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This paper introduces a novel trust assessment formalism for contradicting evidence in the context of
multi-agent ontology mapping. Evidence combination using the Dempster rule tend to ignore contradic-
tory evidence and the contemporary approaches for managing these conflicts introduce additional
computation complexity i.e. increased response time of the system. On the Semantic Web, ontology map-
ping systems that need to interact with end users in real time cannot afford prolonged computation. In
this work, we have made a step towards the formalisation of eliminating contradicting evidence, to utilise
the original Dempster’s combination rule without introducing additional complexity. Our proposed
solution incorporates the fuzzy voting model to the Dempster–Shafer theory. Finally, we present a case
study where we show how our approach improves the ontology mapping problem.
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1. Introduction through discussing their point of views and decide if the mapping
High quality semantic meta data is a crucial part of the envi-
sioned Semantic Web. However, the possible number of applica-
tions (Memon & Khoja, 2009) that can be developed on the
Semantic Web heavily relies on how data can be integrated from
distributed and heterogeneous data sources. There are several
challenges, which have been identified in the context of ontology
mapping by Shvaiko and Euzenat (2008) and Euzenat and Shvaiko
(2007). These challenges are considered as roadblocks for develop-
ing real applications and they are explained in Section 3. Conflict-
ing information that is inherent to interpreting Semantic Web data
is one of these challenges. This conflict can be a result of insuffi-
cient or contradicting information of different terms that are sim-
ilar or even the same. For example, consider two ontologies, which
describe scientific publications. Both of these ontologies describe
the concepts ‘‘paper’’. In ontology 1 the paper is represented as
‘‘Scientific Paper’’ in the context of ‘‘Conference participant’’ and
in Ontology 2 as ‘‘Chapter’’ in the context of ‘‘Book’’. When map-
ping algorithms extend these contexts using any kind of back-
ground knowledge e.g. WordNet sister terms, one can derive that
both describes a printed work of someone. The problem is though
that this knowledge cannot directly be deduced from the ontolo-
gies, because ‘‘Scientific Paper’’ refers to participant, while ‘‘Chap-
ter’’ refers to portion of the book, that has been published.
Naturally human experts could easily resolve this contradiction
can be made or not. However, this is not the case for ontology map-
ping applications that operate without human intervention. In the
case of applications, sufficient conflict resolution processes need to
be in place, to improve the quality of the mappings by eliminating
the contradictions. In this paper, we propose a conflict elimination
approach using a fuzzy voting model. Based on our initial approach
for eliminating conflicts (Nagy, Vargas-Vera, & Motta, 2008), we
propose different fuzzy variables, membership functions and a cus-
tomised voting algorithm in order to provide more reliable results.
The fuzzy voting model allows to detect and eliminate contradic-
tory evidence, instead of discarding the whole scenario or combin-
ing them with contradictions. These contradictions can occur on
any entities in the ontology e.g. classes, objects, data properties
and instances. The main contribution of this paper is that it pro-
poses a conflict elimination method, based on trust and fuzzy vot-
ing, before any conflicting beliefs are combined.

The paper is organised as follows. In Section 2 we present the re-
lated work. Section 3 describes why conflicts occur in the ontology
mapping context and our proposed solution is explained in Section 4.
In order to validate our approach we have carried out experiments,
which is presented in Section 5. Finally in Section 6 we describe the
future research directions and the conclusions of our work.
2. Related work

Managing contradictions in the context of ontology mapping in
general has lead to different approaches. We review the most
relevant approaches that were also identified as state-of-the-art
(Shvaiko & Euzenat, 2013), before we introduce our approach.
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Since our approach eliminates the contradictions before the
judgement of the mapping is established, the relevant work on this
area can be found in other ontology mapping approaches. There-
fore, in our scenario the test bed that we have used is the OAEI-
2008 datasets. The biggest challenge was how to compare our
approach with other solutions. It is clear that the only qualitative
comparison on the mapping system level can only be made
through the Ontology Alignment Initiative, which is an interna-
tional effort to compare ontology mappings systems. Different
approaches to eliminate contradictions for ontology mapping have
been proposed by the ontology mapping community. These
approaches can be classified into two distinct categories.

First group include solutions that consider uncertainty and fuzz-
iness as an inherent nature of the ontology mapping and tries to de-
scribe it accordingly. Ferrara et al. (2008) model the whole ontology
mapping problem as fuzzy where conflicts can occur therefore, their
approach models the whole mapping process as an uncertain rea-
soning task, where the mapping results need to be validated at the
end of the reasoning process. The reasoning is supported by fuzzy
Description Logic approaches. As a consequence, their mapping val-
idation algorithm interprets the output mapping pairs as fuzzy and
tries to eliminate the inconsistencies from them.

Tang et al. (2006) formalise the ontology mapping problem as
making decisions on mappings using Bayesian reasoning. Their
system RiMOM Tang et al. (2006) has participated in the OAEI com-
petition as well. Their solution do consider two kinds of conflicts in
the ontologies, namely the structure and naming conflicts. How-
ever, they use thesaurus and statistical techniques to eliminate
them before combining the results. RiMOM approach produces
ontology mapping using well-defined processing steps like ontol-
ogy pre-processing, strategy selection, strategy execution and align-
ment combination. RiMOM has been very successful during OAEI
competitions; however, its strategies have to be defined in advance
together with their rules, which are selected during execution
time. As a result, it is questionable how the system can be adapted
to the Semantic Web environment, where domains can change
dynamically. Furthermore, the assumption that ontologies with
similar features are similar in reality might not be valid in all cases.
Another weak point is that large ontologies cannot easily be loaded
into the internal model and the approach does not consider optimi-
sation for the mapping process. Nevertheless, the main idea is
remarkable since it builds up its own structure and, hence, tries
to interpret the ontology before processing it.

The second group, however, differ conceptually because they
mainly utilise data mining and logic reasoning techniques in pre
and post processing stages of the mapping.

For example, Liu, Wang, and Wang (2006), split the ontology
mapping process into four different phases. Their approach first ex-
ploits the available labels in the ontologies then it compares the in-
stances. After it recalls mappings from the previous mapping tasks
and compares it with the structure of the ontologies. Their ap-
proach also tries to eliminate contradictions, using the previous
experience and data mining techniques on the relations that are
defined on the ontologies.

Similar solution has been proposed by the Jean-Mary, Shironosh-
ita, and Kabuka (2009) and Jean-Mary and Kabuka (2008). Auto-
mated Semantic Mapping of Ontologies with Validation (ASMOV)
automates the ontology alignment process using a weighted average
of measurements of similarity along four different features of ontol-
ogies, and performs semantic validation of resulting alignments.
This system acknowledges that conflicting mappings are produced
during the mapping process but they use an iterative post processing
logic validation in order to filter out the conflicting mappings.

Anchor-Flood (Seddiqui & Aono, 2009), is an ontology mapping
tool conceived in the context of the International Patent Classifica-
tion (IPC). The mapping approach itself was designed to work as
part of a patent mining system that assigns patent abstracts to
existing IPC ontologies and it also uses a multi-phase approach
to create the mapping results. These phases are pre-processing,
anchoring, neighbouring block collection and similarity measures. An-
chor-Flood also uses an internal representation form to which the
ontologies are transformed before processing. The system is also
reliant on the availability of individuals, which might not be al-
ways present in real life scenarios. There are also a number of
weaknesses that are related to the fact that the approach is highly
dependent on the correctness of the initial anchoring. Inconsisten-
cies might not be eliminated and missed links might not be discov-
ered it they do not fall into the context of already linked entities.

TaxoMap (Hamdi, Niraula, & Reynaud, 2009) is an approach that
is based on the assumption that large scale ontologies contain very
extensive textual descriptions and well defined class structures but
do not contain a large number of properties or individuals. The
similarity assessment uses various Natural Language Processing
techniques and frameworks like TreeTagger Schmid (1994) and
structural heuristic-based similarity algorithms like Semantic Cotopy
(Ehrig, Koschmider, & Oberweis, 2007). In order to filter out incon-
sistent mappings, it uses a so-called refinement module. End users
have the possibility to define constraints and solutions using a lo-
gic-based language called Mapping Refinement Pattern Language
(MRPL). For example, this language allows the end users to express
domain specific constraints that can remove a mapping pair on
condition that the classes involved in the mapping do not have
an equivalence relation in the source or target ontology. One weak-
ness of the system is that it requires the fine-tuning of nine differ-
ent threshold values, which is a challenge given the possible
combinations and the possible impacts on the result set.

Lily (Wang & Xu, 2009) mapping approach carries out the map-
ping in different phases. These phases are pre-processing, match
computing and post processing. In the last phase, the system ex-
tracts the final mapping set based on the similarity assessments,
and then verifies that inconsistent mappings are indicated to the
user, who can remove them manually. It is important to point
out that the mapping approach recognises the fact that the inter-
pretation of the ontologies involves dealing with uncertainty.
However, the objective is only to reduce the amount of uncertainty
instead of dealing or reasoning with it. As a result, the mapping
process only reduces the negative effect of the matching uncer-
tainty. Lily can also deal with large-scale ontology matching tasks
thanks to its scalable ontology matching strategy.
3. Conflicting and trust related to Semantic Web data

3.1. Sources of conflicts

As we briefly mentioned earlier (in the paper), in the context of
ontology mapping different challenges had been recognised by
Shvaiko and Euzenat (2008). These challenges are viewed as road-
blocks for implementing ontology mapping applications that can
be applied with high confidence in different contexts i.e. real world
domains. We have chosen two, which we believe are mostly related
to problem of contradictions. In these two cases, the ontology map-
ping systems have to establish a certain degree of understanding of
the meaning of the data that is present in the different ontologies.

Firstly, the uncertainty related to different representations
stems from the fact that W3C has proposed different languages
that can be used on the Semantic Web e.g. RDF(S),1 OWL2 and
SKOS.3 The problem is that ontology engineers can choose any
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language, depending on their application requirements. As a result
any attempt to find matching between terms expressed in two dif-
ferent ontologies will end up in situations where uncertain and con-
flicting hypotheses need to be processed, to find correspondences
between classes and properties of these ontologies.

Secondly, Semantic Web data quality issues need to be consid-
ered in any application context. In these cases, a manual input from
the ontology designer is hard to foresee therefore, applications it-
self need to be able to process low quality information when estab-
lishing a certain degree of understanding, through defining
different hypotheses related to the meaning of this data.
3.2. Trust in beliefs

Trust in general is in the focus of research from different fields of
computer science. As a result, different research communities have
come up with different definitions (Artz & Gil, 2007), depending
on the use and representation of this trust. Considering multi-agent
systems that operate in the Semantic Web environment, trust plays
a very important role. During communicating results, agents need to
decide if the information that is coming from an another agent can
be trusted or not given a particular scenario. As a consequence, the
interpretation of opinions like in our case beliefs in similarities be-
tween terms, can easily contradict and in these cases, agents need
to establish, which other agents’ belief can be accepted i.e. trusted.
Such trust has been defined differently by various researchers
(Grandison & Sloman, 2000; Mui, Mohtashemi, & Halberstadt,
2002; Olmedilla, Rana, Matthews, & Nejdl, 2005), however, we have
adapted into our ontology mapping context the most relevant defi-
nition from Olmedilla et al. (2005). According to this adapted defini-
tion, in a multi-agent ontology mapping system, trust in the beliefs
of mapping agents represent the amount of support that mapping
agent 1 can assign to mapping agent 2 for each proposed mapping
pair, given a concrete belief, similarity and belief difference.

In multi-agent environments that create ontology mappings,
trust can have its own meanings. For example, we can define trust
as a way to accept the reliability of information sources given the
quality of information and background knowledge the different
agents have used. As a result, this trust definition incorporates
the concepts of both machine understanding and Semantic Web
data quality, for mapping agents that need to propose a mapping
between concepts collectively. Additionally, trust is important con-
cept for mapping agent collaboration, because each proposed map-
ping is based on a subjective trust evaluation related to other
agents’’ belief.

Our approach involves a voting mechanism to establish these
trusts, without carrying out complex investigations i.e. without
creating additional computational burden.
4. Introducing fuzzy voting into ontology mapping

4.1. Fuzzy voting definition

Voting in order to eliminate conflicting opinions and decide on a
commonly agreed solution, has been advocated in the context of
political science Austen-Smith and Banks (1996) and Young
(1988) long before it appeared in the context of computer science.
The very same ideas can be transplanted to a multi-agent environ-
ments, where agents need to come up with a collectively accepted
solution. For example, during the ontology mapping process, vari-
ous similarity algorithms will produce different similarity mea-
sures. These differences will result in dissimilar degrees of belief
that can be conceived as alternatives for the proposed mapping
scenario. The difficulty coming up with an agreed solution lies in
the fact, that these beliefs cannot easily be associated with past
experiences or the reliability of the similarity algorithms. There-
fore, we propose a voting mechanism that facilitates the process
of reaching such agreement by evaluating trust in the established
beliefs. Voting is not only a very effective way to reconcile differ-
ences, but also a mechanism that can be used to represent the col-
lective preferences of individuals or software agents.
Unfortunately, given different input variables, stating that a partic-
ular belief can or cannot be trusted is not always evident. The dif-
ficulty is associated with the fact that each voter’s opinion is
derived from subjective probabilities over similarities. In such sit-
uations, the trust will always involve a certain level of vagueness
because the dividing line between trust and distrust cannot be
fixed for all cases in the mapping process. In addition to this, there
is no easy way of describing a belief in similarity as highly or less
trustful. Therefore, the most appropriate representation of trust for
each voter in this context is a fuzzy model as depicted in Fig. 1. Be-
fore evaluating trust in other agent’s belief in the correctness of the
mappings, each agent needs to calculate the difference between its
own and others beliefs. Depending on the belief difference, the
mapping agents can choose a trust level. For example, if the differ-
ence is 0.7 then the available trust level can be medium or low. In
the proposed mapping system, trust is modelled as overlapping
fuzzy membership output functions. Similarly to any fuzzy sys-
tems, each membership function (belief, belief difference or simi-
larity) l(x) is defined on the possible set of values U, where the
membership function shows the degree of membership (between
0 and 1) of a particular input value. In order to carry out the fuzzy
voting, we have defined the following fuzzy elements.

4.1.1. Input and output variables
For resolving conflict correctly during the ontology mapping, the

proper selection of input and output variables is important. Given
the fact that the best membership function can only be selected
based on experiments with the given fuzzy system, a series of
experiments have been executed with triangular, trapezoidal and
gauss shaped membership functions. Fig. 1 shows inputs (belief dif-
ference, belief and similarity for mapping agents) with triangular
and gauss output (trust) membership functions. The proposed fuz-
zy sets are described with their membership functions. They are
overlapping in order to allow sufficient value selection for each in-
put. Linguistic terms describing the fuzzy variables like ‘‘low simi-
larity’’ ensure that complex rules can be applied if necessary. For
example, when a mapping agent belief in similarities is 0.5 then,
a voting agent whose membership functions are depicted in
Fig. 1, can assign both ‘‘strong’’ and ‘‘weak’’ linguistic values. Ana-
logically, when ‘‘similarity’’ between terms is 0.12, then a voting
agent whose membership functions are depicted in Fig. 1 can only
assign ‘‘low’’ linguistic value for this variable.

These input variables and their linguistic representations are
defined as follows.

Definition 1. Similarity of entities in two different ontologies is
defined as a numerical measure that is produced by a certain
metrics. These metrics can vary from simple syntactic string
distances to more complex semantic sub-graph comparisons. We
propose three values for the similarity fuzzy membership value
n(x) = {low, average, high}.
Definition 2. Belief in the correctness of the mapping is an input
variable, which describes the amount of justified support to A that
is the lower probability function of Dempster, which accounts for
all evidence Ek that supports the given proposition A.

beliefiðAÞ ¼
X

Ek # A

miðEkÞ ð1Þ



Fig. 1. Example fuzzy membership functions.
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where m Demster belief mass function represents the strength of
some evidence i.e. m(A) is our exact belief in a proposition repre-
sented by A. The similarity algorithms itself produce these assign-
ments, based on different similarity measures. We propose two
values for the fuzzy membership value m(x) = {weak, strong}.
Definition 3. Belief difference is an input variable, which repre-
sents the agents’ own belief over the correctness of a mapping,
to establish mappings between concepts and properties in the
ontology. During conflict resolution, we need to be able to deter-
mine the level of difference. We propose three values for the fuzzy
membership value l(x) = {small, average, large}.
Definition 4. Low, medium and high trusts in other agents’ belief
are output variables and represent the level of trust we can assign
to the combination of our input variables. We propose three values
for the fuzzy membership value s(x) = {low, medium, high}.
4.1.2. Fuzzy rules
The rules of a fuzzy system define how the system should com-

bine the available inputs to produce the necessary output. As such
the fuzzy systems use condition ? action rules i.e. rules that can be
expressed in If hconditioni Then form.

For our conflict resolution problem, we have defined four sim-
ple rules (Fig. 2) that ensure that each combination of the input
variables produce output on more than one output i.e. there is al-
ways more than one initial trust level assigned to any input vari-
ables. For example, rule number three defines that the trust is
high when the belief difference is either small or average, the belief
is strong and the similarity is either high or average.

4.1.3. Defuzzification
Once the reasoning step has been finished, the fuzzy variables

need to be converted back to quantifiable outputs (i.e. real num-
bers, not fuzzy sets). This step ensures that the system will come
up with a meaningful number, like probability of the trust that best
describes the output fuzzy values. In practice, defuzzification of the
trust is the opposite of fuzzificating belief differences and the last
step in the process. There are various methods for achieving this
defuzzification. We have opted for the centre of area method, be-
cause it calculates an weighted average of the output membership
functions. Therefore, in the proposed system the trust levels are
proportional with the area of the membership functions, while
other defuzzification methods like Center of Maximum or Mean
of Maximum do not correspond well to our requirements.

Definition 5. For representing trust in beliefs over similarities we
have defined three membership functions, s(x) = {low, average,
high}.

The main objective of the proposed fuzzy voting mechanism, is
to eliminate conflicts that can be encountered using the belief
functions. This conflict can be detected when one belief supports
a particular mapping hypothesis, but an another belief does not
support it, or supports an another hypothesis. Consider for exam-
ple a situation, where three agents have used WordNet as back-
ground knowledge to build their beliefs considering different
concepts context. Each belief was derived from a background
knowledge e.g. agent 1 used the direct hypernyms, agent 2 the sis-
ter terms and agent 3 the inherited hypernyms. Based on string
similarity measures, a numerical belief value is calculated, which
represents the strength of the confidence that the two terms are re-
lated to each other. The scenario is depicted in Table 1.

The values given in Table 1 are demonstrative numbers just for
the purpose of providing an example. In our ontology mapping
framework Dempster–Shafer Similarity (DSSim), the similarities
are considered as subjective beliefs, which is represented by belief
mass functions that can be combined using the Dempster’s combi-
nation rule. This subjective belief is the outcome of a similarity
algorithm, which is applied by a software agent for creating map-
ping between two concepts in different ontologies. In our ontology
mapping framework, different agents assess similarities and their
beliefs in the similarities need to be combined into a more
coherent result. However, these individual beliefs in practice are of-
ten conflicting. In this scenario applying Dempster’s combination
rule to conflicting beliefs can lead to an almost impossible choice
because the combination rule strongly emphasises the common
support of beliefs that have been established for the various
sources. Additionally, several criticisms have been formulated
because due to the normalisation of the beliefs the combination dis-
regards contradictory evidence. The counter-intuitive results that
can occur with Dempster’s rule of combination are well known
and have generated a great deal of debate within the uncertainty
reasoning community. Different variants of the combination rule
(Sentz & Ferson, 2002) have been proposed, to achieve more realis-
tic combined belief. Instead of proposing an additional combination
rule, we turned our attention to the root cause of the conflict itself,
namely how the uncertain information was produced in our model.



Fig. 2. Fuzzy rules for trust assessment.

Table 1
Belief conflict detection.

Conflict detection Belief 1 Belief 2 Belief 3

Obvious 0.85 0.80 0.1
Difficult 0.85 0.65 0.45

Table 2
Possible values for the voting.

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10

Lt Lt Lt Lt Lt Lt Lt Lt Lt Lt

Mt Mt Mt Mt Mt Mt

Ht Ht Ht
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The fuzzy voting model was developed by Baldwin (1999) and has
been used in Fuzzy logic applications. However, to our knowledge it
has not been introduced in the context of trust management on the
Semantic Web. In this section, we will briefly introduce the fuzzy vot-
ing model theory using a simple example of 10 voters voting against
or in favour of the trustfulness of an another agents’ belief over the
correctness of mapping. In our ontology mapping framework, each
mapping agent can request a number of voting agents to help assess-
ing how trustful the other mapping agents’ belief is.

According to Baldwin (1999) a fuzzy linguistic variable can be
defined as a a list of elements (L, T(L), U, G, l), where L represents
a variable name, T(L) is the set of labels U is all possible values for
the variable and G, l a syntactic and semantic rule. For trust
assessment in ontology mapping, we assume that G is equivalent
to null and the variable labels are described by T(L). A formalisation
of the fuzzy voting model can be found in (Lawry, 1998).

To define trust, we define three labels for the linguistic variable
{Low_trust (Lt), Medium_trust (Mt) and High_trust (Ht)}, where the
possible values can be in U = [0,1]. Further assume that we have n
number of voters where each voter need to pick different labels
from the possible labels represented by T(L) for a particular input
value represented by u. In these cases, the membership value
vlðwÞðuÞ is equivalent to the proportion of voters who can choose
u in the labels represented by w.

To eliminate conflict in the beliefs, a number of independent
voters need to be considered and their opinions need to be consol-
idated. Therefore, in our case and for demonstrating the approach
we define 10 voters. The argument is that 10 voters should be
sufficient to represent the different opinions, and ensure the best
possible outcome of the voting.

Formally, let us define

V ¼ fA1;A2;A3;A4;A5;A6;A7;A8;A9;A10g ð2Þ
TðLÞ ¼ fLt;Mt ;Htg

The number of voters can differ, however, assuming 10 voters
can ensure that

1. The overlap between the membership functions can propor-
tionally be distributed on the possible scale of the belief dif-
ference [0 � � �1].

2. The work load of the voters does not slow the mapping pro-
cess down.

Let us start illustrating the previous ideas with a small example.
By definition consider three linguistic output variables L represent-
ing trust levels and T(L) the set of linguistic values as T(L) = {Low_-
trust, Medium_trust, High_trust}. Then, we define the membership
functions per output variable i.e. {(Low_trust), (Medium_trust),
(High_trust)}. Further each voter has different overlapping gaussian
membership functions as depicted in Fig. 1.

The overlap between the membership functions represented by
the different vertices in Fig. 1, ensures that voters can introduce
different opinions as they pick the possible trust levels for the
same difference in belief.

The possible set of trust levels L = TRUST is defined by Table 2.
Note that in the table we use a short notation Lt means Low_trust,
Mt means Medium_trust and Ht means High_trust. Once the fuzzy
sets have been defined, the system is ready to assess the output trust
memberships for the input values. Both input and output variables
are real numbers on the range between [0 � � �1]. Based on the differ-
ence of beliefs, own belief and similarity of the different voters the
system evaluates the scenario. The evaluation includes the fuzzifica-
tion, which makes the conversion between the input and the fuzzy
values, the reasoning process that is operates with the defined fuzzy
rules to assign fuzzy output to the inputs. In the last step the defuzz-
ification is carried out, which transforms the fuzzy outputs into val-
ues that can be used for further processing. Therefore, each input
(belief difference, belief and similarity) produces a possible defuzz-
ified output (low, medium or high trust) for the possible output vari-
ables. Each defuzzified value can be interpreted as a possible trust
level, where the linguistic variable with the highest defuzzified va-
lue is retained in case more than one output variable is selected.
As an example consider a case where the defuzzified output for be-
lief difference between agent 1 (A1) and agent 2 (A2) with a value
0.67 has resulted in the situation described in Table 2. Note that each
voter has its own membership function, where the level of overlap is
different for each voter. Based on a concrete input, the first voting
agent could map the defuzzified variables into high, medium and
low trust whereas tenth voting agent to only low trust.

Note that behind each trust level there is a real number, which
represents the defuzzified value. These values are used to reduce
the number of possible linguistic variables in order to obtain the
vote for each voting agent. Each agent retains the linguistic vari-
able that represents the highest value and is depicted in Table 3.

Taken as a function of x these probabilities form probability
functions. They should therefore satisfy:X

PrðL ¼ wjxÞ ¼ 1 ð3Þ
w 2 TðLÞ

which gives a probability distribution on words:
X

PrðL ¼ Low trustjxÞ ¼ 0:6 ð4Þ
X

PrðL ¼ Medium trustjxÞ ¼ 0:3 ð5Þ
X

PrðL ¼ High trustjxÞ ¼ 0:1 ð6Þ



Table 3
Voting.

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10

Ht Mt Lt Lt Mt Mt Lt Lt Lt Lt
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As a result of voting, we can conclude that given the particular
difference in beliefs (represented by a real number 0.67 in this
example) the combination should not consider this belief of agent
2 (A2). This is because based on its difference compared to belief of
agent 1 (A1) it turns out to be a distrustful assessment. The before
mentioned process of taking the ‘‘probability distributions on
words’’ is then repeated as many times as needed. In fact, the pro-
cess is repeated as many different beliefs we have for the similarity
(i.e. as many as different similarity measures exist in the ontology
mapping system).

4.2. Membership functions

The proper selection of a good membership function for a fuzzy
system plays an important role in the overall applicability of the sys-
tem for a particular problem. Therefore, for our conflict resolution
problem we have carried out experiments, to select the best possible
membership function combination that fit well to our problem.

We have experimented with the trapezoidal, triangular and
gauss membership functions and their combinations, to represent
our input and output variables. For each test, we have generated
300 scenarios, which contain random input variables (belief differ-
ence, belief and similarity) that maps to a single trust level i.e. out-
put variable (high, medium or low trust). In addition, we have
defined nine combinations of membership functions that describes
our input and output variables. We repeated our experiment 1000
times regenerating the 300 scenarios for each iteration.

Based on out experiments, describing trust levels with trapezoi-
dal triangular or gauss membership functions has proved to be
successful (see Fig. 1), when it is combined with a triangular input
values. The selection of the output membership functions does not
influence the overall results. In this case, the average number of
wrong answers are 121 out of 300 per scenarios therefore we can
eliminate conflict in 2/3 of the cases. The second alternative with
slightly worst precision is the trapezoidal input where 150 cases
are wrongly resolved out of 300. The worst combination is the gauss
input where 200 conflict resolution were wrong out of 300.

5. OAEI case study

Experimental comparison of the conflict resolution has been
carried out with the Ontology Mapping Evaluation Initiative data
sets from 2007 and 2008. In this section the results of these exper-
iments are presented.

The OAEI evaluation uses widely accepted measures for search
systems called recall and precision. Both precision and recall have
a fixed range between 0 and 1 (i.e. 0% and 100%). Precision shows
how many correct mappings have been returned by the search en-
gine or a mapping system, while recall measures how many rele-
vant mappings have been returned by the system.

The first experiments have been carried out with the bench-
mark ontologies of the Ontology Alignment Evaluation Initiative
(OAEI),4 which is an international initiative that has been set up
for evaluating ontology matching algorithms. The experiments were
carried out to assess how trust management influences results of our
proposed mapping algorithm. The main objective was to evaluate
the impact of establishing trust before combining beliefs in similar-
ities between concepts and properties in the ontology.
4 http://oaei.ontologymatching.org/.
The benchmark tests are easily processable for any system, be-
cause the original reference ontology contained 33 named classes
and 64 properties. Additionally, each test contains the reference
alignment, which can be used to validate the generated results.

The benchmark tests can be grouped into 3 different categories:

� Group 1xx: relatively simple tests such as comparing the ref-
erence with itself or with a totally different ontology.

� Group 2xx: these tests are the most interesting ones for the
evaluation. Different tests have been generated using the ref-
erence ontology and change it using a specific rule. For
example, replacing class names with random strings, intro-
ducing different naming conventions, remove class hierarchy
or reducing the expressiveness of the ontology from OWL
FULL to OWL Lite.

� Group 3xx: four real ontologies of bibliographic references
that were defined by different research institutions.

Due to the fact that the benchmark is the only test set in the
OAEI tracks where the results are also available, we have first
run our experiments where DSSim applies the fuzzy voting model
for evaluating trust and one without it. Therefore, as a basic com-
parison we have modified the mapping algorithm (without trust),
which does not evaluate trust before conflicting belief combina-
tion, just combine them using Dempster’s combination rule. The
recall and precision graphs for the algorithm with trust and with-
out trust over the whole benchmarks are depicted in Figs. 3 and 4.
Experiments have proved that with establishing trust one can
reach higher average precision and recall rate.

Fig. 3 depicts the recall values that were measures with and
without applying trust assessment between mapping agents in
the DSSim algorithm for the benchmark test categories.

Fig. 4 depicts the precision values that were measures with and
without applying trust assessment between mapping agents in the
DSSim algorithm for the benchmark test categories. Both recall and
precision have been improved applying our trust model for com-
bining contradictory evidence. From the precision point of view,
the increased recall values have not impacted the results signifi-
cantly, which is good because the objective is always the improve-
ment of both recall and precision together. More specifically, we
have measured the average improvement for the whole bench-
mark test set that contains 51 ontologies. Based on the experi-
ments, the average recall has increased by 12% and the precision
is by 16%. The relative high increase in precision compared to recall
is attributed to the fact that in some cases the precision has been
increased by 100% as a consequence of a small recall increase of
1%. This is perfectly normal because if the recall increases from
0% to 1% and the returned mappings are all correct (which is
Fig. 3. Benchmarks-Recall graph with and without applying fuzzy voting.

http://oaei.ontologymatching.org/


Fig. 4. Benchmarks-Precision graph with and without applying fuzzy voting.
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Fig. 5. Directory-Recall graph with and without applying fuzzy voting.
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Fig. 6. Directory-Precision graph with and without applying fuzzy voting.
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possible since the number of mappings are small) then the preci-
sion increases from 0% to 100%. Furthermore the increase in recall
and precision greatly varies from test to test. Surprisingly, the pre-
cision has decreased in some cases (5 out of 51). The maximum de-
crease in precision was 7% and maximum increase was 100%. The
recall has never decreased in any of the tests and the minimum in-
crease was 0.02% whereas the maximum increase was 37%.

As mentioned above, in our ontology mapping algorithm there
are number of mapping agents that carry out similarity assess-
ments, hence create belief mass assignments for the evidence. Be-
fore the belief mass function is combined, each mapping agent
need to calculate dynamically a trust value, which describes how
confident the particular mapping agent is about the other mapping
agents’ assessment. This dynamic trust assessment is based on the
fuzzy voting model, and depends on its own and other agents’ be-
lief mass function. In our ontology mapping framework, we assess
trust between the mapping agents’ beliefs and determine, which
agents’ belief cannot be trusted, rejecting the one, which is as the
result of trust assessment become distrustful.

The weakness of our system is to provide good mappings, when
only semantic similarity can be exploited is the direct consequence
of our mapping architecture. At the moment, we are using 4 map-
ping agents where 3 carries our syntactic similarity comparisons
and only 1 is specialised in semantics. However, it is worth to note
that our approach seems to be stable compared to our performance
in 2006 and 2007. The precision and recall values were similar, in
spite of the fact that more and more difficult tests have been intro-
duced in 2008. As the DSSim architecture is easily expandable with
adding more mapping agents, it is possible to enhance our seman-
tic mapping performance in the future.

5.1. Directory

The directory track is a large and challenging track, because the
tests were generated from existing Web directories i.e. real world
ontologies. The size of the ontologies are relatively small, however,
the number of tests are large. Further the generated ontologies do
not have a deep class hierarchy and they do not contain any
properties.

The specific characteristics of the dataset are as follows:

� The root of the web directories has been included with a small
number of classes for more than 4500 tests. Expert mappings
for all the matching tasks.
� Each test contains only simple ontology relationships i.e.

subclass
� The generated tests contain mistakes concerning the terminol-

ogy in order to mimic the real world modelling scenario.
Figs. 5 and 6 display the result of the mapping with and without
applying trust into the belief combination for the directory track
for each test case. In case of the directories, the measures without
applying trust have been calculated based on the original results
submitted to the OAEI organisers. During the OAEI evaluation
DSSim has produced only one mapping file that included the trust
assessment algorithm. Based on the results communicated by the
organisers we have run the our mapping algorithm and compared
the mapping file with the one that was submitted to OAEI. The li-
brary track shows large differences in some mappings (e.g. 50%
better with applying trust), however, it is important to note that
these large differences can be attributed to the fact that the ontol-
ogies contain only a couple of classes. In these cases, even improv-
ing the mapping with two new mapping pairs can result in a 50%
increase in precision or recall. Therefore, the results should be
interpreted considering this bias. Thanks to the large number of
tests i.e. more than 4500 mapping tasks, it is possible to deduce
an average improvement for both precision and recall. Considering
recall, the average improvement was 8% and the precision increase
was 11%.
6. Conclusions and future work

In this paper, we have proposed a fuzzy voting model to elimi-
nate conflicts in beliefs in the context of ontology mapping. We
have defined what fuzzy trust means in this context, and have
defined the input and output variables of a fuzzy system that can
be used to manage the contradictory beliefs. Through fuzzy trust,
we have defined different trust levels, represented by linguistic
variables. Recognising the importance of different trust levels is
relevant, not just for ontology mapping but for the Semantic
Web as a whole. Based on the experiments with the different OAEI
tests, we can conclude that by the addition to the combination rule,
we had improved average recall up to 12% and the precision
between 3% and 16% as depicted in Figs. 3 and 4. In practice these
improvements are significant in terms of recall and precision, be-
cause in the ontology mapping community researchers are trying
to push the limits of the existing matching algorithms to achieve
around 10% and 30% improvement. In addition, our proposed
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approach also turns out to be flexible concerning the improve-
ments in precision and recall. The reason is that the membership
functions for the voters can be changed dynamically in order to
influence the outputs, according to the different similarity mea-
sures that can be used in the mapping system. We have described
initial experimental results with the benchmarks of the Ontology
Alignment Initiative, which demonstrates the effectiveness of our
approach through the improved recall and precision rates. There
are many areas of ongoing work, with our primary focus consider-
ing the effect of the changing number of voters and the impact on
precision and recall or applying our algorithm in different applica-
tion areas. In the future, we also try to investigate how multilingual
background knowledge can impact the mapping process for ontol-
ogies that are not in English e.g. library. We also aim to measure
the proportion of the obvious and difficult conflicts (see Table 1)
that can occur during the mapping process and how these affect
the overall performance of our solution.
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