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Abstract. Pay as you go ontology matching, the technique of first executing an automatic matching tool and then engaging
user(s) to improve the quality of an alignment produce by the tool is gaining popularity. Most of the existing techniques employ
a single user to validate mappings by annotating them using terms from a controlled set such as “correct” or “incorrect”. This
single user based approach of validating mappings using a controlled set of vocabulary is restrictive. First, the use of controlled
vocabulary does not maximize the effort of user since it restrains her from adding more meaning to the concepts participating in
low-quality mappings using her own terms. Secondly, a single user approach of validating wide range of mappings is error prone
since even the most experienced user may not be familiar with all subtopics contained in the input ontologies. We demonstrate in
this research that through tagging of concepts participating in mappings flagged as low-quality, we can achieve both mappings’
validation and ontology metadata enrichment by adding quality annotations to the ontology.
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An ontology is a formal specification of shared con-
ceptualization which provides a vocabulary describ-
ing the domain of interest [1]. It plays an important
role in sharing and reusing knowledge among soft-
ware agents. Due to their importance, multiple inde-
pendent ontologies have been developed with some
level of overlapping information among them. To en-
able integration of these independent ontologies, on-
tology matching, the task of finding correspondences
between semantically related entities of different on-
tologies [2] is usually performed. Consequently, many
tools have been developed with the aim of perform-
ing automatic matching of heterogeneous ontologies
[3, 4]. However, today’s ontologies’ sizes have be-
come large hence presenting scalability challenges to
the tools matching them. Key among these challenges
is the requirement that a tool has to reason over a large
number of input ontologies’ axioms in order to estab-
lish mappings that exist between their entities. This in-
creased demand for reasoning on a tool degrades its ef-
ficiency making it to establish a significant number of
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wrong mappings between entities of input ontologies
[5, 6]. To mitigate the effects of degraded efficiency,
some tools such as LogMap [7], ALCOMO [8] and [9]
have alignment repairing capabilities to automatically
repair inconsistent mappings that exist in an alignment.
However, as discussed in [10], the automatic repairing
techniques suffer from a number of issues:

– They remove high number of correct mappings
from the final alignment.

– When different repair techniques are applied to a
given alignment, they produce different repaired
alignments i.e. there is no consistency in the re-
paired alignments of the tools.

These problems of automatic alignment repair tech-
niques have motivated different research works to ex-
plore how user(s) can be integrated into the ontology
matching process with a goal to improve the quality of
mappings produced between two ontologies. One key
strategy that is gaining popularity is the pay as you go
ontology matching technique. This is a strategy of per-
forming initial ontology matching automatically and
then the quality of the established alignment is refined
over time [11]. For example, research in [11–13] have
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incorporated users who improve the quality of map-
pings generated automatically. The existing research
on pay as you go technique however still suffer from a
number of drawbacks:

1. They restrict users to only evaluate the accu-
racy of the matched concepts through constrained
terms such as “similar to”, “corresponds to” etc.
contradicting the work in [14] which established
that users prefer tagging of concepts by assign-
ing them their own meaning rather than being re-
stricted to narrow range of mapping terminolo-
gies such as to answer questions like “corre-
sponds to” and “similar to”.

2. They employ a single user to evaluate mappings,
a strategy which is error prone since it is very dif-
ficult to find an expert who is well versed with all
subtopics in a large ontology.

3. They fail to maximize the effort of a user who
apart from verifying mappings, can also enrich
the contents of an ontology.

This research therefore seeks to fill these gaps by
employing multiple users in a collaborative fashion
to tag concepts that participate in mappings that are
flagged as low quality. Through tagging these con-
cepts, we demonstrate that both mapping validation
and ontology’s meta data (annotation) enrichment can
be achieved. Users are selected based on their expertise
in a given ontology domain hence they are considered
domain experts who can assign alternative labels to an
entity during the tagging process. Employing multiple
users in mapping validation significantly reduces the
degree of erroneous validations that is associated with
single user. With tagging, users enter labels in a free
form to tag concepts (entities) of an ontology. From
users’ tags we are able to validate if two concepts of
a mapping are similar or not. Furthermore, based on
work by [15] who showed that lightweight ontologies
can be derived from the users’ tags, we utilize quality
tags that are associated with an entity to enrich its an-
notation in an ontology. The tags are embedded as an
entity’s label annotation. By doing this, we are able to
add more meaning to an entity. Our work is restricted
to validating equivalent mappings.

1. Definition of Terms

In this section, we define key terms used in this pa-
per to make it self-sufficient.
Ontology matching is the process of finding semantic

relationships that exist between entities of two ontolo-
gies.
A correspondence between two ontologies OT and
OS is a triple 〈e1, e2, r〉 where the entity e1 ∈ OS ,
e2 ∈ OT and r is the semantic relationship that ex-
ists between e1 and e2. It can also be referred to as
a mapping. In some instances, a correspondence can
be represented as a 4-uple, in such a case the degree
of confidence of a correspondence is also included i.e
〈e1, e2, r, v〉 where v ∈ [0, 1] is the confidence level of
the semantic relationship r.
An alignment is a set of correspondences between two
ontologies.
A matcher is an automatic matching algorithm em-
ployed by ontology matching tool to establish an align-
ment between two ontologies.
Similarity matrix is a matrix M = (si j)i=1,..n, j=1,..m
generated by a matcher L after matching the entities of
the source (OS ) and target (OT ) ontologies. Each en-
try si j of the matrix M is the similarity value attached
to a given relationship between entities e j ∈ OS and
e j ∈ OT . In this case, |OS |=n and |OT |=m.
In the remaining sections of the paper, section 3 dis-
cusses related work, section 4 provides a detailed dis-
cussion of the proposed framework of validating map-
pings through tagging and finally section 5 provides
the results and discussion of the evaluation of the entire
proposed technique of validating mappings through
tagging.

2. Related Work

The pay as you go technique as implemented by the
current literature can be summarized as described in
Algorithm 1. From Algorithm 1, a number of issues
arise which help us to focus our review in this section.
In line 2 of the algorithm, once a tool has established
an initial alignment AI , it has to select low quality map-
pings from AI that require user’s validation. Section
3.1, provides a review of the different techniques that
tools employ to select low quality mappings from the
alignment AI . Line 3 of the algorithm allows users to
evaluate the low quality mappings selected in line 2.
This step raises a number of issues:

1. How is a user selected to participate in the map-
ping validation?

2. What are the design features that should be in-
cluded in the user interface of a tool with an in-
teractive mapping evaluation module?
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Algorithm 1 Summary of the pay as you go technique.
INPUT Source ontology (Os), target ontologies
(Ot) and automatic matching tool M.
OUTPUT Quality alignment A.

1: Generate initial alignment AI between Os and
Otusing automatic mapping tool M.

2: Select a set of mappings L from AI that are con-
sidered low quality.

3: User or Users query the set of low quality map-
pings L for validation.

4: Improve the quality of AI based on the usersâĂŹ
feedback.

5: Iterate the process from step 2 until mapping qual-
ity of AI attains the highest possible quality (i.e.
highest possible precision and recall)

6: output the final alignment A.

3. How do tools accept feedback from the user(s)?
4. In case multiple users are involved in the valida-

tion process, how is consensus reached in cases
where their feedback on a given mapping dis-
agree?

The first two issues are conclusively addressed in
[16, 17]. Our review here is focused on the last two
questions i.e. we review different techniques of ac-
cepting feedback from the user(s) and the techniques
tools are employing to reach consensus in case multi-
ple users disagree in their feedback (section 3.2). Fi-
nally, in line 4 the quality of the alignment AI is im-
proved based on the user’s feedback. Section 3.3 dis-
cusses the different techniques that different researches
have proposed to utilize user’s feedback to improve the
quality of the alignment AI .

2.1. Selecting Low Quality Mappings for Validation

Manual curation of mappings such as pay as you
go technique is time-consuming, especially if the input
ontologies are large since they generate a large num-
ber of candidate mappings [18]. In order to make the
process of user validation feasible i.e. appealing to the
user(s) and scalable, only a small sample of initially
generated mappings should be queried by the user for
evaluation. Therefore, ontology matching tools per-
forming interactive matching should implement tech-
niques of selecting the most informative candidate
mappings that after users’ feedback, the feedback will
maximize the improvement of the previous iteration’s
matching performance. In [13], the authors propose the
use of an erroneous mapping as the most informative

mapping since its correction and propagation of the
correction in the similarity matrix guarantees further
improvement of the previous mapping results. An er-
roneous mapping in this context is defined as a map-
ping between two entities from source and target on-
tology where automatic matcher establishes a certain
relationship e.g. equivalence but according to some
defined (possibly unknown) reference alignment, it is
wrong. The problem of selecting low quality mappings
for evaluation can be defined as:
Given an initial mapping set M, generated by au-
tomatic matcher(s), find a minimum set of mapping
Mu ⊆ M such that for each iteration M \ Mu → M f ,
where M f is the final alignment. This definition as-
sumes that all mappings in the set Mu are validated as
wrong mappings. Three key techniques currently exist
in literature for candidate mappings selection for user
validation:

1. Probabilistic based techniques.
2. Similarity matrix based techniques.
3. Conservativity based techniques

2.1.1. Probabilistic Based Techniques
These techniques apply statistical methods to pick

candidate mappings for evaluation. After establishing
initial alignment using automatic matching tool, statis-
tical methods are then applied to the alignment to pick
sample mappings that user’s feedback will be sought.
This is applied in [11] where they apply simple ran-
dom sampling as proposed in [19] to pick candidate
mappings for user evaluation. A clear disadvantage of
this technique is that it does not pay attention to select-
ing wrong mappings (informative mappings) therefore
may result in users not providing significant improve-
ment to the quality of mappings. However, the sample
size of the selected mappings for user evaluation can
be controlled to fit the user’s needs.

2.1.2. Similarity Matrix Based Techniques
These techniques select low quality mappings from

the final similarity matrix generated by a tool. Work
in [12] presents a number of metrics that pick low
quality mappings based on the conflicts that exists in
the similarity matrix. They propose Cross Sum Qual-
ity (CSQ) and Similarity Score Definiteness (SSD)
metrics which rank mappings in the increasing order
quality. CSQ assigns higher quality score to a map-
ping which has less conflicts with other mappings in
the similarity matrix while SSD measures how close
the similarity value of mapping is to the similarity
scoresâĂŹ upper and lower bounds [1,0]. Work in [13]
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flags low quality mappings based on the confidence
value assigned to a given mapping. The confidence
value Con f idence(m(ei, e j)) of a mapping m(ei, e j) is
computed by finding the difference between a given set
threshold θ and the similarity value S (ei, e j) of a map-
ping m(ei, e j) as shown in equation 1. Mappings that
have low confidence values are flagged as low quality
mapping.
Generally, the similarity matrix based techniques of se-
lecting low quality mappings ignore the underlying se-
mantics that exists in the two input ontologies hence
leave out a significant number of low quality map-
pings.

Con f idence(m(ei, e j)) = |θ − S (ei, e j)| (1)

2.1.3. Conservativity Based Techniques
This technique flags low quality mappings when an

alignmentA generated by a tool is incoherent (see def-
inition 3). The problem of incoherence in the align-
ment can arise either due to incompatibility between
ontologies O1 and O2 or as results of wrong mapping.
Therefore, mappings that result in consistency viola-
tions become candidates for user evaluation. This tech-
nique is implemented by ALCOMO [8], AML [9] and
LogMap [20]. The technique has the disadvantages
that:

1. It selects a high number of correct mappings as
wrong [10]. This is due to the fact that different
ontologies can model a given concept differently
hence a set of mappings that are correct can ren-
der an alignment A incoherent when compared
to the input ontologies. Therefore, selecting map-
pings based on incoherence alone will flag a sig-
nificant number of correct mappings as wrong
[10].

2. It ignores a significant number of potential wrong
mappings generated due to inconsistencies in the
similarity matrix.

3. It ignores a significant number of potential wrong
mappings contributed by instability in the final
alignment.

2.2. User’s Feedback

In order to get user’s feedback, systems implement
two key dimensions

1. Single user vs Multiple users
2. Controlled annotation vs Uncontrolled annota-

tion.

2.2.1. Controlled Annotation vs Uncontrolled
Annotation

In pay as you go, user(s) provide feedback in form
of annotations. They annotate mappings based on the
technique being applied by a system to verify correct-
ness of a mapping. Formally, feedback can be viewed
as a tuple 〈M, a, u, t〉 with M specifying the mapping,
a the annotation provided by the user u, and t indicates
the type of feedback [21]. Depending on the system,
the set of annotations provided by the user can either
be controlled or uncontrolled.
Controlled model is a setup where a user is allowed
only to choose annotations from a fixed set of options
such as evaluating if a mapping is correct or incorrect.
Compared to uncontrolled scheme, this model is rela-
tively fast since a user has no extra cognitive burden of
coming up with his or her own tags, a process which
may take some time. This scheme is implemented in
[9, 12, 13, 20, 22, 23].
Uncontrolled model is where users provide the anno-
tations in free form nature. Despite placing an extra
cognitive burden on users, that they should come up
with their own tags, it is supported by work in [14]
who found out that users prefer tagging of concepts to
assign them their own meaning rather than being re-
stricted to narrow range of mapping terminology such
as to answer questions like “corresponds to” and “sim-
ilar to”. Currently there is no tool that implements un-
controlled annotation model. To the best of our knowl-
edge we believe the work presented in this paper is the
first to exploit this technique.

2.2.2. Single User vs Multiple Users
Single user evaluation is where only a single user

is allowed to validate a mapping. This has the advan-
tage that it avoids dealing with diverse and sometimes
disagreeing answers that are common when multiple
users are engaged. However, it faces a number of criti-
cisms. First, it is hard to find a single expert who is well
versed will all subtopics contained in the two input on-
tologies. Consequently, restricting the ability of a sin-
gle user to evaluate wide range of mappings from dif-
ferent subtopics that exist in the input ontologies. Sec-
ondly, in the single user mapping evaluation scheme,
in case a user makes an error in evaluation, his or her
evaluation is adopted since there are no other user to
dispute. Some research such as [11] evaluate the relia-
bility of a single user using Intra Observer Reliability
(IaOR) as proposed in [24]. The single user technique
is applied in [9, 13, 20, 22, 23, 25].
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Multiple user evaluation is where multiple users pro-
vide feedback on a given mapping. With multiple
users, conflicts in annotations of a given mapping are
likely to arise. A conflicting feedback is a feedback
where a mapping M is assigned two or more annota-
tions with conflicting meaning [21]. Tools that employ
this scheme have an extra task of establishing consen-
sus among the conflicting users in a given mapping.
Its reliability is however more assured as compared to
single user model since a feedback is adopted only af-
ter majority of users agree on a given feedback. This
scheme is implemented in [12] where they use sim-
ple majority vote to come to the final evaluation of a
mapping from different answers provided by different
users. [26] uses an alignment API to assess mappings
provided by the crowd.

2.3. Improving Mappings Using User’s Feedback

In pay as you go technique user’s feedback is used
to improve the mappings generated by the automatic
mapping tool. The existing techniques in literature uti-
lize user’s feedback by either updating the similarity
matrix or directly correcting the mappings. In [13],
once users confirm a mapping to be either correct or
wrong they use similarity flooding proposed in [27]
to correct other related mapping therefore minimiz-
ing users effort. In [12] they update similarity matrix
based on the users’ response then execute the auto-
matic selector algorithm to select new improved align-
ment from the adjusted similarity matrix. In [20], they
directly remove mapping rejected by users from the fi-
nal set of mapping.

3. TagMatch Interactive Framework

In this section, we present our proposed framework
of evaluating mappings through tagging. Our discus-
sion mainly follows the steps of the generic algorithm
presented in Algorithm 1.

3.1. Step1: Executing Automatic Matcher

Given two input ontologies O1 and O2, an auto-
matic matching tool is first executed to establish an
alignment A that contains mappings between entities
of ontologies O1 and O2.

3.2. Step2: Selecting Low Quality Mappings

After an automatic matching tool has generated an
alignment A consisting of mappings between the en-
tities of the source and target ontologies, the chal-
lenge becomes how to identify potential wrong map-
pings contained in the alignment A that will require
users’ validation. We advance the state of the art by
introducing the concept of flagging low quality map-
pings based on unstable mappings that exists inA. We
also present different techniques of picking low qual-
ity mappings based on similarity matrix. We finally in-
tersect the results of similarity matrix based technique
and the ontology structure based techniques to estab-
lish mappings that have the highest likelihood of being
wrong. In order to pick potential wrong mappings, we
employ two key techniques:

1. Ontology structure dependent techniques.
2. Ontology structure independent techniques.

3.2.1. Ontology Structure Dependent Techniques
(OSDT)

To flag low quality mapping using this technique,
we rely on the structural relationships that are modeled
in the two input ontologies to be matched and those
generated based on merging the two input ontologies
via equivalence correspondences established between
their respective entities. Mappings that make the final
alignment unstable or incoherent are flagged as low
quality and therefore need usersâĂŹ validation.
Definition 1: Merged ontology. Given an alignment

Fig. 1. Fragments of SNOMED CT and FMA ontologies

A between two ontologies O1 and O2, the merged on-
tology O1 ∪A O2 of ontology O1 and O2 connected
via A is defined as O1 ∪ O2 ∪ EQ(c) where the func-
tion EQ converts equivalent correspondences between
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O1 and O2 into equivalence axioms in O1 ∪A O2.
Converting the equivalent correspondences between
the two ontologies into equivalence axiom in merged
ontology helps in achieving subsumption relationship
between concepts of the independently modeled on-
tologies.

Definition 2: Unstable alignment. An alignmentA
between ontologies O1 and O2 is regarded as unsta-
ble if there exists a pair of concepts A, B ∈ Oi with
i ∈ {1, 2} such that:

1. Oi 6|= A v B and O1 ∪A O2 |= A v B.
2. Oi 6|= A ≡ B and O1 ∪A O2 |= A ≡ B.

If a correspondence introduces new subsumption or
equivalence relationship between the entities of a given
ontology in the merged ontology that did not exist in
the original ontology, the correspondence is flagged as
unstable (unreliable) mapping. The mappings that are
flagged as unstable include:

1. IfO1 |= X v X′ andO2 |= ¬(Y v Y ′) and any of
the following mappings combination m1 = 〈X,Y,≡〉
and m2 = 〈X′,Y ′,≡〉 or m1 = 〈X,Y ′,≡〉 and
m2 = 〈X′,Y,≡〉 exists in the final alignment,
then flag the mappings m1 and m2 as unstable
since they introduce new subsumption relation-
ship Y v Y ′ or Y ′ v Y respectively in the merged
ontology while the relationship did not exist in
the ontology O2. The mappings m1 and m2 are
added into a set T i.e set comprising of low qual-
ity mappings.
Example 1: Consider the two ontologies in figure
1, FMA |=¬ (d2v c2) while CT |= d1v b1. If the
mappings (d1, d2,≡) and (b1, c2,≡) exist in the fi-
nal alignment generated by a given tool, then a
new subsumption relationship d2v c2 between
concepts of FMA ontology is introduced in the
merged ontology while it did not exist in the FMA
ontology. The mappings which introduce this new
relationship are flagged as unstable and hence are
candidates for user validation.

2. If X1 ∈ O1 and O2 |= ¬(Y1 ≡ Y2) and the map-
pings m1 = (X1,Y1,≡) and m2 = (X1,Y2,≡) ex-
ist in the final alignment, then flag the mappings
as unstable and update the set T with the map-
pings m1 and m2 if they are not already in T. The
mappings m1 and m2 are flagged as unstable since
they introduce new relationship (Y1,Y2,≡) in the
merged ontology that did not exist in the ontology

O2.
Example 2: In figure 1, b1∈ CT while FMA |=
¬(b2≡ c2). If the mappings(b1, b2,≡) and (b1,c2,
≡) exist in the final alignment, the mappings
should be flagged as unstable since they introduce
new relationship (b2≡ c2) in the merged ontology
while the relationship is not entailed in FMA on-
tology.

3. If O1 |= ∃R1.> v X and O2 |= ¬(∃R2.> v Y)
and the mappings m1 = 〈R1,R2,≡〉 and m2 = 〈X,Y,≡〉
exist in the final alignment, then flag the map-
pings m1 and m2 as unstable and update the set T
with the mappings m1 and m2 if they are not al-
ready in T. The mappings m1 and m2 are flagged
as unstable since they introduce the relationship
O2 |= ∃R2.> v Y that was not entailed in ontol-
ogy O2.

Fig. 2. Ontology fragment

Example 3: In figure 2, O1 |= ∃hasWritten.> v
Reviewer and O2 |= ¬(∃writtenBy.> v Author).
If both the mappings (hasWritten,writtenBy,≡
) and (Reviewer,Author,≡) exists in the final
alignment, the mappings should be flagged as un-
stable since they introduce new relationshipO2 |=
∃writtenBy.> v Author in the merged ontology
while the relationship is not entailed in the ontol-
ogy O2 which is the source of the two entities.

Definition 3: Incoherent alignment. An alignment A
between ontology O1 and O2 is regarded as incoher-
ent if there exists a concept C ∈ Oi with i∈ {1, 2} such
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that Oi 6|= C v ⊥ and O1 ∪A O2 |= C v ⊥.
Incoherence arises if the merged ontology has contra-
dicting axioms. The mappings that are flagged as inco-
herent are:

1. If O1 |= X v ¬X′ and O2 |= Y v Y ′ and any
of the mapping combinations m1 = 〈X,Y,≡〉
and m2 = 〈X′,Y ′,≡〉 or m1 = 〈X,Y ′,≡〉 and
m2 = 〈X′,Y,≡〉 exists in the final alignment, flag
the mappings m1 and m2 as incoherent and update
the set T with m1 and m2 if they are not already
in T. The mappings m1 and m2 are flagged as in-
coherent since through them both X v ¬X′ and
X v X′ will be entailed in the merged ontology
hence the merged ontology will entail X v ⊥.
Example 4: Consider the ontologies O1 and O2

in figure 2. O1 |= Person v ¬Document and
O2 |= Review v Documents. If the mappings
(Document,Documents,≡) and (Review, Person,≡)
both exist in the final alignment, then they are
flagged as incoherent since this implies both
Person v Document and Person v ¬Document
are entailed in the merged ontology hence Person v ⊥.

2. If O1 |= ∃R1.> v X, O2 |= ∃R2.> v ¬Y and
the mapping combination m1 = (R1,R2,≡) and
m2 = (X,Y,≡) exist in the final alignment, flag
the mappings m1 and m2 as incoherent and the set
T with the mappings m1 and m2 if they are not
already in T.

3.2.2. Ontology Structure Independent Techniques
Here we flag low quality mappings using similar-

ity matrix. The similarity matrix used to flag low qual-
ity mapping is determined by how a tool executes its
matchers. If a tool executes its matchers in sequential
fashion such as in [28, 29], we use the final similar-
ity matrix generated by the tool. Otherwise, if a tool
executes its matchers in parallel such as in [30, 31],
we use multiple similarity matrices generated by each
matcher.
Final Similarity Matrix Based Technique (FSMBT)
If a tool executes its matchers in sequential fashion,
we generate low quality mappings by identifying dis-
agreeing mappings in the final similarity matrix.
Definition 4: Conflicting mappings from the final
similarity matrix (D1). Given the source (O1) and tar-
get (O2) ontologies and entities ei ∈ O1 and e j, el ∈
O2 where e j 6= el, If a tool T which establishes 1:1 car-
dinality equivalence mappings generates a final simi-
larity matrix S such that si j = k and sil = w then the
mappings m1(ei, e j) and m2(ei, el) are conflicting if:

1. k and w ranging [0, 1] are greater than set selec-
tion threshold T and

2. |k−w| 6 ε i.e the difference between the similar-
ity values of the two mappings is very small. The
mappings participating in a disagreement are all
flagged as low quality and placed in a set D1.

Multiple Similarity Matrices based Technique (MSMBT)
When a tool executes its matchers in parallel, each
matcher generates a similarity matrix. The multiple
similarity matrices can then be aggregated into single
matrix using any state of the art techniques such as
weighted sum aggregation, average weighted aggre-
gation, MAX aggregation, MIN aggregation etc. [32].
We flag low quality from the multiple similarity matri-
ces generated by the matchers before they can be ag-
gregated to a single final similarity matrix.
Definition 5: Conflicting mappings from multiple
matchers (D2). If the matchers M1 and M2 which es-
tablish 1:1 cardinality equivalence mappings are exe-
cuted in parallel to match entities of source (O1) and
target (O2) ontologies, then conflicting mappings can
arise due to:

1. Inter-matcher conflict with regard to the map-
pings m1 and m2 i.e. the matcher M1 establishes
the mapping m(ei, e j,≡) and matcher M2 estab-
lishes the mapping m(ei, e′′j ,≡) where the entities
ei ∈ O1 and e j, e′′j ∈ O2 and e j 6= e′′j then the two
marchers are conflicting with regard to the map-
pings.

2. Intra-matcher conflict. Intra-matcher conflicting
mappings are flagged based on definition 4.
All the unique conflicting mappings flagged by
the the inter-matcher and intra-matcher tech-
niques are stored in a set D2.

3.3. Step 3: Ranking of Low Quality Mappings

Since users are involved in the mapping validation,
there is need to anticipate user fatigue, therefore the
most informative mappings should be displayed to the
users first such that in case users abandon the valida-
tion process at any given stage, we are able to capture
the best feedback from already validated mappings. To
achieve this, we categorize the low quality mappings
into three key groups:

1. Most informative mappings. These are a set of
mappings which have the highest likelihood that
they are wrong hence most informative when val-
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idated. To establish the most informative set of
mappings, we find the intersection of mappings
in the sets T and Di i.e if the tool uses sequential
matcher aggregation, the most informative map-
ping setMI is:

MI = D1 ∩ T (2)

For a case where a tool uses parallel matcher ag-
gregation, the most informative mapping setM∗I
is:

M∗I = D2 ∩ T (3)

This category is basically composed of mappings
where the ontology structure independent and on-
tology structure dependent techniques of picking
low quality mappings agree that a given set of
mappings are of low quality.

2. Averagely informative mappings. From the ex-
periments described in section 5.2, we observed
that the ontology structure dependent techniques
of picking low quality mapping was more reli-
able than the ontology structure independent tech-
niques. Hence to compute averagely informative
mappingMA we compute the set of differential
mappings in the set T with respect to Di.

MA = T \ D1 orM∗A = T \ D2 (4)

3. Informative mappings. This is the lowest ranked
informative mappings. The mappings are com-
puted as set of differential mappings in the set Di

with respect to T .

M = D1 \ T orM∗ = D2 \ T (5)

3.4. Step 4: Users’ Feedback

After identifying low quality mappings, we engage
the users to perform mappings validation. Previous
works in [11–13] employ a single user to validate
mappings using terms from a controlled vocabulary
set such as “Correct” and “Incorrect”. This validation
scheme has the advantages that:

1. A user has no cognitive burden of coming up with
his or her own tags.

2. Employing a single user avoids the challenge of
dealing with conflicting feedback on a given map-
ping which is likely to arise when multiple users
are involved in the validation process.

However, the scheme does not solve the underly-
ing issue of why an entity’s meaning was not cor-
rectly disambiguated. Hence when the same ontology
is matched with a new ontology, the same entities are
likely to be involved in low quality mapping. Further-
more, the use of single user is error prone since it is
unlikely that even an experienced user will be famil-
iar with all subtopics contained in an ontology. In our
case, we take the view that a concept is involved in
unreliable mapping due to lack of enough information
modeled in the ontology to explicitly disambiguate its
meaning. We therefore employ multiple users to vali-
date the mappings by tagging the concepts that are in-
volved in the low quality mappings. Quality tags asso-
ciated with a given concept are embedded in the on-
tology as concept’s label annotations. Through this we
are able to enrich the annotations of a concept. This
will increase the ability of a tool to disambiguate the
meaning of an entity in future matching process of the
entity since most ontology matching tools rely on enti-
ties’ annotations to establish their meaning. Users’ tags
are also used to validate the correctness of a mapping.
When a pair of concepts of a mapping share tags which
have the same meaning, the mapping is judged to have
been validated by users as correct. Hence we are able
to achieve both ontology meta data enrichment as well
as mapping validation.
Tagging Scheme Challenges
When multiple users take part in the interactive process
such as tagging, a number of challenges arise which
have to be addressed in order to get maximum benefits
of the tagging scheme. The challenges are:

1. Conflicting tags. Tags conflict when a given con-
cept C is assigned two or more tags with differ-
ent meaning. This arises due to different interpre-
tation of a concept’s meaning by different users.
This problem is exacerbated in tagging systems,
since there is no fixed or controlled vocabularies
that guide tag selection.

2. Synonym divergence. This problem arises when
users use different syntactic terms which have the
same meaning e.g. cell-phone and mobile-phone.

3. Syntactic divergence. This problem arises when
different users use different forms of a word to
represent the same tag e.g. blog, blogging.

4. Low tag frequency problem. This problem
arises when users fail to tag a concept, therefore,
making the concept to lack enough tags to gener-
ate meaningful information.
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Addressing Challenges of The Tagging Scheme
We use two key strategies to minimize the challenges
associated with the tagging scheme:
Tag Suggestion
Tag suggestion, the automated process of suggesting
useful and informative tags to an emerging object
based on historical information [33] is one of the ways
that has been suggested to deal with synonymy and
syntactic divergence problem [33]. By providing con-
sistent tag suggestion to the users, we provide a way of
converging a tag corpus of a concept to popular tags,
therefore, helping to reduce the synonym and syntac-
tic divergence problem. Tag suggestion also provides
the much needed cognitive support to the users. Most
tagging systems use weights of already used tags (his-
torical tags) to suggest potential tags of a given con-
cept to the user. This method has the disadvantage
that it works best when a given concept has already
been tagged many times and by this time a significant
amount of syntactic and synonym problem would have
been introduced into the tag corpus hence reducing the
benefits of tag suggestion. For an ontology, a unique
scenario emerges where the entities are sometimes al-
ready annotated with labels and comments and entity-
relationship structure is well known. Label annotation
of an entity mostly has an alternative name of the en-
tity while comment annotation gives a brief descriptive
sentence which is helpful in getting more meaning of
the entity in the ontology. We use the annotations of an
entity as an initial tag suggestion corpus of the entity
in the absence of user-supplied tags. This helps us to
tackle the syntactic and synonym problem from the be-
ginning of the tagging process. It is important to note
that annotations of an entity are used to suggests tags
to the users before the entity is tagged multiple times
by the users. As users begin tagging the entity, their
tags are also included as candidates for tag suggestion
by the tag suggestion algorithm.
Tag Suggestion Algorithm
Processing annotation corpuses. Given an entity ei in
the most informative mapping set (MI orM∗I) or in
the averagely informative mapping set (MA orM∗A)
or in the informative mapping set (M orM∗), we ex-
tract its annotation (Comments and Labels). We then
perform pre-processing of its annotations by removing
all the special symbols such as “@”,“#” “*”,“!” and
stop words such as “and", “of", etc. We then create a
vector v(ei) = {w1,w2, · · · ,wn} in an n-dimensional
space, where each wi represents the weight of ith dis-
tinct word that appear in annotation corpus of the en-
tity ei. To compute the weight wi of the ith distinct

word in the annotation corpus of an entity ei, we make
the entity ei to mimic a document and compute word’s
weight wi as its TF-IDF in the annotation corpus of an
entity as shown in equation 6.

wi = ni j × log
N
Ni

(6)

Where ni j is the count of number of times a given word
(term) ti appears in the annotation corpus of an entity
ei, Ni is the total number of occurrences of word (term)
ti in all entity corpuses of the ontologyO and N is total
the number of entity corpuses of O.
Missing annotation problem. Within an OWL ontol-
ogy, entities can be modeled without annotations hence
limiting our tag suggestion algorithm that uses entity’s
annotation as its initial tag suggestion corpus. To solve
this, we exploit the structural relationships that exist
within an ontology to ensure that entities which are
closely related contribute their annotation to their close
relatives if their relatives have no annotations either
because of lack of tagging or missing annotation dur-
ing ontology modeling. The key relationships that we
exploit are:

1. rdfs:subClassOf or rdfs:subPropertysOf i.e. X2 v
X1 (an entity X1 subsumes an entity X2). In the
OWL ontology, the child inherits the attributes of
the parent in the superEntity-subEntity relation-
ship. Therefore, if an entity X1 has annotations
and its child X2 has none, the annotations of X1

is also assigned to the entity X2. However, every
distinct word wi in the inherited annotation is pe-
nalized by assigning it a weight of 0.75 of the
original weight (computed as in equation 8). We
only assign annotations of a parent to its direct
children i.e no inferencing is performed.

2. owl:equivalentClass or owl:equivalentProperty
i.e. X2 ≡ X1 (entities X1 and X2 are equivalent).
If an entity X1 has no annotations and X2 has an-
notations, the annotations of X1 is also assigned
to X2 with each distinct word having equal weight
as the original weight.

3. hasExactSynonym and exact_synonym. If X2 is
an exact synonym of X1 and X2 has no annota-
tions, then annotations of X1 is assigned to X2

with each distinct word having equal weight as
the original weight.

4. other synonyms such as hasRelatedSynonym,
broad_synonym etc. are treated as owl:hasExactSynonym
however the weight of each distinct word from
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the acquired annotations is assigned a weight of
0.8 of its original weight.

To suggest potential tags of an entity, we adopt the in-
formation gain which is always used to classify doc-
uments. It measures how good a word is in discrim-
inating between classes. We use it to rank the words
that exist in the annotation corpus of an entity ei in the
decreasing order of how important a given word is in
classifying (discriminating) the entity in an ontology
O. We therefore compute the information gain of all
unique words that exist in the annotation corpus of the
entity ei and select those with top k information gain
values as its potential tags. To compute information
gain of a word w in an entity ei in an ontology O we
use equation 7.

IG(w) = −
∑
ei∈O

P(ei) log P(ei) + P(w)
∑
ei∈O

P(ei|w) log

P(ei|w)+P(w̄)
∑
ei∈O

P(ei|w̄) log P(ei|w̄)

(7)

Where P(ei) is the probability of an entity (ei) in
the ontology O. P(ei|w)is the probability of an entity
in (ei) from all the entities that contain the word w,
P(ei|w̄) is the probability of an entity (ei) from all en-
tities that do not contain word w. The probability P(ei)
is computed according to equation 8.

P(ei) =
C(S y(ei)) + C(Eq(ei)) + 1

|O|
(8)

where C(S y(ei)) is the count of all synonyms of en-
tity ei, C(Eq(ei)) is the count of all equivalences of
the entity ei and |O| is the count of all entities in the
ontology O. The value 1 is added in the numerator to
account for the entity ei.
Note that at the beginning of tagging process the only
annotations that exist are those which were modeled
during ontology creation. However, as users start tag-
ging the entities, selected quality tags are embedded
on the entities as label annotation therefore adding to
the size of the tag suggestion corpus.

Auto-Completing of Tags
In order to further reduce syntactic divergence and im-
prove the usability of the tagging system, the tagging
system is able to auto complete tags as they are being
typed by the user.

3.4.1. Tagging Process
Order of mapping validation. Users validate map-

pings that are contained in the most informative map-
ping set (MI orM∗I), the averagely informative map-
ping set (MA or M∗A) and the informative mapping
set (M orM∗). The mappings are validated in the de-
creasing order of informativeness i.e mappings in the
most informative set are validated first, followed by
averagely informative set and informative set respec-
tively. The mappings of a given set are validated based
on the decreasing order of their similarity values.
Users’ mapping validation process. A user of the
system is allowed to create a profile where after suc-
cessful login, he or she is able to initiate the process
of mappings validation. A pair of concepts of a map-
ping to be validated is then displayed to the user side
by side so that he or she can assign alternative labels
(tag) to them. Before a user can tag a concept, the top
k most popular tags of the concept computed accord-
ing to equation 7 are suggested to the user for possible
adoption. A user can either adopt any of the suggested
tags or assign a new tag to the concept. If a user feels
that he or she cannot provide a tag to any concept, he
or she is allowed to skip the concept. The skipped con-
cepts can be requested at any stage of the tagging pro-
cess. Once a user has tagged a concept, he or she can
save it. Future editing of a tag assigned to the saved
concept is allowed.

3.5. step 5: Processing Users’ Tags

Once the tagging process is complete, we need to
evaluate if users have accepted or rejected a mapping
based on their supplied tags. A mapping mi(ei, ei) be-
tween the entities ei and e j is accepted and rejected
based on the condition below.{

mi(a, b) is Correct, if |tags(ei) ∩ tags(ei)| > θ

mi(a, b) is Wrong, otherwise

where tags(ei) is a set containing all tags used to tag
an entity tag(ei) and θ is a set threshold.
The idea here is that if two concepts of a mapping
share many similar tags, then users have approved the
mapping. The major task therefore is to establish sim-
ilarities between users supplied tags. To establish sim-
ilar tags, we use spectral clustering [34] technique.
Spectral clustering is one of the most successful graph
and matrix partitioning heuristics [35]. It has been ap-
plied in various domains such as solving sparse lin-
ear systems [36], image segmentation [37] etc. It ex-
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ploits the eigenvectors of the Laplacian matrix to par-
tition a graph. We therefore exploit a spectral cluster-
ing technique to place the tags into different clusters
such that similar tags are clustered together. Once the
tags have been clustered based on their similarities, the
entities of the source and target ontologies that have
been tagged are also clustered by being assigned to a
tag cluster where most of its tags appear, this becomes
its resident cluster. If two concepts originally evalu-
ated by an automatic matching tool to be mapped are
allocated to two separate tag clusters, it automatically
means that users have rejected the mapping. We there-
fore adjust the similarity value between these entities
in the similarity matrix to zero. If the two concepts of
a mapping are assigned to the same cluster, we further
compute their similarity value from the tags perspec-
tive. To cluster the tags and concepts into k clusters,
we execute three key steps:

1. Construct a graph G with its nodes being the tags.
2. Partition graph G into k clusters.
3. Assign entities to the k clusters.

3.5.1. Graph Construction Process
From the set of all tags T = {t1, t2, · · · , tn} supplied

by the users, we construct an undirected graph G with
V=V(G) and E=E(G) being the vertex and edge set re-
spectively. The tags are modeled as the vertices of the
graph G and an edge is created between a pair of tags
(ti, t j). The graph G is weighted by the weight function

w : E(G) 7→ R+

The weight function assigns a non-negative real weight
wi j to an edge between a pair (ti,t j) of vertices. The
weight wi j satisfies the following properties:

1. wi j > 0 if (ti, t j) ∈ V(G).
2. wi j = 0 if (ti, t j) /∈ V(G).
3. wi j = w ji

Property 3 is due to undirected nature of graph G. The
weight wi j represents tag relatedness between tag ti and
t j. If wi j = 0, it means the tags ti and t j are not related
at all. To compute the weight wi j of the edge (ti, t j)
we rely on the work proposed by [15, 38]. To estab-
lish the how strong a pair of tags are related, we begin
by defining a folksonomy as F ⊆ U × C × T , where
U represents a set of all users who participated in tag-
ging process, C is a set of all concepts that have been
tagged and T is a set of all tags used to tag concepts.
The folksonomy F is naturally represented as tripar-
tite hypergraph H(G) = 〈V, E〉 where V = A ∪ C ∪ T

and E = {(u, c, t)|(u, c, t) ∈ G} [15, 38]. The tri-
partite graph H(G) can then be folded into three bi-
partite graphs i.e. graphs representing relationships be-
tween Concepts and Tags G(TC), Concepts and Users
G(CU) and Users and Tags G(TU) [15]. In our case,
we are interested in the graphs G(TC) and G(TU)
since they help us in establishing the closeness that ex-
ist between a pair of tags. In the graph G(CT ), a con-
cept c ∈ C is related to tag t ∈ T if there is at least
a user u ∈ U who has used a tag t to tag the con-
cept c. From the bipartite graph G(CT ), we form a
matrix A = ai j where ai j = 1 if a concept ci is re-
lated to a tag t j, otherwise ai j = 0. From matrix A,
we again create a one mode matrix S = {si j} where
si j =

∑|C|
x=1 axiax j [15, 38]. This matrix represents

the relationship between the tags based on shared con-
cepts. Each si j represents the co-affiliation between
the tags ti and t j based on common concepts between
them. In the second bipartite graph G(TU), a tag t ∈ T
is related to a user u ∈ U if there exist at least one
concept c ∈ C which has been tagged by the user u
using the tag t. From the graph G(TU), we create a bi-
partite matrix B = bi j where bi j = 1 if a user ui is re-
lated to a concept t j, otherwise bi j = 0. From the ma-
trix B, we create a one mode matrix K = {li j} where
li j =

∑|U|
i=1 bxibx j. This matrix represents the relation-

ship between the tags ti and t j based on shared users.
Each li j represents the co-affiliation between the tags
ti and t j based on shared users. The total co-affiliation
Ci j between tag ti and t j is computed as

Ci j = li j + si j

i.e the total co-affiliation Ci j is the summation of the
co-affiliation due to common users and that based on
common concepts between the tag ti and tags t j. After
computing co-affiliation values between pairs of tags,
we form a vector vi ∈ RT for each tag ti. Each co-
affiliation value Ci j between the tags ti, t j defines a di-
mension in Euclidean space, where 1 < j 6 |T | i.e.
vi = {Ci1,Ci2 · · · ,Ci|T |}. The weight wi j between the
tags ti and t j is computed using cosine similarity [39]
which has been demonstrated in [40] as an effective
way of establishing tag relatedness.

wi j =
vi · v j

(||vi|| · ||v j||)
(9)

In a case where users have provided a total of n tags,
for each tag we will need to perform (n − 1) pairwise
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computations of equation 9. This results into a total of
(n2 − n) comparisons. This is not effective in terms of
space and time complexity. To reduce the number of
pairwise comparisons, we set a threshold φ such that
if the relatedness between the tags ti and t j is below φ,
their relatedness is set to 0 and we apply the following
rule: If the tag relatedness between ti and t j computed
according to equation 9 is above a set threshold φ, and
that between t j and tk is below the threshold φ, we skip
the pairwise comparison of ti and tk since this com-
putation will also result in low relatedness value. By
this rule we are able to significantly reduce the number
of pairwise computations hence speeding up the graph
creation process.

3.5.2. K-Way Graph Partitioning of Tags
A k-way graph partitioning entails partitioning of

graph G into a set of clusters (subsets of V) Pk =
{C1,C2, · · · ,Ck} such that each ti ∈ V is a mem-
ber of exactly one Ci, with 1 6 i 6 k. The goal
of partitioning is such that for each partition(cluster)
Ci = { t1, t2, · · · , tt } where t < n and n = |T |, the
weighted sum of squared distances between the points
of a partition is minimized i.e. the relatedness between
tags of a given partition is maximized. Therefore, our
task becomes minimizing equation 10 of a given parti-
tion.

z =
1

2

t∑
i=1

t∑
j=1

(ti − t j)
2wi j (10)

The optimal solution of equation 10 is NP-hard, there-
fore, to solve it, we apply spectral partitioning as pro-
posed in [41]. To setup spectral partitioning frame-
work, we create a weighted adjacency matrix W =
(wi j)i, j=1,2...,n from the similarity graph G. The degree
of a vertex ti ∈ V is defined as

di =

n∑
j=1

wi j (11)

The degree of vertex ti is basically the sum that
runs over all vertices adjacent to it. We define de-
gree matrix D as the diagonal matrix with the degrees
{d1, d2, ..., dn} on the diagonal. In order to perform
spectral clustering of the points(tags) of the graph G,
we employ the graph Laplacian matrix which is the
main tool used for clustering [42]. The unnormalized
graph Laplacian is defined as L = D − W. L has a
number of desirable properties [43] which include:

1. For any vector v = {v1, v2, · · · , vn} ∈ Rn

vT Lv =
1

2

n∑
i=1

n∑
j=1

(vi − v j)
2wi j [42, 44]

where vT is the transpose of vector v.
2. L has n non-negative real valued eigenvalues 0 =

λ1 6 λ2 · · · 6 λn.
3. The eigenvectors of L form a basis in n-dimensional

space since they are all mutually orthogonal.

We exploit these properties of L to partition the graph
G. Using property 1, we need to establish a vector v
such that equation 12 is minimized.

vT Lv =
1

2

t∑
i=1

t∑
j=1

(ti − t j)
2wi j (12)

Hall [44] demonstrated that the eigenvectors of the ma-
trix L will minimize vT Lv, with the eigenvector asso-
ciated with second lowest eigenvalue being the opti-
mum minimum for vT Lv. Therefore, the eigenvectors
of matrix L of graph G can be used to solve equation
12. In this case, the eigenvectors of the graph Lapla-
cian matrix L are viewed as a solving relaxation of an
NP-hard discrete graph partitioning problem. Differ-
ent researches on spectral partitioning have explored
the question on which eigenvectors can be used to
achieve the best partitioning results. Some work such
as [36, 45] proposed partitioning of the graph based
on eigenvector associated with the second eigenvalue
of L. This technique recursively partitions a graph into
two sections until the desired number of partitions is
achieved. However, work in [34, 46] experimentally
demonstrated that the more eigenvectors used and di-
rectly partitioning the graph G into k clusters the bet-
ter. This work exploits the use of k eigenvectors associ-
ated with k largest eigenvalues to directly partition the
graph G into k partitions (clusters). Algorithm 2 sum-
marizes our graph partitioning framework. Algorithm
2 has some desirable properties:

1. It focuses on producing partitions where similar
tags are clustered together.

2. It has low computation cost.
3. The number of similar tags in a partition can be

varied by varying the value of k.
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Algorithm 2 Graph partitioning algorithm
Input Similarity Graph G= (V, E).
Output partitions Pi where i = 1, 2, · · · , k.

1: Given a graph G = ({t1, t2, ..., tn} , E)
2: Form an adjacency matrix W = (wi j)i 6= j where

wi j is computed according to equation 9 and wii =
0.

3: Define D to be a diagonal matrix whose (i,i) el-
ement is the sum of the ith row of W i.e degree
di(equation11).

4: Construct the unnormalized Laplacian matrix
L=D-W

5: Find { ~v1, ~v2, ..., ~vk} the k largest eigenvectors of L
(chosen to be orthogonal to each other in case of
repeated eigenvalues).

6: Form a matrix X = { ~v1, ~v2, ..., ~vk} ∈ Rn×k by ar-
ranging the vectors into columns.

7: Form a matrix Y from X by normalizing each row
of X according to yi j=

xi j∑
j(x2i j)

1
2

8: Treating each row of Y as a point in Rk, cluster
them into clusters using K-means algorithm.

9: Assign a tag ti to a cluster j if and only if row i of
the matrix Y was assigned to cluster j

10: Each cluster i is a partition Pi where i =
1, 2, · · · , k.

3.6. Assigning Concepts to Partitions

Once the tags have been clustered into different par-
titions based on their similarities, we also cluster the
tagged concepts(entities). An entity ei of a mapping
m(ei, e j) which was under validation is placed in a tag
cluster Ci if there is no other tag cluster C j such that
|tags(ei)∩C j| > |tags(ei)∩Ci|, where tags(ei) is a set
of all tags used to tag the entity e j.

3.7. Mapping Validation

If a pair of entities ei and e j of a mapping m(ei, e j)
are placed in different clusters, the mapping is rejected.
If the entities are placed in the same tag cluster, we
further compute their similarities using tags. We com-
pute the similarity of entities ei and e j of the mapping
m(ei, e j) using the similarity computation proposed in
[47]. Dissimilarity between entities ei and e j is com-
puted as the cardinality of the set of differential tags of
ei with respect to e j and the set of of differential tags
of e j with respect to ei as shown in equation 13.

|φ(ei) \ φ(e j)|+ |φ(e j) \ φ(ei)| (13)

In order to enable accurate comparison between the
dissimilarity computed for entities ei and ei, we nor-
malize equation 13 by dividing it by total number of
tags between the two entities. To further improve the
accuracy, we introduce the logarithm informed by the
discussion in [47] who established that semantic fea-
tures are better evaluated in non-linear fashion rather
than linear. The logarithm is computed by adding 1
to the ratio to avoid infinite values for equivalent con-
cepts. The final equation is shown in 14.

DIS (ei, e j) = log2(1 +
|φ(ei)\φ(e j)|+|φ(e j)\φ(ei)|

|φ(ei)\φ(e j)|+|φ(e j)\φ(ei)|+|φ(e j)∩φ(ei)| )

(14)

Similarity between the two concepts ei and e j is com-
puted as shown in equation 15.

S IM(ei, e j) = 1− DIS (ei, e j) (15)

If two entities ei and ei are found to be similar based on
a set threshold, their similarity value in the similarity
matrix is adjusted to 1 and all other values in the sim-
ilarity matrix where ei and ei participate is adjusted to
zero. If the similarity value is below the set threshold
the similarity value in the similarity matrix is adjusted
to this value. After processing all validated mappings,
the selector algorithm of the automatic tool is applied
to pick the the final alignment from the adjusted sim-
ilarity matrix. The process can then be iterated from
step 2 this time only involving the adjusted similar-
ity matrix and the ontology independent technique for
picking low quality mappings. This is repeated until a
given set number of iteration t is achieved or the num-
ber of low quality mappings fall below a set number
n and the final alignment is selected using the selector
algorithm of AML.

4. Evaluation and Discussion

We conducted four key evaluations with a goal to
answer the following questions:

1. How helpful is the tag suggestion algorithm to the
users during tagging?

2. How accurate are the techniques described in sec-
tion 4.2 in picking wrong mappings?

3. Does mapping validation through tagging lead to
a significant improvement in quality of the final
alignment?



14 N. Surname1 et al. / Ontology repair through tagging

4. Does enrichment of an entity’s annotations in an
ontology lead to an improvement in disambiguat-
ing its meaning?

4.1. Tag Suggestion Algorithm Evaluation

To answer the first question, we used a small sized
ontology, ekaw.owl downloaded from Ontology Align-
ment Evaluation Initiative (OAEI) 2015 conference
track1. The ontology contains terms that deal with con-
ference organization. It has 73 classes and 33 object
properties. To evaluate the “goodness” of the tag sug-
gestion algorithm in generating helpful tags to users,
we employed services of 14 masters’ students who had
at least submitted a research paper to a journal, there-
fore, were familiar with the paper submission terms as
used in journals. The students were required to per-
form two key tasks, first was to generate handwritten
tags for the classes contained in ekaw.owl. The second
task to the users is where they were presented with sys-
tem generated tags and were required to answer two
key questions:

1. If they would prefer the tag generated by the sys-
tem to their own tags.

2. They were also tasked to rate the system gener-
ated tags on their relevance based on our devel-
oped subjective scale of [0-10], with 0 being not
relevant at all and 10 being completely relevant.

To rate the tag suggestion algorithm performance, we
used three metrics i.e. precision, coverage and novelty.
We defined precision as number of tags with an aver-
age score of 5 and above according to developed scale
divided by total number of tags generated by the sys-
tem as shown in equation 16. Tag coverage is defined
as the number of common tags between user generated
tags and system generated tags divided by the number
of user generated tags, this is shown in equation 17.
Finally, we also evaluated how good the system was
in generating tags the user has not thought of but were
very accurate representation of an entity i.e. the nov-
elty of the tag generating system as shown in equation
18. The results of evaluation are shown in table 1.

Precision =
C(Taverage > 5)

Ttotals
(16)

where C(Taverage > 5) is the total count of all tags gen-
erated by the algorithm that were judged by students
as having relevance of 5 and above based on our devel-

oped scale and Ttotals is the total number of tags gener-
ated by the system.

Coverage =
UserTag ∩ S ystemTag

UserTag
(17)

Where UserTag is the tags suggested by the users and
SystemTag is the tag suggested by the system.

novelty =
TagAdopted
S ystemTag

(18)

where TagAdopted is the number tags users have
adopted over their own tags and SystemTag is the total
number of tags generated by the system.

Table 1
Performance of tag suggestion algorithm.

Method Precision Coverage Novelty
Tag suggestion Algorithm 59% 56% 30%

The tagging algorithm attains a precision of 59%
which can be considered a good cognitive support to
the user during the tagging process. The average preci-
sion is augmented by the 30% novelty of the tag sug-
gestion algorithm. The algorithm also attains a cover-
age of 56% which depicts that on average tags sug-
gested by the algorithm have 56% acceptance rate by
the users.

4.2. Evaluating the Performance of Low Quality
Mapping Picking Techniques

This section answers the second question: How ac-
curate are the proposed techniques described in section
4.2 in picking wrong mappings? To perform this part
of evaluation, we used data from OAEI 2016 anatomy
track. The anatomy track is based on matching hu-
man.owl which has 3304 classes with mouse.owl
which has 2743 classes. To establish initial mappings
of human.owl and mouse.owl, we used SBOMT [48]
executed on an Intel Core i5-5200 CPU @ 2.20GHz
with 4 GB RAM laptop. SBOMT was selected because
it had the following desirable features that were rele-
vant to our evaluation:

1. It does not perform automatic repair of wrong
mappings hence we were able to use our pro-
posed techniques to pick potential wrong map-
pings from alignment generated by SBOMT.
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2. It implements multiple independent matchers i.e.
string based matcher, semantic based matcher,
taxonomy based matcher hence we were able
to exploit similarity matrices generated by each
matcher to evaluate our Multiple Similarity Ma-
trices Based Technique (MSMBT) as described in
section 4.2.2.

3. We were also able to use its final similarity ma-
trix to evaluate the Final Similarity Matrix Based
Technique (FSMBT) described in section 4.2.2

A setWS BOMT which is composed of wrong mappings
was created by comparing the alignmentAS BOMT gen-
erated by SBOMT and AREF the OAEI reference
alignment provided for Anatomy track. Our task there-
fore was to evaluate how accurate the proposed tech-
niques of selecting low quality mappings are in pick-
ing the wrong mappings in the set WS BOMT . The
results of Ontology Structure Dependent Technique
(OSDT), Multiple Similarity Matrices Based Tech-
nique (MSMBT), Final similarity Matrix Based Tech-
nique (FSMBT) are shown in table 2. We also com-
pared the performances of these low quality mapping
selection techniques against those of Cross Sum Qual-
ity (CSQ) and Similarity Score Definiteness (SSD)metrics
as proposed in [12]. SBOMT generated a total of 258
mappings that were wrong i.e. the set WS BOMT con-
tained 258 mappings. These were the mappings we
expected a given low quality mapping selecting tech-
nique to pick.

Table 2
Performance of different techniques of selecting low quality
mapping.

Technique

Total
Mappings
Selected

True
Positives

True
Negatives Precision Recall

OSDT 253 165 162 0.6522 0.6395

FSMBT 156 70 86 0.4487 0.2713

MSMBT 262 147 115 0.5611 0.5698

(CSQ) 142 62 80 0.5864 0.2403

(SSD) 122 66 56 0.5409 0.2558

From the results in table 2, Ontology Structure
Dependent Technique(OSDT) leads in precision fol-
lowed by Cross Sum Quality (CSQ) and Multiple Sim-
ilarity Matrices Based Technique (MSMBT) respec-
tively. OSDT also leads in terms of recall followed
by MSMBT. CSQ, SSD and FSMBT pick a total of
62, 66 and 70 wrong mappings respectively out of the
expected value of 258. Since they leave out a large
number of wrong mappings, the three methods per-
form poorly in recall. On the overall, the results in ta-

ble 2 show that ontology structure based technique is
able to identify more wrong mappings as compared to
techniques that rely on the similarity matrix. Based on
the performance of MSMBT as compared to those of
CSQ, FSMBT and SSD, using multiple similarity ma-
trices in flagging low quality mappings results in better
precision and recall of the flagged mappings as com-
pared to only using a single similarity matrix.

4.2.1. Ranking Low Quality Mappings
In an interactive framework such as user validation,

user fatigue should be anticipated, therefore we should
increase the probability of showing wrong mappings to
the user such that in case he or she abandons the vali-
dation process halfway, we are to get informative feed-
back from already provided answers. We therefore use
techniques discussed in section 5 to generate mappings
set that favor precision over recall.

Table 3 shows the performance of the most in-
formative mapping (MI ,M∗I), averagely informa-
tive mappings (MA,M∗A) and Informative mappings
(M,M∗). The most informative mapping (MI and

Table 3
Performance of different rankings of low quality mapping set

Technique

Total
Mappings
Selected

True
Positives

True
Negatives Precision Recall

MI 81 67 14 0.8271 0.2597

M∗I 161 136 25 0.8447 0.5271

MA 172 98 74 0.5698 0.3798

M∗A 92 29 63 0.3152 0.1124

M 75 3 72 0.04 0.0116

M∗ 101 11 90 0.1089 0.04264

M∗I) posts the leading precision values followed by
averagely informative mappings(MA and M∗A). If
M∗I is displayed to the user first, there is a 84.47%
likelihood that the user will validate a wrong map-
ping. If a user validates all mappings inM∗I he or she
will have validated 82.47% and 92.51% of the wrong
mappings generated by OSDT and MSMBT respec-
tively. At this point, even if the users stop the valida-
tion process, he or she has provided significant vali-
dations for alignment quality improvement. The infor-
mative mapping M∗ which is displayed to the users
last only contain 11 wrong mappings representing 6%
and 7% of wrong mappings flagged by OSDT and
MSMBT respectively. This shows that even if the user
had abandoned the validation process before validat-
ing the mappings inM∗, most of the required valida-
tion have already been captured. These techniques are
geared towards prioritizing wrong mappings over the
correct ones hence utilizing users’ effort.
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4.3. Evaluating The Performance of Tagging Process
in Improving Alignment Quality

This section answers the question: Does map-
ping validation through tagging lead to a signifi-
cant improvement in quality of the final alignment?
To answer the question, we used SBOMT to match
OAEI anatomy track ontoloies i.e. human.owl and
mouse.owl. We then used both MSMBT and OSDT
techniques to flag low quality mappings. From the low
quality mappings generated by MSMBT and OSDT,
we created the most informative setM∗I , the averagely
informative setM∗A and the informative setM∗. The
mappings inM∗I were displayed to the users first fol-
lowed by those inM∗A andM∗ respectively. In each
set, mappings were displayed to the users in the de-
creasing order of similarity values. To tag the con-
cepts from the low quality mapping sets, we employed
the services of 14 masters’ student from the zoology
department who were familiar with the concepts in
the two ontologies hence considered domain experts.
The results are displayed in table 4. We compared our
results to those from interactive track (Anatomy) in
OAEI 2016 conference. We specifically compared our
results with those posted by AML and LogMap in the
interactive track (Anatomy) with 0.1 error rate.

Table 4
Performance of tagging framework

Tool Precision Recall F-measure
BEFORE USER INVOLVEMENT

AML 0.95 0.936 0.943

LogMap 0.911 0.846 0.877

S BOMT tagging 0.90 0.87 0.8847

AFTER USER INVOLVEMENT
AML 0.953 0.945 0.956

LogMap 0.961 0.832 0.909

S BOMT tagging 0.954 0.926 0.942

The tagging framework S BOMT tagging results in the
highest increase in precision value i.e. 0.054 which
represents a 6% increase in precision. Compared to
AML and LogMap, AML registers a 0.003 increase in
precision which represents a 0.32 % increase in preci-
sion. LogMap increases the precision by 0.050 which
represents 5.4 % increase in precision value. When it
comes to recall, AML records an increase of 0.009
which represents 0.96% increase while LogMap is af-
fected negatively by user’s feedback since its recall
drops by 0.014 representing 1.654% decrease in re-
call value. S BOMT tagging records an increase of 0.056

on recall which represents 6.436% increase in recall.
On the overall, AML benefits the least from the user’s
feedback since it records the lowest increase in f-
measure i.e. 0.013 while LogMap records an increase
of 0.032. S BOMT tagging records the highest increase
in f-measure i.e. 0.0571. These results show that align-
ment quality improvement based on multi-user tag-
ging of concepts that are part of low quality mapping
is superior compared to alignment quality improve-
ment based on a single user and controlled feedback.
It should also be noted that the results of AML and
LogMap are based on a simulated single user with at
error rate of 0.1 while in our case, S BOMT tagging is
based on real users’ feedback hence the error rate in
our case may be higher.

4.4. Evaluation of Ontologies’ Annotation
Enrichment

This section answers the question: Does enrichment
of an entity’s annotations in an ontology help in dis-
ambiguating its meaning? To answer this question, we
first employed SBOMT to match mouse.owl and hu-
man.owl ontologies that had not been modified (see
lower part of figure 3). We then matched the same on-
tologies after the first iteration of the tagging process
had been completed and the annotations of the entities
which participated in low quality mappings enriched
(see the upper part of figure 3). The results are shown
in table 5

Fig. 3. Comparing alignment quality before and after tagging

According to the results in table 5, after the en-
richment of annotations of entities which were flagged
as low quality, the f-measure records an increase of
0.0371. This may be attributed to the fact that in-
creased annotations help in the disambiguation of the
meanings of some entities which were previously not
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Table 5
Matching results before and after annotation enrichment

Tool Precision Recall F-measure
BEFORE ANNOTATION ENRICHMENT

S BOMT 0.90 0.87 0.8847

AFTER ANNOTATION ENRICHMENT
S BOMT 0.937 0.907 0.9218

clear hence AML could not properly match them. This
is a justification of the tagging effort since in case of
future matching of these ontologies with a new one,
most of their entities’ meanings will be clear leading
to them being correctly mapped with the entities of the
new ontology.

5. Conclusion

The research has been able to demonstrate that:

1. Alignment quality validation through uncon-
trolled vocabulary leads to higher improvements
in both the precision and recall values of the
alignment as compared to the improvements
based on controlled vocabulary.

2. Quality tags generated by users can be used to
significantly improve entities’ meanings.

Despite these achievements, the challenge that still re-
mains is how to partition the wrong mappings into
subtopics contained in the ontology such that a user
can only be shown wrong mappings within a subtopic
which he or she has the most experience in. By this we
believe that more quality tags will be generated hence
pushing the quality of repaired alignment even higher.
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âĂŞ Interoperability, Usability, Applicability Journal, pp. 1–
17, 2015.

[6] D. H. Ngo and Z. Bellahsene, “Overview of YAM++âĂŤ(not)
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