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Abstract Ontology is one of the fundamental corner-

stones of the semantic Web. The pervasive use of ontolo-

gies in information sharing and knowledge management

calls for efficient and effective approaches to ontology

development. Ontology learning, which seeks to discover

ontological knowledge from various forms of data auto-

matically or semi-automatically, can overcome the bottle-

neck of ontology acquisition in ontology development.

Despite the significant progress in ontology learning re-

search over the past decade, there remain a number of open

problems in this field. This paper provides a comprehensive

review and discussion of major issues, challenges, and

opportunities in ontology learning. We propose a new

learning-oriented model for ontology development and a

framework for ontology learning. Moreover, we identify

and discuss important dimensions for classifying ontology

learning approaches and techniques. In light of the impact

of domain on choosing ontology learning approaches, we

summarize domain characteristics that can facilitate future

ontology learning effort. The paper offers a road map and a

variety of insights about this fast-growing field.

Keywords Ontology � Ontology learning � Learning

techniques � Framework

The Web is evolving from a huge information and com-

munication space into a massive knowledge and service

repository. One of the enablers of the above change is

ontology, commonly referred to as the conceptualization of

a domain [1]. Ontology provides a sound semantic ground

of machine-understandable description of digital content. It

is ubiquitous in information systems [2] by annotating

documents with meta-data, improving the performance of

information retrieval and reasoning, and making data be-

tween different applications interoperable [3–7]. In addi-

tion, ontology-type semantic description of behaviors and

services allow software agents in a multi-agent system to

better coordinate themselves [8–10]. Therefore, ontology

development will have a profound impact on a wide range

of enterprise applications and knowledge integration.

The potential of ontologies would not be materialized

until they become widely available. To date, ontology

development remains labor-intensive and time-consuming.

One of the major challenges lies in ontology acquisition

[11, 12]. Ontology learning refers to the automatic dis-

covery and creation of ontological knowledge using ma-

chine learning techniques. Compared with manually

crafting ontologies, ontology learning is able to not only

discover ontological knowledge at a larger scale and a

faster pace, but also mitigate human-introduced biases and

inconsistencies. Moreover, ontology learning can support

refining and expanding existing ontologies by incorporat-

ing new knowledge.

Making ontologies operational in the context of the Web

and other large distributed systems requires a considerable

amount of research effort towards developing methodolo-

gies and technologies for constructing and maintaining

domain-specific ontologies in a dynamic environment.

Driven by the great potential of ontology learning in

ontology development, we propose a model of rapid

ontology development (ROD) and a framework for ontol-

ogy learning to support ROD. The remainder of the paper is

organized as follows. After discussing major research is-

sues involved in ontology development, we present a
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learning-oriented model for ontology development in Sect.

1, and propose a framework for ontology learning in Sect.

2. Then, we introduce and compare ontology learning ap-

proaches and techniques in Sect. 3. Next, we discuss the

importance of domain while choosing ontology learning

approaches, and provide recommendations for aligning

domains to ontology learning approaches in Sect. 4. We

identify a number of open issues in ontology learning and

suggest potential solutions in Sect. 5, and conclude the

paper in Sect. 6.

1 A learning-oriented model of ontology development

Ontologies are aimed to provide knowledge about specific

domains that are understandable by both developers and

computers. In particular, ontologies enumerate domain

concepts and relationships among the concepts [13]. They

may also explicitly define properties, functions, constraints,

and axioms [14]. In this section, we first review major

issues involved in ontology development, including

ontology representation, ontology acquisition, ontology

evaluation, and ontology maintenance. A further exami-

nation of the above issues demonstrates great potential of

ontology learning in ontology development. To provide a

systematic guidance, we introduce a learning-oriented

model of ontology development. Inspired by the merits of

existing tools in support of ontology development, we

specify detailed requirements for integrated tools to sup-

port the proposed model.

1.1 Major issues in ontology development

Ontology representation is the most fundamental issue in

ontology development. In addition to making ontologies

understandable by computers and humans, an ontology

representation language should also provide representation

adequacy and inference efficiency. The standardization of

ontology representation languages (e.g., RDF, RDFS [15],

and OWL [16]) has taken big strides in the past few years.

The above languages have mainly adopted a frame-based

knowledge representation paradigm [17], some of which

(e.g., OWL) incorporate description logics to enhance the

expressiveness of reasoning systems.

Ontology acquisition refers to the creation of the content

of ontologies such as concepts and relations. Given the

strong dependence on domain knowledge, ontology mod-

eling is traditionally carried out by knowledge engineers

and/or domain experts. As domain knowledge evolves

rapidly and workforces become increasingly distributed,

subject-matter experts are not easily accessible and the

experts’ knowledge is likely to be incomplete, subjective,

and even outdated. To keep up with the requirements of

practice, people turn to other sources such as dictionaries,

Web documents, and database schemas for the content of

ontologies [18]. As a result, ontology acquisition can sig-

nificantly benefit from ontology learning.

Ontology evaluation is another major issue as ontologies

become available. Ontology evaluation can enhance the

quality of ontologies, improve the inter-operability among

systems, and further increase the wide adoption of ontol-

ogies. Ontologies can be evaluated from a variety of per-

spectives, ranging from content to technology,

methodology, and application [20], using objective mea-

sures such as completeness, consistency, and correctness

[19]. Among others, ontology learning is regarded as an

alternative method to evaluate the content of ontologies

[20].

Ontology maintenance pertains to how to organize,

search, and update existing ontologies. This issue looms

large as more and more ontologies are accumulated. The

constant evolving of the environment of ontologies makes

it very important for ontologies to be evaluated and

maintained [21] to keep up with the change. SWOOGLE

[22] is a crawler-based indexing and retrieval system for

the semantic Web, housing several millions of Web doc-

uments in RDF and OWL. The enormous number of

semantic Web pages and ontologies makes manual ontol-

ogy maintenance a daunting task. As a result, automated

solutions should be explored for ontology integration and

mapping. Ontology learning appears to be an attractive

approach to this goal.

The above discussion demonstrates that many issues

involved in ontology development can benefit from ontol-

ogy learning. Ontology learning enables the acquisition of

ontological knowledge with little human intervention. In-

stead of fully relying on subject-matter experts, ontology

learning exploits various forms of data within a domain,

and applies machine learning (and natural language pro-

cessing) techniques to discover ontological knowledge

(semi-) automatically. Ontology learning not only im-

proves the efficiency of ontology development process but

also enables discovery of new knowledge by tapping into

data repositories. In the next section, we present a learning-

oriented model of ontology development.

1.2 Rapid ontology development (ROD): a learning-

oriented model of ontology development

Ontology development is still faced with a number of

challenges such as knowledge acquisition and lack of

sufficiently validated and generalized development meth-

odologies [11, 23]. With the advancement of ontology

learning and ontology modeling tools, the process of

ontology development has undergone rapid changes. After

observing repeated ontology development processes that
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involve ontology learning, we develop a learning-oriented

model of ontology development, called ROD (Rapid

Ontology Development), as shown in Fig. 1.

ROD consists of three phases: design, learning, and

validation. The design phase involves the identification and

detailed analysis of domains, requirements, and relevant

resources with the help of users and/or domain experts. The

output includes specifications of domains, intended appli-

cations of ontologies, and authoritative domain sources.

Domain sources are in a variety of forms ranging from

structured types such as thesaurus and glossary, to semi-

structured types such as book indexes and Web pages, and

free-formed types such as expert knowledge. They involve

different media types such as text, audio, and image. A

variety of techniques can be employed in domain analysis,

such as interviews, questionnaires, and informal text

analysis [24]. The understanding of user requirements and

target applications helps refine those approaches.

In the learning phase, appropriate learning techniques

are selected, implemented, and then applied to discover

ontologies from domain sources. Ontology learning will be

discussed extensively in the rest of the paper.

The learning results are evaluated and refined during the

validation phase, where discovered ontologies are checked

for redundancy, conflict and/or missing information. The

active involvement of users and domain experts is highly

desired in this phase. Once problems are identified, causes

will be analyzed, remedy solutions will be developed and

applied accordingly, and ontology development proceeds

to the next cycle. ROD is an iterative process, which is

repeated until the outcome is acceptable to users and/or

knowledge engineers.

Compared with conventional ontology development

methodologies, ROD can not only reduce the cost but also

shorten the lifecycle of ontology development, which is

crucial to semantic Web applications. Moreover, ROD

fulfills quality requirements by involving users and/or do-

main experts early in the development process and by

incorporating necessary changes in a timely fashion. Rapid

construction of ontologies helps users better understand the

requirements and application of ontologies. Furthermore,

ROD enables ontology-based business process manage-

ment and dynamic application integration to maintain

competitive business advantages. Theoretically, ROD, built

on top of recurring ontology development constructs and

ontology learning techniques, not only allows the reuse of

previously tested solutions to ontology development but

also provides reusable ontologies that can be seamlessly

incorporated into new applications.

1.3 Requirements for integrated tools in support of

ROD

ROD could work with some emerging tools and integrated

ontology development environments such as Text-to-Onto

[23], ASIUM [25], Mo’k Workbench [26], OntoLT2 [27],

and OntoLearn and Consys [12, 28]. To realize the vision

of ROD, a host of functions need to be supported by

ontology tools and technologies. Besides ontology learn-

ing, some functions that can facilitate ontology develop-

ment are listed as follows:

a) Knowledge elicitation: captures domain knowledge

from users directly.

b) Ontology retrieval: allows users to search ontologies

based on terms, relations, properties, and so on.

c) Ontology editing: supports users in creating and

updating ontologies.

d) Ontology validation: facilitates users in verifying the

quality of ontologies. It may be partially automated by

incorporating inference mechanism into the system.

For example, description logic provides strong internal

support for inference. Thus, it should be able to add

additional axioms and deductive rules to ontologies

[29].

e) Collaborative development: supports a team of dis-

tributed users in collaborative ontology development.

Ontology development is a knowledge-intensive task.

A single user may not be sufficient to cover the

knowledge of a target domain. Instead, a group of

users with complementary expertise should be allowed

to collaborate in developing ontologies, each of whom

focuses on the part of an ontology falling within the

scope of his/her expertise. The consistency and

integrity of ontologies can be ensured with concur-

rency control and security mechanisms. Some systems

have emerged to support distributed collaboration in

ontology development [30–32].

f) Ontology transformation and presentation: allows users

to import and export ontologies encoded in different

standard representation languages and to interop-

erate ontologies developed with different tools and

Fig. 1 Rapid ontology development (ROD)
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applications. Visualization is a promising approach to

ontology presentation. For example, ontologies can be

displayed in multiple views (e.g., tree, tab panel, and

graph) at different granularities (e.g., terms, single

terms, and properties) [32]. Recent versions of Protégé-

2000 [33] provide graphical widgets to support users in

constructing ontologies.

Each of the above functions supports one or more phases

of ROD. For example, (a) supports the design phase, (b–d)

supports the validation phase, and (e, f) support both design

and validation phases. The functions in support of ontology

learning will be discussed in detail in the next section.

2 A framework for ontology learning

We propose a framework for ontology learning in its most

general form based on the related literature (e.g., [12, 23,

28]) and our experience in ontology learning (e.g., [34]).

We integrate components that are commonly involved in

ontology learning into the framework, which utilizes

domain resources in generating ontologies.

The framework for ontology learning consists of infor-

mation extraction, ontology discovery, and ontology

organization. The design phase of ROD is instrumental to

ontology learning. For example, domain analysis helps

identify related domain sources, which can be used to

discover ontological knowledge. In some cases, top-level

ontologies are agreed upon during the design phase, which

serve as valuable knowledge sources to guide the entire

ontology learning effort.

Information extraction. A variety of data can be exploited

in ontology learning, including textual documents (e.g.,

Web pages, papers, reports, book chapters, newspaper arti-

cles), structural data (e.g., Web site structure and book

subject indexes), and usage data (e.g., the log of user navi-

gation and search queries). Information extraction pre-pro-

cesses and recognizes information in a variety of forms and

converts them into the forms that can be used for ontology

discovery. In particular, text documents are processed via

content analysis [35] by employing a variety of natural

language processing techniques, ranging from tokenization,

to part-of-speech tagging, phrase structure and/or gram-

matical function parsing, semantic and discourse analyses

[36]. Server logs of user-system interaction history need to

be cleaned by identifying and extracting users, sessions,

pageviews, and so on. Moreover, the content, structure, and

usage data can be used in combination to support informa-

tion extraction. For example, the content of pages that users

frequently access consecutively or those pages that are

linked together are likely to be related in content.

Ontology discovery. Supervised and unsupervised

learning algorithms have been applied to discover onto-

logical concepts and relations from the extracted infor-

mation. During concept learning, words/phrases that only

perform grammatical functions and words that are unlikely

to carry domain-specific meanings are filtered out using

information retrieval techniques [37]. The candidates for

domain concepts can be sorted in the descending order of

the strength of their relationships with other candidates.

Relation learning generally relies on co-occurrence statis-

tics of information [38, 39]. Approaches to relation learn-

ing vary in terms of the scope of co-occurrence, the metrics

for the significance of co-occurrence, the criteria for

selecting candidate concepts, and the thresholds for

extracting potential relations. Some learning approaches

require the assistance of domain-specific resources such as

thesauri.

Ontology organization. Given the large number of

possible ontological concepts and relations extracted from

the learning process, an issue arises as to how to improve

the usability of the discovered knowledge. Ontology

organization seeks to achieve the above goal via the fol-

lowing steps:

• Clustering synonymous terms and their relations.

Synonyms are merged to reduce redundancies. For

example, given synonyms A and B, a relationship

between A and C, and a relationship between B and C,

we group A and B as a single concept with the

corresponding relationship with C.

• Deriving inverse relations. We can derive inverse

relationships from the ones that have been discovered.

For example, if concept A is found to be a part of

concept B, we can infer that B has a part of A.

• Discovering local centers of concepts. The strengths of

the relationships between concepts vary greatly. A

concept island is a group of concepts that are closely

related among themselves but marginally related to

concepts outside the group. Give a concept islands, we

can infer the importance of concepts by identifying

local centers via social network analysis. If we connect

any two concepts i and j that are directly related within

an island via path pij, a network will be constructed.

The length of p is the total number of concepts on p

minus 1. If a pair of concepts is related transitively, the

length of p is greater than 1. Island center c* can be

found by looking for the concept(s) that has the shortest

total path connecting to the rest of the concepts on the

same island (the total is M), as shown in Formula (1).

c� ¼ arg min
c¼1:::M

XM

i¼1
i 6¼c

pci ð1Þ
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• Building higher-level ontologies. The local centers

discovered in the previous step can serve as the top-

level ontology of the target domain. The process for

identifying local centers in a concept island is repeated

to find concepts for a lower-level ontology by selecting

concepts that have the next shortest length of path. This

process continues to the desired level where concepts

constitute the leaf nodes of an ontology hierarchy. It is

possible to construct such a hierarchy for each relation

separately.

It is desirable to automate all the components in the

framework for ontology learning by developing techniques.

However, this remains infeasible and some components are

carried out manually. For example, Zhou et al. [34] first

crafted the top-level ontology manually based on existing

domain resources, then learned ontological concepts and

relations automatically, and finally mapped learning results

to the top-level ontology by hand. Riloff and Shepherd [40]

initiated the learning process with a set of manually se-

lected seed concepts, which were then bootstrapped grad-

ually. We summarize and analyze ontology learning

approaches in the next section.

3 Ontology learning approaches

3.1 Classification of ontology learning approaches

A variety of approaches have been applied to ontology

learning. Based on an analysis of factors that have impact

on ontology learning process and/or outcome in the extant

literature, we identify important dimensions for the clas-

sification of ontology learning approaches, including units

to be learned, learning targets, learning strategies, and

learning techniques, which are listed in Table 1. It is noted

that each dimension is related to one or more components

in the framework for ontology learning (See Fig. 2). For

example, data sources and learning targets are related to the

input and output of ontology learning respectively.

Learning strategies involve both ontology discovery and

ontology organization.

A learning unit can be either a multi-word phrase or a

single word. In addition to concepts and relations, learning

targets could be definitions that describe the concepts and

axioms that constrain the interpretation of concepts and

relations. Ontologies can be learned from static sources

such as text documents, Web, and dictionaries as well as

dynamic sources such as user-system interaction behavior

and Web logs. Once the domain and data sources are

identified, the decision on learning strategies can be made.

The bottom-up strategy starts with text documents and

gradually derives top-level ontologies while the top-down

strategy begins with the top-level ontology gradually

bootstraps low-level ontologies. The learning technique is

the core of an ontology learning approach, which will be

discussed in detail in the next section. Some ontology

learning approaches depend more strongly on external

knowledge than others.

3.2 A taxonomy of ontology learning techniques

Learning techniques play an important role in an ontology

learning approach. Ontology learning commonly involves

machine learning techniques in discovering ontological

knowledge. Machine learning represents a generic type of

techniques that deal with extracting inductive patterns from

data or building models to fit the data [53]. An ontology

learning technique usually starts with formalizing data with

a set of features indicative of ontological knowledge, then

generates internal representations of candidate models

from the formal input of data, and finally applies the best

models selected based on certain criteria to produce

ontological knowledge.

Drawing upon the extant literature, we propose a clas-

sification schema of ontology learning techniques, as

shown in Fig. 3. The top-level consists of three categories:

statistics-based, rule-based, and hybrid techniques. The

majority of ontology learning techniques are unsupervised

because training data annotated with ontological knowl-

edge are commonly not available. As a result, statistical

techniques have been often applied in ontology learning. A

statistical model is typically represented as a probabilistic

network that indicates the probabilistic dependencies be-

tween random variables [54, 55]. The statistical informa-

tion computed from observed frequencies or joint

distributions of the terms is used to determine concepts and

their relations. Different approaches vary in how this

probabilistic network is generated and which method is

applied to combine individual distributions. Maximum

Likelihood Estimation and Bayesian approaches are typical

examples. Rule-based approaches require matching to

Table 1 Classification of approaches to ontology learning

Dimensions Categories

Learning units Word and term (single and multi-word)

Learning targets Concept, relation, definition (description of

ontological concept), and axiom

Data sources Document collection [41], Web [32, 42],

dictionary [43, 44], and user interaction [45]

Learning strategies Bottom-up [46, 47], top-down [40], and hybrid

[32]

Learning techniques Statistics-based [48], rule-based [49], and

hybrid [50]

Knowledge support Knowledge-rich [51] and knowledge-lean [52]
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pre-defined rules or heuristic patterns in order to extract

terms and relations. A rule-based model is typically rep-

resented as a set of rules consisting of condition testing and

action execution, such as dependency relation analysis [56,

57] and anaphoric resolution [58, 59]. Hybrid approaches

leverage the strengths of both statistics-based and rule-

based approaches.

Among various machine learning applications, ontology

learning focuses on association learning. Measures of

associations can be generally defined in two ways. One is

based on extrinsic features in the context, typically co-

occurrences of terms, which is referred to as context sim-

ilarity. The other is based on intrinsic features of terms

such as their own properties and relations, which is called

self similarity. There is another rarely used approach (e.g.,

three-layer feed forward neural network [60]), which is not

discussed in this paper. Each of the learning techniques

focuses on a different aspect of ontology learning and has

many variants, making the selection of the most appro-

priate technique difficult. For example, the scope of

co-occurrence analyses ranges from sequences of words (n-

grams), to syntactic structures (e.g., verb-object), and to

windows of fixed context. It is possible to design a hybrid

measure that takes advantage of both context and self-

similarities such that a measure of association may assess

the context similarity of those terms that satisfy self-simi-

larity requirements.

The analysis of ontology learning techniques reveals a

trend of enhancing the performance of ontology learning

with additional knowledge support such as dictionary and

thesaurus. Given the lack of established resources in some

domains, natural language processing techniques are

introduced into ontology learning to generate linguistic

information (e.g., phrase structures and dependency rela-

tionship) from the text automatically.

Like other machine learning applications, one major

problem facing ontology learning is how to estimate the

probability of co-occurrences that are not observed in a

training corpus. Such a data-sparseness problem can be

addressed with two types of approaches: smoothing and

Fig. 2 A framework for

ontology learning

Fig. 3 Ontology learning

algorithm
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class-based methods. Smoothing methods estimate the

probability of unobserved co-occurrences using observed

frequency information [61, 62]. Class based models [63]

distinguish between unobserved co-occurrences using

classes of ‘‘similar’’ words. The probability of a specific

co-occurrence is determined using generalized parameters

about the probability of class co-occurrences.

Ontology learning techniques have been applied to a

variety of domains, which could have impact on the

selection of ontology learning techniques.

4 A classification scheme of domains

The quality of ontology learning results is usually com-

promised when a developer fails to recognize that a fa-

vored strategy for learning is actually uninformative and/

or a specific learning approach is applied to an unsuitable

domain. Poor quality often results from a mismatch be-

tween learning strategies and domains. Given the

importance of matching domains with methods to reuse

[92], the selection of ontology learning approaches should

take the characteristics of domains into consideration.

Therefore, we classify domains from multiple perspec-

tives and make recommendations of ontology learning

approaches.

Established vs. under-developed domains. With the

proliferation of ontology use, more and more domain on-

tologies are developed. At the minimum, standard terms,

relations, and even thesauri are available in those domains.

Such resources make top-down and knowledge-rich ap-

proaches very attractive for ontology learning. For exam-

ple, in the biology domain, it is easy to find well-defined

vocabulary and even ontologies for genes and molecules.

Nonetheless, many other domains remain to be under-

developed (e.g., community development) and lacking of

domain-specific resources. Constrained by resource avail-

ability in those domains, knowledge-lean and bottom-up

approaches should be preferred in ontology learning.

Emerging vs. conventional domains. New domains are

constantly emerging, driven by scientific and technological

advances or national needs. Such domains (e.g., nano-

technology) generally do not yet have ontologies. The ac-

cess to authoritative information sources is also likely to be

limited. Thus, the bottom-up approach appears to be a good

alternative for ontology learning, which can facilitate dis-

covering new domain knowledge. Conversely, in a con-

ventional domain, an enormous amount of information has

been accumulated over time. For example, with over three

hundred types of dills in gardening, the number of relevant

information sources is overwhelming. Thus, it is better to

start with top-level concepts and to expand them using a

top-down or hybrid approach in developing ontologies.

Technology-heavy vs. technology-light domains. Tech-

nologies are the driving force and the enabler of informa-

tion sharing. As a result, knowledge in technology-heavy

domains is being updated at a much faster pace than

technology-light ones. To this end, a hybrid approach that

allows for incremental knowledge update seems promising

to technology-heavy domains.

Self-contained vs. interdisciplinary domains. Unlike

self-contained domains, interdisciplinary domains are

prone to ambiguities associated with term usages. For

example, ontology in philosophy has different meanings

from that in artificial intelligence. As a result, a bottom-up

approach may not converge to higher-level ontologies in

interdisciplinary domains. A better alternative would be

starting with defining the top-level ontology and then

bootstrap it to acquire a full ontology.

5 Open issues in ontology learning

Tremendous progress has been made in ontology learning,

owing to the contribution of a variety of disciplines such as

formal modeling, computational linguistics, knowledge

engineering, machine learning, and Web intelligence.

Nonetheless, the ultimate goal of developing a set of full-

fledged ontology learning tools that can produce high-

quality learning outcome is still far from reaching. A

number of challenges need to be addressed before this field

matures. Some open issues in ontology learning that are

worthy of future research are summarized and potential

solutions are suggested in the rest of this section.

Human understandable vs. machine-understandable.

Ontologies are designed to facilitate knowledge sharing

and reuse between humans and software agents. In terms of

the level of abstraction, ontology representation languages

form a spectrum ranging from natural language at one end

to formal language at the other. The two extreme ends best

satisfy the needs of humans and software agents respec-

tively. In order to bridge the gap between them, we may

allow humans to access ontologies using natural language

by mapping natural language words/phrases to low-level

ontology concepts automatically while keeping the top-

level ontology abstract.

Learning specific relations. Previous effort on ontology

learning has focused on discovering generic relatedness

or associations rather than specific types of relations.

Among different types of specific relations, the taxo-

nomic relation has been discussed most frequently. Other

types of relations, although much less studied, are also

important to some domains. For example, part-whole

relation is critical to Sequence Ontology [93] for genomic

annotation and related_synonym is part of Gene Ontol-

ogy. Some efforts have been taken to discover part-whole
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relationship from the text [71, 94] and in learning

instances of relations from the Web [95]. Additional

research work is needed in discovering specific relations

by ontology learning.

Learning higher-degree relations. All the relations and/

or associations that have been discussed so far are binary,

which relates two concepts with each other. However,

higher-degree relations are required for some domains. For

example, the trust relation describes who trusts whom on

what. To our best knowledge, little work has been done in

learning higher-degree ontological relations. This will be

an interesting issue for further investigation, possibly by

extending the approaches to learning binary relations.

Learning definitions. In view of the semantic ambiguity

in interpreting a concept, the definition can play a part in

enriching ontological concepts and facilitating consistent

interpretation and application of ontologies. Definition

learning may take on various forms: identifying and

extracting new definitions, selecting from alternative defi-

nitions, and compiling definitions from pieces of infor-

mation. Heuristic indicators and/or patterns such as is

defined as and is referred to as have been applied in

learning definitions (e.g., [96]). Moreover, the large body

of literature on word sense disambiguation [75, 97–102] is

conducive to selecting among alternative definitions. There

have been some encouraging results on interpreting new

concepts based on the definitions of component words from

existing resources [28] and in learning definitions through

relations [103]. Nonetheless, the effectiveness of the above

approaches needs to be evaluated formally.

Term filtering. Learning ontologies from the text is

subject to high false alarms caused by a large number of

extraneous terms in discovering domain-specific concepts.

The noise terms would engender even more superfluous

associations and computation cost. Therefore, it is impor-

tant to filter such terms as early as possible in ontology

learning. Mutual information and traditional term weight-

ing techniques developed for information retrieval have

been utilized in selecting domain-specific terms [32, 104].

Contrast analysis is another practical means to distinguish

concepts of the target domain from those of other domains

[28, 67]. Nonetheless, how to select contrast domain(s)

remains an issue. Such domains are expected to be diverse

enough to identify domain-specific concepts and similar

enough to screen out common terms. Furthermore,

anaphora resolution [105] and co-reference resolution

[106], aiming to identify entities referred by pronouns and

definite noun phrases, has great potential in refining the

discovery of concepts and relations.

Mapping to high-level ontology. How to map ontology

learning results to high-level ontologies or how to construct

high-level ontologies from fine-grained learning results is

crucial to effectively organizing ontologies. Linking

linguistic entities to ontology concepts and relations can be

carried out either manually [107] or automatically [108].

For example, using path analysis (See Sect. 2), a concept

that has a shorter path to other concepts can be placed

higher in an ontology hierarchy. Another alternative is to

treat the top-level concepts in an ontology as seeds and

then to induce other related concepts in a bootstrapping

manner until the desired depth is reached [40, 109]. The

mapping problem becomes more complex when multiple

ontologies are involved. Ontology merging or integration

[110–112] remains a challenging task.

Evaluation benchmark. Human validation is still man-

datory in the state of practice in ontology learning. In

particular, ontology learning results have mainly been

evaluated by domain experts manually. Due to limited

access to domain experts and extensive effort involved in

manual evaluation, it is highly desired to have benchmark

corpora, which are assembled from domains of interest and

annotated with corresponding ontologies, to support auto-

matic validation. Moreover, the benchmark corpora allow

evaluating both usefulness and accuracy of resulting on-

tologies quantitatively. For example, the quality of an

ontology can be measured by the degree to which the

ontology ‘‘fits’’ a corpus [113], which can also be viewed

as a measure of validity of the ontology to the domain.

Without the common benchmark corpora, it is difficult to

compare different approaches on an equal basis. The

benchmark represents a shared understanding of the task at

hand, allowing one to identify the strengths and weak-

nesses of an ontology learning approach objectively and to

concentrate on improving the state of ontology learning.

Furthermore, given the corpora annotated with ontological

knowledge, supervised approaches (e.g., [74]) to ontology

learning can also be pursued.

Incremental ontology learning. As domain knowledge

evolves over time, ontologies need periodic updates, which

may become the central task of ontology maintenance. It

would be more effective to reuse existing ontologies in-

stead of re-learning the entire ontology from scratch,

especially as domain ontologies proliferate. An incremental

learning approach [114] that can accommodate new chan-

ges by updating existing ontologies incrementally seems

very attractive.

Levels of ontology learning. According to the level of

details, ontologies are classified into four types: meta-level,

reference, shareable, and domain ontologies [115]. Loosely

defined, ontologies span the spectrum with formal ontolo-

gies at one end and knowledge base at the other end. Some

researchers [116] argue that ontologies should be abstract

and stay only at the top level, while others think that on-

tologies are similar to terminological knowledge base (e.g.,

[117]). In the latter case, ontologies are populated with

terms that manifest the concepts, relations, and constraints.
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Generally, ontology learning can directly benefit creating

low-level ontologies. Another decision involved in ontol-

ogy learning is whether to learn concepts or instances.

There are no golden rules to follow in making the dis-

tinction. This is largely dependent upon the scope of

ontology learning. For example, ‘‘Dell Notebook’’ can be

considered as either a subclass or an instance of ‘‘Note-

book’’. It is also possible to learn new instances for pre-

specified ontology classes and relations [95].

Multi-agent learning. In multi-agent learning, a group of

distributed, learning agents improves its group perfor-

mance through collective experience. The agent-based

paradigm is ideal for supporting distributed and collabo-

rative ontology learning. Agents are able to locate and

translate disparately referenced concepts and improve

concept precisions as they enhance their experience from

others. It is proven that agents are able to: 1) learn diverse

ontologies; 2) locate, share, and integrate knowledge; 3)

improve group performance through experience; and 4)

introduce novel approach and novel algorithms [118–121].

Learning beyond text. Text is probably the most widely

available medium for learning ontologies. Ontology

learning can also leverage multimedia information such as

audio, video, and image by employing multimedia tech-

nologies. For example, content-based image retrieval

techniques can be applied in learning ontologies from im-

age content. In addition, it has also been suggested to draw

hypotheses about term relations on the basis of user

observations [122, 123]. For example, if a user of a re-

trieval system combines two terms by OR in his/her query

(and further requirements hold), these terms are probably

synonyms.

6 Conclusion

The potential of ontologies in supporting knowledge

sharing and reuse has attracted wide attention from

researchers and practitioners across many disciplines.

However, making ontologies operational within the Web

and other distributed systems still requires a considerable

amount of research and development effort to construct and

maintain ontologies. Ontology learning makes unique

contributions to the ontology community by offering effi-

ciency and overcoming the bottleneck in discovering the

content of ontologies. In this paper, we proposed a learn-

ing-oriented model of ontology development, a framework

for ontology learning, and taxonomies of ontology learning

approaches and techniques. In view of the impact of do-

main on ontology learning approaches, we also developed a

classification scheme of domains. In order to realize the

full potential of ontology learning, we presented current

challenges and suggested potential solutions.

Web repositories and recently emerged social network-

ing Web sites feature diversity, large scale, and dynamics,

which provides unparalleled valuable resources for ontol-

ogy learning. As the expansion of the semantic Web, more

and more Web content is annotated with semantic infor-

mation using ontologies, which would ease the task of

ontology learning (e.g., [82]). On the other hand, the

semantic Web will indirectly benefit from ontology learn-

ing by breaking the barrier for wide adoption of the

semantic Web.

Ontologies play an instrument role in turning the current

Web into a network of knowledge resources and services.

Learning ontologies is not an end in itself. In addition to

enabling the semantic Web, ontologies may facilitate

searching and filtering relevant and trustable information

on a subject matter in which a user is interested. As

companies and organizations are shifting towards semantic

Web services, ontologies become indispensable in

expressing request profiles, service profiles, and process

models. Ontology learning models may be wrapped as Web

services. Service providers are motivated to describe new

services and transform legacy services using established

ontologies in order to increase the accessibility of their

services to consumers. Third parties who are interested in

providing add-on services will benefit from ontologies in

integrating existing services. An individual who prefers

personalized services and content delivery can specify their

profiles with popular ontologies such as FOAF (Friend-Of-

A-Friend).
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