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Abstract. We propose a semi-automatic ontology matching system us-
ing a hybrid active learning and online learning approach. Following the
former paradigm, those mappings whose validation is estimated to lead
to greater quality gain are selected for user validation, a process that
occurs in each iteration, following the online learning paradigm. Experi-
mental results demonstrate the effectiveness of our approach.

1 Introduction
The result of performing ontology matching is a set of mappings between con-
cepts in the source ontology and concepts in the target ontology . This set is
called an alignment. The reference alignment or gold standard is (an approxima-
tion of) the set of correct and complete mappings built by domain experts. We
consider a semi-automatic ontology matching approach, whereby the mappings
are first determined using automatic ontology matching methods, which we call
matchers, followed by user validation.

We use six of the matchers of the AgreementMaker ontology matching sys-
tem [3], including the Linear Weighted Combination (LWC) matcher, which
performs a weighted combination of the results of the other five matchers, using
weights that are automatically determined using a quality metric [4].

We train a classifier and modify the weights of the LWC matcher using an
iterative approach, following the on-line learning paradigm. At each iteration,
user validation is sought for those candidate mappings that can potentially con-
tribute the most to the quality of the final alignment, following the active learn-
ing paradigm. The process continues until there is no significant improvement
in F-Measure. We describe this process in Section 2. Experimental results are
obtained using the ontology sets from the Ontology Alignment Evaluation Ini-
tiative (OAEI) and comparison is made with the results of other systems in
Section 3. We discuss related work in Section 4, and conclude with Section 5.

2 Proposed System
After the source and target ontologies are loaded into AgreementMaker, the
following steps are executed in sequence:
Automatic matching algorithms execution The following matchers are exe-
cuted individually and their results are stored in the corresponding similarity ma-
trices: the Advanced Similarity Matcher (ASM) [5], the Parametric String-based



Matcher (PSM) [4], the Lexical Similarity Matcher (LSM) [5], the Vector-based
Multi-word Matcher (VMM) [4], and the Base Similarity Matcher (BSM) [5].
Linear weighted combination The Linear Weight Combination (LWC)
matcher [6] linearly combines the similarity matrices of the other five automatic
matchers using weights determined by the local confidence quality metric, which
estimates the quality of the scores produced by each matcher. The new score for
each mapping is stored in the LWC matrix. It is up to the selection phase to
output only those mappings that are in the final alignment, taking into account
the desired cardinality of the mappings (e.g., one-to-one) [4].
Candidate mapping selection Candidate mappings to be presented to the
users for validation are based on the combination of the following three criteria:
(1) Disagreement-based Top-k Mapping [6], which measures the level of similarity
among the five scores, one for each of the matchers considered. If the matchers
mostly agree on the scores, then the disagreement is low, but it is high when the
matchers disagree on the scores; (2) Cross Count Quality (CCQ), which counts,
for a score, the number of non-zero scores in the row and column of that score
in the LWC matrix [2]. The count is normalized by the maximum sum of the
scores per column and row in the whole matrix; (3) Similarity Score Definiteness
(SSD), which is a quality metric that ranks mappings in increasing order of their
score [2]. It evaluates how close the score associated with a mapping is to the
maximum and minimum possible scores (1 and 0).
User validation The result of this step is a label that has value 1 if the mapping
is correct and 0 if the mapping is incorrect. For each iteration, users validate a set
of candidate mappings. The validation of each mapping is called an interaction
by others [7]. There can be any number of interactions per iteration, that is,
users can be presented with any number of mappings to validate at a time.
Classification We use a logistic regression classifier, which considers the para-
metric distribution P (Y |X) where Y is the discrete-valued user label (1 or 0)
and the feature vector X = 〈X1, . . . , Xn〉 is the signature vector [6] with n scores
computed for a mapping by n individual matchers, and estimates the parameter
that is the vector of weights W = 〈w1, . . . , wn〉 of the LWC matcher. The logistic
regression model is based on the following probabilities:

P (Y = 1|X) =
1

1 + ew0+
∑n

i=1 wiXi
, P (Y = 0|X) =

ew0+
∑n

i=1 wiXi

1 + ew0+
∑n

i=1 wiXi

W is updated during the iterative process by taking the partial derivative of the
log likelihood function with respect to each component, wi. The recursive rule
for the update is as follows, where α is the learning rate that determines how
fast or slow the weights will converge to their optimal values [10]:

W ←W + α

m∑
i=1

Xi(Y i − g(WTXi))

3 Experimental Evaluation
We use the 2014 OAEI Conference Track ontology sets and their reference align-
ments to simulate the user validation. The baseline is the F-Measure obtained



automatically by the AgreementMaker matchers. Table 1 depicts the average F-
Measure after 20 iterations using the three candidate selection criteria individu-
ally or in combination with one another. The top performer is the Disagreement-
based Top-k Mapping Selection criteria.

1 2 3 4 5 6 7

Candidate Mapping Selection Strategy 48.08 52.45 60.43 51.42 48.91 52.47 53.18

Baseline (Before User Feedback) 51.8 51.8 51.8 51.8 51.8 51.8 51.8
Strategies: 1. CCQ 2. SSD 3. Disagreement 4. CCQ + SSD 5. CCQ + Disagreement 6. SSD +

Disagreement 7. CCQ + SSD + Disagreement

Table 1: Average F-Measure for 20 iterations (123 interactions/iteration).

Matcher F-Measure with
User Feedback

F-Measure w/o
User Feedback

F-Measure gain Relative Num-
ber of Interac-
tions

AML 0.801 0.730 0.071 0.497
LogMap 0.729 0.680 0.049 0.391
HerTUDA 0.582 0.600 -0.018 0.996
WeSeE 0.473 0.610 -0.137 0.447
Our Approach 0.604 0.518 0.086 0.470

Table 2: Comparison with the 2014 OAEI Interactive Track results.

Our approach has an average F-Measure gain of 8.6% and an average F-
Measure of 60.4%. This is a considerable improvement as we started from an
average F-Measure of 51.8%, which was obtained using the automatic matchers
along with LWC. Table 2 compares our results with those obtained by other
systems that participated in the 2014 OAEI Interactive Track. It performs bet-
ter than HerTUDA and WeSeE (with F-Measure values of 58.2% and 47.3%,
respectively). The F-Measure gain of AML [9] is 7.1% and of LogMap is 4.6%,
therefore our approach has the highest F-Measure gain. The table also shows the
relative number of interactions, which is the average number of interactions per
pair of ontologies divided by the size of the reference alignment for that pair.
Our approach shows better improvement in F-Measure with fewer number of
interactions when compared to AML that has the highest F-Measure.

Figure 1 shows the effect of the total number of interactions on the F-Measure
in our approach. Here, the total number of interactions represent the sum of the
number of interactions in each of the 21 reference alignments in the Confer-
ence Track dataset (one for each pair of ontologies) up to 123 interactions.
The Disagreement-based Top-k Mapping Selection performs better than the
other candidate selection strategies. SSD and the combination of SSD+CCQ+
Disagreement have the next highest average F-Measure.

4 Comparison with Related Work

We divide previous work into two categories depending on whether feedback
from single or multiple users is considered.
Single user A previous approach that uses AgreementMaker performs updates in
the LWC matrix based on user feedback [6], but does not use a classifier to adjust



Fig. 1: F-Measure gain as a function of the number of interactions.

the LWC weights. Another method uses logistic regression to learn an optimal
combination of both lexical and structural similarity metrics [8]. Compared to
our approach, it uses different similarity metrics, candidate selection strategies,
and techniques to customize weights for different matching strategies. Another
system aggregates similarity measures with the help of self-organizing maps and
incorporates user feedback for refining self-organizing map outcomes [11]. There
is an active learning approach where the user validation is propagated according
to the ontology structure [13]. Another approach makes use of the parameteri-
zation of matchers [12]. It uses example mappings to automatically determine a
suitable parameter setting for each matcher, based on those examples. However,
in our approach, the LWC uses five of the already existing matchers with the
same configuration as in AgreementMaker.
Multiple users We discuss two approaches. The first one uses a pay-as-you-go
approach and propagates the (possibly faulty) user validation input to simi-
lar mappings [2]. In the second approach, a multi-user feedback method that
attempts to maximize the benefits that can be drawn from user feedback, by
managing it as a first class citizen [1]. None of these approaches uses a classifier.

5 Conclusions and Future Work
In this paper, we have proposed an effective semi-automatic ontology matching
approach that combines active learning with online learning. Our experimental
evaluation demonstrate that a considerable improvement in F-Measure can be
achieved over the base case. Clearly, a combination of user feedback with learning
is fertile ground for future research, where the scalability of the methods to large
and very large ontologies and the use of a variety of classifiers and of candidate
selection strategies would be some of the topics to investigate.
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