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Abstract: With the development of semantic web, more and more ontologies argdeddor various purposes. In order to evaluate
these ontologies, there have emerged numerous ontology analyseaelpgs. This paper introduces the classical field theory to
ontology area, and puts forward a semantic field model to analyze ontol@gacteristics from the perspective of concept interaction
and hierarchical clustering. In semantic field, the equipotential linesptes natural nesting structure. The equipotential lines’
distribution corresponds with the semantics’ distribution resulting from theaction and association of ontology concepts. Based
on equipotential line distribution, we can analyze concept hierarchicstieelng characteristics. Experiments showed that the semantic
field does well in ontology concept hierarchical clustering analysis. SEmantic field model has good scalability, and clustering
execution time follows an approximate linear relationship with concept scale.
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1. Introduction semantic interaction and association among them. Table 1

. ) . shows the analogies between electrostatic field and
Ontologies provide a commonly agreed understandingsemantic field. In this light, we introduce classical field

about domain knowledge, and as such, are becoming geory to ontology area, and put forward semantic field
crucial element of the Semantic Web. Although many ,nqel.

definitions have been given for the term ontology, the
most common and simply stated is that ontology is a
'specification of a shared conceptualizatiori].[ An

ontology specifies a shared domain vocabulary to

. . . ; Table 1: Analogies between electrostatic field and semantic field
describe concepts, their properties and relations.

In order to evaluate these ontologies, there have electer;s(,:tt?gﬁfleld oniglrgam::%zgft
emerged numerous ontology analysis approact®s [ | . 9y ¢ P
Some of them evaluate ontologies for correctness electron energy Importance of concept

! electrostatic force concept interaction

completeness and redundancy; some of them are used to
ensure the consistency of ontology throughout its entire
lifetime; more recent approaches are proposed to analyze
the reuse and adaptation of existing ontologies.

This paper puts forward a novel analysis method In semantic field, the equipotential lines present a
named semantic field. Different from above approachespatural nesting structure. The equipotential lines’
the semantic field analyzes ontology characteristic fromdistribution corresponds with the semantics’ distribatio
the perspective of concept interaction and hierarchicaresulting from the interaction and association of ontology
clustering. The semantic field model derives from concepts. Based on equipotential line distribution, we can
classical field theory. The latter was used to describereveal concept hierarchical clustering characteristics
non-contact interaction between matter particles. Latewithin an ontology. The semantic field can show which
on, people abstracted it as a mathematical model t@oncepts are located in clustering center, and have
describe non-contact interaction between objects, and tpowerful influence on surrounding concepts. These are
depict distribution law of physical quantities. In ontojpg important concepts for the ontology, and should be paid
concepts are not isolated. There exist non-contacenough attention to in various ontology operations.
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Except for analyzing concept interaction and from the perspective of concept interaction and
hierarchical clustering within an ontology, the semantic hierarchical clustering.
filed can also be used in semantic-based resource
clustering, resource organization and search in P2P, etc.
These semantic field applications are not the researcly, Semantic Field Model
scope of this paper. More details can be referred to our

previous work ]. 3.1. Semantic field construction

Definition 1.Given ontology O and its concept set

2. Related Works C = {¢1,Cp,...,Ci, ...,Cn }.The representative concept set
(obtained by using complex network technolody]) is
Faraday put forward field concept in area of C = {4,¢..0,..,Ccn},m<n.Constructing a

thermophysics and electromagnetics. Later on, peopldN-dimensional spac&™, the i-th dimension ofR™ is
abstracted it as a mathematical model to describeS€Mantic similarity between representative conGpind
non-contact interaction between objects. The concept oftll Ontology concepts(1 < i < m). R™ is called the
semantic field has been hotly debated in linguistic S€Mantic space of ontology, denoted by,.

community, which was used to analyze semantic relations ©ONCe Semantic spac®, is established, all concepts of
between vocabularies in glossary systefh To the best ~ ©NtologyO can be put intdo.

of our knowledge, there are a few literatures about this  Pefinition 2.Given ontologyO and its corresponding
topic in computer science and information technology SEMantic spac&o, the position vector of conceptin Qo

area. iS Xei = {Si1,Si2, - Sk; ---»Sm}, the k-th dimensiorsy is:
Ismael Navas-Delgado et al5][ presented the . , .
Semantic Field which enables the global comparison of sk =sim(ci,g) 1<i<nl<k<m 1)

ontologies. The semantic field uses the results obtainewhere,q( is representative concept of ontolo@y, sim(c;,
from ontology matching tools to estimate the global c,) is the semantic similarity betweenandc.

similarity between ontologies. It can discover the global In this paper, we use semantic similarity measure
configuration ~ of relationships  between existing proposed by Li et al 1], which significantly
ontologies, and had been used in a tool called theputperformed traditional similarity measurd<].

Semantic Field Tool (SemFiT). They also published other

research literature about this topic i].[ The semantic

field in [5] and [6] is a set of relevant ontologies. ool efh—e P G+4d
Kun Yue and Weiyi Liu [], inspired by the theories of sin(ci, ) = efh g ph’ 7K 3
lexical semantics and electrostatic field, proposed a 1, otherwise

theoretical model called semantic field. In the method,
text documents are regarded as semantic packages amhere,| is the shortest path length between concgpt
words are regarded as semantic elements covering thesgnd concept;, h is the depth of the lowerest common
packages. The semantic filed was used to reflect thencestor in the ontologyr and B are parameters scaling
similarity or dissimilarity between semantic elements orthe contribution of shortest path length and depth,
semantic packages in information retrieval systems. Theyespectively. The optimal values are as follow=0.2,
took automatic keyword extraction as the representativg3=0.6.
application of the proposed semantic field. The semantic  Definition 3.Given ontologyO and its corresponding
field in [7] takes semantic elements and semanticsemantic spac&,. All ontology concepts are mapped
packages in text documents as research target. into Q,. Ontology concepts are regarded as field sources,
Benjamin Stone and Simon Denni8, 9] outlined a  and these concepts interact and associate with each other,
method named semantic field for estimating the visualforming one field called semantic field.
saliency different areas displayed on a web page. Latent Semantic field depicts interaction among ontology
Semantic Analysis is used to calculate Semantic Fieldsoncepts and semantic distribution law within an
values of any (x, y) coordinate point on a web page basedntology. We can describe semantic field from the
on the structure of that web page. These Semantic Fielgherspectives of potential, gradient and intensity. Péient
values were then used to predict eye-tracking data. Theepresents the semantics of a certain position; gradient
semantic field in §] and [9] is based on four semantic describes local semantics change of semantic field; and
field model: word overlap, Vector Space Model, Latent field intensity reflects the strength of semantics
Semantic Analysis, and Sparse Nonnegative Matrixassociation among concepts.
Factorization. Research showed that the influence scope of one field
Different from above works, this paper introduces the source is limited in short-range field, and potential value
classical field theory to ontology area, and puts forward awill quickly attenuate to zero with distance increasing. In
semantic field model to analyze ontology characteristicsemantic field, the influence scope of semantic
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association among concepts is limited, too. That is to sayci(i = 1,2,...kK); s(cj) is parent concept number af,

semantic field presents properties of short-range field tanormally 1;d is damping factor, &2 d < 1, generally set

some extent. The typical potential function of short-rangeat 0.85.

field is Gaussian function, so this paper uses it as the

potential function of semantic field.

Definition 4.Given concept (field source) $et= {c, 3.3. Influence factor selection

C2,...,Ci,...,Cn} Of ontology O and its corresponding

position setP = {Xc1,Xc2; ..., Xci; -, Xen} N Qo. Xei IS The influence factoo will affect semantic field. Ifo is

position vector of concemt (1 <i <n) . The potential of  gnq)| the semantic association among concepts is weak.

any field positiorx is defined as: And whenao — 0, there is even no semantic association
among concepts. Conversely, df is big, the semantic

association becomes strong, and in extreme condition all

n n x|\2
d(x) = Zl¢Ci(X) - Z\ (mci .g(w) > (3) ontology concepts associates with each. Therefore, we
= i= need select suitable value, so as to make the semantic
field distribution reflect the real internal distribution of
wheren is ontology concept numbefii(x) is potential  semantics as much as possible.

produced by concept; at x ; mg; is concept mass o This paper adopt potential entropl4] to evaluate the
, M¢j > 0; o is influence factorg € (0,+®); || X —X | rationality of potential field distribution. In informatio
is semantic distance betweeg andx. If the || x;i —x || theory, the shannon entropy reflects system uncertainty.
exceeds the influence scopeopf thengci(x) = 0. The bigger the shannon entropy is, the more uncertain the

In fact, field intensity functionF(x) and potential system is; Conversely, the smaller it is, the least unaertai

function ¢ (x) is equivalent. They are connected togetherthe system is. When field achieves the smallest shannon

by differential operatof] , F(x) = O¢(x) . Therefore, we  entropy, the influence factor value is optimal.

can get field intensity functioR (x) via the differential of Suppose the potential values of conceptss,, ...,Cn
potential functiong(x) . Here, we no longer describe aregci, dco, ..., Pcn respectively, the potential entropy H is
intensity definition and gradient definition in detail. defined as:
n
¢ci ¢ci
. H=-) —-log(= 5
3.2. Ontology concept mass calculation 4 Z o Z ) ®)

Potential computation involves ontology concept nmmass  where, n is ontology concept numbeZ = E b is a
Apparently, matter particle has its inherent mass. But how i=

i=1

to weigh ontology concept mass? Concept mass Shouu_gormalization factor. In essence, inflgen_ce factor §edecti
reflect the importance of the concept. The more importanis the problem of functiot (o) minimization. That is:
the concept is, the bigger the mass is. In this paper, we N _
adapt PageRanKLB] algorithm, which is widely used in minH (o) = min— Zl%' og(@) (6)
search engine area, to calculate ontology concept mass. ia Z z

The PageRank algorithm was put forward by Sergey
Brin and Larry Page, which had been applied succes,sfuII){his
in google search engine. The PageRank assumes that a
web page’s importance is measured by the number and
importance of other web pages linking to the page.
Similarly, the concept importance can be measured by th

This paper adopts golden section methd§ fo solve
problem, and the algorithm is described as follow.
Algorithm 1. Influence factor selection algorithm
Input : ontology concept s& = {cy,Cy, ...,Ci, ...,Cn},
osition set P = {Xc1,%Xc2,..-,Xci,---,Xen}, degree of

number and importance of its sub-concepts. The more ceuracye
P PIS. Output: optimal influence factoo
sub-concepts one concept has, the more important the Description:

concept is. The contributions of these sub-concepts are NN 3
different: the more important the sub-concept itself is, th &= 3" T} [ %ei =Xcj || , b= ?Q;agj(” Xei = Xoj |
more contribution the sub-concept makes to the concept.

Definition 5. Given ontologyO and its concept s& =
{c1,¢2,...,Ci,...,Cn} . The mass of concept A is defined as
follows:

ov=a+(1—T1)(b—a),on =a+T(b—a), 1= ~1v5
CalculatingHy = H(om) andHy = H (o)
While |b—a| > € do
If Hu < Hn then
b= on, on = 0w,

m(c1) = m(cy) m(cx) om=a+(1-1)(b—a),Hy=Hwm

m(A) = (1 d)+d'(s(cl) T s(c2) Tt s(c) ) () CalculatingHy = H(owm)
ELSE
wherem(A) is mass of concept Aci,Cp,...,Ck are a= Om, Om = ON,
sub-concepts of concept An(ci) is concept mass of on=a+T1(b—a),Hu =Hx
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CalculatingHy = H (o)
End While
If Hu < Hn theno = aum
Elseo = oy
Returno

4. Semantic Field Based Concept
Hierarchical Clustering

In semantic field, if connect the positions with same
potential value, we can get a series of equipotential lines.
These equipotential lines present a natural nesting _
structure. The  equipotential lines’  distribution Figure 1: Parts of SWRC ontology concepts
corresponds with the semantics’ distribution resulting T & STT N
from the interaction and association of ontology concepts -
in semantic space. Based on equipotential line
distribution, we can discover the hierarchical clustering
characteristics of ontology concepts.
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4.1. Initial clustering center selection

semantic similarity with concept H
o o o o
¥ [

o o=

Potential reflects influence capability of ontology concept
in whole semantic space. Potential heart is local sl
maximum position in semantic field, which can be S-SV N S
regarded as virtual field source. Under the attraction of R ) ) _
these virtual field sources, ontology concepts in semanti¢igure 2: Semantic field in two-dimensional semantic spaze (
filed show self-organizing clustering characteristic.He t

semantic field formed by single concept, potential heart is

the position where the concept itself lying. For the

semantic field formed by multiple concepts, we can

search all potential heart positions along the direction of  Algorithm 2. semantic field based concept

gradient by using climbing method. hierarchical clustering algorithm
If positﬁon X is poten_tial heart, for any position x Input: ontology concept se = {C1,Ca, ...,Ci,...,Cn}
should satisfy the following formula: ,position setP = {Xe1,Xc2, ..., Xci, ..., Xen}, Noise threshold
€

vy Ay € neighbox) — ¢ (x) = ¢ (y) ™ Output: concepts hierarchical divisiofCLy,CLy, ...,
where,neighborx) are surrounding positions of ¢(x) Cly}
is potential value of position, ¢ (y) is potential value of Description:

ositiony. . . . .
P Figu?/e 1 is parts of SWRCIE] ontology concepts, (1) select optimal influence factorusing algorithm 1;
Figure 2 shows the semantic field in two-dimensional ~ (2) Map= CreateMagC,o); // Mesh generation and
semantic space formed by these concepts, and potentidldex tree construction
hearts are obvious. (3) CriticalPoints = SearchCriticalPointsMap, o);
Because of potential superposition, potential heart//Searching topology critical points

does not coincide with ontology concept. We select the (4) MaxPoints is local maximum position set,
concept being closest to the potential heart as initialgagpoints is saddle points set;
clustering center. The potential heart number determines (5) Clo — Initiallization Partition(Map,C, Max

the initial clustering number. Points o, €); //Ontology concepts initial partition based
on local maximum positions;

4.2. hierarchical clustering algorithm (6) {CLo,CLy,...CL} = Partition.MerggMap,
description Clp,MaxPointsSadPointso, €); // lteratively merging

initial partition based on saddle points between two local
lteratively merging initial clustering center based on Maximum positions;
saddle points between two local maximum positiobd,[ Figure 3 shows the hierarchical clustering results of
we can get hierarchical clustering of ontology concepts. ontology concepts in Figure 1 based on algorithm 2.
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5. Experiments and Results
o0, 18 Blevel 2 H

. . . . . § 0.16 Blevel 3 H
The goal of experiments is to investigate the effectiveness 0 Oleve 4 F
. eve,

of semantic field as an ontology analysis tool. Simulation B o, 12
program implemented with java and relative tools in the

Linux environment. All ontologies used in experiments
come from Pratgge Ontology Library of Stanford
University
(http://protegewiki.stanford.edu/wiki/Prote@antology Library).

29929

finance hu ka

Figure 4: Clustering error rate

I | I
B I S R
E | I | |
| | f | I
I ———— | I [ better reveal concept clustering characteristi¢si
F —1 ' ' ' ' ontology is a simple hierarchic division of hydrologic
H f ! ! : : units, therefore, the clustering error rate is relativetghh
| | I | I
D— T T I |
A ! ' ' ' 5.2. Scalability
S e o I Y
| I | | [ We selected 20 ontologies from Pege Ontology Library
G——7— | I [ to evaluate the scalability of this method. Ontology
level level level level level concept scale range from 4633 to 102. Figure 5 shows the
1 ) 3 4 5 execution time of 20 ontologies. The axis is concept
number of each ontology, and the axis is clustering
Figure 3: ontology concepts clustering spectra execution time of each ontology. The result shows that

this method has good scalability. Concept clustering
execution time follows an approximate linear relationship
with concept scale.

5.1. Clustering error rate

185

We selected three ontologielsa ontology (an ontology
about concepts from academic researtin),ontology (a
hierarchic division of hydrologic units), anéinance
ontology (an ontology on financial instruments, involved
parties, processes and procedures in securtities hahdling
We carried out semantic field based concept hierarchical
clustering for each ontology, and then compared these
results with manual results done by domain experts. This
paper defines an evaluation criterion named clustering
error rate as follows:

150

[

execute time/s

80

L L n n
10 20 30 40 50
number of ontology concept(x100)

concept number of clustering error
total concept number

(8) Figure 5: Scalability of semantic field based concept hierarchical
clustering
Figure 4 shows the clustering error rate of three
ontologies at level 2, level 3 and level 4.
On the whole, the semantic field does well in
ontology concept hierarchical clustering. The more the
clustering partition, the higher the clustering errorrate ~ 5.3. Influence of ontology evolution
the contrary, the less the clustering partition, the lower t
clustering error rate. Experiment also shows that ontologyOntology is not static. Ontology evolution means
structure may affect the hierarchical clustering modifying or upgrading the ontology when there is a
performance. Comprehensive ontology structure carcertain need for change or there comes a change in the
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domain knowledge 17]. Ontology evolution generally 6. Conclusion
includes concept addition, concept deletion, and concept
translocation. We carried out experiment to evaluate thepntologies are becoming a crucial element of the

influence of ontology evolution on hierarchical clustering semantic Web. In order to evaluate these ontologies, there
results. ~have emerged numerous ontology analysis approaches.

In Figurel, supposes the leaf concept "F: Manager” isThis paper introduces the classical field theory to
deleted. Figure 6 shows the semantic field inontology area, and puts forward a semantic field model to
two-dimensional semantic space after concept deletiongnalysis ontology characteristics from the perspective of
The hierarchical clustering results of other concepts doegoncept interaction and hierarchical clustering. In
not changed after leaf concept "F: Manager” deleted.  semantic field, the equipotential lines present a natural
nesting structure. The equipotential lines’ distribution
corresponds with the semantics’ distribution resulting
from the interaction and association of ontology concepts.
Based on equipotential line distribution, we can analyze
concept hierarchical clustering characteristic.

The semantic field based hierarchical clustering can
show which concepts are located in clustering center, and
have powerful influence on surrounding concepts. These
are important concepts for the ontology. We should pay
enough attention to these concepts in various ontology
operations.

semantic similarity with concept H
o
"

L L i q L L L L L
0 01 02 03 04 05 06 07 08 09 1

semantic similarity with concept D ACkn OWI e d g e m e ntS

Fi 6: S tic field aft t deleti 0.1 .
Igure 6: Semantic field after concept deletion 0.1) This work was supported by the Fundamental Research

Funds for the Central Universities N0.2013XK10.

In Figure 1, supposes a leaf concept "J: Assistant Our sincere .thanks go to Professqr .Dalu Zhang, the
Professor’ is added the sub-concept of concept a,H:QOctoraI supervisor of first author Zh_|X|a(_3. Wang, who
Faculty Member”. Figure 7 shows the semantic field in introduces field theory to us to solve scientific problems.
two-dimensional semantic space after concept addition.

The hierarchical clustering results of other concepts does
ng:j c(glange after leaf concept "J: Assistant Professor’References
added.
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