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Abstract

With the growing access to heterogeneous and
independent data repositories, determining the sgima
difference of two ontologies is critical in infortan
retrieval, information integration and semantic web
applications. In this paper, we propose an ontglog
comparison tool based on a novel senses refinement
algorithm, which builds a senses set to accurately
represent the semantics of the input ontology. The
senses refinement algorithm automatically extracts
senses from the electronic lexical database WordNet
(locally installed or online), removes unnecesssepses
based on the relationship among the entity clas$dke
ontology, and specifies relations and constraintdhe
concepts in the refined senses set. The sengesmeht
converts the measurement of ontology difference int
simple set operations based on set theory, thusress
the efficiency and accuracy of the ontology conyguani
Our experimental studies show that the proposedesen
refinement algorithm outperforms the naive sensss s
construction algorithm in terms of efficiency and
accuracy

1. Introduction

Among all essential components of the semantic web,
ontology plays the most important role since it emkhe
extraction and formalization of semantics possible.
There are several approaches for building ontotoge
discussed in [1, 2]. The concepts in ontologies ar
represented in natural language words. Yet meaanig
understanding of words vary in different commusitie
This heterogeneity causes problems in interopetyloi
knowledge resources. With the growing access to
heterogeneous and independent data repositories,
determining the semantic similarity or differendetwo
ontologies is critical in information retrieval and
information integration. Furthermore, when senwanti
web applications (especially P2P semantic web cesyi
becomes popular, it is necessary to provide a tool
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efficiently measure the similarity of ontologiestbat the
semantic web agents can use the tool to make query
decisions based on the ontology similarity or défece

of the semantic P2P web services. Currently tieer®
such tool available.

To fill the void, we implement an online ontology
comparison tool which can give a numeric measurémen
of the difference between two ontologies. This
measurement tool is based on a senses refinem@ht (S
algorithm which makes use of the concepts and sense
retrieved from the electronic lexical database ViXmd
(locally installed or online) [3]. The rest of shpaper is
organized as follows. We first discuss the backgd
and existing approaches to the problem of measuring
ontology similarity in section 2. Then we give floemal
definition of ontology difference based on set tiyeim
section 3. We propose our senses refinement (SR)
algorithm and discuss its advantages in sectionld.
section 5, we use experimental studies to prove the
efficiency and accuracy of our proposed senses
refinement algorithm. Finally we give our conclusi
and discuss the future work in section 6.

2. Background and existing approaches

Recent studies in semantic web applications have
emphasized on using ontologies and semantic sityilar
functions as mechanisms for directing queries a&cros
heterogeneous information repositories. Several
approaches have been proposed to deal with the
heterogeneity of ontologies. One approach is the
ontology integration by mapping different ontolagiato
a more generic ontology [4, 5] or by vocabulary
heterogeneity resolution [6, 7] of various onto&syi

There are two problems in ontology integration
approaches. First, building a shared ontology &ry
complicated process which is not suitable for alin
semantic web query processes. Second, these rsethod
are designed to compare entity classes within the
ontologies, yet no method has been proposed toureas
the semantic similarity of two ontologies. Detening



the semantic similarity of two ontologies is as artant

as measuring the semantic similarity of entity sdss
within the ontologies. Measuring the semantic kirity
between two ontologies can help peer grouping and
query routing in P2P semantic web applicationsywel

as identifying potential collaboration in researmateas
such as GIS and bioinformatics.

Another popular approach as suggested by SUMO
(Suggested Upper Merged Ontology) [8] is to devedop
merged ontology by sharing ideas from all available
ontologies and mapping the entries of merged ogteto
with WordNet entries. The main idea of this applos
that ontology designers will look for the SUMO éasrin
WordNet corresponding to the concepts they us¢hao
two different ontology designers will use the sateien
for the same concept. SUMO helps reducing the
complexity of concept mapping, yet it does not addr
the requirement of comparing two different onto&mi

Contrary to shared ontology approaches, some
researchers try to create a computational modatsess
semantic similarity among entity classes from dédfe
and independent ontologies without constructingriori
a shared ontology [9]. This approach uses a machi
process to establish links among ontologies while
keeping them autonomous. However it focuses on the
semantic similarity of entity classes and does ailmw
deep processes due to the complexity of matching
process. Thus using this approach to measure the
semantic similarity of two ontologies is not praeti

In this paper, after giving a formal definition of
ontology difference based on set theory, we pro@rse
efficient ontology comparison algorithm that usemael
senses refinement algorithm to convert ontologyasgin
difference measurement into set operations.

3. Ontology Difference

There are many ways of measuring the difference of
two given objects. For two numeric data valuegjrth
difference can be calculated by using dissimilarity
formulas. Yet for nonnumeric objects, it is neeeggo
correlate nonnumeric data to numeric values so ttiet
difference can be quantified.  Tversky defined a
similarity measurement model [10] based on setrtheo
that difference in characteristics between objeats be
evaluated by set operations. This similarity measent
model is also in agreement with an information-te&o
definition of similarity [11].

In this paper, we define our ontology difference
measurement formula based on the normalization of
Tversky’s model to give a numeric measurement of
ontology difference. To facilitate set operationg, use
senses set to summarize the semantics of the ggtols
senses set for an entity class is a set of synomgrds
denoting the concept of the entity class. A sességor

an ontology is obtained by extracting synonym words
related to the ontology semantics from the sensesaof
all concepts in the ontology. Assume the sense®fse
Target ontology isT and the senses set of Source
ontology isS. The difference of st from setS, denoted
by T-S, is defined as

T-S={x|xOTOxOS}

We use cardinality of the senses set to correlze t
nonnumeric ontology semantics into numeric valliGe
cardinality of setT-S indicates how many distinct
synonym words existing in Target sensesTsate not in
Source senses s8t The cardinality of seT represents
the number of distinct synonym words in Target ssns
set T. Thus the semantic difference between two
ontologies can be defined by functiob(T,S) in
following equation:

D(T,S)=M

1
m @

Based on Equation 1, we hav& D(T,S)<1. When
there is no common element between senselsatsl S
i.e., |T-S|=|T], D(T,S)=1. On the other hand, if set
T is a subset of set ST(OS), i.e., |T-S|= 0, then
D(T,S)=0.

This measurement formula for ontology difference is
not forced to satisfy symmetry property which is
preserved by semantic distance based models [T24t
is, the semantic difference from ontology A to dogry
B may not be the same as the semantic differerma fr
ontology B to ontology A. Employing such an
asymmetric measurement is important because we must
ensure the ontology difference evaluations sendible
human judgments, in which cognitive properties of
similarity play key roles. For instance, assunegbnses
set of ontology A and B ar§, andS; respectively. |If
S0 , then D(S,S)=0 and D(Ss, %) >0
D(Ss, S8) =0 means semantics existing in ontology A is
also in ontology B. On the other hand(Ss, ) >0
means that ontology B includes some concepts tteat a
not present in ontology A. Thus allowing the asyatin
in semantic difference of ontologies has signiftcan
importance in information retrieval and semanticbwe
applications.

4. Efficient Ontology Comparison

Our proposed ontology measurement method tries to
correlate the nonnumeric ontology semantics into
numeric cardinality of senses sets. Using only the
concept labels of the entity classes to form thsae sets
can not yield accurate ontology comparison results,
because the same concept may be represented by
different words in different ontologies. It is mssary to
discover the senses of the concepts to ensure aecur



presentation of the ontology semantics using sesses
Thus how to efficiently build senses set that can
accurately represent the semantics of the ontology
becomes critical in ontology comparison. We prepas
senses refinement algorithm that satisfies boticieffcy

and accuracy criteria.

4.1 SensesRefinement Algorithm

The entity classes in an ontology may be associated
with many different concepts. Each concept mayehav
many senses because the evolution of natural lgegua
has produced polysemy that the same word denotes mo
than one meaning. However not all senses of asg@inc
should be included in the senses set for the ogyolo
Besides senses, the relations (“is-a” or “part-whol
relation) of concepts within the ontology also cimnites
to the semantics of the ontology. To build a serse to
accurately represent the semantics of the ontolagy,
should obtain the senses sets for all conceptsitolagy,
decide which of them should be included in or edehl
from the refined senses set for the ontology, and
determine a way to represent relations among the
concepts in the senses set.

We have implemented a Java programming interface
to WordNet to automatically extract and store tbpsgs
of concepts in an ontology. Once all senses of the
concepts in an ontology are extracted out of Wotdble
naive algorithm to build the senses set for th@logly is
to union the senses sets of all concepts in thelamy.
However this naive approach has some problemsst, Fir
not all senses of a concept should be includechén t
senses set for the ontology due to polysemy. Hgavin
unrelated senses in the ontology senses set wilhdih
the accuracy of measuring the ontology difference.
Second, having too many unnecessary senses in the
senses set hinders the efficiency of ontology caoispa
because larger number of elements in senses satinc
higher computation cost for set operations. Third,
relations among entity classes in the ontology havee
included in the senses set so that the semantitkeof
ontology can be accurately represented by the sesete
The naive algorithm for senses set constructiors chux
make any attempt to include relations in the sesses

To address the aforementioned problems, we propose
a senses refinement algorithm that refines theesesst
of the ontology based on the semantic relationships
between the parent concepts and the children ctsicep
There are two kinds of semantic relationships betwe
the parent concept and the child concept accorting
WordNet. Hyponymy, i.e., “is-a” relation, is theost
common relation used in ontologies. The “is-a‘atiein
is transitive and asymmetric, and defines a hibieat
structure in  which concepts inherit the entire
characteristics from their superordinate concepts.

Meronymy is the “part-whole” relation in which tloild
concept is part of the parent concept. Theseioakt
determine whether a particular sense of a condepild
be included in the senses set of the ontology. Seuses
refinement (SR) algorithm is based on “is-a” relati
since it is the dominating relationship in ontokxyi Our
senses refinement algorithm is depicted in Figure 1

Algorithm SR(Ontology O)
begin
Q=1{
P ={p |10 && p is a parent in ontology O}
forany pOP
P_flag = false;
$ = Senses set of p from WordNet;
C ={c|cisachild of p in ontology O }
foranycO C
C_flag = false;
$= Senses set of ¢ from WordNet;
foranysO S,
H = Hypernym set of s from WordNe
foramhd H
ifo0s,)
C_flag = true; P_flagrusd;
ith==p)
Xe+“_is-a_" +p;
Q=@ {x}
else
Q=Q {s}
endif
endif
endfor
endfor
if(!\C_flag)
Q= {ck
endif
endfor
if ('P_flag)
Q=Q0 {h}
else
Q=QU {p}
endif
endfor
return Q;
end

Figure 1: Senses Refinement Algorithm

Algorithm OntoCmp(Os, O1)
begin
S =SR(9
T = SR(®)
5= IT-S
ITI
return D
enc

Figure 2: Ontology Comparison Procedure



4.2 Ontology Comparison Procedure

Using the proposed senses refinement algorithm, we
design a simple ontology comparison procedure shown
Figure 2. This procedure takes two ontologies has t
input parameters and returns their semantic difiezdn
numeric value. To further demonstrate the exenutio
flow of our ontology comparison procedure, we apghly
procedure on some simple ontologies and show #pes st
of senses refinement and ontology comparison.

Assume we have two ontologies, OntoBeverage and
OntoPL, defined by ‘“is-a” relation hierarchy.
OntoBeverage shown in Figure 3 is a simple ontology
representing two beverages, Java and Beer. OntoPL
depicted in Figure 4 is a simple ontology represgnt
programming language Java. We assume OntoBeverage
is the target ontology and OntoPL is the sourcelogyy.

Beverage

Figure 3. OntoBeverage

Programming
Languages

Object-oriented
programming languages

Figure 4: OntoPL

Table 1: Sensesand Hypernymsfor OntoBeverage

Concepts| Senses Hypernyms In Sensg
Set?
Beverage| beverage, food, nutrient Yes
drink,
drinkable,
potable
Java 1. Java Island No
2. coffee, java beverage, drink, | Yes
drinkable, potable
3. Java object-oriented | No
programming
language,
object-oriented
programing
language
Beer Beer brew, brewage No

To compare those two ontologies, we need to get the
refined senses sdt for target ontology OntoBeverage
and the refined senses s& for source OntoPL
respectively. First we need to get the conceptistheir

senses with associated hypernyms for those two

ontologies. In this example, we only considertfievel
hypernyms. For more accurate results we can use
hypernyms of higher levels. Concepts and senst#s wi
their associated hypernyms obtained from WordNet fo
ontology OntoBeverage are depicted in Table 1.

To get the refined target senses Bewve examine all
concepts in the ontology starting from the root capt
Beverage. First the senses set is empty, T.es, { }.
Then we determine what senses of the conceptsdhbeul
included in sefl using our senses refinement algorithm.
Looking at the parent concept Beverage and thel chil
concept Java, the hypernyms of the second sense$ se
the child concept Java have common elements wih th
only sense of beverage. Hence the synonyms for the
second sense of Java and for the only sense ofdgmve
should be included in the refined sense set. R®fitst
and the third senses sets of the child concept, Jaga
Hypernyms have no common element with the senses of
the parent concept Beverage, thus those sensesifar
concept Java can not be included in TetNow T =
{beverage, drink, drinkable, potable, coffee, java}.

In addition to excluding the unrelated senses ef th
concepts, our senses refinement algorithm alsoifsgsec
senses to reflect the relationship of child andepgar
concepts. Sometimes the synonyms sets for differen
senses of a concept contain the same word as ttremo
label itself. For example, “java” is the word usfet
child concept label in OntoBeverage. Three diffiere
senses sets for concept java can be extracted from
WordNet. Among those three senses sets for javg, o
the second senses set can be included in the ssrtdes
the ontology and the concept label “java” is irsthenses
set. In the meantime, the related parent concaml |
“beverage” is in the hypernyms set of java. Thas be
used to identify the “is-a” relation between coricep
“java” and “beverage”. The “is-a” relation can albe
used to differentiate “java” from other senses. specify
the “is-a” relationship in the senses set for gyl
OntoBeverage, we rename sense “java” as “java_is-
a_beverage”. So the senses set for ontology
OntoBeverage isT = {beverage, drink, drinkable,
potable, coffee, java_is-a_beverage}.

Finally, if a concept does not have a single s¢hae
matches with one of its parents’ senses or a paless
not have a single sense that matches with hypermfms
all the senses of its children, we just include ¢bacept
label in the senses set of the ontology. Basedhian
rule, “beer” is added into the refined senses sdorT
OntoBeverage. Thug, = {beverage, drink, drinkable,
potable, Coffee, java_is-a_beverage, beer}.

Similarly we can get the concepts and the sensis wi
their associated hypernyms for source ontology Pinto
from WordNet. They are presented in Table 2. gsin
our proposed senses refinement algorithm, we cathge



refined senses set for source ontology OntoPL.t iEh&
= {programming language, programing language,
object-oriented programming, language, object-
oriented programing language, java is-a object
oriented programming language}. Using Equation 1,
we get,

T -S|
T

D(T,S) = =1

Table 2: Senses and Hypernymsfor OntoPL

Concepts Senses Hypernyms In Senses
Set?
Programming| Programming | Artificial language| Yes
Language language,
programming
lanuage
Object- Object- Programming Yes
oriented oriented language,
Programming| Programming | programming
Language Language, lanuage
Object-
oriented
Programing
Language
Java 1. Java Island No
2. coffee, java | beverage, drink, | No
drinkable, potable
3. Java object-oriented Yes
programming
language,
object-oriented
programing
language

Now let us change the source ontology to another
ontology, OntoDrink, depicted in Figure 5. Ontafikiis
a simple ontology representing some drinks. Wetwa@n
use this ontology as the source ontology to compétte
the target ontology OntoBeverage shown in Figure 3.
The concepts and the senses with the associated
hypernyms obtained from WordNet for ontology
OntoDrink are presented in Table 3. Using our egns
refinement algorithm, we can get the refined sesséeS
= {beverage, drink, drinkable, potable, coffee is-
a drink, java, cola} for this new source ontology

OntoDrink.
Drink
Co>

Figure 5: OntoDrink

As discussed before, we have already got the fine
target senses sef = {beverage, drink, drinkable,
potable, coffee, java is-a beverage, beer}. Using
equation 1, we get,

|T-S|
[T

D(T,S) = =0.2857

Table3: Sensesand Hypernymsfor OntoDrink

Concepts | Senses Hypernyms In Sense
Set?
Drink 1. drink, small indefinite No
quantity, small
indefinite amount
2. drink, drinking, | intemperance, No
boozing, intemperateness
drunkenness,
crapulence
3. beverage, drink, food, nutrient Yes
drinkable,
potable
4. drink body of water, No
water
5. swallow, drink, | consumption, No
deglutition ingestion, intake,
uptake
Coffee 1. coffee, java beverage, drink, | Yes
drinkable, potable
2. coffee, coffee tree No
tree
3. coffee bean, Seed No
coffee berry,
coffee
4. coffee, deep brown, brownness| No
brown, umber,
burnt umber
Cola 1. cola, genus colg  dilleniid dicot No
genus
2. cola, dope , soft drink No

Our ontology comparison algorithm shows that the
semantic difference between ontology OntoBeverage a
OntoPL is 1. It means even though they are udieg t
same concept label for one of their concepts, tey
representing very different data.  Conversely, our
ontology comparison algorithm reveals that the
difference between Ontologies OntoBeverage and
OntoDrink is just 0.42857. So these two Ontologies
represent some similar concepts, although they hagd
different concept labels.

5. Performance study

We have done some experimental studies to evaluate
our proposed senses refinement algorithm in terfns o
accuracy and efficiency. Because there is no peste
work that measures the semantic difference of two
ontologies (existing studies focus on measuring the
semantic similarity of entity classes in ontologjese
will compare our senses refinement algorithm wiib t
naive senses set construction algorithm discussed i
section 4.1.



5.1 Efficiency of the proposed ontology
comparison tool

To evaluate the efficiency of our proposed ontology
comparison, we run the evaluated ontology compariso
tools on some simple ontologies presented in Figure
We choose these ontologies because most of their
concepts have a lot of senses. Thus the time spent
senses refinement and senses specification shauld b
noticeable when our senses refinement algorithosés
to construct the senses sets for the ontologies.

Programming
lanquages

-~ ®

G (D

Onto5.1.2
Financial
Institution

Onto5.1.4

«Q

ex‘

Onto5.1.1

Onto 5.1.3

Figure 6: Ontologiesfor evaluating efficiency of
ontology comparison tool

We use J2SE to develop the ontology tool that
employs either our senses refinement algorithmher t
naive senses set construction algorithm. Withoaitidss
of generality, we compare each ontology with itsmling
different ontology comparison tools which have eliént
senses set construction algorithms (senses refirteone
naive). Comparing an ontology to itself ensured both
algorithms will generate the same ontology differsn
value 0, so that the efficiency of the algorithm® a
comparable. We observe the processing times of the
ontology comparison under different algorithms &&en
refinement or naive) for constructing senses seibe
experimental studies are conducted on a desktop
computer equipped with 1.3GHz Intel Pentium M
processor and 512 MB RAM. The evaluated ontology
comparison tools run as Java application under @irsd
XP. The experimental results are depicted in Tdble

We have ignored the time spent on fetching theesens
and the hypernyms of senses from WordNet becaise th
time varies significantly due to the dynamic chamde
network traffic on internet and workload in WordNet
server. The processing times reported in Tablenl$ o
include the times for constructing the senses amdsthe
times for calculating ontology difference. Ignayithe

time for fetching the senses and the hypernymsiées
from WordNet can give better assessment on the
efficiency of the ontology comparison tool.

Table 4: Processing timesunder different senses set
construction algorithms

Ontology Processing Time (milliseconds)
SR Algorithm Naive Algorithm
Onto 5.1.1 0.06 0.26
Onto 5.1.2 0.12 0.29
Onto 5.1.3 0.14 3.21
Onto 5.1.4 0.08 0.66
Performance of our SR algorithm in terms of

processing time depends upon the number of serises o
the concepts in the ontology. If the concepts haaay
senses, then the SR algorithm will reduce the nurobe
senses and refined senses set will be considesataifer

as compared to the senses set used by naive higorit
which is generated by union of all senses of thelogy.
Thus the time for calculating the ontology diffetenis
reduced using our senses refinement algorithm. The
results shown in Table 4 have proven that the msing

time of ontology comparison using our senses refemd
algorithm is less than that using the naive algarit We
must note here that if the compared ontologies have
concepts that do not have many senses, then naive
algorithm may produce better results because the ti
saving in comparing the refined senses sets may not
compensate the time spending on senses refinement.

Onto5.2.1 Onto 5.2.2
€D
Onto 5.2.3 Onto5.2.4

Figure 7: Ontologiesfor evaluating accuracy of
ontology comparison tool

5.2 Accuracy of the proposed ontology
comparison tool

To evaluate the accuracy of the proposed ontology
comparison tool in measuring the semantic diffeeeot
ontologies, we run the ontology comparison tools on
some simple ontologies presented in Figure 7.



We choose these ontologies because they are very [2]

simple. Thus the accuracy of the ontology compariso
can be easily judged by human observation. The
experimental results are depicted in Table 5. The
ontology comparison results show that the ontology
comparison tool using our senses refinement alyaris
more accurate than the ontology comparison tookdas
on the naive senses set construction algorithm.e Th
accuracy evaluation is based on our subjectivensg
since the compared ontologies are very simple. réllye
the experimental results prove that the sensesbssits

by our senses refinement algorithm accurately sspre
the semantics of the input ontology.

Table5: Ontology differences under different senses
set construction algorithms

Ontology Difference Value
Target Source SR Naive
Ontology Ontology Algorithm Algorithm
Onto 5.2.1 Onto 5.2.2 1.0 0.120
Onto 5.2.2 Onto 5.2.1 1.0 0.435
Onto 5.2.3 Onto 5.2.4 0.857 0.3076
Onto 5.2.4 Onto 5.2.3 0.857 0.3076

6. Conclusion and future studies

In this paper, we implemented a tool for deterngnin
ontology difference based on our proposed senses
refinement algorithm, which builds senses sets to
accurately represent the semantics of input onie$og
The senses refinement algorithm automatically eidra
senses from the electronic lexical database WordNet
(locally installed or online), removes unnecessayses
based on the relationship among the entity clasbése
ontology, and specifies relations and constrairitshe
concepts in the refined senses set. The sensesmeit
converts the measurement of ontology semantic
difference into simple set operations based onheetry,
thus ensures the efficiency and accuracy of thelogy
comparison. Our experimental studies show that the
proposed senses refinement algorithm outperforras th
naive senses set construction algorithm in terms of
efficiency and accuracy.

We are currently extending the senses refinement
algorithm so that it can integrate the “part-whole”
relations and semantic features of entity clasststhe
senses set construction for ontology comparison.

7. References

[1] Resource Description Framework (RDFW3C
Semantic Web Actitityttp://www.w3.0rg/RDF/

Web Ontology Language (OWLW3C Semantic

Web Actitity http://www.w3.0rg/2004/OWL/

[3] Christine Fellbaum (ed.), WordNet: An Electroni
Lexical Database. The MIT Press, May 1998.

[4] P. Weinstein and P. Birmingham, Comparing
Concepts in Differentiated Ontologiesn 12"
Workshop on Knowledge Acquisition, Modeling, and
Management1999, Banff, Canada.

[5] H. Stuckenschmidt, and 1. J. Timm, Adapting
communication  vocabularies using shared
ontologies. In Proceedings of the Second
International Workshop on Ontologies in Agent
Systems, Workshop at 1st International Conference
on Autonomous Agents and Multi-Agent Systems
Bologna, Italy, 15-19 July 2002.

[6] V. Kashyap and A. Sheth, Semantic Heterogerimity
Global Information Systems: The Role of Metadata,
Context, and OntologiesCooperative Information
Systems: Trends and Directiongp. 139-178, M.
Papazoglou and G. Schlageter (eds.), Academic
Press, London, UK. 1998.

[7]1 E. Mena, A. lllarramendi, V. Kashyap, and A.efh
OBSERVER: An Approach for Query Processing in
Global Information Systems Based on Interoperation
across Preexisting Ontologies.Distributed and
Parallel Databases8(2): pp. 223-271, 2000.

[8] A. Pease, I. Niles, and J. Li, The Suggestegeip
Merged Ontology: A Large Ontology for the
Semantic Web and its Applicatiansin Working
Notes of the AAAI-2002 Workshop on Ontologies
and the Semantic WeBdmonton, Canada, July 28-
August 1, 2002.

[9] M. A. Rodriguez and M. J. Egenhofer, Determiin
semantic similarity among entity classes from
different ontologies; IEEE Transactions on
Knowledge and Data Engineerin@003.

[10]A. Tversky, Features of Similarity.Psychological
Review84(4), pp. 327-352, 1977.

[11]D. Lin, An Information-Theoretic Definition of
Similarity (eds.), International Conference on
Machine Learning (ICML’'98)Madison, WI, 1998.

[12]R. H. Rada, H. Hili, E. Bicknell, and M. Blettr,

Development and Application of a Metric on

Semantic NetslEEE Transactions on System, Man,

and Cybernetics19(1), pp. 17-30, 1989.



