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ABSTRACT
Ontology learning integrates many complementary techniques,
including machine learning, natural language processing, and
data mining. Specifically, clustering techniques facilitate
the building of interrelationships between terms by exploit-
ing similarities of concepts. With the rapid growth of the
Web, online information has become one of the major in-
formation sources. The ontology learning process where
traditional clustering algorithms are involved tends to be
slow and computationally expensive when the dataset is as
large as the Web. To address this problem, we present an
efficient concept clustering technique for ontology learning
that reduces the number of required pairwise term similar-
ity computations without a loss of quality. Our approach is
to identify relevant terms using a computationally inexpen-
sive similarity metric based on an event life cycle in online
news articles. Then, we perform more sophisticated simi-
larity computations. Hence, we can build clusters with high
precision/recall and high speed. Without a loss of cluster-
ing quality, our framework reduces the number of required
computations from O(N2) to (N +L2) (L ≪ N) where N is
the number of candidate concepts. Our experimental results
show that clustering based on our similarity framework can
construct concept clusters 1541.07% faster than clustering
with all term pair similarity computations.

Categories and Subject Descriptors
H.2.8 [Database Management]: Database Applications—
Data Mining ; I.2.6 [Computing Methodologies]: Artifi-
cial Intelligence—Learning
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concept clustering, ontology learning, similarity measures

1. INTRODUCTION
Ontologies, collections of concepts and their interrelation-

ships, play a key role in knowledge management by pro-

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
SAC’08 March 16-20, 2008, Fortaleza, Ceará, Brazil
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viding solutions to multiple problems resulting from com-
puters’ inability to understand natural language. Numer-
ous hand-crafted, lexical-semantic databases, such as Word-
Net [6], have shown that ontologies can facilitate machine
understanding of text and the automatic processing of doc-
uments. However, this manual approach to extracting se-
mantic meanings cannot scale with the growth of the Web.
Therefore, ontology learning, the process of mining taxo-
nomic relations from information sources, has become a sig-
nificant subfield of ontology engineering.

This research focuses on the efficiency of identifying rel-
evant concept candidates for ontology learning. Typically,
identifying semantic structure, where clustering methods have
been very involved, is computationally expensive for a large
number of data sets since it requires a significant number
of computations to measure a similarity among each pair
of candidates [4]. To address the computational bottleneck,
the reduction of the number of required similarity compu-
tations has emerged as a problem awaiting a solution in
ontology learning from a large collection of documents.

To address the computational issue, we present a novel
similarity computation approach based on the analysis of
an event life cycle on the Web. By using an inexpensive
similarity metric, the proposed approach identifies rough
concept clusters that have high potential to be clustered to-
gether, thus avoiding unnecessary similarity computations
among concepts that are far from each other. Based on
the obtained rough concept clusters, we perform expensive
similarity computations to refine the cluster structure. We
hypothesize that if an event life cycle based candidate selec-
tion in the first phase results in a small number of similarity
computations, then it would improve the clustering speed
without a loss of quality.

Our approach is based on the analysis of event life cy-
cle on the Web. Certain events generate postings to the
Web, such as news articles. The volume of postings typi-
cally starts small, grows, and then gradually disappears as
time passes [3]. Hence, a new relationship between two con-
cepts can be created when a certain event has happened.
Figure 1 depicts an example of term frequency transition
over time. The results show that the frequencies of both
terms sharply surged up and then dropped around the same
time frame (July 16, 2007). Observations of other terms
show the same phenomenon. One of the reasons this ob-
servation is important is that we can identify the relevant
concept candidates if we cluster the terms whose frequencies
have a rapid fluctuation at a similar point of time. In other
words, it is unnecessary to compute a similarity between the
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Los Angeles GalaxyJuly 16, 2007

Figure 1: Term frequencies have been collected from
online news articles for 100 days between May 11,
2007 and August 19, 2007 for both “David Beck-
ham”, who is a famous football (soccer) player, and
the “Los Angeles Galaxy”, which he joined in July
2007 and had his first official soccer practice session
on July 16, 2007

terms before the event happens because the similarity be-
tween them probably would be low prior to the event. Our
approach can be coupled with any type of clustering algo-
rithms and can be utilized for making algorithms scalable
with respect to the millions of documents.

Once concept clusters are identified, we utilize the ob-
tained clusters to enrich existing ontologies. As many thou-
sands of articles are published daily on the Web, neologisms
or concepts appear as time passes. Thus, it is essential to
maintain ontology to reflect up-to-date knowledge. To ad-
dress this problem, we present how to utilize refined clusters
to enrich existing ontologies.

The remainder of this paper is organized as follows. Sec-
tion 2 presents the ontology learning problems that we con-
sider in this paper. Section 3 discusses our similarity frame-
work based on event life cycle, and Section 4 describes how
to enrich ontologies using term similarity. Section 5 presents
our experimental results, and Section 6 reviews existing so-
lutions. Finally, Section 7 summarizes this paper, and dis-
cusses future work.

2. ONTOLOGY LEARNING PROBLEM
Ontologies provide an explicit model for structuring con-

cepts, together with their interrelationships. Most exist-
ing ontologies, such as WordNet [6], were manually created
and are being maintained by ontology engineers. Instead of
employing manual construction, many recent studies have
investigated ontology learning that automatically or semi-
automatically extracts information from texts and builds a
structured organization using extracted information. Inher-
ently, it integrates multiple complementary techniques, such
as machine learning, natural language processing, and data
mining. Particularly, clustering techniques facilitate build-
ing interrelationships between terms by exploiting similari-
ties of concepts to propose a hierarchy of concept categories.

With the rapid growth of the Web in the past decade, on-
line information has become one of the major information
sources. Traditional clustering algorithms have a scalability
limitation in that similarity computation needs to be per-
formed on all term pairs. Thereby, it would be inefficient
when we have numerous terms which are extracted from the
overwhelming number of documents on the Web. To address
this problem, the following two sections present a method
for ontology learning that reduces the number of required
computations without sacrificing the precision/recall.

3. ROUGH CLUSTER IDENTIFICATION
We now illustrate the key ideas of our approach that one

can greatly reduce the number of similarity computations
required for ontology learning. We first identify rough clus-
ter structure from documents using inexpensive similarity
metric, and then only measure the similarity among pairs
of concepts in rough clusters to identify their internal se-
mantic structure. Hence, our first step in ontology learning
from Web documents is to develop a solid solution for rough
cluster identification.

Most research in concept extraction has incorporated both
natural language processing and information retrieval tech-
niques for term indexing. These methods include parsing
HTML, tokenizing, stemming words1, eliminating stopwords2

and detecting phrases. A set of terms (phrases) is defined as
X = {xi : 1 ≤ i ≤ N} where x denotes a concept candidate.
A term is a concept candidate and can consist of multiple
words.

Given concept candidates extracted by these methods, we
consider an event life cycle on the Web to cluster relevant
concept candidates. Key terms of certain events on the Web,
like online news articles become popular and then dimin-
ish as time passes. In other words, the term frequency of
those key terms greatly increases and decreases as an event
appears, grows, and disappears. A term which is highly
relevant to the key term of the events also appears more fre-
quently in the documents and peaks during the same time
frame.

We are interested in the term frequency valued time series
denoted by tft(x), t = 0, 1, 2, ..., T , where x is a term and t is
a time variable. A function count(x) computes the number
of x’s occurrences in a document di. To account for differ-
ent length of documents, we normalize the term frequency
(freq) of term x in a document di as follows:

freqdi
(x) =

count(x)

li
(1)

where li is the length of di.
Let Dt be a set of documents that are published in time

slot t. The time slot t that we use is a day. We formulate
tft(x) as follows:

tft(x) =
X

di∈Dt

freqd(x) (2)

We now present a solid algorithm that captures the impor-
tant fluctuations in the tft over time. The algorithm is re-
ferred to as the Gallistel change point finding algorithm [2].

1We combine the Porter stemmer with the lexical
database [5] since this combination deals with irregular plu-
ral/tense [1].
2We employ the stopword list used in the Smart project [8].



We would like to find a change point where a certain at-
tribute of the distribution from which tft are drawn has the
important fluctuations. We divide this algorithm into the
following steps:

We first define a function that associates with each point
in tft as follows:

f(ti) =
tfti

(x) − tft0(x)

ti − t0
where i > 1 (3)

We then identify a putative change point (pcp) by finding
the earliest point t that deviates maximally from f(t).

pcpt =
i

max
j=0

(|f(tj) − tftj
(x)|) where 0 ≤ i ≤ T (4)

To verify that pcpt satisfies a decision criterion, we divide
the set of tft up to that point into two subsets, the subset
of S1 for the tft values before pcpt, and the subset of S2 for
the tft values after it. We then perform an unequal variance
t-test [7]. The t statistic (z) to test whether the means are
different can be calculated as follows:

z =
S̄1 − S̄2

q

s2

1

n1
+

s2

2

n2

(5)

where S̄1 and S̄2 are the sample means of the tft values
(g) in S1 and S1, and s2

1 and s2

2 are the standard errors as
follows:

s
2

1 =

Pn1

i
(gi − ḡ1)

2

n1 − 1
and s

2

2 =

Pn2

i
(gi − ḡ2)

2

n2 − 1

We can identify a change point (cp) when t is significantly
far from zero (null), rejecting the null hypothesis [7] that the
tft values in S1 and S2 have been generated based on the
same mean. The user can specify the threshold for reject-
ing the null hypothesis. Thereby, a change point can be
expressed as:

cpk = t of pcpt (6)

We recursively execute Eq. (3) through Eq. (6) by starting
immediately after the most recently identified change cpk.
Given the above change point finding algorithm, we define
a set of terms (ωt) whose elements have the same cpk as
follows:

ωt = {xi ∈ X : cp(xi) = t, 0 ≤ i ≤ N} (7)

where t = cp and 1 ≤ i ≤ N . We also define a set of ωt as
follows:

Ω = {ωt : 0 ≤ t ≤ T} (8)

To reduce the number of expensive similarity computa-
tions in the next phrase, we cluster Ω into overlapping sub-
sets like canopies [4] using a computationally inexpensive
distance metric. Let α and β (α > β) be distance thresh-
olds (difference of days), which are specified by the user.
We start with time t of ωt with two distance thresholds. We
then assign all the terms ωt at t that are within the distance
threshold t − 0 ≤ α to a subset Ωp. Next, we remove from
the list all points that are within the distance threshold β

in Ω. A collection of Ωp can be obtain by repeating these
clustering steps until Ω becomes empty. Consequently, each
term would be assigned to smaller groups in which similarity
measures would be performed in the next phase.

4. CLUSTER REFINEMENT USING AN EX-
PENSIVE SIMILARITY METRIC

This section presents how we refine rough cluster structure
using an expensive similarity metric. We present a robust
similarity model to identify the closeness of the candidate
terms in Ωp. Since concepts in ontologies commonly are ex-
pressed in few words, it is difficult to quantify the similarity
of candidate terms. Our approach to this problem is to use
documents in order to capture a richer semantic context of
candidate terms instead of simply quantifying their string-
wise similarity. Specifically, we are only interested in the
documents which are posted on the Web during the time
frame of Ωp. Let cpi and cpj be the time range of Ωp. Λp

denotes the set of documents which are published between
cpi and cpj .

We now provide precise definitions of the similarity mea-
sures that we use. The algorithm is based on tf-idf vector
wrighting scheme [8].We incorporate Λp to generate a tf-idf
vector for each candidate term x ∈ Ωp. The vector includes
terms which co-occurred in the documents with x. Let vi be
a term vector for each document di ∈ Λp where the weight
wx,di

associated with term x in document d is defined to be:

wx,di
= freqdi

(x) × log(
|Λp|

|{di : x ∈ Λp}|
) (9)

where freqdi
(x) is Eq. (1), |Λp| is the total number of docu-

ments in Λp, and |{di : x ∈ Λp}| is the number of documents
where the term x appears.

We eliminate all the elements in vi except m highest wx,di

terms using the optimal trade-off curve between sophistica-
tion and efficiency. We then employ a cosine metric [8],
which has been widely used in a vector space model. It
measures the similarity of two vectors according to the an-
gle between them. Let γ(x) be the centroid vector of all
vi’s. The next step is to measure the relatedness between
them. Given two terms xi and xj , the similarity between
xi and xj is defined as the inner product as follows:

Sim(xi, xj) = sigmoid(
γ(xi)

‖γ(xi)‖2

·
γ(xj)

‖γ(xj)‖2

) (10)

where sigmoid(x) is defined as follows:

sigmoid(x) =
1

1 + e−x

To obtain a desirable similarity prediction, we use the
sigmoid transfer function because it can divide the whole
input space smoothly into a few regions. Using Eq. (10), we
generate a vector Ri for each term xi ∈ Ωp by quantifying
the closeness of candidate terms. Ri contains xj ∈ Ωp (i 6=
j). We then truncate each vector Ri to include its δ highest
related terms based on Sim(xi, xj).

5. EVALUATION
The main purpose of this paper is to reduce the number

of necessary similarity computations for concept clustering.
That is, we want to produce the same quality of clusters by
using a significantly small amount of information, instead
of using all pairwise term similarity. Thus, assuming that
clusters resulting from using all possible pairwise similarity
computation is ground truth data (Ob), we want to measure
how many clusters produced by our approach (Oa) are close
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(A) 173 sample term frequencies transition over 100 days
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(B) 173 terms’ sample change points over 100 days
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Figure 2: We quantified ftt for each term by executing Eq. (1) and (2) as shown in (A). (B) illustrates the
change points of ftt for each term that we found by running Eq. (3) through Eq. (6). As depicted in (C), the
terms were assigned to overlapping smaller groups by creating Ωk with two tunable tight (α) and loose (β)
thresholds for an inexpensive distance measure.

to Ob. Towards this end, we use standard precision/recall
metrics as follows:

precision =
1

K

K
X

i=1

|Oai
∩ Obj

|

|Oai
|

(11)

recall =
1

K

K
X

i=1

|Oai
∩ Obj

|

|Obj
|

(12)

F =
2 · (precision · recall)

(precision + recall)
(13)

where K is the number of clusters in Oa, and a cluster Oai

is referred to as a concept Obj
cluster if and only if the

majority of concepts for Oai
belong to Obj

.
Experiment: We conducted our experiment using a web

search engine3 to crawl online US news articles. We ex-
tracted 173 sample terms from 1,269,940 online news articles
for 100 days between May 3, 2007 and August 11, 2007 by
the methods that we described in Section 3. We produced
two types of output. On the one hand, we constructed Oa by
computing similarities that are described in Eq. (9) through
Eq. (10) after identifying all terms in X using inexpensive
similarity metric. As shown in Figure 2, average 34 terms
were evenly assigned to each Ωk (1 ≤ k ≤ 19) when we set
α to 10 days and β to 5 days. On the other hand, we per-
formed the complete similarity computations of 173 terms
for structuring Ob by skipping the creation of Ωk. All meth-
ods were implemented in C++ and Matlab, and experiments
were performed on a Pentium4 CoreDuo 3.40GHz with 3GB
memory, enough such that there was no paging activity.

Complexity Analysis: We determined the complexity
of the methods to build both Oa and Ob as a function of the
number of extracted terms (N). Since the different compu-
tational phases contributes to complexity, time complexity
(C) of Oa and Ob can be expressed as:

C(Oa) = O(Eq.1) + O(Eq.{2 : 6}) + O(Eq.10) (14)

C(Ob) = O(Eq.1) + O(Eq.10) (15)

The complexity C(Oa) is different from C(Ob) in that C(Oa)
has rough cluster identification step (Eq. (2) through Eq. (6)),

3http://code.google.com/apis/

which runs in O(N). Thereby, C(Oa) involves Eq. (10) com-
putation time, which is O(L2) (L ≪ N) since T is assigned
to Ωk, while C(Ob) corresponds to O(N2) where L is the
number of candidate terms after rough cluster identification.
Therefore, structuring Oa is more efficient than constructing
Ob because O(N + L2) ≪ O(N2).

Experimental Results: Figure 3 describes the distri-
butions of the similarity for identifying related terms in dif-
ferent term-sets: Ωk for structuring Oa and all terms in X

for building Ob. The results clearly show that the former
Figure 3(A) has the log-normal distribution while the lat-
ter Figure 3(B) has a distribution with long-tailed behavior.
Hence, almost 99% of similarity computation in Figure 3(B)
was wasteful. Table 1 presents a summary of the experi-
mental results that computational time increases since more
pairwise similarity computations are needed, as we increase
α and decrease β. Construction of Oa was 1541.07% faster
than Ob where the distance thresholds α and β were re-
spectively 10 and 5. Therefore, it demonstrates that our
framework remarkably reduces the number of required com-
putations for clustering without loss of the precision/recall.

6. RELATED WORK
An extensive amount of literature has addressed ontology

learning in the context of natural language processing and
data clustering [1]. Most research efforts have profited from
clustering methods where terms are associated by specified
similarity measures. However, most methods use a single
similarity metric which are usually slow/accurate or fast/less
accurate.

In recent data mining literature, McCallum et al. [4] used
two different similarity measures: using quick, cruder met-
rics, they generated smaller clusters, and then used expen-
sive metrics to refine the smaller clusters. These inspiring
works provided us with a concrete foundation to further en-
hance the contemporary ontology learning framework. We
develop their foundation in the following ways.

Our research presented in this paper focused on improving
the efficiency of concept clustering process, which is essential
in ontology learning. Our approach is to build a rough clus-
ter structure by using a computationally inexpensive sim-
ilarity metric [4] based on an event life cycle [3] in online
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Figure 3: We compared distributions of similarities
for structuring both Oa and Ob using Eq. (10). (A)
shows the sorted distribution of pairwise similarities
of terms in overlapping smaller groups. (B) presents
the sorted distribution of complete pairwise similar-
ities of 173 terms.

news articles before performing more sophisticated similar-
ity computations. Hence, our approach is distinguished from
the above studies in that the number of pairwise similar-
ity computations is drastically reduced based on formal and
practical analysis of event life cycle of news articles. There-
fore, we can obtain the concept clusters with high preci-
sion/recall and high speed.

7. CONCLUSION
Given large quantities of online information with many

billions of terms, quantifying all pairwise similarities of terms
is very computationally expensive. Hence, the development
of efficient techniques for clustering is crucial. In this paper,
we have focused on efficiency in concept clustering. Our ap-
proach is to produce a rough cluster structure by reducing
the number of required computations based on an event life
cycle on the Web and then to refine the cluster structure.
We also presented how refined clusters can be used to enrich
existing ontology.

The proposed method can be utilized for a broad range
of ontology-driven applications that require up-to-date on-
tologies. The generated ontologies continuously maintain
up-to-date interrelationships among concepts by detecting
an event life cycle on the Web. Exploiting a manually de-
veloped ontology with a controlled vocabulary is helpful in
diverse applications such as query expansion. However, al-
though ontology-authoring tools have been developed in the
past decades, manually constructing ontologies whenever
new domains are encountered is a time-consuming process.
Moreover, the constructed ontology should evolve over time

Table 1: The precision, recall, F-measure, and time
costs of different distance thresholds α and β for
structuring Oa. Note that the time cost of structur-
ing Ob was 394.67 mins. Based on our observations,
news articles have a near-weekly cycle so that the
best performing α and β were 10 and 5 respectively,
which are indicated in bold.

α β Precision Recall F-Measure Minutes
3 1 0.761 0.387 0.513 15.59
5 1 0.709 0.497 0.584 17.47
5 3 0.899 0.572 0.699 23.18
7 1 0.880 0.775 0.824 19.42
7 3 0.864 0.809 0.836 21.18
7 5 0.869 0.838 0.853 23.15
10 1 0.841 0.838 0.840 22.01
10 3 0.956 0.919 0.937 24.52
10 5 1.00 0.965 0.982 25.61
15 1 0.920 0.867 0.892 37.26
15 3 0.962 0.908 0.934 27.05
15 5 0.962 0.908 0.934 30.17
15 10 1.00 0.965 0.982 32.05

given that neologisms or concepts appear as time passes.
Thus, we envision these ontologies will be an important re-
source for query refinement in search engines and ontology-
driven matching solutions [9].
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