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Abstract. Nowadays, building ontologies is a time consuming task since they are mainly manually built. This makes hard the full
realization of the Semantic Web view. In order to overcome this issue, machine learning techniques, and specifically inductive
learning methods, could be fruitfully exploited for learning models from existing Web data. In this paper we survey methods
for (semi-)automatically building and enriching ontologies from existing sources of information such as Linked Data, tagged
data, social networks, ontologies. In this way, a large amount of ontologies could be quickly available and possibly only refined
by the knowledge engineers. Furthermore, inductive incremental learning techniques could be adopted to perform reasoning at
large scale, for which the deductive approach has showed its limitations. Indeed, incremental methods allow to learn models
from samples of data and then to refine/enrich the model when new (samples of) data are available. If on one hand this means
to abandon sound and complete reasoning procedures for the advantage of uncertain conclusions, on the other hand this could
allow to reason on the entire Web. Besides, the adoption of inductive learning methods could make also possible to dial with the
intrinsic uncertainty characterizing the Web, that, for its nature, could have incomplete and/or contradictory information.
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1. Introduction In last few years, this problem has been tackled
by customizing ML methods such as instance based
learning [37] and Support Vector Machine (SVM) [40]
to Description Logics (DLs) [1] representation that is

the theoretical foundation of OWL!' language which

The Semantic Web (SW) [3] view is grounded on
the availability of domain ontologies to be used for se-
mantically annotating resources. Most of the time on-
tologies are manually built thus resulting in a highly
time consuming task that could undermine the full re-
alization of the SW. For this reason several Machine

is the standard representation language in the SW.
Specifically, the problem is solved by casting the on-

Learning (ML) methods have been exploited to autom-
atize the ontology construction task [33,23,28]. The
main focus is on (semi-)automatically building the fer-
minology of an ontology while less attention has been
dedicated to the enrichment/construction of the asser-
tional part, namely the ontology population problem,
which results in an even more time consuming task.
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tology population problem to a classification problem
where, for each individual in the ontology, the con-
cepts (classes) to which the individual belongs to have
to be determined [8,14,5].

Both methods for building terminology and as-
sertions only marginally dial with another important
problem that emerged in the last few years: "how

Thttp://www.w3.0org/TR/owl-features/
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to manage the inherent uncertainty’? of the Web">.
To face this problem, some proposals have been for-
mulated. They mainly concern with: how to repre-
sent uncertain knowledge [30,32,27] and how to rea-
son in presence of uncertain knowledge [31,10,42].
However, they generally assume that a probabilistic
and/or fuzzy knowledge base already exists. Inductive
learning methods could be used to build probabilistic
knowledge bases by learning the probability that: an
inclusion axiom, a relationship between two individu-
als, a concept assertion hold. Indeed, differently from
deductive reasoning (generally adopted in the SW con-
text) where, given a set of general axioms, correct and
certain conclusions are drawn by the use of a formal
proof, inductive reasoning has as input specific exam-
ples/data from which a possible/plausible generaliza-
tion is computed. This generalization is also able to
predict the behavior (i.e. the classification) of new and
not previously observed examples.

Reasoning on ontological knowledge plays an im-
portant role in the SW since this allows to make
explicit some implicit information (e.g. concept and
role assertions, subsuption relationships). However, in
presence of noisy/inconsistent knowledge bases, that
could be highly probable in a shared and distributed
environment such as the Web, deductive reasoning is
no more applicable since it requires correct premises.
On the other hand, inductive reasoning is grounded on
the generalization of specific examples (assertions in
the SW context) rather than correct premises, thus al-
lowing the formulation of conclusions even when in-
consistent/noisy knowledge bases are considered.

In this paper, we survey some inductive learning
methods specifically focussing on their applicability
for solving various ontology mining problems. For on-
tology mining we mean all those activities that allow
to discover hidden knowledge from ontological knowl-
edge bases (most of the time concept and role asser-
tions are considered), by possibly using only a sample
of data. The discovered knowledge could be exploited
for building/enriching ontologies. Specifically, we en-
vision the applicability of inductive methods for:

— learning new relationships among individuals
— learning probabilistic ontologies
— (semi)-automatizing the ontology population task

2With the term "uncertainty", a variety of aspects are meant such
as incompleteness, vagueness, ambiguity.
3http://www.w3.0rg/2005/Incubator/urw3/

— learning probabilistic mapping for the ontology
matching task

— refining ontologies

— reasoning on inconsistent/noisy knowledge bases

In the following some these aspects are analyzed.
Particularly, in the Sect. 2 an overview of existing ML
methods that have been exploited for solving some
ontology mining problems is presented. Proposals on
how existing inductive learning techniques can be ex-
ploited for facilitating the realization of the SW view
are presented in Sect. 3. Conclusions are drawn in
Sect. 4

2. The present of Ontology Mining

One of the first proposals for automatically build-
ing terminologies is the ontology learning task [33]. It
focuses on learning ontologies (mainly terminologies)
from text documents by the use of clustering methods
(drawn from Formal Concept Analysis (FCA) [18])
and association rules [22]. Concepts are extracted from
documents by the use of Natural Language Processing
techniques [34]. Hence, they are clustered to obtain an
initial terminology which is further enriched with new
relationships (not necessarily taxonomical) by means
of association rules. The main limitations of this ap-
proach are: 1) the semantic relations among the terms
are not fully clear; 2) the expressiveness of the adopted
language is less than OWL.

In order to obtain more expressive knowledge bases,
different approaches have been set up [26,23,28]. They
assume the availability of an initial sketch of ontol-
ogy that is automatically enriched by adding and/or re-
fining concepts. The problem is solved as an unsuper-
vised learning problem where given a set of positive
and negative examples for the concept to learn, namely
a set of individuals that are known to be respectively
instances of the concept to learn and instances of the
negation of the concept to learn, the goal is building
a concept description such that all positive examples
are instances of it while all negative examples are not
instances.

As regards (semi-)automatizing the ontology popu-
lation task, the problem has been focused by casting
it to a classification problem. Given the concepts of
an ontology, all individuals are classified with respect
to each concept. In [16,8], the Nearest Neighbor (NN)
approach [37] is adopted. A new instance (individual)
is classified by selecting its most similar training ex-
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amples (existing individuals in the knowledge base)
and by assigning it the class (concept) that is major-
ity voted among the training examples. This required
to cope with: 1) the Open World Assumption (OWA)
rather than the usual Closed World Assumption (CWA)
generally adopted in ML; 2) the non-disjointness of the
classes (since an individual can be instance of more
that one concept at the same time) while, in the usual
ML setting, classes are generally assumed to be dis-
joint; 3) the availability of new similarity measures to
exploit the expressiveness of DLs.

In [12,14,5], a similar approach is adopted. The
main difference is given by the use of SVM [40] rather
than NN to perform the classification. SVM efficiently
classifies instances by implicitly mapping, by the use
of a kernel function, the training data and the input val-
ues in a higher dimensional feature space where in-
stances can be classified by means of a linear clas-
sifier. The application of SVM to DLs representation
required the definition of suitable kernel functions to
cope with the language expressiveness.

A similar underlying idea has been exploited in [2]
where FCA [18] has been used for completing both the
terminological and the assertional part of an ontology.

Most of these approaches have also been adopted for
performing inductive concept retrieval and query an-
swering, namely for determining the set of individuals
that are instance of an existing concept or of a concept
generated on the fly from the existing concepts and re-
lationships in the ontology. This is done by classify-
ing all individuals in the ontology with respect to the
considered concept. The interesting results of using in-
ductive methods have been: 1) a very low error rate;
2) the ability to induce new knowledge, namely new
assertions that are not logically derivable. They can be
suggested to the knowledge engineer that has only to
validate them. Moreover, most of the inductive meth-
ods that have been applied to ontological representa-
tion (e.g. NN or SVM) have polynomial complexity
which would allow to scale on the whole Web.

3. Inductive Learning for the Future of Semantic
Web

The adoption of inductive approaches for ontology
mining is mainly motivated by the necessity of: a)
semi-automatize the mining of the assertional part of
an ontology (i.e. the ontology population task);

b) overcoming the limitations showed by deductive
reasoning in the SW context [44], namely its inability

to: 1) scale on large ontologies; 2) reason on uncertain
knowledge; 3) exploit data regularities. On the con-
trary, induction can be defined as the process of learn-
ing from data. In the following, an overview of how
some existing inductive learning methods can be ex-
ploited for performing several ontology mining tasks
is presented.

3.1. Inductive Learning for building ontologies from
Folksonomies and Linked Data

A first fruitful usage of inductive approaches is to
automatically build ontologies from source of informa-
tion such as folksonomies and Linked Data [39]. In-
deed, besides of the plethora of text documents and
Web pages that are used as input for the ontology
leaning process [19,6], folksonomies and Linked Data
are becoming so popular to constitute a non-negligible
source of knowledge. We envision the process of learn-
ing ontologies from folksonomies and Linked Data as
structured in the following the three steps.

1. Annotated data are clustered to create mean-
ingful groups. Well known clustering algorithms
such as K-Means, DB-SCAN, Simulated Anneal-
ing [24] could be used. Clustering methods are
generally grounded on the notion of similarity.
Given a set of data, the goal of clustering meth-
ods is to find clusters that have high intra-cluster
similarity and low inter-cluster similarity [37].
Different approaches could be used: hierarchical,
partitional or fuzzy. Hierarchical clustering cre-
ates a hierarchy of clusters which may be rep-
resented in a tree structure called dendrogram®.
The root of the tree consists of a single clus-
ter containing all data, and the leaves correspond
to individual data. Partitional clustering deter-
mines all clusters at once, generating a flat set of
clusters. Both hierarchical and partitional meth-
ods usually assume that clusters are disjoint. On
the contrary fuzzy clustering methods allow non-
disjoint clusters: an instance can belong, with a
certain degree of membership, to more than one
cluster at the same time. Applying hierarchical
(fuzzy) clustering methods (such as K-Means al-
gorithm) to Linked Data, a taxonomy is obtained.
It could represent a sketch of an ontology that

4A dendrogram is a nested grouping of patterns and similarity
levels at which grouping changes. The dendrogram could be broken
at different levels to yield different clustering of the data.
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is populated with the resources to which Linked
Data refer to. However, similarity measures that
are able to cope with Linked Data representa-
tion need to be exploited. Moreover, at the cur-
rent stage, no intentional concept definitions are
available in the sketch of the ontology. In order to
avoid this issue, the second step of the proposed
process has to be taken into account.

2. Concept descriptions for the taxonomy can be
learnt by the use of conceptual clustering meth-
ods [17] whose goal is to give intensional de-
scriptions of the discovered clusters. Most of the
conceptual clustering algorithms such as INC,
COBWEB, CLUSTER/2 [21,17,36] often ex-
ploit generalization operators applied to propo-
sitional representations to set up intentional de-
scriptions of the discovered clusters. The ap-
plication of conceptual clustering methods to
Linked Data will necessarily require the defini-
tion of new generalization operators that are able
to cope with the considered representation. How-
ever, at this stage of our learning process, mainly
a taxonomy is available. In order to enrich it
with new and potentially more expressive con-
cepts and relationships, the third step of the pro-
cess has to be considered.

3. Some data mining techniques such as associa-
tion rules [22] can be used to further discover
frequent patterns both in a single cluster or in
the entire data set. These pattern can be seen as
positive examples for a concept (or a relation) to
learn via a supervised learning process. However,
a supervised learning process usually needs also
negative example for the concept to learn. The
availability of negative examples could be prob-
lematic because of the OWA. Indeed, differently
from the CWA (usually adopted in ML) where
negative examples are intended as those exam-
ples that are not instance of the concept to learn,
in the OWA generally adopted in the SW con-
text, negative examples should be instance of the
negation of the concept to learn’. In this situa-
tion, where negative examples could be hardly
determined, methods for learning from positive
(and unlabeled) examples [48,7] only can be ex-
ploited.

3The problem does not exist if the examples are labelled by an ex-
pert as positive and negative examples of a concept (or relationship)
to learn. However, this is not really realistic in an open and wide
environment such as the Web.

3.2. Class-Imbalance Learning for Concept Retrieval
and Ontology Population

As discussed in [8,2,5], inductive learning can be
exploited for (semi)-automatizing the ontology popu-
lation task by casting this problem to a classification
problem and by classifying each individual in the on-
tology with respect to each concept in the ontology it-
self. The same approach could be adopted for perform-
ing inductive concept retrieval and query answering,
namely for assessing all individuals that are instances
of an existing concept or of a query concept that is built
on the fly by composing (for instance via conjunction
and/or disjunction) existing concepts. Induced asser-
tions, namely assertions that cannot be logically de-
rived, could be used for enriching the assertional part
of an ontology.

However, as it has been experimentally shown [8,
11], this approach could be less reliable when indi-
viduals are not homogeneously spread in the ontol-
ogy, namely when they are mainly instances of a sub-
set of the concepts in the ontology while the remain-
ing concepts have very few instances. In a setting like
this, methods such as NN, that performs classifica-
tion on the ground of the majority voted class among
the most similar training examples, would fail. For in-
stance, considering a case in which 97% of training ex-
amples belong to a class A and only 3% of them be-
long to another class, it will be highly probable that
most of the time the classification result will be the
class A. Class-imbalance learning methods [20,29,47]
can be exploited to avoid this problem. They are gen-
erally used for performing classification in presence
of imbalanced data sets [20,29,47], namely data sets
where the number of examples of one class is much
higher than the others. By the use of sampling tech-
niques, class-imbalance learning methods first create a
balanced dataset, namely a data set where instances are
homogeneously spread among all categories, and then
perform the inductive classification task.

3.3. Inductive Learning for Ontology Refinement

Another important task is ontology refinement.
Manually performing ontology refinement could turn
out to be a very complex task, particularly for large on-
tologies. In order to (semi-)automatize this task, learn-
ing Decision Trees methods [37] could be interest-
ingly used for the purpose. Given a set of positive and
negative example for a concept to learn, they return
a tree from which a concept description is induced.
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The application of these methods in the SW context
requires: the specification of positive, negative and un-
labeled® examples (to cope with the OWA) and the ex-
ploitation of refinement operators for DL representa-
tions [23,28] giving as a output a Terminological Deci-
sion Tree’ from which a new concept definition is de-
rived [15]. Hence the ontology can be refined/enriched
by adding the new concept or the whole tree, thus in-
troducing a fine granularity level in the concept de-
scriptions (some tentatives in this direction have been
presented in [46,45]). Moreover, Terminological Deci-
sion Trees can be also exploited for classifying indi-
viduals with respect to the learnt concept thus having
an alternative way for performing inductive concept
retrieval and query answering [8,5].

3.4. Inductive Learning for Ontology Evolution

Another interesting problem that can be tackled via
inductive reasoning is ontology evolution. Indeed on-
tologies are not static, they evolve over the time, be-
cause new concepts are added (TBox evolution) or
most of the time because new assertions are added
(ABox evolution). Particularly, the ABox evolution
could introduce new concepts that are only exten-
sionally defined while their intentional definitions are
missing. Conceptual clustering algorithms [17] can be
crucial for discovering such kind of evolution [13].
Specifically, they can be employed for discovering
concept drift or the formation of new emerging con-
cepts in an ontology. In order to do this, all instances of
the ontology are clustered and an overall evaluation of
the clusters (called global decision boundary) is com-
puted by the use of well known metrics such as Dunn’s
Index, Silhouette index, generalized medoid [38,4,25].
A new set of instances is considered as a candidate
cluster. To determine its nature, namely if it repre-
sents a new concept, a concept drift or an already ex-
isting concept, the evaluation of the candidate cluster
is performed and it is compared with the global de-
cision boundary. If this evaluation is lower than the
global decision boundary than the candidate cluster is
assessed as being an existing concept otherwise it is
assessed to represent a new/evolving concept. In the
latter case, the intentional cluster description (that is a

6Because of the OWA, for some instances could be not possible to
assess if they belong to a certain concept or its negation so the case
of unlabeled example has to be considered.

7 A terminological decision tree is a decision tree from which DL
concept description can be learnt.

concept description) can be learned and then merged
(by the use of the subsuption relationship) in the ontol-
ogy. Furthermore, methods for tracking cluster transi-
tions could be also exploited [41].

3.5. Incremental Inductive Learning for Scaling on
Large Ontologies

The interest in inductive reasoning and inductive
learning methods is not only motivated by the fact that
they allow to discover concepts and relationships that
cannot be deductively derived. The other main rea-
son is given by the limitation that the deductive ap-
proach has showed on reasoning at large scale. To
cope with this problem incremental inductive learning
methods [35,43] are particularly suitable. Indeed, these
methods do not need the whole set of data. They are
able to learn a first model from a sample of the avail-
able training examples and then to update the model
when new examples are available. This could allow to
learn ontologies, for example, by sampling the Web.
Specifically, given an initial sample of the Web, a first
(set of) ontology (ontologies) is learnt and then con-
tinuously updated when new instances are available.
Moreover, differently from the deductive approach that
cannot be applied to inconsistent knowledge bases, in-
ductive reasoning is able to process data even in pres-
ence of inconsistent or noisy knowledge bases [9,8],
situation that could be quite common in an open and
heterogeneous environment such as the Web.

3.6. Inductive Learning for Building Probabilistic
Ontologies

As showed in [11,8], inductive classification can be
effectively exploited for performing inductive concept
retrieval and query answering. Since the conclusions
drawn from inductive reasoning are typically uncer-
tain, this can be explicitly treated, that is the probabil-
ity of an inductive result (for instance an individual be-
longing to a certain concept) could be computed. The
explicit treatment of the uncertain results gives several
advantages: 1) users or applications can have a mea-
sure of the reliability of the inductive results; 2) com-
puted probabilities can be exploited for ranking the an-
swers of a query; 3) a new way of formulating queries
which include the chance of requiring likely informa-
tion/event can be considered [44], i.e. a query of kind
finds all persons that live in Italy that are employees
and are likely to own a Ferrari could be treated; 4)
probabilistic ontologies can be automatically built.
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Particularly, the last point refers to an another inter-
esting open problem in the SW context: how to manage
uncertainty. Even if some existing works have tackled
the problem [32,27,10,42], mainly they focus on: (a)
how to represent uncertain knowledge; (b) how to rea-
son with uncertain knowledge. Almost all of them as-
sume the availability of uncertain/probabilistic knowl-
edge bases. Building probabilistic ontologies could be
a task even more hard than building ontologies. The
inherent uncertainty of inductive results could be ef-
fectively exploited for the purpose. For instance, the
classification results for performing inductive concept
retrieval can be accompanied by the probability val-
ues for which a certain result is true. Such probabili-
ties can be exploited for building probabilistic ontolo-
gies by adopting a framework such as the one proposed
in [32].

4. Conclusions

The role of inductive reasoning for ontology mining
has been analyzed. A summary of the inductive meth-
ods currently adopted in ontology mining has been pre-
sented, hence a set (of potential new) ontology mining
problems have been addressed and proposals for suit-
able inductive methods, jointly with a brief analysis of
the issues to solve, have been done. The applications of
inductive methods for learning probabilistic ontologies
is considered one of the most challenging and inter-
esting problems. Moreover, methods for learning event
probabilities can be also exploited for assessing prob-
abilistic mapping in the ontology matching task.
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