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Folksonomies have become very popular as means to organize large sets of resources shared over the
Social Web. The bottom-up nature of folksonomies has proved to be an interesting alternative to the cur-
rent effort at semantic web ontologies since folksonomies provide a rich terminology generated by large
user-communities. Besides, ontologies extracted from folksonomies can represent the intelligence collec-
tive of social communities. Such ontologies also represent a core element of a new feature of the Web, the
Internet of Things. Many research studies have captured semantics in folksonomies, some of which have
developed ontologies from folksonomy. However, the formal specific-domain ontology consisting of
domain-dependent relations has not been researched yet. This paper introduces an algorithm for deriving
a domain-specific ontology from folksonomy tags. The proposed algorithm starts by collecting a domain-
specific terminology; next, discovering a pre-defined set of conceptual relationships among the domain
terminologies. The evaluation of the algorithm, using a dataset extracted from BibSonomy, demonstrated
that the algorithm could effectively learn domain ontologies consisting of domain concepts linked by
meaningful and high accurate relationships. Furthermore, the proposed algorithm can help reduce com-
mon issues related to tag ambiguity and synonymous tags.
� 2017 The Authors. Production and hosting by Elsevier B.V. on behalf of King Saud University. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Social tagging websites (e.g. www.del.icio.us/, www.bibson-
omy.org/, www.flickr.com/, etc.) offer users open platform to
describe their content using their own vocabularies, forming the
so-called folksonomies (Vander Wal, 2007). From a knowledge
organization point of view, folksonomies have two main advan-
tages: folksonomies provide a vast amount number of user-
generated annotations and directly reflect users’ vocabularies and
interests; they are relatively cheap to develop and harvest as they
emerge from end users’ tagging (Hotho et al. 2006; Szomszor et al.
2007; Mathes 2004). These advantages have turned folksonomies
into an interesting alternative to current efforts at semantic web
ontologies (Al-Khalifa and Davis 2007; Szomszor et al. 2007;
Gruber 2007; Shirky 2005; Lee, 2015). On the other hand, the fact
that ontology users are not involved in ontology construction con-
tributes significantly to the current dearth of satisfying coverage in
ontologies (Van Damme et al., 2007). Therefore, automatically
developing an initial version of an ontology from user-generated
systems reduces the high cost associated with using ontology engi-
neers to develop domain ontologies from scratch. Though many
approaches to the explicit semantics behind social tags, as
described in Section 2, have been proposed, the results remain lim-
ited. Most of these approaches focus on discovering related tags
rather than building ontologies, much less domain-specific ones
(García-Silva et al., 2012). In addition, these approaches either do
not define the nature of relations between tags or derive only lim-
ited kinds of relations (often taxonomic or more general) without
considering the kind of conceptual relationships that should be
modeled in particular domains (Trabelsi, et al., 2010). This paper
proposed an algorithm to elicit domain-specific ontology from
folksonomy. Experimental results, on real word data available in
BibSonomy, demonstrated that the proposed algorithm could
effectively learn a domain terminology. As well, discover a set of
pre-defined meaningful relationships among the domain termi-
nologies. The remainder of the paper is organized as follows: In
Section 2, a selection of related work is outlined. Next, in Section 3,
the dataset used in the experiments described. Section 4, the
proposed algorithm is presented, then, in Section 5, extensive
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Table 1
Dataset.
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discussion and evaluation of the proposed algorithm. Section 6,
conclusions.
Dataset Resources Tags Unique Tags

BibSonomy 20,000 85,006 11,865
2. Related work

Much work has been done to introduce semantics in folkson-
omy (García-Silva et al., 2012; Alruqimi and Aknin, 2015; Jabeen
et al., 2016), and to investigate methods of deploying this seman-
tics for tasks such as information retrieval (Uddin et al., 2013;
Zubiaga et al., 2013; Tommasel and Godoy, 2015), recommender
systems (Cantador et al., 2011; Ching Hsu, 2013; Font et al.,
2015), and ontologies development (Hamdi et al., 2012; García-
Silva et al., 2014; Wang et al., 2015). Generally, Semantics behind
folksonomies studies fall into three broad categories: statistical
analysis approaches, knowledge-based approaches and hybrid
approaches. The early studies explored means of leveraging the
co-occurrence statistics of tags and the tripartite structure of folk-
sonomies to measure tag relatedness (e.g., Begelman et al., 2006;
Schmitz, 2006; Heymann and Garcia-Molina, 2006; Mika, 2007).
This category of approaches focused on grouping similar tags and
building their hierarchies without providing methods for defining
the exact meaning of tags and their relations. More recently
researchers (e.g., García-Silva et al., 2014; Tesconi et al., 2008;
Cantador et al., 2008; Angeletou, 2008) proposed to make tags
semantics explicit by grounding them to corresponding entries in
online knowledge bases, such as thesaurus and ontologies. In this
context, WordNet and DBpedia are widely used as semantic knowl-
edge sources for mapping tags. Although these approaches are
more precision, but approaches heavily dependent on WordNet
get poor recall due to the fact that many of the tags from folk-
sonomies do not exist in WordNet. Lately, DBpedia has grabbed
more attention in this respect. DBpedia has considerably larger
coverage than WordNet. However, it provides more specific rela-
tionships (e.g., ‘‘was born in”, ‘‘lives in”, etc.) limited to entities with
proper names. Another type of approaches on the topic (e.g., Specia
and Motta, 2007) was proposed using a combination of the two
abovementioned approaches. In general, there is a lack of methods
that extract domain-specific ontologies from folksonomies. Besides
existent approaches only identify limited kinds of relations that are
either taxonomic relations (i.e. has, partOf, subClassOf) or more gen-
eral relations (i.e. sameAs, isa). Based on the above evaluation, our
algorithm produces baseline domain ontologies from tags in folk-
sonomies. The proposed algorithm collects a domain terminology
from tags relying on a set of domain keywords extracted automat-
ically from Wikipedia pages titles. Then, it discovers pre-defined
relations with more specific senses in a given domain.
3. Dataset description

The data selected for the experiments is a snapshot of BibSon-
omy (Benz et al., 2010), Knowledge & Data Engineering Group,
2008, which is available on the BibSonomy site in the form of
‘‘DAT” files (http://www.kde.cs.uni-assel.de/bibsonomy/dumps/#-
datasets). BibSonomy is a web-based social bookmarking and col-
laborative tagging system which enables the storage, tagging,
sharing, and retrieval of bookmarks and publications. It is online
since 2006 and is actively used by several thousand users. In fact,
users utilize folksonomies with various intentions. For instance,
Delicious is used for general purpose whereas BibSonomy primar-
ily serves academic and scientific interests. Compared to general
folksonomy, academic folksonomy has a more complex nature in
terms of semantics and sparsity of the data (Du et al., 2009; Lee,
2015; Dong et al., 2017). Therefore, they would be more useful
for building ontologies (particularly, ontologies for scientific
domains). However, several pre-processing steps have been con-
ducted on the whole dataset before randomly selecting 20,000
resources assigned with 85,006 tags (11,865 unique tags), as
shown in Table 1.

4. The proposed algorithm

The proposed algorithm takes a domain name as input and
produces the corresponding domain ontology as output. This
algorithm first represents folksonomy resources as an undirected
weighted graph. Next, it collects a domain terminology through
traversing the resources graph relying on a set of domain keywords
extracted automatically from titles of Wikipedia entries. Finally,
we extract semantics information about the collected domain ter-
minology by linking it to corresponding Wikipedia entries. This
includes identifying the meaning, attributes and synonyms of the
domain terminology as well as discovering semantic relationships
among the domain terminologies. The general method, as shown in
Fig. 1, is performed through two main phases: domain terminology
extraction; and concept/relation identification.

4.1. Domain terminology extraction

Typically, the process of building a domain ontology starts by
collecting the domain terminology (domain-relevant terms).
Therefore, the goal of this phase is to collect a domain terminology
from tags. To this end, we developed a Java tool, which we called
TermRank. This tool takes the name of a specific domain and a pre-
pared folksonomy dataset as inputs and returns a list of domain-
relevant terms. This phase is conducted in three sub-main activi-
ties: 1) pre-processing, 2) generating the resources graph and 3)
collecting the domain terminology.

4.1.1. Pre-processing
In this activity, many proceedings were performed on the data-

set to clean it. These processes include removing the ‘‘imported”
tag which repeats in a large number of records, and deleting special
characters, duplicated records and tags in the same record and
prepositions. Furthermore, we used a lexical vector to exclude
non-objective tags that caused noisy connections between the
resources on the resources graph (Alruqimi and Aknin, 2015;
Cantador et al., 2011).

4.1.2. Resources graph generation
A folksonomy can be seen as a tuple A: = (U, T, R), where U, T,

and R, are finite sets, whose elements are called users, tags and
resources, respectively. Folksonomy can be represented as an undi-
rected tri-partite hyper-graph G = (V, E) where V = U [ T [ R, is the
set of vertices and E = {(u, t, r)|(u, t, r) 2 A} is the set of edges; the
tri-partite graph can be folded into two and one-mode graphs
(Mika, 2007). In this work, we built the one-mode graph G’ = (V’,
E’) in which V’ represents the set of resources, and E’ represents
the set of weighted edges where two resources (ri, rj) will be con-
nected by an edge if they have at least one common tag assigned to
both resources (Fig. 2). Formally, E’ = {(ri, rj)|$ ((u, tm, ri) 2 A ^ (u, tn,
rj) 2 A ^ tm = tn)}. The number of common tags between ri and rj
represents the weight of the edge w(ri,rj). Formally:
wðri; rjÞ ¼ jft 2 Tjðu; ri; tÞ 2 Ag \ ft 2 Tjðu; rj; tÞ 2 Agj (García-Silva
et al., 2014). Vertices of the graph have, as attributes, the list of
their assigned tags. In the following section, we describe how to
traverse this graph in order to collect the relevant domain terms.

http://www.kde.cs.uni-assel.de/bibsonomy/dumps/#datasets
http://www.kde.cs.uni-assel.de/bibsonomy/dumps/#datasets
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Fig. 2. An example of a resources graph.

Fig. 1. The structure of the proposed algorithm.
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To implement this phase, we use JGraphT library, which is a free
Java class library that provides mathematical gra ph-theory objects
and algorithms (http://jgrapht.org/).

4.1.3. Collecting domain terminology
By traversing the resources graph G’, we look for resources that

are relevant to a given domain, and then collect the tags assigned
to these resources as domain terminologies. Our method requires
set of domain keywords as references to select set of resources as
starting points (seeds) to traverse the graph G’. In more details,
Implementation this activity goes throughout three sequential
steps as follows: Firstly, we extracted a set of Domain Keywords
from titles of Wikipedia articles and redirection pages contained
in the main Wikipedia category corresponded to the given domain.
Secondly, a set of resources, that are considered highly belong to
the given domain, was selected as seeds. To select a resource as a
seed, at least two-thirds of the tags assigned to this resource
should be approximately matched to the Domain Keywords. See
Eq. (1); Let us consider K is the set of domain keywords.

aðriÞ ¼ jft 2 Tjðu; ri; tÞ 2 Agj \ jfKgj
jft 2 Tjðu; ri; tÞ 2 Agj ð1Þ
Finally, we traverse the graph G’ starting from the selected
seeds. Throughout the traversing process, we applied a ranking
function over each visited vertex. The ranking function rates the
relevance of a vertex to the given domain based on the number
and weight of the paths coming from the different seeds to it
(See Eq. (2) adapted from (García-Silva et al., 2014)). Resources that
have a ranking value greater than a defined h threshold have been
marked as domain-relevant resources, and hence all their associ-
ated tags have been gathered rj as domain-relevant terms. To tra-
verse the graph, we use the breadth first search (BFS) method; once
the graph being traversed starting from a particular seed, the
traversing process stops whether reaching another seed or reach-
ing a terminal vertex.
aðrjÞ ¼ a0ðrjÞ þ jft 2 Tjðu; rj; tÞ 2 Ag \ ft 2 Tjðu; ri; tÞ 2 Agj
jft 2 Tjðu; rj; tÞ 2 Agj � aðriÞ

d

ð2Þ
Let us consider ri is the previously visited vertex from which we
reached, d is the distance between the current vertex and seed.

http://jgrapht.org/


Fig. 4. Using Google as an intermediary to retrieve Wikipedia articles that
represents terms meaning.
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Procedure 1 Generating domain keywords
1: domainKeywords ExtractDomainKeywords(Wikipedia,

domain_name). 2: for each vertex in G’ do.
3: simValue compareTagsToKeywords(vertex,
keyword). 4: if(simValue > threshold) Then.
5: setVertexSeed(vertex, ‘‘yes”).
6: addVertexToSeedList(seedList, vertex).
7: end if. 8: end for. 9: Function
ExtractDomainKeywords (Wikipedia, domain_name).
10: catgoriesTitles getCategories (Wikipedia,
domain_name).
11: articlesTitles getArticlesOfMainCat (Wikipedia,
domain_name). 12: redirectPagesTitles 
getPageRedirects (articles).
13: domainKeywords catgoriesTitles [ articlesTitles [
redirectPagesTitles. 14: return domainKeywords.
15: End Function.

Procedure 2 Collecting domain-relevant terms
1: domainTerms array[ ]. 2: for each seed in seedList

do. 3: vertexList BreadthFirstSearch (G’, seed).
4: add(domainTermList, vertexList). 5: end for.
6: domainTerms getUniqeTerms(domainTermList).
7: Function BreadthFirstSearch (G’, seed).
8: q traversedVerteices[ ]. 9: while(q is not empty
and vertex is not seed) do. 10: vj next(q).
11: vi previousVertx(). 12: rank doRank(vj, vi,
seed). 13: if(rank > threshold) Then. 14: setState (vj,
‘‘true”). 15: add (RelevantTerms, vj). 16: end while.
17: return RelevantTerms. 18: End Function.
19: Function doRank (vj, vi, seed). 20: rank getRank(vi)
+|w(vi \ vj)| / | vi | ⁄ getRank(vj) / pathBetween(seed, vj).
21: return rank. 22: End Function.
4.2. Concepts and relations identification

This task is primarily referring to the process of defining the
intended meaning of the extracted terms and discovering relations
among them. It also includes disambiguating terms and extracting
semantic information about them as well. To perform this task, we
proposed to use Google as an intermediary to match the tags to
their appropriate Wikipedia entries. By correlating tags to Wikipe-
dia entries, we identify the exact meaning of terms and retrieve
semantic information about each correlated term, including its cat-
egory and its alternative names. Then, we discover relations among
terms based on texts of the Wikipedia entries correlated to those
terms. The advantage of using Wikipedia as a reference to map
terms is that Wikipedia is a community-driven knowledge base,
much like folksonomies are, so that it rapidly adapts to accommo-
date new terminology. Many of the popular tags occurring in folk-
sonomies do not appear in grammar dictionaries, such as WordNet,
Fig. 3. An example of applying Concepts Id
because they correspond to proper nouns, modern technical words,
or are widely used acronyms. In addition, the redirect pages in
Wikipedia provide synonyms and morphological variations for a
concept. For example, when searching the tag ‘nyc’ in Wikipedia,
the entry for New York City is returned.

4.2.1. Concepts identification
By concepts identification, we mean to identify for each term

the appropriate Wikipedia article that represents its intended
meaning so that we can standardize names of the terms and enrich
them by adding their categories and their possible synonyms as
well. See the example depicted in Fig. 3. To perform this task, we
used Google to retrieve the appropriate corresponding Wikipedia
article for each term. As it shown in Fig. 4. Using Google as an inter-
mediary to retrieve Wikipedia articles that represents terms mean-
ing, we first passed to Google a term enclosing between the
domain name (in this example: ‘‘Web Development”) as a context
and the word (‘‘Wikipedia”) to bring Wikipedia pages to the top.
Then, we look for a morphological matching between the term
and the titles of the top four retrieved Wikipedia pages. The sim-
plest case occurs when a term can be matched directly to the first
Google result. In other cases, a term could be matched directly to a
page title, to a part of the title, or to one of the redirected pages. As
well, terms could be matched to abbreviations that come with the
Wikipedia entries’ titles enclosed between parentheses. In some
cases, matching to Wikipedia entries fails.

In fact, querying Wikipedia through Google allows taking
advantage of techniques embedded in it, such as stemming and
lemmatization, so that we have a high chance of finding the correct
corresponding Wikipedia articles. In the example shown in Fig. 3,
passing the term ‘CSS’ to Google resulted in retrieving the Wikipe-
dia article entitled ‘Cascading Style Sheets’ since CSS represents a
redirect page to this article in Wikipedia. In the case of disam-
biguated terms, (for instance the term ‘‘Ajax” that could refer to
a programming language or a mythological Greek hero), the Wiki-
pedia article that represents its intended meaning comes first in
the Google results due to using the domain name as context. How-
ever, we use information available on the selected Wikipedia arti-
cles to enrich the terms. These includes redirect pages as
alternative names, and Wikipedia categories containing that page
that are listed on the bottom of each article.

4.2.2. Concepts relations extraction
This activity is aimed at discovering semantic relationships

among the domain concepts, identified in the previous activity.
Unlike most approaches in the literature that have re-used the
entification process for the term ‘‘CSS”.



Fig. 5. Example of a generated string tag.
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semantic relations defined in the existing ontologies such as
WordNet and DBpedia, we extract semantic relations from the
free-text content of Wikipedia articles, correlated to these domain
concepts, since we aim to extract our own interesting relationships
that are not provided by these ontologies; we are more interested
in domain- dependent relationships that can be expressed by par-
ticular verbs of an area of interest. For example, in our case study
domain, ‘Web Development’, techniques verbs such as design, cre-
ate, run, execute, and develop etc., can form more interesting
semantic relations. Table 3 shows the relationships of interest sug-
gested by our method with examples; the domain concepts are in
bold. In the following, we detail the two main activities in this
phase: pre-processing and relations extraction.
4.2.3. Pre-processing
This task aims to extract sentences that contain pairs of domain

concepts, generating a ‘tag string’ for each sentence. See Fig. 5. To
perform this task, we first applied pre-processing to the whole text
of the set of Wikipedia articles bound to the domain concepts in
the Concepts Identification activity (Section 4.2.1). Pre-processing
activity implies the elimination of non-alphabet sentences (such
as codes and equations), semi-structured sentences (such as tables,
info-boxes, and numeric menus), and the parentheses expressions.
Then, we gathered sentences that contained pairs of domain con-
cepts, finally, applying part-of-speech tagging to create a tag string
for each sentence. The tag string is composed of the part-of-speech
tags defined in OpenNLP1 along with our own tags (DTs and PDR)
that represent domain concepts, and the set of pre-defined verbs
and keywords that represent our relations types respectively. Table 5
shows some of Keywords that represent the various types of rela-
tions of interest. To accomplish this activity, we reused some of
the existing tools. First, to access Wikipedia data, we use Java Wiki-
pedia Library (JWPL) (Zesch et al., 2008). Second, we use the Apache
OpenNLP for part-of-speech tagging.
Table 2
Samples of extracted terms for the web development and semantic web domains.
4.2.4. Relations extraction
To extract the relations of interest (see Table 3), we used a set of

regular expressions (see Table 6) adapted from (Arnold and Rahm,
2014; Stoutenburg et al., 2009) to detect our defined linguistic pat-
terns. More specifically, we matched the ‘‘tag string” for each sen-
tence to a set of regular expressions to detect linguistic patterns
that define relations of interest. As an example, Fig. 5 and Table 4
show a sentence with its created tag string by our method. Note
in this example that ‘Joomla’ and ‘content management system’
were tagged by our own tag (DTs) as they match two domain con-
cepts. Also, the combination of ‘‘is” and ”a” has been tagged as
(PDR) since it matches one of the typical pre-defined patterns that
represent a relation kind. Table 5 shows some of the keywords that
our approach used along with the regular expressions to identify
the linguistic pattern for each relation of interest.

In fact, the position of the domain concepts in the sentences is
important as our algorithm focuses on detection directed relations
between pairs of concepts in the form (Concept1, relation pattern,
Concept2).
1 https://opennlp.apache.org/
5. Evaluation and discussion

In this section, we evaluate ontologies that were generated by
our method from a folksonomy excerpt extracted from BibSonomy
Dataset.

5.1. Terminology extraction

Terminology evaluation process (determining whether they are
relevant to a given domain or not) is a difficult task due to the lack
of evaluation frameworks and comparison methodologies, in addi-
tion to the lack/incomplete of electronic resources that can be used
as a gold standard for the evaluation as well(Dellschaft and Staab,
2006; Vivaldi and Rodríguez, 2010; Alruqimi and Aknin, 2015).
Furthermore, folksonomy tags are uncontrolled vocabularies that
contain many slang words and abbreviations, while the electronic
resources often use formal and compound terms. However, as we
detailed in Section (3), our experiments were performed on a data-
set composed of 20,000 resources annotated by 85,006 tags
(11,865 unique tags). Two domains of computer science have been
selected for the experiments: Semantic Web, and Web Develop-
ment. To evaluate the obtained terminologies gained for the both
two domains, we used majority voting of five researchers who
we asked to make judgments of domain relevancy (whether a term
is relevant to the given domain or not) for all the obtained terms by
associating a label ‘‘relevant”, ‘‘irrelevant”, or ‘‘uncertain” with each
term as follows: ‘‘relevant” for terms that represent topics within
the given domain; ‘‘irrelevant” for terms that do not represent
topics within the given domain and ‘‘uncertain” for unobvious
terms. Tables 7 and 8 show results we obtained using three differ-
ent thresholds h; where the ‘‘Distinct Terms” column shows all
obtained terms after removing duplicated items, and the ‘‘Relevant
Terms” column shows the terms marked as ‘‘relevant”. Hence, the

precision is calculated according to the equation: on ¼ jrelevantj
distinctterms.

Table 2 show sample of terminologies including several technical
words and acronyms extracted for the two domains. In fact, many
non-objective tags still appear in the obtained terminology causing
lower precision.

5.2. Concepts and relations identification

After passing the domain terminology (93 terms related to the
web development, obtained from extract domain terminology
activity – with 0.7 threshold), to the procedure of concept identifi-
cation described in Section (4.2.1), we found that only 55 of 93
terms can be matched successfully to Wikipedia entries. Hence,



Table 3
Semantic concepts relations.

Relation type Example Extracted relationships

is a Content management systems such as Joomla <Joomla, is a, CMS>
has PHP has a direct module interface called SAPI <PHP, has, SAPI>
part of JQuery is included with Visual Studio for use within ASP.NET <JQuery, part of, ASP.NET>
use ASP.NET is designed for web development <ASP.NET, used for, Web development>
same as Web development may refer to web design <Web development, same as, web design>
Developed by ASP.NET was developed by Microsoft. Joomla is written in PHP <ASP.NET, developed by, Microsoft >

Table 4
POS-tagging definition with an example.

Word POS tag Word class Notes

Joomla DTs Domain term DTs (Domain terminology)
is VBZ Verb, 3rd person singular present PDR (pre-defined relation)
a DT Determiner
free JJ Adjective
and CC Coordinating conjunction
Open-source JJ Adjective
Content management system DTs Domain term DTs (Domain terminology)

Table 5
Keywords used for detecting pre-defined proposed relations.

Relationship Typical patterns

Is a is a/an, is a/an class of .describes a/an
Same as Such as, refer to, known as, short for
Has/part of Include, consist, contain, is part of
Created by Developed by, designed by, created by, writing by, executed by
Used for/in Used for, designed for, used in, developed to

Table 6
Regular expressions with examples.

The
expression

Example sentence The extracted
relation

DTs VBZ DT * [PDR]
DTs

PHP is a server-side scripting
language designed for web
development.

PHP used for Web
Development

DTs VBZ DT * DTs ASP.NET is an open-source
server-side web application
framework designed for web
development to produce
dynamic web pages

ASP.NET is a Web
Application
Framework

Table 7
Statistics of the results (Semantic Web Domain).

Threshold Semantic web

Distinct terms Relevant terms Precision

0.5 243 150 61.73
0.6 190 126 66.32
0.7 116 77 66.38

Table 8
Statistics of the results (Web Development Domain).

Threshold Web development

Distinct terms Relevant terms Precision

0.5 316 176 55.69
0.6 232 130 56.03
0.7 165 93 56.36

20 M. Alruqimi, N. Aknin / Journal of King Saud University – Computer and Information Sciences 31 (2019) 15–21
the textual content of these fifty-five Wikipedia articles will form
the corpus which we base on to extract the concepts relations.
By applying our method to extract relations between the domain
concepts to this text corpus, we obtained 42 relations. Table 6
shows samples of the extracted relations. In fact, we did not obtain
a high recall (42 relations between 93 concepts) as we used simple
patterns with limited pre-defined types of relations in addition to
the fact that 38 concepts cannot be matched to Wikipedia entries,
but our patterns were in the most cases correctly detected, leading
to a precision of 94%. However, we noticed empirically that map-
ping tags to Wikipedia entries can be used a good way for exclud-
ing non-objective tags since, normally, the non-objective tags do
not have corresponding articles in Wikipedia. Another note is that
some terms could not be correlated to a Wikipedia article due to
missing completed context (e.g. ‘‘usability” term cannot be linked
but ‘‘web usability” can be). In some cases, terms cannot be
matched to Wikipedia articles due to the variant structures of com-
pound terms. For instance, matching the term ‘‘DHML” to the arti-
cle labelled ‘‘Dynamic Html” fails although they refer to the same
concept. Nevertheless, using Google to querying Wikipedia
increases the probability of positive matching terms to Wikipedia
entities, as Google can recognise words morphology. However,
for generating other domains ontologies by our algorithm, domain
experts may be involved in selecting the suitable dataset for a
given domain and suggesting keywords that form the relation of
interest that are more suitable for the domain at hand. Social tag-
ging websites have different orientations and audiences; users uti-
lize them with various intentions. Finally, although our
experiments show significant results with a precision of 94%, but
with less recall as we use simple patterns and regular expressions.
For simplicity purpose, this work identifies only a limit number of
relations, but the relations patterns can be easily adapted to dis-
cover other types of relations. Furthermore, developing more com-
plicated patterns based on NLP and deep machine learning
techniques to capture unlimited types of relationships will be the
goal of our future works. Besides developing a method that looks
for corresponding entries on the different online knowledge
sources for terms that cannot be mapped to Wikipedia.

6. Conclusion and future work

This work studied folksonomies as potential sources of
knowledge that can be exploited for developing formal domain
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ontologies. Despite many studies aiming at explicit semantic struc-
tures from folksonomies, the construction of a formal ontology
consisting of concepts and well-defined domain-dependent rela-
tions among them still challenged not solved yet. Mainly, this
paper focused on designing a new algorithm for deriving more
interesting domain ontology from folksonomy. We have shown
how those social tags can be used with the more formal knowledge
available in Wikipedia to generate ontologies, which are more
receptive to knowledge change, and are more representative to
the online communities’ collective intelligence (Mikroyannidis,
2007). However, enhancing the extraction techniques, as we stated
early, and developing many ontologies using different data are
issues that might be considered in future works. To examine our
algorithm, we performed our experiments on a real dataset
obtained from BibSonomy. The results of our experiments sug-
gested that our algorithm can effectively learn domain terminol-
ogy, as well as identify more meaningful relationships among the
domain terminology compared to the other methods.
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