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ABSTRACT In recent years, the number of domain ontologies on the Internet has been steadily increasing.
Many ontologies describe overlapping universes of discourse in various ways, therefore, the need for an
efficient ontology alignment method is required. Currently, there are many solutions for this problem.
However, the only known way to evaluate their output is to confront it with some pre-prepared reference
alignment, therefore making it impossible to incorporate in real-world applications where no reference
alignment is given. This paper presents some innovative methods of evaluating ontology alignments which
allows assessing their quality without the aforementioned reference alignment. The main contribution are
formal foundations of such methods, algorithms developed based on those foundations, and an experimental
verification of their usefulness.

INDEX TERMS Knowledge-based systems, knowledge management, ontology alignment.

I. INTRODUCTION
In recent years, the number of domain ontologies has been
steadily increasing. It is caused by the fact that they provide
a convenient and expressive way of describing some universe
of discourse. Their foundation is a set of well-defined con-
cepts, which represent classes of objects from the real world,
along with relationships that occur between them. Addition-
ally, class descriptions can be enriched with definitions of
their instances, which represents specific materializations of
classes. Such freedom in expressing some assumed domain
entails the high level of heterogeneity between independently
developed ontologies.

When communication of two independently developed
information systems that utilize ontologies is expected, some
kind of a bridge between them is obviously required. This task
can be described as designating which elements of ontologies
express the same parts of a modeled universe of discourse to
eventually create a set of mappings between ontologies. In the
literature, this task is called ontology alignment.

One of the examples of practical appearances of this
issue is providing communication between two medical sys-
tems which utilize different ontologies within their knowl-
edge bases ([1]). It is not uncommon that systems operating
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different therapeutic devices (e.g. MRI or CT) incorporate
different clinical healthcare terminologies (e.g. SNOMED-
CT or ICD10). Asserting their interoperability requires to
identify which parts of these terminologies refer to the same
concepts in the real world. In other words - an unequivo-
cal communication between two such systems must be pre-
ceded by designating a mapping between contents of utilized
ontologies ([16]).

As easy to expect, many systems offering ontology align-
ment. Their number and diversity naturally entail a neces-
sity of comparing ontology mappings they generate to judge
which is better. The most common way of performing such a
comparison is using an approach developed by the Ontology
Alignment Evaluation Initiative ([6]). It is based on a bench-
mark dataset, which contains a large number of ontologies
along with prepared, reference alignments between them.
An alignment provided by some system is confronted with
such reference alignment, by calculating values of Precision,
Recall, and F-measure. In consequence, deciding about its
quality is made possible.

The described procedure is very straightforward and con-
venient. However, it has two disadvantages. First, it requires
that for every pair of ontologies in the dataset their reference
alignment needs to be prepared before any evaluation can
take place. This task may be very difficult and cumbersome.
Secondly, the requirement of such pre-prepared reference
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alignment makes the evaluation impossible when two
production-ready ontologies need to be mapped. In such a
case it is obvious that no reference alignment is available.
Thus, there is no way to judge the quality of the designated
alignment.

The described situation may be very problematic in the
context of the aforementioned communication of medical
systems. Imagine that in some hospital, two medical health-
care systems operate. Due to new business requirements,
an exchange of information about patients must be provided.
One of the steps in implementing the solution for the given
requirements involves utilizing some ontology alignment
methods. However, if the obtained results are different from
one another, how a system architect should decide which
alignment is the best? Obviously, there is no pre-existing ref-
erence alignment to compare to. Moreover, if such reference
alignment there would be no need to create new ones.

Therefore, we believe that there is a necessity of creating
alternative methods of assessing the ontology alignments
quality without any reference alignment. They could be used
to support deciding which of two or more competing align-
ments of two real-world ontologies should be deployed in
a production environment. Moreover, the proposed methods
should be based only on information available in aligned
ontologies. In this paper, we address this issue, by developing
some innovative methods of evaluating ontology alignments,
which allow comparing them without the flaws of the previ-
ous approaches to this task. At first, we identified that the
alignments of two ontologies usually contain mappings of
concepts and instances. Thus, in our research, we focused on
these two elements available in ontologies.

Both concepts and instances are characterized by the con-
cepts’ taxonomy. Obviously, the deeper a concept is placed
within a hierarchy, the more detailed knowledge it and its
instances express. Beginning with the most general classes
that categorize entities at a high level of abstraction, more
and more complications may appear as classes go deeper into
ontology. This remark was a foundation of our research on
assessing ontology mappings. We claim that the mappings
of classes located lower in the hierarchy are more important
than mappings of more general classes that represent less
detailed knowledge. Such specific alignments represent more
precisely the interoperability potential of two ontologies.

The second factor that influences concepts and instances is
the way they are related to other concepts and other instances.
The purpose of mapping ontologies is merging knowledge
bases of related fields, therefore, it can be expected that simi-
lar subtrees of ontologies will be repeated within two ontolo-
gies that are aligned. When the ontology alignment includes
mappings of classes placed in the same subtree of taxonomy
it is more likely that such alignment can score high values of
accuracy and high if confronted with a reference alignment.
From a user perspective, a smaller, more focused alignment
can bemore valuable than a large set of mappings of unrelated
classes taken from the entire ontologies. Therefore, we claim
that a set of mappings of closely related concepts with a high

level of continuity between them are more important than
mappings of classes dispersed throughout whole ontologies.

The presented observations allowed us to formulate the
fourmain ResearchGoals that are eventually addressed in this
article. Let’s assume that Õ is a finite set of ontologies, and
A represents some alignment between two ontologies (which
is a set of correspondences between two elements from these
two ontologies) taken from Õ. Then the Research Goals can
be defined as follows:

1) To develop a function λD : Õ× Õ× Ã→ R+ that can
be used as a criterion of assessing ontology mappings
on the level of concepts based the depth of the mapped
classes.

2) To develop a function λC : Õ × Õ × Ã→ N, that can
be used as a criterion of assessing ontology mappings
on the level of concepts based the continuity of mapped
classes.

3) To develop a function σD : Õ×Õ×Ã→ R+ that can be
used as a criterion of assessing ontology mappings on
the level of instances based on the depth of their classes.

4) To develop a function σC : Õ × Õ × Ã→ N than can
be used as a criterion of assessing ontology mappings
on the level of concepts based the continuity of their
classes.

The above functions can be treated as novel methods
for assessing the quality of ontology alignment based on
the content of mapped ontologies and independent from
the aforementioned pre-prepared reference alignments. These
methods are the main contribution of this article, which
is organized as follows. In Section II a state-of-the-art in
the considered field is given. Section III contains basic
definitions that are a mathematical foundation for our
research. In Section IV we describe inconsistencies that
may appear in ontology mappings, that are further used
in Section V. This part contains the main contribution
of the following article - the definitions of novel ontol-
ogy alignment evaluation function aforementioned earlier.
Section V-A includes solutions for Research Goal 1 and 2,
while in Section V-B solutions for Research Goals 3 and 4
can be found. The experimental verification is described in
Section VI. A summary is given in the last part of the paper.

II. RELATED WORKS
A. ASSESSMENT THE ONTOLOGY MAPPINGS BASED ON
THE REFERENCE ALIGNMENT
The number of systems for ontology alignment determination
increases each year. Users of such systems expect speed and,
in particular, efficiency and correctness of generating map-
pings. The choice of the best tools for ontology alignment is
supported by an international organization OAEI - Ontology
Alignment Evaluation Initiative [20]. Its goal is to assess the
strengths and weaknesses of alignment and matching sys-
tems, comparing the performance of techniques and provid-
ing benchmark datasets: the ontologies and correct mapping
between them. Since 2004, OAEI organizes evaluation cam-
paigns aiming at evaluating ontology matching technologies.
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The assessment criteria are execution time, the number of
correspondences, precision, recall, recall+, F-measure, and
consistency [6].

The precision and recall are typical measures used in the
retrieval information field [12] which are widely accepted.
Precision and completeness are based on comparing the
resulting alignment (A) with the reference alignment (R).
In the context of ontology alignment, precision is defined
as the percentage of correctly generated mappings (|R ∩ A|)
among all founded by the proposed algorithm (|A|). The
recall is the ratio of the number of correctly found mappings
(|R ∩ A|) to all connections taken from reference alignment
(|R|). However, these measures are not ideal in the context
of assessing ontology mappings. The main problem is their
binary characteristics [3], [5] - both of those criteria only
compare two sets of correspondences without considering if
these correspondence are semantically equivalent.

The next measure, called the F-measure, is a harmonic
mean of the precision and recall values. Considering only
precision it is easy to create an empty set of mappings and
obtain the highest precision. Alignment containing all possi-
ble correspondences would have a 100% recall. F-measure
is free from the mentioned drawbacks and it allows us to
assess the quality of the determined alignment. It is calculated
as Fβ (1 + β2) · precision·recall

β2·precision+recall
where variable β allows

to establish balance between precision and recall. In OAEI
competition the most popular is F1, however for Conference
track the analysis are made also for F0.5 and F2 [6], [20].
Themodifications of thementionedmeasures are proposed

in [3]. The first and the most intuitive way to extend pre-
cision and completeness is to attach the distance between
elements in the ontology structure. In this approach, the cor-
respondences which are close to the reference element
are not assessed as clearly erroneous. The second modi-
fication relies on counting necessary operations to correct
correspondences.

The most important generalization of precision and recall
are their semantic version [4], [5], [7]. New measures use
full knowledge contained in the mapped ontologies. For this
purpose, the set of α-consequences have been applied. The
first experiments [5] demonstrated that semantic measures
better reflect the correctness of mappings. However, further
work [4] showed that the semantic measures are dependent
on mapping syntax and as a consequence, they can assign
different values to semantically equivalent solutions. The sub-
sequent modification does not solve all appearing problems,
therefore, OAEI still uses standard versions of precision and
recall.

In 2009 OAEI organization proposed a new measure
called recall+ [2]. This measure is specially dedicated to the
OAEI campaign and consider only the non-trivial mappings.
Recall+ is calculated as the number of correct and non-trivial
correspondences founded by tested method (|R ∩ A − S|)
divided by the number of all non-trivial references map-
pings (|R− S|, where S-alignment determined by comparing
labels.

Another form of assessing ontology alignment is based
on the detection of conservativity and consistency principles
violations [18], [19]. The consistency principle requires that
correspondences should not lead to unsatisfiable classes in
the merged ontology, conservativity principle proposes that
correspondences should not introduce new semantic relation-
ships between concepts from one of the input ontologies.
Typically, it is presented as the number of incoherent con-
nections and their percentage share.

Both standard and modified measures have one significant
disadvantage - they all require reference alignment. Creating
a reference mapping is a cost- and time- consuming process
because it requires involving human experts. If the task at
hand is assessing tools dedicated to determining ontology
alignment it is not a big problem since OAEI provides bench-
mark datasets. Despite, assessing the ontology mappings by
comparing them with reference alignment has some draw-
backs, it is the most reliable evaluation (supported by OAEI).
Thus, our developed methods will be verified in relation with
recall, precision and F-measure calculated based on reference
mappings.

B. ASSESSMENT THE ONTOLOGY MAPPINGS IF
REFERENCE ALIGNMENT DOES NOT EXIST
In real applications (i.e. in expert systems or to provide inter-
operability of medical systems) there is a need to integrate
ontologies between which alignment has been designated.
Moreover, in such practical scenarios, one cannot expect that
any kind of reference alignment exists.

In the first step of ontology integration (determining map-
pings between input ontologies) it is possible to use one of
the available ontology alignment tools. Depending on the
size, subject matter, or complexity of the ontology structures,
these applications can create mappings of different qualities.
In such a context, a big question arises - which of the held
alignments should be chosen as the final one?

The most popular approach to this issue is user-centered.
The alignments are evaluated by domain experts or groups
of users [11]. The ontology alignment validation process
consists of asking one or more users to classify the mappings
in an ontology alignment as correct or incorrect, as well as
potentially replace incorrect mappings with correct alterna-
tives, or even add new mappings. These activities serve as
a basis to decide how good the obtained alignment is and
thus to compare alignment tools and algorithms. However,
involving users for the alignment evaluation process is error-
prone, time, and cost-consuming.

A different strategy has been proposed in [8], where the
quality of alignment is estimated by the number of the
most frequently used correspondences. Selecting the most
frequently used correspondences for evaluation is beneficial
in two situations. First, if there is a difference in quality
between the frequently used correspondences and the infre-
quently used correspondences, the frequency-weighted pre-
cision will give a more reliable estimate of the performance
of the application using the alignment. Second, if one intends
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a semi-automatic matching process in which suggested cor-
respondences are manually checked and corrected by an
expert, the frequency provides an ordering in which to check.
However, this evaluation method requires end-user support
(which filled a prepared query scenario) and is not fully
automatic.

In [13] authors introduced quality measures that are based
on the notion of mapping incoherence, which can be used
without a reference mapping. Measuring the incoherence
of mappings was motivated by the idea that it will hinder
its sensible use even though it might contain a significant
amount of correct correspondences. The provided measure
of incoherence gives a strict upper bound for the precision
of mapping and can, therefore, be used as a guideline for
estimating the performance of matching systems. However,
any experimental verification of the proposed measure has
not been conducted, so the real applicability of this method is
unknown.

To the best of our knowledge, there is a lack of reliable
methods that allow evaluating the quality of alignment and
the formulated problem has not been investigated widely.
Therefore, easy methods for assessing the correctness of the
obtained alignment without comparing it’s with reference
mapping are desired.

Providing semantic interoperability based on ontology
alignment in the context of, for example, the Internet of
Things [14] where the diversity of communicating systems
makes it impossible to prepare reference alignments before-
hand. In consequence, it is crucial to evaluate and assess the
quality of particular alignments that are intended to be used.
Other practical applications where the methods presented in
this paper may be useful are related to smart spaces [17].

The need to compare the quality of different mappings
also exists in the process of maintaining several integrated
knowledge bases. Ontologies evolve which entails the fact
that mappings can become obsolete. Changes like adding,
editing, or deleting some elements of ontology influence
directly on alignment. Maintaining the current mappings is
an important task of ontology developers [15] and none of
the classical measures presented in this section provides an
easy way for continuously assessing the correctness and the
quality of alignments. The solutions presented in this paper
are free of the mentioned drawbacks. Such approach may
be found useful especially in practical applications which
require exchanging domain knowledge.

III. BASIC NOTIONS
The formal model of ontology is based on our previous
publications (for example [10]). It distinguishes three main
elements.Concepts aggregate real-world entities, that have a
common set of attributes with an indefinite value. We assume
the existence of an abstract class Thing from which all of
the other classes inherit. Such approach is consistent with
a model enforced by OWL ontology representation format.
Relations which are various types of connections that occur
between classes that depend on each other in some way.

In particular, the inheritance relation stands out, which is
used when it is possible to aggregate a set of classes into one
more general one. Instanceswhich represent specific objects
in the domain and have specific attribute values. Formally,
an ontology is defined as a quintuple:

O = (C,H ,RC , I ,RI ) (1)

In the equation above C denotes set of concepts; H is a
concepts’ hierarchy; RC is a set of relations between concepts
RC = {rC1 , r

C
2 , . . . , r

C
n }, n ∈ N , such that every rCi ∈ RC

(i ∈ [1, n]) is a subset of C×C ; I denotes a set of instances’;
RI = {r I1, r

I
2, . . . , r

I
n} denotes a set of relations between

concepts’ instances.
The aforementioned inheritance relation H makes it pos-

sible to consider an ontology as a taxonomy of concepts.
Its root is an abstract class Thing, from which all classes of
the analyzed ontology inherit. In this context, the classes are
arranged in a hierarchy from the most general to the most
specific. This approach allows to define the depth properties.
Definition 1: For a given ontology, O, the depth (denoted

as Depth(O)) of its hierarchy H is the number of sub-
consumption relationships that divides the parent class Thing
from the most distant inheritance hierarchy in the class
belonging to that ontology.
Definition 2: For a given ontologyO and one of its classes

c ∈ C , the depth of this class (denoted as Depth(O, c)) in the
hierarchy H is the number of subsumption relationships in the
O’s hierarchy between this class and the root class Thing.

Thanks to the above definition we also define a series of
auxiliary functions and properties that will be further used in
assessing ontology alignments:

• Root(O) - denotes a set of classes in the ontology O
which are direct children of the abstract class Thing.
In other words- this is a set of classes which are in the
highest level in the taxonomy;

• SubA(O, c) - denotes a set of classes in the ontology
O which are descendants of the given class c in the
taxonomy H ;

• SubD(O, c) - denotes a set of classes in the ontology
O which are direct descendants (children) of the given
class c in the taxonomy H ;

• SupA(O, c) - denotes a set of classes in the ontology
O which are predecessors of the given class c in the
taxonomy H ;

• SupD(O, c) - denotes a set of classes in the ontology O
which are direct predecessors (parents) of the given class
c in the taxonomy H ;

• Type(O, i) - a function which for given instance i returns
a class to which this instance belongs within ontologyO;

• Ins(O, c) - a function which returns a set of all instances
belonging to the class c within ontology o.

Designating a mapping between two ontologies involves
finding their common parts. The result of this process is a
set of corresponding elements from compared ontologies,
connected by some relationship at the some confidence level.
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These relationships may be equivalence (=), refinement (<),
generalization (>) and incompatibility (%).

Following the formal definition of ontologies from Equa-
tion 1 one could expect that there are three levels of mapping
due to the type of component elements: concepts, instances
and relationship. However, both OAEI organization and most
ontology mapping systems focus only on the first two levels.
Only some of the systems described in the literature, such as
SORAL (Supervised Ontology Relation ALignment), attempt
to efficiently map relations, but the results of these research
are not publicly available [9]. For this reason, in this paper
we focused only on the ontology alignment on the level of
concepts and instances.
Definition 3: For given two ontologies O1 and O2,

an alignment A between them is a finite set of quadru-
ples 〈e1, e2, r, n〉 (further referred to as correspondences).
Elements respectively fromO1 andO2 are denoted as respec-
tively; a relationship r ∈ {=, <,>,%} is a semantic con-
nection describing a type of correspondence. n ∈ [0, 1] is a
value representing a confidence level of a particular corre-
spondence. If e1 ∈ C1

∧ e2 ∈ C2 then such correspondences
occurs on the level of concepts, and if e1 ∈ I1 ∧ e2 ∈ I2

then such correspondences occurs on the level of instances.
Note that both e1 and e2 must refer to elements from the same
level, therefore, there is no possibility that a correspondence
between a concept and an instance exists.

IV. INCONSISTENCIES IN ONTOLOGY MAPPINGS
Ontology alignment should not contain mappings that lead to
violating target ontology restrictions. Such relations between
ontologies elements can cause malfunctioning of reasoning
engines, but most importantly they can be, with high prob-
ability, just incorrect. As part of this work, two cases are
defined in which restrictions arising from basic taxonomic
relationships (inheritance and disjointness) are violated.

FIGURE 1. An example case of circular inheritance in aligned ontologies.

A. CIRCULAR INHERITANCE
Ontology cannot be considered consistent if it contains
classes that inherit from each other. Assuming that alignment
is the reason for a circular inheritance in target ontology,
it means it has inconsistent correspondences. This case, as an
example, is shown in Figure 1.

Graphs represent integrated ontologies, nodes - their
classes, and edges - inheritance relationships. The yellow
nodes are linked by dotted lines which symbolize correspon-
dences (corrbb′ and corraa′ ) of a certain alignment. Class b is
subclass of a and has been linked with b′ class. While b′ is
superclass of a′ which is linked with a. As a result of these
mappings, it is possible to conclude that a is both a superclass
and a subclass of b.
Definition 4 (Circular Inheritance Inconsistency): Assu-

ming the existence of ontologies O1 and O2, classes a, b ∈
C1, a′, b′ ∈ C2 and alignment A, correspondences corraa′ =
〈a, a′,=, naa′〉, corraa′ ∈ A and corrbb′ = 〈b, b′,=, nbb′〉,
corrbb′ ∈ A are inconsistent because of circular inheritance
when:

a ∈ SupA(O1, b) ∧ b′ ∈ SupA(O2, a′), (2)

To denote this inconsistency 6≡C symbol is used and there-
fore a statement corraa′ 6≡C corrbb′ is true for the given
example.

B. INHERITANCE FROM DISJOINT CLASS
For classes OWL provides a disjointWith relation which is
denoted in this work by an operator 6≡. This means that there
cannot be an instance that belongs to both classes connected
by such relations. Furthermore, the subclasses of these classes
also inherit this restriction. Inconsistency, that may be a result
of a violation of the disjoint restriction, is shown in Figure 2.

FIGURE 2. An example case of inheriting from disjoint class in aligned
ontologies.

Class a is aligned to a′ class (corraa′ ) and its subclass b is
aligned to b′ class (corrbb′ ). The a′ and c′ classes are disjoint,
which is symbolized in the diagram by the crossed out line
that links them. It means that b′ is also disjoint with a′. This
alignment is inconsistent because in the reasoning process the
b′ class will be considered as descendant of the a′ class with
which it is disjoint.
Definition 5 (Inheritance From Disjoint Class Inconsis-

tency): Assuming the existence of ontologies O1 and O2,
classes a, b ∈ C1, a′, b′ ∈ C2 and alignment A, correspon-
dences corraa′ = 〈a, a′,=, naa′〉, corraa′ ∈ A and corrbb′ =
〈b, b′,=, nbb′〉, corrbb′ ∈ A are inconsistent because of inher-
itance from disjoint class when:

∃c′∈SupA(O2,b′)c
′
6≡ a′ ∧ b < a (3)
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To denote this inconsistency 6≡R symbol is used and there-
fore a statement corraa′ 6≡R corrbb′ is true for the given
example.

C. INCONSISTENT CORRESPONDENCE
The definition in subsections IV-A and IV-B were used
to define inconsistent correspondences. When two pairs of
aligned classes conflict with each other, a correspondence
that is lower in the hierarchy is referred to as an inconsistent
correspondence.
Definition 6 (Inconsistent correspondence): Assuming

the existence of ontologies O1 and O2, classes a ∈ C1,
a′ ∈ C2 and an alignment A, a correspondence corraa′ =
〈a, a′,=, naa′〉, corraa′ ∈ A is inconsistent when:

∃corrbb′∈A (b ∈ SupA(O
1, a) ∨ b′ ∈ SupA(O2, a′))

∧ (corraa′ 6≡C corrbb′ ∨ corraa′ 6≡R corrbb′ ) (4)

To denote this, 6∼ symbol is used. Therefore, a following
statement: corraa′ 6∼ A is true for defined elements and can
be understood as ’a correspondence that links classes a and
a’ is inconsistent in A alignment’.

V. METHODS OF ASSESSING ONTOLOGY MAPPINGS
In this paper, we propose some novel approaches to eval-
uating ontology mappings. The first one is developed on
the criterion based on the depth of classes in the hierarchy
of integrated ontologies, and the second one on a criterion
based on a continuity of a mappings. Both can be used to
asses mappings of concepts and instances. The following
section contains definitions of those criteria and methods of
incorporating them to assess ontology mappings.

A. ASSESSING ONTOLOGY MAPPING ON THE
LEVEL OF CONCEPTS
1) CRITERION BASED ON THE DEPTH OF
THE MAPPED CLASSES
The deeper class in the hierarchy is, the more detailed knowl-
edge can be learned from it. Beginning with the most general
classes that categorize entities at a high level of abstrac-
tion, more and more complications may appear as classes
go deeper into ontology. Depending on how a domain has
been modeled, differences in the way entities are described
may cause difficulties in designating mapping between them.
It is for this reason that during finding such corresponding
elements the algorithms come across many issues. Therefore,
we claim that if these difficulties are solved, mappings of
classes located lower in the hierarchy are more important.
This remark is a backbone of the criterion based on the
depth of the mapped classes presented in this section, which
addresses the Research Goal 1 defined in Section I. The
solution of this goal can be treated as one of the proposed
methods for assessing a ontology alignment quality.

The proposed measure will assess with more points map-
pings that connect classes that are located deep in the class
hierarchy. Formally, λD gives points for every found cor-

respondence that is not inconsistent, while the value of γD
increases with the depth in the hierarchy of mapped classes.
For some selected correspondence corrcc′ = 〈c, c′,=, n〉 the
value of γD is calculated according to the formula:

γD(O1,O2,A, corrcc′ )

=


1

Depth(O1)− Depth(O1, c)+ 1

+
1

Depth(O2)− Depth(O2, c′)+ 1
if corrcc′ ∼ A

0 if corrcc′ 6∼ A
(5)

Ontology alignments evaluation function λD : Õ × Õ ×
Ã→ R+, based on a depth of mapped classes in the ontology
hierarchy, gets two ontologies and and alignment between
them and returns sum of all correspondences’ γD. Õ symbol-
izes set of all ontologies and Ã - set of all ontology alignments.
The formula for this function is:

λD(O1,O2,A) =
∑

corrcc′∈A

γD (O1,O2,A, corrcc′ ) (6)

Figures 3 and 4 present in the form of graphs two different
alignments A1 and A2 of the same ontologies from the per-
spective of one of them. Mapped classes of this ontology are
marked in yellow. Each of these alignments consists of the
same number of correspondences: 8, but the second example
maps classes from lower parts. According to Equation 6,
the mapping A1 was assessed with 2.42 and A2 with 4.25.
Despite the same number of correspondences, A2 was rated
higher because it relates to more accurate entities.

FIGURE 3. λD(A1) = 2.42.

The way of calculating the value of λD for the alignment
A of ontologies O1 and O2 is presented step by step on the
Algorithm 1. In the first step, the measure λD is initiated with
0. Then, for each correspondence of A alignment, value γD
is calculated. With each loop iteration λD is increased by γD
and eventually is returned as result.

In the example of medical systems communication from
Section I, the method presented in the current section will
favor alignments of concepts from two ontologies that allow
to exchange the detailed knowledge about specific medical
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FIGURE 4. λD(A2) = 4.25.

Algorithm 1 Evaluation Based on the Depth of the Mapped
Classes
Require: O1, O2 and A
Ensure: λD
1: λD← 0
2: for all corrcc′ ∈ A do
3: if corrcc′ ∼ A then
4: γD ←

1
Depth(O1)−Depth(O1,c)+1

+

1
Depth(O2)−Depth(O2,c′)+1

5: else
6: γD← 0
7: end if
8: λD← λD + γD
9: end for

10: return λD

conditions of patients. Such alignments are treated as farmore
valuable mappings of some generic information stating that a
patient is sick. Therefore, the proposed method of evaluating
ontology alignments based on the depth of themapped classes
(which is a straight realization of Research Goal 1) is very
intuitive and can be proved useful in practical applications.

2) CRITERION BASED ON THE CONTINUITY
OF MAPPED CLASSES
The most common way of storing correspondences between
two ontologies is a dedicated RDF document which contains
tuples describing subsequent correspondences (consistent
with the Definition 3) of elements taken from aligned ontolo-
gies. Comparing only such correspondences without a con-
text of ontologies they connect (based on the number of
correspondences in the RDF document) does not require any
complex analysis and can indicate alignment which is more
complete. However, as aforementioned, such an approach
required knowledge about correct alignment. This require-
ment is obviously unrealistic in practical applications. There-
fore, having two competing, similarly-sized alignments of
ontologies with no information about the correctness of cor-
respondence, it is worth analyzing their structures.

If correspondences refer to classes that are not related in
any way, then the structure of the alignment looks chaotic and
incoherent. Based on this observation, it can be concluded
that in methods described in the literature during designating
ontology mapping, the knowledge about entities was used
superficially.Moreover, there is a chance that such correspon-
dences are incorrect and the context of the classes has not
been understood. One example would be linking two different
entities with the same names (homonyms). In this case, both
their parent and child classes of these entities are unlikely to
be mapped.

In the opposite situation, when ontology alignment con-
tains correspondences of classes that, from a taxonomic point
of view, are part of the same subtrees, one can expect from
such alignment accuracy and high precision. Especially since
mapping ontologies aim to merge knowledge bases of related
fields, so it is assumed that both entities and relationships
between them will be repeated. Also from the user perspec-
tive, a smaller alignment that focuses on ontologies fragments
can bring more benefits than bigger alignment that maps
different, unrelated classes across the entire ontologies. In this
case, assessing alignments depends on how close taxonomi-
cally their correspondences are.

FIGURE 5. λC (A1) = 11.

Presented observations were the inspiration to work on
the second assessment criterion, which is based on the conti-
nuity ofmapped classes and addresses addresses the Research
Goal 2 defined in Section I. The outcome of this goal is
a second of the proposed methods for assessing a ontology
alignment quality. This time, instead of individual correspon-
dences, groups of classes that form consistent subtrees are
scored. The example of scoring alignments in this method
is presented in Fig. 5 and 6 where diagrams presenting two
different alignments from the perspective of one of two inte-
grated ontologies. Subtrees that bring points consist only of
consistent, mapped classes with a common ancestor. The
alignment A1 (Fig. 5) contains nine correspondences, but
only two mapped classes in the presented ontology have the
same direct ancestor. In contrast, the second alignment A2 has
two correspondences less, but it maps classes closely related
to each other. In that case, one seven-element subtree was
created.
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FIGURE 6. λC (A2) = 49.

For this criterion, the rating function γC which determines
the number of points for a given subtree t was defined as
follows:

γC (t) = |t|2, (7)

where |t| is the number of classes in subtree t .
The values of γC calculated for every subtree are presented

in black circles congruent to them. By adding these numbers it
is easy to conclude that despite the smaller number of mapped
classes, alignment A2 represents higher quality.
Ontology alignments evaluation function λC : Õ × Õ ×

Ã→ N, based on the continuity of mapped classes, gets two
ontologies and alignment and returns sum of all subtrees’ γC .
Õ denotes a set of all ontologies and Ã - set of all ontology
alignments. The formula for this function is:

λC (O1,O2,A) =
∑

t∈SubTrees(O1,A)

γC (t)

+

∑
t∈SubTrees(O2,A)

γC (t), (8)

where SubTrees(O1,A) and SubTrees(O2,A) are collections
of subtrees determined on the basis ofO1 andO2 respectively.
The subsequent steps to calculate λC for the alignment A of
ontologies O1 and O2 are presented on the Algorithm 2.

As part of this algorithm, the auxiliary recursive function
getConsistencyScore (line 5) was defined. It is called for a
set of classes inheriting directly from the Thing class, and
then, recursively, in a loop for the direct ancestors of these
classes (line 9). The variable t stores information about the
classes that are part of the currently processed subtree, and
λOC the current number of points. If the class is mapped and
its correspondence is consistent (line 10), the subtree t is
increased by this class (line 11) and its ancestors (line 12)
that meet the same requirements. Then λOC increases by the
points gained by the already closed subtrees of ancestors
(line 13). Otherwise, the subtree is closed and scored, and
λOC is increased by the number of these points and points
scored by the ancestors. Recursive calls of this function
return t and λOC , and the originally called function scores

Algorithm 2 Evaluation Function Based on the Continuity of
Mapped Classes

Require: O1, O2 i A
Ensure: λC
1: λ

O1
C ← getConsistencyScore (A, O1, Root(O1), true)

2: λ
O2
C ← getConsistencyScore (A, O2, Root(O2), true)

3: λC ← λ
O1
C + λ

O2
C

4: return λC
5: procedure getConsistencyScore(A, O, directSubclasses,
isRoot)

6: t ← empty tree
7: λOC ← 0
8: for all subclass ∈ directSubclasses do
9: cs ← getConsistencyScore(A, O,
SubD(O, subclass), false)

10: if ∃corrcc′∈A(subclass = c ∨ subclass = c′) ∧
corrcc′ ∼ A then

11: add subclass to t
12: add all cs.t to t
13: λOC ← λOC + cs.λ

O
C

14: else
15: γC ← size(cs.t)2

16: λOC ← λOC + cs.λ
O
C + γC

17: end if
18: end for
19: if isRoot then
20: γC ← size(t)2

21: return λOC + γC
22: else
23: return {t, λOC }
24: end if
25: end procedure

last processed subtree and returns the sum of all points. The
λC value consists of ratings calculated for both ontologies
by getConsistencyScore (line 3) and it is returned as final
result.

It is obvious to claim an alignment containing map-
pings of concepts that are closely clustered within ontol-
ogy is better than an alignment of single concepts dispersed
throughout aligned ontologies. Mappings of such closely
related concepts, which concern similar topics, may become
more important especially in the context of presented in
Section I example of medical ontologies alignments. Such
an approach to assessing ontology alignment would allow
exchanging between medical systems knowledge that is more
focused on certain medical conditions. Sharing only knowl-
edge from single random concepts taken from ontologies may
not prove useful in such an application. Therefore, the pro-
posed method of evaluating ontology alignments based on
the depth of the continuity of mapped classes (which is a
straight realization of Research Goal 2) may become very
valuable.
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FIGURE 7. σD(A1) = 4.5.

B. ASSESSING ONTOLOGY MAPPINGS ON THE
LEVEL OF INSTANCES
Ontology classes are elements that classify, at a different level
of detail, entities with the same properties. Actual entities are
in the form of instances and are assigned to a given class
with rdf:type relation. In order to assess ontology alignments,
which in addition to classes contain also instances, previ-
ously proposed criteria were adapted to consider this type of
element too. Proposed methods take into account only those
instances that are classified into the classes defined within the
analyzed ontology.

1) CRITERION BASED ON THE DEPTH OF THE
MAPPED CLASSES
This section addresses Research Goal 3 defined in Section I.
We claim that mappings of classes that are deeper in the
taxonomical hierarchymay bemore important, instance map-
pings of these classes may also be considered more valuable.
As such classes are more specialized, also their instances can
provide knowledge that is more detailed for a given field.
Hence, the measure σD was defined, which is analogous to
the proposed in the previous chapter measure λD, but focuses
on instances. The final form of this measure can be used to
assess the quality of some ontology alignment.

The γD equivalent for depth-based measure at instance
level is ψD. The ψD takes into account classes that instances
belong to. If classes of mapped instances are disjoint,
the value of ψD is equal to zero. Otherwise, ψD is calculated
based on the depth of these classes in the ontology taxo-
nomical hierarchy. Definition of the ψD for correspondence
corrii′ = 〈i, i′,=, n〉, where c = Type(O1, i) and c′ =
Type(O2, i′) is:

ψD(O1,O2,A, corrii′ )

=


1

Depth(O1)− Depth(O1, c))+ 1

+
1

Depth(O2)− Depth(O2, c′)+ 1
if c ≡ c′

0 if c 6≡ c′

(9)

Figures 7 and 8 present two different alignments A1 and A2

from the perspective of one of the two integrated ontologies.

FIGURE 8. σD(A2) = 14.

As in the previous diagrams, the nodes represent ontology
classes, but this time instances of these classes are also
included. They are represented by smaller circles located
inside the nodes. Instances with yellow ones have been
mapped. The value of ψD for each class is placed on dia-
grams above them. Both alignments have the same number of
instance correspondences, but according to the defined crite-
rion, A2 is more valuable as it may contain more important
mappings.

Ontology alignments evaluation function σD : Õ × Õ ×
Ã → R+, based on the depth of the classes of mapped
instances, gets two ontologies and alignment and returns sum
of all instance correspondences’ ψD. Õ symbolizes set of all
ontologies and Ã - set of all ontology alignments. The formula
for this function is:

σD(O1,O2,A) =
∑

corrii′∈A

ψD (O1,O2,A, corrii′ ), (10)

Based on this definition, the Algorithm 3 has been devel-
oped, which contains subsequent steps to calculate a value of
the σD function.

Algorithm 3 Evaluation Based on the Deep of Classes of
Mapped Instances

Require: O1, O2 i A
Ensure: σD
1: σD← 0
2: for all corrii′ ∈ A do
3: c← Type(O1, icorrii′ )
4: c′← Type(O2, i′corrii′ )
5: if c 6≡ c′ then
6: ψD← 0
7: else
8: ψD ←

1
Depth(O1)−Depth(O1,c)+1

+

1
Depth(O2)−Depth(O2,c′)+1

9: end if
10: σD← σD + ψD
11: end for
12: return σD

VOLUME 8, 2020 174853



M. Pietranik et al.: Assessing Ontology Mappings on a Level of Concepts and Instances

The algorithm starts with the initialization of the σD with
value 0 (line 1). Then, for each instance correspondences,
their classes are checked. If they are are disjoint (line 5),
the value of ψD is 0 (line 6). Otherwise, ψD is calculated
similarly to the criteria at the class level (line 8). In each
iteration, the value of σD is increased by the ψD of pro-
cessed correspondence (line 10) to finally be returned as a
result (line 12).

The usefulness of the presented method (which is a straight
realization of Research Goal 3 from defined in Section I) is
similar to the one introduced in Section V-A1. An alignment
of instances classified into detailed concepts placed deeper
in the taxonomical hierarchy is more expressive. In light of
a leading medical example, it is obvious to claim that the
exchange of specific knowledge of certain medical conditions
may become more useful. A generic alignment of instances
of high-level concepts that serve as an abstraction rather than
a specific definition may render vague results.

2) CRITERION BASED ON THE CONTINUITY OF
MAPPED CLASSES
The next criterion is based on the assumptions formulated in
Section V-A, and addresses the last Research Goal 4 intro-
duced in Section I. The developed result is the last of the pro-
posed methods for assessing the ontology alignment quality.

In the case where alignments contain a similar number
of correspondences, those that are less dispersed and cover
certain parts of the domain in more detail may be considered
more valuable. Such differences can occur when one of the
compared algorithms uses general knowledge and simple
methods of searching correspondences, and the other is more
specialized in a given field and can find non obvious con-
nections. For the user, alignment provided by the second
algorithm will certainly be more useful, even if the size of it
will be smaller, as the purpose of aligning different ontologies
is to expand specialist knowledge. Only advanced algorithms
will be able to precisely and consistently match ontology
fragments and should also get more points in this criterion
defined as σC .

For this criterion, an auxiliary measure ψC that gets set of
instances s was defined:

ψC (s) = |sA|2, (11)

where |sA| is the number of instances mapped by alignmentA.
Figures 9 and 10 present two alignments A1 and A2 at

the instance level, from the perspective of one of two inte-
grated ontologies. Both alignments contain the same number
of matches. The difference between A1 and A2 applies to
instances that have been mapped. In Fig. 9, single instances
of different classes are mapped. The alignment from Fig. 10
matched all instances of classes being in direct relations. The
values of the measureψC are presented above each class with
at least one instance. The sum of theA2 points is higher, which
means that, as assumed, it represents a higher quality than A1.
As part of the example, only one ontology was analyzed.

FIGURE 9. σC (A1) = 22.

FIGURE 10. σC (A2) = 54.

To calculate the total value of that measure, the assessment
operations should also be performed on the second ontology.

Ontology alignments evaluation function σC : Õ × Õ ×
Ã → N, based on the continuity of the mapped instances,
gets two ontologies and alignment and returns sum of all ψC
of mapped instances sets. Õ denotes a set of all ontologies
and Ã - set of all ontology alignments. The formula for this
function is:

σC (O1,O2,A) =
∑
c∈C1

ψC (Ins(O1, c))+
∑
c∈C2

ψC (Ins(O2, c)),

(12)

where Ins(O1, c) and Ins(O2, c) are the sets of instances of
the given classes.

Algorithm 4 presents the way of calculating value of
the σC function. As part of the algorithm, the auxiliary
getInstanceConsistencyScore function was defined (line 5),
which is called for both ontologies (lines 1 and 2). This
function iterates over all classes of the given ontology (line 7)
and each of them creates a set of instances (line 12) that
are in the given alignment (line 11). This set is evaluated
(line 15), and in each iteration the variable σOC is increased
by this rating (line 16). The function returns the value of this
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Algorithm 4 Evaluation Based on the Continuity of Mapped
Instances
Require: O1, O2 i A
Ensure: σC
1: σ

O1
C ← getInstanceConsistencyScore (A, O1)

2: σ
O2
C ← getInstanceConsistencyScore (A, O2)

3: σC ← σ
O1
C + σ

O2
C

4: return σC
5: procedure getInstanceConsistencyScore(A, O)
6: σOC ← 0
7: for all c ∈ C do
8: s← Ins(O, c)
9: sA← empty collection

10: for all ins ∈ s do
11: if ∃corrii′∈A(ins = i ∨ ins = i′) then
12: add ins to sA
13: end if
14: end for
15: ψC = size(sA)2

16: σOC ← σOC + ψC
17: end for
18: return σOC
19: end procedure

variable (line 18). The final value is the sum of the scores
calculated based on both ontologies (line 3).

The proposed method is similarly useful to the one pre-
sented in Section V-A2. Intuitively, when there are two alter-
native alignments, one including mappings of instances of
concepts that are closely related (and therefore, related to a
single topic of interest), and the other including mappings of
random concept instances, the first should be treated as more
expressive, thus better. In the context of a medical system
communication from Section I, more practical effect should
have a detailed communication about a single topic, rather
than a communication concerning multiple different topics,
but treated more sketchy.

VI. EXPERIMENTAL VERIFICATION OF
DEVELOPED METHODS
According to the literature (reviewed in Section II), the most
common method of evaluating ontology alignments is based
on calculating Precision, Recall, and F-measure. To the best
of our knowledge, there is no other widely accepted method
of assessing ontology alignments, especially when a refer-
ence alignment is not provided. There is very little research
(which can be found in Section II-B) devoted to the given
problem and most of the found publications assume the exis-
tence of a reference alignment (please refer to Section II-A).

What is worth emphasizing is the fact that the Ontology
Alignment Evaluation Initiative (OAEI), the most widely
known organization that focuses on ontology alignment
research, in their evaluation campaigns aiming at evaluat-
ing ontology matching technologies also omits the issue

addressed in the submitted article ( [20]). However, all of the
available publications devoted to ontology alignment utilize
the datasets they provide. These are the reasons why we have
based our experiment on comparison with the experimental
methodology designed by OAEI.

Chapter V presents four innovative methods of alignment
assessment at two levels - classes and instances. What distin-
guishes the proposed criteria is no need to have a reference
alignment. The purpose of our experiment was the evaluation
of the usability of these methods and to compare them with
commonly used alignment assessment measures, which are
the F-measure, precision, and recall.

A. EXPERIMENTAL PROCEDURE
The following assumptions were defined: alignment is in
RDF format, and ontologies, consisting of many elements
with a multilevel taxonomic hierarchy, are in OWL format.
For these reasons, for the evaluation of the defined algo-
rithms, the data provided by the OAEI organization will be
used. Due to space limitations, we will only evaluate algo-
rithms developed for the concept level within Research Goal
1: the criterion of assessing ontologymappings on the level of
concepts based the depth of the mapped classes, and Research
Goal 2: the criterion of assessing ontology mappings on the
level of concepts based the continuity of mapped classes.
Evaluation of methods for instance-level can be performed
in an analogous way using different OAEI datasets.

OAEI provides ontologies grouped thematically alongwith
reference alignments between them. Subsequently, outcomes
of a variety of alignment tools for ontologies from each track
are provided. These include sizes of created mappings and
their comparison with reference alignments in terms of basic
assessment measures: precision, recall, and their harmonic
mean F-measure. For every alignment tool in each track,
the values of the proposed assessment measures λD and λC of
individual alignments will be calculated. Then, the obtained
results will be compared with the aforementioned standard
measures.

Table 1 contains selected OAEI ontology matching tracks
from three categories: Anatomy (Adult Mouse Anatomy and
NCI Thesaurus Ontology), Biodiversity and Ecology (AFlora
Phenotype and Plant Trait Ontology) and Large Biomedical
Ontologies (Foundational Model of Anatomy, SNOMEDCT,
NCI Thesaurus Ontology). Each of the selected ontologies
is composed of more than 1500 classes, with a minimum
taxonomical hierarchy depth equals 9.

To analyze the intraclass correlation between assessments
across the entire data set, regardless of the alignment belong-
ing to the track, the determined measures λD and λC will
be normalized to the reference alignment measures in given
tasks. For the purpose of this experiment, a Java software
application was implemented. Apache Jena1 library and

1https://jena.apache.org/index.html
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TABLE 1. Selected OAEI ontology matching tracks.

FIGURE 11. FCAMapX alignment inconsistency.

FIGURE 12. KEPLER alignment inconsistency.

SPARQL2 language it supports were used to read and nav-
igate through RDF graph.

B. EXPERIMENT RESULTS
The experiment began with calculating values of λD and
λC measures, which are methods developed within Research
Goals 1 and 2 defined in Section I. During this process, infor-
mation on the found inconsistencies was collected. It was
observed that some of the found conflicts were caused by
different ways of conceptualizing domains. However, most of
them pointed to real errors. Figures 11 and 12 show sample
inconsistencies found in the alignments. FCAMapX linked
the classes respiratory system and head and neck as equiv-
alent. This conflict was successfully detected thanks to the
disjoint relationship between the classes organ system and
body area in NCI Thesaurus. The second example could be
easily fixed by replacing the equivalence with the subsump-
tion relationship. H1 receptor is type of histamine receptors.
The error is to match a specific receptor to the general one,
probably because of the high similarity of their names.

2https://www.w3.org/TR/rdf-sparql-query/

The next task was to process designated assessments. For
ontologies O1 and O2 and their reference alignment R, a nor-
malized measure λD which is a method of assessing ontology
alignment based on the taxonomic depth of alignment A
(developed during Research Goal 1) is defined by a formula:

λ̂D(O1,O2,A) =
λD(O1,O2,A)
λD(O1,O2,R)

(13)

A normalized measure λC (method of assessing ontology
alignment based on the taxonomic continuity of the alignment
A developed within Research Goal 2) is described by a for-
mula:

λ̂C (O1,O2,A) =
λC (O1,O2,A)
λC (O1,O2,R)

, (14)

The denominator in Equation 13 and Equation 14 (which
contains values of the proposedmeasures calculated for refer-
ence alignments) is introduced to normalize obtained values
that can acquire values higher than 1. It is done to perform
a statistic comparison with ontology alignment quality mea-
sures taken from the literature.

All data (including normalization) results are shown
in Table 2. These data consist of 5 different measures, each
of which is a certain percentage in relation to the ‘gold stan-
dard‘ in a given track. Using the nonparametric Kolmogorov–
Smirnov test with a significance level of α = 0.01 it was
shown that each of the studied sets comes from the nor-
mal distribution. Therefore, it was possible to use the intra-
class correlation coefficient (ICC) for compliance analysis.
According to ICC theory, these methods will be seen as
judges who give marks to each matcher. The purpose of the
tests is to calculate the degree to which their assessments are
consistent. The results are shown in table 3.
Compliance of the proposed methods measures with recall

is at a very high level, which is indicated by ICC(3, 1) values,
which are close to 1 (maximum value). It is different in the
case of compliance with precision, where the results are com-
pletely divergent. There, the ICC(3, 1) value is below zero.
It is also worth noting that the criterion based on taxonomic
depth more closely matches the recall and F-measure than the
criterion based on continuity. F-Measure used for analysis is
a measure of F1, where the share of recall and precision is
equal. Despite this, the compliance of the proposed assess-
ments with the F-measure is at a high level as evidenced by the
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TABLE 2. Size and measures of individual matchers.

TABLE 3. ICC(3,1) results.

decrease in the value of ICC(3, 1) by only about 0.1 compared
to the recall.

C. RESULTS INTERPRETATION
Both measures proved to be consistent with recall and, to a
lesser extent, with F-measure. Lack of compliance with pre-
cision is not unfounded. As the alignment size increases,
the probability of occurrence of incorrect correspondence
increases, and thus its precision decreases.

As the proposed methods evaluate each individual cor-
respondence without knowing its correctness, these values
will increase with the size of the alignment regardless of
whether it is correct. High values of λD and λC mean that this
alignment contains a lot of mappings of classes located deep
in the taxonomic hierarchy of integrated ontologies, which
are also in close relationships with each other. The ontology
integration process is semi-automatic, which means that the
generated mappings have to be verified and corrected by
specialists anyway. Despite the low precision, this alignment
can be more useful because repairing incorrect connections
could be more effective and require less effort than manually
replenishing missing counterparts.
λD and λC measures can be used in real-world compar-

ison problems of competing alignment systems when there
is no ‘gold standard‘. They will be particularly helpful in
situations where the compared alignments have a similar size.
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For example, alignments of AML and LogMap systems in
task 2 have respectively 233 and 235 mappings, while their
λD ratings are equal to 71.059 and 70.478. This fact entails
that despite LogMap creates ‘‘bigger’’ alignments, their qual-
ity is lower than alignments designated by AML. A compar-
ison of these values can aid in choosing alignment that will
be selected for the next stages: verification, correction, and
implementation.

VII. FUTURE WORKS AND SUMMARY
The main contribution of this work is a definition of new
methods that allow comparing ontology alignments without
the need for reference mapping. It consists of four main
Research Goals formulated in Section I. Reaching these goals
resulted in definitions of innovative functions for assessing
the quality of mappings adapted for two levels of ontology
- classes, and instances. The proposed methods are build
using a criterion based on the depth of the mapped classes,
and a criterion based on the continuity of mapped classes.
To formulate them, two types of inaccuracies based on the
taxonomic properties of ontologies were also defined: circu-
lar inheritance and disjoint class inheritance.

The methods for assessing ontology alignments of classes
presented in Section V-A have been implemented using Java
programming language. To conduct an experiment, data pro-
vided by the Ontology Alignment Evaluation Initiative were
used. Obtained results showed compliance of both aforemen-
tionedmeasures with reference to widely used assessments of
mapping correctness - completeness and measure F. Thanks
to that, it was concluded that the proposed criteria can be
used to reliably evaluate the quality of mappings on a concept
level without any kind of pre-prepared reference alignment.
Verification of methods concerning alignments of instances
can be performed in an analogous way.

Presented methods offer a fresh perspective on the assess-
ment of ontology alignments. At this point, it should be
emphasized that their purpose is not to assess the correct-
ness, but quality with a focus on the taxonomic architecture
of integrated ontologies. Admittedly, defined inconsistencies
are taken into account in scoring, but still, many incorrect
connections are not detected in this way due to correctness
in the context of the ontology structure. However, compli-
ance with recall and F-measure is their additional significant
asset. Therefore, it is possible to define useful methods for
comparing ontology mapping states that do not require a
reference mappings. This can become invaluable in modern
applications related to, for example, smart spaces ([17]) or the
Internet of Things ([14]). The multiplicity of communica-
tion requirements makes it is impossible to predict which
ontologies will be aligned and, in consequence, to prepare the
needed mappings.

In the nearest future, we plan to formulate inconsistencies
resulting from non-compliance with restrictions imposed on
the relationships between elements of the ontology. Such
an extension of the methods proposed in the following arti-
cle can have a positive influence on their effectiveness.

Currently, such situations are ignored, which means that the
appearance of inconsistent mappings is put on a par with its
absence.
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