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Abstract—Ontology reuse offers great benefits by measuring and comparing ontologies. However, the state of art approaches for
measuring ontologies neglects the problems of both the polymorphism of ontology representation and the addition of implicit semantic
knowledge. One way to tackle these problems is to devise mechanism for ontology measurement that is stable, the basic criteria
for automatic measurement. In this paper, we present a graph derivation representation based approach (GDR) for stable semantic
measurement, which captures structural semantics of ontologies and addresses those problems that cause unstable measurement of
ontologies. This paper makes three original contributions. First, we introduce and define the concept of semantic measurement and the
concept of stable measurement. We present the GDR based approach, a three-phase process to transform an ontology to its GDR.
Second, we formally analyze important properties of GDRs based on which stable semantic measurement and comparison can be
achieved successfully. Third but not the least, we compare our GDR based approach with existing graph based methods using a dozen
real world exemplar ontologies. Our experimental comparison is conducted based on nine ontology measurement entities and distance
metric, which stably compares the similarity of two ontologies in terms of their GDRs.

Index Terms—Ontology, Ontology measures, Ontology comparison, Ontology reuse.
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1 INTRODUCTION

WE have witnessed continued and explosive growth
in ontology-based applications over the last

decade. Ontologies have been widely applied in many
fields such as knowledge management [1]–[3], Semantic
Web [4], information integration [5]–[7], and semantic
search [8]–[10], etc. A well-known advantage of ontolo-
gies is that they provide a knowledge-sharing infras-
tructure that supports the representation and sharing of
domain knowledge by formalizing meaning of content
and information. As the size and the number of ontolo-
gies continue to increase [11], the reuse and the stable
measurement of ontologies offer several important ben-
efits. First, the effort of constructing new ontologies can
be significantly reduced by reusing existing ontologies
instead of starting from scratch [12]–[14]. Another benefit
of ontology reuse is its potential to significantly facilitate
the data interoperability in heterogeneous information
systems by sharing a common ontology [15]–[20].

A fundamental operation in ontology reuse is to
compute similarity and dissimilarity among ontologi-
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cal entities such that one can establish certain level of
correlation between ontological entities used in different
ontologies by predefined measures and semantic com-
parison. Most of the existing ontology measures to date
are defined based on graphical models representing on-
tological structure, which have demonstrated potential
and initial success in measurement and comparison of
the semantics of ontologies [21]–[35].

However, some important open issues for measur-
ing and comparing ontologies remains to be resolved.
For example, the problem of polymorphism of ontology
representation has been neglected in most of the liter-
ature to date, which refers to the fact that the same
semantic knowledge can be explicitly represented us-
ing different semantic structures. Although most of the
ontology languages, such as OWL, provide a shared
vocabulary, how to use such vocabulary in modeling
domain knowledge still depends on domain scientists
and specific applications [36]. Often, the implicit kinship
of components and structures is quite different and
is derived from the original ontologies based on the
complex concepts which are iteratively defined by other
complex concepts. These and other semantic derivation
cases are the common causes for the problem of poly-
morphism of ontology representation. Such problems
make different semantic knowledge incomparable and
often lead to meaningless ontology measurement and
comparison. Furthermore, some other technical barriers,
such as non-direct relations with transitive property and
cycles of inheritance, can become the hidden causes of
unstable semantic measurement, which can make the
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problem of polymorphism much harder to tackle. Third
but not the least, we also need the basic criteria to avoid
or minimize double counting in ontology measurement
technology [37] in order to obtain meaningful and stable
ontology measurement results.

With these problems in mind, in this paper, we pro-
pose a graph derivation (GDR) based approach for stable
semantic measurements of ontologies in three phases. In
Phase 1, we generate a GDR for each concept in a given
ontology by recursively applying a series of derivation.
In Phase 2, we utilize the integration operations to merge
multiple GDRs to produce an initial integrated GDR for
the given ontology. In Phase 3, we generate the complete
GDR representation for the given ontology by treating
those relations that cause unstable semantic measure-
ments, such as the problems of non-direct transitive
relations, cycles of inheritance, and double counting. We
argue that the GRD based approach will significantly fa-
cilitate reliable ontology measurement and comparison.
This paper makes three original contributions.

• We formally define the concepts of semantic mea-
surement and stable measurement and develop a
graph derivation representation (GDR) based ap-
proach, which recursively transform an ontology to
its GDR by a series of derivation rules.

• We introduce two classes of GDR treatments to poly-
morphism of ontology representation for automatic
and reliable measurement and comparison of the
structural semantics of ontologies.

• We provide the formal analysis of the important
properties of GDR. We experimentally compare our
GDR approach with existing graph based method in
terms of nine ontology measurement entities over a
dozen real world exemplar ontologies. A GDR based
graph isomorphism approach is also used to stably
compare the similarity of two ontologies.

The remainder of this paper is structured as follows.
In Section 2, we review the related work. Section 3
presents the basic notions about ontology representation,
definitions of semantic and stable measurements, and
the definition of GDR. Section 4 describes gives an
overview of the GDR based approach. Sections 5 and
6 discuss how to generate and treat the GDR of an
ontology respectively. We formally analyze important
properties of GDR in Section 7 and report our experi-
mental comparison of our GDR approach with existing
graph based approach for stable ontology measurement
and comparison in Section 8. Section 9 concludes the
paper with a summary and an outline of the future work.

2 RELATED WORK

2.1 Measuring and Comparing Ontologies
An ontology measure is an indicator that is used to
reflect some quality properties of ontologies. Ontology
measurement is the process or the activities of measur-
ing ontologies according to the definitions of ontology
measures.

Many of the existing ontology measures consider only
the explicit semantics of ontologies. They were used to
compare similarity of ontological entities and structures
explicitly expressed in ontologies. A cluster-based mea-
sure was proposed in [23], which combines the minimum
path length and the taxonomical depth and defines clus-
ters for each of the branches in the hierarchy w.r.t the root
node. An ontology-based measure utilizing taxonomical
features was proposed in [24] without using tuning
parameters to weight the contribution of potentially
scarce semantic features. In the context of computing
semantic similarity, [25] adopted a similarity function to
determine similar entity classes by a matching process
based on synonym sets, semantic neighborhoods, and
distinguishing features. [21] computed the similarity of
two concepts by considering the relevant super-concepts
and sub-concepts of the two concepts residing in their
taxonomies. [22] presented several novel measures for
computing the similarity of two gene products with
graph-based ontology terms annotated by common tax-
onomy terms. Some quality measures [26]–[34] were
also proposed to measure and evaluate certain ontology
quality properties such as cohesion, complexity, and
richness, and so forth.

The other measures consider the excavation of implicit
semantic information residing in ontologies, and the
complete semantic information of ontologies. [35] pro-
posed some measures for evaluating ontology complex-
ity by excavating implicit kinships between concepts.
[38] proposed several measures for ontology cohesion
measurement by using implicit semantic information.
[39] also presented a set of semantic measures for mea-
suring cohesion and coupling in modular ontologies, by
which both explicitly asserted knowledge and the im-
plied knowledge derived from the explicitly represented
knowledge are considered for semantic measurement.

Most of the existing measures proposed are used to
measure and compare the structural semantics of ontolo-
gies. Structural semantics is often described by graphs,
where classes and relations are often modeled as nodes
and edges, respectively. It is a natural way to compare
ontologies in terms of comparing graphs that represent
ontologies. However, semantic measurement neglects
the polymorphism of ontology representation, which
inevitably causes the problem, i.e., multiple graphs pos-
sibly exist for representing the same ontologies. Reliable
ontology measurement is the precondition on which
the meaningful and useful ontology comparison and
evaluation can be made [40], [41]. However, no clear
solution exists for handling polymorphism of ontology
representation. In this paper, we define a solution of
stable semantic measurement to handle polymorphism
of ontology representation for ontology measurement
and comparison.

2.2 Graphical Ontology Representation
Recently, a few graphical models for ontologies were
proposed. Unified Modeling Language (UML) together
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with its associated Object Constraint Language (OCL)
is sometimes used as the graphical model of ontologies
[42]. UML is suitable for representing explicit taxonom-
ical information instead of implicit non-taxonomic rela-
tionship. The emerging semantic link network (SLN) [43]
is a description of semantic relations among objective
existences. The main idea in using SLN is to pursue
semantic richness instead of semantic correctness. [44]
presented an interesting work that uses the notion of
description graph model to address the problem of
insufficient expressivity of describing explicit structured
objects in ontological knowledge bases. However, this
approach to semantic measurement fails to explicitly
express implicit semantic constraints. [45] proposed an
ordered binary decision diagram (OBDD) method by
generalization of binary decision trees, in which every
ontology concept is converted into its negation normal
form (NNF), and ontological knowledge base needs to be
further flattened. However, OBDDs fail to support some
important features of ontologies, such as fanouts/fanins
of concepts, etc., thus many of the existing ontology
measures are not applicable to OBDDs.

A graphical model for semantic measurement should
have the following features. 1) It can explicitly express
semantic knowledge including the implicit kinship of
concepts and non-taxonomic relationships. 2) The exist-
ing ontology measures must be still applicable to the
model. 3) There is no the problem of polymorphism of
ontology representation in the model. 4) It can satisfy ba-
sic criteria in measurement technology so that semantic
measurement can be automatically made based on the
model. However, to the best of our knowledge, existing
graphical models for ontologies fail to satisfy all these
requirements. In this paper, we present a novel graph
derivation representation (GDR) based approach, which
is the first one meeting all the four requirements for
stable semantic measurements.

3 DEFINITIONS AND NOTATIONS

3.1 Ontology Languages
Different ontology languages have different levels of
expressivity provided with different constructors. As for
the OWL language [46], it provides three increasingly
expressive sublanguages: OWL Lite, OWL DL and OWL
Full (ordered by increasing expressivity). Description
Logics (DL) [44] are the dialects of OWL, and have a
formal underpinning. Ontologies typically consist of a
number of classes, properties, individuals, and axioms.
Classes and properties in OWL respectively correspond
to concepts and roles in DL. Axioms in both OWL and
DL have the same meaning. Individuals are the instances
of concepts/classes.

Ontology languages based on DL represent ontologies
as ’TBoxes’ (terminological boxes) containing inclusions
between complex concepts over the vocabulary. The
repositories consisting of data sets of instances of con-
cepts and relations are typically modeled as ’ABoxes’

(assertion boxes). In TBoxes, the basic descriptions are
atomic concepts and atomic roles. Complex concepts are
built by applying the DL constructors such as intersec-
tion (u), union (t), negation (¬), value restriction (8R.C)
and existential quantification (9R.C), etc. An axiom is
of the form C v D or C ¥ D, where C and D are
concepts. C v D iff C is subsumed by D. C ¥ D iff
C v D and D v C. An ABox represents the facts by
instance assertions of the form C(a) or R(a, b), where C
is a concept, R is a role, and a and b are instances.

To illustrate polymorphism of ontology representation,
we give the descriptions of two example ontologies in
DL language (i.e., Examples 1 and 2), where all the
axioms/assertions are labeled by different numbers for
referring them. They in fact represent the same semantic
ontology knowledge in the same domain. The difference
between them is the use of different combinations of
subsumption and constructors because of the powerful
expressivity of the OWL DL language.

Example 1. TBox={1.Researcher v People, 2.Researcher ¥
Professor t PhD, 3.Prof with PhD ¥ Professor u PhD,
4.PhDStudent v Student, 5.Student ¥ 9 register.Dept u
9take.Course, 6.PhDStudent v 8advisedBy.Professor, 7.Re-
searcher v ScientificPersonnel, 8. Prof with PhD v Re-
searcher, 9. ScientificPersonnel v Researcher}.

ABox={10.register(John,CS), 11.take(John, Java),
12.Dept(CS), 13.Course (Java)}.

Example 2. TBox={1.Researcher v People, 2.Researcher
v Professor t PhD, 3.PhD v Researcher, 4.Professor
v Researcher, 5.Prof with PhD v Professor,
6.Prof with PhDvPhD, 7.ProfessoruPhDv Prof with PhD,
8.PhDStudent v Student, 9.Student ¥ 9 register.Dept
u 9take.Course, 10.PhDStudent v 8advisedBy.Professor,
11.Researcher ¥ ScientificPersonnel, 12. Prof with PhD v
Researcher}.

ABox={13.register(John,CS), 14.take(John, Java),
15.Dept(CS), 16. Course(Java)}.

3.2 Definitions of Measurements

A semantic description of Ontology O includes not only
the explicitly expressed information in O but also some
implicit information derived from the explicitly repre-
sented knowledge. Due to polymorphism of ontology
representation, the same semantic knowledge residing
in O can be explicitly expressed by multiple semantic
descriptions. Let Sem(O) be the set of semantic descrip-
tions of Ontology O.

Definition 1. (Semantic Measurement) A semantic mea-
surement SEMm of Ontology O w.r.t a measure m is a
mapping SEMm: Sem(O) ! R, where R is a nonempty
set of real numbers.

Definition 2. (Stable Measurement) A semantic measure-
ment SEMm of Ontology O is a stable measurement if and
only if all the SEMm(s) are equal for any s 2 Sem(O).
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3.3 Graph Derivation Representation
The main cause of polymorphism of ontology repre-
sentation is that there is a lack of uniform ontology
representation model for stable ontology measurement
and comparison. Existing ontology languages and mod-
els focus more on expressiveness rather than stable
ontology measurement. We develop the graph derivation
representation (GDR) based approach for measuring and
comparing structural semantics of ontologies, aiming
towards the goal of uniform ontology representation.

Definition 3. (Graph Derivation Representation, GDR)
A graph derivation representation of Ontology O, denoted as
GO=(VO, EO, Ω, ∏, ¥), is a directed labeled graph, where
— VO is a finite set of vertices, where each vertex is a unique
positive integer.
— EO µ VO £ VO is a set of edges.
— Ω : C ! VO is a mapping function, where C is the set of
the defined concepts and individual instances in O.
— ∏ : A! EO [ VO is a mapping function, where A is the
set of axioms/assertions in O.
— ¥ is a labeling function that assigns a set of literal names
¥(i) µ NL to each vertex i 2 VO, and a set of literal names
¥(i, j) µ NP to each edge (i, j) 2 EO, where NL = NC[NI ,
and NC , NI and NP are the sets of literal names of concepts,
individual instances and roles, respectively.

We use integers as indices of vertices and refer to
vertices by their indices, which provide us with com-
pactness in reference in operation and storage. Concepts
here refer to both atomic concepts, which have basic
definitions of their own, and complex concepts, which
are defined recursively in terms of other concepts. We
use the three mapping functions Ω, ∏ and ¥ to ensure
that each concept defined in O can be mapped to exactly
one labeled vertex or one labeled edge in GO. The sets
NC , NI and NP are disjointed with each other.

4 GENERATING GDRS: AN OVERVIEW

Graph derivation representations (GDR) are the graph-
ical semantic descriptions of ontologies. The goal of
generating GDRs of ontologies is to measure and com-
pare ontologies based on their GDRs for stable semantic
measurement. It needs to consider the following two
basic problems. The first is how to establish the struc-
tural semantics of an original ontology’s GDR under the
condition of preserving the semantics of the ontology.
On one hand, the explicit semantic information in the
ontology should be preserved in its structural seman-
tics of GDR. On the other hand, the implicit semantic
knowledge in the ontology should also be explicitly ex-
pressed by its structural semantics of GDR. Considering
that concepts are the core of ontological semantics, we
have to make explicit all the defined complex concepts,
and excavate the taxonomic and non-taxonomic relations
between them. Especially for the complex concepts that
are defined by other complex concepts in an iteratively
nested fashion, a recursive process needs to be adopted

Fig. 1. Overview of Generating GDR for Ontology O

to find out all the defined complex concepts and the
implicit relations between them. As such, our approach
can establish the complete structural semantics of GDR
for an ontology.

The second problem is how to treat an ontology’s
GDR to satisfy both the basic measurement criteria and
the requirements of automatic measurement. The goal
of treating an GDR is to normalize the GDR so that
it can be measured correctly and effectively by using
the existing ontology measures. For examples, some
ontology measures related to fanins/fanouts are con-
cerned about direct inheritance between classes instead
of non-direct inheritance between them. By eliminating
non-direct inheritance, we comply with the definition
of fanins/fanouts, and also avoid the double counting
of entities. Moreover, cycles of class inheritance will
make interminable the computation of path and depth
of ontologies, so eliminating such cycles will facilitate
automatic ontology measurement supported by ontology
management software tools.

The procedure for generating the GDR (denoted as
GO) of an ontology O is outlined in Figure 1. The graph
derivation process is conducted in three phases based
on the three mapping functions Ω, ∏ and ¥. In the first
phase, each axiom and assertion in O is indexed with
positive integers, as shown in Examples 1 and 2. The
GO is originally set to empty, and has no vertex and
relation. Then, each axiom/assertion Æ in O is examined
and the GDR (denoted as GÆ) is generated for each
Æ. Some derivation rules for axioms/assertions can be
first applied to generate the structural semantics of Æ by
the derivation based process, which will be discussed
in Section 5. If Axiom Æ includes complex concepts,
then the derivation rules for complex concepts in Æ
will be applied in a recursive manner until there is no
applicable rule to concepts in Æ. Once the GDR for each
axiom/assertion is generated, we start the second phase,
which integrates each GDR into GO by the integration
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operation. We obtain an integrated (but untreated) GDR
for the given ontology at the end of the second phase.
In the third phase, GO is treated by eliminating cycles of
class inheritance and non-direct relations with transitive
property. We provide a detailed discussion on the phase
1 in the next section and present the integration and
treatment of GDR in Section 6. The process of generating
GDRs will be not terminated until there is no derivation
rule that is applicable to all the axioms/assertions and
concepts in O. The final complete GDR GO for ontology
O will be obtained.

5 STRUCTURAL SEMANTICS BASED ON GDR
5.1 Structural Semantics of Axioms in GDR
In description logic (DL), there are three types of axiom
representations of the form C1 v C2, C1 ¥ C2 and
C1 v ¬C2, where C1 and C2 are atomic or complex con-
cepts. Table 1 gives five axioms/assertions (A 1 to A 5),
the correspondence between axioms/assertions and its
structural semantics of GDR by using the functions Ω,
∏ and ¥. Taking the example of using ∏ to transform
C1 v C2, the concepts C1 and C2 will be mapped onto
two vertices by Ω. Moreover, the edge name between
them is labeled as subClassOf, and further added into
the set of the edge by ¥. There are two types of assertions
of the form C(a) and R(a, b), where C is a concept, a and
b are instances, and R is a binary relation. For example,
if we use ∏ to transform R(a, b), then R(a, b) is mapped
onto an edge, the instances a and b are respectively
mapped onto two vertices by Ω, and their names will
be stored by ¥.

We would like to note that by derivation rule A 2,
multiple concept names share the same vertex in GDR if
these concepts are equivalent. This rule amounts to say
that we preserve the semantics of class equivalence, i.e.,
the concepts belonging to the same vertex in GDR are se-
mantically equivalent. This rule also enables us to avoid
the problem of cyclic inheritance between equivalent
classes, and ensure terminability of automatic ontology
measurement process.

5.2 Structural Semantics of Concepts in GDR
If a concept C is atomic, then C will be mapped onto
a unique vertex i in GDR such that Ω(C) = i and
C 2 ¥(i). A similar process applies to an instance of
a concept. In contrast, the process of mapping complex
concepts to vertices is more complex. Once we detect a
complex concept, we need to map it onto a vertex. At
the same time, we have to continue to detect whether
the complex concept contains other complex concepts
defined in a nested fashion. If it does, then all of the
iteratively defined concepts should be also mapped so
that we can excavate the implicit structural semantics
until all the nested complex concepts are mapped. As
a result, all the defined concepts in ontologies will be
measured no matter whether the concepts are atomic or
complex.

In general, positive integers of vertices begin with 1.
If a vertex is labeled the positive integer i, then the next
one is labeled i+1. By using different positive integers,
we can differentiate different vertices in a GDR.

For finding out all the complex concepts in an on-
tology, we need to review the ways in which complex
concepts are constructed. In DL, a complex concept
can be constructed by the following ways, e.g, C u D,
CtD, 8R.C, 9R.C, 9R.{a}, {a1, a2, · · · , an}, ∏ nR.C and
∑ nR.C. Table 2 lists the structural semantics of GDRs
of different types of complex concepts in DL. Obviously,
mapping a complex concept onto a vertex of GDR is a
recursive process according to Table 2.

It is worth noting that in Table 2 we need to normal-
ize the naming of vertices when complex concepts are
mapped onto vertices because complex concepts have
no specific names unlike atomic concepts. An atomic
concept X can be mapped onto a vertex i with the
literal name X . We assign the literal names of complex
concepts in terms of the semantic meanings based on
which they are defined. For examples, the vertex name
of the complex concept 8R.C is named as forall R C.
The vertex of the complex concept C1uC2 has the name
C1 and C2.

In Table 2, the notion [info] represents that info
is the additional knowledge from other knowledge in
the ontology being measured. If additional knowledge
is available, it can be helpful in finding additional struc-
tural semantics of concepts. For example, according to
the derivation rule C 5 in Table 2, if there is only concept
9R.C, then its structural semantics is only Ω(9R.C) =

i5 2 VO ^ Ω(C). However, if the knowledge C(b), R(a, b)
are also available, its additional structural semantics
in considering the additional knowledge, ^∏(R(a, b)) ^
∏(C(b)) ^ (Ω(a), i) = e 2 EO ^ type 2 ¥(e), should
be appended to the structural semantics of the concept,
and thus generates a complete structural semantics. An
illustrative example is provided in Section 6.4.

6 INTEGRATION AND TREATMENT OF GDRS

6.1 Integration of Segmental GDRs

When we establish the structural semantic descriptions
for each of concepts and axioms/assertions in an ontol-
ogy, they should be integrated to generate the integrated
GDR of this ontology.

Definition 4. (Integrated GDR) Let O = {Æi|1 ∑ i ∑ n}
be an ontology, where Æi is an axiom or assertion, n is the
total number of axioms and assertions in O. For any Æi 2
O, its structural semantic description is denoted as GÆ

i

=

(VÆ
i

, EÆ
i

, Ω, ∏, ¥). For any Æi,Æj 2 O (i 6= j), the integration
operation between them is denoted as GÆ

i

+ GÆ
j

= (VÆ
i

[
VÆ

j

, EÆ
i

[ EÆ
j

, Ω, ∏, ¥). The GDR GO of O can be further
denoted as GO =

n
+

i=1
GÆ

i

.
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TABLE 1
Structural Semantics of Axioms/Assertions

No. Axiom/Assertion Structural Semantics of GDR
A 1 C1 v C2 (Ω(C1), Ω(C2)) = e 2 EO ^ subClassOf 2 ¥(e)
A 2 C1 ¥ C2 Ω(C1) = Ω(C2) = i 2 VO ^ {C1, C2} µ ¥(i)
A 3 C1 v ¬C2 (Ω(C1), Ω(C2)) = e 2 EO ^ disjointWith 2 ¥(e)
A 4 C(a) (Ω(a), Ω(C)) = e 2 EO ^ type 2 ¥(e)
A 5 R(a1, a2) (Ω(a1), Ω(a2)) = e 2 EO ^R 2 ¥(e)

TABLE 2
Structural Semantics of Concepts/Instances

No. Concepts Structural Semantics of GDR ¥(i)

C 1 X is an atomic concept name
or an instance name

Ω(X) = i1 2 VO ^X 2 ¥(i1) X 2 ¥(i1)

C 2 C1uC2[, C3 v C1, C3 v C2] Ω(C1 u C2) = i2 2 VO ^ (i2, Ω(Ck)) = ek 2 EO ^ subClassOf 2
¥(ek)[^(Ω(C3), i2) = e 2 EO^subClassOf 2 ¥(e)], where k = 1, 2.

C1 and C2 2 ¥(i2)

C 3 C1tC2[, C1 v C3, C2 v C3] Ω(C1 t C2) = i3 2 VO ^ (Ω(Ck), i3) = ek 2 EO ^ subClassOf 2
¥(ek)[^(i3, Ω(C3)) = e 2 EO^subClassOf 2 ¥(e)], where k = 1, 2.

C1 or C2 2 ¥(i3)

C 4 8R.C Ω(8R.C) = i4 2 VO ^ (i4, Ω(C)) = e 2 EO ^R 2 ¥(e) forall R C 2 ¥(i4)
C 5 9R.C[, C(b), R(a, b)] Ω(9R.C) = i5 2 VO ^ Ω(C)[ ^ ∏(R(a, b)) ^ ∏(C(b)) ^ (Ω(a), i5) = e 2

EO ^ type 2 ¥(e)]
exist R C 2 ¥(i5)

C 6 9R.{b}[, R(a, b)] Ω(9R.{b}) = i6 2 VO ^ Ω(b)[ ^ ∏(R(a, b)) ^ (Ω(a), i6) = e 2 EO ^
type 2 ¥(e)]

exist R b 2 ¥(i6)

C 7 {a1, a2, · · · , an} Ω({a1, a2, · · · , an}) = i7 2 VO ^ (Ω(ak), i7) = ek 2 EO ^ type 2
¥(ek), for all 1 ∑ k ∑ n.

oneof a1 · · · an 2 ¥(i7)

C 8 ∑nR.C[, C(bk), R(a, bk)] for
all 1 ∑ k ∑ n

Ω(∑n R.C) = i8 2 VO ^ (Ω(a), i8) = e 2 EO ^ Ω(C)[ ^ type 2
¥(e) ^ ∏(R(a, bk)) ^ ∏(C(bk))] for all 1 ∑ k ∑ n

leq n R C 2 ¥(i8)

C 9 ∏nR.C[, C(bk), R(a, bk)] for
all 1 ∑ k ∑ m, (m ∏ n)

Ω(∑n R.C) = i9 2 VO ^ (Ω(a), i9) = e 2 EO ^ Ω(C)[ ^ type 2
¥(e) ^ ∏(R(a, bk)) ^ ∏(C(bk))] for all 1 ∑ k ∑ m, (m ∏ n)

geq n R C 2 ¥(i9)

6.2 Treatment to Cyclic Inheritance of Vertices

Recall Definition 3, a vertex i in GDR is either a concept
vertex or an individual vertex. We use V C

O and V I
O to

denote the sets of vertices of concepts and individual
instances, respectively. Because NC and NI are disjointed
and class inheritance relations exist only between con-
cept vertices and do not exist between concepts and
instances, we have V C

O \V I
O = ;. Therefore, the treatment

of cycles of vertex inheritance is applied only to all
the concept vertices that form a clique (i.e., vertices
connected in a directed inheritance relationship cycle).

We present an algorithm to eliminate cyclic inheritance
in an integrated GDR GO, which is shown in Algo-
rithm 1. In the algorithm, the function Circle(GO) is
used to find a circle of concept subsumption in GO by
subClassOf. It can be implemented by some conven-
tional graph algorithms, such as the depth-first search
(DFS) algorithm. The structure S is a set of all vertices
contained in a cycle of inheritance. For all the vertices
in S, without loss of generality, we first find out the
vertex that has the minimum index, which is denoted
as vk. Then, we use vk to replace all the other vertices
in the clique S in four steps. First, the literal names of
all vertices in S will be added into the set ¥(vk). Second,
the literal names of edges between vertices in S except
subClassOf will be added into the set ¥(vk, vk). Third,
all the binary relations between the vertices outside the
clique S and the vertices in S will be replaced by the

Algorithm 1 Treatment to Cyclic Inheritance
Require: GO = (VO, EO, Ω, ∏, ¥)

1: S √ Circle(GO)
2: while S ! = ; do
3: v

k

√ min{v

i

|v
i

2 S ^ 1 ∑ i ∑ |S|}
4: for all each v 2 S \ {v

k

} do
5: ¥(v

k

) √ ¥(v

k

) [ ¥(v)
6: if (v

k

, v) 2 EO then
7: ¥(v

k

, v

k

) √ ¥(v

k

, v

k

) [ (¥(v

k

, v) \ {subClassOf})
8: EO √ EO [ {(v

k

, v

k

)}
9: end if

10: if (v, v

k

) 2 EO then
11: ¥(v

k

, v

k

) √ ¥(v

k

, v

k

) [ (¥(v, v

k

) \ {subClassOf})
12: EO √ EO [ {(v

k

, v

k

)}
13: end if
14: for all each v

0 2 VO \ S do
15: if (v, v

0) 2 EO then
16: ¥(v

k

, v

0) √ ¥(v

k

, v

0) [ ¥(v, v

0)
17: EO √ EO [ {(v

k

, v

0)}
18: end if
19: if (v

0
, v) 2 EO then

20: ¥(v

0
, v

k

) √ ¥(v

0
, v

k

) [ ¥(v

0
, v)

21: EO √ EO [ {(v

0
, v

k

)}
22: end if
23: end for
24: end for
25: V

C

O √ V

C

O \ {S \ {v

k

}}
26: S √ Circle(GO)
27: end while

relations between the vertices not in S and the vertex
vk. Finally, we delete all the vertices in S except vk. This
process continues by examining the newly treated GO
and treating other cyclic inheritance of vertices (cliques).
The algorithm will terminate when all the cyclic relations
(cliques) in GO are treated. In the worst case, the time
complexity of Algorithm 1 is £((n + m) § n2

), where
n = |VO|, m = |EO|. Because m ∑ n § (n ° 1) + n ∑ n2,
the time complexity of Algorithm 1 can be regarded as
£(n4

) in the worst case.
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Fig. 2. Generating GDRs for Each Axiom/Assertion in
Example 1

6.3 Treatment to Non-direct Transitive Relations
The second type of treatment is to detect all non-direct
relations with transitive property between vertices, aim-
ing at eliminating all derived transitive relations between
vertices, which are redundant. In principle, if some
transitive relations are kept, then the relation derived
from these transitive relations should not be kept to
prevent the double counting of measurement entities.
An obvious example of relations with transitive property
is the subClassOf relation. An illustrative example is
provided in the next section.

Definition 5. (Direct Relation between Vertices) Let i and
j be two vertices, and R be the role with transitive property.
The edge (i, j) with R 2 ¥(i, j) is a direct relation iff there is
no vertex k such that R 2 ¥(i, k) and R 2 ¥(k, j).

We can provide an algorithm to eliminate non-direct
relations of R with transitive property in the inte-
grated GDR, which is shown in Algorithm 2. The func-
tion findIntermV ertices(i, j) in the algorithm is imple-
mented by the definition 5. It will detect whether the
edge (i, j) is a direct relation, and return a set of vertices
that are the intermediate vertices between vertices i and
j, i.e., the set of all intermediate vertices k in Definition
5. Then, the set is stored by MV . If MV is empty, then
it means that the edge (i, j) is a direct relation, and
vice versa. In the worst case, the time complexity of
Algorithm 2 is £(n3

), where n = |VO|.

Algorithm 2 Treatment to Non-direct Transitive Rela-
tions w.r.t R
Require: GO = (VO, EO, Ω, ∏, ¥)

1: MV √ ;
2: for all i 2 VO do
3: for all j 2 V

C

O \{i} do
4: if (i, j) 2 EO and ¥(i, j) \ {R} 6= ; then
5: MV √ findIntermV ertices(i, j)
6: if MV ! = ; then
7: EO √ EO \ {(i, j)}
8: end if
9: end if

10: end for
11: end for

Fig. 3. The Untreated GDR by Integration Operation

Fig. 4. The GDR of Example 1

6.4 An Example of Generating GDR of Ontology

In the section, we will use Example 1 to illustrate
how to generate its GDR. According to the procedure
described in Figure 1, we can traverse each of axioms
and assertions in the example ontology, and generate its
corresponding description of structural semantics using
GDR. Then, they are integrated for treatment, and form
a complete and semantically stable GDR.

Figure 2 illustrate the derivation process of generating
one GDR for each of the axioms/assertions in Example 1.
Æi here refers to an axiom/assertion, and i is Æi’s index.
GÆ

i

is the structural semantic description of Æi. An
ellipse is a class vertex, and a dotted ellipse is an instance
vertex. An arrow is a subClassOf relation, and an
arrow associated with a literal name is a binary relation.
In the middle column, a gray bold arrow represents the
use of a derivation rule, and the literal name over a
gray bold arrow is the rule name. Considering the axiom
”2.Researcher¥ProfessortPhD”, we first use Rule A 2 to
generate a vertex numbered 1 instead of 2 because the
vertex associated with Concept ”Researcher” has been
already generated when Axiom 1 is transformed, where
¥(1)={Researcher, Prof or PhD}. Then Rule C 3 is
further applied, and generates the GÆ2 . All the structural
semantic descriptions of axioms/assertions in Example
1 are merged into an integrated GDR by the integration
operation ”+”, as shown in Figure 3.

Fig. 5. The GDR of Example 2 By Using Treatments
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Now we enter the phase 3 in which we treat
cyclic vertices and non-direct transitive relations. Ac-
cording to Algorithm 1, we detected the cycle be-
tween the two vertices 1 and 16. To treat the
cycle, the vertex 1 will be reserved such that
¥(1) = ¥(1) [ ¥(16)={Researcher, ScientificPersonnel,
Professor or PhD} because min{1, 16} = 1. Then, the
vertex 16 will be deleted, and its semantics is preserved
by literal names of the vertex 1. It is straightforward to
prove that we can use anyone of the vertices in a clique
S to break the clique and without loss of generality,
we choose the vertex with the smallest vertex index for
convenience. After removing all inheritance cliques (cir-
cles), we apply the second type of treatment operation.
According to Algorithm 2, we detect that there exist
two vertices 3 and 4 between vertices 1 and 5 such that
the edge (1,5) is a non-direct inheritance (subClassOf
is transitive). The edge (1,5) will be deleted, but its
semantics can be still preserved because it can be derived
from other relations of direct inheritance. At last, the
GDR of Example 1 after using treatment operations is
shown in Figure 4. Similarly, we can generate the GDR
for Example 2, which is shown in Figure 5.

Given a GDR, the ontology knowledge that it repre-
sents is uniquely determined. The uniqueness of ontol-
ogy knowledge description is determinate in terms of
labels, connecting structure and graph isomorphism, e.g.,
Figures 4 and 5. From the perspective, the GDR and the
OWL-DL are mutually equivalent.

7 PROPERTY ANALYSIS OF GDR
From the rule A 2, the structural semantics of class
equivalence is represented in a GDR as follows: the
names of equivalent classes belong to the same vertex.

Proposition 1. Let GO=(VO, EO, Ω, ∏, ¥) be the GDR of
Ontology O. For any vertex i 2 V C

O , if there exist two concept
names L1, L2 2 ¥(i), then the concepts L1 and L2 in O are
equivalent, i.e., L1 ¥ L2.

From the derivation process of generating GDR, it is
not difficult to find that each vertex in a GDR is assigned
at least one literal name. So we we obtain the Lemma 1.

Lemma 1. Let GO=(VO, EO, Ω, ∏, ¥) be the GDR of Ontol-
ogy O. For any vertex i 2 VO, ¥(i) 6= ;.

According to Definition 3, each concept or an ax-
iom/assertion in an ontology is assigned to a unique
positive number by the function Ω or the function ∏.
Meanwhile, it is impossible that two concepts in the
same ontology have the same concept names. So the in-
tersection of sets of literal names of two different vertices
in a GDR must be empty. It is formally represented in
Lemma 2.

Lemma 2. Let GO=(VO, EO, Ω, ∏, ¥) be the GDR of Ontol-
ogy O. For any vertices i, j 2 VO, i 6= j if and only if (iff)
¥(i) \ ¥(j) = ;.

We can alternatively formalize Lemma 2 as follows.

Lemma 3. Let GO=(VO, EO,∏, ¥) be the GDR of Ontology
O. For any two vertices i, j 2 VO, ¥(i) \ ¥(j) 6= ; iff i = j.

The graph derivation approach fully captures the se-
mantics of all the elements in an ontology, i.e., con-
cepts, instances, properties/relations and axioms. We
generate their structural semantic description strictly
in accordance with their underlying semantics. There-
fore, the GDR of an ontology not only preserves the
explicit expressed semantics in the ontology, but also
considers the implicit semantics derived from the explicit
knowledge. During treatment to the integrated GDR of
Ontology O, Proposition 1 can guarantee the semantics
of class equivalence is preserved although the vertices of
equivalent classes and the relevant relations are deleted
from GO. The non-direct relations with transitive prop-
erty are deleted from GO, but we still preserve their
semantics because they can be obtained by the other
direct relations.

Lemma 4. GO and its derivation based process preserve the
semantics of Ontology O.

The graph derivation based process of generating
GDR is performed in a recursive manner. We formalize
the termination property of GDR derivation process as
follows.

Definition 6. (Terminability) Given an ontology O with
finite set of concepts and finite set of axioms/assertations, the
GDR derivation process of generating GO is terminable iff the
following conditions hold:
—For any axiom/assertion Æ in O, Æ is included in its GDR
GÆ through its mapping functions ∏ and ¥.
—For any concept C in O, C is included in VO of its GDR
through its mapping functions Ω and ¥.
—There is no other rules applicable to any axiom/assertion
and concept in O during the graph derivation based process.

The axioms and assertions contained in an ontology
O are finite, the proposed rules are also finite and the
construction of GDR removes all cliques (cyclic inheri-
tance). Thus, the recursive derivation process should be
terminated in a finite time.

Let GO1 = (VO1 , EO1 , Ω1,∏1, ¥1) and GO2 =
(VO2 , EO2 , Ω2,∏2, ¥2) be the GDRs of two ontologies
O1 and O2, respectively. We have the following two
theorems.

Theorem 1. For a function f : VO1 ! VO2 , if 8i 2 VO1 ,
there exists j 2 VO2 such that ¥1(i) µ ¥2(j), then f is
injective.

Proof: For any vertex i 2 VO1 such that 9j1, j2 2
VO2 , ¥1(i) µ ¥2(j1) and ¥1(i) µ ¥2(j2). Thus, we have
¥2(j1) \ ¥2(j2) 6= ;. By Lemma 3, we have j1 = j2. Now
we can conclude that f is injective.

Theorem 2. For a function f : VO1 ! VO2 , if 8i 2 VO1 ,
there exists j 2 VO2 such that ¥1(i) = ¥2(j), then f is
bijective.
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Proof: For any vertices i 2 VO1 and j 2 VO2 , we know
the following fact: ¥1(i) = ¥2(j) , ¥1(i) µ ¥2(j)^¥2(j) µ
¥1(i). Thus, by Theorem 1, we can obtain Theorem 2.

The GDRs of ontologies will be used for ontology
comparison. What is first made for the similarity com-
parison of GDRs is to determine the identical vertices
and edges in the two GDRs being compared. We can
determine whether two vertices from two different GDRs
are identical by the sets of literal names they have
obtained in the GDR transformation.

Definition 7. (Identical Vertices and Edges) For any
vertices i 2 VO1 and j 2 VO2 , if ¥1(i) = ¥2(j), then vertices
i and j are identical, denoted as Ident(i) = j. For any edges
(i, j) = e 2 EO1 ,(i0, j0) = e0 2 EO2 , and Ident(i) = i0 and
Ident(j) = j0 such that ¥1(e) = ¥2(e

0
), then edges (i, j) and

i0, j0 are identical, denoted as Ident(i, j) = (i0, j0).

Vertex 15 in Figure 4 and Vertex 17 in Figure 5 are
identical (i.e., Ident(15) = 17) because ¥1(15) = ¥2(17) =
{forall advisedBy Professor}. Similarly, Edge (6, 7) in
Figure 4 and Edge (8, 9) in Figure 5 are identical.

Definition 8. (Graph Isomorphism of GDRs) A bijective
function Ident : VO1 ! VO2 is a graph isomorphism from
GO1 to GO2 if the following conditions hold:
1) ¥1(i) = ¥2(Ident(i)) for all i 2 VO1 ,
2) For any edge (i, j) = e 2 EO1 there exists an edge
(Ident(i), Ident(j)) = e0 2 EO2 such that ¥1(e)=¥2(e

0
),

and for any edge (i0, j0) = e0 2 EO2 there exists an edge
(Ident°(i0), Ident°(j0)) = e 2 EO1 such that ¥2(e

0
)=¥1(e).

Theorem 3. The GDR GO of an ontology O is unique in
terms of labels, connecting structure and isomorphism.

Proof: Assume that Ontology O has two GDRs
GO and G°

O, where GO=(VO, EO, Ω, ∏, ¥) and G°
O=

(V °
O , E°

O , Ω, ∏, ¥).
All the concepts defined in O must be respectively

mapped onto vertices of GO and G°
O because both GO

and G°
O preserve the same semantics of O according to

Lemma 4. So there must exist a bijective function Ident :

VO ! V °
O such that 8i 2 VO, 9j 2 V °

O such that ¥(i) =

¥(j). According to Definition 7, Ident(i) = j. That is,
¥1(i) = ¥2(Ident(i)) for all i 2 VO.

Then, we detect whether the edges in EO and E°
O

are identical. Let Æ 2 O be any axiom/aasertion, and
the concepts/individuals at both ends of Æ be A and
B. When Æ is transformed to GÆ = (VÆ, EÆ, Ω, ∏, ¥) and
G°

Æ = (V °
Æ , E°

Æ , Ω, ∏, ¥), the derivation rules in Table 1 are
always first applied by ∏. Moreover, the derivation rule
applicable to Æ can be determined because Æ can only
satisfy exact one of the five forms of axioms/assertions.
After that, A and B will be transformed by the derivation
rules in Table 2. For each of A and B, its applicable
derivation rule is also determinable. However, because
of the different orders of applicable rules for A and
B, Function Ω will respectively transform them to two
different positive integers in VÆ and V °

Æ . Assume iA, iB 2
VÆ, jA, jB 2 V °

Æ , we have ¥(iA) = ¥(jA) and ¥(iB) =

¥(jB). But, the literal name of Edge (Ω(A), Ω(B)) w.r.t Æ
is the same in EÆ and E°

Æ , i.e., ¥((iA, iB)) = ¥((jA, jB)).
According to Definition 7, Ident((iA, iB)) = (jA, jB). For
any two concepts nestedly defined in Æ, similar is to
A and B, ie., the relations (if any) between them are
identical in EÆ and E°

Æ . According to Definition 8, GÆ

and G°
Æ are isomorphic. Obviously, GO and G°

O after
using integration operation are also isomorphic.

So GDRs GO and G°
O are the same in terms of labels,

connecting structure and isomorphism. Based on this
consideration, the GDR of O is unique.

Theorem 3 will be helpful to eliminate the polymor-
phism of ontology representation, and make the mea-
surement results between GDRs of different ontologies
comparable in terms of labels, connecting structure and
isomorphism of graphs. According to the definition 2,
we can further obtain the conclusion.

Theorem 4. Ontology measurement based on GDR is stable.

8 ONTOLOGY MEASUREMENT AND COMPARI-
SON BASED ON GDRS
8.1 Classification of Measurement Entities
Although various ontology measures have been pro-
posed in the last decade, the types of measurement enti-
ties can be generally classified into two classes of entity
types in terms of granularity: Fine-grained measurement
entity types and coarse-grained measurement entity types.
We argue that most of the existing ontology measures
should be utilized to measure the semantic structures
of ontologies in the form of their GDRs. Measurement
entities are fine-grained if they are the basic elements
of ontologies such as concepts/classes, properties, bi-
nary relations, axioms and instances. In contrast, coarse-
grained measurement entities are the intrinsic constructs
in ontologies, and consist of different kinds of basic on-
tological elements, such as fanin, fanout, path, ontology
partition, and so on. For examples, fanouts are one of the
intrinsic constructs of ontologies. A fanout necessarily
deals with two vertex classes and the inheritance relation
between them. The fanouts of a class refer to the direct
subclasses of the class. A path is an end-to-end chain,
consisting of classes and direct inheritance relation from
the root class to a leaf class.

Table 3 gives the types of measurement entities that
the existing ontology measures deal with, and summa-
rize their formal definitions based on GDRs. Nine types
of measurement entities are listed, and are classified
into the two categories of granularity. For each of these
measurement entities, we give their formal definitions of
collecting these entities based on GDRs. Therefore, we
can automatically measure ontologies by implementing
the algorithms of the existing measures based on GDRs.

8.2 Measurement Evaluation Based on GDR
8.2.1 Exemplar Ontologies
We collected 12 exemplar ontologies with different ex-
pressivity for measuring their entities. They were ob-
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TABLE 3
Classification of Measurement Entities Based on GDRs

Granularity Entity Type Set of Measurement Entities Formal Definition

Class Set of classes: SC {C|8v 2 V C
O (C 2 ¥(v))}

Property Set of properties: SP {P |8e 2 V I
O £ V I

O(P 2 ¥(e))}
Fine-grained Instance Set of instances: SI V I

O
Leaf class Set of leaf classes: SLC {v|v 2 V C

O ^ ( 6 9v0 2 V C
O (subClassOf 2 ¥(v0, v)))}

Class inheritance Set of class inheritance: SCI {e|e 2 V C
O £ V C

O ^ subClassOf 2 ¥(e)}
Axiom Set of axioms: SA {e|e 2 V C

O £V C
O ^(subClassOf 2 ¥(e)_disjointWith 2

¥(e))}
Fanout Set of fanouts w.r.t class C: SFO(C) {v0|C 2 ¥(v) ^ (9v0(subClassOf 2 ¥(v0, v)))}

Coarse-grained Fanin Set of fanins w.r.t class C: SFI(C) {v0|C 2 ¥(v) ^ (9v0(subClassOf 2 ¥(v, v0)))}
Path Path w.r.t the leaf class C: Path(C) (v1, v2, · · · , vn), where v1 is the root vertex, C 2 ¥(vn)^vn 2

SLC, and subClassOf 2 ¥(vi, vi+1) for all 1 ∑ i ∑ n° 1

tained by searching some ontology libraries and visiting
the websites of the related institutes such as NCI. Some
of the ontologies are common in real life. E.g., Person,
Wine, miniTambis, and GlycO, and so on. The others can
be regarded as industrial ontologies such as Biochemistry,
Mouse and Pharmacogenomics, which contain a large num-
ber of classes and relations. We will provide the selection
of measures in the next section and the experimental
analysis of exemplar ontologies in Section 8.2.3.

8.2.2 Selection of Measures
Ontology measures are selected according to their types
of their measurement entities. We select the following
measures, which cover almost all types of measurement
entities mentioned in Section 8.1.

NOC (number of classes): NOC(O) = |SC|.
NOP (number of properties): NOP (O) = |SP |.
NOA (number of axioms): NOA(O) = |SA|.
AFC (average fanouts per class, also called inheritance

richness in [26]): AFC(O) =

ß
v

i

2SC

|SFO(v
i

)|
|SC| .

ADILC (average depth of inheritance of leaf classes),

ADILC(O) =

ß
p2P S

|p|
|PS| , where PS = {Path(C)|C 2 SLC}

is the set of all paths of O, and |p| is the depth of the
path p (i.e., the total number of vertices in p).

For examples, Measures NOC, NOP and NOA are
related to some fine-grained measurement entities such
as classes, properties and axioms, respectively. Measure
AFC measures fan-outs and classes. The measurement
entities related to Measure ADILC often include paths,
class inheritance and leaf classes. Instances are not con-
sidered here because of the fact that most of ontologies
in real world seldom contain instances.

8.2.3 Measurement Experiments and Analysis
In this section we present some experimental analysis
on the effectiveness of stable measurement based on
GDRs. We use a dozen of real world known ontologies
to evaluate how well the GRDs represent ontologies and
how well our GRD approach will measure and compare
structural semantics of ontologies in comparison with
the traditional graphical models (denoted as GMs). GMs

are often based on the intuitive ontology graphs that
represent the explicit information of ontologies, where
nodes are the explicitly defined concepts/instances and
edges are the explicitly defined relations between nodes.
For example, GMs consider the concepts explicitly de-
fined by owl:Class instead of complex concepts, and
the relations explicitly defined by some labels such as
owl:subClassOf, owl:onProperty and owl:type
instead of implicitly derived relations. In contrast, GDRs
can resolve the polymorphism of ontology representa-
tion by representing both explicit and implicit knowl-
edge of an ontology uniquely. We empirically evaluate
the difference between GMs and GDRs by analyzing
the number of measurement entities each of them may
have. The measures selected are used to measure these
exemplar ontologies based on their GMs and GDRs
respectively. The time complexity of measurements is
also computed. Table 4 shows the specific measurement
results of entities for the dozen exemplar ontologies.

The first observation is that GDRs have significantly
higher number of classes (measures NOC) and higher
number of axioms (measure NOA) between GMs and
GDRs for all twelve ontologies. This is because GDRs
can successfully excavate and represent more classes
that are implicitly defined in the given dozen of on-
tologies. Axioms related to these classes can also be
excavated to enrich semantic structures of ontologies, for
example, they can also make some axioms/assertions
explicit. Similarly, for the same set of ontologies, the
AFC measure value of its GDR is larger than that of
its GM, which indicates that GDRs can find more se-
mantic structure and links between classes than GMs.
Another interesting observation is the exception that
the number of properties (measure NOP) in GMs and
GDRs of the tested ontologies is the same because all the
properties/roles are explicitly defined in the ontologies.
By observation, we can empirically validate that GDRs
are useful and effective in representing both explicit and
implicit information of ontologies.

As shown in the last two columns of Table 4, ontology
measurement based on GDRs requires more processing
time. Especially for a large volume of expressive ontolo-
gies, it has higher time complexity and runs for a longer
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TABLE 4
Ontology Measurement Comparison Based on GMs and GDRs

Measure NOC Measure NOP Measure NOA Measure AFC Measure ADILC Time(s)
GM GDR GM GDR GM GDR GM GDR GM GDR GM GDR

Wine 76 209 24 24 15 272 0.197 1.838 1.284 3.289 2.196 2.869
GlycO 370 496 243 243 506 842 1.368 1.700 9.148 6.522 2.131 7.656
MiniTambis 182 315 44 44 72 330 0.396 1.222 1.609 2.532 1.094 1.536
Univbench 43 57 48 48 34 54 0.791 1.059 2.531 3.708 0.543 0.903
OTN 179 249 123 123 204 298 1.140 1.197 3.813 3.711 1.037 1.281
Terrorism 21 30 33 33 16 29 0.762 1.036 2.500 3.364 0.529 1.289
Publication 13 24 10 10 11 22 0.846 0.917 2.818 3.687 0.521 0.898
Person 21 26 6 6 20 25 0.952 0.962 2.706 3.706 0.447 0.842
SWRC 55 99 160 160 47 115 0.855 1.161 2.546 3.099 0.486 1.003
Biochemistry 64 136 0 0 12 98 0.410 0.717 7.242 8.172 0.513 1.010
Mouse 2744 8012 3 3 4493 5647 1.642 1.890 3.140 4.170 30.183 66.081
Pharmacogenomics 145 800 3 3 29 893 0.734 1.114 5.916 6.564 8.521 15.130

duration. For example, the time complexity of measuring
Ontology Mouse is 66.081 seconds compared to 30.183
seconds for GM, though there are a few ontologies that
requires slightly higher time by GDR compared to GM,
such as Wine (2.196 in GM and 2.869 in GDR), MiniTa-
mbis (1.094 in GM and 1.536 in GDR), and OTN (1.037
in GM and 1.281 in GDR). We argue that higher time
complexity can be tolerable in order to provide a stable
measurement of the complete structural semantics of
ontologies and achieve reliable ontology measurement.

8.3 Comparison Evaluation Based on GDR
In this section, we evaluate the usefulness of GDRs with
respect to their capabilities of comparing ontologies.
GDR can resolve polymorphism of ontology representa-
tion because it is a normalized and ”unique” represen-
tation of an ontology. Therefore, ontology measurement
results based on GDRs are comparable and reliable.
Ontology comparison needs to consider two aspects.
One is to detect whether an ontology is sub-ontology of
another ontology (inclusion relationship). The other is to
compute the semantic similarity between two ontologies.

8.3.1 Subontology Comparison
Definition 9. (Subontology) Ontology O1 is a subontology
of Ontology O2 iff GO1 is a subgraph of GO2 . GO1 is a
subgraph of GO2 , denoted as GO1 µ GO2 , iff there exists
an injective function sub : VO1 ! VO2 such that:
—For any vertex i 2 VO1 , ¥1(i) µ ¥2(sub(i)).
—For any edge (i, j) 2 EO1 , ¥1(i, j) µ ¥2(sub(i), sub(j)).

Based on Definition 9, we develop Algorithm 3, which
detects whether an GDR GO1 is a subontology of another
GDR GO2 . As shown in Algorithm 3, for any edge
(i, j) = e, functions front(e) and end(e) return the ver-
tices i and j respectively. Thus, Algorithm 3 determines
sub-ontology relationship between two ontologies by
detecting inclusion between the sets of labels of vertices
and edges from GO1 and GO2 . In the worst case, its
complexity is £(n2

1 § n2
2), where n1 = |VO1 |, n2 = |VO2 |.

Consider the following Example 3 and its GDR shown
in Figure 6, we want to determine whether the GDR

Algorithm 3 Detecting whether GO1 µ GO2

Require: GO1 =(VO1 , EO1 , Ω1, ∏1, ¥1), GO2 =(VO2 , EO2 , Ω2, ∏2, ¥2)
1: if |VO1 | > |VO2 | then
2: return false
3: end if
4: for all i 2 VO1 do
5: i √ 0
6: for all j 2 VO2 do
7: if ¥1(i) µ ¥2(j) then
8: break
9: else

10: i √ i + 1
11: end if
12: end for
13: if i == |VO2 | then
14: return false
15: end if
16: end for
17: for all e 2 EO1 do
18: i √ 0
19: for all e

0 2 EO2 do

20: if ¥1(front(e))==¥2(front(e

0)) and ¥1(end(e))==¥2(end(e

0)) then
21: if ¥1(e) µ ¥2(e

0) then
22: break
23: else
24: i √ i + 1
25: end if
26: end if
27: end for
28: if i == |EO2 | then
29: return false
30: end if
31: end for
32: return true

Fig. 6. The GDR of Example 3

in Figure 6 is a subgraph of the GDR in Figure 4 by
using Algorithm 3. By testing the inclusion relationship
between the sets of labels of vertices and edges from the
two GDRs, we can easily conclude that Example 3 is a
subontology of Example 1.

Example 3. TBox={1.ScientificPersonnel v People, 2.Pro-
fessor v ScientificPersonnel, 3.PhD v ScientificPerson-
nel, 4.Prof with phD ¥ PhD u Professor, 5.PhDStudent
v8advisedBy.Professor, 6. PhDStudent vStudent}.

ABox=;.
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8.3.2 Ontology Comparison Based on Distance Metric
Some well-known approaches for measuring similarity
between graphs often deal with the problem of graph
isomorphism, subgraph isomorphism and maximal com-
mon subgraphs [47]–[49]. In this paper, we will use
the distance based metric in [47] by utilizing the bijec-
tive function Ident in Definition 8 for comparing two
ontologies based on their GDRs. The distance metric
d(GO1 , GO2) between GO1 and GO2 in [47] can be for-
mally defined by Equation 1 as follows.

d(GO1 , GO2) = 1° |mcs(GO1 , GO2)|
max(|GO1 |, |GO2 |)

(1)

Where mcs(GO1 , GO2) represents the maximal com-
mon subgraph of GDRs GO1 and GO2 . Here, |GO| rep-
resents the number of vertices of GO (i.e., |VO|).

The algorithmic complexity for comparing the simi-
larity between GO1 and GO2 mainly relies on that of ob-
taining the vertices in their maximal common subgraph
(MCS), which is shown in Algorithm 4. In the algorithm,
V is the set of vertices of the MCS of GO1 and GO2 . In
the worst case, the complexity of Algorithm 4 is £(n4

),
where n = min{|GO1 |, |GO2 |}.

Algorithm 4 Obtaining the set of vertices of MCS
Require: GO1 =(VO1 , EO1 , Ω1, ∏1, ¥1), GO2 =(VO2 , EO2 , Ω2, ∏2, ¥2)

1: V √ ;
2: for all e 2 EO1 do

3: for all e

0 2 EO2 do

4: if ¥1(front(e))==¥2(front(e

0)) and ¥1(end(e))==¥2(end(e

0)) then
5: if ¥1(e) == ¥2(e

0) then
6: V √ V [ {front(e), end(e)}
7: end if
8: end if
9: end for

10: end for
11: return V

We then use the distance based metric to pairwise
compare their similarity among the fifteen exemplar
ontologies by their GDRs. They include the twelve ex-
emplar ontologies in Section 8.2 and the three ontologies
(i.e., Examples 1, 2 and 3) presented in this paper. The
comparison results are shown in Table 5.

Because d(GO1 , GO2) = d(GO2 , GO1), we only list the
similarity values between GDRs in the lower left in
Table 5. Moreover, by Equation 1, the distance metric
d(GO1 , GO2) is to measure the dissimilarity between GO1

and GO2 . That is, the larger the distance value between
GO1 and GO2 is, the more dissimilar they are.

The experimental evaluations for ontology comparison
are made based on the following considerations.

1) If the distance similarity between two ontologies is
0.000, then they represent the same semantic knowledge
in the same domain. For example, the GDRs of Examples
1 and 2 have the same distance similarity 0.000, which
indicates that they represent the same semantic knowl-
edge in the same domain. Considering the fact that the
two ontologies are presented in different structures, we
argue that the GDR based representation can handle the
problem of polymorphism of ontology representation.

2) If an ontology has been detected as a subontology
of another ontology, they represent the same domain,

but the knowledge scopes they cover in the domain are
possibly different. The degree to which the subontology
covers the knowledge scope compared with the ontol-
ogy, is just the distance similarity between them sub-
tracted by 1. The larger the similarity between them is,
the less knowledge scope the subontology will cover. For
example, as is mentioned in Section 8.3.1, Example 3 is
a subontology of Example 1. Their distance similarity is
0.467 in Table 5, which means that Example 3 only covers
53.3 percent of the semantic knowledge in Example 1.

It is worth noting that the distance similarity between
GDRs of Examples 2 and 3 is also 0.467, which also
shows that our graph derivation based approach can
resolve the problem of polymorphism of ontology repre-
sentation for stable and meaningful comparison between
different ontologies.

3) If the distance similarity between two ontologies is
1.000, then they represent the different semantic knowl-
edge in different domains. For example, Ontology Wine
has different domains compared with Examples 1, 2 and
3. In fact, we found that most of the exemplar ontologies
are to represent different domains by the experiments.

4) If the distance similarity between two ontologies
is larger than 0.000 but less than 1.000, then the partial
semantic knowledge that they carry are overlapped. The
degree of overlap is the similarity value between the
two ontologies subtracted by 1, which represents the
dissimilarity between the two ontologies, denoted by
d(GO1 , GO2) in Formula (1). The larger the value of
d(GO1 , GO2) is, the less amount of the common semantic
knowledge the ontologies GO1 and GO2 will overlap.
For example, in Table 5, the distance similarities between
Person and Univbench and between Person and Publication
are 0.882 and 0.955 respectively. Thus Person has the
larger degree of semantic overlap with Univbench than
the overlap it has with Publication.

In this section, our ontology similarity comparison
based on the overall semantic information of ontologies.
For the same ontologies, the semantic knowledge that
the GMs method compares is only a part of the semantic
knowledge that the GDRs method compares. We argue
that ontology similarity comparison based on complete
semantic information (i.e., GDRs) must be more accurate
than ontology similarity comparison based on partial
semantic information (i.e., GMs) for the same ontologies.
It can be predicted that GDR-based comparison will have
higher time complexity than GM-based comparison,
which is tolerable for more accurate ontology similarity
comparison w.r.t the complexity of Algorithm 4.

9 CONCLUSION
We have presented a GDR derivation based approach to
stably measure and compare ontologies. By theoretical
analysis of the properties of GDR, we show that the GDR
of an ontology is semantic-preserving and ”unique” in
terms of labels, connecting structure and isomorphism,
which guarantees stable semantic ontology measure-
ment. We analyze and evaluate the usefulness of our
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TABLE 5
Ontology Similarity Comparison Based on GDRs

Ex. 1 Ex. 2 Ex. 3 Wine GlycO MiniT. Univb. OTN Terr. Pub. Person SWRC Bioche. Mouse Pharm.
Ex. 1 —— —— —— —— —— —— —— —— —— —— —— —— —— —— ——
Ex. 2 0.000 —— —— —— —— —— —— —— —— —— —— —— —— —— ——
Ex. 3 0.467 0.467 —— —— —— —— —— —— —— —— —— —— —— —— ——
Wine 1.000 1.000 1.000 —— —— —— —— —— —— —— —— —— —— —— ——
GlycO 1.000 1.000 1.000 1.000 —— —— —— —— —— —— —— —— —— —— ——
MiniT. 1.000 1.000 1.000 1.000 0.993 —— —— —— —— —— —— —— —— —— ——
Univb. 0.947 0.947 0.965 1.000 1.000 1.000 —— —— —— —— —— —— —— —— ——
OTN 1.000 1.000 1.000 0.996 1.000 1.000 1.000 —— —— —— —— —— —— —— ——
Terr. 1.000 1.000 1.000 1.000 1.000 1.000 0.980 1.000 —— —— —— —— —— —— ——
Pub. 1.000 1.000 1.000 1.000 1.000 1.000 0.941 1.000 1.000 —— —— —— —— —— ——
Person 0.885 0.885 0.885 1.000 1.000 1.000 0.882 1.000 1.000 0.955 —— —— —— —— ——
SWRC 0.980 0.980 0.980 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 —— —— —— ——
Bioche. 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 —— —— ——
Mouse 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 —— ——
Pharm. 1.000 1.000 1.000 1.000 1.000 1.000 0.993 1.000 1.000 0.993 1.000 1.000 1.000 1.000 ——

GDR approach and compare our GDR with conventional
graph models (GM). First, the GDR approach offers
stable and reliable semantic measure of ontologies and
provides a feasible solution for automated ontology
comparison and measurement. Second, the measurement
and comparison based on GDRs are more useful and
meaningful for the ontologies with a large number of
complex concepts. Thus, our GDR based approach can
also be used as a complementary mechanism by the
existing ontology measurement approaches.

Our work on stable and reliable semantic measure-
ments of ontologies continues along three directions.
First, the GDR-based ontology comparison assumes that
concepts have the same semantics if their names are
the same, which is not always true in real life ontology
comparison. We will explore compare the similarity be-
tween ontologies with polysemy and toponomy. Second,
by the GDR-based ontology comparison, the candidate
ontologies that are most similar to a given ontology can
be selected from the ontology repositories. The selected
ontologies can be further used to help users enrich the
ontology design and improve its quality for specific
application domain of interest. Three, we can further
explore new methods for ontology reuse by utilizing the
semantically clean and enriched structures in GDRs.
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