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Abstract

Most current ontology management systems concen-
trate on detecting usage-driven changes and representing
changes formally in order to maintain the consistency. In
this paper, we present a semi-automatic approach for mea-
suring and visualising data-driven changes through ontol-
ogy learning. Terms are first generated using text mining
techniques using an ontology learning module, and then
classified automatically into clusters. The clusters are then
manually named, which is the only manual process in this
system. Each cluster is considered as a sub-concept of the
root concept, and thus one dimension of the feature space
describing the root concept. The changes of terms in each
cluster contributes to the change of the root concept. Us-
ing our system, Web documents are collected at different
time periods and fed into the system to generate different
versions of the same ontology for each time period. The
paper presents several ways of visualising and analysing
the changes. Initial experiments on online media data have
demonstrated the promising capabilities of our system.

1 Introduction

An ontology for a dynamic domain is constantly evolv-
ing. It changes over time as the underlying knowledge
fluctuates. Ontology changes also occur when human
and software agents modify an ontology when applying
them in either a centralised or distributed environment.
(Flouris 2006) identified nine different tasks related to on-
tology change to summarise the state of the art. These in-
clude ontology mapping (Ehrig & Sure 2004), morphism
(Kalfoglou & Schorlemmer 2005), alignment (Euzenat
et al. 2004, de Bruijn et al. 2004), articulation, transla-
tion, evolution (Stojanovic 2004), versioning (Stojanovic
2004), integration (Pinto & Martins 2001) and merging
(de Bruijn et al. 2004, Hitzler et al. 2005). Ontology
mapping, morphism, alignment, articulation are to resolve
the heterogeneities between ontologies to enable interop-
erability, while translation, evolution, versioning are to
maintain the consistency and integrity of a single ontol-
ogy in the face of changes, merging and integration are
to unify all concepts and relations of source ontologies to
suit the domain needs.

In this paper, we are interested in ontology evolution,
which is defined as the timely adaptation to the changes
in the business requirements, in the usage of the ontology-
based applications, and in the modifications of consistent
management of the changes (Stojanovic 2004). Changes
may generate other changes because of the relations of vo-
cabularies or axioms in a single ontology or the relations
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of several ontologies. Inconsistencies in the same or de-
pendent ontologies can be also generated. Therefore, on-
tology evolution can become a very complex operation to
maintain the consistency without losing information. In
this paper, we simplify the notion of ontology evolution to
only look at the change of vocabularies or terminologies
over time in certain domains such that we can identify the
changes and determine the amount of changes automati-
cally.

Detecting and measuring ontology change over time
is often done by manual inspection of different versions
of the ontology before and after the change, or keeping
change logs to record the modifications. In the case of
ontologies generated automatically or semi-automatically
through text mining (Liu et al. 2005), it is possible to au-
tomatically detect the changes and the degree of changes
by comparing the ontologies generated for different time
periods.

This paper describes a text mining approach for rank-
ing domain terms and generating term clusters to measure
the amount of changes in certain domains. Section 2 pro-
vides the background and relevant work in ontology evo-
lution. Section 3 presents the techniques used in building
different modules of our system. Section 4 discusses the
experiments and results. The paper concludes with an out-
look to future work in Section 5.

2 Related Work

2.1 Process of ontology evolution

According to (Stojanovic 2004), the process of ontology
evolution has 6 cyclic phases:Change Capturing, Change
Representation, Semantics of change, Change implemen-
tation, Change propagation, Change validation.

The approach proposed in this paper deals with the
change capturing phase only. Changes can be captured
from explicit requirements or implicit requirements. Ex-
plicit requirements generated by ontology engineers or
end users are defined as top-down changes. Changes from
implicit requirements like change discovery methods are
called bottom-up changes. Implicit changes are catego-
rized in three types: structure-driven change from ontol-
ogy structure, usage-driven change from usage patterns
created over time and data-driven change from modifica-
tion of underlying knowledge such as text files. Specifi-
cally, while Stojanovic et. al. (Stojanovic 2004) discuss
how to keep and mine the usage logs to discover usage
driven changes, here we are interested in the data-driven
changes that are hidden in large domain corpora, which
is constantly modified and updated by adding new docu-
ments or deleting obsolete documents.

2.2 Formalisms for change representation

A change log records an exact sequence of changes that
occurred when an ontology developer updated an old ver-
sion of an ontology to a new version. If the recording of
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a change log is unavailable in a dynamic and distributed
environment like the Semantic Web, then old and new ver-
sions of an ontology bring the possibility to define changes
(Klein 2004, Plessers et al. 2007). To declare changes
from old and new versions of the same ontology, we can
use the following techniques: structural difference, con-
ceptual change and transformation set. Structural differ-
ence is a map of correspondences between old and new
versions of the ontology. It gives the declarative view of
ontology transition by comparing the versions of the on-
tology. Conceptual changes between old and new versions
identify changes in the concepts. Transformation set pro-
vides a set of change operations that specify how an old
ontology version can be transformed into a new version.
It lists the changes as a result of comparison of two ver-
sions of the ontology.

Preserving history of an ontology is used for creating
ontology versions. There are two ways to preserve his-
tory of an ontology. Timestamp approach labels elements
of an ontology with specific time. Snapshot approach ap-
plies snapshots to capture the different states of an ontol-
ogy over time. Snapshots can be for the whole ontology
or for a single concept definition (Plessers 2006).

In this paper, we opt to the snapshot approach. At each
time period, an ontology consisting of concepts and rela-
tions is kept. The same ontology at different time period
populates an ontology repository.

2.3 Existing Ontology Evolution Systems

Existing ontology evolution systems are centered around
two dominant ontology management infrastructures, the
KArlsruhe ONtology and Semantic Web Framework
(KAON) 1 and Protégé 2. They both provide a suite of
tools or plug-ins for creating, editing, modifying and rea-
soning about ontologies for Semantic Web applications.

Stojanovic (Stojanovic 2004) detects usage-driven
changes by analysing usage patterns and query logs.
Haase et. al. (Haase et al. 2004, Haase & Sure 2005)’s
system to maintain consistency and discover changes dur-
ing the usage of an ontology based application (in this
case, an online digital library). Flouris et. al. (Flouris
et al. 2006) proposed automatic ontology evolution based
on belief change theory. Plessers et. al. (Plessers et al.
2007) developed Change Definition Language to facilitate
formal representation and reasoning about changes. Noy
et. al. (Noy et al. 2006) developed an ontology evolution
framework in a collaborative environment. It supports dif-
ferent modes of ontology changes in a single framework
by using several formalisms of change representation.

Overall, detecting usage-driven changes and maintain-
ing consistency through reasoning about changes and for-
mal representation are the main concerns of the current
systems. Our system complements the existing ones on
dealing with data-driven changes.

3 Change Detection using an Ontology Learning Sys-
tem

Figure 1 shows an overview of our system, consisting
of an ontology learning module, a visualisation module
and various sub-modules. Text collected from the Web is
first pre-processed to remove spelling errors and resolve
acronyms. Clean text is then fed into term extraction and
concept discovery sub-modules to generate domain rel-
evant terms and group relevant ones into clusters. The
clusters are then named manually by domain experts. The
clusters and the weights of the domain terms are then used
in the visualisation module to produce graphs and tables
to aid human comprehension of the results.

1http://kaon.semanticweb.org/
2http://protege.stanford.edu/

The main building blocks of domain ontologies are
domain-specific concepts. Since concepts are merely
mental symbols that we employ to represent the different
aspects of a domain, they can never really be computation-
ally captured from written or spoken resources. Instead,
in ontology learning, terms are regarded as lexical realisa-
tions for expressing or representing concepts that charac-
terise various aspects of specialised domains. Therefore,
hereafter, we use terms and concepts interchangeably.

3.1 Term Extraction and Concept Discovery

The main task in term extraction is to determine whether
a word or phrase is a term that characterises the target do-
main. This key question can be further decomposed to
reveal two critical notions in this area, namely, unithood
and termhood. Unithood concerns whether sequences of
words should be combined to form stable lexical units,
while termhood is the degree to which these stable lex-
ical units are relevant to some domains. After process-
ing the domain text using a linguistic parser and unithood
analysis, Wong et al. (2007b,a) presented an empirically-
derived scoring and ranking scheme for the determination
of termhood based on a set of heuristically-motivated term
characteristics. The scoring scheme ranks term candidates
using numerical weights, indicating the significance of the
concepts in the domain. Therefore, here we give a brief
explanation of how we obtained the weights.

Two base measures are introduced for capturing the
statistical evidence based on the cross-domain and intra-
domain distribution of term candidates and their context
words, respectively:

• Domain Prevalence (DP), to measure the extent of
term usage in the domain.

• Domain Tendency (DT), to measure the extent of in-
clination of term usage in the domain.

A high DP means that the term is frequently encountered
(i.e. prevalent) in the target domain. It is a sign of high
domain relevance if and only if the frequent usage of that
term is exclusive to the target domain, that is, has high
domain tendency DT . These two measures are further ad-
justed when taking into account three types of linguistic
evidence. Namely, Candidate evidence as discriminative
weight (DW), Modifier evidence as modifier factor (MF)
and Contextual evidence as average contextual discrimi-
native weight (ACDW).

This new mechanism requires a corpus containing text
generated using the special language of the target domain
(i.e. domain corpus) and a set of corpora produced using
special languages from domains other than the target do-
main (i.e. contrastive corpora). Details of how to obtain
the above measures are presented below:

Given that we have a list of term candidates (both
simple and complex) TC = {ai, ...,an}, to determine ter-
mhood is to assign weights to term candidates in order to
identify the m most suitable candidates as terms in a do-
main t ∈ T . Each complex term, a will comprise of a head
ah and modifiers m ∈ M(a). Each term candidate is as-
signed a weight depending on its type (i.e. simple or com-
plex). Inspired by the contrastive weights (CW )by Basili
et. al. (Basili, Moschitti, Pazienza & Zanzotto 2001), the
domain prevalence (DP) for a simple term a is defined as:

DP(a) = log10( fad +10) log10

(
FTC

fad + fad̄
+10

)

where FTC = ∑ j f jd + ∑ j f jd̄ is the sum of the frequen-
cies of occurrences of all a ∈ TC in both domain and con-
trastive corpora, while fad and fad̄ are the frequencies of
occurrences of a in the domain corpus and contrastive cor-
pora, respectively. If the term candidate is complex, we
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Figure 1: Architecture for Detecting Changes using an Ontology Learning System

define its DP as:

DP(a) = log10( fad +10)DP(ah)MF(a)

Based on our preliminary experiments on comparing
DP with the original CW , to address the biased ranking
by CW , we add a constant 10 to fad prior to log and in-
troduce another new measure called modifier factor (MF).
The MF of a complex term a is measured using the cumu-
lative domain frequency and cumulative contrastive fre-
quency of modifiers which also happen to be term candi-
dates, m ∈Ma∩TC. Formally, the MF of a complex term
a is defined as:

MF(a) = log2

(
∑m∈Ma∩TC fmd +1
∑m∈Ma∩TC fmd̄ +1

+1
)

MF is actually a derived measure modelled after our sec-
ond new base measure domain tendency (DT). The only
difference is that MF works with modifiers while DT
works with the entire term candidate, both simple and
complex. Formally, we can determine the inclination of
using term candidate a for domain and non-domain pur-
poses through:

DT (a) = log2

(
fad +1
fad̄ +1

+1
)

If term candidate a is equally common in both domain
and non-domain (i.e. contrastive domain), DT = 1. If
the usage of a is more inclined toward the target domain,
fad > fad̄ , then DT > 1, and DT < 1 otherwise. Next, this
new base measure DT together with DP will contribute
to a new weight known as discriminative weight (DW),
which is simply the product of DP and the corresponding
DT of the term candidate:

DW (a) = DP(a)DT (a)

Assuming that term candidate a has the set of context
words Ca, the average contextual discriminative weight
(ACDW) is defined as:

ACDW (a) =
∑c∈Ca DW (c)NGD(a,c)

|Ca|

where NGD(a,c) is the normalized google distance (Cili-
brasi & Vitanyi 2006) between term candidate a and c.
The ACDW weight allows us to take into consideration
the company a term candidate keeps. Nonetheless, not all
context words describe or are related to the terms they ap-
pear with. Therefore, we adjust ACDW according to its
ratio with the corresponding DW to produce the adjusted
contextual contribution (ACC) as:

ACC(a) = ACDW (a)
e
(

1− ACDW (a)+1
DW (a)+1

)
e
(

1− DW (a)+1
ACDW (a)+1

)

log2
ACDW (a)+1

DW (a)+1 +1

In the end, we define the final weight known as termhood
(TH) for each term candidate as:

T H(a) = DW (a)+ACC(a) (1)

3.2 Concept clustering

Once the term candidates have been scored and ranked,
filtering and selection are usually performed using some
thresholds or with minimal expert involvements. The re-
sult is a list of terms which has been deemed fit to denote
some domain-specific concepts or is relevant to certain do-
mains of interest. As shown in Figure 1, these terms are
the ones that will contribute to concept discovery. Wong
et al. (2006, 2007c) presented a novel clustering algorithm
known as the Tree-Traversing Ant (TTA) for discovering
concepts from terms. TTA was designed as an attempt to
fuse the strengths of standard ant-based methods with cer-
tain advantages of conventional clustering methods. One
of the biggest issues associated with term clustering is the
lack of visible (e.g. physical and behavioral) features re-
quired for the computation of similarity. Together with the
use of featureless similarity measures, namely Normalised
Google Distance (NGD) (Cilibrasi & Vitanyi 2006) and n◦
of Wikipedia (n◦W) (Wong et al. 2007c), TTA was able to
address the issues related to similarity measurement and
many other unique requirements of term clustering in on-
tology learning. Seven of the most notable strengths of
TTA with respect to clustering are:
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• Able to further distinguish hidden structures within
clusters;

• Flexible in regards to the discovery of clusters;

• Capable of identifying and isolating outliers;

• Tolerance to differing cluster sizes;

• Able to produce consistent results;

• Able to identify implicit taxonomic relationships be-
tween clusters; and

• Inherent capability of coping with synonyms, word
senses and the fluctuation in terms usage.

3.3 Measuring the similarities between concepts

Techniques for measuring the similarities between con-
cepts can employ extensive and well-ground semantic re-
sources such as WordNet, OpenCyc or domain specific
ontologies to compute the distance between two concepts.
For example, (Maynard & Ananiadou 1999, 2000) consult
the Unified Medical Language System (UMLS) to com-
pute two weights, namely, positional and commonality in
order to measure the similarity between two concepts. Po-
sitional weight is obtained based on the combined num-
ber of nodes belonging to each word, while commonality
is measured by the number of shared common ancestors
multiplied by the number of words. Accordingly, the sim-
ilarity between two term candidates is defined as:

sim(a,b) =
com(a,b)
pos(a,b)

(2)

where com(a,b) and pos(a,b) is the commonality and po-
sitional weight respectively, between term candidate a and
b.

However, such an approach is not viable when there is
no ready to use domain ontology or taxonomy available.
In addition, Basili et. al. (Basili, Pazienza & Zanzotto
2001) criticised that such approach for being so reliant on
existing ontologies and thus not portable to other domains.
Therefore, they combine the use of contextual information
and the head-modifier principle to capture term candidates
and their context words on a feature space for computing
similarity. Given the term candidate a, the feature vector
for a is:

τ(a) = ( f1, ..., fn)

where fi is the value of the attribute Fi and n is the number
of features. The authors chose cosine measure for com-
puting similarity over the syntactic feature space:

sim(τi,τ j) =
τiτ j

|τi||τ j|
This approach require large corpora and high density

of the domain terms to be effective. To ensure the general
applicability of our approach, the cosine similarity mea-
sure is more suitable for us in measuring the similarities
between ontologies generated at different periods of time.
This will free us from assuming prior ontologies. It is also
feasible because our system is capable of collecting large
volumes of online text data to ensure an optimal size of
the corpora. As you will see in Section 4, a general root
concept is represented using a vector of sub-domains (or
clusters), the children concepts in each sub-domain con-
tributes to the overall weight of the sub-domain. There-
fore, changes in the significance of each sub-domain mea-
sured by the corresponding overall weight can be used in
measuring the shift in the semantics of the root concept.
Cosine similarity measure is used to compute the amount
of changes over a specified time period.

4 Experiments and Results

The document collecting sub-module as shown in Figure
1 reads the RSS feed from major Australian online News
outlets every day from September 2006 to April 2007. We
choose to use online news articles to demonstrate the capa-
bility of our system because media data are more volatile
than other types of domain corpora. Changes are therefore
more obvious.

As online media articles in Australia cover news in
Australia as well as international news that made their way
into Australia, we treat the terms and relations extracted
using the ontology learning module as features of a gen-
eral root concept Australia. As far as the online media
domain is concerned, Australia is a constantly evolving
concept. In our case, the changes are represented by the
changes in its features, that is, terms and relations.

As shown in Figure 2-4, three versions of the ontology
for the root concept Australia in the media domain
are generated for September 2006, December 2006 and
April 2007. The generation of terms and the creation
of links are done automatically using the termhood
measurement T H and Tree Traversing Ants algorithm
discussed in Section 3. Unfortunately, as it is still an
open research question we are currently pursuing, there
is not yet means of automatically naming the clusters
in our current system. Manual input from domain
experts is therefore necessary in determining the name
of the clusters based on the common node shared by
the terms. Identifying the cluster is important in our
approach of measuring the amount of changes, because
each cluster is considered as a sub-domain and therefore
a dimension in the feature space of the general root
concept. In our case, the concept Australia in the
media domain is considered represented by a vector with
7 features, namely, Politics, Economy, Policies,
Environmental Issues, Domestic Affairs and
International Affairs. However, as one will notice
that some anomaly might exist. For example, poor
housing affordability ideally should be classified in
the domestic affairs cluster. This issue was discussed in
(Wong et al. 2006, 2007c), the infrequent occurrences of
such anomalies in a semi-automatic system is tolerable.

The visualisation module in Figure 1 allows different
types of plug-ins to display the changes in sensible ways to
ease the comprehension and interpretation of the changes.
To quantify the changes and to weigh the importance of
each cluster in the general root concept, we defined the
accumulative weight (ω) of each cluster as the sum of the
T H value of each term in the cluster,

ωi = ∑n
k=1 (T Hk)

where n is the number of terms in cluster i.
Figure 5 represents these accumulative weights of each

cluster for all three periods. The data can be better visu-
alised using scaled circles to indicate the amount of media
attention in certain feature dimensions, as shown in Figure
6.

It is not surprising to see that media attention to the
main topic areas in Australia are constantly changing. Fig-
ure 6 is very intuitive in showing the volatile clusters
and the relative stable clusters. From here, it is obvious
that some areas, such as coverage on Environmental
issues, Sports and Entertainment and Economy,
are changing quite dramatically over different periods,
while Politics and Domestic Affairs, are relatively
stable. The steady increase in the amount politics cover-
age from September 2006, to December 2006 and April
2007 indeed makes sense, as one would expect more
talking-about on politics as the election draws close.

Overall changes in such an ontology are generated by
the changes of internal terms. Looking into the terms com-
prising of each cluster, the topic changes depend on many
aspects such as sudden events, sports season, weather and
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Figure 2: Clusters of September 2006

Figure 3: Clusters of December 2006

Figure 4: Clusters of April 2007
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Figure 5: Cluster weights

Figure 6: Clusters in all three periods

Figure 7: Politics area: (a) in September 2006; (b) in December 2006; (c) in April 2007

Figure 8: Term contributions in Politics: (a) in September 2006; (b) in December 2006; (c) in April 2007
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Figure 9: Similarity measurement

etc. In December 2006, which was a hot summer in Aus-
tralia, bushfires appeared and environmental issues be-
came one of the hot topics, even though they were not
strongly mentioned during September 2006. Taken the
Politics cluster for example, Figure 7 zoom into this
cluster in the three different periods. As we can see, all
three of them includes the Prime Minister of Australia,
Mr. John Howard, as one of the main terms. Other terms
differed and did not appear in all of them. Before becom-
ing the new Opposition leader, Mr. Kevin Rudd was not in
the cluster in September 2006, but appeared in December
2006 and came stronger in significance (T H value) after
he took the position. Therefore, measuring the contribu-
tion from each terms to the cluster can also be important.
As shown in Figure 8(b), Kevin Rudd contributes 30%
to the cluster as compared to John Howard’s 24%. The
overall changes in the ontology over different time periods
can be measured using the cosine similarity of the vectors
representing each period. Given two versions of the on-
tology at two different time period, Ot and O

′
t , the vectors

are τ = (ω1, ...,ωm) and τ ′ = (ω ′
1, ...,ω

′
m), where m is the

number of features. According to the formula in Subsec-
tion 3.3, we have

sim(Ot ,O
′
t) = ∑n

i=1(ωiω
′
i )√

∑n
i=1(ωi)2

√
∑n

i=1(ω ′i )2

where n is the number of clusters in the ontology, ωi is the
cumulative weight for a selected cluster. A sim(Ot ,O

′
t)

value closer to 1 indicates higher similarity, whereas a
value closer to 0 signifies higher distance. We measured
the cosine similarity of every two different versions for
the general root concept Australia. The value varied be-
tween 0.62 and 0.76 in our selected time periods as shown
in Figure 9.

From here, we can say that the concept Australia
fluctuates 24%∼38% between September 2006 and April
2007.

5 Conclusion and Future Work

Data driven ontology changes can be detected using text
mining based ontology learning systems. In this paper,
we presented an approach for semi-automatically gener-
ating ontology concept clusters at different time periods,
measuring and visualising the changes in sensible ways to
help understand the overall concept changes as well as the
individual terms contributed to the change. Experiments
have confirmed the effectiveness and intuitiveness of the
system. The results are also quite sensible in explaining
real world events.

As the data source is from volatile online media do-
main, the generated ontology shows little consistency at
the term level. However, this can be helped by grouping
the relevant terms into clusters, which are relatively stable
over the time span considered. In the future, comparison
experiments are planned on more domain specific text to
see if the same approach can be used to discover general
or upper ontology.
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