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Abstract: Data integration is considered a classic research field and a pressing need within the
information science community. Ontologies play a critical role in such processes by providing
well-consolidated support to link and semantically integrate datasets via interoperability. This
paper approaches data integration from an application perspective by looking at ontology matching
techniques. As the manual matching of different sources of information becomes unrealistic once the
system scales up, the automation of the matching process becomes a compelling need. Therefore, we
have conducted experiments on actual non-semantically enriched relational data with the support of
existing tools (pre-LLM technology) for automatic ontology matching from the scientific community.
Even considering a relatively simple case study—i.e., the spatio—temporal alignment of macro
indicators—outcomes clearly show significant uncertainty resulting from errors and inaccuracies
along the automated matching process. More concretely, this paper aims to test on real-world data a
bottom-up knowledge-building approach, discuss the lessons learned from the experimental results of
the case study, and draw conclusions about uncertainty and uncertainty management in an automated
ontology matching process. While the most common evaluation metrics clearly demonstrate the
unreliability of fully automated matching solutions, properly designed semi-supervised approaches
seem to be mature for more generalized application.

Keywords: data integration; ontology matching; uncertainty

1. Introduction

Data integration, defined as “the problem of combining data residing at different sources
and providing the user with a unified view of these data” [1], can be considered a well-covered
research field, as the many contributions in the literature clearly confirms. Its relevance
is determined by the practical implications in the different application domains, and it
is well-recognized within the information science community [2]. We remark that many
modern systems work at a semantic level [3], where data integration may be understood at
different levels (e.g., concept [4] or multi-media [5]).

Semantic technology has been largely adopted in data integration [1], as it is definitely
central to implement a more holistic approach, where data integration is considered a part of
a more complex knowledge-building process. The proper adoption of semantic technology
is extremely effective in supporting data integration and reuse via interoperability [6].

More in general, associating formal semantics with data is a key step in the fields of
artificial intelligence and database management [2]. In addition, the analysis of semantic
data can underpin sophisticated data mining techniques [7,8].

Appl. Sci. 2024, 14, 4679. https:/ /doi.org/10.3390/app14114679

https://www.mdpi.com/journal/applsci


https://doi.org/10.3390/app14114679
https://doi.org/10.3390/app14114679
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0001-9722-2205
https://doi.org/10.3390/app14114679
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app14114679?type=check_update&version=1

Appl. Sci. 2024, 14, 4679

20f19

In the context of this work, knowledge building is seen as the process of combining
relational data in order to create rich data spaces in which semantics are formally defined [1].
While data integration aims at establishing a common, unified view of data from different
sources, the specification of formal semantics enables a further level of complexity, as the
“meaning” of data is also represented in a fully machine-interpretable context.

Ontology is a classic philosophical concept that is related to the study of “the nature
of being”. It has become an active part of the computer world [9], where it is a rich data
model aimed at the formal specification of semantics. It supports the representation and
processing of knowledge in a machine-readable format according to a model close to the
human one. The adoption of ontologies allows effective solutions for knowledge building,
since semantic data are enabled in the Semantic Web [10,11] and are modeled accord-
ing to an advanced interoperability model, which is commonly referred to as semantic
interoperability [12].

We fully rely on an ontology-based approach to support the data integration process.
The benefits of ontology in different application domains are well-known and have been
extensively discussed from different perspectives by several contributions [2].

An ad hoc approach to knowledge building is time-consuming, error-prone, and,
in general, very expensive. Looking at the increasing complexity and scale of systems,
automated and semi-automated data integration processes are becoming more and more
relevant to assure effectiveness and performance on a large scale. The automation of the
knowledge-building process becomes required once the target system scales up.

Ontology matching is a crucial step in the knowledge-building process. It reconciles
the differences between ontologies and resolves their heterogeneity problem. A seamless
and systematic knowledge-building process may only be considered adequate by assuming
manual matching of concepts from the different sources of information. However, since
manual matching is far from being scalable, automation becomes a compelling need.
Automated ontology matching systems use a similarity computation algorithm to find
similarities between ontologies to be integrated. However, as extensively discussed in the
rest of this paper, such automation leads to a situation of uncertainty since correctness and
accuracy cannot be guaranteed in general terms. In this paper, we focus on uncertainty and
uncertainty management in the automated process of ontology matching.

We approach the knowledge-building process from a practical perspective. Indeed,
we apply a real-world case study dealing with the spatio—temporal alignment of macro
indicators. We propose several experiments on non-semantically enriched data by adopting
existing tools for dataset conversion and ontology matching. We first adopt a previously
developed conversion tool that enables the systematic translation from raw data (relational
tables) to semantic data (ontologies) [2]. We note that such a conversion process does
not include any semantic enrichment of the original datasets. Then, available ontology
matching tools from the community are applied to find similarities among the resulting
ontologies (i.e., converted datasets). We have measured the uncertainty resulting from
the process according to common evaluation metrics. Experimental results clearly show
that, regardless of the performance of the automated ontology matching process, a lack of
semantics inevitably introduces errors and inaccuracies, resulting in significant uncertainty.
On the other side, even when considering non-semantically enriched data, the experiment
has demonstrated a certain degree of reliability. Such results, in general terms, point to
properly designed semi-supervised integration approaches in a continuously evolving
context in which technology is becoming higher and higher performing (e.g., by adopting
large language models (LLMs)).

Structure of the Paper

Section 2 proposes an overview of a reference model for the knowledge-building
process, while Section 3 addresses the intrinsically related uncertainty, and Section 4 deals
with evaluation metrics. The conducted experiment and its discussion are reported in
Sections 5 and 6, respectively.
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2. Knowledge-Building Process

From a theoretical perspective, the knowledge-building process as understood in
this paper is not limited to data integration, as it also includes semantic enrichment and
annotations [2]. Different ontology-based solutions have been proposed to integrate data
within a range of scientific and business contexts [13-15] as well as to support integration
among systems [16].

However, the reference model for the empirical evaluation does not assume a semanti-
cally enriched context. Indeed, the process is not based on pre-developed ontologies but,
rather, on a conversion of relational data into an ontological format. A process of semantic
enrichment in this specific context would be domain/application specific and, therefore,
not fully systematic.

Overall, the process can be centralized, meaning that a global schema can be adopted to
provide integrated access to information [13]. Knowledge building through data integration
is understood as the process of semantically integrating raw data [1]. Ontologies can be
used to define rich data spaces (knowledge) in which semantics are formally specified.
In this work, the knowledge-building process takes as input heterogeneous raw datasets
(assumed to be a relational database) and returns as output an integrated semantic data
space represented by a knowledge graph. As shown in Figure 1, the process is composed
of the following three main steps: (i) conversion of datasets into ontologies, (ii) ontology
matching, and (iii) ontology integration/merging.

‘ Datasets \‘
L (Relational Tables) )

{

e “Converfing
‘ Datasets info
Cntologies

'Eoirwise .
Ontology
Matching

Onfology
Integration

Ontologies Alighments
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Figure 1. Overview of the reference model for knowledge building.

2.1. Dataset Conversion

Data spaces supported by Semantic Web technology assume data are available in a
semantic format However, such a conversion of data into a semantic format is not always
an obvious step, especially for non-technical users. In fact, the Virtual Table model [2] can be
adopted in general terms to intuitively implement the conversion step. Along with RDF
(Resource Description Framework) [12], OWL (Ontology Web Language) [17,18] is the most
widely used language for representing and defining structured knowledge in the Semantic
Web [10,11].

In this specific case, we believe that the conversion technique itself is not especially
critical from a conceptual perspective, as it simply aims to preserve the original struc-
ture/logic as well as the original terminology. On the other side, as previously explained,
the lack of semantic enrichment from relational data is a theoretical and practical limitation
for the experiment. As rich semantics are not included in the input dataset, a process of
enrichment based on contextual factors will be unreliable, even if manually performed.
Indeed, associated metadata and related articles/documentation in the considered case
study do not necessarily provide a comprehensive explanation to support the specification
of formal semantics.
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2.2. Ontology Matching

Also known as ontology alignment, ontology matching [19-27] is the process of finding
semantic correspondences (mainly similarities) among entities from different ontologies.
Each type of entity (classes, object properties, datatype properties, and instances) is normally
matched in isolation, so class-to-property, class-to-individual, or property-to-individual corre-
spondences are not addressed. Entity pairs that have the same name and meaning or have
different names but the same meaning should be matched. Ontology matching is a critical
step for ontology integration. Current ontology matching tools have become proficient
in identifying equivalence correspondences between two ontologies. Ontology matching
systems may use different matching algorithms.

2.3. Ontology Integration

Simple approaches for ontology integration include, among others, Simple Union [28]/
Simple Merge [29,30]. This consists of aggregating the input ontologies by adding bridging
axioms that translate the alignments. The semantic correspondences of each alignment
(resulting from the matching step) are transformed into bridging axioms in order to link
the overlapping parts of the input ontologies [31,32].

3. Uncertainty Management

Automation naturally generates uncertainty, which is related to the accuracy of the
mechanism. Such uncertainty becomes critical for the reliability of applications.

Focusing specifically on the process, uncertainty is mainly associated with the ontology
matching phase and is commonly caused by two independent factors: the domain semantics
and the strategy underlying the matcher.

Concerning the semantics, even manual approaches may lead to errors due to potential
ambiguities. Indeed, people may not sufficiently understand the domain vocabulary and,
therefore, may provide imprecise and incorrect correspondences. Additionally, certain
domains can be intrinsically critical and naturally error-prone, as the intended correspon-
dences maybe be unclear.

For example, concepts can have ambiguous semantics when they are closely related
but not completely synonymous [33-35]. In this case, matching systems become uncer-
tain [36]. Additional issues are related to the “Open World Assumption”, where concepts
are supposed to overlap and share a certain amount of common information (even if it is
not yet specified) [36], as well as to different representations within the same domain or
closely related domains [37].

As previously mentioned, significant uncertainty is introduced by matchers, regardless
of their strategy (e.g., structural-, semantic-, or instance-based [38]).

Uncertainty management plays a crucial role in real-world applications, and it has
been widely recognized as one of the key issues in data integration [39]. The actual chal-
lenge to manage uncertainty in such a context is to be able to maximize the reliability
of the generated correspondences [40]. Techniques to reduce uncertainty (and, conse-
quently, increase the quality of the output) may be manual or may assume a certain degree
of automation.

One example from the latter class of solutions is alignment trimming [41], which aims
to trim the alignment with a given contextual threshold in order to ensure that only the best
correspondences are maintained in the alignment. Alternatively, different disambiguation
techniques may be applied.

4. Evaluation Metrics

Several evaluation metrics have been defined and are commonly adopted within the
research community to quantitatively assess the accuracy of alignments resulting from an
automatic ontology matching system. Evaluation normally assumes a reference alignment,
which is understood as the expected, intended, or “correct” alignment [42].
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In practice, an alignment A returned by a given ontology matching tool can be com-
pared to the reference alignment R by measuring the overlap between the two sets of
correspondences [43]. The most common evaluation metrics for ontology alignment are
adaptations of classical metrics from information retrieval.

In this section, we provide an overview of basic and advanced metrics as well as
metrics to assess ambiguity.

4.1. Basic Evaluation Metrics

Basic metrics are characterized by their simplicity and are often combined to produce
more sophisticated metrics. They are defined as follows [20]:

*  True positives are correspondences that have been correctly found by an automatic
ontology matching tool.

‘ True Positives (TP) = ANR ‘

* False positives are correspondences that have been falsely found by an automatic
ontology matching tool.

‘ False Positives (FP) = A — R ‘

*  False negatives are correct correspondences that have not been found by an automatic
ontology matching tool.

’ False Negatives (FN) = R — A ‘

*  True negatives are false correspondences that have been correctly discarded by an
automatic matching tool.

True Negatives (TN) = (Ex E') — (AUR)
E and E' = number of entities in the input ontologies O and O,.
(E x E') = set of all possible correspondences between O; and O,.

Based on such definitions, the set of automatically identified correspondences com-
prises true positives and false positives (A = TP + FP), and the set of expected correspon-
dences is composed of true positives and true negatives (R = TP + TN). Evidently, false
positives and false negatives reduce the matching accuracy. Therefore, an efficient ontology
matching system aims to minimize both of them.

4.2. Advanced Evaluation Metrics
Advanced evaluation metrics assume the following definitions [20,27,43,44]:

¢  Precision measures the “correctness” of an alignment. It reflects the share of correct
correspondences among all the ones found. It is defined as the ratio of the number of
correctly found correspondences (TP) over the total number of found correspondences
(TP + FP). Given a reference alignment R, the Precision of an alignment A is a function
P: A XA —[0,1] such that:

o ANR TP
prcion = P(4 ) = [A] - TP||+ FP]

*  Recall measures the “completeness” of an alignment. It reflects the share of correct
correspondences among all the expected correspondences. It is the ratio of the number
of correctly found correspondences (TP) over the total number of expected correspon-
dences to be found (TP + TN). Given a reference alignment R, the Recall of an alignment
Ais a function R : A x A — [0,1] such that:

_ _|ANR|  |TP|
Recall = R(A,R) = R~ TP £|TN|
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In the ideal case, Precision and Recall reach their highest value of 1.0.

Noise and Silence are the complement measures of Precision and Recall. Given a
reference alignment R, the Noise and the Silence of an alignment A are, respectively,
functions N and S : A X A — [0,1] such that:

Noise = N(A, R) = 1 — Precision

Silence = S(A, R) =1 — Recall

F-measure combines Precision and Recall, as they cannot accurately assess the matching
quality alone. Indeed, the ontology matching tool can have a high Precision and a low
Recall and vice versa. F-measure is a combined metric that attaches different importance
to Precision and Recall. Given a reference alignment R and a number « between 0 and 1
(0 < a < 1), the F-measure of an alignment A is a function F, : A X A — [0, 1] such that:

Precision x Recall
(1 — &) x Precision + a x Recall

F-measure(a) = Fy(A,R) =

The a parameter defines the relative balance between Precision and Recall, as higher «
values give more importance to Precision with respect to Recall. When a = 1, F-measure
is equal to Precision, and when « = 0, F-measure is equal to Recall. A value of & = 0.5
defines the equal importance of both core metrics. Therefore, when o = 0.5, F-measure
becomes the harmonic mean of Precision and Recall as follows:

Precision x Recall
Precision + Recall

F1 = F-measure(0.5) = Fy5(A,R) =2 x

F-measure(0.5), also called F1, is the most commonly used variant of F-measure(x) in
IR since it balances the importance of Precision and Recall so that neither is compensated
by the other.

Matching tools may need parameter tuning. In this case, F-measure is adopted as a
driving factor to perform parameter tuning because values that maximize F-measure
are considered the optimal ones. Hence, this metric is not only helpful in evaluating
the quality of alignments but also in selecting input parameters for matching systems,
such as the confidence threshold that returns the best F-measure value.

Overall (or matching accuracy [45]) is explicitly developed for schema matching pur-
poses, unlike the previously mentioned metrics. It measures the manual error cor-
rection effort. That is, it reflects the post-matching effort needed to fix the alignment
by adding missing correspondences (FN) and removing false correspondences (FP).
It is the ratio of the number of errors (FP + FN) over the total number of expected
correspondences (TP + TN). Given a reference alignment R, the Overall of an alignment
Aisa function O : A X A — [—0o0,1] such that:

Overall = O(A, R) = Recall x <2 - 1)
Precision

_A=R[F[R-A] _ . [EP[+]EN]
R |TP|+ |TN]|

An Overall value ranges between [—oo, 1], where negative values are associated with
“bad” matching performances. If an alignment A has a number of false positives higher
than the number of true positives (Precision < 0.5), its Overall will have a negative
value, which means that the alignment .4 is not worth the repair effort. Indeed, if
more than half of the correspondences of A are false, the user would make less effort
to manually match the ontologies from scratch than to manually modify the alignment

of A.

=1
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In the ideal case, when Precision = Recall = 1, F-measure and Owverall reach their
highest values of 1.0. It should be noted that Overall values are always lower than
F-measure values [20].

4.3. Ambiguity Evaluation Metric

Ambiguity Degree [20] measures the "ambiguity” of an alignment. It is the proportion
of ambiguous correspondences—i.e., entities that are matched to several entities. More
formally, it is the proportion of entities from O; that are matched to at least two entities
from O, and vice versa. The number of ambiguous correspondences in an alignment
(#Amb) is considered an absolute metric that varies according to the size of the alignment.
Therefore, it is preferred to use a relative metric (%) reflecting the percentage of ambiguous
correspondences in an alignment (regardless of the size of the alignment). The Ambiguity
Degree of an alignment A is a function Ambiguity : A x A — [0%, 100%] such that:

(#amb(A)| x 100)  (|#Amb(A)| x 100)
Ambiguity degree = Ambiguity(A) = ] = TP+ |FP]

A null value of the ambiguity degree (0%) is associated with no ambiguity in the
alignment.

5. Case Study: Spatio-Temporal Alignment of Indicators

The experiment conducted addresses a case study of practical relevance that aims to
integrate several independent indicators into a unique semantic data space. Successful
integration is expected to provide a consistent view of the different indicators along the
time and the spatial dimensions. Therefore, all semantically equivalent domain concepts
should be matched.

In this section, we first provide a concise description of the experiment, with a focus
on data sources, then, we address the tools adopted, and finally, we overview the results.

5.1. Experiment Description

The case study proposed in this paper has been inspired by the famous portal Our
World in Data [46], which publishes and discusses heterogeneous indicators. In the portal,
different datasets are published as independent csv files. For the most part, the terminology
in the different files is supposed to be uniform.

The experiment assumes as an input the raw data as originally provided by the
respective sources. It aims to achieve automatic integration. Details are reported in Table 1.
As shown, each experiment involves a pair of input datasets.

Table 1. Experiment overview.

Experiment ID Input Dataset 1 Input Dataset 2
Exp. 1 Countries of the World [47] Country Profile Variables [48]
Exp. 2 Food Security Indicators (V_2.6) [49] Prevalence of Undernourishment [50]
Exp. 3 Food Security Indicators (I_2.3) [51] Prevalence of Undernourishment [50]
Exp. 4 Food Security Indicators (I_2.4) [51] Prevalence of Undernourishment [50]
Exp. 5 Macroeconomic Data (GDP) [52] GDP (current USD) [53]
Exp. 6 WDI Country [54] WUP2018 Largest Cities [55]
Exp. 7 Total Life Expectancy—Historical [56] Life Expectancy at Birth [57]
Exp. 8 Historical Gas Emissions [58] List of Electoral Democracies [59]
Exp. 9 List of Electoral Democracies [59] Sexual Violence in Childhood [60]

Exp. 10

Historical Gas Emissions [58]

Sexual Violence in Childhood [60]
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The considered pairs can involve datasets belonging to the same domain as well as
datasets from different domains.

Regardless of the meaning of the data, the original tables report the values of given
indicators for different countries in different years. The actual structure may vary from case
to case, but in most cases, it proposes typical patterns used to organize spatio-temporal
data. For tables describing a particular indicator, rows represent the names of countries
and columns represent years (or intervals of years) or vice versa. In some other cases,
tables report the values of more than one indicator for different countries in a single
year (or in a single interval of years): rows represent the names of countries, and columns
represent indicators. More rarely, tables report the values of multiple indicators for different
countries in different years: rows represent ID numbers (enumerated numbers/indexes),
and columns contain a year or interval column, a country column, and indicator columns.

Overall, the test bed proposed cannot be considered critical, neither in terms of size
nor complexity. It is, rather, characterized by a small scale and relatively low complexity.
Input datasets are characterized by a number of columns that vary from 2 to 63 and rows
in a range [46-540].

The experiment adopts available tools for alignment, as described later on in the paper.

After converting and matching the input dataset pairs, we will get the output align-
ments. First, we will evaluate the quality of the output alignments. Then, we will trim
and/or disambiguate these alignments and evaluate them again. We aim to see how the
alignment trimming and disambiguation processes can affect the quality and uncertainty of
the output alignments.

For alignment trimming, we will use the Alignment API (https://moex.gitlabpages.
inria.fr/alignapi/ (accessed on 20 October 2020)) [61,62]. That is a Java programming inter-
face that facilitates the manipulation and evaluation of ontology alignments in RDF format.
Given an alignment and a threshold value as an input, the Alignment API automatically
trims the input alignment using the predefined method cut () and returns a new trimmed
alignment. The trimmed output alignment will only contain correspondences that have a
confidence measure greater than or equal to the chosen threshold value.

For alignment disambiguation, we apply an approach based on two major steps
(Figure 2). First, we go through all the correspondences in the alignment, and we disam-
biguate each set of ambiguous correspondences having a source entity in common, as
shown in Figure 2a; then, we go through all the correspondences again, and we disam-
biguate each set of ambiguous correspondences having a target entity in common (coming
from O,), as shown in Figure 2b. In each step, disambiguation consists of keeping the
strongest correspondence (i.e., the one with the highest similarity score) from the set of
ambiguous correspondences and deleting the rest. If two ambiguous correspondences have
exactly the same similarity score, we keep both of them.

A A
_ 098 _ - as L 07 = /o,
22 :‘: 0-6 = >< } E-,I” Eﬁ { 0-4 = }{ >e4’
(a) Step 1— left to right (b) Step 2— right to left

Figure 2. Alignment disambiguation—a simplified approach for the stable marriage model [63].

Finally, a reference alignment is manually provided by the authors for each target
experiment for assessment purposes.

Given an alignment to be evaluated and a reference alignment as input, the Alignment
API [62] automatically returns the scores of the basic evaluation metrics (TP, TN, FP, and


https://moex.gitlabpages.inria.fr/alignapi/
https://moex.gitlabpages.inria.fr/alignapi/

Appl. Sci. 2024, 14, 4679

90f19

FN) as well as the scores of the advanced evaluation metrics (Precision, Recall, F-measure,
Overall, Noise, and Silence), which reflect the quality of the input alignment.

As for the ambiguity evaluation metric, we create a simple algorithm in Java that takes
as input an alignment and returns the score of the ambiguity degree metric, reflecting the
ambiguity degree of that input alignment.

Many applications that require the combination of multiple indicators are unlikely to
be error-tolerant, meaning that the resulting alignment is expected to be entirely correct.
Despite its relative simplicity, the case study proposed is relevant in different practical
contexts and application domains. More concretely, the target case study is characterized
by the need to compose indicators dynamically, and the resulting integration is expected
to be precise and accurate. Practical examples may be identified, among others, in the
areas of urban planning (e.g., [64]) and global sustainable development (e.g., [65]). Further
requirements may characterize specific systems, such as real-time environments for disaster
management [66].

5.2. Tools

The experiment relied on different research tools that allowed the implementation of
the intended process. The focus is on data conversion and ontology matching.

5.2.1. Dataset Conversion

The data conversion tool [2] supports the conversion of a given relational table into an
OWL ontology. It applies a virtual table approach to facilitate such a process, assuming a
supervised environment. The user interface allows users to straightforwardly import a rela-
tional table through simple copy and paste functions. The tool requires a relatively simple
user input, which is considered to be realistic for the scale and complexity characterizing
this concrete case study.

5.2.2. Ontology Matching

Ontology matching tools take as an input a pair of ontologies in OWL and return align-
ments in RDF. The Ontology Alignment Evaluation Initiative (http:/ /oaei.ontologymatching.
org/ (accessed on 20 October 2020)) (OAEI) is probably the most known international
initiative for the enhancement and evaluation of ontology matching tools. Outstanding
results from the OAEI community are presented yearly in the Ontology Matching Workshop
(OM), which is co-located with the prestigious International Semantic Web Conference (ISWC).

We adopted two of the most popular tools within the OAEI community:

*  LogMap (https://github.com/ernestojimenezruiz/logmap-matcher (accessed on 20 Oc-
tober 2020)) [67] is a highly scalable ontology matching tool. It performs an iterative
process based on structural matching. To achieve scalability, LogMap relies on lexical
and structural indexes of the input ontologies.

e AML (https://github.com/AgreementMakerLight/ AML-Project (accessed on 20 Oc-
tober 2020)) [41] also approaches ontology matching looking at scalability and, addi-
tionally, provides a comprehensive user interface. AML combines different individual
matchers to optimize the process.

We adopted more than one tool in the experiment to highlight the possible impact of
tools on the final outcome. More concretely, we adopted the online web interface versions
of LogMap (http:/ /krrwebtools.cs.ox.ac.uk/logmap/ (accessed on 20 October 2020)) and
AML v3.1 (https:/ / github.com / AgreementMakerLight/ AML-Project/releases (accessed
on 20 October 2020)), which also include graphical user interfaces.

It is critical to highlight the constant evolution of the underlying technology. Indeed,
in line with more generic trends, recent advances are based on (or include) large language
models (LLMs), such as in [68]. While expectations are significant, we consider that such
a technological trend is still at an early stage. Therefore, we have focused on the more
consolidated technological landscape (pre-LLM).
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5.3. Experimental Results

Results are summarized in Table 2, which summarizes the quality of ontology align-
ments resulting from each experiment. Such results may be considered initial results, as the
reported values refer to the process before dis-disambiguation. The table reports evaluation
scores as previously described.

Table 2. Initial results overview (pre-disambiguation).

Exp. Tool RrR* At AmbS  Precision  Recall = F-Measure  Overall  Ambiguity
Exo.1 LogMap 212 2 0.995 0.79 0.881 0.786 0.94%
P AML 270 186 0.255 0.258 0.256 —0.49 68.88%

Exo.2 LogMap 200 0 1.0 0.448 0.619 0.448 0%
P AML 227 15 0.929 0473 0.627 0.437 6.6%

LogMap 194 0 0.984 0.44 06 0433 0%

Exp. 3 AML 434 227 25 0.903 0472 0.62 0.421 11%
Exo.4 LogMap - 61 0 0.426 0472 0.448 —0.163 0%
P AML 331 317 0.033 02 0.056 —5.61 95.77%

LogMap 3 0 1.0 0.021 0.042 0.021 0%

Exp. 5 AML 137 3 0 1.0 0.021 0.042 0.021 0%
LogMap 31 0 1.0 03 0.466 03 0%

Exp. 6 AML 102 158 129 0.177 0.274 0.215 -1.0 81.64%
Exo. 7 LogMap -, 290 0 0.996 0.554 0.712 0.552 0%
P AML 3680 3628 0.013 0.095 0.023 —6.871 98.58%

Exo. 8 LogMap o 190 0 1.0 0.974 0.987 0.974 0%
P AML 190 2 0.989 0.964 0.976 0.953 1%

LogMap 177 0 1.0 0.9 0.949 09 0%

Exp- 9 AML 196 192 2 0.973 0.954 0.963 0.928 1.04%
LogMap 179 0 1.0 091 0.952 091 0%

Exp- 10 v 197 187 0 0.994 0.944 0.968 0.939 0%

* R: number of correspondences in the reference alignment R = number of expected correspondences = TP + TN. ¥ A: number
of correspondences in the output alignment .A = number of detected correspondences = TP + FP. § Amb: number of ambiguous
correspondences in the output alignment A.

In Table 2, we highlight the differences in terms of advanced metrics—i.e., Precision,
Recall, F-measure, and Overall—for the two adopted tools.

More concretely, for the Precision metric, both tools provide a significantly different
result in Experiments 1, 4, 6, and 7 and minor differences in the remaining experiments.
The Recall metric presents remarkable differences in Experiments 1, 4, and 7. F-measure
values are quite different in Experiments 1, 4, and 7, while a pointless difference also shows
up in Experiment 6. Finally, Overall returns strongly different values in Experiments 1
and 7 and a more limited divergence in Experiments 4 and 6. In terms of performance,
the ontology matching process, on average, results in high values for Precision, with some
evident exceptions (Experiment 4, especially), while Recall, F-measure, and overall values
associated with the different experiments present important differences.

It is also worth mentioning that the last three experiments present a clear cross-
domain focus. They are associated with higher performance in terms of both Precision and
Recall. Intuitively, integrating ontologies from different domains is relatively easier than
integrating ontologies within the same domain (or contiguous domains). Indeed, the latter
case is often characterized by fine-grained terminology and heterogeneity.

5.3.1. Disambiguation

Tables 3 and 4 present resulting disambiguated alignments and trimmed alignments,
respectively. Additionally, in Table 5, we report the resulting trimmed and disambiguated
alignments.
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Table 3. Results after alignment disambiguation.

Exp. Tool Rt At AmbS  Precision Recall F-Measure Overall Ambiguity
Exp. 1 LogMap 267 211 0 1.0 0.79 0.882 0.79 0%
AML 118 0 0.559 0.247 0.342 0.052 0%

Exp. 2 LogMap 46 200 0 1.0 0.448 0.619 0.448 0%
AML 218 0 0.958 0.468 0.629 0.448 0%

Exp. 3 LogMap 34 194 0 0.984 0.44 0.6 0.433 0%
AML 210 0 0.952 0.46 0.621 0.437 0%

Exp. 4 LogMap 55 61 0 0.426 0.472 0.448 —0.163 0%
P AML 26 0 0.346 0.163 0.222 —0.145 0%
Exp. 5 LogMap 137 0 1.0 0.021 0.042 0.021 0%
AML 3 0 1.0 0.021 0.042 0.021 0%

Exp. 6 LogMap 102 31 0 1.0 0.3 0.466 0.3 0%
AML 40 0 0.7 0.274 0.394 0.156 0%

Exp. 7 LogMap 51 290 0 0.996 0.554 0.712 0.552 0%
AML 171 0 0.292 0.095 0.144 —0.136 0%

Exp. 8 LogMap 195 190 0 1.0 0.974 0.987 0.974 0%
AML 189 0 0.994 0.964 0.979 0.958 0%

Exp. 9 LogMap 19 177 0 1.0 0.9 0.949 0.9 0%
AML 191 0 0.979 0.954 0.966 0.933 0%

Exp. 10 LogMap 197 179 0 1.0 0.91 0.952 0.91 0%
AML 187 0 0.994 0.944 0.968 0.939 0%

* R: expected correspondences. ¥ A: detected correspondences. S Amb: ambiguous correspondences in A.

Table 4. Results after alignment trimming.

Exp.  Tool Threshold R*' Af AmbS Precision Recall F-Measure Ouverall Ambiguity
LogM - 212 2 . .7 .881 .7 .94%

Exp. 1 ogMap 267 0.995 0.79 0.88 0.786 0.94%
AML 0.77 209 138 0.32 0.25 0.281 —0.28 66%

LogM. - 200 0 1.0 0.448 0.619 0.448 09
Exp.2 &P 446 o
AML - 227 15 0.929 0.473 0.627 0.437 6.6%

LogM - 194 0 0.984 0.44 0.6 0.433 0%
Exp.3 P 434 o
AML - 227 25 0.903 0.472 0.62 0.421 11%
Exp. 4 LogMap = 55 61 0 0.426 0.472 0.448 —0.163 0%
AML 0.49 36 23 0.3 0.2 0.241 —0.254 63.88%
LogM - 1. .021 .042 .021 %

Exp. 5 ogMap 137 0 0 0.0 0.0 0.0 0%
AML = 3 0 1.0 0.021 0.042 0.021 0%

LogM. - 1 1. . .4 . 9
Exp6  LoEMaP w3 0 0 03 0.466 03 0%
AML 0.46 36 8 0.777 0.274 0.4 0.196 22.22%

LogM - 290 0 0.996 0.554 0.712 0.552 0%
Exp.7 &P 521 o
AML 0.51 50 0 0.98 0.094 0.171 0.092 0%

LogM - 190 0 1.0 0.974 0.987 0.974 0%
Exp.8 oV P 195 °
AML - 190 2 0.989 0.964 0.976 0.953 1%
LogM. - 177 1. . .94 . %

Exp. 9 ogMap 196 0 0 0.9 0.949 0.9 0%
AML = 192 2 0.973 0.954 0.963 0.928 1%

LogM - 17! 1. 91 .952 91 9
Exp. 10 ogMap 197 9 0 0 0.9 0.95 0.9 0%
AML - 187 0 0.994 0.944 0.968 0.939 0%

T R: expected correspondences. ¥ A: detected correspondences. § Anb: ambiguous correspondences in .A.

In Tables 3 and 5, the output no longer contains ambiguous correspondences. There-
fore, the scores for the ambiguity degree are null. In Tables 4 and 5, we report the trimming
threshold values considered in the different experiments. Thresholds were manually tuned
to optimize the output.
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Table 5. Results after alignment trimming and disambiguation.

Exp. Tool Threshold R* A% AmbS Precision Recall F-Measure Overall Ambiguity
LogM: - 211 1.0 0.79 0.882 0.79 9
Exp.1 &P 267 0 0%
AML 0.77 90 0 0.722 0.243 0.364 0.149 0%
LogM - 200 0 1.0 0.448 0.619 0.448 0%
Exp.2 &P 446 o
AML - 218 0 0.958 0.468 0.629 0.448 0%
L - 194 .984 44 . 4 %
Exp. 3 ogMap 434 9 0 0.98 0 0.6 0.433 0%
AML - 210 0 0.952 0.46 0.621 0.437 0%
LogM - 1 .42, 472 .44 -0.1 9
Exp. 4 ogMap 55 6 0 0.426 0 0.448 0.163 0%
AML 0.49 20 0 0.45 0.163 0.24 —0.03 0%
LogM. - 1. 0.021 .042 0.021 9
Exp. 5 ogMap 137 0 0 0 0.0 0 0%
AML - 3 0 1.0 0.021 0.042 0.021 0%
LogM - 31 0 1.0 0.3 0.466 0.3 0%
Exp.6 e P 102 o
AML 0.46 29 0 0.965 0.274 0.427 0.264 0%
— 0,
Exp. 7 LogMap 501 290 0 0.996 0.554 0.712 0.552 0%
AML 0.51 50 0 0.98 0.094 0.171 0.092 0%
LogM - 1 1. 974 987 974 9
Exp. 8 ogMap 195 90 0 0 0.9 0.98 0.9 0%
AML - 189 0 0.994 0.964 0.979 0.958 0%
LogM. - 177 1. 9 .94 . 9
Exp. 9 ogMap 196 0 0 0 0.949 0.9 0%
AML - 191 0 0.979 0.954 0.966 0.933 0%
LogM: - 179 0 1.0 091 0.952 091 09
Exp.10 &P 197 o
AML - 187 0 0.994 0.944 0.968 0.939 0%

* R: expected correspondences. ¥ A: detected correspondences. S Amb: ambiguous correspondences in A.

5.3.2. Metric Analysis

Tables 6-10 provide a contextual analysis by metric looking at the mainstream process.
In these tables, the highest score is highlighted in bold for each experiment/tool.

Table 6. Precision analysis.

Exp. Tool Initial Alignment! Disambiguation 2 Trimming3 Dis. and Trim.*
Exp. 1 LogMap 0.995 1.0 0.995 1.0
P AML 0.255 0.559 0.32 0.722
Exp. 2 LogMap 1.0 1.0 1.0 1.0
p- AML 0.929 0.958 0.929 0.958
Exo. 3 LogMap 0.984 0.984 0.984 0.984
p- AML 0.903 0.952 0.903 0.952
Exo. 4 LogMap 0.426 0.426 0.426 0.426
P AML 0.033 0.346 03 0.45
LogMap 1.0 1.0 1.0 1.0

Exp. 5 AML 1.0 1.0 1.0 1.0
LogMap 1.0 1.0 1.0 1.0

Exp. 6 AML 0.177 07 0.777 0.965
Exo. 7 LogMap 0.996 0.996 0.996 0.996
xp- AML 0.013 0.292 0.98 0.98
Exp. 8 LogMap 1.0 1.0 1.0 1.0
P AML 0.989 0.994 0.989 0.994
Exp. 9 LogMap 1.0 1.0 1.0 1.0
P AML 0.973 0.979 0.973 0.979
LogMap 1.0 1.0 1.0 1.0

Exp. 10 AML 0.994 0.994 0.994 0.994

1 Table 2. 2 Table 3. 3 Table 4. * Table 5.

Regardless of the more or less relevant numerical variations, the experiment points out
the high and holistic value of trimming and disambiguating for performance. Indeed, by
excluding untrustworthy correspondences and minimizing the number of false positives,
the alignment quality significantly increases.
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Table 7. Recall analysis.

Exp. Tool Initial Alignment! Disambiguation 2 Trimming3 Dis. and Trim. *
Exo.1 LogMap 0.79 0.79 0.79 0.79
p- AML 0.258 0.247 0.25 0.243
Exo.2 LogMap 0.448 0.448 0.448 0.448
P AML 0473 0.468 0.473 0.468
Exo. 3 LogMap 0.44 0.44 0.44 0.44
P AML 0.472 0.46 0472 0.46
Exo.4 LogMap 0.472 0.472 0.472 0472
Xp- AML 0.2 0.163 0.2 0.163
Exo.5 LogMap 0.021 0.021 0.021 0.021
xp- AML 0.021 0.021 0.021 0.021
Exp. 6 LogMap 0.3 0.3 0.3 0.3
Xp- AML 0.274 0.274 0.274 0.274
Exo.7 LogMap 0.554 0.554 0.554 0.554
P AML 0.095 0.095 0.094 0.094

Exo. 8 LogMap 0.974 0.974 0.974 0.974
xp- AML 0.964 0.964 0.964 0.964
Exp. 9 LogMap 0.9 0.9 0.9 0.9
xp- AML 0.954 0.954 0.954 0.954
LogMap 0.91 091 091 0.91

Exp- 10 AML 0.944 0.944 0.944 0.944

! Table 2. 2 Table 3. 3 Table 4. * Table 5.

Table 8. F-measure analysis.

Exp. Tool Initial Alignment ! Disambiguation 2 Trimming3 Dis. and Trim. 4
Exo. 1 LogMap 0.881 0.882 0.881 0.882
p- AML 0.256 0.342 0.281 0.364
Exo.2 LogMap 0.619 0.619 0.619 0.619
P AML 0.627 0.629 0.627 0.629
Exp. 3 LogMap 0.6 0.6 0.6 0.6
P AML 0.62 0.621 0.62 0.621
Exo.4 LogMap 0.448 0.448 0.448 0.448
P AML 0.056 0.222 0.241 0.24

Exo. 5 LogMap 0.042 0.042 0.042 0.042
Xp- AML 0.042 0.042 0.042 0.042
Exo. 6 LogMap 0.466 0.466 0.466 0.466
xp- AML 0.215 0.394 04 0.427
Exo. 7 LogMap 0.712 0.712 0.712 0.712
P AML 0.023 0.144 0.171 0.171
Exo. 8 LogMap 0.987 0.987 0.987 0.987
P AML 0.976 0.979 0.976 0.979
Exp. 9 LogMap 0.949 0.949 0.949 0.949
p- AML 0.963 0.966 0.963 0.966
Exo. 10 LogMap 0.952 0.952 0.952 0.952
P AML 0.968 0.968 0.968 0.968

1 Table 2. 2 Table 3. 3 Table 4. * Table 5.

At the same time, the experiment highlights a significant number of missing corre-
spondences as well as a more contained number of false positives. Hence, the resulting
alignment still presents relevant uncertainty, which may be considered absolutely critical
in many applications and is an object of discussion in the next section.
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Table 9. Overall analysis.

Exp. Tool Initial Alignment?! Disambiguation 2 Trimming 3 Dis. and Trim.*
Exp. 1 LogMap 0.786 0.79 0.786 0.79
Xp- AML — 049 0.052 —028 0.149
E 2 LogMap 0.448 0.448 0.448 0.448
xp- AML 0.437 0.448 0.437 0.448
Exp. 3 LogMap 0.433 0.433 0.433 0.433
p- AML 0.421 0.437 0.421 0.437
Exp. 4 LogMap —0.163 —0.163 —0.163 —0.163
p- AML —5.61 —0.145 —0.254 —0.03
E 5 LogMap 0.021 0.021 0.021 0.021
Xp- AML 0.021 0.021 0.021 0.021
Exp. 6 LogMap 0.303 0.303 0.303 0.303
P AML -1.0 0.156 0.196 0.264
Exp. 7 LogMap 0.552 0.552 0.552 0.552
p- AML —6.871 ~0.136 0.092 0.092
Exp. 8 LogMap 0.974 0.974 0.974 0.974
p- AML 0.953 0.958 0.953 0.958
Exp. 9 LogMap 0.9 0.9 0.9 0.9
P AML 0.928 0.933 0.928 0.933
LogMap 0.91 0.91 0.91 0.91
Exp. 10 AML 0.939 0.939 0.939 0.939
! Table 2. 2 Table 3. 3 Table 4. * Table 5.
Table 10. Ambiguity analysis.

Exp. Tool Initial Alignment! Disambiguation 2 Trimming3 Dis. and Trim.*

Exp. 1 LogMap 0.94% 0.94 %
AML 68.88 % 0% 66 % 0%

Exp. 2 LogMap 0% 0%
AML 6.6 % 0% 6.6 % 0%

Exp. 3 LogMap 0% 0%
AML 11% 0% 11% 0%

LogM % %

Exp. 4 ogMap 0% 0%
AML 95.77 % 0% 63.88 % 0%

Exp. 5 LogMap 0% 0%
AML 0% 0% 0% 0%

Exp. 6 LogMap 0% 0%
AML 81.64 % 0% 22.22% 0%

Exp. 7 LogMap 0% 0%
AML 98.58 % 0% 0% 0%

Exp. 8 LogMap 0% 0%
AML 1% 0% 1% 0%

LogM. % %

Exp. 9 ogMap 0% 0%
AML 1% 0% 1% 0%

L M 0, 0,

Exp. 10 ogMap 0% 0%

AML 0% 0% 0% 0%

! Table 2. 2 Table 3. 3 Table 4. * Table 5.

6. Discussion

In qualitative terms, the uncertainty characterizing the experiments may be related to
different factors, which are briefly discussed in this section. In general terms, the critical
analysis should be considered in context: namely, looking at the techniques adopted as
well as at the reference process and the associated underlining assumptions.

We remark on role of the limited semantics characterizing relational data that, without
proper semantic enrichments, are likely to introduce intrinsic ambiguities. Moreover, the
uncertainty generated across the knowledge building process is going to be propagated
at an application level and affects the whole system engineering process (e.g., ontological
modeling [69] and ontology-driven analysis [70]).
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6.1. Granularity

First of all, the different granularity characterizing the raw datasets definitely plays a
role, as the performance of the current ontology matching tools generally decrease when
dealing with ontologies addressing a different level of abstraction/detail.

An example is reported in Table 11, where country names (e.g., Sudan) and parts of
countries (e.g., South Sudan) coexist. In the first example in the table, “Sudan” in O; is
considered equivalent to “Sudan” in O;, which is false in this case; indeed, Sudan in Op
is actually North Sudan, and Sudan in O is the former Sudan that is composed of both
the northern and southern parts. The entities “Sudan” and “South Sudan” from O, should
rather be sub-entities of “Sudan” from O, (using a subsumption relation, not an equivalence
relation). Ontology matching tools cannot identify such subsumption correspondences
between entities.

Table 11. Examples of uncertainty resulting from different granularity.

Ontology O, Ontology O,

e Sudan

d.
¢ Sudan e South_Sudan

e Gaza_Strip

e State_of_Palestine
e WWest_Bank - T estin

e Sint_Maarten_(Dutch_part)

e Netherlands_Antilles
Tlands_Anti ® Bonaire,_Sint Eustatius_and_Saba

e Jersey

e Channel_Islands
e Guernsey

e Economy_Agriculture

Agricult
¢ fgricuiture e Employment_Agriculture

Similar errors may be hard to predict, as O; and O, do not present different granularity
in general terms. A more appropriate level of data semantics may contribute to mitigate
uncertainty by enabling ontology matching tools to work on a more extensive and accurate
knowledge-base.

6.2. Complexity

Similar considerations apply to the time dimension, despite its apparent simplicity.
For instance, in Experiment 3, O, the time format assumes “year-year” intervals (e.g.,
“97-1999”), while O, adopts a separate year format (e.g., “1997”, “1998”, “1999”).

The complexity of the notation can be significant in ontologies. Some examples from the
experiment are reported in Table 12. For example, the entity “Near_East” from O; should
be matched to the entity “WesternAsia” from (J,. While the entity “Asia_(EX._Near_East)”
should be matched to the union of the entities “CentralAsia”, “EasternAsia”, “SouthernAsia”,
and “South-easternAsia”. While certain entities, for instance, “Northern_Africa” and
“NorthernAfrica”, were correctly matched, in general, the underling complexity of the
notation is not correctly addressed.

As per previous considerations, enhanced data semantics would be extremely valuable
in this case also to address complexity by progressively generating a potential semantically
inter-operable data space.

Table 12. Examples of complexity in the notation.

Ontology O4 Ontology O;

e WesternAsia

e CentralAsia

e EasternAsia

e SouthernAsia

® South-easternAsia

o Near_East
e Asia_(EX._Near_East)*
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Table 12. Cont.

Ontology O4 Ontology O,

o NorthernAfrica
e MiddleAfrica

e EasternAfrica
e WesternAfrica
e SouthernAfrica

o Northern_Africa
® Sub—Saharan_Africa

o NorthernAmerica
o Northern_America e CentralAmerica
e Latin_Amer._and_Carib e SouthAmerica

e Caribbean

* EX. = Except.

6.3. Domain and Ontology Design

There is no prescriptive or universally accepted approach to develop an ontological
representation of a given domain. Therefore, ontologies may be designed according to
different strategies and may present different patterns that reflect design choices. However,
the tools adopted in the experiment do not address heterogeneous matching among entities.
For instance, this means that a class can be matched with another class but not with an
instance, an object property, or a data property. This can be considered to be an intrinsic
limitation looking at the technological framework of the experiment.

Another potential factor is the inherent complexity of domain modeling. Some concrete
examples from the experiments are reported in Table 13, where the concept “small” is
intrinsically ambiguous and leads to significant uncertainty.

Table 13. Domain complexity.

Ontology O1 Ontology O
e Small_states
e Small_island_developing_states e Pacific_island_small_states
e Caribbean e Caribbean_small_states

o Other_small_states

7. Conclusions

This paper deals with the empirical evaluation of a knowledge-building process based
on automatic ontology matching systems. The focus is on the resulting uncertainty and
its practical implications. More concretely, the case study aims to provide an integrated
semantic data space from heterogeneous non-semantically enriched relational datasets by
leveraging automatic matching tools (pre-LLM technology).

The results clearly show the significant uncertainty resulting from a lack of data seman-
tics that reduces the accuracy of automatic ontology matching methods, even considering a
relatively simple case study. Indeed, regardless of the adopted matching tool, experiments
behold a significant number of detected false positives and false negatives, due mostly
to the intrinsic ambiguity of non-semantically enriched data. This uncertainty is always
propagated at an application level. However, such uncertainty needs to be considered
in the context of a constant technological evolution and of applications, which may be
characterized by a different degree of error tolerance.

Looking at the technology adopted in this concrete study and at the reference knowl-
edge building process, realistically, we believe that a further consolidation of current
knowledge engineering practices to enhance data semantics would be a determinant to
significantly reduce uncertainty and to improve data integration system performance
accordingly. Last but not least, more consistent data semantics would fully exploit the
potentiality of Al-powered solutions.

Future work will aim to manage uncertainty in practice by inferring potential rela-
tionships between the characteristics of the raw data to be integrated and the resulting
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integrated data space. Such an extended process that assumes semantically enriched data
can fully exploit the advanced capabilities provided by large language models. Further, we
are exploring more holistic alignment-based approaches.
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