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Abstract. This paper proposes a methodology for enriching core ontolitly w
the concepts and relations in the domain thesaurus. The contdépé domain
thesaurus are classified into concepts in the top-levebaf ontology, and
relations between broader terms (BT) - narrower tehi énd related terms
(RT) are classified into semantic relations defined lan dore ontology. To
classify concepts, a frequency-based approach is complkhesith a
similarity-based approach. To classify relations, twbnegues are applied: (i)
for the case of insufficient training data, a rule-basedule is for identifying
is-a relation out ofnot is-aones; a pattern-based approach is for classifying
non-taxonomic semantic relations framt is-a (ii) For the case of sufficient
training data, a maximum-entropy model is adopted, whei¢ &pbroach is
for noisy filtering of training data. A series of expeeints show that
performance of the proposed systems are quite promisithigc@mparable to
judgments by human experts.

1 Introduction

Ontology includes concepts, semantic relations betwesrtepts, instances, and
axioms on the domain. Existing lexical knowledge basash as thesaurus, contain
semantic information on terms/concepts and taxononatiors. This is the reason
why thesaurus is frequently used for ontology constractimwever, the hierarchy of
the thesaurus contains not omdya relations andoart-wholerelations between BT
and NT, but also other related relations between BRITRih [1]. It is more serious in
domain thesaurus. For example, in Figure 1, each hieranclapmain thesaurus,
Inspec, includes bothis-a and other non-taxonomic relations without clear
identification. We call this kind of hierarchy BT-NTIRhierarchy to distinguish it
from the taxonomic hierarchy.

To build ontology with a domain thesaurus, the BT-NT/W&rarchy has to be
mapped into the taxonomic hierarchy for ontology, anBid\T/RT relations in the
thesaurus have to be classified into semantic relati@igpart A in Figure 2 indicate
the BT-NT/RT hierarchies in the domain thesaurus, trershown in part B, the
semantic relations for ontology should be elicitedrfrBT-NT/RT relations in the
thesaurus (relation classification). And as shown int @arthe concepts of the



thesaurus should be classified into the categories éi@b-toncepts) in core ontology
(concept classification), to map BT-NT/RT hierarchfs the thesaurus into a
taxonomic hierarchy for ontology.
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Fig. 1. BT-NT/RT hierarchies in the domain thesaurus Inspec
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Fig. 2. Enriching ontology with thesaurus by mapping relation®B) and concepts (BC,
D).

In this paper, core ontology in the IT domain is giasnthe target ontology, and a
domain thesaurus, Inspec, is used as the source thedaaroancept classification,
the concepts on the top level of the core ontology cmesidered as semantic
categories; the concepts in the Inspec Thesaurus eassifield into these target
categories. A frequency and similarity-based approach eimented for concept
classification. Forrelation classification, the semantic relations defined in core
ontology are considered as relation categories, aadBMNT/RT relations of the
Inspec Thesaurus are classified as specific semardire. A set of rules based on
lexical information of concepts are proposed to cla$Bif-NT/RT relations intas-a
andnot is-arelations; a pattern-based approach is proposed &ifglasn-taxonomic
semantic relations fromot is-arelations, in which the BT and NT/RT in relation
triples are classified into semantic categories withajhgroach proposed for concept
classification first, then theot is-arelation is classified to a specific semantic relation
using relation patterns constructed semi-automaticdllyis is an unsupervised
approach, and it is adopted when there is lack of trainirey datompanied with the
accumulation of classified semantic relations which bba used as training déta
maximum entropy model (MEM) is proposed for relationssification, where a
kNN-based approach is adopted to filter noisy training data.

A series of experiments show that the performanceguate promising, with some
of them comparable to agreements among human experts.

! This training data is built semi-automatically — thetietes are classified with the proposed
unsupervised approach first, and then verified by human experts.



2 IT CoreOntology and Domain Thesaurus|Inspec

An IT core ontology is adopted in this paper as target ontology to be enridres.
core ontology is composed of a domain taxonomy and 185 tfpretations defined
for the IT domain. The domain taxonomy contains a taxandmerarchy with 200
categories as nodes and is part of the general domesaurus CoreNet, which
contains more than 2,900 categories and 50,000 generddwadas in Korean [2].
The categories of domain taxonomy are selected maiolyrdiag to their popularity
score in IT domain. For example, there are many Ifdebelong to the CoreNet
categoryCommunication equipmertherefore its popularity score is high enough to
be selected as semantic category for IT domain taxon@myhe contrary, CoreNet
categoryMedicinesbarely has IT terms belong to it and the popularity scorery
low, so it is excluded from IT domain taxonomy (Figure 3).
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Fig. 3. IT domain taxonomy (the hierarchy of dark nodes) in IT corelogy is part of the
general domain thesaurus CoreNet. This figure presesith-free of théirtifact category in
CoreNet, in which the dark nodes present the categoriesteelfor IT domain taxonomy, and
the white nodes are just CoreNet categories.

The semantic relations defined for IT domain ontologyehdomain and range
constraints. In Table 1, e.g. the domain of the relatieoryAboutis an instance of
categoryTheory and its range can be an instance of eiteuctureor Equipment
The relation triples with domain and range constrairgsaatually a kind of relation
patterns can be used for relation classification. ITe contology is still under
development, and so only part of the semantic relations kamain and range
constraints: 258 relation triples are defined for 108 séimaelations (out of 185
types of relations totally) at present.

Table 1. Semantic relations defined for IT domain ontology

Relation Domain Range
functionFor Function Analysis
functionin Function Logic
functionOf Function Plan
theoryAbout Theory Structure
theoryAbout Theory Equipment
theoryOf Theory Information

Inspec Thesaurus. The Inspec Thesaurus [3] is adopted in this paper astinees
thesaurus. It covers more than 14 areas including congputontrol engineering,
electrical and electronic engineering, information tetbmoand physics, etc. Inspec



contains more than 8,300 terms and 15,901 BT-NT/RT reti®he relations are a
mixture of BT-NT and BT-RT relations as shown in Figlirend there is no labeling
(types of relations) assigned to the relations. B@nwle, both (active antennas,
antennas) and (antenna theory, antennas) are given as BEafions without
labeling.

3 Concept Classification

In this section, we classify Inspec terms into 200 caieg®f IT domain taxonomy.
As the first step, each term is classified into a eBlat category according to
popularity score —a frequency-based approach.t lbet the lexical expression of a
term in Inspec andy its headword. Assume thdéit has multi-sensesn which
correspond to CoreNet categorias,{..C;,...Cn}, respectively. Letw; represent the
popularity score of;, andc; the determined category bin CoreNet. We have:

¢ =¢, =argma{w; |h Oc; 1< j<m) (@D}

The second step is for finding corresponding semaratiegory ofc; in the IT
domain taxonomyC using similarity measurement. L&={C,,...G,...G}, where
n=200 as described in Section 2. The semantic categdrynoflomain taxonomy,
C(t), is classified by Equation (2):

C() =C(h) = argmaxSintc, .C,) 2

Let depth{c) be the depth of a node in CoreNet. The similaritywben c; and
categoryC; is the maximum reciprocal of the distances betw€erand ¢;. The
similarity is zero ifc;is not a hyponym category 6f (Equation 3).

0, if c, is not hyponym category of C, in CoreNet; 3

Sim(e,, ) = {ni&}x(depth(c‘) ~ depth(C,) +1), else.

We perform classification on headwords instead of oridimes above. We use the
following approach to recognize headwdxaf termt: to a concept in the IT domain,
the headword is normally the last word in the compounahnghich expresses the
concept. If the concept is expressed by only one word, titve word itself is the
headword. If the above cases do not apply, we adopt arphtteed approach to
recognize the headword. Leeadterm) be a function of headword recognition, thus
we derive the following patterns:

¢ <headword><prep.><otherword>, where < prep.>={by, in, onfrof, for, with, about}

- Ex) headlearning by example) = learning

¢ <headword>_<domain>, where <domain> indicates domain informefithe concept

- Ex) headnetwork_circuits) = circuits

» <otherword>-<headword>

- Ex) headqunsolicited_e-mail) = malil

¢ <otherword&headword>, where ‘&’ indicates there is no spatedsn the two words

- Ex) headradiotelephony) = telephony

2 Korean lexical expressions and definitions of the Indpems are complemented for our
work, and used in concept and relation classification.



4 Reation Classification

For relation classification, an unsupervised approaphojsosed when there is lack of
classified relations that can be used for training; andupervised approach is
introduced with the accumulation of classified relations.

4.1 Rule-based Approach: Is-a Reation Classification

Our approach to classify this-a relation relies on two assumptionghe first
assumption is that two concepts in the BT-NT/RT relation holdissa relation if
they have the same identityie second assumption is that the headword of a lexical
expression reflects the identity of its concept. Tdentity of a concept is the
essential property that distinguishes the concept fritmar @oncepts. For example,
“active antenna” has the same identity with its BT “an#&s” and so they are in &n
arelation. But “antenna testing” has a different identiith its BT’s, “Antennas,” so
they are in anot is-arelation. Under the two assumptions, a set of rulesdan the
headwords are proposed to ident#ya relations: the rule of the same headword, the
rule of transitivity, the rule of tolerance, an@ ttule of abbreviation.

Rule of the Same Headword. According to the second assumption, if two terms
under the BT-NT/RT relation have the same headword, weeknow they share the
same identity, and so their relatiorigsa according to the second assumption.

Rule of Trangitivity. If the headwords of BT and NT/RT have &ra relation,
then according to the above two assumptions and thgtivég of anis-a relations,
these two terms should also have iafa relation. Suppose we havsa(listings,
programs) andsa(methods, theory) in the IT domain, we hasa(JAVA listings,
complete computer programs) asd(smoothing methods, filtering theory) as results.

Rule of Tolerance. Some concepts have tolerance in lexical expressions. For
example, given the BT “equipment,” it could have many teriks ireceivers,”
“antennas,” “cameras,” “tubes”, and “transmitters” asNil's. The terms which have
tolerance in lexical expressions include “equipment”, “ssodes”, and
“applications.® If the BT has one of these words as its headword, thenvery
likely it has is-a relations with its NTs even though these NTs havéerdift
headwords.

Rule of Abbreviation. Some concepts have many NTs in abbreviation form.
“Languages,” “standards,” and “networks” are examples of satitepts. Similar
with the rule of tolerance, if a BT has one of theseds as its headword, and its NT
is an abbreviation, then most likely they havasaarelation. For example, we have:
isa(BASIC, high level languages), ais&(ISDN, telecommunication networks).

4.2 Pattern-based Approach: Semantic Relation Classification

In Section 4.1, BT-NT/RT relations are classified ir#@ and not is-arelations. In
this section, th@ot is-arelations are classified as semantic relations af oatology.

3 These tolerance and abbreviation-related terms comedinoqractice observation.



Semantic relations are classified by two phasest, five classify BT and NT/RT into
the semantic categories; then, we classify the BTRY Trelation to certain semantic
relations of which domain contains the category of NT @nethich range contains
the category of BT.

As mentioned in Section 2, the semantic relations with adonand range
constraints can be considered relation patterns. WithBiheand NT/RT already
classified as described in Section 3, the given BT-NT#tions can be classified to
semantic relations by adopting relation patterns. kamgle, to the given BT-NT/RT
relation of btnt(bubble chambers, particle track visualisation), th& MNubble
chambers” can be classified under the categouipmentand the BT “particle track
visualization” can be classified under the catedgérycessing Considering that the
specific semantic relation ofbtnt(Equipment Processiny can only be
“equipmentFdtin the relation patterns (Figure 4), the given relatis classified as
equipmentFaibubble chambers, particle track visualization).
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Fig. 4. Semantic relations used as patterns

4.3 Supervised Approach for Semantic Relation Classification

With the training data accumulated, an MEM-based supervisedoaqbp is
introduced for supervised classification. Each relatiguietris treated as one event
(which means one example in training data). Only the lexiéarmation of the BT
and NT/RT are adopted in the feature extraction, becaisélifficult to find usages
for each event that contain both BT and NT/RT in the exdntThe input for the
classifier is a feature vector consisting of theofeihg items as basic features:
* The headwords of both BT and NT/RT.
» If event satisfies the rule of the same headword:sf tfee value is 1; else 0.
» If event satisfies the rule of transitivity: if yahe value is 1; else 0.
» If event satisfies the rule of tolerance: if yes, thkie is 1; else 0.
» If event satisfies the rule of abbreviation: if yéee value is 1; else 0.
Two extra features are adopted for comparison:
» Category feature: categories of the headwords of bdthaid NT/RT (use
output of Section 3).
» Is-afeature: if it is anis-a relation the value is 1; else 0 (use output of Section
4.1).
A kNN-based approach is adopted to extract the most siewamts from all to
build a training model for each target event. Cosinalagiity is used for selecting
events similar to the target one.



5 Experiments

Coverage and accuracy are used for the evaluation ofiotiessification. Coverage
is adopted to evaluate how many terms are classifiedtliet semantic categories of
core ontology. Accuracy is used to evaluate how mamystare classified into the
correct categories they should belong to. The evaludasoperformed by human
experts. One hundred and eighty headwords with top frequercies domain
dictionary are used as test data, with the assumptioththagategory of a term is the
same as its headword. Coverage of 78% with about 81% wfamgcwere achieved in
this experiment.

Relation classification uses the automatic concept ifitzd®n result without
verification by human experts.

5.1 Evaluation on Is-a Relations

Based on the rules proposed in Section 4.1, a clag®ficsystem ofs-arelations is
implemented. The BT-NT/RT relations of the Inspec dlness are used as test data.
The system identifies eithés-a or not is-arelations. Let R1 be relations classified
automatically, and R2 be relations decided by human expeethave accuracy:

— IRAR?] 4
Accu = Band (4)

As a baseline, classifying all of the BT-NT/RT r&das of Inspec tas-a relations
by default was taken, and came to 79.59% in our test setadd¢uracy of the system
tested with 4,999 BT-NT/RT relations was 85.83%, obviousigher than the
baseline.

Furthermore, evaluation on the results from experts wafrpeed. Relation
classification can be confusing even to the expertdt sopossible that differing
opinions on a relation exist among experts. This motivatedto evaluate the
consistency of the classification results by experts. R2 and R4 be classified
relations by different experts. The consistency evatubyeEquation (5) was 86.44%
in the test with 2,994 relations. This test result shoest the accuracy of the
automatic classification system is compatible to thresistency among experts.

[R3nR4 _ |R3nR4 (5)
CoNns= wryraz =~ Fa

5.3 Evaluation on Unsupervised Semantic Relation Classification

The similarity-based system described in Section 4.2 imgplemented. Among
12,821 BT-NT/RT relations from the Inspec Thesaurus, wevate 3,307not is-a
relations after the classification performed in Sectto2. Thesenot is-arelations
were classified as 185 non-taxonomic semantic relatat@natically. The coverage
evaluated with Equation (6) came to 31.09%, and about 90%aaycwas recorded
with Equation (4).

| Identified NotISA relations | (6)

Coverage= -
| NotISA relations|




5.3 Evaluation on Supervised Semantic Relation Classification

An MEM toolkit is employed for model training in MEM-basedhssification
experiments [4]. As the test set, 10% of BT-NT/RT relaiwere randomly selected
from the Inspect Thesaurus, and the remaining 90% afkthtons, which had been
classified by unsupervised systems and verified by human expente used as
training data. From Table 2, we can see that the aatégormation of BT and
NT/RT is not helpful to the relation classification, hthe kNN-based approach
remarkably improves accuracy by filtering noise froaining data (the lowest row).

Table 2. Experiment results on supervised semantic relations fatasisin.

Approach Features Accuracy
MEM Basic features 59.61%
MEM Basic features + category features 58.86%
MEM Basic features + Is-a features 62.46%
MEM Basic features + category features + Is-a features 71%d.
MEM+kNN Basic features + Is-a features 66.12%

The supervised approach can overcome the coverage prabl@attern-based
approach. However, the accuracy is relatively low. Inekgeriment shown in the
second row of Table 2 (basic features + category fesiturthe accuracy of
classification onis-a relations was 89.58%, and the accuracy of the otloar n
taxonomic relations was 24.19%. Obviously, the low amcyrof non-taxonomic
relation classification cause the low accuracy of imatlassification.

We performed consistency test on human experts, toaeathe agreement on the
non-taxonomic relation classification among human egpewith a randomly
selected test set which contains 90 non-taxonomic eefgtithe consistency among
human experts was 15.87%, while the accuracy of the autosyatem on the same
data set was 14.44%, which was only slightly lower thanctmsistency of human
experts. As the results shown, even human experts féttuttito classify the BT-
NT/RT relations as more than hundreds of the semegltiions. It imposes that too
many types of relations can cause low efficiency lati@n classification or relation
annotation.

6 Rdated Work

Using an existing knowledge base such as a thesaurugdabtology has gathered
attention over the past few years. Existing thesauruthesaurus-like knowledge
bases normally provide generally used terms in certain idemaa their vocabulary,
and present relations between BT and NT/RT with eahshy tree structure. Some of
these knowledge bases include constraint informatidncra be used for prediction
or reasoning [5]. But they often provide only part loé tinformation required for
ontology building.

Some researches focus on converting an existing knowleiggeetb ontological
expression without creating ontology [6]. The originaesturus formats are



converted into ontological expressions like RDF or OWWAse studies on the format
of individual thesauruses are required, then a patteral@based conversion can be
performed. Other researches address the problem afdraring source knowledge
into ontological knowledge by extracting useful informatiamf existing knowledge
bases [5, 7-8, 10]. Constraints of ontology are derivedhfthe source code of
original logic programs, and then transformed to owfickd knowledge.

There are also some researches that remodel tteaithego ontology with relation
level enrichment [1, 8-9]. Some of them [11, 7] extendtlesaurus by inserting case
relations and semantic relations into the taxonomiahily of the thesaurus, where
case relations are from existing machine translaystems and dictionaries, and the
semantic relations acquired from correlation informatextracted from corpus. In
other researches [1, 9], BT-NT/RT relations aresifeesl as more specific semantic
relations of ontology by rules or patterns defined lojman developers.

From the point of the relation classification taslsttve, what we proposed in this
paper is similar to these researches [9, 1]. In our taskever, the IT domain and the
Inspec Thesaurus cover a rather broader domain, amergois difficulty to defining
patterns manually. Especially with more than hundredseofelation types in a broad
domain, pattern-based approach shows limitation in the ageerTo solve the
problem, a supervised approach is adopted in our task, apérfoemance was quite
promising. Another difference of out task is, the concsification is performed in
this paper to convert the BT-NT/RT hierarchy in domaisaurus to the taxonomic
hierarchy for ontology, but not just allow the termsiakhdo not have taxonomic
hypernyms in the domain thesaurus be top nodes in thegntol

7 Conclusion

This paper presented a method of concept and relaticsifidason to automatically
enrich core ontology, with the domain thesaurus Inspdeequency and similarity-
based approach is proposed for concept classificatiaadsify the terms under the
BT-NT/RT relations to the semantic categories of danexonomic hierarchy, thus a
BT-NT/RT hierarchy of the thesaurus is converted ttaxonomic hierarchy for
ontology. An unsupervised approach is proposed for relaf@ssification without
training data, which includes a rule-based approactsfarrelation classification, and
a pattern-based approach for non-taxonomic relatiagsi@ieation. With the increase
in training data, a supervised approach is then presemtegldtion classification.

Extensive experiments were performed with our proposed agp@®aThe results
show that our approaches are very promising to enrichargmogy automatically
with a domain thesaurus. The classification accuracg-afrelations was comparable
to the consistency among human experts, and the agcofamentifying non-
taxonomic semantic relations fromot is-a relations was also high enough for
practical use, although coverage was relatively low condpardhe accuracy. The
coverage problem was overcome with the supervised appiro#uls paper.

However, the accuracy of the classification on nonfiarac relations are still
very low. It indicates that using only lexical informatiof the terms is not enough
for relation classification, especially when we hawere than hundreds of semantic



relations as target categories. How to exploit contekirnmation for relation
classification is one of our future works.

Another important work which is ongoing at present igaxonomic hierarchy
among semantic relations should be built for the cotelayy, especially when there
are many types of relations. With the relation hiengreke can reduce the number of
target semantic relations, thus the accuracy of relatassification can be improved.
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