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An Approach to Folksonomy-based Ontology
Maintenance for Learning Environments
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Abstract—Recent research in learning technologies has demonstrated many promising contributions from the use of ontologies
and Semantic Web technologies for the development of advanced learning environments. In spite of those benefits, ontology
development and maintenance remain the key research challenges to be solved before ontology-enhanced learning
environments are widely used. In this paper we present an approach to ontology maintenance based on the use of collaborative
tags contributed by learners while using learning environments. Our contribution is twofold: i) a visualization and user interaction
interface supporting the tasks of enriching ontologies with selected collaborative tags; and ii) ontology-enhanced metrics that
are used for measuring semantic relatedness between collaborative tags and ontology concepts and for recommending tags
which are relevant to a given ontological concept. We developed a software architecture as a proof of concept and a tool for the
evaluation of our proposal. This tool is used to conduct the evaluation of the usability and effectiveness of the proposed method.

Index Terms—Computer uses in education, ontology design, collaborative learning, Applications and expert knowledge-

intensive systems

1. INTRODUCTION

he emergence of the Semantic Web technologies in

computer-based education has enabled the develop-

ment of next-generation semantic-rich eLearning en-
vironments and has already provided some interesting
results [22][24]. However, one of the main challenges for
the next-generation learning technology-based environ-
ments is the development of a more effective and efficient
paradigm for the integration and interaction between in-
formation, learners and experts, based on the learning
context and semantics [32].

The Semantic Web vision relies on ontologies as its
main knowledge structure. However, ontologies are diffi-
cult to build and maintain. This is the main hurdle pre-
venting a broader adoption of ontology-based e-learning
environments [47][56]. In the learning technology com-
munity, ontologies are used to model various aspects of
the educational process including (but not limited to)
domain knowledge, knowledge artifacts, pedagogical
models, user behavior and characteristics, and social in-
teractions. Furthermore, learning is a dynamic process,
which requires that domain ontologies describing the
learning process need to evolve to reflect changes. In fact,
the need for the constant rebuilding and maintenance of
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domain ontologies is one of the main challenges that face
current semantic-rich learning environments [18].

Recent efforts to increase the availability and reusabil-
ity of ontologies have focused on the development of
online ontology libraries [16] (e.g., Swoogle) or (semi-) au-
tomatic ontology development tools; however, the usage
of these libraries and tools still require a high level of
technical knowledge. In general, educators lack the
knowledge required to effectively use such tools, as they
reveal the complex details behind semantic web technol-
ogies and are more tailored to knowledge engineers.
Moreover, the available ontologies may not adequately
describe course content thus creating a semantic mis-
match between the content and the ontology. Hence, edu-
cators are in need of interfaces that provide support in
building and maintaining ontologies. Such interfaces
should enable them to focus on their domain of expertise
[17][18]: course content (development) and its effective
conveyance to learners.

Another problem that arises from the current ontolo-
gy-based learning environments is that they generally
implement a very traditional instructional approach, in
which learners are recipients of course content. Addition-
ally, they have strong groundings in the traditional ideas
of intelligent tutoring systems [31], which assume that a
learner is tutored and where creation opportunities for
learners are limited. Here, we look at learning environ-
ments in the broadest possible sense, where such learning
environments need to support learning at all the levels of
the Bloom’s taxonomy [3]. For this paper, of special inter-
est are Bloom’s levels related to evaluation and creation,
both of which require high degrees of self-regulated and -
directed learning; such learning aims at stimulating and
rewarding creativity of learners. This is also a first pre-
condition for supporting social constructivism principles.
In our research, another equally important precondition
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for enabling social constructivism in learning environ-
ments is the provision of opportunities for a learning
group to create a small culture of shared artifacts with
shared meaning. This sharing should not be limited to the
common understanding of only one instance of, say, a
university course with never-changing course ontologies.
Creating and sharing should happen within a community
(or even among communities [5]) with a much longer
time span in which different learners and educators par-
ticipate in different and not-necessarily overlapping peri-
ods of time. Such a concept, intrinsically embedded in so-
cial constructivism, certainly requires a different ap-
proach to domain conceptualizations. In our case, this dif-
ferent approach would be based on the inclusion of both
folksonomies and ontologies as artifacts of shared
knowledge. In section 4, we show empirical results ob-
tained through a user study that evaluated the perceived
value by the target users (i.e., educators) of this approach.

The above-stated need for knowledge sharing (con-
sistent with the social constructivist principles) is further
intensified by the novel forms of online interaction
brought by the social-media era. It calls upon the envi-
ronments that are better aligned with the social construc-
tivist principles, where learners’ views can be represented
and shared [52]. Students” perception of the course con-
tent, often reflected in the tags that they use to annotate
content, may differ from the course conceptualization en-
coded in the domain ontology and may prove very useful
to identify knowledge gaps. Actually, a recent study
showed some promising opportunities for improved
knowledge acquisition through collaborative tagging [26].
In general, with the motto “ontologies are us”, the Seman-
tic Web research showed a high relevance of social net-
working principles for knowledge acquisition and ontol-
ogy development [39]. The above arguments clearly justi-
fy why more participatory (often referred to as “Web
2.0”) approaches, such as collaborative tagging, have so
far gained a lot of attention in technology-enhanced learn-
ing [8][34][52]. However, folksonomies, as structures of
collaborative tags that are created by a community, suffer
from problems related to the ambiguity of tag semantics,
including ambiguous tag meaning and the lack of a co-
herent categorization scheme; not to mention the amount
of time and the size of the community required for their
emergence and stabilization [40]. For these reasons folk-
sonomies, unlike ontologies, might increase ambiguity
and lead to less precise results in the automated data
analysis process.

In this paper, we propose an approach to leveraging
folksonomies for the maintenance of domain ontologies
used in learning systems. Through the collaborative tag-
ging, learners create a folksonomy, which reflects the
learners’ perception of the domain under study. Educa-
tors, who maintain domain ontologies, may leverage the-
se folksonomies as a useful source of (community)
maintenance knowledge. To design such an ontology
maintenance approach, in this paper, we focus on the two
research challenges: i) creating an intuitive and highly-
usable environment for maintenance, which hides the
complexity typically attributed to ontology engineering
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tools [24]; and ii) providing effective recommendations

based on the computed relevance of folksonomy tags to

domain ontology concepts. Therefore, the main contribu-
tions (Section 2) of this paper are as follows:

e an ontology-folksonomy visualization and interac-
tion which offers an intuitive interface for the
maintenance and manipulation of a domain ontology
and a tag cloud;

e an efficient and automatic method to compute rela-
tions among tags and domain concepts using
measures of semantic relatedness;

e an ontology-based enhancement of semantic relat-
edness; this enhancement relies on ontology sub-
sumption relationships to contextualize values of the
measures of semantic relatedness.

To be able to make use of the three contributions in
developing concrete solutions, we developed a software
architecture for folksonomy-based ontology maintenance
in learning environments (Sec. 3). Our claimed contribu-
tions are implemented as an extension to LOCO-Analyst,
a tool for educational feedback provisioning [29]. This
implementation provided us with a suitable setting for
answering some relevant research questions such as the
perceived usability of the proposed visualization and in-
teraction interfaces for ontology maintenance in learning
environments (Sec. 4); and the effectiveness of an ontolo-
gy-based enhancement of semantic relatedness measures,
which are used for recommending collaborative tags with
respect to ontology concepts (Sec. 5). In the paper, we also
discuss the limitations of our experiments (Sec. 6) and
compare our work with the state of the art (Sec. 7).

2. PROPOSED METHOD

As indicated in the introduction, in a social constructivist
learning environment, the process of knowledge creation
and evolution is constant. The process happens through-
out the different dimensions of interaction (e.g., six di-
mensions of interactive learning environments as per [4])
and creation of shared knowledge artifacts with a com-
monly shared meaning [54]. In this paper, knowledge ar-
tifacts are ontologies. Such ontologies are not to be merely
used as course ontologies, but they are rather to establish
shared meaning within and across communities of learn-
ersl. Due to the well-known knowledge acquisition bot-
tleneck, for a specific learner community (e.g., a commu-
nity of learners who have taken a specific course in the
period of several years at a specific university) one can
reuse a general domain ontology. While this is not an ide-
al case, our empirical experience shows that even such
ontologies can produce rather useful results. For example,
we experimented with LOCO-Analyst at Athabasca Uni-
versity on two master’s level courses for learning analyt-
ics with the feedback types outlined in [29]. In this exam-
ple, the course ontology was defined on top of the ACM
Computing Classification System (CCS), which is used in
the experiments described later in this paper. Our exper-

1 It is important to stress that domain ontologies, in learning environ-
ments, can be connected with course ontologies, ontologies for compe-
tences, learning flows and designs, and other dimensions important for a
learning process (e.g., LOCO ontology framework [29])
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iment showed that the produced effect of this ontology
for generating learning analytic feedback types of LOCO-
Analyst is highly positively valued by educators. To bet-
ter capture the overall semantics of the knowledge of a
specific community (e.g., further improve the granularity
level of those analytics feedback types [29]), we also want
to update such a general domain ontology with different
sources of knowledge, which are produced by the partici-
pants in the learning process of the community (i.e., stu-
dents and educators). Another important example with
which we empirically experimented is the case when a
community of learners wants to search external sources of
learning content by using terminology they are familiar
with. In [21], we also showed how ACM CCS can be
adapted with course specific terminology and later lever-
aged for cross-community search tasks.

In this paper, the source of knowledge of primary in-
terest is collaborative tags created by a community of
learners and then incorporated by educators. However,
ontology evolution in learning environments should not
be limited to this source of knowledge. The other sources
could be also specific artifacts collected and/or created by
students (e.g., Web articles) or even textual content of the
course itself. While in our other research we covered
those other sources and leveraging of automated tech-
niques for learning and evolving ontologies from text
[24][56], in this paper we specifically focus on collabora-
tive tags for ontology maintenance and evolution. In the
rest of this section, we present the main elements of our
method for ontology maintenance.

2.1.0Ontology Maintenance Operations
Ontology maintenance [27], as an area of ontology engi-
neering, is strongly grounded in a much more established
discipline of software maintenance and evolution [38].
Two key issues in software (as well ontology) mainte-
nance) are sources of change [10] and maintenance opera-
tors. Due to the nature of ontologies, it is hard to limit
sources of change only to explicitly defined new require-
ments and defects, as it is common in software mainte-
nance. Rather, ontology maintenance requirements
emerge from the activities of the community. In the case
of this paper, collaborative tags are investigated as a
source of knowledge evolution and maintenance. Accord-
ing to [1], software comprehension is the foremost tech-
nical issue which determines “how quickly a software
engineer can understand where to make a change or a
correction”. In fact, this is also defined in the well-known
ISO 9126 standard, as one of the main characteristics of
maintainability - understandability. In this paper, we on-
ly focus on this characteristic of maintainability. In our
case, in order to provide for better comprehension of the
relatedness between ontology concepts and collaborative
tags, we introduced a visualization and interaction meth-
od described in Sect. 2.2, which is empowered with the
semantic relatedness measures presented in Sect. 2.4. For
better inspection and navigation through the ontology,
the proposed interaction and visualization is implement-
ed with various features for searching, drag-and-drop,
and zooming operations as explained in Sect. 3.
Maintenance operators typically include: adding new

elements, updating, refining, merging, and removing ex-
isting ones. All these are supported in the proposed on-
tology interaction (Sect. 2.2) and its implementation (Sect.
3). The measures of semantic similarity (Sect. 2.4) are
however primarily designed to empower comprehension
of ontology maintainers for the adding and refining oper-
ators. The adding operator assumes adding new classes
into the ontology under maintenance. Those classes can
be then associated with other already existing classes. The
refining operator assumes changing class names, adding
new class aliases, and creating equivalent classes.

2.2.Domain Ontology-Folksonomy Visualization
and Interaction

One of the main drawbacks of current ontology editors is
their lack of an intuitive interface that helps users in the
ontology maintenance and management tasks. This is es-
pecially true in the domain of technology enhanced learn-
ing, where clear and straight-forward interactions target-
ed at users with limited knowledge of the semantic web-
related technologies is an important part for the success
of any tool.

Our primary goal is to provide educators, who are our
target ontology maintainers, with an environment in
which they can comprehend and intuitively interact with
a domain ontology under maintenance and a folksonomy
of a community of interest (e.g., a study group). Thus, our
method for user interaction in ontology maintenance is
supposed to support the common tasks for ontology
maintenance by leveraging well-known and intuitive user
interaction operations. This is the reason, why we decided
to uses tag clouds? and ontology graphs (Fig. 1). The
learning content that is tagged can take any level of gran-
ularity level for content units, as per the ALOCoM ontol-
ogy [30]. The ontology visualization supports this task
with features that allow users to search for ontology con-
cepts based on keywords. The ontology visualization tool
also has several facilities for zooming,.

The next important task for ontology maintenance is to
identify relations between tags and ontology concepts. In
our approach, we decided to make use of tag coloring as an
indicator of relatedness of tags to a given concept. That is,
the tag cloud leverages the size and color of the presented
tags to convey to educators information about the tags’
popularity and relevancy, respectively. The size of a tag
reflects its popularity, which is calculated by the number
of times that tag was used to annotate a particular piece
of learning content. The saturation of a tag’s color reflects
its relatedness to the selected concept of the domain on-
tology (see Fig. 1) - a darker color denotes a more related tag.
This relatedness is computed by using measures intro-
duced in Sect. 2.3 and 2.4. This is the point of connection
between our user interaction interfaces (introduced here
and evaluated in Sect. 4) with measures of semantic relat-
edness (introduced in Sect. 2.3-4 and evaluated in Sec. 5).

2 As we had several options for representing tag clouds, we conducted
a small scale pilot study showing participants different kinds of tag
clouds, among which was a tag cloud that used different colors. The re-
sults of this pilot showed that the "standard" one (typical for the majority
of apps that male use of tag cloud) was perceived by the participants as
the most intuitive, and thus the reason for its selection in our approach.
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Fig. 1. Interaction interface between tag clouds and ontology graphs: a) Tag cloud contains tags whose popularity determines their size, while
saturation of their color is determined by the similarity to the selected ontology concept; and b) Interactive ontology visualization. In the ex-
ample from the figure, concept Testing and Debugging in the ontology graph (b) is selected, while the saturation of the color of the tags in the
tag cloud (a) is based on their level of semantic relatedness with the selected concept.

The final task for ontology maintenance analyzed in
this paper, is editing of ontologies based on the tags from
folksonomies. Given that the source of ontology updates
are collaborative tags, our proposed interaction method
should facilitate an intuitive way for editing ontologies
based on the tags. In our implementation, we supported
this with the ontology visualization that has features for
editing by using drag-and-drop interactions from the tag
cloud. Once a tag is dropped on an ontology concept, the
user interface associated with the ontology visualization
allows for connecting the dropped tag with the selected
concept through different relation types - subclass, syno-
nym, or some custom relations. It also has various high-
lighting features for related concepts and concepts of a
particular learning object which facilitates browsing and
comprehension of the ontology.

2.3.Measures of Semantic Relatedness (MSRs)

As indicated in the tag-concept visualization and interac-
tion component of our research, the color saturation of
tags reflects the relatedness between a given concept and
a set of tags from a tag cloud. We foresee several methods
to relate tags to a domain ontology including using algo-
rithms for determining semantic relatedness, eliciting ex-
pert ratings, or calculating co-occurrence of tags and on-
tology concepts from past experience. Our approach to
establishing and weighting the relations between collabo-
rative tags and ontology concepts is to use measures of se-
mantic relatedness, which have been used successfully in
the field of natural language processing to assess the simi-
larity between terms based on some corpus [23][43].

MSRs can be defined as computational means for as-
sessing the relative meaning of terms [53], and assigning
values that describe the degree to which two terms are re-
lated. Here, these terms are represented by pairs of con-
cepts and tags. Some learning content can be indexed by a
set of ontological concepts and can be annotated by a set
of learners’ tags. For this reason, we propose computing
the semantic relatedness among each element of these
two sets. The most related concept-tag pairs are then pro-

posed to the educator to update the ontology.

For experiments and implementation of our approach,
we use the MSR Server [53], which implements various
MSRs including Normalized Search Similarity (NSS),
Point-Wise Mutual Information (PMI), WordNet-based
measures, and Latent Semantic Indexing. We chose two
widely used metrics among those implemented by the
MSR Server: PMI and NSS. PMI is a well-established and
proven measure for approximating human semantics
[50]. PMI is based on the probability of finding two terms
of interest (t1 and t2) within the same window of text
versus the probabilities of finding each of those terms
separately. NSS [13] measures the similarity between two
terms by using probabilities of co-occurrences extracted
using the Google corpus (i.e., the Web). The use of the
Web as a corpus has gained more and more importance
[23] as the large amount of data permits to discover inter-
esting associations and guarantees maximum coverage.

MSR measures are trained on various corpora such as
the entire Web, the New York Times or Wikipedia. De-
pending on the selected corpus, the performance of the
measure may differ. This is why we chose to test various
combinations of measure-corpus pairs to identify the best
performing one(s). Performance is measured by compar-
ing MSR answers with human answers taken as a gold
standard. This will be further explained in Section 5.

It is important to indicate that corpora such as Wikipe-
dia or the entire Web are not complete and fine grained
models of many domains. Still, they can be considered ra-
ther representative models of the world. As such, they
might be a solid source for calculating probability of con-
currence or semantic relatedness along with all the limita-
tions that can be introduced in this calculation process.
The value can especially be important for semi-automatic
systems, where computer measures are only used to rec-
ommend, while human users make the final decisions
(i.e., our approach). In an ideal world, we would have a
community created and standardized ontologies. Howev-
er, the history of ontology engineering showed that it is
hard to expect that ontologies will be created as standard-
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ized ontologies; at least not in the foreseeable future. The
majority of the Semantic Web community abandoned that
approach; social technologies and lightweight ontologies
are looked at as much more promising research venues,
and Wikipedia is the best known example.

We also wanted to use WordNet-based measures (as
WordNet provides a curated set of links among the terms
it contains). Those were mostly unsuccessful in identify-
ing similarity values between concept-tag pairs in our ex-
periments. Corpora such as the entire Web and Wikipedia
on the other hand have grown at a quick pace and contain
many more terms (including domain specific); the reason
why results based on these corpora are more successful.

2.4.0ntology-based Weighting of Semantic
Relatedness

In addition to the aforementioned metrics, we were inter-
ested in exploring how the relatedness weight might be
affected by the taxonomical structure of the ontology un-
der maintenance. In fact, many traditional methods for
computing semantic relatedness rely on hierarchical links
and explore path lengths among nodes in taxonomies [45]
to identify concept similarity. Therefore, instead of de-
pending only on a given concept, semantic relatedness in
this work also relies on the context of this concept (par-
ents and children) to find the most accurate links between
that concept and the folksonomy tags. In other words, we
wanted to emphasize the context in terms of the domain
ontology under maintenance, so that MSR values can be
contextualized in that sense as well. That is, contextual-
ization also considers the relatedness of the surrounding
of a given concept with a collaborative tag, where the sur-
rounding is represented with the concepts that are related
to the given concept through hierarchical relationships. In
what follows, we describe two methods to compute a con-
text-based relatedness measure.

We can define the context of a concept C in an ontology
a as being C, therefore:

C, = {Sup(C), Sup>(C), ..., Sup,(C), Sub,(C), Sub(C),
oo, Suby(C)}

where Sup;(C) (i=1..m) are the concepts to which C is
related with super-class relations and Sub;(C) (j=1.Xk) are
the concepts related to C through sub-class relations.

In order to take into account the context of a concept
when computing its relatedness with a tag, we define the
Weighted Measure of Semantic Relatedness (WMSR) be-
tween a concept c;and the tag ¢; as follows:

WMSR(c;,t;), = MSR(c;,t,) +

L1 e MSR(Sub(c ) t)
‘Sub(c[,n)‘ = Dist(c,,c, ) +1

1 et MSR(Sup(c,,n),..1,) (1)
Dist(c;,c,) +1

—_
‘Sup(ci,n)‘ k=1

where MSR(c;, t;) is the measure of semantic related-
ness between concept ¢;and tag #. MSR can be any of the
measures mentioned in Sect. 2.3, and in our evaluation in
Sect. 5, we experimented with different MSRs; Sub(cy, n) is
the predicate that returns all the sub-concepts of concept
cx where the sub-concepts are up to n sub-concepts rela-

tionships distant from c; and Sup(c,, n) is the predicate
that returns all the super-concepts of concept ¢ where the
super-concepts are up to n super-concepts relationships
distant from . It is important to emphasize that both the-
se predicates return all the sub-/super-concepts of c;, not
just immediate ones. Each sub-concept and super-concept
MSR is weighted by its distance (Dist) from the given
concept ¢; . However, given the use of MSR measures, it is
important to indicate that they already consider the relat-
edness of terms in a semantic space and measure their
semantic distances. Thus, if we introduced weights, one
could anticipate that that the gap between terms will fur-
ther be modified.

Thus, we introduce the second metric called non-
Weighted Measure of Semantic Relatedness (nWWMSR),
which is the same as (1) except that it does not assign any
weight to each sub-concept and super-concept MSR based
on its distance from the given concept c,. It is calculated
as follows:
nWMSR(c,.t,), = MSR(c;t,) +

1 ‘Sub(a,,n)‘
+t— MSR(Sub(c,,n),,t,)+
‘Sub(ci,n)‘ ; ( ( i )l /)
1 ‘Sup(v“n)‘ 2
Y MSR(Sup(c,.n),.t) (D)
[Sup(c;, m) ; o

The formulation in (2) states that the non-weighted
measure of semantic relatedness between a concept ¢; and
a tag t; is computed as the average of the measures of se-
mantic relatedness of concepts related to ¢; (i.e., the con-
cepts included in its context).

Dist(ci, ci)

MSR(G, T)" ~ au(nWMSR(c,
(c )/;(n) (i )2.

..... .- t

Dist(ci, ¢«

Fig. 2. A graph depicting the hierarchy structure of a sample ontolo-
gy. The figure explains the computation of the Dist, Sub, and Sup
predicates. Dist returns the distance between the two ontology con-
cepts connected through the sub-/super-classing relations (e.g.,
Dist(ci, ck) = 3 and Dist(c;, ¢)) = 2). The Sub (resp. Sup) predicate re-
turns a set of subconcepts (resp. superconcepts) for a given distance
n. The figure also demonstrates the impact of super- and sub-
classes on computation of (N)WMSRs.

Figure 2 shows how the two metrics use the domain
ontology hierarchical structures to return sub-concepts,
super-concepts and their distance from the given concept.

3. ARCHITECTURE AND IMPLEMENTATION OF A
SEMANTIC-RICH E-LEARNING ENVIRONMENT

Aiming to provide an appropriate context for deploying



our proposed method, we designed the required software
architecture which is illustrated on Fig. 3. The main chal-
lenge here is to be able to integrate learners’ tags and on-
tologies developed by educators as two different view-
points that can enrich each other. To combine these two
perspectives, the metrics defined in Sections 2.3-2.4 are
used to determine the relatedness between the domain
concepts originating from the ontology and students’
tags. The framework is then able to suggest the most ap-
propriate tags for a given concept based on the returned
semantic relatedness value. The measures used for this re-
latedness could be selected based on the results reported
in Section 5. In our work, we implemented our architec-
ture in order to have a proof of concept and a tool for the
evaluation of our proposal. The implementation is an ex-
tension of our ontology-based tool LOCO-Analyst. LO-
CO-Analyst was designed to provide educators with in-
formation about the use of their content and pedagogies.
Thus, the integration of our facilities for ontology mainte-
nance naturally complemented an existing tool support-
ing the evolution of learning content [47]. Of course, this
implementation is just one possible (context of) imple-
mentation and developers might find some other tool
more suitable for the implementation of these ideas.

Learner

Teacher

Interacts with Interacts with
(Analyzes) (Modifies/Enriches)

Tag Ontology
Cloud Visualization

Context-Based
relatedness Computation
Ontology
maintenance tool

Annotates
(Tags/ Highlights/Comments)

TAGS

Tagging tool

LEARNING CONTENT

DOMAIN ONTOLOGIES

Learning environment

Fig. 3. A framework for a folksonomy-driven ontology maintenance

In our experiments, the Open Annotation and Tagging
System (OATS) was used for collecting tags. OATS allows
learners to create and share knowledge by allowing stu-
dents to add highlights, tags and notes in Web-based con-
tent [6]. The tool has so far been integrated into the iHelp
Moodle Courses Learning Content Management Systems
(LCMSs) and allows learners to tag learning objects. The-
se learning objects are also annotated by the educator us-
ing a previously-developed domain ontology. Results of
students’ tagging activities are accessed by the LOCO-
Analyst tool which in turn makes them accessible to edu-
cators. LOCO-Analyst also provides an interactive visual-
ization of the course domain ontology aiming to facilitate
the process of ontology maintenance. This interactive vis-
ualization includes all the features described in Sec. 2.2,
including ontology graph display, easy drags and drops
from the tag cloud to the ontology graph, zoom-in and
zoom-out capabilities, etc. Computation of (non-
)weighted semantic relatedness measures among tags
and concepts (Sec. 2.4) is used to assist educators in on-
tology maintenance by suggesting visually the most rele-
vant tags for a particular concept (Sec. 2.2).
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Fig. 4 presents the user interface of LOCO-Analyst that
enables educators to refine domain ontologies (Fig. 4,
item C) based on students’ tagging activities (Fig. 4, item
B) captured in OATS. An educator’s interaction with the
LOCO-Analyst’s features for ontology maintenance can
be described as follows: as the educator selects a lesson
(or a complete learning module) from the tree-like repre-
sentation of the course structure (Fig. 4, item A):

e  The visual representation of the ontology (Fig. 4, item
C) changes to emphasize the concepts relevant for the
selection being made. More precisely, ontological
concepts referenced in the content of the selected les-
son change color to become visually distinctive.

e The tag cloud (Fig. 4, item B) is populated with tags
related to the selected lesson.

e The educator selects (in the visual representation of
the ontology, Fig. 4, item C) a concept that (s)he
wants to inspect. As soon as the concept is selected,
the tag cloud changes, displaying the tag color satu-
ration according to the computed relatedness to the
selected concept. The educator is then free to choose a
tag (from the tag cloud) that (s)he finds the most rel-
evant for the selected concept and drag-and-drop it
over the concept. Once this is done, a popup menu
appears offering different kinds of relationships for
establishing a connection between the selected con-
cept-tag pair. As soon as the selection is made, the on-
tology is updated allowing the educator to see his(her)
changes in real-time. The educator can also postpone
a decision for later in which case this potential rela-
tion is automatically added to the user’s notes for lat-
er reflection.

In the next two sections, we report the results of our
experiments that aimed to evaluate:

i) The perceived value of the tag-concept visualization
and user interaction for ontology maintenance in
learning environments (Sect. 4), and

ii) The effectiveness of MSR, WMSR, and nWMSR
measures for ontology maintenance using folk-
sonomies based on our proposed method (Sect. 5).

4. USABILITY EVALUATION

In our usability evaluation, we wanted to investigate the

following research questions:

RQI1 - What is the perceived intuitiveness and usability of
the proposed method for ontology maintenance?

RQ2 - Is there any relation of the perceived intuitiveness
of the ontology maintenance process with the used
ontology visualization and interaction interfaces?

RQ3 - Is there any difference in the perceived value of the
proposed ontology maintenance method between
different groups of participants - instructors, teach-
ing assistants, and research students/practitioners?

RQ4 - What are the most and least valued characteristics
of the proposed ontology maintenance method?

4.1.Methods

4.1.1. Design
To investigate the perceived usefulness of the proposed
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ontology maintenance method, we wanted to study users’
impressions after a session with the tool supporting the
proposed method. Users’ observations were obtained
through a questionnaire, which was used after the session
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Fig. 4. LOCO-Analyst’s user interface for the ontology maintenance: A) Tree-like representation of the course structure; B) Tag cloud; C) Vis-
ual representation of the ontology. In the LOCO-Analyst implementation, the concepts of the ontology (B) which are related to the selected
lesson (A) are darker colored. The color saturation principles illustrated in Fig. 1 for relations between concepts and tags remain the same.

4.1.2. Participants
For our experiment, participants were recruited in Octo-
ber 2009 from Simon Fraser University, Athabasca Uni-
versity, University of Belgrade and a private Canada-
based company developing and offering technology and
content for professional training. Overall, 22 persons (17
men and 5 women) responded to our invitation and all of
them successfully completed all the steps of the experi-
ment. The participants were also asked to express their
role in online education. We distinguished between the
following three roles:

e instructors - persons who had independently instructed
at least one entire course. There were six participants in
this group and they had on average 10.67 years of expe-
rience (Standard Deviation, SD=7.09);

e teaching assistants - persons who had had previously on-
ly teaching assistant experience. There were eight par-
ticipants in this group and they had on average 3 years
of experience (SD = 1.06); and

e research students/practitioners - persons who had done
research related to online education, or practiced online
education in industry through software and content
development and delivery. There were eight partici-
pants in this group and they had on average 6.75 years
of experience (SD=5.23).

4.1.3. Materials

The LOCO-Analyst tool with its features for ontology
maintenance was presented to the participants. To

demonstrate implemented features of the ontology
maintenance process in the LOCO-Analyst tool, we creat-
ed video clips describing each individual feature in detail.
The clips also served as a guide on how to use the imple-
mented functionality and made sure that its interpreta-
tion was clearly carried to the participants of the study.
These videos are available on the website of LOCO-
Analyst®. The participants were provided with a complete
and correct domain ontology (i.e., ACM CCS) and a set of
collaborative tags; the set is described later in Sect. 5.1.2.
The evaluation of the ontology maintenance method
was done together with a general evaluation of all the
other features of the LOCO-Analyst tool using a ques-
tionnaire. While the general questionnaire consisted of 21
questions, three questions specifically addressed the on-
tology maintenance method. The three questions had the
statements as shown in Table I and answers to them had
two parts: i) a five level Likert scale answers where each
level had an associated code on the 1-5 scale expressing
the level of agreement with the statement (ie. from
Strongly Disagree - 1 to Strongly Agree - 5); ii) an open-
ended part allowing participants to further reflect on the
asked question in a free text form. The latter part was op-
tional. Each question in the questionnaire had an URL of
the specific video clip to which the question was related.

4.1.4. Procedures
The participants were presented with guidelines that ex-

3 http:/ /www jelenajovanovic.net/ LOCO-Analyst/videos.html



plained the purpose of the evaluation and outlined the
steps they should take. In a nutshell, the participants were
asked to watch the demo videos explaining the function-
ality of the tool. They were then asked to download the
tool and try the presented functionality. They were also
encouraged to send any further clarification questions to
the evaluation team. In the guidelines, we asked them to
perform the implemented functionalities of the method
for comprehension and maintenance operators outlined
in Sect. 2.1. Together with the guidelines, we also sup-
plied the questionnaire. Once finished, the participants
were asked to send the completed evaluation question-
naire back within a week from the time of their initial ac-
ceptance to participate in the study. Finally, after receiv-
ing the answers from all the participants, we entered an-
swers into an Excel spreadsheet for further analysis.

4.1.5. Content Analysis

To analyze the observations in open-ended questions, we
followed the approach introduced in [35]. Initially, we
developed a coding scheme based on the participants” an-
swers. The coding scheme consisted of three general cate-
gories: i) Positive comments - expressing positive opinions
without any concerns; ii) Positive comments with some ob-
servations — expressing positive opinions, but the partici-
pants either had some observations that questioned some
decisions or suggested some improvements; and iii) Nega-
tive comments - expressing either negative observations or
some concerns questioning the decisions made in the de-
sign. Each of these three categories were further sub-
categorized into three new subcategories, namely: i) Feed-
back features - observations about specific feedback mech-
anisms supported by the user interface of LOCO-Analyst
(not applicable to the ontology maintenance features of
interest for this paper); ii) Intuitiveness - observations
about the intuitiveness of the user interface; and iii) Gen-
eral comments - conceptual comments, applicable to dif-
ferent features of LOCO-analyst (not necessarily to ontol-
ogy maintenance).

The early version of the coding scheme was first tested
by two raters. To perform the testing, they applied the
scheme to five randomly selected answers to each of the
three questions (Table I). Consequently, they fine-tuned
the scheme and revised the usage guidelines. In the next
step, the two raters applied the fined-tuned scheme inde-
pendently to rate all the answers. This was followed by a
meeting of the two raters where all the differences in the
assigned codes to each individual answer were recon-
ciled. Finally, to evaluate the reliability of the inter-rater
agreement, we used Cohen’s kappa. The result of 0.88 of
Cohen’s kappa can be interpreted as an almost perfect
agreement according to the conventional interpretation [4].

4.2.Results

4.2.1. Quantitative Analysis

Before discussing the specific results, we report the inter-
nal reliability of the collected Likert scale data. For this,
we used the standard Cronbach’s a coefficient. We ob-
tained o = 0.90 which is higher than 0.80, the value typi-
cally used as a minimal threshold for reliability.
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To evaluate the perceived level of intuitiveness and
usability of the proposed method for ontology mainte-
nance (i.e. RQ1), we used the descriptive statistics (Table
I). The presented values are based on the participants’ re-
sponses to the questions using the five-level Likert scale.
Table I. Descriptive statistics of the participants’ answers to the three

Likert scale questions: M — mean, SD — standard deviation, N —
number of answers.

Code Question Content M, SD, N
o1 I found t}.le p‘r.ocess of extending the .domain 164,079, 22
ontology intuitive and easy to accomplish
I found the visual representation of the ontol-
Q2 ogy and the interaction with it helpful for the 4.86,0.47, 22
ontology maintenance process
Q3 I found students collaborative tags as a rele- 423,087, 22

vant source for ontology maintenance

It is apparent that almost all participants strongly ap-
preciated the ontology visualization and interaction pro-
posed in our ontology maintenance method (Q2). That is,
20 out of 22 participants strongly agreed that the process
is intuitive and easy to accomplish. Just slightly lower,
but still very highly recognized is the intuitiveness of the
ontology maintenance process (Q1). For the question
about the suitability of the use of student generated col-
laborative tags (Q3), the descriptive statistics reveal a
high approval by participants. Overall, the participants
expressed very positive attitude about the intuitiveness
and usability of the proposed method. Still, some salient
comments emerged in the open-ended answers, which
are reported in the results of the qualitative analysis.

To determine if there is any relation between the per-
ceived intuitiveness of the ontology maintenance process
and the ontology visualization and interaction interfaces
(i.e., RQ2), we calculated Pearson’s bivariate correlation
(two-tailed) between observations stated in the answers
to Q1 and Q2. The results reveal that there is a significant
association of the proposed ontology visualization and inter-
action with the intuitiveness and ease-of-use of the proposed
maintenance method (r = .633, p < 0.01). These results cor-
roborate our previous experimentation results where ed-
ucators also indicated that a graph-based visualization of
ontologies is rather intuitive for the ontology representa-
tion [24]. Yet, that experiment [24] also revealed that an
ontology visualization is not enough and can even be con-
fusing if there is no effective interface for the interaction
of users with the visualization.

To address RQ3, we used one-way ANOVA to test if
there is any difference in the perceived value of the pro-
posed ontology maintenance method among the three
groups of the participants. For each of the three questions,
our results showed no significant difference between the
three groups (i.e., Q1 - F(2, 19) = 1.084, p = .358; Q2 - F(2,
19) = .565, p = .578; and Q3 - F(2, 19) = 1.076, p = .361).

4.2.2. Qualitative Analysis

The goal of the qualitative analysis was to investigate the
most and least valued characteristics of the proposed on-
tology maintenance method (i.e., to address RQ4). Table II
presents the percentage of the total number of answers as
per their categorization obtained by applying the coding
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scheme in our content analysis. Please note that not every
participant provided answers to all the open-ended parts
of the questions, as they were optional (i.e., 72.74% partic-
ipants provided open-ended answers to Q1, 68.19% to Q2,
and 54.44% to Q3). The responses of the participants are
predominantly grouped in the first two categories - posi-
tive comments and positive comments with some obser-
vations. This directly addresses our RQ1 and further cor-
roborates the results of the Likert scale responses, con-
firming an overall positive perception of the intuitiveness
and ease-of-use of the proposed method and its tooling.

To address RQ4, we provide here the specific qualita-
tive observations of the participants. We start with the
observations related to Q1. A large majority of positive
comments stressed the importance of the visualization of
the ontology in the process and that it was reportedly a
missing feature in the other related tools (the participants
already experienced some of these tools such as Protégg).
The participants mentioned some specific features related
to the ontology maintenance and leveraging collaborative
tags. In particular, a few participants appreciated the use
of “drag-and-drop”. The participants also appreciated the
supported navigation through ontologies/folksonomies
and ontology editing such as ”... the simplified method of
adding new topics as subclasses or related topics.” Finally, the
participants appreciated the implemented functionality to
search ontologies with keywords, as important for large
scale (real-world) ontologies.

Table Il. Frequencies of the participants’ observations according to
the codes assigned during the content analysis. Formulations of
questions Q1-3 are given in Table I.

Category Sub-category

Qi Q2 03
45.45% 54.55% -

Positive Com- Intuitiveness

ments General comments 13.64% 13.64% 50.00%

Positive Com- Intuitiveness 4.55% - -

ments with some

observations General comments 4.55% - 4.55%
Intuitiveness 4.55% - -

Negative Com-
ments

General comments - - -

On the other hand, some participants, in spite of ap-
preciating the given visualization, expressed some con-
cerns on the lack of enough guidance: “Visualization is
good. However the interaction with drag-and-dropping the
words from tag cloud to the ontology concepts could be made
more evident in the interface (display some tips that it can be
done, etc.)”. In fact, this type of observations are in accord-
ance with our other experiment in the area of ontology
engineering [24] where participants also expressed a need
for better guidance in the ontology development process.
This is certainly an important topic to be investigated in
future research and to be carefully addressed in the de-
velopment of similar types of tools. This also indicates
that a more explicit user interface intervention is needed
in addition to the supported tag coloring. Also, the partic-
ipants raised another important concern — how to effec-
tively support ontology comprehension when there are so
many crossing links representing properties among con-
cepts in the ontology visualization. Indeed, this has re-

cently been recognized as an important research chal-
lenge in the semantic technologies research community
[33]. Only some preliminary work has been done propos-
ing a more comprehensive visualization based on differ-
ent coupling metrics [20].

An observation of another participant is even more
critical in this regard, since it points out that the current
approach lacks any indication if a tag has already been
included into the ontology: “This can be a problem if [an]
ontology has many concepts and it’s hard to visually see if a tag
doesn’t appear in the ontology. In this case, [a] teacher must
first search for the tag using [the] search field. A solution to this
can be to color differently tags already included in the ontology,
or filter just the tags which are not in the ontology (using, for
instance, checkbox).” This can certainly be a valuable input
for improving the intuitiveness of the support tool. This is
in line with the HCI research which indicates that differ-
ences in color are detected faster than any other visual
variables [55]. Although this is to some extent leveraged
in our research, there are certainly many other aspects
that should be investigated.

From the above comments on the process, it is very
clear that the majority of the participants fully equated
the maintenance process with its actual tooling support,
i.e., visualization and interaction interfaces. This corrobo-
rates the earlier reported association in the quantitative
results. In addition to the already mentioned observa-
tions, the participants, in response to Q2 from Table I
about the proposed visualization and interaction interfac-
es, also indicated the appreciation of the use of different
colors, effective use of the small screen space for complex
visualizations, and that the tool uses “no excessive and use-
less options, no[t] trying flashy effects.” Also, they indicated
that the tool had a better visualization comparing to the
other ontology tools they knew of, such as Protégé.

When asked about the usefulness of the collaborative
tags for ontology maintenance (in Q3 from Table I), some
participants wondered if collaborative tagging is useful at
all since students (users of ontology-based learning sys-
tems) do not see the ontology most of the time. We concur
that ontologies should not be visible to the end-users, as
most of the software artifacts are not anyhow. Yet, collab-
orative tags reflect, at least to a certain extent, the com-
munity’s shared conceptualization of a given domain. As
such they have a rather similar purpose to ontologies in
terms of knowledge sharing. Indeed, our motivation for
the use of collaborative tags was consistent with the opin-
ion of other participants “... because students can be consid-
ered as people who are, at least partially, familiar with the area
the topic is coming from, and because of the quantity of tags
which help to make better tag cloud.” Another participant
stated that “most of the times instructors/content authors are
not sure what concepts they should include within their domain
ontology. These tags come from a real context of usage and in-
teraction and can perfectly reflect the concepts of the domain
ontology.” While some participants indicated a need for
more automation of the process and a possible automatic
inclusion of tags into the ontology, we intentionally did
not push this functionality, as our previous study [24] in-
dicated a strong preference of educators to be in the con-



10

trol of the ontology engineering process. Thus, our ontol-
ogy-folksonomy visualization and interaction only indi-
cates (color saturation) the relevant tags. Based on that
educators can make a decision on which tags are to be in-
tegrated into the ontology under maintenance.

Some participants also pointed out some possible
threats of the use of collaborative tags: “Unless the students
are familiar with the domain than the use of the collaborative
tags for the ontology extension is not a reliable solution” and
that “the collaborative tags may not [be] correct and relevant to
the ontology at all.” That is, students might not always tag
things in terms relevant for the ontology or we further say
that they might not tag relevant content for the ontology
at all. The purpose of our MSR, WMSR and nWMSR
(from Sect. 2.2-3) is exactly to compute semantic related-
ness of tags with a selected concept in the ontology visu-
alization. The values of those metrics are in the range 0-1.
The color of strongly related tags (closer to 1) will be
darker and of weakly related ones (closer to 0) lighter.
The saturation of the color can go to the point to become
invisible in the case when there is no semantic related-
ness. Based on these relatedness measures and their re-
flections through tag colors, educators (i.e.,, ontology
maintainer) can make informed decisions.

Finally, the participants from industry, although hav-
ing positive comments about the tool, were reserved
about the applicability of the approach for their target
population of learners - workplace training where learn-
ers typically want to go through the content in a minimal
time and are not interested in additional interaction (even
tagging). Thus, collaborative tags would be hard to pro-
duce in that context. The observation is valid for some
domains, but the adoption of social technologies in the
corporate sector call for similar studies in that context [8].

5. RELATEDNESS MEASURES EVALUATION

In the interaction and visualization interfaces for ontology
maintenance introduced in Sec. 2.2, we integrated a tag
coloring method, as a way to recommend relevance of a
tag for a given concept. Underneath those interfaces, the
key component for recommending the relatedness be-
tween collaborative tags and ontology concepts are the
measures introduced in Sec. 2.3-4. Values computed by
those measures determine the level of color saturation of
collaborative tags (i.e., darker colored tags are more rele-
vant). In this section, we briefly summarize results of our
evaluation of the proposed (WMSR and nWMSR)
measures over the existing MSRs.

For our experiments, we used a sample ontology de-
rived from the ACM CCS#, represented in OWL as devel-
oped in [21]. The sample was related to the Software cate-
gory (i.e., category D). We decided to use concepts Pro-
gramming Languages (D.3) and Software Engineering (D.2)
along with their sub-concepts. We ended up with an on-
tology consisting of 33 classes with a maximal depth of 5.
Total of 58 tags were used for experiments from the anno-
tation performed by three human experts and enriched by
a set of tags generated by an automatic keyword extractor

4 http:/ /www.acm.org/about/class/1998
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for the content of the course “Introduction to Computer
Science” deployed in the iHelp Courses LCMS at the
University of Saskatchewan®. We involved 21 participant
out of the 22 participants from Sect. 4 (one did not have a
background in the area of the ontology domain) to create
a gold standard for a selected group of tag-concept pairs.

Our results showed that the best performing metric
for all the gold standard baselines is nWMSR PMI-
Gwikipedia. Generally, PMI-based metrics have provid-
ed ratings that are more similar to human judgments and
this finding is confirmed by other relevant experiments
[46]. Our experiments also showed that the nWMSR met-
rics outperform the WMSR metrics. Our results that
there is no need to go farther than two levels of depth,
while computing an (n)WMSR metric.

Considering the obtained results, for the computation
of recommendations of relevant tags (i.e., computation of
color saturation of tags in the visualization and interac-
tion interfaces introduced in Sect. 2.2), the most suitable
metric is nNWMSR based on PMI-Gwikipedia and with the
depth level either 1 or 2. This measure for depth 1 is thus
included in our final implementation of the ontology
maintenance method in the LOCO-Analyst tool. We opt-
ed for one level of depth due to less computation steps
needed than for depth 2 (as per equation (2) from Sect
2.4). In our future work, we plan to make further use of
the findings of the experiments with the semantic relat-
edness measures. In particular, we plan to test if there is a
significant difference in using the best and the worst per-
forming metrics in the quality of maintained ontologies.
We will also test if such measures create a significant dif-
ference in time to complete maintenance tasks related to
understandability, and a possible impact on changeability
of the proposed maintenance method.

6. THREATS TO VALIDITY

In this section, we discuss some potential threats to our
experimentation results.

With respect to internal validity of the usability evalua-
tion, we consider if some confounding factors would
make a difference in the analyses [11]. In our experiment,
the following confounding factors can be found: different
roles the participants played in education, experience, and mo-
tivation. As reported in Sect. 4, we did not find any signif-
icant differences in the responses of the three groups
based on their roles in education. We exclude the motiva-
tion as a confounding factor because the participation in
the study was on a voluntary basis, and none of our par-
ticipants left the experiments, while a great majority re-
sponded to the optional open-ended questions.

External validity of the results is the extent to which re-
ported results can be generalized [11]. Here, we can first
start from the population involved in the experiments,
where there was a smaller number of experienced instruc-
tors. Still, as already indicated, our analyses (ANOVA)
over the participants’ responses grouped in different roles
did not reveal any differences. A replicated experiment
should further investigate the validity of this analysis.

5 http:/ / pami.uwaterloo.ca/ projects/lornet/software/ame.php
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Another external factor of validity is the population,
which was predominately composed of computer scien-
tists (21 out of 22 participants). Our previous experience
in evaluating the same usability factors in ontology learn-
ing [24] showed that computer scientists had a signifi-
cantly higher level of expectations. Thus, computer scien-
tist had significantly more negative observations than the
participants with non-computer science background in
evaluations of existing ontology tools for developing edu-
cational ontologies. A replicated experiment with non-
computer scientists is needed to confirm this hypothesis.

Our results are applicable to a specific set of possible
learning applications - university education. As our par-
ticipants from the industry indicated, it is hard to believe
that the same results would be applicable to some types
of the corporate training. Still, this does not mean that
there is no relevance of the lessons learned to contexts
which are not universities [8].

For external validity of our findings related to the
measures, it is most likely that other specialized domains
might lead to rather similar conclusions, but that is a task
for future replicated experiments in other domains. Also,
the way of creating our gold standard might be a possible
threat to the validity of the experiment. We used three
different gold standard baselines and concluded that the
minimal one is the optimal. However, we think that this
issue needs to be carefully researched in the future, as
some gold standard baselines might be better suited for
some metrics and/or purposes. This is why we reported
results for the three gold standard baselines.

7. RELATED WORK

There have been numerous proposals for leveraging on-
tologies in e-learning systems in general [19]. The evalua-
tion of our Learning Object Context Ontologies (LOCO)
framework for capturing learning contexts has proven
that educators strongly appreciate the qualitative benefits
which stem from the use of ontologies in providing edu-
cational feedback [29]. There have also been recent pro-
posals to leverage folksonomies for ontology evolution in
the context of learning technologies [41][42], mainly in the
LT4eL project. However, their approach has some signifi-
cant differences: first, it does not rely on the same
measures as proposed here; and second, it does not take
into consideration the interaction and visualization as-
pects even though these HCI aspects are of tremendous
importance from a user perspective. This is why our ap-
proach also emphasizes the usability evaluation of the
tool. Moreover, our approach is independent from any
external semantic resource contrary to what is proposed
in [41], where DBpedia is used. In our previous work, we
also showed that collaborative tagging might be lever-
aged for different tasks related to learning content
maintenance besides for ontology maintenance. Thus,
that work, which is also integrated in the LOCO-Analyst
tool, nicely complements the approach proposed in this
paper and equips further educators with a comprehensive
tool for course-related knowledge management.
Currently, there are two main kinds of approaches to
linking folksonomies and ontologies. The first kind of ap-

proaches relies on altering the collaborative tagging pro-
cess, so that it creates “semantic tags”. Semantic tags are
disambiguated by a user (i.e. tags are mapped to concepts
in an upper-level ontology) [6] or tag relationships are de-
fined by the community [36]. Neither method has proven
to be overly successful. We attribute this to the fact that
the additional effort required by typical taggers in creat-
ing the semantic tags, outweighs the perceived benefits.
The second kind of approaches has even a more ambi-
tious goal of automatically or semi-automatically linking
collaborative tags with ontologies. While these kinds of
approaches have had some promising results they have
not yet revealed a general purpose and reliable solution
[2]. With respect to all the aforementioned approaches,
our contribution goes in the direction of leveraging folk-
sonomies for ontologies evolution through a user-driven
interaction based on interactive visualizations and system
recommendations relying on context-based relatedness
measures. In fact, measures of semantic relatedness
(MSRs) are widely used for natural language processing
tasks such as word-sense disambiguation [43] and analy-
sis of the structure of texts. These measures rely on vari-
ous knowledge sources including lexicons, thesauri, Wik-
ipedia and the Web. One interesting aspect in using a re-
source such as MSR Server [53] is that it is easy to exper-
iment with various metrics even for non-specialists,
which is of great interest for the educational community.

In general, the interesting feature of MSRs is that they
provide an automatic way of linking pairs of terms and
are therefore perfectly applicable to pairs of concepts and
tags. Methods for measuring semantic relatedness be-
tween concepts within and across ontologies are explored
in [15]. Similar to our idea of evaluating a concept in its
context, measures of semantic relatedness between onto-
logical concepts are proposed by considering each con-
cept as a set of its descendent leaf concepts. However, to
our knowledge, this has not been done before in the
learning technology community. In fact, our approach
does not aim at defining new measures for computing
semantic similarity between concepts from the same or
different ontologies. Rather, we focus on suggesting rele-
vant folksonomy’s tags for concepts of a given ontology.
We propose a simple way to take into account relation-
ships for a particular concept to provide a “contextual-
ized” usage of the already available measures.

Finally, MSRs are recognized as being of great interest
to next generation Semantic Web applications [23] includ-
ing ontology maintenance and matching. The problem of
ontology maintenance has also been recognized in a relat-
ed, but broader field of knowledge management and
some solutions have been offered. For example,
del.icio.us Brainlet [49] is a plugin for the DBin Semantic
Web platform for personal knowledge and information
management that enables a user to import tags from
his/her del.icio.us account into a local RDF store, trans-
form them into ontology classes and insert them in the
class hierarchy. User interaction with a domain ontology
and tags aimed at ontology enrichment is what makes
DBin del.icio.us Brainlet similar to our work. However,
the interaction in our approach is more promising for two
reasons: 1) we calculate the relatedness between ontology
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concepts and tags and use it to measure the relevancy of a
tag for a given concept in the context of the given ontolo-
gy; 2) tags are not presented in the form of a flat list (e.g.,
del.icio.us Brainlet), but in the form of tag cloud, so that
the user can spot the popularity of each tag, its relevancy
to the selected domain concept, and how it compares to
other tags used to describe concept-related content.

Hepp et al [28] suggest Wikis’ infrastructure and cul-
ture as an environment for constructing and maintaining
consensual vocabularies for knowledge management and
using the Wikipedia URIs as unique identifiers for con-
cepts for annotating knowledge assets. This seems to be
an appealing solution from the perspective of knowledge
engineers as it would provide them with an easy-to-use
working environment. However, this solution produces
an “informal ontology”, that is, a collection of named
conceptual entities with a natural language definition,
and such an ontology can not address specific require-
ments of e-learning environments.

8. CONCLUSIONS AND FUTURE WORK

With respect to the first component of our research con-
tribution - visualization and interactive interface for on-
tology maintenance - our analysis revealed a very high
perceived value by the educators involved in our experi-
ments. It also showed that the participants identified the
usability and interactivity of tools for ontology mainte-
nance with the maintenance process itself. This indicates
that visualization and interactive user interfaces are first-
class citizens when any tools for ontology maintenance
are to be developed for learning technologies. While our
usability experiment provides useful data about different
usability aspects of the tooling proposed for ontology
maintenance, all our findings are based on subjective var-
iables; as such they are suitable for our research question
- evaluate the perceived usability of the tool. In future re-
search, we will work on an experimentation setting that
will allow us to collect data about more objective varia-
bles. In particular, we envision setting up experiments in
which educators will be asked to complete a set of tasks
for ontology maintenance (e.g., for a given concept, select
relevant tags and connect them with the concept). Such
experiments will then provide us with objective means to
measure usefulness and effectiveness of particular aspects
of the ontology maintenance user interface (e.g., number
of selected tags per concept, types of used relations, time
for finding relevant tags for different concepts). In terms
of the ISO 9126 standard, we focused on the under-
standability characteristic of maintainability. In our future
work, we will investigate the analyzability and changea-
bility characteristics as well. These experiments might al-
so be useful to evaluate the effectiveness of the proposed
recommendation process quantitatively (i.e., the satura-
tion of the color of more related tags is darker). A more
ambitious and longer-term goal would be to have a
standard experimental setup for evaluating future solu-
tions in this area of research, similar to those adopted in
software maintenance [9].

Although our participants appreciated the use of on-
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tology visualization and interaction interfaces, it was
well-observed that this type of solution might not scale
for large ontologies. Depending on the size of a learning
domain covered by a specific ontology (e.g., course ontol-
ogy might not be that big, but an entire study program
might be rather large), development of effective visualiza-
tions/interaction interfaces might be more or less chal-
lenging. One promising research direction for future
work is to investigate the combined use of different on-
tology coupling [20] with tag popularity and relatedness
metrics for visualizing and interacting with large scale
ontologies and tag clouds. Equally important to this will
be to investigate user interfaces that will guide educators
more effectively in ontology maintenance and develop-
ment. Similar to the findings of the experimentation pre-
sented in this paper, our other related experiment [24]
confirmed that users require better guidance than cur-
rently offered while completing different ontology editing
tasks. That is, besides our tag coloring strategy, we will
need to investigate some more “intrusive” guidance in
the user interfaces.

Our experiments with the different relatedness metrics
showed that the best performing metric is nWMSR PMI-
Gwikipedia. This best performance of a Wikipedia-based
metric was already hypothesized in our preliminary work
[47]. Even though our experiments were related to the
domain ontologies for computer science education, we
can hypothesize similar results for other domains. Of
course, that hypothesis is to be confirmed in future stud-
ies. In addition to the consideration of sub-class relations,
our future work should also consider other types of rela-
tions such as synonymy, polysemy, or custom relations.

For the already mentioned challenge of a better guid-
ance for educators in ontology maintenance tasks, our fu-
ture research needs to further investigate recommenda-
tions of relations which might be established between col-
laborative tags and ontology concepts. Our current im-
plementation for ontology maintenance offers a fixed set
of possible relations to choose from. However, even from
that set of offered relations there are no recommendations
on the most suitable ones, or the ability to discover some
potentially new ones. For this purpose, we see as a prom-
ising direction Hearst patterns [25], following approaches
like the one introduced in [44] or external sources of col-
lectively accumulated knowledge such as DBpedia [7].
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