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Abstract from scratch. Second, it increases the quality of new ontolo-
_ ) gies because the reused modules have already been verified

Ontology generation—a process to automatically cre- to a certain degree. Third, when two ontologies share com-
ate ontologies from existing knowledge sources—has mon modules, the mapping process between them becomes

become a key issue with the emergence of the seman-
tic web. Though many researchers are trying to auto-
mate this process by exploiting machine learning and
data mining techniques, the results remain under explo-

simpler because of the reduced heterogeneity. Fourth, on-
tology reuse can support ontology maintenance. Finally, se-
mantic web users can practice ontology construction through

ration. At the same time, when more and more on- reuse techniques.

tologies are available online, it is important to reuse In the early stages of ontology development, most on-
existing ontologies to a certain extent. In this paper, tology designers are reluctant to reuse existing ontologies.
we present a semi-automatic ontology generation sys- The main reason for this include the limited reuse mecha-
tem (OntoGenerator) by partially reusing existing on- nism and supporting tools. For instanowl:Imports ~ —
tologies via a modularization technique and a ranking bringing all axioms of the imported ontology into the tar-

strategy. In order to enrich the semantics of the gen-
erated ontology, we integrate natural language-based,
non-taxonomic relation extraction into the system. On-

toGenerator is aimed at supporting ontology reuse in se-

get ontology—is the only construct that OWkupports for
reuse. When a new ontology fully imports a number of on-
tologies with unneeded portions, its size and complexity be-

mantic indexing. Another objective is to evaluate the come critical issues. Thus, some researchers have instead
maturity of the semantic web by applying its technolo- given their attention to partial reuse. Garu and his colleagues
gies in ontology generation. (Garu and Sattler 2007) presented a mechanism of automatic

partitioning—dividing an ontology into a number of logi-
) cally discriminated partitions—based on tBeconnection
Introduction language (Grau and Kalyanpur 2005). SWG3GRBpports

With the rapid development of the WWW, the amount a functionality of such partitions. However, it is limited
of online information has increased expon’entially. Sey. Since it is independent from user requirements. For seman-

eral approaches using machine learning and data mining ticindexing—an attempt to compose semantic description of

techniques have attempted to extract ontologies from ex- WeP documents with meta-data and markups, user require-
isting knowledge bases (Sleeman and Schorlemmer 2003), ment plays an important role to ach_|eve a relevant ontol-
legacy databases (Maedche and Staab 2001), and text cor29Y- Therefore, we propose a tec_hnlque to extract a mod-
pora (Brewster and Wilks 2003). One difficulty with those Ular ontology based on user requirements (a desired set of
approaches is that background knowledge structure is not keywords? as We_”, as minimal Size and complex.|t¥.
always explicitly expressed in the knowledge sources, par- . Grubers definition of ontology ia formal, explicit spec-
ticularly in the later approaches. At the same time, when ification of a shared conceptualizationThis implies that
more and more ontology library systems (eRrot ege the semantics given in ontologies should be explicit and
Ontolingua , DAMI) and more powerful ontology search machine understandable. With respect to this, we favor
engines (e.gSwoogle , Watson , andOntoSearch ) be- on explicitness in apply|_ng some Wellfknown measures for
come available, it is reasonable to reuse existing ontologies Ntology module selection and ranking. Then, the sys-
to a certain extent, so that the process of ontology generation t8m generates a customized ontology by integrating some
from existing knowledge sources can be accomplished with highly relevant modular ontologies. Moreover, we pur-
satisfactory automation and less cost. sued the intuitive idea of semantic enrichment, which is
We summarize a number of reuse advantages. First, it the extraction of non-taxonomic relations from implicit

reduces the human labor involved in developing ontologies —
1OoWL is WB3C standard Ontology Web Language

Copyright(© 2008, Association for the Advancement of Artificial ~ http://www.w3.0rg/TR/2003/PR-owl-ref-20031215/
Intelligence (www.aaai.org). All rights reserved. 2http://www.mindswap.org/2004/SWOOP/
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Table 1: The basic constructors®&HOZ Q

Constructor DL syntax
intersectionOf cin..nc,
unionOf Ciu..ua,
complementOf | —-C

oneOf {a1}U...U{an}
allValuesFrom VP.C
someValuesFrom 3P.C
maxCardinality | < nP.C
minCardinality | > nP.C

knowledge sources (particularly annotated definitionsl-avai
able in the form ofrdfs:comment ) and addition of
these relations into the generated ontology. Since verbs
play an essential role in the relations between a subject
(owl:Class ) and object ¢wl:Class ) (Kavalec and
Svaték 2005; Schutz and Buitelaar 2005), verb centric triples

Table 2: The basic axioms SFHOZQ

Axiom DL syntax
subClassOf CiCT
equivalentClass Ci =0Cy
disjointWith C; C —Cy
samelndividualAs {a1} = {az2}
differentFrom {a1} C ~{az}
subPropertyOf P CP
equivalentProperty P =P
inverseOf P =P
transitiveProperty pPrCcP
functionalProperty TLCL1P
inverseFunctionalProperty T C< 1P~

Table 3: Some basic interpretationsS# OZ Q

Concepts

such as({Subject, Verb, Object) are the major focus of
non-taxonomic relations. The idea is developed by utiliz-
ing the generated ontology together with natural language
parsing techniques. We call this procedorgology-based
relation extraction

In this paper, a semi-automatic ontology generation sys-
tem (OntoGenerator) is presented by employing existing se-

(-CT) = AT\ C*
(10T =0 eyt
ciu CQ)Z = Clz U CQI
vP.C)t = {a € AT|PL(a,~C
IP.C)E = {a € AT|P%(a,C)
<nP.C)t ={a € AT|NPZ(
>nP.C)t = {a € AT|NPE(

0}
}
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mantic web technologies in a series of processes, such as

Axioms

ontology search, modularization, module ranking and se-
lection, module integration, relation extraction, and inter-
active review of the generated ontology. We also evalu-

C1 C o)t =017 C Oy
P CR)Y=PTCh’

(
(
(P! = {Va1,az,a3 € AT|PX(ay,a2) N P (az,a3) —

ate the OntoGenerator system by examining the quality of
PI(al, a3)}

generated ontologies in comparison to related works. Se-
mantic indexing is designated as a potential application for
OntoGenerator

o pairZ = (AZ,-T). In this pair,AZ is a non-empty set called
Preliminaries the domain of the interpretation anflis the interpretation
Ontology generation through partial reuse is an integrated function that assigns to evey GIC asZubse(%I C Afto
process that involves ontology modularization—extracting E€Very” € R a binary relation”” € A® x A", and to ev-
some relevant ontology modules from existing ontologies— €fya € I an element” € I. Table 3 describes some basic
and the reuse of those modules as customized ontologies ininterpretations i HOZQ whereN P is number restriction
integration. The formalisms for modular ontologies stud- ©f role P. An interpretatiori is a model of an ontologg
ied in this paper underlie OWL Dlthat corresponds to the  if Z satisfies all axioms id. _ _
description logics languag§HOZQ (Baader and Sattler We extend the notion of formal ontology with partial
2007; Baader and Nardi 2003). Thus, we briefly introduce reuse, following the above syntax and semantics.
its syntax and semantics. Definition 1 (Formal Ontology) A formal ontology de-
The syntax oSHOZQ is given by a signatur and a set noted byO; is a set of axioms given on signatiféy (O, )—
of constructors. Signatue= {C UR UI} is the (disjoint) which consists of classe€(), roles/propertiesR;), and
union of a selC of atomic concept$Ci, Cs, ...) represent- individuals ([;)—given in DL languag&&HOZ Q. Index;
ing sets of elements, a SRtof atomic roleg Py, Ps, ...) rep- differentiates one ontology from others.
resenting binary relations between elements, and &8Bt  pefinjtion 2 (Ontology Module) An  ontology  module
individuals (ai, as, ...) representing elements. Table 1 and O,m, C O, is a set of direct axioms that are extracted from
2 descrllbeSH(’)_I.Q constructors and axioms respectively, OntologyO; for signatureM;, C Sig(O;) wherek is the
wheren is a positive integer. index of the signature. '
The logical entailment= is defined using the model theo- L )
retic semantics Given signatur®, an interpretatiod is a Definition 3 (PR Ontology) A partially reused (PR) ontol-
ogyO,, = ({Ojnm, },0;) is a union of a list of selected on-
tology modules O, s, } for a number of signaturegh/;, } C
Sig(O,,) and the local ontology); that reuses{O;y, }.

3

Note thati # ;.

3http:/iwww.w3.0rg/TR/owl-ref/

*http://www.w3.org/TR/owl-semantics/direct
.html
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Four Well-known Measures for Ontology Semantic Similarity Measure

Selection and Ranking Ontologies can be viewed as semantic graphs of concepts
In this section, we represent four well-known structural mea- and relations. Rada (Rada and Blettner 1989) introduced
sures that are applied to ontology selection and ranking. We the shortest path-based similarity measure. Its variations
mainly adopt these measures from AKTiveRank (Alani and have been used in (Maedche and Staab 2001; Weinstein

Brewster 2006). and Birmingham 1999; Alani and ShadBolt 2006). The Se-
mantic Similarity Measure (SSM) examines the semantic
Class Match Measure connectivity between classes through the shortest path—the

The Class Match Measure (CMM) is a name-based mea- path with minimum n_umbe_r of links (via both taxonqmic and
sure that is used to search and select ontologies (Ding and Non-taxonomic relationships) that connects a pair of con-
Sachs 2004; Buitelaar and Declerck 2004; Alani and Shad- Cepts.

Bolt 2006). Definition 6 (Semantic Similarity Measure) For any two
Definition 4 (Class Match Measure) Let O; be a candi- classesC;,C, € C;, let C; 2, C, be a pathp € P be-

date ontology andl’ be a set of interested keywords. tween classe§'; andC,. The semantic similarity measure
The class match measure of ontology, denoted by of O;, SSM(0;), is calculated as:

CMM(0;), is calculated as: 1
M = if
Ezact Match: E(0;,T) = Z Z I(C,t) SSM(Cy, Cy) length(min(p € P)) 7
CeC; teT SSM(Cy,Cy)=11f f=g
PartialMatch : P(O;,T) = Z ZJ(C, t) =
. CEC; teT SSM(0;) = EZ > SSM(Cy,Cy)
1C,t) = 1 iflabel(C) =t f=lg=f+1
/71 0 otherwise
. ) Betweeness Measure
J(C,t) = { (1) |ftlﬁbel(_C) contains t JUNE (Ding and Kolari 2005) provides a betweenness mea-
otherwise sure (BEM) to calculate the number of shortest paths that
CMM(0;,T)=aE(0,;,T)+ BP(0;,T) pass through each node in a graph. If the class with the

It is obvious that ontologies covering all keywords with ex- highest BEM value in an ontology is graphically the most
act matches are better than those with partial matches. Thus,central to that ontology.

a = 0.6 and3 = 0.4 are the weight factors set up to fa-  Definition 7 (Betweenness Measurefhe  betweeness
vor exact matches over partial matches. Note that we con- measure of ontology);, symbolized byBEM(0;), is
sider both the goodness and weakness of the partial match,computed as follows:

such that we obtain more related classes and properties as

well as irrelevant ones. For instance, we getsearch BEM(O.) — 1 - BEM(C
Student for keyword “Research” andProjector  for (05) n Z (Ch)

keyword “Project”. However, we observe that the ratio of h=t
relevance is higher than irrelevance because of the multiple BEM(Cp) = Z oc;,c,(Ch)
keyword search. h oc,.C
Cy#Cy#CLEC; g
Density Measure where o¢, ¢, is the shortest path fron’; to C, and

For a class, the degree of explicitness is measured primarily o¢, ¢, (Cx) is the number of shortes paths that passes
with the number of classes and properties that directly be- throughCy,.

long to the class. The density measure (DEM) of a class is

calculated based on the degree of explicitness which takes Analysis of Ontology Modularization

into account the number of classes and properties connected Techniques & Criteria

to the class.

Definition 5 (Density Measure) For any classC € Cj,
let S = {51, S2,S53,54, S5, 56} be the sub-classes, super-
classes, siblings, relations, attributes and constraintg; of
The density measure of ontology, DEM (O,), is com-

The objective of this section is to provide an overview of
existing modularization techniques and discuss their funda-
mental criteria.

The survey in (Seidenberg and Rector 2006) is broadly
- focused towards comparing a number of techniques includ-
puted as follows: ing query-based, network partitioning-based, and traversal-

0 1 — based modularization techniques. Query-based methods ob-
DEM(C) = Z w; | Si |, DEM(0;) = n Z DEM(C)  tain ontology modules as answers to ontology queries given
i=1 o=l in SparQL or OWL-QL Network partitioning-based meth-

wheren =| E(0;,T) | + | P(0;,T) |is the number of  ods consider ontologies as graphs and exploit graph parti-
namely-matched classes via CMM. The weight value of each tioning algorithms to take out structurally relevant modules.
w can be either equally or conditionally distributed. In this strategy, some modules may have only a single class
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whereas others hold the whole ontology. Traversal-based Definition 8 (Relevancy) Relevancy (RL) is a measure of
modularization methods extract some ontological compo- how much the generated PR ontology reflects the user re-
nents (e.g., classes, properties, and individuals) that all are quirements. RL is simply calculated as the number of classes
syntactically linked to the user requirements. In (Spefano and properties that all totally matched the user requirements
2005), modularization is considered as a process to design (CPM) divided by the total number of keyword$ (

a new ontology by obtaining modular ontologies from ex- |CPM)|

isting ontologies. This is objectively related to our work. = IT]

Nevertheless, partitioning approaches are mainly dlscussed.With respect to the second criteridBatoGenerator  has

In the literature, there is a work by (dAquin and Sabou a restriction of ontology language. Only OWL ontologies
2007) compares the results of ontology selection returned are counted as reusable ontologies in order to simplify the

SN 5
?hyepggﬁ'ﬁ:'n%ggssg tbooﬁggglgﬁgzg%%?ggseﬁgoéI\;VI;TJch as integration process. For the third criterion, user engagement
KMi€ and Prr)ompt 7 T¥1e work concluded that modular- is necessary for the review process, but not necessarily other

ization is more appropriate than partitioning for the pur- Processes. Accord!ngto our modula_rl_zanon_app(o_ach,there
: : . is no guarantee to include both explicit and implicit knowl-
pose of knowledge selection regarding the user require- edge. Thus, there is a tradeoff between the last criterion and
ments. Therefore, we learned existing modularization tech- thego. tion o'f modularization approaches
nigues and organized some of their criterias as the commond bl ariza PP '
gr(;undfor our modular|zat|0r'1tooll i@ntoGenerator . _ OntoGenerator: A Semi-automatic System for
abou and colleagues (d’Aquin and Motta 2006a) dis- .

cuss a number of modularization approaches in the litera- Ontology Generation
ture. These can be divided into two common approaches. By studying the fundamental process and analyzing different
The first approach involves including all super/sub-classes approaches from the literature (Bontas and Tolksdorf 2005;
of a candidate class in an extracted module. The second ap-Fernandez and Castells 2006; Alani and ShadBolt 2006;
proach involves taking out only direct super/sub-classes. It Patel and Park 2003; Tartir and Aleman-Meza 2007) we
is obvious that the first approach generates large sized on- observed a set of commonalities and assembled them into
tology modules with extra knowledge. As the motivation of OntoGenerator . This is a semi-automatic system that
partial reuse is the avoidance of unnecessary size and com-constructs PR ontologies with the assistance of users and
plexity, our modularization technigue follows to the second ontology tools, through the four serial process modules out-
approach. However, we are aware of a deficiency caused lined in Figurel. We present each process module through
by the second approach, the extracted module might not be the step-by-step results of runni@mtoGeneratofor an ex-
able to derive some implicit knowledge linked to both the periment in academic and related domains for a semantic
included and excluded knowledge in the module. markup process.

Sabou and colleagues also introduced the following four

criteria as general modularization requiremedscuin and AC_qUIsmon o _

Motta 2006b). This module focuses on the acquisition of both interested
L L ) A keywords for user requirements and reference ontologies for

e Modularization criteria reflects selection criteriaThis knowledge sources, to generate a PR ontology. It is com-

states that the goal of modularization is to reduce the se- posed of three serial steps: (1) keyword extraction, (2) on-
lected ontology to the relevant sub-parts (or modules).  tg|ogy search, and (3) ontology selection.

¢ No assumption on the ontolagihe knowledge selection e Keyword extraction is a process for collecting a set of
should not require any assumption regarding the ontology ~ keywords {") from desired web pages. Simply, can
representation language (e.g., RDF, DAML, or OWL). be obtained via either user selection or use of a tool like

TermExtractor 8. T may include keywords given as

e Minimal user interaction A knowledge selection system both nouns (for classes) and verbs (for relations).

cannot expect the user to know well anything concerning

the selected ontology or extraction mechanism. e Ontology search is a process for gathering a set of can-
. . . didate ontologies{Oy}, that are all potentially relevant
* Ensuring that output covers both relevant explicitandim- {5 7 There are two possible ways to do this. The first
plicit knowledge This encourages the resulting module to way involves using an ontology search engine such as
include all types of relevant knowledge. Swoogle °. The second way involves using ontology
We briefly discuss those criteria f@ntoGenerator . In repositories available online or offline. Table 4 describes

our system, the first criterion is mainly considered to assure ~ the list of URLs returned byswoogle for 71 C T' =
that the generated ontology reflects the user requirements. {University, Student, Publication, Con ference,

We interpret this criterion in terms of relevancy. Professor, supervise, advise, Research, PhD}. Ad-
ditionally, we use the ontologies from OAEI2007 confer-

_ o ence track’ as candidates fdF, C T' = {Comittee,
Shttp://swserver.cs.vu.nl/partitioning/

®http://kmi.open.ac.uk/ 8http://cl2.di.uniromal.it/termextractor/
"http://protege.stanford.edu/plugins/prom ®http://swoogle.umbc.edu/
pt/prompt.html http://inb.vse.cz/ svabo/oaei2007/
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| OntoGenerator |

> Acquisition >| > Modularization ) > Relation Extraction >|> Review >

Home page & " 2
hre —)[ Module Extraction ] |

documents for |
user

ks reguire || i PR
semantic markup i lO‘.“.-’Lclassesand ments |

ontology
roqu”e || : __ candidate » their annotated . &Y
mer 1 ‘-l ontology ! definitions ! _’[ Adillis Relatloins ]
\ i modules Parsing ] |
Keyword Extraction l . ' PR entology
I [ Ranking & Selection ] | l | with added
f . Parse tree with . OWL ohject
keywords | JL selectad [ typed dependencies | l properties
. é % ontology . : i
| medules ! l | [ Consistency Checking ]
: JL | [ Extracting Relations ] |
Ontology Search | o ! ’ l
. Consistency Checking 4 A
I l | l | [ Interactive Review
List of candidate ontologies  * . Verb triplas =
| P |
Integration & Reasoning ] i <Subject, Verb, Object> . T
Ontology Selection I ! ! i
Selected | . ! Refined PR user
Refersnce . PR entology | | ontelogy
ontologies I

Figure 1: The architecture of OntoGenerator

Table 4: The list of URLS returned dywoogle for T

No. ontology URL
http://protege.stanford.edu/plugins/owl/
owl-library/koala.owl
http://annotation.semanticweb.org/isiggfc.owl
http://www.lri.jur.uva.nl/ rinkedargh.owl
http://swrc.ontoware.orghrc-07.owl
http://swat.cse.lehigh.edu/ontoiv-bench.owl
http://protege.stanford.edu/plugins/owl/
owl-library/ka.owl

=

O WN

17 http://www.mondeca.com/owl/mosesiv.owl

Member, review, Con ference, Workshop, publish}.

e Ontology selection is a process for choosing a set of refer-
ence ontologie$O; } for T. We implemented®Lap for
this selection according to CMM given by Definition 4.
OLap sorts{Oy} in the order of maximum CMM value,
as described in Table 5. A threshold vatués defined
to select{ O, }, such that any candidate ontology{ad,, }
whose CMM is greater thanis chosen as a reference on-
tology O;. In this experiment, we simply use = 4.0.
It is also possible to defing = maxz({C MM (O)})/2.
Note thatj andk are the indexes of ontologies.

The result of the acquisition process is a list of reference
ontologies{O;}, to reuse for modularization.
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Table 5: Reference ontologies resulted®iyap

Ontology for 77 | CMM | Ontology for 7> | CMM
univ.owl 12.0 Conference.owl | 9.2
swrc-07.owl 7.6 ekaw.owl 9.0
unib-bench.owl | 7.0 edas.owl 8.6
ka.owl 5.6 cmt.owl 6.0
iswc.owl 4.4 sigkdd.owl 5.4
aargh.owl 4.0 iasted.owl 5.0

Modularization

Since the whole of set of reference ontologies may not need
to be reused for specific user requirements, our system ap-
plies a modularization approach instead of fully reuse. The
process of modularization can be further divided into four
sub-processes: (1) module extraction, (2) ranking and selec-
tion, (3) consistency checking, and (4) integration and rea-
soning.

e Module extraction is the process of extracting modular
ontologies from the reference ontologi€®,}. In our
system,OntoModule is developed in Java as a modu-
larization tool to return a modular ontolody; s, from
each reference ontology;. This is done with respect
to signatureM—which is matched with a set of key-
wordsTy, C T. EachO;y, consists of a set of ax-
ioms that represent a number of class€3—including
only direct super-classes, sub-classes and siblings—
together with their properties/role$), all direct indi-
viduals @), and restrictions (e.gequivalentClass ,
disjointWith , inverseOf , and so on). Suppose



Figure 2:
{C1,Cy, Cs, Py, Ps}

A module extracted for signaturkly

My, = {C4,Cs, Cs, Py, Ps} is the signature matched with

T, = {tl, to, t3, t4} such that{Cl, 05} for t1, P for to,

P; for t3, andCs for t4,. Then,OntoModule will ex-

tract O, as shown in Figure 2. Since relevant mod-
ules are extracted from each of the reference ontologies
{O;}, OntoModule returns a list of candidate modules,
{Oij}, forT.

Ranking and selectionis the process of choosing the
most relevant modules to create a customized ontology.
We developed another Java plugi®ntoMRank, for

this purpose. Sinc®©ntoModule considers only di-
rect axioms in its extraction, two shortest-path based
measures—SSM and BEM—are not very relevant for
OntoMRank. According to the experiment result shown
in Figure 3, the values of the SSM and BEM are not
significant like those of the DEM and CMM. More pre-
cisely, the values of SSM and BEM are almost similarly
distributed among the modules. Th@ntoMRank fo-
cuses only on DEM to choose the most relevant mod-
ules from{O;;, }. In Table 6, the DEM values ranked
among the modules fdr; are listed together with on-
tological statistics such as the number of classes (de-
noted by|C;|) and properties (denoted bi;|). For the
DEM, OntoMRank employes two sets of weight distri-
butions with respect to the number of classes and prop-
erties matched with inpufy,. If the number of classes

is bigger than the number of properties, then the weight
distribution of the DEM forS = {51, Sa, S5, S4, S5, Se }
iswy. ¢ = {2.0,2.0,2.0,1.5,1.5,1.0}, otherwisew; ¢ =
{1.5,1.5,1.5,2.25,2.25,1.0}. Using equal weight distri-
bution, it is arguable not to rank the modules accurately.
Suppose that there are two modules: one with two classes
and three properties and another with three classes and
two properties. Assume that neither module has any con-
straints. In such a case, the DEM values for both modules
from the equal distribution are exactly the same. There-
fore, we suggest considering a kind of dynamic weight
distribution over the input keywords. For each signa-
ture My, at most one module is selected frdi@; M, }.

The result ofOntoMRank is shown in Table 6, where
swrc-07-USPCPSAR.owl  has the highest DEM value
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= CVM
W DEM
& SSM
= BEM

Figure 3: The values of CMM, DEM, SSM and BEM of the
modules forT}

Table 6: The DEM value and ontological statistics among
the modules extracted far

Ontology Modules(O;xr,) | DEM | [C;| | IR;]
swrc-07-USPCPSAR.owl | 1.99 | 32 55
univ-USPCPSAR.owl 1.179| 33 10
ka-USPCPSAR.owl 1.1 14 51
univ-bench-USPCPSAR.owl 0.963 | 23 26
koala-USPCPSAR.owl 0.75 | 9 5
iswc-USPCPSAR.owl 0.7 13 29
aargh-USPCPSAR.owl 0.583| 37 20

among the modules fdf;. Similarly for T3, the final
module selected from the reference ontologies given in
Table 5 isConference-CMRCWP.owl .

Consistency checkingis a reasoning process for logi-
cally verifying the consistency of each of the extracted
modules. It is obvious that each module must be certified
for its consistency before integration with other modules.
This process is critical for ontology generation through
the modularization approactRacer ! is employed for
this purpose. We observed from this experiment that
OntoModule produces modular ontologies in a consis-
tent style without losing any required axiom.

Integration & Reasoning is a process that first cre-
ates a PR ontology by integrating selected reusable mod-
ules. We useProt ege OWL AP as an interface
model not only to integrate the selected modules but
also to generate a PR ontology in OWL. In this ex-
periment, two selected modules fér are integrated as
MyMarkup.owl *2 which consists of 60 classes and 85
properties in total. Then, the process includes a reason-
ing task to ensure the consistency of the integrated on-
tology by Racer andRacerPorter . Since the cus-

Phttp:/iwww.sts.tu-harburg.de/ simr.f.moell
er/racer/

2http://protege.stanford.edu/

Bhttps://www.comp.nus.edu.sg/ ~tunnn/MyMark

up.owl



tomized PR ontology is generated by the integration of
the selected ontology modules, the process needs to en-
sure consistency between the PR ontology and its reused
modules. For any two axiomsandg such thaO;ys, €
{Oja} F aandOju, € {0} F B, any query of

{a, B,V 8, A B} must satisfy in PR ontolog®,, that
reuse§ O; My }.

Relation Extraction

Though we favor the DEM for the selection of ontology
modules, the generated PR ontology might not always be
explicit enough for this when the candidate ontologies are
developed in simple taxonomies. One possible way to make
ontologies explicit is to extract additional non-taxonomic re-
lationships from other implicit forms. This is also called
semantic enrichment. In our system, we consider all an-
notated definitions given viedfs:comment as implicit
knowledge source for this relation extraction. This process
is accomplished in two serial steps: (1) parsing and (2) ex-
tracting relations. A natural language parser and a relation
extractor are mainly utilized for this process.

e Parsing is the process of expressing a natural language
sentence into the form of grammatical tree in order to
classify the words in terms of part of speech (e.g., NP, NN,
or VP). A parser is a Natural Language Processing (NLP)
system for this. Several kinds of parsers exist. While
a phrase structure parse represents the nesting of multi-
word constituents, a dependency parse represents the
dependency between individual words (Buitelaar 2004;
Gamallo 2002). A typed dependency parse additionally
labels the dependencies with grammatical relations, such
assubjector object(Marneffe and D. Manning 2006). We
use theStanford Parser 4 a statistical NLP parser
that works out the grammatical structure of sentences into
a parse treewith typed dependenciedNormally, the in-
put of a parser is a sentence or a paragraph; however
we mostly use clauses here. The output of the tanford
parser includes a parse tree and a list of collapsed word
pairs in dependency, for each input clause. Figure4 ex-
presses the input and output of the Stanford Parser for an
example annotated definition of claStudent . (Note
that the numbers attached in typed dependencies are auto-
matically designated by the Stanford parser only for word
identification.)

e Extracting relation is the process for obtaining non-
taxonomic relations from the annotated definitions. This
process transforms implicit knowledge into a form
of explicit knowledge. According to the literature
(Kavalec and Svaték 2005; Schutz and Buitelaar 2005),
verbs play a critical role for both taxonomic and non-
taxonomic relations between subjects and objects. Since
OntoGenerator  supports the generation of the well-
defined taxonomy of desired classes, extracting additional
taxonomic relations is out of our scope. Our intuitive
idea is to extract non-taxonomic relations from the avail-
able annotated definitions by embedding the generated

Yhttp:/Inlp.stanford.edu/software/lex-par
ser.html
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owl:Class => Student
rdfs:Comment => a person currently or previously enrolled in a course.
parse tree: Typed dependencies, collapsed:
(ROOT nsubj(person-4, Student-1)
(S
(NP (NNP Student)) cop(person-4, is-2)
(VP
(VP (VBZ is) det(person-4, a-3)
(NP
(NP (DT a) (NN person)) advmod(person-4, currently-5)
(ADVP (RB currently))))
(CCor) advmod(enrolled-8, previously-7)
(VP
(ADVP (RB previously)) conj_or(person-4, enrolled-8)
(VBD enrolled)
(PP (IN in) det(course-11, a-10)
(NP (DT a) (NN course)))))
[m)] prep_in(enrolled-8, course-11)

Figure 4: The input and output through Stanford Parser

Table 7: Verb triples extracted B3y-Extractor
No. Verb Triples

chair, leads, event

postdoc, assigned, research
professor, gives, lectures
professor, does, researth
professor, supervises, graduate studéents
39 ( university, offers, courses

40 ( university, grants, degrees

41 ( research group, works, project

DO WNER

PR ontology in NLP techniques. This distinguishes our
work from that of othersR-Extractor is a Java pro-
gram that we implemented to extract verb tripleSub-
ject, Verb, Object) from the output of theStanford
Parser . R-Extractor s purpose is accomplished by
the following three steps.

— Capturing a correct subject from the nouns (and noun
phrases), which is mostly comparable to one of the
OWL classes already defined in the PR ontology.

— Capturing verbs and their related objects by employing
a set of pattern rules over a set of five critical typed
dependencies (i.e{nsubj , dobj , rcmod, conj ,
prep }) from the grammatical relation hierarchy given
in (Marneffe and D. Manning 2006).

— Generating verb triple§Subject, Verb, Object

By the example described in Figure 4, “enrolled” is
a relation betweemperson andcourse . From the
known taxonomic (is-a) relationship betweprrson
andstudent (i.e., “student is a person”) the output of
R-Extractor is (student, enrolled, course). The re-
sult of R-Extractor is a list of verb triples as partly
described in Table 7. Itis obvious that extracting the most
relevant verbs through a given ontology may reduce the
process of named entity recognition, and thus it is less



complicated while still producing an acceptable result.

We conducted an evaluation BFExtractor  in terms
of precisionandrecall by comparing the set of verb triples
extracted by R-Extractor(f.) with the set of expert-
defined triples C.). C,. is calculated for the correctness
of C,. in C, suchthaC,, = C, NnC..

_Cre]

— Precision P =T

R-Extractor
— Recall R =%l is the percentage of the correctness of
R-Extractor , comparing withC..

[Ce]
In the experiment, there are 52 classes with annotated def-
initions given viardfs:comment . The number of ex-
tracted triple<”,. is 41 whereag’, is 60 since more than
one triple can be extracted from a single sentence. For
example, A professor is a faculty member who not only
gives lectures but also does research by supervising grad-
uate students.” In this experiment, the precision and re-
call of R-Extractor are 92.69% and 63.33% respec-
tively. We note that the limitted humber of dependency
patterns used iR-Extractor ~ might result a low recall
value.

Among the existing ontology learning systems, the work
of RelExt (Schutz and Buitelaar 2008)is similar to

is the percentage of correctness by

¢ Interactive review is a process that evaluates the gen-
erated PR ontology with its added relations in an inter-
active style. User involvement in this review process is
necessary for two reasons: (1) the existence of seman-
tic overlap among the names of relations and (2) the
need to systematically structure the indirectly extracted
classes (i.e., those that are not directly but necessarily
extracted together with the non-taxonomic relations) into
the taxonomy instead of easily assigning them as the sub-
classes obwl:Thing . We relaize that curenttechniques
are not adequate to resolve these problems automatically.
Even though a PR ontology is carefully generated through
many well-developed tools and checked wWRcer , itis
better for users to check it by practicing semantic index-
ing or using it in their target information systems. During
this review process, the relevancy evaluation is considered
to fulfill the aim of OntoGenerator . It assists users in
developing a customized OWL ontology through partial
reuse. By Definition 8, the relevancy of the generated on-
tology is calculated. In the given case study, the computed
RL value ofMyMarkup.owl is 0.94. This value proves
the feasibility ofOntGenerator

Related Work

our approach. HoweveRelExt exploresrelationtriples  Qur idea ofOntoGenerator s differentiated from other
from a corpus given in the German language utilizing the  ontology generation systems (Stuckenschmidt and Klein
SCHUGsystem (Declerck 2001). Even though the tools  2003; Alani and ShadBolt 2006; Maedche and Staab 2001)
and support for reuse and learning are increasing, difficul- py a modularization technique and a ranking strategy that
ties still exist. The most challenging point from this ex-  rely on explicitness. Sinc®ntoGenerator ~ shares two
periment is relation evaluation. More precisely, there may measures—the CMM and DEM—uwith AKTiveRank (Alani
be overlap in name or semantics both among the extracted and ShadBolt 2006), we mainly compa#dTiveRank

verb triples and between those and the existing OWL ob- zndOntoMRank—the ranking tool ofontoGenerator

Ject properties. AKTiveRank selects a relevant (full) ontolog9;, based

. on a total score aggregated from the CMM, DEM, SSM
Review and BEM by taking equal weights among the measures.
In this process module, we utilize three sub-processes: (1) In addition to the equal weight distribution difference be-
adding relations, (2) consistency checking and (3) interac- tween AKTiveRank and OntoMRank, another differ-
tive review of the whole PR ontology generated. ence regarding the method of computing the DEM exists.

e Adding relation is a process that transforms the extracted AKTiveRank computesthe DEM off = {51, Sa, S3, S4}

verb triples into OWL object properties as specified in the denoted for the number of sub-classes, super-classes, sib-
following. lings, and relations wherea@ntoMRank calculates the

DEM using additional two measures (attributes and con-
straints) as given in Definition 5.

Definition 9 (Total AKTiveRank Score) Let {O} be the
set of candidate ontologies to rank for ontology selection,
be a weight factor and/ = {M[1], M[2], M[3], M[4]} =

{CMM,DEM,SSM, BEM} be four ranking measures.

(owl:ObjectProperty df:ID="enrolled”
(rdfs:domain rdf:resource="#Studepi”
(rdfs:range rdf:resource="#Courgg”

(/owl:ObjectProperty

We employOLap to resolve name overlapping among the
existing and new relations. Alternatively, it can deal with
this usingwordNet 6.

Consistency checkings done byRacer again for the
relation-added PR ontology. Additional checking can also
be performed based on a combined reasoning approach
(Dong et al. 2004).

M{i]
maz1<j<|{o,} Mlj]

4
Score(Oy € {Ok}) = Zwi
i=1

Values for each measure are normalized to be in the range
(0-1) by dividing them by the maximum measure value
of all candidate ontologies. The line graph shown in
Figure 5 expresses the result AKTiveRank returned

for five different weight distributions among four mea-
sures. In all types of weight distributioKoala.owl at-
tained the highest total score. In the cas®©otoMRank,

15RelExt is developed for SmartWeb project in football domain,
particularly for FIFA World Cup in Germany, 2006.
8http://wordnet.princeton.edu/
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Theresult of AKtiveRank in equal and different weight distributions
among CMM, DEM, SSM and BEM
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Figure 5: The result of reusable ontologies fby by
AKTiveRank

swrc-07-USPCPSAR.owl  was the most relevant ontol-
ogy module with the highest DEM value. By Definition 8,
the relevancy oéwrc-07-USPCPSAR.owl is double that
of Koala.owl

Because the results of the two ontology ranking tools dif-
fer, we evaluate them in terms of quality. For this pur-
pose, we apply the schema measur®afoQA (Tartir and
Aleman-Meza 2007). This measure consists of the follow-
ing three kinds of richness.

e Relationship Richness (RR) measures the explicitness
of an ontology’s relations. An ontology that contains
many relations is richer than a taxonomy with only class-
subclass relationships. Formally, the relationship richness
(RR) of an ontology is defined as the ratio of the num-
ber of relationships (R) to the sum of the number of sub-
classes (SC) plus the number of relationships.

R
1SC| +|R|
¢ Attribute Richness (AR) takes into account the number of
attributes of each class that can indicate both the quality of
ontology design and the amount of pertinent information.

Formally, AR is computed as the number attributes for all
classes (att) divided by the number of classes (C).

|att]|

C

e Inheritance Richness (IR) measures how well knowledge
is grouped into different (sub-)categories in the ontology.
Formally, IR is defined as the average number of sub-
classegCy) per clasgC;), |H¢(Cr, C;).

_ Ycec HO(C1, G)
C|

It is assumed that an ontology with higher richness values
is of better quality. Since we focus on partial reuse and
modularization,koala.owl  as a whole is not compara-
ble to swrc-07-USPCPSAR.owl in terms of RR, AR,
and IR. Therefore, we extract a module fréuwala.owl
titled Koala-USPCPSAR.owl that hits for T;.

RR =

AR =

IR

Ta-

ble 8 describes the richness values between the two on-

tologies resulting fromOntoMRank and AKTiveRank .
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Table 8: The quality of ontologies in terms of OntoQA's
schema measure

Ontology Modules RR AR IR
swrc-07-USPCPSAR.ow| 0.603448| 0.625| 1.25
koala-USPCPSAR.owl | 0.5 0.11 | 0.66
univ-USPCPSAR.owl 0 0.303| 1.15
Note that {|R| = 35, |[SC|] = 23, |C|] = 32,

latt] = 20, Y. e |HY(C1,Ci)| = 35} and {|R| = 4,
ISC| = 4, |C] = 9, |att] = 1, Y. cc [HY(Cr, Ci)
= 6} are the statistics oswrc-07-UCPCPSAR.owl

andkoala-USPCPSAR.owl respectively. Moreover, the
CMM value ofswrc-07-UCPCPSAR.owl is 2.8 whereas

koala.owl and koala.USPCPSAR.owl remain 2.0
againstry .
In  addition, as described in Figure 3

univ-USPCPSAR.owl has the highest CMM value.
However, its quality in the schema measure is lower than
that of swrc-07-UCPCPSAR.owl . In former exper-
iments with AKTiveRank (Alani and ShadBolt 2006),
ontology was selected for either single or double keywords.
In such cases, the values of the SSM and BEM may be
valuable for the selection. According to the result shown in
Table 8, we suggest employing only the DEM with respect
to explicitness as the quality of ontology generated through
OntoGenerator

Conclusion

This paper presented an intuitive approach of semi-
automatic ontology generatio®ntoGeneratois developed
using a number of semantic web technologies and Java tools
in a series of combined processes including modularization,
ranking, and ontology-based relation extraction. The
innovative part oOntoGenerator  involves including all

of the processes in a complete pipeline to automate the flow
of ontology creation through partial reuse. It is obvious that
we can avoid knowledge acquisition problems to a certain
extent by relying on existing well-defined ontologies,
therefore we can bootstrap the process of ontology building.
The Java tools implemented foOntoGenerator

system,  which include OLap, OntoModule
OntoMRank, and R-Extractor , are available at
http://www.comp.nus.edu.sg/ ~tunnn/OntoGe

nerator/ According to our experiments, we contend
that the prototype ofDntoGenerator is promising for
the process of semantic indexing.

We need to evaluate further the accuracy of
R-Extractor by improving it with additional de-
pendency patterns as well as by comparing it with other
existing systems. OntoGenerator  will be improved
toward a more automatic system. In future experiments,
we plan to testOntoGenerator in a well-defined and
complex domain like medicine or bio-informatics. In
addition, we would like to discuss both our experience of
integrating ontology modules and the amount of user effort
needed in the review process in a more concrete style.
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