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Abstract

Similarity/dissimilarity =~ measurement plays a  crucial role in
information/component/service retrieval and integration. In this paper, we define a
novel logic based semantic similarity/dissimilarity measure that tries to estimate a
pseudo ideal similarity metric based on Description Logic based descriptions of
concepts in ontologies in order to fulfill the requirements for similarity measurement
in the field of web service retrieval (i.e. web services matching and composition). Our
proposed semantic similarity measure defined and represented as a set of rules,
considers the direction in comparing two concepts which may be from different
ontologies and it computes the similarity/dissimilarity between two concepts by the
extent to which the second concept includes instances which are also included by the
first concept. It can handle the expressivity of highly expressive Description Logic
based ontology languages such as OWL DL to a considerable extent. We also
conceptually compare our proposed measure with other similar methods in the target
application area.
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1. Introduction

In the presented research, we have focused on a sort of logic based semantic
similarity/dissimilarity measures that is suitable to be used for semantic matching
of web services in order to automatically compose new web services by
discovering and integrating the existing ones. For automating the process of web
services matching and composition, we need to semantically describe web
services using ontology languages. Currently, web services besides their syntactic
specifications or descriptions by standard syntactic models such as WSDL, are
semantically specified or described by standard semantic models such as OWL-S
and SAWSDL [16, 35]. Intuitively, an effective matching of web services
involves considering all of their functional and non-functional requirements

specified in their descriptions and interfaces, but the most crucial part of web



services matching is their signatures matching (i.e. inputs, outputs, preconditions,
and effects). So, in our research we have only focused on web services
input/output matching for web service composition when the inputs and outputs of
web services have been semantically described in ontologies [2, 13, 16, 18, 23, 25,
29].

So far, many similarity measures have been proposed in the literature [25].
In our research, we have only focused on logic based semantic similarity
measures. As demonstrated in our previous research paper [25], in order to
improve the process of semantic matching of web services, the semantic
similarity/dissimilarity measures generally need to measure the extent to which
the second concept includes instances which are also included by the first concept.
Logic based semantic similarity measures can be perfect for computing the
similarity between concepts in the field of web service retrieval if and only if they
can adequately handle the expressivity of the used ontology language in order to
estimate the pseudo ideal similarity metric introduced in Section 2 [25]. Hence, in
this paper, we propose a logic based semantic similarity measure as a set of
descriptor-specific rules which tries to estimate the ideal similarity metric as
precise as possible based on OWL descriptions of concepts in ontologies.

In the next section, we review the theoretical background to our research
regarding Web Services, Ontologies, and Description Logics (DL). In Section 3,
we define and present our novel DL-based semantic similarity/dissimilarity
measure. In Section 4, we conceptually discuss and compare the proposed
measure with other methods. Finally in Section 5, we conclude this paper with
several issues that need further investigation and the future works.

Background: Web Services, Ontologies, and Description Logics

In our previous work presented in [25], we investigated the problem of
matching web services with each other in order to integrate them and compose a
new web service. We analyzed such a complicated problem in order to deduce the
requirements for similarity measurement in the field of web service retrieval. Our
analysis led to defining a “pseudo ideal similarity metric” which ideally expresses
the requirements for similarity measurement in the field of web service retrieval
using mathematical symbols whereas it cannot be generally actually computed.
Because it is defined using operators of set theory such as union, intersection,

difference, and specifically the cardinality or size of sets that are not directly



computable since they are applied to ontology concepts that are considered as
subsets of the interpretation domain objects i.e. Al that is undetermined. The ideal
similarity metric was defined as follows [25]:

_|a'uB"| 14'-B"|

DD(4, B,I) = ; 2.1
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MHD(4, B, 1) = Minimum hierarchical distance between 4 and B;  (2.2)

Dissim(A4, B, I) = DD(A4, B, 1) + MHD(4, B, I); (2.3)

Sim(4, B, I) ; 1 > 0 :adjustable factor 2.4)

[+ Dissim(4, B, I)
Where A and B are concepts from the same or different ontologies. Based on

an interpretation like I = (A!, ¢') for the ontology (or ontologies), A is mapped to
A! and B is mapped to B'. |A| denotes the size of the set A. Sim(4, B, I) and
Dissim(A4, B, 1) denote the semantic similarity and dissimilarity from A to B
respectively. MHD(4, B, I) denotes the minimum hierarchical distance between A
and B in the ontological hierarchy after classification. Dissim(4, B, I) and
Sim(A4, B, I) can be converted to each other using Equation 2.4. u is an adjustable
factor [25].

We defined the pseudo ideal similarity metric to only make our approach to
similarity measurement more understandable by specifying the semantics of
similarity (values) based on which the similarity has to be computed by web
service matchmakers/composers in the field of web service retrieval. In other
words, in order to improve the process of semantic matching of web services, the
used semantic similarity/dissimilarity measure has to try to estimate the
introduced ideal similarity metric that means it has to compute the similarity
between concepts by the extent to which the second concept includes instances
which are also included by the first concept. When we speak about the estimation
of such a pseudo ideal measure, we just mean doing computations which lead to
the values with the semantics represented by this pseudo ideal measure
considering what it really tries to measure. So, comparing a computable logic
based similarity measure with this ideal measure in order to investigate how much
imprecision we get, is meaningless. In other words, we can only compare
computable logic based measures with each other to investigate how well they are
able to estimate the ideal measure relative to each other. It is clear that such
similarity/dissimilarity measures are asymmetric and consider the direction. Also,

such a matching approach considers the state in which two concepts (classes)



overlap, as a level of match higher than the disjoint level even if none of the two
concepts subsumes the other. Most of approaches to semantic matching are based
on subsumption reasoning and do not consider such states as a level of match [2,
5,10, 16, 21, 23, 38]. Also, a good similarity measure has to be able to handle the
expressivity of the description logics used for describing web service parameters
i.e. web service Inputs, Outputs, Preconditions, and Effects (IOPEs) in ontologies
[16, 17, 28]. Hence, in the presented research, we have focused on the problem of
computing the similarity/dissimilarity between two concepts in order to define a
novel sophisticated computable logic based similarity/dissimilarity measure which
tries to estimate the pseudo ideal similarity metric based on DL based descriptions
of concepts in ontologies and therefore it is suitable to be used in semantic
matching of web services for web service composition.

In some research papers, the existing semantic similarity/dissimilarity
measures have been divided into measures for concepts from the same ontology
and measures for concepts from different ontologies [37, 40]. A fully-automatic
method for computing the similarity/dissimilarity between concepts from different
ontologies is desired, but our proposed measure, presented in the next section, is
based on a semi-automatic approach for concepts from different ontologies since
the experts of the ontologies need to check and investigate the subsumption
relations between properties and primitive concepts from different ontologies and
then set some probability parameters for configuring the proposed measure
(Please refer to Section 3 for details). So, our proposed measure has been devised
in a way that is able to compute the similarity/dissimilarity between concepts from
the same or different ontologies both.

The semantic similarity/dissimilarity between concepts is computed based on
their semantic descriptions in ontologies. Thus far many ontology languages have
been proposed and standardized such as RDF(S) and OWL for defining concepts
and their conceptual relations in ontologies. Despite the apparent differences,
many of the current ontology languages can be regarded as tractable and decidable
subsets of Description Logics. In our research, we narrowed our focus to OWL
ontology language, because Description logics form its formal foundation and
OWL has been being endorsed by the semantic web initiative [22]. In 2009, W3
Consortium produced a recommendation for a new version of OWL which adds

features to the 2004 version, while remaining compatible. Some of the new



features are syntactic sugar while others offer new expressivity, including: keys,
property chains, richer datatypes and data ranges, qualified cardinality restrictions,
and asymmetric, reflexive, and disjoint properties [22]. While handling the
expressivity of more expressive DL-based ontology languages such as OWL 2 is
desired for computing the similarity/dissimilarity between concepts, but it can be
achieved by long term, ongoing research efforts [11, 12, 28].

In this paper, we present a similarity/dissimilarity measure which tries to
handle the expressivity of OWL DL to a considerable extent. OWL DL is one of
the three sub-species of OWL 1 and it is based on SHOIN DL. Let CN denotes a
concept name, C and D are arbitrary concepts, R is a property, n is a non-negative
integer, d and o; (1 <1 < n) are instances, and T and @ denote the top (i.e. Thing)
and the bottom (i.e. empty class) respectively. Then, a SHOIN concept is [9, 22,
28]:

CN|CND|CUDJ-C|3R.C|VR.C|3R.d|=, R.T|>, R.T|<,R.T|{0y,...

OWL Construct Formal Representation
owl:equivalentClass CL=C,
owl:disjointWith C; LG,
owl:complementOf C, =—C,
owl:subClassOf C;CC,
owl:intersectionOf ;N G,
owl:unionOf Cc, U G,
owl:minCardinality >, R.T
owl:maxCardinality <, RT
owl:cardinality =, R.T
owl:allValuesFrom VR.D
owl:someValuesFrom iR.D
owl:hasValue 3 R.d

Table 2.1 — OWL constructs and their formal representations

In Table 2.1, the formal representations of the most important constructs in
OWL ontology language are shown [9, 28]. In this table, C;, C,, and D are
concepts (classes), R is a property, T is the top (Thing), d is an instance, and n is a
non-negative integer.

The proposed similarity/dissimilarity measure
3.1. Case Study
In order to make the rules more understandable, we present a case study

as a detailed example on how the introduced rules are applied to compute the
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similarity/dissimilarity between concepts. The hierarchical structure of the
exemplary ontology has been depicted in Picture 3.1.

Assume that: A = Organization, B = Legal Entity, D = Client,
E = Company, R = WorkFor, S = ProvideServiceTo, d; = TPS IT Company,
d, = Turan Designers Inc., d; = Iran Cell Inc. So, we have (T is the ontology
root i.e. Thing): MHD(D, T) = 2, MHD(E, T) = 3, MHD(E, D) =1, SR,
MHD(R, S) = 1. Also, We do not have any explicit or inferred statement in the
ontology representing any of the following facts: E ED, D CE, ACE B,

D C B. Also, for simplification we consider the ranges of S and R to be T.

Concepts e

Person Human Organization

T I A

Legal Entity Customer Partner Investor Client Individual Person

| T

I | I I 1
Company Individual Client Co-founder Employee Entrepreneur
Manager |
|_T Virtual Organization Electronic Organization
CEO

ROIQS Relation (Role)

1.
I I I I I I I

SellTo WorkFor | | InvestedinBy Hire Create ManagedBy FoundedBy Organizedin Has

T

PartneredWith ProvideServiceTo Employ Found CEO-By

Picture 3.1 — The hierarchical structure of an ontology which is used for demonstrating the
applicability of our proposed semantic similarity measure.

Assume that CN; is an Organization which operates as a Legal Entity or
as a client in Iran. It only works for companies. It works for at least one entity
and works for at least one company. It provides some services to TPS IT
Company, and also provides some services to Turan Designers Inc. We can
logically define CN; as follows:
CN,=AnBuDbD)nVR.EnNI3IR.EN>3S.d,n>3S.d,Nn(=,R.T)

Assume that CN, is an Organization which operates as a Legal Entity or
a non-organized group. It only provides services to companies and only works

for clients. It provides services to at least five entities. It also provides services



to at least one client. It also works for Iran Cell Inc. We can logically define
CN, as follows:
CN,=ANBU-A)NVS.ENVRDNI3IS.DN3R.d;N(=5S.T)
Also, we assume: MHD(4, CN;) = 3, MHD(4, CN,) =2, MHD(B, CN,) =4,
MHD(B, CN,) = 2.

3.2. Definition of an alignment for concept descriptors

After the canonization process introduced and proposed in our previous
research paper [25], each generated model of a concept description can be
represented in a canonical form as follows (Please refer to [25] for details and
explanations):

£ (eeni) = {Ci1, Cig, v, Cinyy [VR1. Gig ]1, [VR2. Gizly, -, [VRk- Gik]1,
[3R;.Hj; | @ Ryi.dj1]e, [FR,.Hiz | 3 Ry.diz]eos -, [Rk- Hik | 3 Ri- dik]oos
[2m, R1-T ||=, Re-T], [Zm, Ro-T||=s, Ro-T] s o) [Zmy Rice T |[=5, Ric T],
<r, Ri.T||=s, Ri.T], [Sr, Ro. T || =5, Ro. T] oo [Sr Rie T | |=, R T],
[-D]s, [{01:---:0;)}]1} (3.1
And the two compared concepts CN; and CN, can be represented as follows:
CN, = (LI(XCNll):L,(XCle): 'L,(xCNln))
CNy = (£ (xeny ) £ (Xewy2)s o o £ (Xenm)
Where L’(xCNli) (1<i<n) and L’(xCsz) (1 £j <m) are the models
generated for the two compared concepts CN; and CN, respectively. In our
approach, each model of the first concept will be compared with every model
of the second concept, and then among the m X n results obtained for
similarity/dissimilarity, the result with the least value for dissimilarity or the
most value for similarity will be wused for computing the final
similarity/dissimilarity value between the two concepts.

Each model of a concept CN can be also regarded as a specific
interpretation or a specific subset of the interpretations of the original
description of CN. So, when we select two models from the model sets of the
two compared concepts in order to compare them with each other, in fact we
select two specific interpretations or two specific subsets of the interpretations
of the two concepts to compare them with each other. Hence, when we finally

choose the result with the least value for dissimilarity from all the results



obtained from comparing the models of the two concepts, in fact we choose
those interpretations which lead to the least value for dissimilarity of the two
concepts. We stated this fact to illustrate the relation between our proposed
computable measure and the ideal measure introduced in Section 2 since the
definition of the ideal measure shows that similarity/dissimilarity depends on
the interpretation chosen for ontologies [25].

Assume that Dissim(CN;, CN;) is the dissimilarity from CN; to CN,,
Dissim(L’ (xCNli), LI(xCNZj)) is the dissimilarity from LI(xCNli) to
L (xCNZ j) that can be shortly represented as Dissim;; which is computed using

the descriptor-specific rules of our proposed measure presented in Section 3.3,
and MHD(L’ (XCNli): L (xczvz j)) is the minimum hierarchical distance

between L (xCNli) and L (xCN2 ]-) in the ontological hierarchy after
classification that it can be shortly represented as MHD;;. Then we define
Dissim(CN;, CN,) as follows:
Dissim(CN,, CN;) = Min 1<i<n, 1<jem (Dissimij + MHD;;)  (3.2)
If CN; and CN, are from the two different ontologies 0; and O,
respectively and T(0,) and T(O,) are the roots of these two ontologies, then

MHD;; can be computed as follows:

MHD;; = [MHD(L (xcn,i), T(01) ) - MHD(E (xcn, ;). T(02) )| (3.3)
Or a more perfect computational scheme be used based on the depth or
granularity of the respective ontological hierarchies. In our research, we have
not focused on such alignment schemes and leave it with the above simple
scheme. If CN; and CN, are from the same ontologies, then MHDj; is
computed by the following equation (S is a primitive concept existing in both

compared models):

MHDy; = Min o oo, (MHD(S, CNy) - MHD(S, CN))) (3.4)

We use MHDj; in Equation (3.2) to differentiate two concepts which
cannot be adequately differentiated just by comparing their semantic
descriptions in ontologies [28]. For instance, if we have A = B = C, then the
semantic dissimilarity between A and C must be more than the dissimilarity

between A and B. But these may not be adequately differentiated by the values



computed for Dissim;;. For example, if A, B, and C are primitive concepts, we
are not able to differentiate them using the descriptor-specific rules of our
measure presented in Section 3.3. Hence, MHD complements our logic based
structural measure particularly in situations that concepts are not adequately
described in ontologies. We may also need to convert the dissimilarity to the
similarity using an equation like the one below [37] which was also introduced

in the definition of our pseudo ideal measure in Section 2 [25]:

Sim(CN;, CN,) = " Dissim’ECNl’CNz) , > 0 : pis an adjustable factor. (3.5)

In this step, we also need to specify how the various types of descriptors
from two compared models are aligned for comparison. In our approach,
descriptors which have more effect on the logical interpretation of each other
are considered for comparison with each other. In this way, primitive concepts
and negations (i.e. disjoint concepts) are considered as the first category of
descriptors to be compared with each other, the value and existential
restrictions represented as VR.G, 3R.G, and 3 R.d are considered as the
second category, and cardinality related restrictions represented as =, R. T,
<, RT, or =, RT are considered as the third category. Our proposed
measure is not able to handle the descriptors of properties (roles) such as ones
which are described as transitive, symmetric, functional, or inverse functional
properties while they may affect the logical interpretation of other types of
descriptors. Such descriptors are a part of some expressive DL-based ontology
languages such as OWL-DL, but handling them based on our introduced ideal
measure is beyond the scope of this research. We do not also claim that
descriptors from different categories do not have any effect on the logical
interpretation of each other, but we naturally want and need to reasonably
make simple the complicated problem of computing similarity/dissimilarity
between concepts. Such a categorization can be justified considering the facts
that each type of descriptors states. For instance, the value and existential
restrictions state facts about the values of properties while the cardinality
related restrictions say facts about the number of properties with the same type
that any instance of a concept can have. The alignment explained above, has
been reflected in the descriptor specific rules presented in the next section. To

explicitly say, the condition parts of those rules somewhat reflect the



aforementioned alignment and show which types of descriptors are considered
for comparison with each other.

Considering our case study, first we need to convert the concept
descriptions into their canonical form and find all the possible models of them

using the canonization rules presented in our previous research paper [25]:
L' (xcn,1) = {AB, VR.E,3R.E, 3S.d;, 3S.d,, =, R.T}
L (xcn,2) = {AD, YR.E,3R.E, 3S.dy, 3 S.d,, >, R.T}
L (xcn,3) = {A,B,D, YR.E,3R.E, 3S.dy, 35.dy, >, R.T}
L’(xCNzl) ={A,B, VR.D,vS.(DNE), 3S.(D NE), 3 R.d3, > S.T}
L (xcn,2) = {A,—A, YR.D,VS.(D N E), 35.(D NE),3 R.d3, =5 S.T} #(clash:4, —4)
L (xcny3) = {AB,—A, YR.D,VS.(D NE), 35.(D N E),3 R.ds, =5 S.T} #(clash:4, —A)

The L’(xCNZZ) and L,(xCN23) models are not satisfiable, so they are
ignored within the next step where we use the descriptor-specific rules of our
proposed measure to compare the models of the two concepts.

3.3. Application of descriptor specific dissimilarity functions

We have followed heuristic methods to invent a number of rules which
can be collectively used for estimating the pseudo ideal measure introduced in
Section 2 [25]. We justify these rules by explaining how they try to estimate
the introduced ideal measure from their particular descriptor-specific
perspectives. Considering these rules, overall dissimilarity between the two
models £ (xCNli) and £ (xCNZ j) (i.e. Dissimyj) is gradually computed by
executing the rules presented in this section that handle various types of
descriptors. o; (1< 1 <14), My, M,, B;, and B, are adjustable factors which
have been used in the equations of the rules and explained in detail at the end
of this section. Most of these rules are asymmetric relative to the two
compared models, because we want to measure the extent to which the second

model includes instances which are also included by the first model and not

. . a .
vice versa. In the equations of these rules, the value of 5 with a > 0 and

b = 0, is considered as infinite (o), the value of éib with a = o0, b = o0, and



B > 1, is considered as 0, and the value of a*b witha=oco0 andb =0, is

considered as 0.

First, let we explain the notion behind all of these rules. Essentially, each
descriptor in the semantic description of a concept makes some restrictions for
the domain instances in being instances of that concept so that some instances
can be instances of that concept and some others cannot be instances of that
concept. By using the rules presented in this step, we compare descriptors
from the descriptions of two concepts in order to determine whether a
descriptor in the description of the second concept in comparison with a
descriptor in the description of the first concept, makes the instances set
defined by the second concept more restricted than the instances set defined by
the first concept or not, and if so, how much it is more restricted. So, by
comparing two concept descriptions in this manner, we actually try to estimate
the introduced ideal measure based on logic based descriptions of concepts in
ontologies. As examples, consider the following states:

1) If there is a min-cardinality restriction like >,, R.T in the description of
the first concept and a min-cardinality restriction like >, R.T in the
description of the second concept and we have m < n, then we can deduce
that the second concept is more restricted than the first concept from the
perspective of these two descriptors and as a result, such descriptors
reduce the chance for the second concept to include more instances which
are also included by the first concept. This is also true if there is a max-
cardinality restriction like <,, R.T in the description of the first concept
and a max-cardinality restriction like <, R.T in the description of the
second concept and we have m > n. Also, if there is a min-cardinality
restriction like =, R.T in the description of one concept and a max-
cardinality restriction like <,, R.T in the description of the other concept
and we have m > n, then the two concepts cannot have any common
instance and are disjoint. Rule 10 handles such states in comparing two
role cardinality related descriptors.

2) If there is a value restriction like VR.A in the description of the first
concept and a value restriction like VR. B in the description of the second

concept and we have B C A, then we can deduce that the second concept



3)

is more restricted than the first concept from the perspective of these two
descriptors and as a result, such descriptors reduce the chance for the
second concept to include more instances which are also included by the
first concept. Rules 6, 7 and 8 handle such states in comparing two value
or existential restriction descriptors.

The states will be more complicated if we compare role restrictions with
two different roles like S and R when S = R, for examples when we
compare =, R.T and =,, S.T, or when we compare VR.A and VS. B. For
instance, if we have >, S.T and S E R, then we can logically deduce that
>, R.T, but if R=S, we cannot deduce any minimum cardinality
restriction on R considering >, S.T. Hence, when we compare >, R.T
from the description of the first concept and =, S.T from the description
of the second concept, in the first state (i.e., S E R), the two restrictions are
logically interconnected with respect to our introduced ideal measure since
we can deduce =, R.T from >, S.T, and therefore considering the fact
that >, R.T may restrict the second concept more than what =>,, R.T
restricts the first concept (i.e., if n > m), we have to compare the two
descriptors, but in the second state (i.e., R = S), since we cannot deduce
any fact about minimum cardinality of R from =, S.T, comparison
between the two descriptors cannot show whether the second concept is
more restricted than the first concept from the perspective of these two
descriptors or not, hence in the second state (i.e., R = S), the comparison
does not have to be done. This fact can also be considered in the case of
value restrictions. Because when we have VR.A and S E R, then we can
logically deduce that VS.A, but if RC S, we cannot deduce any value
restriction on S from VR. A. Rule 5 has been devised for comparing roles
with respect to subsumption relation between them. The dissimilarity
values between roles, resulted from executing Rule 5, are used in Rules 6,
7, 8,9, and 10 which handle various types of restrictions on roles and are
also able to handle the complexities exemplified above.

Each descriptor-specific rule tries to estimate the introduced ideal

measure from the perspective of some specific types of descriptors. Rule 1

compares the primitives of two models with respect to subsumption relation.



Rule 2 compares the primitives of two models with respect to disjoint relation.
Rule 3 compares the primitives of one model with disjoints of the other one.
Rule 4 compares the disjoints of two models. Rule 5 compares roles with
respect to subsumption relation. Rule 6 compares the value restrictions (i.e., V)
of two models. Rule 7 compares the value restrictions of one model with
existential restrictions (i.e., 3) of the other one. Rule 8 compares the
existential restrictions of two models. Rule 9 compares the property-value
existence restrictions (i.e., 3) of two models. Rule 10 compares the role
cardinality related restrictions (i.e., =, & <, & = ) of two models. Rule
11 compares the enumerations of two models. In order to use the rules, we
need to assign values to the adjustable factors. So, we assign the following
values to them in our case study:
=3, =l oaz3=7, a,=5as=1,0 =2, 0, =0ag =1, g = 019 = 2,
Q1 =y =03 =0 =1, 8 =05,8,=2, My =5 M, =15
The above assignment is based on our intuition and the mathematical
structure of the equations used in the rules as discussed at the end of this
section.
Rule 0 - Action: Dissim;; := 0

Considering our example: Dissim;; = 0; Dissim,; = 0; Dissimz; = 0;

Rule 1 (Subsumption between primitives)
C, € L (xcn,j)
501 =P(AC,.(C,,EC;)€E L (xCNll-)) = Dissimy; := Dissim;; + alécl

Cy,Cy: primitive , 00 =0
P(s) is the probability function.

Explanation and Justification:
!
C; is a primitive concept in the definition of the £ (xCNZ j) model. 861 is
the probability for non-existence of any primitive concept like C, in the

definition of the L,(xCNli) model that is subsumed by C; and such a

subsumption either has been explicitly stated in the ontology or can be

inferred. If the two compared concepts CN; and CN, are from the same

ontology, we have 8C1= 1 or 8C1= 0, because we can make sure of the

!
existence or non-existence of a concept like C, € L (xCNli) that C, E C; by



reasoning or considering the explicit statements of the ontology, otherwise

8C1 can be determined by experts of the two ontologies. Non-existence of any

concept like C, € [,’(xCNli) that C, E C;, can be interpreted as the less
chance for LI(xCNZ ]-) to include more instances which are also included by

L (xCNll-), and therefore we add the value of 861 o, to Dissimy; to increase the
dissimilarity between models. This rule is executed once for each primitive
concept in the definition of the second model. Considering our exemplary
ontology, we have (P(s) is the probability function):
Dissim(E, T) = Dissim(£ (xg), £ (xp)) + MHD(L (xg), £ (x1))
o, PEZET)+ MHD(E, T) =0y X 0+3=3;

Dissim(T, D) = Dissim(L’(XT), L (xp)) + MHD (L,(XT), L (xp))
a, P(TZ D)+ MHD(D, T) =ay X 1 +2=5;

Dissim(T, (D M E)) = Dissim(L (x7), £ (Xpng)) + MHD (L (x1), £ (Xpng))
— o, P(TE D) +ay P(TZE)+ MHD(T, (D ME)) =ay X 1 + 0y X 1 +3=9;
Dissim(E, D) = Dissim(L (xg), £ (xp)) + MHD(L (xg), L (xp)) =
o, P(E Z D) + MHD(E, D) =3x1+ 1 = 4;

Dissim(E, (D M E)) = Dissim(£ (xg), £ (Xp ) + MHD(L (xg), £ (Xpng))
—o, P(EE D)+, PEZE)+ MHD(E,(D NE)) =0y X 1+, X 0+1=4;
Dissim((D M E), E) = Dissim(£ (xp ng), £ (xg)) + MHD(L (Xp ng), L (Xg))
= PEEEADZE)+1l=0,x0+1=1;

Dissim,;: = Dissimy; + t4PAZ BAD Z B) =y X 1=3;

Rule 2 (disjoint primitives)

, ™
C, € L (xcn,i) ,
8. =PAC,.(C, ©—C;) € L (xcw,;)) - = Dissimy = Dissimy; + 1“_2 Z,cl
Cy,C,:primitive , 0 =0 -
P(s) is the probability function. .

Explanation and Justification:
! !
C, is a primitive concept in the definition of the £ (xCNli) model. 6 ¢ is the

probability for existence of a primitive concept like C, in the definition of the



L (xczvz j) model that is disjoint with C; . If the two compared concepts CN; and

! !
CN, are from the same ontology, we have 6 . = 1 or 6 . = 0, because we can
1 1

!
make sure of the existence or non-existence of a concept like C, € £ (xCN2 j) that

C; E —C, by reasoning or considering the explicit statements of the ontology,

!
otherwise o ¢, can be determined by experts of the two ontologies. If there is a

concept like C, € L (xc,\,2 ]-) that C; C —C,, then the two models L (xCNll-) and

!
L (xczvz j) do not have any common instance and they are disjoint, so according to

our ideal measure, the dissimilarity between them must be infinite. The same result

is accordingly yielded using this rule. If 5 € 1, then Dissim;; is infinite, and if

5 € 0, then nothing is added to the previous value of Dissim;;. Generally, we add

!
azd c . .. . .
the value of 7— to the previous value of Dissim;;. This rule is executed once
-8,

for each primitive concept in the definition of the first model.

Rule 3 (primitives & disjoints)

(C E LI(xCNli) /\ EI _D E L,(xCNZj)>

V(C € L(xen, ) AI—D € L'(xCNli)> =

C:primitive
a3

o, =0
Dissim(C, D)-MHD(C, D)’ 3

Dissim;; :== Dissimy; +
Explanation and Justification:

Considering the two models L’(xCNli) and [,’(xCN2 j) and a primitive

concept like C in the definition of one of the two models, if there is a disjoint like
a3 .
is
Dissim(C, D)—MHD(C, D)

—D in the definition of the other model, then the value of

added to the previous value of Dissim;;. The less value of Dissim(C, D) —
MHD(C, D) can be interpreted as the less chance for L (xCNZ j) to include more

!
instances which are also included by £ (xCN L L-), and therefore the more the value

which has to be added to the previous value of Dissim;;. For instance, if C is

! !
subsumed by D, then the two models £ (xCNli) and £ (xCNZ j) do not have any
common instance and they are disjoint, so according to our introduced ideal

measure, the dissimilarity between them must be infinite. The same result is



accordingly yielded using this rule. Dissim(C, D) is computed using our
descriptor specific rules. Considering Equation 3.2, we always have
Dissim(C, D) = MHD(C, D), and considering the canonical form of the
description of models shown in Equation 3.1, there is at most one concept like D
that =D € L (xCNZj) or—D € L (xCNli), so if there is a disjoint like —D in the
definition of one of the two models, for each primitive concept in the definition
of the other model, this rule must be executed once.

Rule 4 (disjoints)

3-De L (xen,i)

3-D'€ LI(xCNZj) = Dissim;; := Dissimy; + as(1 — B, Pissim®. D,))

, 0B <1, =0
Explanation and Justification

If there is a concept like D that —D € L (xCNZ j) and also a concept like
D' that —=D' € L (xCNZj), then the value of oy (1 — ,BlDiSSim(D' D')) is added

to the previous value of Dissimy;. The more value of Dissim(D, D) can be
!
interpreted as the less chance for £ (xCNZ j) to include more instances which

are also included by L’(xCN L L-), and therefore the more the value which has to

be added to the previous value of Dissim;;. Since fB; is not more than 1, the

value of a,(1— B, 1sm® D')) is at most equal to a,. Such a treatment
supports and is compatible with our introduced ideal measure because even if
D and D' are disjoint, it is still possible that the two models have instances in
common. Dissim(D, D") is computed using our descriptor specific rules.
Considering the canonical form of the description of models previously shown

in Equation 3.1, there is at most one concept like D that —D € L (xCNli) and

!
at most one concept like D’ that —D' € L (xCNZ j). Hence, this rule can be

executed once at most.
Rule 5 (roles)

Assume that Ry and Ry, are two properties (roles) from two
ontologies 0; and O, respectively. If Ry and Ry, are from the same
ontology, then we have O; = 0,. There are properties like Ry, and Ry, in the

ontological hierarchy of properties from the ontologies O; and O, respectively



that do not have any superproperty and they also subsume Ry, and Ry,
respectively  (Ry/, E Ry, Ry, ERy). 8 1, 1s the probability for
Ry, ERy,, and 8ys v is the probability for Ry, = Ry . So, we have
8r 1, t+ Oxr i, < 1. Then the semantic dissimilarity between Ry and Ry,

represented as RDissim(erl, kaz) is computed by the following rule:

Ry, Ry, € 05, Ry, ERy,

sz , Rk'z € 0,, Ry, E Ry,

ARy. (Ry, ERy) € 01, ARyp.(Ry, ERy) € Oy =
8 1w, =P(Ryr, ERyr,), 8. =P(Ry, E Ry )

fas 6k11k12+ p0(65k12k11+ 1- 8k’1k’2_

RDissim(Rys , Ry, p, 6) = oy jor, ( G 5k’2k’1)
s =1 =80, = By, + IMHD(Ry,, Ry,) — MHD(Ry,, Ry,)|
, 0 < ag <o, p=empty(p)?1:p, 0=empty(0)?1:06
, 0; =0, = |MHD(Ry,, Ry,) — MHD(Ry,, Ry,)| ® MHD(Ry,, Ry,)
MHD (R, R,7) is the minimum hierarchical distance between Ry and Ry
in the ontological hierarchy. The default value for p and 0 is 1 when they are
not provided as arguments. o5 and o are adjustable factors.
Explanation and Justification:
As it has been shown in Rules 7 and 10, the p and 6 factors can be used
as multiplier or negator of the generally determined og and as factors

respectively if needed. As it is clear, the two factors as and ag can make
RDissim(kal, erz) asymmetric relative to Rys and Ry, . Only if a5 = a6, and
0 = p, then RDissim(erl, kaz) is symmetric. The less the probability for
Ry, E Ryr,or the less the probability for Ry, = Ry, the more the
dissimilarity between Ry and Ry, is and if these probabilities tend to 0, then
RDissim(kal, erz) tends to infinite (0). The dissimilarity between two
properties have to be infinite if none of them subsumes the other. The effect
and role of this rule is illustrated where we present the rules which handle the

restrictions on properties (roles). So, this rule supports and is compatible with

our introduced ideal measure. If Rys and Ry, are from the same ontology,
then there are only three possible states: (8 /,= 0 and &y v = 0) or

Oy ,k,= 1 and 8y s = 0) or (8 yr,= 0 and &ys v = 1), because we can



make sure of the correctness or incorrectness of Ry = Rys, or Ry, & Ry by
reasoning or considering the explicit statements in the ontology, otherwise

8yr 1, and 8y ys, can be determined by experts of the two ontologies.

S/, k', = 1 = 87 1, = 0 = RDissim(Ry/,, Ry,) = 8as|MHD(Ry,Ryr.) — MHD(Ry,, Ry )|

01=02
= RDissim(Ry', Ryr,) = 6asMHD(Ry/,, Ry,)

8y 1/, = 1 = 8y 1v,= 0 = RDissim(Ryr , Rys,) = pag|MHD(Ry,, Ryr,) — MHD(Ry,, Ry )|

01=02
= RDissim(Ry,, Ry,) = pagMHD(Ry_, Ry’ )

Ry, =Ry, = RDissim(erl, erz) =0.
Considering our example, we have:
RDissim(R, R) =0;

RDissim(R, S) = agMHD(R,S) =2 x 1 =2;
RDissim(S, R) =asMHD(R,S)=1x1=1;
Rule 6 (value restrictions V)

’
VRk. Gik e L (xCNli) © 6 h
Dissim(Giy, k!

!
A(VRy. Gy € £ (xCsz)) = Dissimy; := Dissim;; + a5 DR Ry)

, 05, , 1<pB,
Explanation and Justification:

Considering the canonical form of the description of models previously

shown in Equation 3.1, for each property like Ry, there is at most one restriction
like VRy. Gj in the description of the L’(xCNli) model and for each property like

Ry, there is at most one restriction like VRys. Gy in the description of the

L (xCNZ j) model. If the L (xCNli) model does not have any V-type statement for a
property like R, we add one to the description of that model as follows: VR. A (A
represents the range of the property R). This is done to make possible effective

comparison between the two models from the perspective of all V-type statements
in the definition of the £ (xCNZ j) model that make it more restricted than the
L’(xCNli) model. According to the above rule, if there is a restriction like
VRy. Gy in the description of the LI(xCNZ j) model, for each restriction like

VRy. Gijx in the description of the L (xCNli) model, we have to add the value of



Dissim(Gix, ij’)

o to the previous value of Dissim;;. The more value of

BZRDissim(Rk, Ry/)
Dissim(Gyy, Gje) if we have RDissim (Rk, ka) # oo, can be interpreted as the
less chance for £ (xCNZ j) to include more instances which are also included by
L (xCNli), and therefore the more the value which has to be added to the previous
value of Dissimy;. For instance, If CN; and CN, are from the same ontology, Giy
and Gy are disjoint (i.e. Dissim(Gjx, Gje) = o), and RDissim (Rk, er) # 00,
then the two models £ (xCNli) and L (xczvz j) do not have any common instance
and they are disjoint. The same result is accordingly yielded using this rule.

Dissim(Gj, Gj) is computed using our descriptor specific rules. Considering

our example, we have:

Dissim(E, D) Dissim(T, (D NE)) , Dissim(E, (D NE))

Dissimy;: = Dissimy; + ay ( _RDissIm(R, R) 5, RDissIm(S, S) 5, RIS (R, 5) +
Dissim(T, D)
ﬁRDissim(S, R) 0+1X(_+_ _+_)_165

Dissim(E, D) Dissim(T, (D NE)) , Dissim(E, (D NE))

Dissim,,: = Dissim,; + o ( _RDissT(®, R 5, RDIsS(S, 5) 5, FDISSIM®, 5 +
Dissim(T, D)
5, RDTsSIm (S, D) =3+ 1% (_+_ _+_)— 19.5;

Rule 7 (value and existential restrictions V & 3)
!
VRk. Gik € L (xCNli)

H(HRk’. ij’) eEL ('xCsz) =
Dissim(Gix, Hjr)
3R, Hyyr €L (Xen, ) 'BZRDissim(er, Ry, )
, 05ag, 1<p,
Explanation and Justification:

Dissim;; := Dissim;; + agMax(

Considering the canonical form of the description of models previously

shown in Equation 3.1, for each property like Ry, there is at most one
restriction like VRy. Gy in the description of the L (xCNli) model and if there

!
is a restriction like IRy Hys in the description of the £ (xCNZ j) model, then

according to this rule, we have to add the maximum value among the values of

agDissim(Gije ij,)

. !
BZRDissim(Rk" P for all restrictions like EIer.H]-k/ EL(xCNZ j), to the

previous value of Dissimy;. If RDissim ( er, Rk, 00) # oo, the more value of



!
Dissim(Gik' H]-kr) can be interpreted as the less chance for £ (xCNZ]-) to

include more instances which are also included by L (xc N 1L~), and therefore the
more the value which has to be added to the previous value of Dissim;j, but if
the probability for R = Ry is not 0, then RDissim( Ry/, Ry, ©0) is infinite

agDissim(Gi, Hyyr)

(0), and the value of ) is considered as 0. Such a treatment

BZRDissim(Rk,, Ry,
supports and is compatible with our ideal measure, because if Ry = R;/, the
two restrictions VRy. Gy and 3Rys. Hjr are not logically interconnected with
respect to the introduced ideal measure and therefore they do not have to be
compared, for instance even if Hj and Gy are disjoint, it is still possible that
the two models have instances in common from the perspective of these two
restrictions, but in the case that Rys = Ry, if Hye and Gy are disjoint, then
the two models do not have any common instance. Dissim(Gik, ijr) is

computed using our descriptor specific rules, and RDissim(Rys, Ry, ) is

computed using Rule 5. For each restriction like VRy. Gy € L’(xCNli), this

rule is executed once. Considering our example, we have:
Dissim(E, (D NE))
ﬁZRDissim(S, R, o)

Dissim(E, (D NE))
RDissim(S, R, o0)
B

Dissim;4: = Dissim;; + agMax( )=16.5+ 0(8(;1) =18.5;

Dissim,;: = Dissim,; + agMax( )=19.5+ 0(8(%) =21.5;
Rule 8 (existential restrictions 3)

IRy Hix € £ (xcn,1)

EI(EIer.ijr) € L,(xCsz) = Dissimy; := Dissim;; + ao(1 — B4 Fl)
RDissim(Ry, Ryr) # oo

Dissim(Hiy, H].k,)

cAEAM E'Rk"ij’)EL,(xCsz)(I;ZRDiSSim(Rk'Rk’)

)

m(Ele-Hik)EL’(xczvli) (Max(
M1 l_f ﬂ(EIRk Hlk) (S L (xCNli) and H(HRk’ H]k') (S L (xCNZj)
, 0< a9, 0B, <1,1< By, My: an adjustable factor with a relatively big value

Explanation and Justification

!
If there are restrictions like 3Ry. H;y in the description of the £ (xCNli)

model and there are restrictions like 3Rys.Hye in the description of the

!
L (xCNZ j) model, then according to this rule, we have to find the minimum



1A
value as F;, for all restrictions like IRy.Hjy € L(xCNli), among the
Dissim(Hik, ij’)

maximum values of —————=
32 RD1551m(Rk, Rk')

for all restrictions like IRy Hyr €

L,(XCNZj) with RDissim(Ry, Rys) # o, and then add the value of

ag(1— B Fl) to the previous value of Dissimy;. If there is not any restriction
!
like 3Ry. Hjy in the description of the £ (xCNli) model, but there are some in

the description of the LI(xCNZ j) model, then F; = M;. M; is an adjustable
factor which can be a relatively big number. Since 0 < ; < 1, we have 0
< 0(9(1 - b1 Fl) < ag. The value of 0(9(1 - b1 Fl) is at most equal to aq
when F; is infinite (), so there is an upper limit for the value which may be
added to Dissim;; by the action of this rule. Such a treatment is necessary

Dissim(Hik, ij/)

because the high values for can not be directly considered as a

ﬁZRDissim(Rk,Rk,)
!
criterion for determining the extent to which the £ (xczvz j) model includes

!
instances which are also included by the £ (xCNli) model. For instance, even
if the values of Dissim(Hik, ij,) for all restrictions like IRy.Hjx €
! !
L (xCNli) and 3Ry Hyr € L (xCNZ j) are infinite, then it is still possible that
the two models have instances in common. Dissim(Hik, ijr) is computed

using our descriptor specific rules and RDissim(Ry, Rys) is computed using

Rule 5. This rule is executed once at most. Considering our example, we have:

Dissim(E, (D NE)) _ Dissim(E, (DNE)) 4

RDissim(R, S) 2
B2 2

K

Dissimy;: = Dissimy; + ag(1 — By ) = 18.5+2 (1 - (5)}) = 19.5;
Dissim,y: = Dissimg; + ag(1 — By ™) =21.5+2 (1 - (5)) = 22.5;

Rule 9 (property-value existence restriction 3)
) Rk-dl €L (xCNli)

3 Ry.dy € L’(xCsz) = Dissim;; := Dissim;; + a30(1 — B4 FZ)

[{dy| 3 Ry.dy € L (xcn,;)}—{dil 3 Ry.dy € £ (xcn,i)}
B, RDissim(R,s, Rk)

,0<a, 0SB <1, 1<pB,

FZZ

k K



Explanation and Justification:

If for any pair of properties like (Ry, Ryr) with RDissim(Rys, Ry) # oo,
there is an instance like dys for which the 3 Rys. dys restriction exists in the
description of the second model, but there is not any restriction like 3 Ry.dy
in the description of the first model, then this can be interpreted as the less

!
chance for £ (xczvz ]-) to include more instances which are also included by

!
L (xCNli) from the perspective of these two restrictions, and therefore the

more the value which has to be added to the previous value of Dissim;;. Such
an interpretation can be realized by subtracting the {d;| 3 Ry.d; € L (xCNli)}

set from the {dy| 3 R.dy € LI(xCNZ j)} set in the equation given for F,.

This rule is executed once. Considering our example, we have:

F, = M- (hd)l ! —= 025;

5, RDISSIM(R, S) — 5 RDIssIm(R, 5) =
Dissimyy: = Dissimyy + ayo(1 — By ) =19.5 +2 (1 - (5)%2) = 19.82;
Dissimyy: = Dissimy; + ago(1— By ) =22.5+2 (1 - (5)°%%) = 22.82;

Rule 10 (Cardinality related Restrictions =, & <, & =)

This rule handles the expressivity of cardinality related restrictions in
estimating our introduced ideal measure. First, we unfold the existing exact

cardinality restrictions (=5, Ry.T) to their equivalent minimum and maximum

cardinality restrictions (=5, Ri.T & < Ry.T). Also, if for a property like

Sk

Ry, there are not restrictions like =, Ry.T or <, Ry.T in the description of

the £ (xCNli) model, we respectively add the restrictions =y Ry.T or
<m, Ri.T to that model to make possible effective comparison between the
two models. M, is an adjustable factor bigger than all of 7 which have been

used for defining the restrictions like Srjk' Ry.T in the description of
L (xCNZ j). In fact, M, is used as a replacement for infinite (o).
=op Rie T € L (xenyi) = £ (xewyi) = £ (Xewyi) U {25y RieTr gy Riee T}
= R T € L' (xeny;) = £ (xenyi) =L (xeny;) U (25, R T) <5, R T)

if (2, R T) € L’(xCNli) = L’(xCNli) :ﬁl(xczvli) U{=o Rx.T}

M; > Max yrew (i), W=1k'| Sr]_k, Rp.T € L (xCsz)}» M, : an adjustable factor



iFA(<r, RieT) € £ (xenyi) = £ (xenyi) = £ (Xenyi) U {Sm, Rie- T}
Then, the following equations are used for computing the value which
has to be added to the previous value of Dissimy;:
Dissimy; := Dissim;; + 11 Xk, ke, Zl(k, k') + a2 Xk, kDes, Zz(k, k') +
a3( T wyes; Z3(kk) + Tao wyes, Za(kk) + Tgo wyess Zs(kk) +
Yk wessZo(kk) B wes, Zr(kk) + Tk wes, Zo(kk) +
Xk, ke S, Zo(k, k,) )

, 00y, 00y, 03, 1<p,

SP(mjk/ , mik)

, Z1(k k') =(
B

RDissim( R, s, Ry, oo
2 ( k/* Tk )
SP(Tik , Tjk’)
RDissim( Ry,, R, , o
> ( ko Fk! )

’ ZZ (k' k,) = (
g
. Z3(k k') = RSP (my, 750, RDissim(Ry, Ry, o0, 0))
. Z4(c, k') = RSP (myy, 7y, RDissim(Ryg, Ry, o0, 0))
. Zs(k k') = RSP (mik, Si, RDissim(Ry, Ry, oo, 0))

, Zo(k k') = RSP (s, 7, RDissim(Ry, Ry, oo, 0))

(5
. Z;(k, k') = RSP (si, 1, RDissim(Ry, R, o, 0))
. Zs(k k') = RSP (m,.k,, ik, RDissim(Ry, Ry, o, 0))
. Zs( k') = RSP (sy, j, RDissim(R, Ry, o, 0)) + RSP (s, sy RDissim(R, Ry, 0, 0))

, SP(a,b)=< a-b if a=b ,RSP(a, b, q)= ifa>b

Q|

0 if a<b 0 ifa<bhb
,S1=1{k, K)[3I(=Zm, R.T) E L (xCNli)s E(ijk, Rp.T)e L (XCsz)}
LSy ={(k, K)[3(Spy R T) € L (xcw,0)- EI(Srik, Ry.T) € £ (xcn,j)}

S5 = {0 KD [3Emy RieT) € L (xew,0): 3(r, R T) € £ (e, )}
 Sa={l K)[3(Sry R € L (xen,1): 3@m, RieeT) € £ (e, )}
S5 = {0k KD |3y RieT) € £ (xewi) 3(=s, Rie-T) € £ (e, )}
 Se =10k K |3(Spy RieT) € £ (xew,): 3(=s,y Rie-T) € £ (Xew, )}
 S7=1(k K |3(=5 RiT) € L (xcw,)s 3(Sry Rie T € £ (Xen, )}
 So = {0k KD 3(=g RieT) € L (¥cw0)- Iy, Rie-T) € £ (e, )}

,So=1{(k, k) |3(=s, R.T)E L (xCNli)a 3(=s].k, Ry.T) €L (xCsz)}



Explanation and Justification:

Considering Rule 5, if the probability for Ry = Rys is not 0, then
RDissim(Ry/, Ry, o) is infinite («), and if the probability for Ry E Ry is 1,
then RDissim(Rys, Ry, o, 0) is 0. Such a treatment supports and is
compatible with our ideal measure, for example, in the case of Ry = Ry, the
min-cardinality restrictions defined over the two properties Ry and R, are not
logically interconnected with respect to the introduced ideal measure and

therefore nothing is added to the previous value of Dissimy as

SP(mjk/ , mik)

RDissim(R,;, Ry, o) is infinite and as a result the value of —
ﬁzRDlSSlm( Rk" Ry, oo)

is 0, but in the case of Ry E Ry, the two min-cardinality restrictions are

logically interconnected and therefore they have to be compared.
If >, ReTE€ L(xcy,;) and 2 Rio. T € L (xcw,j), then if

mye = mye , we have SP(myr, my) = mye — my and if mye > myr, we

0(11(‘"7-]'](’ - Mjk)

BZRDiSSim(Rk” Ry, oo)

have SP(my, my) = 0. In the first case, the value of is
added to the previous value of Dissim;; considering the given equation for
Z1(k k'), but in the second case, nothing is added to Dissim;;. Such a
treatment supports and is compatible with our ideal measure, because if
Dissim(Rys, Ry, @) # oo, then in the first case the second model (i.e.
! !
L (xCNZ j)) is more restricted than the first one (i.e. £ (xCNli)) from the
perspective of the minimum cardinality restrictions (=) defined over the two
properties Ry and Ry, and this can be interpreted as the less chance for the

L (xCNZ j) model to include more instances which are also included by

!
L (xCNli), and therefore the more the value which has to be added to the
previous value of Dissim;;. But, in the case that the first model is more
restricted than the second one i.e. my, > my, since our dissimilarity measure

has to compute the extent to which the second concept is more restricted than
the first concept and not vice versa, nothing is added to the previous value of
Dissim;;. The explanation and justification for the function Z, (k, k") is similar

to the explanation given above for the function Z; (k, k").



The functions Z3(k K'), ... , Zo(k K') investigate whether the two
models are disjoint or not considering the role cardinality restrictions, and if

they are disjoint, Dissim;; is set as infinite. For instance, if =, Rx.T €

! !
L (xCNli) and Srjk, Rpy.T€E L (xCNZj), then if my > rye , we have

’ P 1
Zs(k k') = RSP (mik, Ty, RDissim(Ry, Ry, oo, 0))= oL R e gy And

if the probability for R E Ry is 1, and therefore RDissim(Ry, Rys, o, 0) =
0, then Z3(k k') and therefore Dissim;; are infinite considering the given
equations for them, because in these conditions, the two models do not have
any common instance. Hence, such a treatment is also compatible with our
introduced ideal measure and supports it. This rule is executed for all pairs of
properties like (Ry, Rys) over which cardinality related restrictions have been

defined. Considering our example, we have:

0(1151:’(5, 1) 0(115P(5, 0)

L. NG 1x(5-1)
Dissimy;: = Dissimy4 + 5, RDISSIN(S, R, 0) + 5, RDISSI(S, S, o)

=205+— +
21

# = 19.82 + + == 26.82;
Dissimy;: = Dissimy; + 5 g]él)}sssl:n(‘ls(é. ;) = T ) g]];;-sssli)lgls(s', Os) o) — 22 + ! XS_D +
2 2
IXOD - 2282+ 2 +2= 2982,
2 2 1
Rule 11 (Enumerations)
3 A - {01,. ..,On} € L (xCNli)
IB={0"y,...,0'y}E L’(xCsz) = Dissimy; := Dissim;; +
|AUB| , |A-BI,.
a14(|AnB| |A| ):

, 0=y,

We also have: Dissimz;= Dissim;;, and considering Equation (3.4),
IMHD(4, CN;) - MHD(4, CN,)| = |3 — 2| = 1 < MHD(B, CN,) - MHD(B, CN,)| =
4 - 2] = 2 = MHD;; = 1; (1<i<3, 1<j<1), So we have:
Dissim(CN;, CN;) = Min 1<i<3, 1<j<1 (Dissim;j + MHD;j) = 27.82;

Considering the rules presented in this section, it is clear that each rule is
executable, applicable and computable as we have used it for computing the
similarity/dissimilarity between the two example concepts. The similarity
values resulted from applying the proposed measure can be interpreted as the
extent to which the second concept includes instances which are also included

by the first concept, because the proposed measure tries to estimate the



introduced ideal measure in computing the similarity/dissimilarity between
concepts. In fact, these descriptor specific rules tries to estimate the DD part of
the ideal measure (i.e. Equation 2.1) that means Dissim;; (which is computed
by the rules) tries to estimate DD(CN;, CN;) defined in Equation 2.1.

The probability parameters (i.e. 801 , 5 ¢,» S,k',» and 8y, k’,) used in
defining our measure are determined by domain experts if and only if the two
compared concepts are from different ontologies. The experts only need to
determine these parameters for roles and primitive concepts of the two
ontologies and not for complex concepts. Hence, although our method for
computing the similarity/dissimilarity between two concepts from different
ontologies is semi-automatic but it makes simpler such a complex problem.

The domain experts also need to determine the adjustable factors used in
the equations of the rules (i.e. o (1< i <14), My, M,, B4, B,, and p).
Considering the rules, clearly a;s are just linear multiplier factors which
increase or reduce the effect of various dissimilarity functions used in the
rules. There is no any upper limit for the values of a; (1< i <14) since a;s are
linearly used in computing Dissim;; and there is not any upper limit for the
values of Dissim;;. Because Dissim;; is ranged from zero (0) to infinite (o)
contrary to Sim(CN;, CN,) which is ranged from 0 to 1. By using o;s, the
experts can control the effect of various types of descriptors on the finally
computed dissimilarity value. For instance by using a- factor, the experts can
increase or reduce the effect of property value restrictions on the finally
computed dissimilarity value.

B is an adjustable factor used in Rules 4, 8, and 9. Considering these
rules and the fact that 0 < ; < 1, it is clear that ; has always been used in
the form of aj(1 — B4 F) (G=4, 9, 10) when the value of the descriptor specific
function (i.e. F) does not have to directly affect the computed dissimilarity
value, because we have heuristically recognized the need for such a
mechanism in the cases reflected in Rules 4, 8, and 9 in order to correctly
estimate the introduced ideal similarity metric. So, ; can be used for
adjusting this mechanism used in Rules 4, 8, and 9.

B, is an adjustable factor used in all the rules handling the property (role)

restrictions (i.e., Rules 6, 7, 8, 9, and 10). Considering these rules and the fact



that 1 < f3,, it is clear that B, has always been used in the form of

1

m to control the effect of roles dissimilarity value on the value of
the corresponding descriptor specific functions. For instance, when 5, = 1, the
roles dissimilarity value does not affect the value of the corresponding
function, but by increasing the value of f,, the roles dissimilarity value
inversely affects the value of the corresponding function.

M; and M, are adjustable factors with a relatively big value used in
Rules 8 and 10 for the cases in which a specific type of property restriction
does not exist in the description of one of the two compared models but it
exists in the description of the other model. So, by using the adjustable factors
M; and M,, a balance between the two compared model descriptions is
established that leads to an effective comparison.

Discussion and Comparison with other Approaches

In our previous research work [25], we extended the previously proposed
theories for logic based matching of web services that were based on simple
subsumption reasoning. We proposed an ideal semantic similarity metric to extend
simple subsumption based similarity metrics in order to include the states in which
the two compared concepts overlap but none of them subsumes the other. The
introduced ideal metric is more perfect than simple subsumption based ones to be
used in the field of web service retrieval since it can increase the recall-based
performance of the web service matchmakers which utilize semantic similarity
measures for web services matching and composition [25]. But since the
introduced ideal measure is not generally actually computable, we heuristically
invented a number of computable rules presented in Section 3 in this paper, which
collectively try to estimate the ideal measure based on OWL descriptions of
concepts in ontologies. Hence, by presenting our proposed measure as a set of
computable and applicable rules, we actually demonstrated that it is possible to
compute the similarity/dissimilarity between concepts based on the ideal metric

introduced in Section 2 [25].

However as discussed in [25], there are two important dimensions along
which the conditions can be changed for semantic similarity measurement:

1) DL Expressivity Usage that is the complexity of concept definitions in

ontologies or in other words, how much the expressivity of description logics has



been used for defining or describing concepts in ontologies. As logic based
similarity measures compute the similarity between concepts by handling the
expressivity of DLs to an extent, ontologies with proper DL Expressivity Usage
are needed for fair and complete evaluation of such measures.

2) Proportion of Overlapped Concepts that is the extent to which there
are pairs of concepts in ontologies that overlap but none of them subsumes the
other. Generally, when we compare two concepts, there are three possible
situations: 1) The two concepts are disjoint i.e., the intersection of them is not
satisfiable, 2) One of the two concepts subsumes the other, and 3) The two
concepts overlap i.e., the intersection of them is satisfiable but none of them
subsumes the other. Considering all pairs of concepts in ontologies, it seems for
many of existing ontologies, the proportion of concept pairs belonging to the third
category is much less than the proportion of concept pairs belonging to the first
and second categories. As some logic based similarity metrics, might measure the
similarity/dissimilarity between two concepts based on the extent to which the two
concepts overlap, concept pairs from the third category are also needed for fair
and complete evaluation of those similarity measures.

Our proposed measure is able to handle the expressivity of DL based
ontology languages to a considerable extent. However, the reliability and
performance of logic based similarity measures including our proposed measure
depends on the “DL Expressivity Usage” of the ontologies in which the compared
concepts have been defined and described. So, if concepts are poorly described in
ontologies without an effective usage of the expressivity of description logics,
using a sophisticated logic based similarity measure like our proposed measure,
does not lead to a good performance. On the other hand, since the ability of our
proposed measure in handling the expressivity of description logics is limited, if
concepts are described in ontologies with a high usage of the expressivity of
description logics beyond the scope of the DL Expressivity Usage which can be
handled by our measure, then using our proposed measure does not also lead to a
good performance. Anyway, using our proposed measure in the scope of the DL
Expressivity Usage which can be handled by it (reflected in the rules presented in
Section 3) can lead to a good performance. It should be also mentioned that it
seems many of the real ontologies are simple and most of the semantic constructs

of highly expressive ontology languages such as OWL, have not been used for



building them. Hence, using sophisticated similarity/dissimilarity measures such
as one presented in this paper on the ground of such simple ontologies does not
intuitively theoretically make any significant difference in comparison with
simple measures. It also seems the Proportion of Overlapped Concepts in many of
existing ontologies is low. So, using our proposed similarity/dissimilarity measure
on the ground of those ontologies does not intuitively theoretically make any
significant difference in comparison with simple subsumption based measures
since one important facet of our proposed measure is its ability to compute the
extent to which two concepts overlap even if none of them subsumes the other.

As demonstrated in our previous research paper [25], the quality (i.e.
effectiveness) of DL-based similarity measures which are used in the field web
services retrieval can be evaluated by answering the questions about how well
they are able to precisely estimate the introduced ideal similarity metric [25]. In
Section 3, we have presented the descriptor specific rules of our proposed measure
that try to estimate the introduced ideal measure from their particular descriptor-
specific perspectives. In fact, the most important difference between our proposed
measure and the most of other DL-based measures, which are able to handle the
expressivity of DL-based ontology languages to an extent, is that they do not try
to directly estimate the ideal similarity metric introduced in Section 2 [25]. Our
proposed DL based measure can be compared with other DL based measures
proposed in the literature in order to investigate how well it is able to estimate the
ideal measure relative to other ones, although some of the proposed measures may
not try to estimate the ideal similarity metric at all.

The authors in [28], present a DL-based approach for semantic matching of
web services. It seems their proposed DL-based measure, represented as a pseudo
code, tries to estimate the introduced ideal similarity metric although they have
not exactly specified the semantics of similarity (values) in their research paper.
Their proposed measure is not also as flexible and precise as our measure. They
represent their similarity/dissimilarity measure in the form of a pseudo code but
we have chosen a rule based representation that makes our measure more flexible,
extensible, and understandable considering the facts that our measure is
essentially much more sophisticated than theirs and we have used a number of
adjustable factors which makes our measure more flexible. While their measure

considers the restrictions defined on the cardinality of properties, but it handles



them inadequately just by adding constant values (i.e. 1) to the overall distance
between two concepts when there is difference between the two compared
descriptors in the semantic description of the two concepts. On the other hand,
their measure has not been devised in a way to precisely estimate the introduced
ideal measure. For instance, if there are restrictions like >,, R.T and <, R.T in
the semantic description of two compared concepts respectively and we have
m > n , then the two concepts are disjoint and cannot have any common instance,
and therefore their dissimilarity (or distance as used in [28]) must be infinite (o)
according to our introduced ideal measure, but their measure is not able to
recognize this state while our proposed measure is able to recognize this state
(rule (10) in section 3.3) and some other important similar states. At least the
measure proposed in [28] leaves the disjoint states to be recognized by the
underlying reasoner although the underlying reasoner may not be able to
recognize many of such states. Their proposed measure also handles the value and
existential restrictions simply by increasing the distance of the two compared
concepts by the value computed for the distance between the two restricting
concepts, while our measure is able to handle such descriptors much more
precisely in order to estimate the introduced ideal measure (rules (6), (7), and (8)
in Section 3.3).

Some of the proposed DL based approaches, such as ones presented in [11]
and [12], may handle value and existential restrictions or cardinality related
restrictions, but they take a network-based approach to compute the similarity of
roles (R and S) within a hierarchy that is defined as ratio between the shortest path
from R to S and the maximum path within the graph representation of the role
hierarchy where the universal role U (U = A’ x A') forms the graph's root. Such
a similarity measure for roles cannot specify whether one of the two roles
subsumes the other or not, while answering this question is the basis of our
measure for the similarity of roles and then the similarity of complex concepts
which are partly defined by placing restrictions on the cardinality or values of
those roles and as presented in Section 3.3, such a treatment with respect to the
roles is necessary for estimating the introduced ideal measure where role

restrictions are compared with each other.



Finally, most of the proposed DL-based similarity/dissimilarity measures
contrary to our proposed measure are not able to compute the
similarity/dissimilarity between concepts from different ontologies.

Conclusion and future work

Our research work can be considered as some preliminary efforts in handling
the expressivity of DL-based ontology languages for computing the similarity
between concepts in the field of web service retrieval. So, we hope that besides
the ongoing efforts for building more sophisticated and precise ontologies, such
efforts be also continued to lead to more sophisticated semantic similarity
measures which can be used in various areas including the field of web service
retrieval. However, our proposed measure opens the way for ontology engineers
to build sophisticated ontologies with high DL Expressivity Usage and high
Proportion of Overlapped Concepts to be used in sophisticated service oriented
applications. Because such sophisticated ontologies need to be handled based on
the introduced ideal similarity metric so that they can be completely useful in
service oriented applications and there is a relatively sophisticated similarity
measure like our proposed measure which tries to estimate that ideal metric as
precise as possible based on OWL descriptions of concepts in those ontologies.

Our proposed measure is not able to handle the descriptors of roles
(properties) such as ones which are described as transitive, symmetric, functional,
or inverse functional properties that may affect the logical interpretation of the
other types of descriptors. Such descriptors are a part of some highly expressive
DL-based ontology languages such as OWL, but handling them based on the
introduced ideal measure was beyond the scope of this research and it is left to
future works. It should be also mentioned that handling the expressivity of more
expressive ontology languages such as OWL 2 is also desired which can be
addressed by future works.

It is also needed to find a suitable solution to the problem of matching the
semantic descriptions of web services in which our similarity/dissimilarity
measure has to be used as a fundamental operation. Finally, another important
issue is the efficiency of software system which implements such sophisticated
similarity measures and uses them for semantic matching of web services. The

efficiency considerations are also left to future works.
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