semantic Web technologies in [53], and analytical review of
semantic annotation of web services in [54].

5. Ontology-Based Feature Selection

In standard feature selection approaches the pipeline of tasks (Figure 2a) include
features representation prior to selection, whereas in the ontology-based feature selection
pipeline there is need to first extract the related features from the input data (after prepos-
sessing) according to a utilized ontology (mapping) and then select those features that are
more suitable for the classification task (Figure 2b).
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Figure 2. (a) Standard feature selection. (b) Ontology-based feature selection.

The main research domain where ontologies have been employed in terms of selecting
specific features is document classification, where predefined categories are associated
with free-text unstructured documents based on their content. The continuous increase
of volumes of text documents on the Web makes text classification an important tool for
searching information. Due to their enormous scale in terms of the number of classes,
training examples, features, and feature dependencies, text classification applications
present considerable research challenges.

In the following paragraphs we present related works organized according to selected
and representative application domains. For each domain, we provide a summarized
description of the related work and a table that organizes their main features according to
specific criteria.

5.1. Document Classification

As presented in Table 1, there are several works related to ontology-based document
classification, in different domains, using different approaches and ontologies. In the
following paragraphs we provide insights to a selected representative set of those works.

Elhadad et al. [55] use the WordNet [56] lexical taxonomy (as an ontology) to classify
Web text documents based on their semantic similarities. In the first phase, a number of
filters are applied to each document to extract an initial vector of terms, called Bag of Words
(BoW), which represent the document space. In particular, a Natural Language Processing
Parser (NLPP) parses the text and extracts words in the form of tagged components (part
of speech), such as verbs, nouns, adjectives, etc. Words that contain symbolic characters,
non-English words, and words that can be found in pre-existing stopping word lists, are
eliminated. Furthermore, in order to reduce redundancy, stemming algorithms are used
to replace words with equivalent morphological forms, with their common root. In the
second phase, all words in the initial BOW are examined for semantic similarities with
categories in WordNet. Specifically, if a path exists in the WordNet taxonomy, from a
word to a WordNet category via a common parent (hypernym), then the word is retained,
otherwise it is discarded. Once the final set of terms has been selected, the feature vector
for each document is generated by assigning a weight to each term. Authors use the
Frequency-Inverse Document Frequency (TFIDF) statistical measurement, since it computes
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the importance of a term ¢, both in an individual document and in the whole training set.
TFIDF is defined as:

TFIDF(t) = TF(t) x IDF(t) (1)
where Number of £ term ¢
umber of occurances of term
TE() = Total number of terms in doc @
and Total Number of d
IDE(t) = log otal Number of docs 3)

0 .
Number of docs with term t

Effectively, terms that appear frequently in a document, but rarely in the overall
corpus, are assigned larger weights. Authors compared against the Principal Component
Analysis (PCA) method and report superior classification results. However, they recognize
that a limitation in their approach is that important terms that are not included in WordNet
will be excluded from the feature selection.

Vicient et al. [57], employ the Web to support feature extraction from raw text docu-
ments, which describe an entity (symbolized with ae), according to a given ontology of
interest. In the first step, the OpenNLP [58] parser analyzes the document and detects
potential named entities (PNE) related to the ae, as noun phrases containing one or more
words beginning with a capital letter. A modified Pointwise Mutual Information (PMI)
measure is used to rank the PNE and identify those that are most relevant to the ae accord-
ing to some threshold. In particular, for each pne; € PNE probabilities are approximated
by Web hit counts provided by a Web search engine,

WebHitsCount(pne;&ae)
WebHitsCount(pne;)

NEscore (pne;, ae) = 4)

In the second step, a set of Subsumer Concepts (SC) is extracted from the retained
Named Entities (NE). To do so, the text is scanned for instances of certain linguistic patterns
that contain each ne; € NE. Each pattern is used in a Web query and the resulting Web
snippets determine the subsumer concepts representing the ne;. Next, the extracted SC
are mapped to ontological classes (OC) from the input ontology. Initially, for each ne; all
its potential subsumer concepts are directly matched to lexical-similar ontological classes.
If no matches are found then WordNet is used to expand the SC and direct matching is
repeated. Specifically, the parents (hypernyms) in the WordNet hierarchy of each subsumer
concept sc; are added to SC. In order to determine which parent concepts are mostly
relevant to the named entity ne;, a search engine is queried for common appearances of
the ae and the ne;. The returned Web snippets are used to determine which parent synsets
of sc; are mostly related to ne;. Synsets in Wordnet are groupings of words from the same
lexical category that are synonymous and express the same concept. Finally, a Web-based
version of the PMI measure, defined as

WebHitsCount(soc;&ne;&ae)

50C i, ne; =
score(S0Ci, i a¢) WebHitsCount(soc;&ae)

©)

is used to rank each of the extracted ontological classes (soc;), related to a named entity.
The soc; with the highest score that exceeds a threshold is used as annotation. The authors
tested their method in the Tourism domain. For the evaluation, they compared precision
(ratio of correct feature to retrieved features) and recall (ratio of correct features to ideal
features) against manually selected features from human experts. They report 70-75%
precision and more than 50% accuracy and argue that such results considerably assist the
annotation process of textual resources.

Wang et al. [59] reduce the dimensionality of the text classification problem by de-
termining an optimal set of concepts to identify document context (semantics). First,
the document terms are mapped to concepts derived from a domain-specific ontology.
For each set of documents of the same class, the extracted concepts are organized in a
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concept hierarchy. A hill-climbing algorithm [60] is used to search the hierarchy and derive
an optimal set of concepts that represents the document class. They apply their method
to classification of medical documents and use the Unified Medical Language System
(UMLS) [61] as the underlying domain-specific ontology. UMLS query API is used to map
document terms to concepts and to derive the concept hierarchy. For the hill-climbing
heuristic, a frequency measure is assigned to each leaf concept node. The weight of parent
nodes is the sum of the children’s weights. Based on the assigned weights, a distance
measure between two documents is derived, and used to define the fitness function. Test
documents undergo the same treatment and are classified based on the extracted optimal
representative concepts. For their experiments the authors use a KNN classifier and report
improved accuracy, but admit that an obvious limitation of their method is that it is only
applicable in domains that have a fully developed ontology hierarchy.

Khan et al. [62] obtain document vectors defined in a vector space model. This is
accomplished in terms of the following steps. First, after identifying all the words in the
documents, they remove the stop-words from the word data base, creating a BoW. Next,
a stemming algorithm is applied to assign each word to its respective root word. Phrase
frequency is estimated using a Part of Speech (PoS) tagger. Next, they apply the Maximal
Frequent Sequence (MFS) [63] to obtain the highly frequent terms. MFS is a sequence of
words that is frequent in a collection of documents, while it is not related to any other
sequence of the same kind [63]. The final set of features is selected by examining similarities
with ontology-based categories in WordNet [56] and applying a wrapper approach. Using
the TFIDF statistical measure weights are assigned to each term. Finally, the classifier is
trained in terms of the naive Bayes algorithm.

Abdollali et al. [64] also address feature selection in the context of classification of
medical documents. In particular, they aim at distinguishing clinical notes that reference
Coronary Artery Disease (CAD) from those that do not. Similarly to [59], they use a query
tool (MetaMap) to map meaningful expressions, in the training documents to concepts in
UMLS. Since, their target is CAD documents, they only keep concepts such as “Disease
or Syndrome” and “Sign or Symptom” and discard the rest. The retained concepts are
assigned a TFIDF weight to form the feature vector matrix that will be used in the classifi-
cation. In the second stage, the particle swarm optimization [65] algorithm is used to select
the optimal feature subset. The particles are initialized randomly by numbers in [-1, 1],
where a positive number indicates an active feature while a negative value an inactive one.
The fitness function for each particle is based on the classification accuracy,

B TP +TN
" TP+ TN+ FP+FEN

Fitness(S) (6)
where S represents the features set, TP (True Positive) and FP (False Positive) are the
number of correctly and incorrectly identified documents and TN (True Negative) and FN
(False Negative) the number of correctly and incorrectly rejected documents. The particle’s
fitness value is estimated as the average of the accuracies using a 10-fold cross validation
procedure. The authors evaluated their method using five classifiers (NB, LSVM, KNN, DT,
LR) and reported both significant reduction of the feature space and improved accuracy of
the classification in most of their tests.

Lu et al. [66] attempt to predict the probability of hospital readmission within 30 days
after a heart failure, by means of the medication list prescribed to patients during their
initial hospitalization. In the first stage, the authors combine two publicly accessible drug
ontologies, namely RxNorm [67] and NDF-RT [68], into a tree structure, that represents the
hierarchical relationship between drugs. The RxNorm ontology serves as drug thesaurus,
while NDF-RT as drug functionality knowledge base. The combined hierarchy consists of
six class levels. The top three levels correspond to classes derived from the Legacy VA class
list in NDF-RT and represent the therapeutic intention of drugs. The fourth level represents
the general active ingredients of drugs. The fifth level refers to the dosage of drugs and uses
a unique identifier to match drugs to the most representative class in RxNorm (RXCUI). The
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lowest level refers to the dose form of drugs and uses the local drug code used by different
hospitals. Each clinical drug corresponds to a single VA class, a single group of ingredients,
and a single RxNorm class. In the second stage, a top-down depth-first traversal of the
tree hierarchy is used to select a subset of nodes as features. For each branch, the nodes
are sorted according to the information gain ratio (IGR(F) = IG(F) /H(F)). The features in
the ordered list are marked for selection one by one, while parent and child features with
lower scores are removed from the list. In order to evaluate their method, the authors use
the naive Bayes classifier and employ the area under the receiver operating characteristic
curve to evaluate its performance. Their experiments showed that the ontology-guided
feature selection outperformed the other non-ontology-based methods.

Barhamgi et al. [69] explore the use of the semantic web and domain ontologies to
automatically detect indicators and warning signals, emitted from messages and posts
in social networks, during the radicalization process of vulnerable individuals and their
recruitment from terrorist organizations. Specifically they devise an ontology for the radi-
calization domain and exploit it to automatically annotate social messages (tweets). These
annotations are combined with a reasoning mechanism to infer values of pre-determined
radicalization indicators according to a set of inference rules. The ontology is built in
two steps. First, a group of experts define and organize the main classes, properties and
relationships. These are related to high level concepts, which represent the radicalization
indicators, namely “Perception of discrimination for being Muslim”, “Expressing negative
ideas about Western society”, “Expressing positive ideas about jihadism”, “The individual
is frustrated” and “The individual is introvert”. In the second step, each concept or instance
is expanded with a set of related keywords from the BabelNet knowledge base, which
are inserted to the ontology as OWL annotation properties. Using the enriched ontology,
the Ontology Classifier module annotates input messages with low-level concepts and the
Ontology Instantiator module populates the ontology with the annotated messages and
associated users. The Ontology Reasoner executes a set of SWRL rules on the populated
domain ontology and infers new concepts for the messages, which are also added in on-
tology as new semantic annotations. Finally, the Ontology Querying module is used to
compute the radicalization indicators for each user of the considered dataset by executing
specific queries on the populated ontology. The proposed system was tested on a randomly
selected dataset containing radical and neutral Twitter messages against a baseline using
the standard F1 score. The obtained results showed that the ontology-based approach gave
higher precision and recall and overall better classification results.

Kerem and Tunga [70] describe a framework to investigate the effectiveness of using
WordNet semantic features in text categorization. In particular, they examine the effect that
part-of-speech tagging, inclusion of WordNet features, and word sense disambiguation,
have on text classification. POS features consist of the nouns, verbs, adjectives, and adverbs
in the document. WordNet features are the synsets with specific relations to the document
terms, namely synonyms, hypernyms, hyponyms, meronyms, and topics. Word sense
disambiguation is performed in order to exclude irrelevant synsets from the feature set.
For each synset, a score is computed as the sum of its similarities (common hypernyms
and topics) to all other synsets. Synsets with a score below a predefined threshold are
excluded. Experiments were performed using the SVM classifier on five standard datasets.
The contribution of each task to the classification was quantified by means of the macro and
micro variants of the F-measure metric. The authors conclude that using nouns, adjectives,
and verbs in conjunction with the raw terms improve the classification, while adverbs
have an adverse effect. Meronyms, hyponyms, topics, synonyms and hypernyms further
improved the classification, in increasing order of importance. Finally, disambiguation was
also found to benefit the classification.

Fodeh et al. [71] study the effect that incorporating ontology information in the feature
selection process has on document clustering. First, they discuss a simple technique for
feature selection and compare it against a word sense disambiguation process (WSD), where
semantic relations have been considered in the document clustering. The simple procedure
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consists of a pre-processing step, which includes stop-word removal and stemming, and a
cleaning step, where non-nouns are removed and only stemmed terms, identified as nouns
are retained. Noun identification takes place with a simple lookup in the WordNet noun
database. The WSD procedure replaces the selected nouns by their most appropriate
senses (concepts) as used in the context of the document. Formally, if 6(sy, s,,) denotes the
similarity between two senses s; and s, and §; = {si1,Si2,.-.,Six} is the set of all senses
associated with noun ¢; according WordNet, then its most appropriate sense s; is the sense
sij;, which maximizes the sum of maximum similarities with the senses of all the other
terms in a document d,

§; = arg max 2 max d(sg,sp) (7)

si€Si tjed Sjm €S

The authors apply the Wu-Palmer similarity measure and restrict their consideration
to the first three senses of each noun. The comparison showed that in most cases (12 out
of the 19 tested datasets) WSD failed to justify its increased cost as it did not improve
upon the results obtained by the simple approach. Next, the authors examine the effect of
polysemous and synonymous nouns in clustering. Specifically, five types of feature sets are
compared, namely all nouns X, all polysemous nouns X/, all synonymous nouns Xsy,
the union Xpo, = Xpory U Xsyn, and three random subsets of nouns X,y C Xap \ Xpotn-
For each feature set the pairwise document cosine similarity matrix is correlated to that
obtained using X,;;. Additionally, the purity of clusters obtained from each feature set are
compared. The analysis showed that the correlation using polysemous and synonymous
nouns is always high, indicating that those nouns strongly participate in the assembly
of the final clusters and that their inclusion produces clusters with higher purity. In the
final stage of their study, the authors build upon their previous conclusions and propose a
feature selection framework for clustering, which utilizes a small subset of the semantic
features extracted from WordNet, named core semantic features (CSF). In particular, a noun
is considered a core feature if it is polysemous or synonymous and in the top 30% of the
most frequent nouns. Furthermore, after disambiguation the noun should achieve either
an information gain greater than a predefined threshold or zero entropy. The method was
tested on several (19) datasets using spherical K-means clustering and the authors report
at least 90% feature reduction while mainting and in some cases improving cluster purity,
compared to using all nouns or concepts. However, due to the small number of CSF some
documents may not include any of those features and thus be left uncovered. The authors
solve this problem by applying a modified centroid mapping.

Garla and Brandt [72] propose two ontology-guided feature engineering methods,
which utilize the UMLS Ontology for classification of clinical documents. The first method
constitutes an ontology-guided feature ranking technique, based on an enhanced version
of standard Information Gain (IG). The enhancement lies in the fact that the IG assigned to
a feature c, considers also documents that do not directly contain it, but instead contain
any children of feature c or its hypernyms in the UMLS hierarchy. This is referred to as
the imputed information gain (IG;y,;,). Features with a value of 1G;;,, below a predefined
threshold are discarded. In addition, the imputed IG is combined with the Lin [73] measure
to construct a context-dependent semantic similarity kernel, referred to as supervised Lin
measure. Given concepts c; and ¢, the Lin similarity measure is defined as

2-IC(LCS(cy,c2))

sitin(e1.€2) = IC(c1) + IC(c2) ®
where IC(c) = —log(freq(c)) is the information content of concept ¢,
freq(c) = freq(c,C)+ ), freq(cs), )

cs€children(c)

the frequency of concept ¢ in document C and LCS(cy, cp) the least common subsumer
of concepts ¢y and cy. If IG;y,, (LCS(cq, c2)) exceeds a predefined threshold then the Lin
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measure determines the similarity of ¢; and c;, otherwise the similarity is set to 0. The two
techniques were evaluated on a standard dataset using the SVM classifier. Performance
was measured with the macro-averaged F1 score. The authors report that the results match
those of other top systems. Both imputed information gain and supervised Lin measure
improved the classification, however the latter only marginally. They recognize that one
limitation of their study is the small corpus size used to compute the semantic similarity
measures and intend to experiment with other similarity measures, which do not depend
on the corpus size.

In [74], Qazia and Goudar study the effectiveness of ontology in the classification of
Web documents. They are interested in a corpus with Web pages in four distinct categories
from the domain of sports, namely cricket, football, hockey, and baseball. First, they
use OWL to develop the ontology which represents the set of classes, individuals, and
relationships for the domain under consideration. Then an ontology guided term-weighting
technique is applied to extract and weight the feature terms that represent each document.
Specifically, after stop-word removal and stemming, each obtained term from the Web
page is looked-up in the Ontology. If the term is not found it is discarded, otherwise the
sum of its TF-IDF scores from each document, is assigned as its semantic weight,

. D t
Wierm = ) |term in doc;| -log| | Documents| (10)

doc;€ Documents Documentsterm |
where Wiy, is the term semantic weight and Documentsgery, are the documents that contain
the term. The authors compared their method against the standard Bag of Words approach
with TF-IDF term weighting and report that the use of ontology considerably improved
the performance of the classification.

Table 1. Document classification organized according to specific criteria.

Related Work Application Ontology Feature Selection Classifier
NB, JRip,
[55] Web Text WordNet TFIDF 148, SVM

Tourism, Space, Web-based PMI

[56] Web text Film, WordNet  (NEscore, SOCscore) -
Text Frequency,
[5] (Medical) UMLS Hill Climbing KNN
[62] Text WordNet MFS, TFIDF NB
Clinical Notes NP, LSVM,
[64] (CAD) UMLS TFIDF, PSO KNN, DT, LR
Medication list RxNorm,
[66] (hospital re-entry) NDF-RT IGR NB
[69] Web text Custom, Ontology-based, .
(Tweets) BabelNet SWRL
[70] Text WordNet Similarity SVM
Text e Sperical
[71] (Clustering) WordNet Similarity Kemeans
Text .
[72] (Clinical) UMLS IG, Lin SVM
Web text MNB, DT,
[74] (Sports) Custom TFIDE KNN, Rocchio
[75] Text WordNet, Custom SVM

OpenCyc, SUMO  (Mapping Score)
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In their work [75], Rujiang and Junhua attempt to improve text classification by re-
placing the traditional Bag of Words (BoW) document representation with Bag of Concepts
(BoC) derived from multiple relevant ontologies. Initially, they employ the Jena Ontology
API [76] to combine three ontologies, namely WordNet, OpenCyc, and SUMO. In order
to align equivalent concepts, first they identify homographic concepts. Two concepts are
homographic, when they belong to different ontologies, but share the same name or the
same synonym. Homographic concepts are also equivalent, if their direct subconcepts
or superconcepts, with respect to a particular relation type, are homographic. Once the
ontologies have been aligned, a context is obtained for each concept c in the set of all
ontologies (Ocont(c)), as the union of all synonyms of ¢, the names of all subconcepts and
superconcepts of ¢ and the synonyms of the subconcepts and superconcepts. In the next
step, the documents are pre-processed, including tokenization, stop-word elimination,
stemming, and part-of-speech tagging. For each word in a document’s cleaned up word-
list, a context is obtained (Wcont(w)) as the set of all stems for all words in the document.
When the stem of a concept c or one of its synonyms matches a word w and the POS of ¢
is the same as that of w, a mapping score is assigned to w, indicating how well it maps to
c. This mapping score (i) is defined as the ratio of the number of elements that occur in
both word and ontology contexts to the number of elements of the latter,

s (w, ¢) = |Wecont(w) N Ocont(c)|
T |Ocont(c)

(11)

The method was tested on the Neuters-21758, OSHUMED, and 20NG datasets with
a linear SVM classifier. Performance was measured with the standard micro and macro
F1 metrics. The authors conclude that the BoC representation improved the classification
compared to Bow.

5.2. Opinion Mining

Opinion mining is also called sentiment analysis [77]. In general, the methodologies
that deal with sentiment analysis focus on classifying a document as having a positive or
negative polarity, regarding a pre-specified objective [78-81]. Certain difficulties in imple-
menting the above strategy led to the necessity of using ontology-based features [80,82].
An example of such a difficulty is related to the fact that positive (negative) document on
an object does not imply that the user has positive (negative) opinion regarding the whole
set of features assigned to that document [80,81]. The ontology-based feature selection
for sentiment analysis is a complex and difficult endeavor, mainly because it involves
high semantic representations of expressed opinions along with diversified characteristics
encoded in the ontology as well as in the corresponding features [78,80,83].

The general implementation framework of ontology-based feature selection for opin-
ion mining is given in Figure 3. Three basic levels are identified.

Domain Ontology " .0'

User NLP Feature Polarity
Opinions Pre-processing Identification Identification

Figure 3. General algorithmic framework for ontology-based sentiment analysis.

The first level concerns the pre-processing of the users’ opinions in terms of Natural
Language Processing (NLP) techniques. The objective is to perform linguistic and syntactic
process of the available textual data. This task can be accomplished by implementing
several NLP tools such as stemming, tokenization, Part of Speech (PoS) tagging, mor-
phological analysis, syntax parsing, etc. [81,84]. As a result of the NLP pre-processing,
an initial set of features is extracted and fed into the next level for further processing.
The second level carries out the implementation of a domain ontology to identify the
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most important features included in initial set of features. The domain ontology can be
generic [80,83] or custom (i.e., created for a specific application) [77,82,83]. As seen in
Figure 3, the input to this step is the pre-processed corpus of opinions as well as the domain
ontology, while its output comes in the form of potential features identified from the text,
which are then represented in some convenient form (e.g., vector-based representation,
etc.), which will help their elaboration by the next levels [80,83]. As far as the type of
ontology is concerned, it can be a crisp ontology i.e., a precise (binary) specification of a
conceptualization [79,80,83-85] or ontology based on fuzzy set theory [86,87]. To further
reduce the feature space dimensionality, we can apply standard feature selection methods
(e.g., PCA, chi-square, information gain), or strategies involve the calculation of pairwise
similarity measures between features or score values, which are assigned to the features
indicating their importance [80,83]. The third level deals with the polarity identification.
Two common strategies involved in this level are machine learning methods (e.g., SVM,
clustering,) [77,83] and lexicon-based approaches (e.g., SentiWordNet, SentiLex, OpLexi-
con) [80,85]. The implementation of machine-learning techniques utilizes a set of training
data and involves iterative classification processes. On the other hand, lexicon-based
approaches rely on the application of batch procedures, and once they have been built, no
training data are necessary.

Table 2 illustrates the basic characteristics of various approaches that exist in the
literature. In the following paragraphs, we briefly describe those approaches.

Table 2. Related works organized according to specific criteria.

Type of o
Related Work Ontology Ontology Classifier
[80] Movie Ontology Crisp Lexicon-based
[83] Movie Ontology, WordNet Crisp SVM
Custom .
(771 based on FCA and OWL Crisp SVM
[85] Movie Ontology Crisp Lexicon-based
Custom
[86] based on fuzzy set theory Fuzzy SVM
[82] Custom Crisp Lexicon-based
[86] Custom Fuzzy Lexicon-based
[84] Custom Crisp Lexicon-based

Penalver-Martinez et al. [80] perform the feature identification by employing the
Movie Ontology [88]. To further reduce the feature space dimensionality, they assign to
each feature a score function of importance, which considers the position of the linguistic
expression of a feature within the text. The score function is structured by separating
the text in three disjoint parts namely, (a) the beginning, (b) the middle, and (c) the end.
Given a feature f; and a user’s opinion text ¢;, the above three text parts are symbolized as
O, ir Oy jr and O, - The number of occurrences of f; in those three text parts are defined as
|04jli, |Opjli, and |Ocj|;. By defining the respective importance degrees of occurrence of f;
in the above three text parts as za;-, ijv and zcé, the resulting score function reads as follows,

score(fi, tj) = Zuﬂoaj\i + Zbﬂobj\i + Zc§|ocj|i (12)

The features are grouped in accordance with score value and attached to a main
concept of the ontology. The set of the above concepts constitute the final set of features.
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Finally, the polarity identification is carried out in terms of the SentiWordNet framework,
where three possible outcomes are obtained namely, positive, neutral, and negative opinion.
Siddiqui et al. [83] used standard NLP techniques to identify several potential features,
which are added onto a feature vector. Then, a semantic processing approach takes place
to select the most important features. The semantic processing is conducted in a sequence
of steps. The first step applies a lexical pruning algorithm aiming to discard all features
that are not part of lexical categories of the WordNet ontology. Second, they combined
the Movie Ontology [88] and the standard WordNet ontology and developed a semantic
similarity-based approach, that consists of three pairwise similarity measures namely the
semantic similarity measure, the semantic relatedness measure, and semantic distance
measure. Third, the calculated values of the above-mentioned pairwise similarity measures
are gathered in a table that reports all the possible pairs. This table assists the computation
of the weights of importance of each feature in relation to the rest of the features. To this
end, an iterative algorithm is developed, which gradually refines the initial set of features,
until the most important features are identified. The above algorithm is based on defining
an appropriate threshold value, and the importance of a feature is decided according to
whether the respective overall weight of importance is greater than the above threshold
or not. Finally, the polarity identification is carried out in terms of a binary classification
approach (i.e., positive or negative polarity) using a support vector machine algorithm.

Shein and Nyunt [77] developed an ontology in OWL using formal concept analysis
(FCA). The algorithmic framework attempts to form semantic structures that are formal
abstraction of linguistic concepts and moreover to identify conceptual structures among
data. The result is an ontological framework able to effectively analyze complex text
structures and to reveal dependencies within the data. The polarity identification is
carried out in terms of a support vector machine algorithm that performs binary feature
classification, which can correspond to positive or negative polarity.

de Freitas and Vieira [85] have developed an opinion mining framework for the
Portuguese language. The feature identification and selection are conducted by using the
Movie Ontology [88], while the polarity identification takes place in terms of Portuguese
opinion lexicons.

Andrea and Fabrizi [89] propose a novel method for sentiment classification of text
documents. In particular, they determine the orientation of a term based on the clas-
sification of its glosses and its definitions in online dictionaries. In the training phase,
a seed term set, representative of the two categories Positive and Negative, is provided
as input. By means of a thesaurus (online dictionary) the set is expanded with additional
terms, that are lexically related (synonymous) to the seed terms and, therefore, can also
be considered as representative of the two categories. This process is applied iteratively,
until no new terms are added. For each term in the final set a textual representation is
constructed, by collating its glosses, as found in machine-readable dictionaries. In that
sense the method is semi-supervised since except for the initial seed terms, all features are
selected algorithmically, rather than by human experts. For both the expansion and gloss
retrieval operations, the authors employed the Wordnet Ontology, mainly because of its
ease of use for automatic processing. Moreover, glosses in WordNet have a regular format
that allows the production of clean textual representations without the need for manual text
cleaning. After removing stop words, each such representation is mapped to a numerical
vector by the standard normalized TFIDF score of its terms. Finally, the set of all vectors
is used to train a binary classifier. In the experiments three types of classifiers were used,
namely the multinomial naive Bayes, support vector machines with linear kernels, and
the PrTFIDF probabilistic version of the Rocchio learner [90]. The algorithm was shown
to outperform other state-of-the-art methods in standard benchmarks, while also being
computationally much less intensive.
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5.3. Other Applications

In this section, we review a number of other interesting applications that integrate
ontology-based feature selection methods. Specifically, the analysis concerns manufactur-
ing processes, recommendation systems, urban management, and information security.
Table 3 summarizes the basic characteristics of these approaches.

Table 3. Related works organized according to specific criteria.

Related Work Application Ontology Feature Selection Classifier
[91] Recommender Custom Ontology-based KNN
system domain ontology summary
[92] Recommender DBpedia Information KN,N
system Gain
Recommender Movie . .
[93] system Ontology Filtering Clustering
[94] Manufacturing Custom Similarity Rule-based
domain ontology measure
. Custom a
[95] Manufacturing domain ontology Filtering Rule-based
. Custom I
[96] Manufacturing domain ontology Filtering Rule-based
. Custom I Rule-based
[97] Manufacturing domain ontology Filtering (Pearson Coef.)
. Custom I
[98] Manufacturing domain ontology Filtering Rule-based
Urban Custom o Random
591 management domain ontology Filtering Forest
Information Custom I Decision
[100] security domain ontology Filtering Tree

An important application of ontology-based feature selection algorithms is the selection
of manufacturing processes. Mabkhot et al. [94] describe an ontology-based Decision Support
System (DSS), which aims at assisting the selection of a Suitable Manufacturing Process
(MPS) for a new product. In essence, selected aspects of MPS are mapped to ontological
concepts, which serve as features in rules used for case-based reasoning. Traditionally, MPS
has relied on expert human knowledge to achieve the optimal matching between material
characteristics, design specifications, and process capabilities. However, due to the continuous
evolution in material and manufacturing technologies and the increasing product complexity,
this task becomes more and more challenging for humans. The proposed DSS consists of
two components, namely the ontology and the Case-based Reasoning Subsystem (CBR).
The purpose of the ontology is to encode all the knowledge related to manufacturing in a way
which enables the reasoner to make a recommendation for a new product design. It consists
of three main concepts, the Manufacturing Process (MfgProcess), the Material (EngMaterial)
and the Product (EngProduct). The MfgProcess concept captures the knowledge about
manufacturing in subconcepts, such as casting, molding, forming, machining, joining, and
rapid manufacturing. The properties of each manufacturing process are expressed in terms
of shape generation capabilities, which describe the product shape features a process can
produce, and range capabilities, which express the product attributes that can be met by
the process such as dimensions, weight, quantity, and material. The EngMaterial concept
captures knowledge about materials, in terms of material type (e.g., metal, ceramic) and
material process capability (e.g., sand casting materials). The EngProduct concept encodes
knowledge about products, defined in the form of shape features and attributes. The ontology
facilitates the construction of rules, which associate manufacturing processes with engineering
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products, through the matching of appropriate features and attributes with main process
characteristics and capabilities. The semantic Web rule language (SWRL [101]) has been used
as an effective method to represent causal relations. The purpose of the CBR subsystem
is to find the optimal product-to-process matching. It does so in two steps. First, it scans
the ontology for a similar product. To quantify product similarity, appropriate feature and
attribute similarity measures have been developed and human experts have been employed
to assign proper weights to features and attributes. If a matching product is found then
the corresponding process is presented to the decision maker, otherwise SWRL rule-based
reasoning is used to find a suitable manufacturing process. Finally, the ontology is updated
with the newly extracted knowledge. The authors presented a use case to demonstrate the
usability and effectiveness of the proposed DSS and argue that in the future such systems will
become more and more relevant.

In [96], Kang et al. develop an ontology-based representation model to select appro-
priate machining processes as well as the corresponding inference rules. The ontology
is quantified in terms of features, process capability with relevant properties, machining
process, and relationships between concepts. A reasoning inference mechanism is applied
to obtain the final set of processes for individual features. The determination of the process
that corresponds to the highest contribution is carried out through a solid mechanism
that associates the capability of the candidate processes with the accuracy requirements
of a specific feature. The appropriate machining process is, then, selected so that the
relationship constraint between a pre-specified set of processes is met. The whole process
selection scheme is neutral (i.e., general enough) in the sense that it does not depend on a
specific restriction, and thus it constitutes a reusable platform.

Han et al. [97] also apply ontology within the mechanical engineering domain, in par-
ticular the field of Noise, Vibration, and Harshness (NVH). Similar to the previous work,
authors map important aspects of noise identification to ontological concepts, which serve
as features for reasoning. They propose an ontology-based system for identifying noise
sources in agricultural machines. At the same time, their method provides an extensible
framework for sharing knowledge for noise diagnosis. Essentially, they seek to encode prior
knowledge relating noise sound signals (targets) with vibrational sound signals (sources)
in an ontology, equipped with rules, and perform reasoning to identify noise sources based
on the characteristics of test input and output sound signals (parotic noise). In order to
build the ontology, first, professional experience, literature, and standard specifications
were surveyed to extract the concepts related to NVH. The Protégé tool was used to convert
the concept knowledge into an OWL ontology and implement the SWRL rules, which
match sound source and parotic noise signals. The Pellet tool is employed for reasoning.
To quantify the signal correlations, the time signals are converted to the frequency domain
and the values for seven common signal characteristics are calculated. Specifically, relation
of the frequency of the parotic signal to the ignition frequency, peak frequency, Pearson
coefficient, frequency doubling, loudness, sharpness, and roughness. The effectiveness of
the method was demonstrated in a use case, where the prototype system correctly identi-
fied the main noise source. After improving the designated area the noise was significantly
reduced. The authors argue that the continuous improvement in the knowledge base and
rule set of the ontology model has the potential to allow the design system to perform
reasoning that simulates the thinking process of the expert in the field of NVH.

Belgiu et al. [99] develop an ontological framework to classify buildings based on data
acquired with Airborne Laser Scanning (ALS). They followed five steps. Initially, they pre-
processed the ALS point cloud and applied the eCognition software to convert it to raster
data, which were used to delineate buildings and remove irrelevant objects. Additionally,
they obtained values for 13 building features grouped in four categories: extent features,
which define the size of the building objects, shape features, which describe the complexity
of building boundaries, height, and slope of the buildings’ roof. In the next step, human
expert knowledge and knowledge available in literature were employed to define three
general purpose building ontology classes, independent of the application and the data at



Future Internet 2021, 13, 158

20 of 28

hand, namely Residential /Small Buildings, Apartment/Block Buildings, and Industrial
and Factory Buildings. In order to identify the metrics that were mostly relevant to the
identification of building types, a set with 45 samples was used to train a random forest
classifier with 500 trees and /m features (m number of input features). The feature selection
process identified slope, height, area, and asymmetry as the most important features.
The first three were modeled in the ontology with empirically determined thresholds by
the RF classifier. Finally, building type classification was carried out based on the formed
ontology. The classification accuracy was assessed by means of precision, recall, and F-
measure and the authors reported convincing results for class A while classes B and C
had less accurate results. However, they argue that their method can prove useful for
classifying building types in urban areas.

Finally, two interesting applications of ontology-based feature selection algorithms
concern the Recommendation Systems (RS) and the information security/privacy research
areas. In [91], Di Noia et al. develop a filter-based feature selection algorithm by incorpo-
rating ontology-driven data summarization for Linked Data (LD)-based Recommendation
System (RS). The selection mechanism determines the k most important features in terms
of the similarity between instances included in a given class of data summaries, which
are generated by an ontology-based framework. Two types of descriptors are employed:
pattern frequency and cardinality descriptors. A pattern is defined as a schema using
an RDF triple denoted as (C, P, D), where C and D are classes or datatypes, and P is a
property that expresses their relationship. C is called the source type and D the target type.
The patterns are used to generate data summarization from a knowledge graph-based
framework. Each pattern is associated with a frequency that corresponds to the number
of relational assertions from which the pattern has been extracted. Therefore, a pattern
frequency descriptor can be viewed as a set of statistical measures. A cardinality descriptor
encodes information about the semantics of properties as used within specific patterns and
can be used in computing the similarities between these patterns. To obtain the cardinality
descriptors, the authors extended the above-mentioned knowledge graph framework. The
LD and one or more ontologies are the inputs to the knowledge graph framework, while its
outputs are: a type graph, a set of patterns along with the respective frequencies, and the
cardinality descriptors. To this end, the filtering-based feature selection consists of two
main steps. First, the cardinality descriptors are implemented to filter out features (i.e., pat-
tern properties) that correspond to properties connecting one target type with many source
types. Second, the pattern frequency descriptors are applied to rank in a frequency-based
descending order all features and select the top-k features.

In [100], Guan et al. studied the problem of mapping Security Requirements (SR) to
Security Patterns (SP). Viewing the SPs as features, feature selection is set up to perform the
above mapping procedure. This selection is based on developing an ontology-based framework
and a classification scheme. To accomplish this task, they described the SRs using four attributes
namely, Asset (A), Threat (T), Security Attribute (SA), and Priority (P). The SRs are represented
as rows in a two-dimensional matrix, where the columns correspond to the above attributes.
Then, the meaning of each SR is: for a given asset A, one or more threats Ts may threat A by
violating one or more attribute values of SA. In addition, each SR is to be fulfilled in a sequence
according to the value of P during software development. Then, they generate complete
and consistent SRs by eliciting values for the above attributes using the risk-based analysis
proposed in [102]. On the other hand, Security Patterns (SP) are described in terms of three
attributes namely, Context that defines the conditions and situation in which the pattern is
applicable, Problem that defines the vulnerable aspect of an asset, and Solution that defines the
scheme that solves the security. To intertwine the above information they developed a two-level
ontological framework using an OWL-based security ontology. The first level concerns the
ontology-based description of SRs and the second the ontology-based description of SPs. These
descriptions were carried out by quantifying mainly the risk relevant and annotating security
related information. To this end, a classification scheme selects an appropriate set of SPs for each
SR. The classification scheme is developed by considering multiple aspects such as life-cycle,
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architectural layer that organizes information from low to high abstraction level, application
concept that partitions the security patterns according to which part of the system they are
trying to protect, and threat type that uses the security problems solved by the patterns.

5.4. Discussion

Based on the analysis of the related works, as organized in the previous subsections
and the related tables, a number of findings can be summarized in the following lines:

a.  Most of the related works examined in this review paper concern ontology-based feature
selection for text document classification, with the majority of them being Web-related.

b.  Most of the approaches utilize generic lexicons (either just the lexicon or in combina-
tion with domain ontologies), with the majority of them utilizing WordNet.

c.  For the task of feature selection, most of the approaches are based on the TFIDF
method and filtering.

d. SVM is the most common classification method, with KNN to follow.

6. Open Issues and Challenges

Features show dependencies among each other and, therefore, they can be structured
as trees or graphs. Ontology-based feature selection in the era of knowledge graphs such
as Wikidata, DBpedia, Freebase, and YAGO, can be influenced by two issues [103]:

a.  The large expansion of knowledge recorded in Wikipedia, from which DBpedia and
YAGO have been created as reference sources for general domain knowledge, is
needed to assist information disambiguation and extraction.

b.  Advancements in statistical NLP techniques, and the appearance of new techniques
that combine statistical and linguistic ones.

An important and open issue in this domain is the linking of one document-mentioned
entity to a particular KG’s entity and the way it affects how other surrounding document
entities are linked. Furthermore, it is more and more common nowadays to see an in-
creasing number of inter-task dependencies being modeled, where pairs of tasks such as
Named-Entity Recognition (NER) and Entity Extraction and Linking (EEL), Word Sense
Disambiguation (WSD) and EEL, or EEL and Relation Extraction and Linking (REL), are
seen as interdependent. The combinatorial approach of those tasks will continue to exist
and advance since it has been proven highly effective to the precision of the overall infor-
mation/knowledge extraction process. Regarding the contributed communities in this area
of research, related works have been conducted by the Semantic Web community as well
as from others such as the NLP, Al, and DB communities. Works conducted by the NLP
community focus more on unstructured input, while database and data-mining-related
works target more to semi-structured input [103].

As mentioned above, ontologies play a key role in feature selection. However, the en-
gineering of ontologies, despite advancing quickly over the last decade, has not yet reached
the status were consensus in domain-specific communities will deliver gold-standard on-
tologies for each case and application area. On the other hand, several issues and challenges
related to the collaborative engineering of reused and live ontologies have been recently
reported [50], indicating that this topic is still active and emerging. For instance, as far
as concerns feature selection, different ontologies of the same domain used in the same
knowledge extraction tasks will most probably result in a different set of features selected
(schema-bias). Furthermore, human bias in conceptualizing context during the process
of engineering ontologies (in a top-down collaborative ontology engineering approach)
will inevitably influence the feature selection tasks. Specifically, in the cases where large
KGs (e.g., DBpedia) are used for knowledge extraction, such a bias is present in both
conceptual/schema (ontology) and data (entities) levels. Debiasing KGs is a key challenge
in the Semantic Web and KG community itself [104], and consequently in the domain of
KG-based feature selection.
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Important challenges arise when ontology-based feature selection is applied to Linked
Data (LD). LD appears to be one of the main structural elements of Big Data. For example,
data created in social media platforms are mainly LD. LD appear to have significant
correlations regarding various types of links and therefore, they possess more complex
structure than the traditional attribute-valued data. However, they provide extra, yet
valuable, information [105]. The challenges of using ontology-based feature selection in
LD concern the development of ontology-based frameworks to exploit complex relation
between data samples and features, and how to use them in performing effective feature
selection, and to evaluate the relevance of features without the guide of label information.

Another interesting research area is the real-time feature selection. The main difficulty
in dealing with real-time feature selection is that both data samples and new features must
be taken into account simultaneously. Most of the methods that exist in the literature
rely on feature pre-selection or on feature selection without online classification [106,107].
On the other hand ontologies encoded in trees or knowledge graphs may provide some
benefits such as solid representations of the current relations between features, which
can be used to predict any possible relation between the current available features and
the ones that are expected to arise in real-time processing tasks. Therefore, to develop
ontology-based feature selection methods for achieving real-time analysis and prediction
regarding high-dimensional datasets remains a challenge.

Finally, an important open issue to consider is scalability. Scalability quantifies the
impact imposed by increasing the training data size on the computational performance of
an algorithm in terms of accuracy and memory [105,107]. The basics of feature selection and
classification were developed before the era of Big Data. Therefore, most feature selection
algorithms are not efficient in scaling high-dimensional data as their efficiency appears to
reduce quickly. On the other hand, scaling-up favors the accuracy of the model. Therefore,
there is a trade-off between finding an appropriate set of features and the model’s accuracy.
In this direction, the challenge is to define appropriate ontology-based relations between
features in order to group them in such a way that the resulting set of features will be able
to maintain acceptable model’s accuracy.

7. Conclusions

This study provided an overview of ontology-based feature selection for classification
processing. The presented approaches in selected application domains showed that ontolo-
gies can effectively uncover dominant features in diverse knowledge domains and can be
integrated into existing feature selection and classification algorithms. Specifically, in the
context of text classification, domain-specific ontologies combined mainly with the Word-
Net taxonomy, can be utilized to map terms in documents to concepts in the ontology, thus
replacing specific term-based document features with abstract and generic concept-based
features. The latter capture the content of the text and can be used to train accurate and
efficient classifiers. In the field of manufacturing engineering, ontologies can be employed
to map human knowledge to concepts that serve as features for case-based reasoning and
support decision making, such as selection of manufacturing process or noise source iden-
tification. In the domain of urban management, building type recognition can be facilitated
by ontology. Moreover, the benefits of using an ontology-based framework to drive feature
selection were investigated regarding software development/engineering applications
such as recommendations systems and security information/privacy approaches. Finally,
certain open issues and challenges were discussed and a number of relevant problems were
identified. Although, this survey is by no means exhaustive, it demonstrates the broad
applicability and feasibility of ontology-based feature extraction and selection.
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Abbreviations

The following abbreviations are used in this manuscript:

ALS
BoC
BoW
CAD
CARs
CBR
DSS
DC
DT
EEL
FE
FOAF
IG
IGR
KNN
LCS
LD
LR
LSVM
LVQ
MEFS
MPS
NB
NDE-RT
NE
NER
NLPP
NVH
oC
OWL
PCA
PMI
PoS
PSO
RBC
RDF
REL
RDFS
RF
RS
SC
SOM

Airborne Laser Scanning

Bag of Concepts

Bag of Words

Coronary Artery Disease

Class Association Rules
Case-based reasoning subsystem
Decision support system

Dublin Core

Decision Tree

Entity Extraction and Linking
Feature Engineering

Friend Of A Friend

Information Gain

Information Gain Ratio
K-Nearest neighbor

Least Common Subsumer
Linked data

Logistic Regression

Linear Support Vector Machine
Learning Vector Quantization
Maximal frequent sequence
Suitable manufacturing process
Naive Bayes

National Drug File - Reference Terminology
Named entities

Named-Entity Recognition
Natural Language Processing Parser
Noise, Vibration and Harshness
Ontological classes

Web Ontology Language
Principal Component Analysis
Pointwise Mutual Information
Part of speech

Particle Swarm Optimization
Rule-Based Classification
Resource Description Framework
Relation Extraction and Linking
RDF Scheme

Random Forest
Recommendation (or Recommender) systems
Subsumer concept
Self-organizing Map
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SP Security patterns

SR Security requirements

SVM  Support Vector Machines

SWRL SemanticWeb rule language

TFIFD  Term frequency-inverse document frequency
UMLS Unified Medical Language System

XML  eXtensible Markup Language

WSD  Word Sense Disambiguation
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