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Abstract

In this thesis we explore various approaches to mapping refinement in the web, labor market
and biomedical domains. The motivation comes from the labor market domain, where
skill and occupation ontologies have to be interoperable. This interoperability requires
creating links between the ontologies, called ontology alignment. Part of creating a rich
alignment is determining the semantic relationship of the links, called mapping refinement.
However, accurately identifying these relationships remains a significant challenge. Current
state-of-the-art methods exist of training a model using domain knowledge. With the recent
rise of generative large language models like GPT-4, many state-of-the-art solutions for
natural language processing tasks have been outperformed by these new models. This raises
the question what the potential of these generative large language models is for mapping
refinement and if the training using domain knowledge is still required for efficient mapping
refinement. In this thesis we have validated and compared the current state-of-the-art
methods STROMA and TaSeR and proposed a GPT-4 based approach. The main research
question we tried to answer was whether domain knowledge is still required for effective
mapping refinement in the age of generative large language models. The results indicated
that the integration of domain knowledge in language models continues to outperform solely
relying on generative large language models. This study provides insights into the current
limitations and strengths of both pre-trained language models and generative large language
models, underscoring the critical role of domain knowledge in mapping refinement processes.
Both the code and the data can be found here: https://github.com/lucasnijder/MapRef.
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Chapter 1

Introduction

1.1 Motivation

One of the challenges in our current (European) society is the discrepancy between supply
and demand in the labor market [34]. While there are many vacancies that are open and
there are many unemployed people, they seem to be unable to find a match. One of the
approaches to help the demand and supply problem in the labor market is to change from
degree based hiring towards skills based hiring [16]. These skills based approaches ask
for a common and up-to-date skills language that describes how occupations and skills
relate to achieve their full potential. By developing a domain-specific language for the labor
market, job discovery can be simplified, allowing individuals to be assessed based on their
skills potential rather than being constrained by their current or past job roles. Labor
markets vary significantly among countries, necessitating the development of specific labor
ontologies instead of a one-size-fits-all solution. Languages like these have been developed in
recent years in the form of ontologies, like ESCO1 for the European region, O*NET2 for
North America and recently the development started on CompetentNL3 for the Netherlands.
As an example of these ontologies, a subset of the ESCO and O*NET ontologies can be
seen in Figure 1.1. However, as each region has its own ontology, problems arise. Varied
ontologies hinder interoperability, making data and information sharing across international
borders difficult. Exactly this information sharing is of paramount interest as the Institute
for Employee Insurance (UWV4) unveiled a study that stated that despite certain job
categories grappling with shortages in the Netherlands, a whopping 70% of these roles have
an oversupply in other EU nations [98]. This shows the potential of employing international
workers. However, often misaligned expectations of both potential employees as well as
employers lead to international hiring being tough.

The solution to these problems is to make the national and regional ontologies interoper-
able. The technical term for aligning such ontologies is called ontology alignment. Ontology
alignment entails creating links between two ontologies, to map how entities from one relate
to entities in the other. These links are called correspondences and the collection of these
correspondences is called a mapping. The links between the two ontologies in Figure 1.1
represent such a mapping. Currently, most alignments are created by hand, which is tedious
work as for each entity in one ontology, all entities in the to-be-aligned ontology need to be
evaluated. For example, for the occupation ICT system analyst in ESCO, all occupations in
O*NET need to be checked whether they are similar. Besides finding matches, it is necessary
to identify the semantic relationship between the entities in each established correspondence.
This makes sure subtle difference between concepts can be modelled accurately. For example

1https://esco.ec.europa.eu
2https://www.onetonline.org
3https://www.competentnl.nl
4https://www.uwv.nl/particulieren/
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1.1. Motivation

computer vision engineer in ESCO and mathematicians in O*NET have a subclass relation
in the form of an is-a relation since computer vision engineer is a mathematician but not
the other way around. A "subclass relation" refers to the hierarchical relationship between
entities, where one entity (the superclass) encompasses or includes another entity (the
subclass).

As an example of the full process of creating a refined mapping, we will look at Figure 1.1.
The O*NET Ontology has the occupations Computer system analyst, Database administra-
tors, Computer networks architects, Data scientists, Mathematicians and Operations research
analysts. The ESCO ontology has the occupations ICT system analyst, ICT system architect,
ICT consultant, Data scientist and Computer vision engineer. In the first step, matching,
we find the correspondences (ICT system analyst,Computer system analysts), (ICT system
architect,Computer network architects), (Data scientist,Data scientists), (Data scientist,
Mathematicians), (Computer vision engineer,Mathematicians). Note that ICT consultants
from the ESCO ontology is not included since there is no similar entity in the O*NET
ontology. In the second step, mapping, we find the mappings (ICT system analyst,Equivalent
to,Computer system analysts), (ICT system architect,Inverse is-a, Computer network archi-
tects), (Data scientist,Equivalent to,Data scientists), (Data scientist, Is-a, Mathematicians),
(Computer vision engineer,Is-a,Mathematicians). This example is an easy one, as there are
only a small number of occupations per ontology. But as ontologies are often thousands of
entities large, creating a refined mapping is tedious work.

Figure 1.1: Example of a mapping between subsets of the ESCO and O*NET ontologies
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1.2. Current solutions

1.2 Current solutions

Since the 1980’s there has been a lot of research into creating methods that can automatically
create a mapping [68, 85, 89, 57, 99]. However, these methods focused only on establishing a
correspondence between the entities, not determining what the relation between the entities
is. While under-researched, there have been publications on ontology matching with extended
relations such as is-a or part-of [32, 53, 101, 117]. These approaches are called one-step
approaches for creating a refined mapping [7], as they combine matching and determining
the relations in one method. In Figure 1.2 the structure of a one-step approach is shown.

Figure 1.2: A simplified visualisation of one-step ontology alignment

A different approach to creating a refined mapping is not to try to find the specific
relations during the matching process like the one-step approach, but to first find equivalence
correspondences and afterwards refine these rough matches into refined correspondences
with extended relations. These techniques are called mapping refinement techniques [7].
This combination of ontology matching and mapping refinement is the two-step approach to
creating a refined mapping. Two-step approaches offer advantages over one-step approaches
in terms of simplicity and generic applicability [7]. The simplicity of the two-step approach
is found in its reduced search space compared to one-step approaches. One-step approaches
need to evaluate all combinations of source and target entities, as well as all possible
relations. This leads to a huge search space in which finding true correspondences is
hard. The two-step approach not only improves match quality and efficiency by focusing
on a more manageable set of correspondences, but also enhances flexibility by allowing
the integration of additional relation types at later stages without redesigning the entire
matching method. Furthermore, two-step methods facilitate compatibility with various
ontology matching techniques, benefiting from the active development within the field.
However, the effectiveness of two-step approaches heavily depends on the initial match’s
completeness and quality, emphasizing the need for robust methods in the matching phase.
In Figure 1.3 the structure of a two-step approach is highlighted.

Figure 1.3: A simplified visualisation of two-step ontology alignment

While the two-step approach is a robust approach to creating a refined mapping, this
area of research has not been studied extensively. The first mapping refinement method
was STROMA [7], a rule-based system. Following this first publications, new methods have
been proposed that make use of word embeddings. The first publication to propose this
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was by Dhouib et al. [104]. Later Hertling and Paulheim proposed TaSeR [45], the current
state-of-the-art method. It uses domain knowledge to fine-tune a BERT language model
[24] which is then able to identify the relation between two given entities. In section 2 we
will dive deeper into the existing literature.

1.3 Challenges

Despite significant advancements in ontology mapping and refinement methods, they still face
challenges. Firstly, existing mapping refinement approaches, including the state-of-the-art
TaSeR method, have not been extensively tested across diverse datasets. This limitation
raises concerns about their generalizability in varying contexts. Additionally, our preliminary
attempts to reproduce results from the TaSeR paper reveal that the performance is not
equally good for all types of relations. This inconsistency in performance underscores
the need for further investigation into the reliability of the TaSeR method. Moreover,
the effectiveness of the TaSeR method heavily relies on the presence of subclass relations
within the source and target ontologies. This dependency highlights a significant gap in
the methodology, as it assumes there are enough subclass relations available for effectively
learning the characteristics.

Interestingly, the broader field of natural language processing (NLP) has witnessed a
paradigm shift with the rise of generative large language models such as GPT-4, which
have started to outperform traditional domain knowledge-based approaches in tasks such as
document classification [18], sentiment analysis [29] and text classification [103, 31]. This
trend suggests that the necessity of domain knowledge might be diminishing, as generative
large language models demonstrate remarkable capabilities in understanding and generating
human-like text without explicit domain-specific tuning.

1.4 Research questions

In the previous section we have shown a quick overview of the current literature, unveiling
that domain knowledge based methods are being replaced by generative large language
models that do not require domain knowledge. Based on these recent advancements, we
will formulate the research questions in this section. We will focus on the second step of
the two-step system: mapping refinement. The main research question that we will try to
answer in this thesis is:

RQ: Is domain knowledge still required for mapping refinement in the age of
generative large language models?

We will try to answer the main research question by answering four subquestions. The
goal of the first subquestion is to find out what the differences in performance are between
current methods that do not use domain knowledge and those that do. The subquestion is
formulated as:

SQ1: How do current mapping refinement methods that incorporate domain
knowledge compare to methods that do not?

The second subquestion focuses on validating the current state-of-the-art method that uses
domain knowledge, called TaSeR. As mentioned before, our preliminary experiments showed
that the method did not work equally good for all covered relations. Additionally, it makes
use of pre-fine-tuning as an extra step before fine-tuning for mapping refinement. In literature
there are some examples of pre-fine-tuning, but these methods either continue pre-training
on a task/domain specific dataset [102, 38], use very similar tasks as the pre-training tasks
[114], or use multi-task training to enhance the language understanding of the model [4].
The goal of pre-fine-tuning in these papers is to enhance the language understanding of
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the model. Pre-fine-tuning on a different but similar classification task as the one from the
fine-tuning stage like in the TaSeR method has not yet been proposed in literature. Also,
in the original TaSeR paper it was not tested whether adding the pre-fine-tuning step was
beneficial for the performance [45]. The goal of the second subquestion is to validate the
TaSeR method to find out whether the form of pre-fine-tuning as it is included is beneficial
for the performance. Note that the dataset used for pre-fine-tuning is not regarded as domain
knowledge as they are general knowledge sources. The subquestion is formulated as:

SQ2:Does including additional general knowledge via pre-fine-tuning, as done in
the current state of the art of mapping refinement, benefit its performance?

The goal of the third subquestion is to find out whether the hassle of incorporating domain
knowledge is still necessary to effectively perform mapping refinement, or that it can be
done more efficiently by using the state-of-the-art generative large language model GPT-4.
We focus on GPT-4 because many evaluation reports have come to similar conclusions that
GPT-4 is the state-of-the-art generative large language model [84, 36]. The subquestion is
formulated as:

SQ3: How do state-of-the-art mapping refinement methods compare to generative
large language models in a zero-shot setting?

The goal of the fourth subquestion is to find out whether GPT-4 can benefit from domain
knowledge, or that it might not be worth the hassle to incorporate it. The subquestion is
formulated as:

SQ4: Does incorporating domain knowledge into generative large language models
through few-shot learning enhance their performance in mapping refinement?

In this thesis, we assume the first step, ontology matching, has already been performed
and an equivalence mapping exists.

1.5 Application of this research

This research is part of the development of CompetentNL5. CompetentNL is a Dutch national
ontology for describing skills, competences and occupations. CompetentNL is necessary to
create clear overview of skills and job descriptions in vacancies, profiles, study programs and
courses in the Dutch labor market. Part of the project is the development of a method for
semi-automatic ontology alignment, which is necessary for integration with other ontologies
as described in Section 1.1. The team responsible for this aspect focuses on two parts,
ontology matching and mapping refinement. This thesis represents the research on the
mapping refinement. The goal is to incorporate both the developed ontology matching
method, as well as the developed mapping refinement method in a tool, which will be used for
creating various mappings between CompetentNL and other ontologies. The incorporation
of the mapping refinement methods studied in this work is covered in Section 6.2 of the
discussion.

1.6 Outline and main contributions of the thesis

This thesis is organized in the following manner. Initially, we examine the existing literature
on ontology alignment and mapping refinement in Section 2, providing a scientific context
for this study. Subsequently, we define the mapping refinement problem in Section 3.
This is followed by the methods in section 4, where the methods used in the experiments

5https://www.competentnl.nl
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are explained. Next, the experimental setup is detailed in Section 5, outlining how the
experiments were conducted and the results are shown. Finally, the thesis concludes with a
discussion of the results in Section 6 and an overview of the conclusions and limitations and
recommendations for future research in Section 7.

The main contributions of this thesis are the following. We give a comprehensive overview
of how the use of domain knowledge evolved over time in the context of ontology alignment
for both equivalence-only and extended relations. Secondly, we show that STROMA and the
untrained version of TaSeR are not suitable to be used for mapping refinement in the labor
market and biomedical domains. Third, we show that TaSeR works well, and we propose a
simplified version of the TaSeR method, called S-TaSeR, to show that pre-fine-tuning has
indeed a positive effect on the performance of mapping refinement via relation prediction
with BERT. Additionally, we show that GPT-4 has good performance on the mapping
refinement task, but that using domain knowledge still has the best performance. And lastly,
we show that using domain knowledge as examples in a few-shot setting has a negative effect
on the performance of GPT-4. In the conclusions in Section 7 we revisit these contributions
and look at the implications and contributions for both practitioners as well as researchers.

1.7 Terminology

For the sake of clarity, we specify the main terms utilized in this thesis in this section. Note
that these are not formal definitions, as these will be given in Section 3. We use the following
terms:

• Ontology alignment: The process of finding correspondences between two different
ontologies (source and target), where these correspondences may include a variety of
relations, not just equivalence.

• Ontology matching: A type of ontology alignment, but focused only on finding
correspondences with equivalence relations.

• Correspondence: A relation between two entities, one from the source and one from
the target ontology.

• Equivalence mapping: A collection of correspondences resulting from ontology
matching, having only equivalence relations.

• Mapping refinement: The process of refining an existing mapping by refining the
existing equivalence relations into a set of extended relations such as is-a

• Refined mapping: A collection of correspondences with extended relations.

• Domain knowledge: Information that is related to the domain of the specific use
case at hand. Examples are related ontologies. General sources of knowledge such as
WordNet do not fall under domain knowledge.

• Use case: A scenario of ontology alignment where we have three data sources: the
two ontologies and the existing mapping between them.

8



Chapter 2

Literature Analysis of Ontology
Alignment with Extended Relations

In this section we will dive deeper into the literature on ontology alignment, mapping
refinement and knowledge graph completion. In Section 1.2, we stated that the performance
of two-step methods for creating a refined alignment is highly dependent on the ontology
matching methods used in the first step. Therefore, we will start by providing a comprehensive
overview of ontology matching in Section 2.1. Next, we will cover ontology matching with
extended relations, i.e. one-step approaches, in Section 2.2.1. Afterwards in Section 2.2.2, we
cover the refinement step in two-step approaches, i.e. mapping refinement. Finally, we will
also include a short overview of knowledge graph completion in Section 2.3, as the mapping
refinement techniques used in this thesis use ideas from that field of research.

2.1 Ontology matching

Ontology matching with equivalence relations has been extensively researched. The first
mentions stem from 1986 [8]. Since then, a wide variety of methods have been developed.

2.1.1 Classifying ontology matching methods

Various reviews and surveys have been written using different classification approaches
[91, 109, 54]. One of the most recognized classifications is the one by Euzenat and Shvaiko
[28]. They classified methods on the basis of the focus of the techniques used. The two
major classes are element-level matching and structure-level matching.

In element-level matching, each entity within an ontology is considered isolated from the
rest. Examples of element-level matching are: string-based, language-based and informal
resource-based. String-based techniques look at the texts associated with entities as a
collection of characters, without using the meaning of the words. Language-based techniques
use natural language processing (NLP) methods to retrieve information from the meaning of
words and sentence structure of the texts associated with entities. Informal resource-based
techniques deduce relations between ontology entities based on how they are related to their
associated resources such as links or pictures. Examples of ontology matching systems that
use element-level techniques are GLUE, SAMBO and ASMOV [72, 63, 53].

The second group of techniques is structure-level matching. When matching an entity
using structure-level matching, the connection to surrounding entities is used as extra
information. Examples of structure-level techniques are graph-based and taxonomy-based
techniques. Graph-based techniques view ontologies as labeled graphs, where the intuition
is that if two entities are similar, their neighbors must also be similar. Taxonomy-based
techniques are similar, with the difference being that they view the ontology as a taxonomy.
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Ontology matching systems that use structure-level techniques include Similarity Flooding,
OMEN and Cupid [75, 25, 73]. For a more comprehensive overview of which types of
techniques are used in which method, we refer to the survey by Liu et al. [68].

2.1.2 Language-based techniques

Recent developments in ontology matching have shifted towards concentrating on element-
level, language-based techniques [83, 81, 93]. These techniques, which are rooted in natural
language processing, are broadly classified into two categories: intrinsic and extrinsic [28].
Intrinsic techniques analyze the content within the text, whereas extrinsic techniques use
additional resources. Notably, thesauri such as WordNet [80] have long been integral to
extrinsic methods in ontology matching. Systems like OLA [27], SAMBO [63], Falcon [49]
and AgreementMaker [21] employ WordNet to interpret entities based on their specific
meanings or contexts. This process often involves matching entities after determining their
’sense’ as defined in WordNet. However, these extrinsic methods primarily leverage general
external knowledge, with a notable absence of domain knowledge. This limitation arises
from the constraints of thesauri and lexicons like WordNet, which offer limited scope and
are not easily extendable. As a result, general knowledge sources have been preferred for
their broader applicability in creating versatile tools. However, the introduction of word
embeddings brought new opportunities to include domain knowledge.

2.1.3 Non-contextual word embeddings

Word embeddings are representations of natural language in a numeric format, often vectors.
The idea of word embeddings has been around for a long time, with early proposals dating
back to early nineties [47, 88, 95, 23]. Word embeddings have important advantages over
other external information sources, such as improved understanding of language, over
hand-created information sources. It has been shown that the resemblance between word
embeddings is not just based on basic syntactic rules but also on semantic rules [78]. For
instance, the calculation embedding("King") - embedding("Man") + embedding("Woman")
yields a embedding most similar to the one for "Queen" [78]. But most importantly, word
embeddings can be trained on any text corpus and are therefore scalable and flexible. The
aforementioned problem with thesauri and lexicons, that they can not easily be extended for
the domain at hand and can therefore include domain knowledge, is not a problem for word
embeddings as they can be trained using domain specific data. This opened the door for the
use of domain knowledge. When word embeddings methods like word2vec [78] and fastText
[11] had become widespread, they were also applied in ontology matching.

The first method to use of word embeddings in the context of ontology matching was
proposed by Zhang et al. in 2014 [115]. They proposed a method combining Word2Vec
embeddings trained on Wikipedia data with edit distance, a string metric. However, they
did not yet use domain specific knowledge. After the publication of Zhang et al., similar
works were published [108, 35]. The first mention of the use of domain specific knowledge
was in the paper by Wang et al. [110]. They create a neural network that uses a word2vec
embedding model which is trained using domain knowledge from the UMLS ontology. In
their experiments they include ontology matching use cases from UMLS and SNOMED CT
and show that their method achieves good performance on both. Another method that uses
domain knowledge is the DeepAlignment [62]. They use a transfer learning approach to
adapt pre-trained word embeddings to a given domain. Another method that uses domain
knowledge is the Rafcom method [83]. They use a combination of word2vec embeddings and
a random forest classifier and train it on domain knowledge from the ontologies of the use
case. An example of the use word embeddings in combination with domain knowledge in
the context of the labor market domain is the work by Giabelli et al. [30]. They looked into
mapping the Italian labour ontology CP [1] to ESCO [2] using word embeddings. In their
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approach they used the occupations from the ontologies, together with its description and
all associated words such as synonyms to train a fastText embedding model, which was then
used to align the two ontologies.

2.1.4 Contextual word embeddings

While word embeddings as described above have beneficial properties, they also lack in
certain areas. Such word embeddings are non-contextual, meaning a word always has the
same meaning, independent of the context. This can be problematic, as words can be
polysemic, meaning that they can have different meanings in different contexts. For example,
the word "tear" will have the same embedding, whether it is used in "She shed a tear when
she heard the news" or "Be careful not to tear the paper". While the word is spelled the
same in each sentence, the meaning is different. Contextual word embeddings offer dynamic
representations for polysemy, meaning that they recognize the context and assign different
embeddings to "tear" based on its usage in a sentence. This use of context gives them a
better understanding of language [48]. Another advantage of contextual word-embedding
is the ability to represent out-of-vocabulary words. Since contextual word embeddings
generate representations based on context, they can generate embeddings for words not seen
during training, while non-contextual word embeddings are limited to the vocabulary it is
trained on [69]. Publications using context-dependent embeddings demonstrate that these
representations can attain top-tier results in various challenging NLP tasks [86, 24].

One of the first examples of the use of contextual word embeddings in ontology matching
was the work by Neutel and de Boer [81]. They created a BERT-based method to create
a mapping between the O*NET and ESCO ontologies. However, they did not introduce
domain knowledge into the model. The first application of contextual word embeddings in
ontology alignment with domain knowledge was BERTMap [42]. BERTMap is an ontology
matching system that utilizes a BERT model and fine-tunes it on the domain knowledge
present in the ontologies of the use case. Guru Rao et al. [37] took on the same use case
as Neutel and de Boer of aligning O*NET and ESCO. In contrast to them, they did use
domain knowledge. They fine-tuned a XLNet model [112], which was then used for ontology
matching. Another approach is the Truveta Mapper [5]. It also uses BERT, but takes
a different approach to incorporating the domain knowledge in the model. It defines the
problem as a translation task, where it returns a path in the target ontology, based on
the input entry. For training, the ontologies are transformed into paths which are used to
fine-tune the BERT model.

2.1.5 Generative large language models

Recently, new developments in the field of NLP have shifted from embedding-focused
or encoder-based pre-trained language models towards decoder-based or generative large
language models [55]. While models like BERT are built to encode textual information into
a numerical format (text-to-embedding), models like GPT-4 are built for text-to-text tasks
[3].

The first works that utilize generative large language models in ontology matching have
recently been published. He et al. [43] show that generative large language models have the
potential to outperform ontology alignment systems such as BERTMap given proper prompt
engineering. Another method was proposed by Norouzi et al. [94]. They explore the usage
of ChatGPT in ontology alignment. A different approach to using generative large language
models is the propsed Olala method [44]. They use Sentence-BERT [92] to generate possible
candidates. A generative large language model is then be used in a binary classification
setting, outputting whether a candidate is correct or not, or in a multiple choice setting, in
which the most likely entity is chosen from the different possibilities.
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2.2 Ontology alignment with extended relations

All aforementioned papers on ontology matching focus on creating mappings where the
relation of the established match is exclusively equivalence. Euzenat and Shvaiko noted that
there were only a few methods that include other types of relationships than equivalence [28].
While it is often mentioned in papers that a mapping exists of correspondences between
the source and target ontologies and a relation r such as equivalence or is-a, the relation is
almost always set to equivalence [83, 42, 5]. Giunchiglia et al. [33] noted that other types
of mapping relations can exist such as is-a or part-of relationships. While underexposed,
there have been methods that include these relations, rather than exclusively the equivalence
relation.

In Table 2.1 an overview is given of ontology matching and mapping refinement methods
with extended relations. The Steps column indicates whether the method is a one-step
approach (ontology matching) or a two-step approach (mapping refinement) and the DK
column represents whether the method uses domain knowledge or not. Furthermore the
types of relations identifiable by each of the methods is included. In Section 2.2.1 we will
first look at the one-step methods and in Section 2.2.2 we look at the mapping refinement
methods used in two-step methods.

Relation type

Name Steps DK equivalence is-a part-of related disjoint overlapping close
S-Match [32] 1 no x x x x
CtxMatch [14] 1 no x x
AROMA [22] 1 no x x
RiMoM [64] 1 no x x x
ASMOV [53] 1 no x x x x
Taxomap [40] 1 no x x x
Blooms [51] 1 no x x x
Blooms+ [52] 1 no x x x
CSR [101] 1 no x
STROMA [7] 2 no x x x x
IUT [117] 1 no x x
Dhouib et al. [104] 2 no x x
BERTsubs [17] 1 yes x
TaSeR [45] 2 yes x x x x x

Table 2.1: An overview of ontology alignment methods with extended relations

2.2.1 One-step approaches

The first one-step approaches were rule-based methods like CtxMatch and S-Match. Bouquet
[14, 13] published CtxMatch in 2003. They made use of WordNet by translating the
hierarchical relations between WordNet senses into a set of subclass relations in description
logic, making them element-level methods with a focus on extrinsic language-based techniques.
By matching the entities to the senses in the logic, relations could be determined. S-Match
was later proposed by Kanade et al. [32] as a rationalised re-implementation of CtxMatch.
The AROMA method [22] took a different, resource-based element-level matching, approach
focusing on document-populated ontologies. It first creates entity hierarchies by creating
association rules between entity names and terms in their documents. Afterwards it tries to
find association rules between the hierarchies. Other rule-based methods include RiMoM
[64], ASMOV [53], Taxomap [40], BLOOMS [51] and BLOOMS+ [52], CSR [101] and IUT
[117].

Of the ontology matching methods that include extended relations, there were no methods
that used either non-contextual or contextual word embeddings. The only exception is the
contextual word embeddings method BERTSubs [17]. Not only did it use contextual word
embeddings, it also included domain knowledge. The authors of the BERTmap method [42]
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developed a method for predicting subclass relationships between classes of OWL ontologies
using contextual semantic embeddings. They fine-tuned a BERT model using information
from the source and target ontologies. Since the method uses both the textual information
of the entities as well as the hierarchical structure, it is a combination of element and
structure-level methods. The method not only works for finding subclass relations between
two ontologies (inter-ontology) but also for finding missing subclass relations within an
ontology (intra-ontology).

2.2.2 Two-step approaches (mapping refinement)

Compared to one-step methods, mapping refinement is an even smaller field on ontology
alignment. To our knowledge only three methods exist that take an existing mapping and
refine the relations from equivalence to extended relations.

The oldest method is the Semantic enrichment of Ontology Mappings (STROMA) method
by Arnold and Rahm [7]. They include extended semantic relations on top of equivalence
and subclass relations such as disjointness and overlap. STROMA is based on a three-step
process: type computation, verification and selection. The type computation phase finds
the type of semantic relation of a mapping using various linguistic strategies. The linguistic
techniques include compounding, word sense disambiguation and background knowledge.
The verification checks the predictions for potential missed equivalence relations. Next, the
selection phase validates and filters the found relationships. Their method does not make
use of domain knowledge. The details of this method will be explained in Section 4.1. The
second method is the method proposed by Dhouib et al. [104]. They proposed an ontology
mapping approach based on a set of rules exploiting the embedding space and measuring
clusters of entity labels to discover the relationship between entities. They use fastText
embeddings and do not use domain knowledge. They show that the combination of word
embeddings and a measure of dispersion of the clusters of labels in the embedding space,
makes it possible to determine not only equivalence relations but also subclass relations
between entities. The most recent and current state-of-the-art method was developed in 2023
by Hertling and Paulheim. It is called Transformer-based Semantic Relation Typing (TaSeR)
[45]. Like the BERTmap and BERTSubs models, they use a BERT model for classifying
the relation between two given entities. Different from the BERTmap and BERTSubs
models, they include a large number of relations and take an already existing mapping as
input. The BERT model is pre-fine-tuned on a fine-tuned using domain knowledge from
the source and target ontologies. Their method includes various semantic relationships
such as equivalence, (inverse) is-a, (inverse) part-of, co-hyponym and disjointness. TaSeR is
fine-tuned for mapping on a general data set and can be further fine-tuned for the test case
at hand. The details of this method will be further explained in Section 4.2.2.1.

In mapping refinement we find the same pattern as for ontology matching: from rule-
based to non-contextual word embeddings to contextual word embeddings. However, the
recent rise of generative large language models has not yet been used in mapping refinement.
There are works where generative large language models outperform domain specific models
on mapping refinement related tasks such as document classification [18], sentiment analysis
[29] and text classification [103, 31]. As these tasks are similar to mapping refinement,
these findings spark the interest whether domain knowledge is still necessary for performing
mapping refinement, or whether generative large language models are able to do this without
a need for time-consuming pre-processing and fine-tuning of domain knowledge data.

2.3 Knowledge graph completion

A related field to mapping refinement is knowledge graph completion, in particular a subtask
of knowledge graph completion (KGC): relation prediction. Relation prediction is very much
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like mapping refinement, as the goal of both tasks is to determine the relation between two
given entities. Before we dive into the similarities and differences between relation prediction
and mapping refinement in Section 2.3.2, we will take a look at what the relation is between
knowledge graphs and ontologies.

2.3.1 Relation between ontologies and knowledge graphs

Knowledge graphs, similar to ontologies and taxonomies, serve to model interconnected data.
Since its inception and popularization by Google in 2012 [100], the exact definition has been
a subject of debate. The initial introduction by Google did not provide a comprehensive
definition, leading to diverse interpretations in subsequent years. In 2013, Blanco et al.
described the construction of Yahoo’s knowledge graph through the alignment of new entities
with an existing ontology [10]. They implicated that an ontology is a schema upon which a
knowledge graph is built by adding instances. In contrast, Ehrlinger et al. did not agree with
the notion of knowledge graphs as a novel technological advancement [26]. They critiqued
the term’s usage as a buzzword and highlighted the confusion caused by its interchangeable
use with ’ontology’ and ’knowledge base’. Later, the papers by Kejriwal et al. and Bonatti et
al. in 2019 offered differing perspectives, with the former focusing on the fact-centric nature
of knowledge graphs and the latter explaining them as a combination of a schema and facts
[56, 12]. This definition of knowledge graphs, like Blanco’s, misses the fact that ontologies
themselves can also have instances and are therefore not limited to serving as a schema for
knowledge graphs. Meznar et al., in 2022, argued in the same way that knowledge graphs
are synonymous with grounded ontologies [77]. Grounded meaning that the ontology is
closely tied to real-world data and observations, thus containing instances. Based on these
evolving definitions and interpretations, we conclude that knowledge graphs are essentially
grounded ontologies. This similarity stems from their shared focus on structured, real-world
data representation. Therefore, we can safely use techniques built for knowledge graphs in
the context of ontologies.

2.3.2 Relation between relation prediction and mapping refinement

Now that we know how knowledge graphs and ontologies are related, we will look at KGC
and in particular to relation prediction. Knowledge graphs, often created manually or
semi-automatically, frequently miss numerous implicit entities and relationships, leading
to a widespread issue of incompleteness. The goal of KGC is to solve the problems of
incompleteness and sparsity caused by missing instances or links in knowledge graphs [19].
This technology enhances graph structures by predicting missing knowledge components like
entities and relationships. KGC uses the RDF representation [60] of knowledge graphs existing
of triples (subject, object, predicate) or as they are formulated in KGC: (head, relation, tail)
[19]. This will be explained in more detail in section 3.1.2. Depending on the missing elements
in the triples, KGC can be segmented into four tasks: tail prediction, head prediction, relation
prediction and triple classification [19]. Tail prediction involves predicting a missing tail entity
from the given head entity and relationship, for example: (Data Scientist , works_for , ?).
Head Prediction requires identifying a missing head entity based on the known relationship
and tail entity, as in determining the person in (?, leads,AI Research Team). Relation
prediction focuses on discovering the relationship between a known head and tail entity, for
instance, figuring out the connection in (Project Manager , ?, Software Development Team).
Lastly, triple classification entails evaluating the accuracy of a given triple, identifying if a
triple such as (Data Scientist , employed_by, TechCorp) is true.

Most KGC methods use knowledge graph embeddings, together with a scoring function
[111, 65]. Examples of such methods are RESCAL [82], TransH [111], TransR [65] and
ComplEx [105]. These specifically are not as much related with mapping refinement, as they
assume a knowledge graph is fully connected, meaning that all entities are reachable from all
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other entities in the knowledge graph. Since the goal of mapping refinement is to predict the
relation between entities from to disconnected ontologies, it does not meet this assumption.

However, there are other approaches to KGC that do not rely solely on structural
information, which are of use for mapping refinement. These methods use pre-trained
language models like BERT. There have been multiple attempts to incorporate knowledge
from knowledge graphs into pre-trained language models [67, 116, 87], but the first knowledge
graph enhanced pre-trained language model specifically designed for KGC was presented in by
Yao et al. [113]. Their method, named KG-BERT, converts each triple into a textual sentence,
utilizing the textual information of its head entity, relation and tail entity. Subsequently, it
approaches KGC as a text classification task, where BERT is fine-tuned using triples from
the knowledge graph during the fine-tuning process. The domain knowledge methods in
this thesis make use of the idea introduced in the KG-BERT method. In Section 4.2.1.6 we
explain the details of how KGC with KG-BERT works.
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Chapter 3

Defining the Mapping Refinement
Problem

In this section, we will formalize the mapping refinement problem. First, we will define what
an ontology is. Next, we will review the two tasks of ontology alignment, ontology matching
and mapping refinement, and define them.

3.1 Ontologies

In this thesis, we cover ontologies, which are sets of terms and definitions specific to a certain
field. These definitions can be simple or detailed, making ontologies range from basic term
lists to entity-relationship models and logics [28]. We focus on a specific type of ontologies,
called hierarchical ontologies or taxonomies. A hierarchical ontology can be represented as a
directed acyclic graph in which a node and its label represent a concept and its meaning.
In this thesis we will use the label of a concept to refer to the concept itself. Relationships
among the nodes are usually represented by is-a or inverse is-a relations in the graph [58].
A hierarchical ontology is not rich in terms of data type properties, relationships among
concepts and axioms [97, 39].

3.1.1 Defining ontologies

Having established an understanding of what an ontology is, we will use this section to give
a formal definition. We will use a simplified version of the formal definition of an ontology
as defined by Euzenat and Shvaiko [28]. We describe an ontology as a tuple ⟨C,R,=⟩, such
that:

• C is the set of classes;

• R is the set of relations;

• = is a relation over C ×R× C called assignment.

Not all classes need to have all relations. Relations can be directional but do not have
to be. In Figure 3.1 a subset of the ESCO ontology is given. On the left all variables are
assigned, on the right that same ontology is visualised.
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VariableExample

C
System analysts, ICT consultant, ICT ad-
visor, Computer vision engineer, Computer
vision specialist

R synonym, is-a

=

ICT consultant = is-a = System analysts,
Computer vision engineer = is-a = System an-
alysts, ICT consultant = synonym = ICT ad-
visor, Computer vision engineer = synonym
= Computer vision specialist

Figure 3.1: Example of a subset of the ESCO ontology

3.1.2 Ontology languages

Now that we have formally defined what ontologies are, we will look at which language to
use to model ontologies according to our formal definition. There are multiple languages to
describe an ontology. The most widely used are OWL and RDF. Web Ontology Language
(OWL) [9] is a comprehensive language used for creating complex ontologies on the semantic
web. It enables detailed description of classes, properties and their interrelationships,
supporting advanced features like logical inference. Resource Description Framework (RDF)
[60] is a standard model for data interchange on the web, primarily used to represent
information about resources and their interrelationships. It employs a simple triple structure
for representing semantic data. As the ontologies we want to describe are not complex
and there is no need to model constraints or logical inferences, we will use the the RDF
language. The triple structure of the RDF language looks like (subject, predicate, object).
Subject refers to the resource being described. It can be anything with an identity, typically
represented by an uniform resource identifier (URI). The predicate indicates the type of
relationship that exists between the subject and the object. The object is the value or resource
to which the subject is related via the predicate. In this thesis we will use the RDF notation
used in knowledge graph completion (KGC) where they use head, relation, tail instead of
subject, predicate, object. The notation of a triple becomes (h, r, t). As an example, the
ontology from Figure 3.1 can be described in RDF with KGC notation as: (ICT consultant,
is-a, System analysts), (Computer vision engineer, is-a, System analysts), (ICT consultant,
synonym, ICT advisor), (Computer vision engineer, synonym, Computer vision specialist).
The language used for the mappings will be SKOS [79]. SKOS is a lightweight vocabulary
designed for representing simple knowledge structures. It provides a way to represent, among
others, mappings. It is built upon RDF, allowing concepts to be easily integrated with other
data on the semantic web.

3.2 Ontology alignment

After defining ontologies and the language for their description, we will look at the definition of
ontology alignment. The goal of ontology alignment is to create a collection of correspondences
{(h1, r1, t1), (h2, r2, t2), . . . , (hn, rn, tn)}, called a mapping. Where h is an entity from the
source ontology, t is an entity from the target ontology and r represents the relation that
holds between the two entities. As previously discussed, alignment can be approached in
two ways: a one-step process and a two-step process. This thesis will concentrate on the
latter as it is more general and flexible as highlighted in Section 1.2 of the introduction.
Two-step ontology alignment consists of ontology matching followed by mapping refinement.
The process of ontology matching is performed by using an ontology matcher, which gives
an equivalence mapping as output. This mapping only contains correspondences with
equivalence relations, which are then refined by a mapping refiner into a refined mapping.
For a visual overview we refer to Figure 1.3 in the introduction. We will start by defining
ontology matching, after which we define mapping refinement.
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Figure 3.2: A visualisation of two-step ontology alignment

3.2.1 Definition of ontology matching

As described in the previous section, we need an ontology matcher in order to match
ontologies. We define a matcher according to the definition of Euzenat and Shvaiko [28].
A matcher can be defined as a function, denoted as f(O1, O2,M ′, p, b) = M . In this
formulation, M represents the resulting mapping. O1 and O2 represent the source and
target ontologies. M ′ represents a pre-existing mapping which could be used as background
knowledge. This variable could potentially be an empty set. The variable p encompasses
the additional parameters integral to the matching process, while b signifies the external
background knowledge sources that are employed in the process.

Having gained an understanding of what a matcher is, we can define how it is used in
ontology matching. To recap, the fundamental challenge involves establishing a mapping
M between two distinct ontologies, O1 and O2. By applying the matcher, we get the
resulting mapping. This mapping is defined as {(h1,=, t1), (h2,=, t2), . . . , (hn,=, tn)}, where
h represents an entity from the source ontology, t represents an entity from the target ontology
and = represents the equivalence relation that holds between them.

3.2.2 Definition of mapping refinement

Now that we have created a mapping with equivalence relations using a matcher, we can
refine this mapping into the final refined mapping. We define the mapping refiner in a
similar manner as the matcher functions from Euzenat and Shvaiko [28]. The difference
being that we include an existing equivalence mapping. We define a mapping refiner
as the function: f(O1, O2,M=, p, b) = M where O1 and O2 are the source and target
ontologies, M= is the mapping with only equivalence relations that we want to refine, p
the additional parameters and b the external background knowledge sources. Using the
mapping refiner we refine a mapping {(h1,=, t1), (h2,=, t2), . . . , (hn,=, tn)} into a mapping
{(h1, r1, t1), (h2, r2, t2), . . . , (hn, rn, tn)}. For this thesis, we assume the matching phase has
already been executed, leaving us with a mapping with exclusively equivalence relations that
needs to be refined. In the next section we will describe which relations r can be.

3.2.3 Semantic relationship types of a refined mapping

With our understanding of all elements of mapping refinement established, we will look at the
relations the refiner has to be able to identify. In Table 3.1 the semantic relationship types
used in this thesis are given. Two words are synonyms if they have the same or nearly the
same meaning in some or all contexts. For example, "database administrator" and "database
manager" are synonyms because they can be used interchangeably in many contexts to
describe someone who is responsible for a database. A hyponym is a word whose meaning
is included within the meaning of another, more general word. The relationship is one of
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inclusion. For instance, "database administrator" is a hyponym of "computer occupations"
because every database administrator is someone who has a computer related occupation,
but not all people who have computer related occupations are database administrators.
So if we have a triple (database administrator , skos:broadMatch, computer occupations),
this means that the term database administrator is more narrowly defined than computer
occupations, which is more general. A hypernym is the opposite of a hyponym; it is a
word with a broad meaning that more specific words fall under. A hypernym is a kind
of umbrella term. For instance, "manager" is a hypernym of "retail manager" because it
encompasses retail managers along with other types of managers. So if we have a triple
(manager, skos : narrowMatch,retail manager), this means that the term manager is more
broadly defined than retail manager, which is less general. To describe these relations, we
will use the SKOS language. We will leave out the prefix skos: in the rest of this thesis.

Linguistic relation Example Set theory SKOS
Synonymy ICT consultant, ICT

advisor
Equivalence skos:exactMatch

Hyponymy ICT consultant, Sys-
tem analysts

Subset-of skos:broadMatch

Hypernymy System analysts, ICT
consultant

Inclusion,
Superset-of

skos:narrowMatch

Table 3.1: Correspondence between linguistic relations and SKOS concepts
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Chapter 4

Methods

In this section we will explain the methods used for mapping refinement. We start by
explaining the STROMA method. Following this, we delve into the domain knowledge
methods. As both TaSeR and our proposed S-TaSeR method use BERT, we will first explain
the specifics of BERT models. After having explained BERT, we will explain the TaSeR
and S-TaSeR methods.

4.1 STROMA

STROMA is a rule-based method. The STROMA method can be expressed according to
the mapping refiner definition from Section 3.2.2 as f(∅,∅,M=,∅, b) = M where O1 and
O2 are empty, M= is the mapping we want to refine, p is empty and b is the background
knowledge present in WordNet, OpenThesaurus and UMLS Metathesaurus. The method
exists of three steps: type computation through five distinct strategies, type verification
and selection. The method is visualised in Figure 4.1 and the three steps will be further
explained in the next sections.

Figure 4.1: A visualisation of the STROMA method

4.1.1 Type computation strategies

STROMA employs five strategies to determine relation types, each providing a confidence
score or marking as undecided for each correspondence. These scores are combined using
a weighted scoring system based on experimental reliability, with the highest-scoring rela-
tionship type chosen. In cases where all strategies are undecided, equivalence is the default
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prediction. For ties, the preference order is: equivalence, is-a, inverse is-a, has-a, part-of
and related. The five strategies will be explained in the next sections.

4.1.1.1 Compound strategy

The compound strategy identifies "is-a" relationships by analyzing word compounds, where
a compound (t) ending with another entity (h) suggests t is a type of h. It requires t to be
at least three characters longer than h to avoid pseudocompounds and uses a list of common
prefixes to exclude prefix derivations. A limitation of this strategy is that it struggles with
evolved spellings or unique morphemes not in dictionaries. It has a confidence weight of 1.0.

4.1.1.2 Background knowledge strategy

The background knowledge strategy overcomes lexical limitations in mapping refinement
by using external knowledge sources like WordNet, OpenThesaurus and UMLS Metathe-
saurus. It leverages these sources to identify semantic relations (e.g., synonyms, hypernyms,
hyponyms) for finding correspondences beyond mere lexical similarities. A key method is
Gradual Modifier Removal, where modifiers are sequentially removed from compounds to
check for matches in a background dictionary, determining the semantic relation type. Its
effectiveness is limited by the dictionaries’ scope, often missing new or domain-specific terms.
This strategy has a confidence weight of 1.0.

4.1.1.3 Itemization strategy

The third strategy, the itemization strategy is applied when at least one entity in a correspon-
dence is an itemization, defined as a list of items without commas, slashes, or conjunctions.
The process involves simplifying item sets by removing synonyms, hyponyms and hypernyms
within and between the sets. The remaining items in the sets are compared to determine the
relationship type: equal, is-a, inverse is-a, or undecided. The strategy is particularly useful
in scenarios where one entity encompasses multiple items or categories. The itemization
strategy has a confidence weight of 1.0.

4.1.1.4 Structure strategy

The structure strategy uses ontologies’ explicit structures to infer semantic relationships,
analyzing the connection between an entity and its parent to deduce relationships with other
entities. For example, if entity Y is related to parent X and a known relationship exists
between X and Z, this information suggests a relationship between Y and Z. It incorporates
WordNet and compounding for relationship determination, excelling in scenarios where
direct semantic links are not obvious but inferable from the ontology structure. This strategy
carries a confidence weight of 0.8.

4.1.1.5 Multiple linkage strategy

The multiple linkage strategy identifies hierarchical relationships by focusing on schema
elements with multiple correspondences, suggesting that an entity linked to several others
may represent a more general category. This approach has the limitation that it depends on
the accuracy of initial matches, being vulnerable to false positives that can result in more
false positives. It has a confidence weight of 0.5.

4.1.2 Verification step

After determining the relationship type of a correspondence using the five strategies, a
verification step is implemented to address subtleties and confirm or revoke the initial
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decision. This step is crucial because is-a correspondences can be misleading due to different
hierarchical organizations in the input ontologies. For instance, consider the correspon-
dence (“apparel.children_shoes”, “clothing.children.shoes”). Initially, both compound and
background knowledge strategies might suggest an "is-a" relationship, as "children_shoes"
obviously fall under "shoes." However, a detailed examination of the hierarchical paths can
reveal that these entities are, in fact, equal. The verification step involves combining the leaf
entity with its parent entity and comparing this combination to the unaltered leaf entity
of the corresponding pair. If this combined entity matches the opposite leaf entity, the
previously assumed is-a relation is reconsidered. For example, combining "children" and
"shoes" from one ontology and finding it equivalent to "children_shoes" in another may lead
to an equivalence determination, revoking the initial is-a relation.

4.1.3 Selection step

In the selection step, the focus is on filtering out less likely correspondences, especially
those without a clear semantic relation identified in the enrichment phase. The process
is streamlined with two main rules. The first rule makes sure correspondences with high
confidence are directly accepted into the final mapping. The second rule makes sure that
correspondences with intermediate confidence are included only if they are supported by
at least one semantic relation strategy. This step is designed to enhance the final mapping
by considering correspondences that may not have been identified in the original matcher
setting, including those that are approximately equivalent or represent different types of
relations. However, since the focus of the thesis is on a scenario with completed matching
and an existing mapping, the details of this selection process are less important.

4.2 Domain knowledge methods

In this section we will explain the methods that use domain knowledge: TaSeR and S-TaSeR.
Since both methods use BERT, we will first explain the details of this model.

4.2.1 BERT

Bidirectional Encoder Representations from Transformers (BERT), developed by Devlin
and colleagues at Google in 2019 [24], is one of the most widely used pre-trained contextual
language models, utilizing a multi-layered bidirectional Transformer encoder, based on the
original transformer model, from Vaswani et al.’s work [107]. As opposed to directional
models such as RNNs, which read the text input sequentially (left-to-right or right-to-left),
the transformer encoder reads the entire sequence of words at once, so in both directions.
This characteristic allows the model to learn the context of a word based on all of its
surroundings, both left and right of the word. This lead to the name of contextual word
embeddings.

4.2.1.1 BERT input tokenization

Before texts can be processed by the model, they need to be tokenized. Tokenization entails
transforming the input text into a list of machine readible tokens. In a BERT tokenizer are
three types of tokens: word tokens, [CLS] tokens and [SEP] tokens. The word tokens are
the main tokens representing the words in the text. BERT utilizes wordpiece tokenization,
which breaks down words into smaller units (subwords or characters) if they are not in
the vocabulary. For instance, the word "sleeping" is split up into subwords "sleep" and
"##ing", where "##" indicate a continuation or part of a larger word. Each word token
has its own numerical representation. The second type of token is the [CLS] token, which
is added at the beginning of each input sequence. When BERT is trained on classification
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tasks, the final hidden state (the transformer output) corresponding to this [CLS] token
is used as the aggregate representation of the entire sequence. Lastly, the [SEP] token is
used to clearly delineate the end of one sentence and the start of another. This helps BERT
understand sentence boundaries within the input. We will cover an example of what the
tokenized input looks like in Section 4.2.1.6.

After translating the input text into token embeddings and adding the special tokens, two
additional embedding types are generated: segment embeddings and positional embeddings.
Segment embeddings indicate for each subword token to which of the [SEP] separated
segments of the input they belong. Positional embeddings indicate the position of the
subword token in the whole input text. As mentioned before, BERT is a bidirectional model
instead of a directional one. Unidirectional models have the advantage that the positional
information is inherent in the input format. The positional embeddings make sure that
our bidirectional model can incorporate the positional information just as well. The word,
segment and positional embeddings are combined into a single vector through element-wise
addition. An example of the tokenized input is visualised in Figure 4.2

Figure 4.2: BERT’s tokenizer combines token embeddings, segmentation embeddings and
position embeddings into a single input vector. Image from Devlin et al. [24].

4.2.1.2 BERT model architecture

After tokenization the inputs can be used as input for the model. BERT’s architecture is a
subset of the original transformer implementation in Vaswani et al. [107]. Different from
the original transformer model, which had the goal of translation through encoding and
decoding, the goal of BERT is to create an embedding through encoding only. Therefore it
does not include the decoder layers and only uses the encoder layers. The encoder exists
of multiples of pairs of multi-head attention and feed-forward networks, called transformer
blocks. A visualisation of this can be found in Figure 4.3. Like Vaswani et al.’s transformer,
the number of transformer blocks used in BERT can vary. BERT base has twelve transformer
blocks, while BERT large has twenty four blocks. Increasing the number of transformer
blocks enhances the model’s capability to understand language, but it also linearly raises the
computational complexity. For a more detailed description of the architecture and mechanics
of transformer models we refer to the original paper on transformers by Vaswani et al. [107].
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Figure 4.3: The original transformer architecture, with the BERT architecture highlighted
by the red rectangle. Original image from Vaswani et al. [107]

4.2.1.3 Pre-training BERT

Having explored BERT’s tokenization process and architecture, we will next delve into
the model’s training methodology. Training BERT exists of two phases: pre-training and
fine-tuning. In the pre-training phase, a huge corpus of unlabeled text is fed into the model
using an unsupervised learning approach. The original BERT model has been trained on the
English Wikipedia corpus and the BooksCorpus data set. The English Wikipedia dataset
consists of approximately 2,500 million words, while the BooksCorpus dataset contains
approximately 800 million words of English text from a variety of published books. During
pre-training, the data from the corpora is fed to the model using two tasks: Masked Lanuage
Modeling (MLM) and Next Sentence Prediction (NSP). The goal of MLM is to learn the
model a deep bidirectional representation of sequence context. In MLM, a random percentage
of the input tokens are masked and the objective of the model is to predict the original
meaning of these masked tokens, given the context provided by the other, non-masked,
tokens in the sequence. Specifically, 15% of the words are masked in each sequence. For
example, in the sentence "The quick brown fox jumps over the lazy dog", the model might
replace the word "brown" by "[MASK]" and predict its original meaning during training.
The goal of NSP is to enhance BERT with an understanding of the relationship between
two sentences. NSP is a binary classification task, where the model is fed pairs of sentences
and must predict if the second sentence is the consequent of the first sentence in the original
document. In 50% of the cases, the second sentence is the actual following sentence; in the
other 50%, it is a random sentence from the corpus. After performing both MLM and NSP,
the model can be used for various tasks such as tokenization and embedding generation,
feature extraction for texts and classification tasks.

4.2.1.4 Fine-tuning BERT

While directly using a pre-trained BERT model for a task is possible, the model is often
fine-tuned further for a specific task since this almost always enhances the performance
[24]. For fine-tuning, we load a pre-trained model and continue training on all parameters

24



4.2. Domain knowledge methods

using labeled data for specific supervised learning tasks, like sentence pair classification or
question answering. Depending on the task, additional classification layers can be added
to the model. Unlike pre-training, where the model learns general features of a language,
fine-tuning adjusts the model’s parameters to specialize in the nuances and requirements of
the specific task. A smaller learning rate is typically used compared to pre-training. This is
because we want to make smaller, more precise updates to the weights, avoiding overwriting
the language understanding learned during pre-training. After fine-tuning, the model can be
used for the task at hand.

4.2.1.5 The DistilBERT variant

The development of BERT has led to several variants, each with unique characteristics and
optimizations. In this thesis we will focus on the DistilBert variant [96]. Initial experiments
with other variants, the original BERT [24] and RoBERTa [70], revealed that DistilBERT
offers comparable performance to these variants but with reduced computational time.
Therefore we decided to exclude the other BERT variants from this study. Furthermore, the
TaSeR method, which is central to our research, uses the DistilBERT variant. Therefore,
focusing on DistilBERT aligns with our objective to validate the TaSeR method’s effectiveness,
making the examination of other BERT variants less relevant to our research question.

DistilBERT is a compact and efficient adaptation of the original BERT model, dis-
tinguished primarily by its reduced size and faster training capabilities. The efficiency
of DistilBERT comes from a technique called knowledge distillation, where DistilBERT
learns to replicate the original BERT’s probability predictions. Unlike BERT, DistilBERT
does not perform the Next Sentence Prediction (NSP) task; instead, it concentrates on
closely mirroring the original model’s predictions for the Masked Language Modeling (MLM)
tasks and ensuring its hidden state representations maintain high similarity with those of
BERT. As a result, DistilBERT provides a resource-friendly option, achieving substantial
performance levels comparable to the original BERT with less computational complexity.

4.2.1.6 Knowledge Graph Completion Using BERT

One of the tasks BERT can be fine-tuned for is knowledge graph completion (KGC). BERT’s
application in knowledge graph completion was introduced in the KG-BERT method [113].
The KG-BERT method fine-tunes a BERT model using knowledge graphs in RDF triple
format. Within the notion of knowledge graph completion, multiple subtasks exist as
explained in Section 2.3.2. In this thesis we focus on the relation prediction task. The
objective of relation prediction is to determine the relationship r between a head and
a tail entity, expressed as (h, t) = r. This task is similar to sentence pair classification,
given its structure in classifying two sentences, in this case the entities [113]. First, the
input data is tokenized as described in Section 4.2.1.1. As an example, consider the triple
(database administrator, broadMatch, computer occupations). The entities database admin-
istrator and computer occupations are tokenized as [[CLS], database, administrator, [SEP ],
computer, occupations, [SEP ]]. Relations are encoded using a label encoder, which replaces
every label with an integer. This is done by first sorting the labels alphabetically. Our
labels broadMatch, exactMatch and narrowMatch become 0,1 and 2 respectively. In the
case of our example, the broadMatch relation is thus transformed into 0. All triples in the
training dataset are processed this way and the tokenized data is used for fine-tuning. Upon
completion, the model is tested with a similarly tokenized test set. The model outputs the
predicted relations as integer labels, which are translated back into relation labels using
the label encoder. As relation prediction and mapping refinement are very much related as
explained in Section 2.3.2, we can use this form of fine-tuning and prediction in mapping
refinement.
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4.2.2 Mapping refinement methods that use BERT

Now that we have explained the details of the BERT models and how it can be used for
mapping refinement, we will examine the mapping refinement methods that use these models.
We will first explain the details of the TaSeR method, after which we will go into detail
about our proposed simplified version of TaSeR, called S-TaSeR.

4.2.2.1 TaSeR

The first mapping refinement method that uses domain knowledge we cover is the TaSeR
method. The TaSeR method uses the DistilBERT model in a similar fashion as the KG-
BERT method. The TaSeR method exists of two components: pre-fine-tuning on an external
knowledge source in triple format and fine-tuning on use case data. The method is set up in
such a way that the method is already ready for use after the pre-fine-tuning and can be
fine-tuned further if domain knowledge is available for the use case at hand. In the next
sections we will explain both the pre-fine-tuned variant, which we will call TaSeR base, and
the fine-tuned variant, which we will call TaSeR.

TaSeR base The TaSeR base method can be expressed according to the mapping refiner
definition from Section 3.2.2 as f(∅,∅,M=, p, b) = M where O1 and O2 are empty, M= is
the mapping we want to refine, p is the list of hyperparameters of DistilBERT, which have
not been published by the authors, and b is the language knowledge present in DistilBERT
and the WDS dataset existing of the external knowledge sources WordNet, DBpedia and
Schema.org. The goal of the use of the WDS dataset is to incorporate knowledge about
semantic relations in the model. The original paper states that Wikidata is also during
pre-fine-tuning. However, according to the authors, the final version of the model is trained
on the WDS dataset only. In the classification task used during pre-fine-tuning, a total of 7
classes is used: equivalence, is-a, inverse is-a, part-of, inverse part-of, cohyponym and no
match. To avoid confusion: a cohyponym is a word that is one of multiple hyponyms of
another word. In Table 4.1 you find the distribution of relations in the WDS dataset.

Relationship type

Ontology equivalence (inv.)is-a (inv.)part-of cohyponym negatives Total
Wordnet 215,672 84,501 9,092 44,329 410,960 764,554
DBpedia 58 246 0 198 0 502
Schema.org 0 1,421 0 826 0 2,247

Table 4.1: Distribution of relations in the ontologies that make up the WDS dataset

The process of the method is as follows. The first step is to fine-tune the DistilBERT
model using the triples from DBpedia, Wordnet and Schema.org. After having fine-tuned the
model, it can directly be used to predict the relations of a given mapping to output a refined
mapping. The TaSeR base model was uploaded to Hugging Face1. The hyperparameters
used during pre-fine-tuning have not been published. In Figure 4.4 the TaSeR base method
is visualised.

1https://huggingface.co/dwsunimannheim/TaSeR

26

https://huggingface.co/dwsunimannheim/TaSeR


4.2. Domain knowledge methods

Figure 4.4: A visualisation of the TaSeR base method

Fine-tuned TaSeR This version further fine-tunes the TaSeR base model on specific use
case data. The pre-fined-tuned model is used and further fine-tuned on the RDF triples
from the domain ontologies. The fine-tuned TaSeR method can be expressed according to
the mapping refiner definition from Section 3.2.2 as f(O1, O2,M=, p, b) = M where O1 and
O2 are the source and target ontologies, M= is the equivalence mapping we want to refine,
p is the list of hyperparameters of DistilBERT, specified later in this section and b is the
language knowledge present in DistilBERT and the external knowledge in the WDS dataset.

The process exists of two phases. In the first phase, the DistilBERT model is pre-fined-
tuned as described in the previous section. Next, the source and target ontologies are
converted into RDF triples. These are used to fine-tune the pre-fine-tuned DistilBERT
model. The resulting fine-tuned model can be used to refine a mapping into a refined
mapping. A visualisation of the fine-tuned TaSeR method can be found in Figure 4.5.

In the original paper on TaSeR [45], Arnold and Rahm employed hyperparameter tuning
in the development, using the test set for validation purposes. Recognizing this as data
leakage, we have decided not to use this approach. We did conduct a small experiment to
see if it would be possible with a different approach. Our experiments involved splitting
the training dataset into separate training and validation segments, where the validation
segment was used as validation in hyperparameter tuning. However, these experiments
yielded suboptimal results. The discrepancy between the characteristics of the training and
test sets led to hyperparameters that performed well on the validation set but poorly on
the test set. Consequently, we have chosen not to use hyperparameter tuning in the main
experiments and instead utilize a predetermined set of hyperparameters. We use a max
token length of 100, 3 epochs and a learning rate of 1× 10−5. In order to limit the runtime
of the fine-tuning, we let the batch size depend on the size of the datasets. For the web,
labor market and biomedical use cases we use a batch size of 8, 64 and 128 respectively. The
use cases will be covered in Section 5.1.2.

Figure 4.5: A visualisation of the TaSeR method

4.2.2.2 S-TaSeR

The idea of pre-fine-tuning as performed in the TaSeR method is unconventional and made
us wonder whether the pre-fine-tuning step actually had any effect on the performance
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of DistilBERT. Therefore we propose a simplified version of the TaSeR method, called
S-TaSeR, where the main difference is in the absence of the pre-fine-tuning step. The
proposed method is shown in Figure 4.6. The method can be implemented multiple BERT
models, but as mentioned before, we will focus on the DistilBERT variant. The S-TaSeR
method can be expressed according to the mapping refiner definition from Section 3.2.2 as
f(O1, O2,M=, p, b) = M where O1 and O2 are the source and target ontologies, M= is
the mapping with only equivalence relations we want to refine, p are the hyperparameters
of DistilBERT, specified later in this section and b is the language knowledge present in
DistilBERT.

The process is as follows. First, the source and target ontologies are converted into RDF
triples. These are used to fine-tune the DistilBERT model. We use the distilbert-base-
uncased model from Hugging Face2. The resulting fine-tuned model can be used to refine
a mapping into a refined mapping. A visualisation of the S-TaSeR method can be seen in
Figure 4.6. For fine-tuning we use a max token length of 100, 3 epochs and a learning rate
of 1× 10−5. In order to limit the runtime of the fine-tuning, we let the batch size depend on
the size of the datasets. For the web, labor market and biomedical use cases we use a batch
size of 8, 64 and 128 respectively. The use cases will be covered in Section 5.1.2.

Figure 4.6: A visualisation of the S-TaSeR method

4.3 The GPT-4 method

Now that we have a clear image on the methods that use domain knowledge, we will review
the last method. This method utilizes the GPT-4 model. First we will explain what GPT-4
is and afterwards we will describe how we use it to perform mapping refinement.

4.3.1 GPT-4

First we will delve into GPT-4, a state-of-the-art generative large language model developed
by OpenAI [3]. Notably, while OpenAI has previously released both the weights and
technical details of GPT2 [90] and the technical details (but not the weights) of GPT3 [15],
the organization has opted not to disclose either for GPT-4.

GPT-4 is grounded in the transformer architecture, as outlined in Vaswani et al.’s paper
[107]. It was pre-trained to predict subsequent tokens in a text sequence. The training
corpus comprised a blend of publicly accessible internet data and datasets procured from
third-party sources. However, details on these sources are not available. Post pre-training,
GPT-4 was further refined via Reinforcement Learning from Human Feedback (RLHF), as
described in Christiano et al. [20].

Our research primarily leverages GPT-4’s zero-shot and few-shot learning capabilities.
In the zero-shot scenario, the model tackles tasks it has not encountered during its training
phase, without any preliminary examples. It uses its pre-trained knowledge and language
understanding to generate responses. For instance, when tasked with categorizing a news
article as sports, politics, or technology, GPT-4 assesses and classifies based on its text
comprehension, without prior examples.

2https://huggingface.co/distilbert/distilbert-base-uncased
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The second approach, few-shot learning, entails providing GPT-4 with a limited set of
examples that serve as a contextual or stylistic guide for the task at hand. Continuing with
our news categorization example, this approach would involve supplying the model with a
few articles and their corresponding labels, thereby aiding its classification process.

From a practical point of view, GPT-4 can be used via an API connection. We use the
"gpt-4-1106-preview" model 3. The model can be used by "calling" it using two prompts: a
system message and a user message. System messages are instructions on the broad task
that you are using the model for. The user message is the specific example of that broad task.
Besides the messages, the system takes one other input: the temperature. The temperature
is a parameter that controls the randomness of the responses generated. The temperature
ranges from 0.0 to 2.0. A lower temperature results in more deterministic and predictable
responses, while a higher temperature leads to more variability and creativity in responses.
In the experimental evaluation we will experiment with various temperatures to see which
one works best for our task. In the next section we will explain how we use GPT-4 for
mapping refinement.

4.3.2 Mapping refinement with GPT-4

Mapping refinement using GPT-4 is performed by combining the two entities we want to
know the relation of into a single prompt, which is fed into the model. In the next sections
we will explain the two options of using GPT-4: zero-shot and few-shot.

4.3.2.1 GPT-4 zero-shot

The GPT-4 zero-shot (ZS) mapping refinement method can be expressed according to the
mapping refiner definition from Section 3.2.2 as f(∅,∅,M=, p, b) = M where O1 and O2
are empty, M= is the equivalence mapping we want to refine, p is the temperature and b is
the external knowledge present in GPT-4. The process begins by loading the mapping with
only equivalence relations and creating a prompt for each correspondence. This prompt is
then used to run the model. We have experimented with various prompts and constructed
the following prompt based on the best outcomes. The system message used is: "You are a
relation prediction expert. You know the relation between two given concepts. The choices of
relations are exactMatch, narrowMatch and broadMatch. Only output the predicted relation
without any extra words, characters, or symbols.". We experimented with mentioning "skos:"
before the relations, but this had a negative effect on the performance. The user message
used is: "Determine the relation between the concepts: [concept1], and: [concept2]", where
concept1 and concept2 are the two entities. After feeding the prompt into the model, it
returns the predicted relation, which is used in the refined mapping. We looked into ways the
method could be sped up. An option would be to group multiple samples into one prompt.
However, we decided not to use this approach, to ensure independence of the predicted
relations. Grouping them into one prompt could possibly created correlation between the
group and the prediction. In Figure 4.7 the method is visualised.

Figure 4.7: A visualisation of the GPT-4 zero-shot method

3https://platform.openai.com/docs/models/gpt-4-and-gpt-4-turbo
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4.3.2.2 GPT-4 few-shot

The GPT-4 few-shot (FS) mapping refinement method can be expressed according to the
mapping refiner definition from Section 3.2.2 as f(O1, O2,M=, p, b) = M where O1 and O2
are the source and target ontologies, M= is the mapping with only equivalence relations we
want to refine, p is the temperature and b is the external knowledge present in GPT-4.

The methods starts with loading the mapping with only equivalence relations. For each
correspondence in the mapping, the entity to which it is connected to in its ontology via
the broadMatch relation is added to the set of examples. The inverse of the broadMatch
triple, a narrowMatch triple, is also added to the set of examples. Lastly the exactMatch
triples of both the head and the tail are added to the example set. These examples are
used as few-shot examples in the user prompt. The system message is specified as: "You
are a relation prediction expert. You know the relation between two given concepts. The
choices of relations are exactmatch, narrowmatch and broadmatch. Only output the predicted
relation without any extra words, characters, or symbols.". The user message contains both
the triples from the set of example as well as the two entities we want to predict the relation
for. For each triple from the set of examples we generate this sentence: "Relation between
concepts: [entity1], and: [entity2] is [relation]\n", where \n makes sure each example triple
is on a new line. This text with example string is combined with the following sentence after
which it is used for prompting: "Determine the relation between the concepts: [concept1],
and: [concept2]". The model returns the predicted relation, which is used in the refined
mapping. In Figure 4.8 the method is visualised.

Figure 4.8: A visualisation of the GPT-4 few-shot method
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Chapter 5

Empirical Evaluation

5.1 Experimental methodology

In this section we will explain how the experiments are set up. First, we will look at how
the experiments will be structured. We will cover the use cases included, how they are
pre-processed and the evaluation methods used. Then we will cover the results of the
experiments.

5.1.1 Experiments

In this section we will explain how we set up the experiments to answer the research questions.

5.1.1.1 Experiment 1: Comparing the current state-of-the-art methods that
do not use domain knowledge to those that do

In order to answer the first subquestion: "How do current mapping refinement methods
that incorporate domain knowledge compare to methods that do not?", we will compare the
current state-of-the-art methods. The goal of this experiment is to find out what the current
differences in performance are between methods that do not use domain knowledge and
those that do. We will compare methods that do not use domain knowledge, STROMA and
base TaSeR, to a method that does, TaSeR with fine-tuning. When using BERT models,
it is important to conduct multiple runs due to inherent variabilities such as initialization
sensitivity, data shuffling effects and overall model variance. Multiple runs mitigate the risks
of underestimating or overestimating its effectiveness based on a singular potentially atypical
outcome. By aggregating results from several iterations, we can derive more reliable results,
thereby giving a more accurate representation of the model’s generalizability and stability.
Therefore we will run both the TaSeR method 5 times for each use case. The TaSeR base
method does not have this problem, as it is not fine-tuned in our experiments.

5.1.1.2 Experiment 2: Validating TaSeR

To answer the second subquestion: "Does including additional general knowledge via pre-
fine-tuning, as done in the current state of the art of mapping refinement, benefit its
performance?", we will compare the performance of TaSeR to S-TaSeR. As mentioned before,
TaSeR is pre-fine-tuned on a general data set of triples with various semantic relationships.
The goal of this experiment is to find out whether this pre-fine-tuning is beneficial for the
performance of the setup. The results of TaSeR from the first experiment will be used here.
S-TaSeR will be evaluated similarly to TaSeR in the first experiment, by running the method
5 times for each use case. The mean of the macro average F1 scores will be used.
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5.1.1.3 Experiment 3: Comparing methods that use domain knowledge and
GPT-4 in a zero-shot setting

To answer the third subquestion: "How do state-of-the-art mapping refinement methods
compare to generative large language models in a zero-shot setting?", we will compare
the TaSeR and S-TaSeR methods to GPT-4 in zero-shot setting (ZS). The goal of this
experiment is to find out whether the hassle of incorporating domain knowledge is still
necessary to effectively perform mapping refinement. The experiment is split up into two
parts: temperature tuning and the main experiment.

In the temperature tuning experiment we will experiment with various temperature
settings of GPT-4 on the web use cases, as these are relatively small, to find out which has
the best performance. In order to account for the randomness in GPT-4 responses, we run
the experiment 3 times and we take the mean of the resulting scores.

In the main part of the experiment, we compare the TaSeR and S-TaSeR methods
against the GPT-4 ZS method with the best performing temperature. We run the GPT-4
model in a zero-shot setting and use the results of TaSeR and S-TaSeR from the first and
second experiment for comparison. While GPT-4 has the same problem as the BERT-based
methods of randomness in its predictions, we will not run the method multiple times due to
cost limits.

5.1.1.4 Experiment 4: Comparing GPT-4 in a zero-shot and a few-shot setting

The last experiment is set up to answer the last subquestion: "Does incorporating domain
knowledge into generative large language models through few-shot learning enhance their
performance in mapping refinement?". We will use GPT-4 for mapping refinement in both
a zero-shot and a few-shot (FS) setting. The goal of this experiment is to find out whether
generative large language models like GPT-4 can benefit from domain knowledge, or that it
might not be worth the hassle to incorporate it. Like for the previous experiments, we will
use the existing results of GPT-4 ZS method in the zero-shot setting.

5.1.2 Use cases

We will use a total of eleven datasets from three domains: web, labor market and biomedical.
The overview of the number of relations per ontology and mapping is given in Table 5.1. W,
L and B represent the use case categories Web, Labor market and Biomedical respectively.
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Relationship type
Use case Dataset equivalence (inv.)is-a Total

Diseases (W1)
Yahoo 0 1,082 1,082
DMOZ 0 5,121 5,121
Mapping 314 36 350

Furniture (W2)
Amazon 0 173 173
Ebay 0 26 26
Mapping 12 99 111

Groceries (W3)
Amazon 0 57 57
Ebay 0 332 332
Mapping 28 126 154

Clothing (W4)
Amazon 0 29 29
Ebay 0 151 151
Mapping 6 214 220

ESCO-CompetentNL (L1)
ESCO 2,789 3,577 6,366
CompetentNL 0 4,322 4,322
Mapping 989 4,486 5,475

ESCO-O*NET (L2)
ESCO 2,789 3,577 6,366
O*NET 0 1,312 1,312
Mapping 498 2,280 2,778

DOID-NCIT (B1)
DOID 3,084 9,388 12,472
NCIT 15,762 9,359 25,121
Mapping 3,280 4,667 7,947

OMIM-ORDO (B2)
OMIM 9,120 4,300 13,420
ORDO 5,700 12,164 17,864
Mapping 2,602 143 2,745

FMA-SNOMED CT body (B3)
FMA 32,765 88,931 121,696
SNOMED CT 14,148 13,459 27,607
Mapping 5,077 7,699 12,776

NCIT-SNOMED CT neoplasm (B4)
NCIT 20,247 9,956 30,203
SNOMED CT 9,517 2,693 12,210
Mapping 2,663 298 2,961

NCIT-SNOMED CT pharm (B5)
NCIT 22,136 22,109 44,245
SNOMED CT 2,772 3,527 6,299
Mapping 4,062 5,913 9,975

Table 5.1: An overview of the content of the use cases

5.1.2.1 Web use cases

The web use cases were created for evaluating the performance of the STROMA method [6].
The datasets were later also used for evaluating the TaSeR method. The mapping used as
the test set was filtered to only contain correspondences where both entities are present in
the ontologies. Furthermore, they filtered out various small errors in both the ontologies as
well as the mappings. The web use cases used in the TaSeR paper exists of seven use cases.
We will not use three of them, as one of them is in German, one of them does not have any
subclass relations in its ontologies and one of them has a source ontology without subclass
relations. The hierarchical relations in the ontologies are represented by rdfs:subClassOf.
The ontologies in the web use cases do not contain any synonym-like relations.

Diseases (W1) The first dataset is the Diseases use case, an extract from a disease
mapping project that aligns terminologies between directories of Yahoo directory service1

and the Directory of Open Access Journals (DMOZ)2. Yahoo operated a directory service
that categorized websites, including those related to health and diseases. These categories
were manually curated and gave a structured approach to classifying websites. The DMOZ,
was a multilingual open-content directory of World Wide Web links. DMOZ was known for
its extensive volunteer editor base, which could lead to a diverse range of categories and
subcategories based on different criteria, potentially differing from Yahoo’s approach.

1https://web.archive.org/web/20141122194515/https://dir.yahoo.com/
2http://www.dmoz.org/
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Furniture (W2), Groceries (W3) and Clothing (W4) The other three use cases
all focus on ontologies from amazon.com3 and ebay.com4. The first one, Furniture (W2),
is a mapping between the furniture categories. The secone one, Groceries (W3), is a
mapping between categories of groceries and food & beverages. And the third amazon-ebay
mapping, Clothing (W4) is between clothing categories. Amazon categories are typically
much more specific than Ebay categories, so that the Amazon ontologies are generally more
comprehensive than the Ebay ontologies. To keep the development and mapping effort at a
moderate level, only the top two category levels of the Amazon directory were regarded. In
Table 5.1 you find the distribution of relations of the two ontologies and the mapping. It is
important to note that differences between the datasets used in the original TaSeR paper
and those we use are caused by the removal of duplicates in our dataset. The web use cases
are relatively small and have rough differences between the entities in the ontologies.

5.1.2.2 Labor market use cases

The second category of use cases are the labor market use cases. The mappings have been
created as a part of the development of ESCO. The European Commission encourages
member countries to use ESCO. If a country creates a national labor ontology, the European
Commission has the duty to create and maintain a mapping between ESCO and the country’s
national labor market ontology as established in 2018 in Regulation (EU) 2016/589(33)5.
Therefore, all country members that have a national labor market ontology have a mapping
available through the ESCO website. While the use cases from the other two categories have
been created with the goal of evaluating equivalence and subclass ontology alignment, the
use cases from the labor market domain have not. Therefore they are a good test set to test
the performance of ontology alignment methods in a real-world scenario. However, as the
goal is not to be a stable data set for evaluation, they are more likely to contain human errors
and inconsistencies. For the ontologies in the labor market domain, hierarchical relations
are represented by skos:broader. Only the ESCO ontology includes some form of synonyms,
being the relations altLabel.

ESCO-CompetentNL (L1) The first of the two labor market use cases is the ESCO-
CompetentNL use case. ESCO, developed by the European Commission, is an ontology of
European skills, competences, qualifications and occupations. It serves as a reference tool
for education, training, job searching and workforce development in the European Union.
ESCO classifies occupations and skills/competences in a hierarchical structure and links
them to qualifications and jobs across Europe. CompetentNL is an ontology currently under
development tailored to the Dutch labor market. It is not yet publicly available. The used
versions of the ontologies are version 1.0.3 for ESCO and version 0.91 for CompetentNL.
The original data for the ESCO-CompetentNL use case is in Dutch. Since the underlying
models for TaSeR and S-TaSeR are the english variants of BERT and STROMA is also only
available for English (and German), we decided to translate the data to English in order
to be able to get meaningful results. We use the DeepL.com translator 6 to translate the
ontologies from Dutch to English. In order to confirm the correctness of the translation, we
have checked 5% of the translated data by hand. In this check we did not find big mistakes or
errors, indicating that the translation was performed correctly. ESCO contains the predicate
altLabel, which can be used to create exactMatch triples. CompetentNL does not contain
any synonyms.

3www.Amazon.com
4www.ebay.com
5https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=uriserv%3AOJ.L_.2016.107.01.0001.01.

ENG
6https://www.deepl.com/nl/translator
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ESCO-O*NET (L2) Our second labor market domain also uses ESCO and aligns it
to O*NET. The same version of ESCO is used as for L1. O*NET, developed for the U.S.
Department of Labor, is an ontology that contains detailed descriptions of the labor market
including information on skills, abilities, knowledge, work activities and interests associated
with the occupations. As mentioned before, ESCO has alternative labels. O*NET does not
have any type of synonym relations.

5.1.2.3 Biomedical use cases

These use cases are from the Bio-ML track of the OAEI7, created by He et a. [41]. They
address the limitations of the OAEI in evaluating ML-based systems. They introduce
five new biomedical OM use cases involving ontologies from Mondo[106] and UMLS[50].
These use cases include both equivalence and subclass matching and offer a comprehensive
evaluation framework for both ML-based and non-ML-based OM systems. The biomedical
use cases can be described as very domain specific and have relatively subtle differences
between entities. The subclass relation present in all ontologies is rdfs:subClassOf. The
synonym relations vary per ontology and will be described in the use case specific section
below.

NCIT-DOID (B1) By combining the National Cancer Institute Thesaurus (NCIT)8
with the Human Disease Ontology (DOID)9, this dataset targets cancer and general disease
ontologies. The National Cancer Institute Thesaurus (NCIT) offers a detailed set of
terms covering various aspects of cancer and biomedical research. DOID (Human Disease
Ontology) provides a standardized hierarchy of human disease terms, promoting consistency
in annotations across databases. Besides subclass relations, NCIT and DOID have synonym
relations in the form of Thesaurus:P90 and oboInOwl:hasExactSynonym respectively.

OMIM-ORDO (B2) This dataset integrates Online Mendelian Inheritance in Man
(OMIM)10, a detailed database of human genes and genetic disorders, with Orphanet Rare
Disease Ontology (ORDO)11, an ontology focusing on rare diseases. OMIM is a compre-
hensive, authoritative compendium of human genes and genetic phenotypes. It provides
detailed information about genetic disorders and their relationships to genes. ORDO focuses
on rare diseases, offering a structured vocabulary for rare disease representation, facilitating
data interoperability in clinical and research settings. Besides subclass relations, OMIM and
ORDO have synonym relations in the form of skos:exactMatch and efo:atlernative_term
respectively.

SNOMED-FMA Body (B3) Combination of Systematized Nomenclature of Medicine
Clinical Terms (SNOMED CT)12 and the Foundational Model of Anatomy (FMA)13, with a
focus on anatomical structures. SNOMED CT (Systematized Nomenclature of Medicine
Clinical Terms) is a comprehensive, multilingual clinical healthcare terminology. The
Foundational Model of Anatomy (FMA) is an ontology of the structures and relationships in
the human body, beneficial for bioinformatics and computational biology. Besides subclass
relations, SNOMED CT and FMA have synonym relations in the form of skos:altLabel and
fma:synonym respectively.

7https://oaei.ontologymatching.org/
8https://ncit.nci.nih.gov/ncitbrowser/
9https://disease-ontology.org/

10https://www.omim.org/
11https://www.orpha.net/consor/cgi-bin/index.php#:~:text=The%20Orphanet%20Rare%20Disease%

20Ontology,usable%20data%20for%20computational%20analysis.
12https://www.snomed.org/
13https://www.nlm.nih.gov/research/umls/sourcereleasedocs/current/FMA/index.html
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SNOMED-NCIT Neoplas (B4) Focused on neoplastic processes, it combines SNOMED
CT with NCIT. The synonym relations of SNOMED CT and NCIT are the same as in the
other use cases that include the same ontologies.

SNOMED-NCIT Pharm (B5) This dataset brings together pharmacologic substances
from SNOMED CT and NCIT. The synonym relations of SNOMED CT and NCIT are the
same as in the other use cases that include the same ontologies.

5.1.3 Data preparation

In this section we will explain how the ontologies will be transformed into train datasets
and how the mappings are transformed into test data sets.

5.1.3.1 Train sets

The ontologies are translated into a set of samples in RDF KGC triple format with a
head, relation and tail: {(h1, r1, t1), (h2, r2, t2), . . . (hn, rn, tn)}. The two ontologies in a
use case are transformed into triples and combined into one train set. For generating the
broadMatch relation we use the rdfs:subClassOf or skos:broader relation. The narrowMatch
triples are generated by using the inverse relation between broadMatch and narrowMatch.
For example, taking the inverse of the triple (headcook, broadMatch, cook) results in the
triple (cook, narrowMatch, headcook). The exactMatch triples are generated by using the
synonym-like relations in each ontology. Additionally, for every entity in each ontology a
triple where the head and tail refer to the same entity is included, called a self-loop triple. For
instance, the self-loop triple for the entity cook is (cook, exactMatch, cook). This addition
ensures that training datasets for use cases where ontologies lack any form of synonym-like
relations, also incorporate exactMatch triples. After having generated all triples, we filter
out broadMatch and narrowMatch triples of which the head and tail entities are also present
in an exactMatch triple. We do this since the ontologies sometimes include hierarchical
relations like (cook, narrowMatch, cook). As these can cause ambiguity in the train set,
these triples are dropped. The distribution of relations in the resulting train sets can be
seen in Table 5.2.

Note that B4 has a very large difference between the number of exactMatch triples and
the number of broadMatch and narrowMatch triples. This is caused by the fact that many
entities in the NCIT neoplas ontology contain a large number of synonym (P90) labels.

Relationship type
Use case exactMatch broadMatch narrowMatch Total

Diseases (W1) 3,153 4,504 4,506 12,163
Furniture (W2) 170 192 192 554
Groceries (W3) 360 386 386 1132
Clothing (W4) 121 154 154 429
ESCO-CompetentNL (L1) 7,899 7,376 7,375 22,650
ESCO-O*NET (L2) 4,889 4,889 4,888 14,666
NCIT-DOID (B1) 18,787 18,389 18,390 55,566
OMIM-ORDO (B2) 18,787 18,389 18,390 49,363
FMA-SNOMED CT body (B3) 102,390 102,390 102,388 307,168
NCIT-SNOMED CT neoplasm (B4) 29,764 12,649 12,658 55,071
NCIT-SNOMED CT pharm (B5) 25,636 25,636 25,642 76,914

Table 5.2: An overview of the distribution of relations in the train datasets

5.1.3.2 Test sets

We format the test sets in the same manner as the train sets: {(h1, r1, t1), (h2, r2, t2), . . . (hn, rn, tn)}.
Regarding the web use cases, the mapping of W4 does not contain any broadMatch triples.
In order to make sure all use cases are a three class classification problem, we generate the

36



5.1. Experimental methodology

inverse of the broadMatch triples as narrowMatch triples in the same manner as for the train
sets described in Section 5.1.3.1. For the labor market use cases, the mappings also include
more types of relations such as skos:related, but for these triples were removed as they are
not the focus of the research. The mappings of the biomedial use cases are given as pairs in
two seperate tsv files, one containing the equivalence correspondences and one containing
the subclass correspondences. The subclass correspondences are all in one direction, equal
to broadMatch. We generate the inverse of the broadMatch triples as narrowMatch triples in
the same manner as for the train sets described in Section 5.1.3.1. In order to save costs on
GPT-4 API calls and reduce runtime, we set a maximum of 5000 samples for the biomedical
test sets using random undersampling. The test sets after processing can be seen in Table
5.3.

Relationship type
Use case exactMatch broadMatch narrowMatch Total

Diseases (W1) 314 25 11 350
Furniture (W2) 12 95 4 111
Groceries (W3) 28 14 112 154
Clothing (W4) 6 107 107 134
ESCO-CompetentNL (L1) 989 1957 2529 5475
ESCO-O*NET (L2) 498 2053 227 2778
NCIT-DOID (B1) 2062 1469 1469 4998
OMIM-ORDO (B2) 2602 72 71 2745
FMA-SNOMED CT body (B3) 1985 1507 1507 4999
NCIT-SNOMED CT neoplasm (B4) 2663 149 149 2961
NCIT-SNOMED CT pharm (B5) 2036 1482 1482 5000

Table 5.3: An overview of the distribution of relations in the test datasets

5.1.4 Evaluation Methods

In this thesis, we adopt a comprehensive approach to evaluate the performance of the
proposed methods by leveraging multiple evaluation methods. Specifically, we employ macro-
average F1 scores, confusion matrices and boxplots. This section provides an overview of
these methods.

5.1.4.1 Macro-average F1 score

The Macro-average F1 score is a robust metric for evaluating model performance across
multiple classes, particularly useful in imbalanced datasets. As most of the test sets are
imbalanced, we have chosen this metric over accuracy. The macro-average F1 score exists of
the precision and recall for each class combined in the F1 score, which is averaged over all
classes. The relevant equations are as follows:

Precision =
True Positives

True Positives + False Positives

Recall =
True Positives

True Positives + False Negatives

F1 = 2× Precision × Recall
Precision + Recall

Macro-average F1 =
1

N

N∑
i=1

F1i

where N is the number of classes and F1i is the F1 score for class i.
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5.1.4.2 Boxplot

Boxplots provide a graphical representation of the distribution of a set of values. We include
them to visualise the variance of macro-average F1 scores. A boxplot illustrates the median
of the data, the interquartile range (IQR) and outliers. This visualization helps in identifying
variability between method performances.

5.1.4.3 Confusion Matrix

A confusion matrix offers a detailed breakdown of a model’s predictions, showing the correct
and incorrect predictions across different classes. It is a square matrix, with each row
representing the instances in a predicted class and each column representing the instances
in an actual class. This evaluation method is included to investigate the performance of the
included methods on individual classes.

5.2 Experimental results

In this section, we present the results of our experiments. Although we applied all methods to
all use cases and could show them in a single large table, we chose to display only the relevant
results for each experiment for clarity. The complete table is available in the appendix.

5.2.1 Experiment 1: Comparing the current state-of-the-art methods
that do not use domain knowledge to those that do

The results of the first experiment are shown in Table 5.4. The F1 scores show that STROMA
has decent performance on the web use cases. However, on the other use cases it does
not have good performance, with no better than random results. TaSeR base has worse
results, with no better than random scores for any of the use cases. The results show that
TaSeR has the best performance. Note that TaSeR has close to random performance for
B3. Examining the runtime for each method reveals that both STROMA and TaSeR base
complete within one minute for all use cases, whereas TaSeR requires more time, extending
up to 27.5 minutes for the B3 use case.

Random STROMA TaSeR base TaSeR
W1 0.33 (-) 0.33 (0.1) 0.21 (0.4) 0.44 (2.2)
W2 0.33 (-) 0.41 (0.1) 0.29 (0.4) 0.46 (0.5)
W3 0.33 (-) 0.39 (0.1) 0.25 (0.4) 0.80 (0.6)
W4 0.33 (-) 0.56 (0.1) 0.30 (0.5) 0.83 (0.6)
L1 0.33 (-) 0.11 (0.9) 0.23 (0.5) 0.48 (2.6)
L2 0.33 (-) 0.18 (0.5) 0.31 (0.4) 0.45 (1.8)
B1 0.33 (-) 0.24 (0.9) 0.29 (0.5) 0.90 (5.3)
B2 0.33 (-) 0.07 (0.5) 0.10 (0.4) 0.58 (4.7)
B3 0.33 (-) 0.00 (0.9) 0.17 (0.6) 0.34 (27.5)
B4 0.33 (-) 0.02 (0.5) 0.09 (0.4) 0.82 (5.3)
B5 0.33 (-) 0.00 (0.9) 0.26 (0.5) 0.85 (7.3)

Table 5.4: Mean macro average F1 score for TaSeR and macro average F1 score for Random
classification, STROMA and TaSeR base

5.2.1.1 Investigating individual runs for experiment 1

We focus on the B3 case to find out why the TaSeR score is so low. In order to do this we
zoom in on one of the five runs of TaSeR for that use case. We pick the run with the median
score. We visualise the predictions in Table 5.5. In the confusion matrix we find that the
TaSeR method has a tendency to predict exactMatch for most correspondences in the test
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set. The precision for the broadMatch and narrowMatch triples is high, as the model does
not have any false positives for those relations

Predicted Classification Report
broadMatch exactMatch narrowMatch Precision Recall F1-Score

Actual
broadMatch 235 1272 0 1.00 0.16 0.27
exactMatch 0 1985 0 0.42 1.00 0.60

narrowMatch 0 1419 88 1.00 0.06 0.11
Macro avg. F1 0.33

Table 5.5: Combined confusion matrix and classification report for the median run of the
TaSeR runs on use case B3

5.2.2 Experiment 2: Validating TaSeR

The results of the second experiment shown in Table 5.6. The scores show that TaSeR
generally performs best, with S-TaSeR achieving the same scores for the W1, L1, B1, B2
and B3 use cases. For the other use cases S-TaSeR is following TaSeR closely, except for W3
and W4, where the difference is larger. For the B3 use cases both methods score just above
random performance. Upon examining the runtimes of the methods, it is observed that the
runtimes for TaSeR with fine-tuning and S-TaSeR are very similar, albeit S-TaSeR requires
a marginally longer duration overall.

Random TaSeR S-TaSeR
W1 0.33 (-) 0.44 (2.2) 0.43 (2.2)
W2 0.33 (-) 0.46 (0.5) 0.39 (0.5)
W3 0.33 (-) 0.80 (0.6) 0.62 (0.6)
W4 0.33 (-) 0.83 (0.6) 0.47 (0.5)
L1 0.33 (-) 0.48 (2.6) 0.48 (2.7)
L2 0.33 (-) 0.45 (1.8) 0.40 (1.9)
B1 0.33 (-) 0.90 (5.3) 0.90 (5.6)
B2 0.33 (-) 0.58 (4.7) 0.58 (5.0)
B3 0.33 (-) 0.34 (27.5) 0.35 (29.4)
B4 0.33 (-) 0.82 (5.3) 0.79 (5.5)
B5 0.33 (-) 0.85 (7.3) 0.82 (7.6)

Table 5.6: Macro average F1 score for Random, TaSeR and S-TaSeR

In Figure 5.1 the distribution of all individual runs is visualised. On the y-axis you find
the macro average F1 score and on the x-axis you find the use cases. Each box represents
one of the two methods for the use case on the x-axis. For the web use cases we see that
TaSeR is more constant in its predictions as the boxes are compact and there are little
outliers. For S-TaSeR we see that the scores are lower and have a bigger spread. particularly
for the W4 dataset. If we look at the labor market use cases, we find that the methods
are more similar in their predictions. Both methods are relatively constant and the scores
are close. For the first of the biomedical use cases, we find that both methods have high
scores and low variance. The scores for the second use case B2 are lower and S-TaSeR has a
higher variance. For B3 both methods have low scores and higher variance. The result for
B4 show higher scores and low variance for both methods, with S-TaSeR’s median being
lower than that of TaSeR. For the last use case, we find that TaSeR has a higher score and
lower variance than S-TaSeR. Note that S-TaSeR has a higher maximum score than TaSeR
for the B2 and B3 use cases.
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Figure 5.1: Macro average F1 score for TaSeR and S-TaSeR method per use case

5.2.2.1 Investigating individual runs for experiment 2

To investigate the large difference in performance between the two methods on the W4
use case, we also visualise the predictions of the median run for those methods in tables
5.7 and 5.8. While TaSeR has decent scores across all relations, we find that S-TaSeR
cannot efficiently differentiate between the narrowMatch and broadMatch relations. S-TaSeR
classifies almost all triples with broadMatch relations as narrowMatch.

Predicted Classification Report
broadMatch exactMatch narrowMatch Precision Recall F1-Score

Actual
broadMatch 8 2 97 0.73 0.07 0.14
exactMatch 0 4 2 0.57 0.67 0.62

narrowMatch 3 1 103 0.51 0.96 0.67
Macro avg. F1 0.47

Table 5.7: Combined confusion matrix and classification report for the median run of the
S-TaSeR runs on use case W4

Predicted Classification Report
broadMatch exactMatch narrowMatch Precision Recall F1-Score

Actual
broadMatch 104 1 2 0.87 0.97 0.92
exactMatch 2 4 0 0.67 0.67 0.67

narrowMatch 14 1 92 0.98 0.86 0.92
Macro avg. F1 0.83

Table 5.8: Combined confusion matrix and classification report for the median run of the
TaSeR runs on use case W4

In the last experiment we saw that TaSeR had a tendency to over-predict the exactMatch
relation for use case B3. To check whether the low score of S-TaSeR for that use case has
the same characteristics, we show the confusion matrix and classification report for the
median run in Table 5.9. Similarly to TaSeR, we find that S-TaSeR has a low score, as it
overpredicts the exactMatch relation.
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Predicted Classification Report
broadMatch exactMatch narrowMatch Precision Recall F1-Score

Actual
broadMatch 13 1494 0 1.00 0.01 0.02
exactMatch 0 1985 0 0.43 1.00 0.60

narrowMatch 0 1129 378 1.00 0.25 0.40
Macro avg. F1 0.34

Table 5.9: Combined confusion matrix and classification report for the median run of the
S-TaSeR runs on use case B3

5.2.3 Experiment 3: Comparing methods that use domain knowledge
and GPT-4 method in a zero-shot setting

In this section we will first show the results of the temperature tuning experiment, after
which we will look at the results of the main experiment where we compare the results of
TaSeR and S-TaSeR with GPT-4.

5.2.3.1 Experiment 3.1: Temperature tuning GPT-4

In Table 5.10 the macro average F1 scores for the temperature tuning experiment are shown.
The scores for W1 are the highest at temperature 0.00. For W2 the performance is the
highest for temperatures 0.25 and 0.50. For W3 and W4 the performance is the highest
for temperatures 0.00, 0.25 and 0.50. The mean macro average F1 score is the highest for
temperatures 0.00, 0.25 and 0.50. Based on this experiment, we chose to use a temperature
of 0.25 for GPT-4 in the rest of the experiments as it has a marginally higher macro average
F1 score than the other temperatures.

0.00 0.25 0.50 1.00 1.50
W1 0.520 0.507 0.493 0.487 0.487
W2 0.507 0.537 0.537 0.513 0.490
W3 0.737 0.743 0.740 0.683 0.717
W4 0.763 0.763 0.753 0.740 0.710
mean 0.632 0.638 0.631 0.606 0.601

Table 5.10: Mean macro averaged F1 score per temperature per web use case

5.2.3.2 Experiment 3.2: Main Experiment

The results of the third experiment are shown in Table 5.11. The scores show that the
GPT-4, TaSer and S-TaSeR methods excel in different use cases. For the web use cases,
GPT-4 ZS performs best with a slightly higher score than the TaSeR methods. For W2,
W3 and W4 the TaSeR method performs best, with GPT-4 ZS following closely with a bit
lower scores. While scoring lower than TaSeR, GPT-4 ZS does outperform S-TaSeR on these
use cases. For the labor market use cases the GPT-4 ZS method outperforms both TaSeR
methods, with slightly higher scores. Continuing with the first biomedical use cases, we find
that both TaSeR method outperform the GPT-4 ZS method on all use cases except for B3.
On B3 both TaSeR methods score a fair amount lower than GPT4 ZS, with the GPT-4
method scoring almost twice as high. If we look at the runtimes, we find that the GPT-4
method is a fair amount slower than the TaSeR methods. The differences in runtime range
from 1 minute for W2, up to 72 minutes for L1.
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Random TaSeR S-TaSeR GPT-4 ZS
W1 0.33 (-) 0.44 (2.2) 0.43 (2.2) 0.51 (4.8)
W2 0.33 (-) 0.46 (0.5) 0.39 (0.5) 0.42 (1.5)
W3 0.33 (-) 0.80 (0.6) 0.62 (0.6) 0.77 (2.1)
W4 0.33 (-) 0.83 (0.6) 0.47 (0.5) 0.76 (1.8)
L1 0.33 (-) 0.48 (2.6) 0.48 (2.7) 0.54 (74.8)
L2 0.33 (-) 0.45 (1.8) 0.40 (1.9) 0.47 (38.0)
B1 0.33 (-) 0.90 (5.3) 0.90 (5.6) 0.68 (68.3)
B2 0.33 (-) 0.58 (4.7) 0.58 (5.0) 0.42 (37.5)
B3 0.33 (-) 0.34 (27.5) 0.35 (29.4) 0.61 (68.3)
B4 0.33 (-) 0.82 (5.3) 0.79 (5.5) 0.57 (40.5)
B5 0.33 (-) 0.85 (7.3) 0.82 (7.6) 0.57 (68.3)

Table 5.11: Mean macro average F1 score for TaSeR, S-TaSeR and macro average F1 score
for random classification and GPT-4 ZS

5.2.3.3 Investigating individual runs for experiment 3

In Table 5.12 and 5.13 the confusion matrix and classification report of GPT-4 ZS and
the median run of TaSeR are shown. We see that the performance difference between the
methods can mainly be attributed to the tendency of TaSeR for over-classifying triples as
exactMatch as can be seen in the confusion matrix.

Predicted Classification Report
broadMatch exactMatch narrowMatch Precision Recall F1-Score

Actual
broadMatch 830 1028 99 0.70 0.42 0.53
exactMatch 84 848 57 0.26 0.86 0.40

narrowMatch 266 1400 863 0.85 0.34 0.49
Macro avg. F1 0.47

Table 5.12: Combined confusion matrix and classification report for the median run of the
TaSeR runs on use case L1

Predicted Classification Report
broadMatch exactMatch narrowMatch Precision Recall F1-Score

Actual
broadMatch 661 80 1216 0.65 0.34 0.44
exactMatch 97 387 505 0.72 0.39 0.51

narrowMatch 256 71 2202 0.56 0.87 0.68
Macro avg. F1 0.54

Table 5.13: Combined confusion matrix and classification report for the GPT-4 ZS run on
use case L1

In the previous experiments we saw the confusion matrices and classification reports of
the TaSeR and S-TaSeR methods for the B3 use case and found that they have a tendency
to over-classify triples as exactMatch. We display the table for TaSeR again in Table 5.14
for easy comparison. S-TaSeR is left out as the results for the two TaSeR methods is very
similar, as can be seen in experiment 2. In Table 5.15 the confusion matrix and classification
report of the GPT-4 ZS method on the B3 use case is shown. We find that, in contrast to
the TaSeR method, the GPT-4 ZS method has a very stable score across all relations.

Predicted Classification Report
broadMatch exactMatch narrowMatch Precision Recall F1-Score

Actual
broadMatch 235 1272 0 1.00 0.16 0.27
exactMatch 0 1985 0 0.42 1.00 0.60

narrowMatch 0 1419 88 1.00 0.06 0.11
Macro avg. F1 0.33

Table 5.14: Combined confusion matrix and classification report for one of the 5 TaSeR runs
on use case B3
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Predicted Classification Report
broadMatch exactMatch narrowMatch Precision Recall F1-Score

Actual
broadMatch 794 45 668 0.77 0.53 0.62
exactMatch 172 967 846 0.84 0.49 0.62

narrowMatch 68 144 1295 0.46 0.86 0.60
Macro avg. F1 0.61

Table 5.15: Combined confusion matrix and classification report for the GPT-4 ZS run on
use case B3

5.2.4 Experiment 4: Comparing GPT-4 in a zero-shot and a few-shot
setting

The result of experiment 4 are shown in Table 5.16. The scores show that the zero-shot
approach generally outperforms the few-shot approach for most use cases. The difference
is the largest for the W1, W3, W4 and B2 use cases. For W2 both methods score equally
good. The few-shot approach does outperform the zero-shot approach in two use cases: B1
and B4. The runtimes are similar, with the few-shot approach taking slightly longer, with
differences ranging from 0.3 minutes for use case W4, to 13.7 for the L1 use case.

Random GPT-4 ZS GPT-4 FS
W1 0.33 (-) 0.51 (4.8) 0.39 (5.7)
W2 0.33 (-) 0.42 (1.5) 0.43 (1.8)
W3 0.33 (-) 0.77 (2.1) 0.52 (2.5)
W4 0.33 (-) 0.76 (1.8) 0.62 (2.2)
L1 0.33 (-) 0.54 (74.8) 0.45 (88.5)
L2 0.33 (-) 0.47 (38.0) 0.40 (44.9)
B1 0.33 (-) 0.68 (68.3) 0.73 (80.8)
B2 0.33 (-) 0.42 (37.5) 0.31 (44.4)
B3 0.33 (-) 0.61 (68.3) 0.59 (80.8)
B4 0.33 (-) 0.57 (40.5) 0.42 (47.9)
B5 0.33 (-) 0.57 (68.3) 0.55 (80.8)

Table 5.16: Macro average F1 score for Random, GPT-4 ZS and GPT-4 FS

5.2.4.1 Investigating individual runs for experiment 4

In tables 5.17 and 5.18 we investigate the difference in performance between the two methods
on use case W3, as the difference between them is the largest here. We find that both
methods have relatively low scores for the broadMatch relation, with GPT-4 FS scoring very
low with 0.14. Note however that the number of actual triples with a broadMatch relation is
very low, as there are only 14 of them.

Predicted Classification Report
broadMatch exactMatch narrowMatch Precision Recall F1-Score

Actual
broadMatch 10 0 4 0.38 0.71 0.50
exactMatch 3 23 2 1.00 0.82 0.90

narrowMatch 13 0 99 0.94 0.88 0.91
Macro avg. F1 0.77

Table 5.17: Combined confusion matrix and classification report for the GPT-4 ZS run on
use case W3

Predicted Classification Report
broadMatch exactMatch narrowMatch Precision Recall F1-Score

Actual
broadMatch 6 0 8 0.09 0.43 0.14
exactMatch 6 20 2 0.95 0.71 0.82

narrowMatch 57 1 54 0.84 0.48 0.61
Macro avg. F1 0.52

Table 5.18: Combined confusion matrix and classification report for the GPT-4 FS run on
use case W3
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In tables 5.19 and 5.20 we have visualised the differences in performance between the
two methods for the B2 use case, as the GPT-4 FS method has a lower score than random
classification. The tables show that both methods have lower scores for the broadMatch and
narrowMatch relations. However, the FS method has scores of close to zero with 0.08 and
0.09 for broadMatch and narrowMatch respectively.

Predicted Classification Report
broadMatch exactMatch narrowMatch Precision Recall F1-Score

Actual
broadMatch 14 2 55 0.56 0.20 0.29
exactMatch 10 1854 738 1.00 0.71 0.83

narrowMatch 1 3 68 0.08 0.94 0.15
Macro avg. F1 0.42

Table 5.19: Combined confusion matrix and classification report for the GPT-4 ZS run on
use case B2

Predicted Classification Report
broadMatch exactMatch narrowMatch Precision Recall F1-Score

Actual
broadMatch 19 1 51 0.05 0.27 0.08
exactMatch 353 1561 688 1.00 0.60 0.75

narrowMatch 30 2 40 0.05 0.56 0.09
Macro avg. F1 0.31

Table 5.20: Combined confusion matrix and classification report for the GPT-4 FS run on
use case B2
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Chapter 6

Discussion

6.1 Discussion of the experimental results

6.1.1 SQ1: How do current mapping refinement methods that
incorporate domain knowledge compare to methods that do not?

In the results presented in Section 5.2.1, STROMA exhibited effective performance for the
web use cases for which it was developed, yet its performance was worse than random in the
remaining use cases. This shows us that the STROMA method is not suitable for applications
on other use cases than it was built with, at least not in the labor market and biomedical
domains. The TaSeR base method showed worse than random results across all use cases,
showing that TaSeR does not perform well without fine-tuning on a specific task. We also
saw that TaSeR, when fine-tuned on the ontologies, has the best performance across all use
cases. This demonstrates that leveraging domain knowledge is the preferred approach in the
current state-of-the-art. The runtime of the TaSeR method were higher than those of the
other methods, which is caused by the time the method takes to fine-tune the model. For use
cases with a large number of samples in the ontologies, the difference is the largest. We also
saw a limitation of the TaSeR method, being that its performance depends on the underlying
data and settings during training, specifically for use case B3. Its over-classification of
exactMatch triples is likely to be caused by overfitting, as the train dataset contains a very
large number of triples compared to the other biomedical use cases. As we set the batch size
per use case, it might have been too low for the B3 use case. Keeping in mind this limitation,
the answer to the subquestion is thus that the state-of-the-art method that uses domain
knowledge, TaSeR, outperforms state-of-the-art methods that do not use domain knowledge.

6.1.2 SQ2: Does including additional general knowledge via
pre-fine-tuning, as done in the current state of the art of mapping
refinement, benefit its performance?

In the results in Section 5.2.2 of the web use cases, we saw that TaSeR performed better
than S-TaSeR. This could be caused by the fact that the web use cases have small ontologies,
resulting in a small train dataset. This in turn increases the chance that the model does
not learn to correctly distinguish between the classes, resulting in a lower accuracy and
macro average f1 score. As TaSeR is pre-fine-tuned for relation prediction, it might thus
need less data than the S-TaSeR method, which does not include pre-fine-tuning. This
need for enough train data is a limitation for the S-TaSeR method. For the labor market
use cases all methods perform comparably, with S-TaSeR scoring slightly higher for some.
When looking at the variance of the predictions of the two methods, we found that the
scores of TaSeR were not only higher, but also more consistent. This shows that TaSeR is
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more robust than S-TaSeR and that pre-fine-tuning is therefore beneficial. In the invididual
use case analysis we found that S-TaSeR suffers from the same problem as TaSeR in the
first experiment as it also over-predicts the exactMatch relation for the B3 use case. As
both models are based on the same DistilBERT model, this is also likely to be caused by
overfitting. For the W4 use case we found that S-TaSeR could not differentiate between
the broadMatch and narrowMatch relations as most broadMatch triples were classified as
narrowMatch, while TaSeR was able to correctly classify them. Taking into account that the
narrowMatch triples are the exact inverses of the broadMatch triples for the W4 use case,
this shows that S-TaSeR is not able to learn that the order in which the entities are given is
important for the relation that it predicts. In combination with the fact that the W4 use
case has the smallest train dataset of all use cases, this shows that TaSeR needs less train
data in order to be able to differentiate between broadMatch and narrowMatch. This, in
combination that both methods score approximately equivalent on the use cases where there
is enough train data, again shows the limitation of S-TaSeR that it needs more train data
than S-TaSeR. With that in mind, we answer the subquestion by concluding that including
additional general knowledge via pre-fine-tuning is indeed beneficial for the performance of
the method.

6.1.3 SQ3: How do state-of-the-art mapping refinement methods
compare to generative large language models in a zero-shot
setting?

In the temperature tuning experiment in Section 5.2.3.1 we saw that a lower temperature
is generally beneficial for the performance of GPT-4 in classification. This is in line with
findings in previous work [74]. It is interesting that the temperature closest to a deterministic
setting, 0.00, did not result in the best performance, indicating that some randomness in
the output is beneficial for its performance.

In the main experiment in Section 5.2.3.2 we found that GPT-4 in a zero-shot setting
(ZS) and TaSeR have comparable performance, each excelling in different use cases. For the
web use cases we found that GPT-4 ZS outpeformed S-TaSeR, but not TaSeR, confirming
the conclusion from experiment 2 that S-TaSeR does not perfom well when there is only
a small amount of train triples available. The fact that TaSeR does outperform GPT-4
ZS on these small-train-dataset use cases also again confirms that pre-fine-tuning lowers
the number of required train triples. However, it is good to keep in mind that the web use
cases were used during the development of TaSeR. Specifically, the test sets were used for
hyper parameter tuning before the model was fine-tuned and published. Therefore, like for
STROMA, the results of TaSeR on the web use cases should be interpreted with caution.
For the labor market use cases the GPT-4 ZS method outperformed both TaSeR methods.
It is interesting to see that the GPT-4 ZS method performs best on the L2 use case, as this
includes both ESCO and O*NET. ESCO and O*NET were used as a part of the pre-tain
dataset of GPT-4. CompetentNL has not yet been published and is therefore not a part of
the pre-train dataset of GPT-4. The difference in performance between the two labor market
use cases could be caused by GPT-4 having internalized both ESCO and O*NET for the L2
use case, but only ESCO for the L1 use case. This shows that domain knowledge could also
have a small influence on the performance on down-stream-tasks, if it is included during
pre-training. Comparing the results of the TaSeR methods with the GPT-4 ZS method
shows that the TaSeR methods over-classify the exactMatch relation. This could be caused
by the fact that the altLabels from ESCO, used as exactMatch triples, are of lower quality,
with some altLabels containing labels that could also be subclasses of the given entity. For
instance, the occupation Data scientist has altLabels Data research scientist and Data expert.
One could argue that these are subclasses or superclasses, indicating that the altLabels
are not always synonyms. This shows the dependency of the TaSeR methods on the train
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datasets. The results of GPT-4 ZS are consistent across all relations, showing a more robust
performance. For the biomedical use cases, the TaSeR methods outperform the GPT-4 ZS
method by a large margin. Only for use case B3 this is not the case. The reason likely to
cause this, overfitting, is explain in the discussion of experiment 1. The biomedical use cases
contain very large ontologies and use highly domain specific terms. The superior results of
both TaSeR methods show that training on domain knowledge is still the most effective
approach to mapping refinement for such use cases. Concerning the runtime, the TaSeR
methods were faster than the GPT-4 ZS method by a large margin. It is however good to
keep in mind that only a little pre-processing is required for using the GPT-4 ZS method,
while the TaSeR methods require the pre-processing of both ontologies into RDF format.

Based on the results, we conclude that using domain knowledge based methods is still
preferred, particularly for use cases where there is a large train dataset available labels are
highly domain specific. We add a small side-note to this, as the GPT-4 ZS method has a
competitive performance and has the advantages of not requiring large amounts of training
data and the process of pre-processing which that data requires. It is however sometimes
inconsistent in its formatting, which should be taking into account.

One side-note about the output of GPT-4 is that in the predictions of the GPT-4
method is the presence of oddities in its predictions. For some entity pairs two predicted
relations were given separated by a line break. After investigation we found that this was
caused by the occurrence of the & character. For instance, the entity pair (mushrooms &
truffles,chocolate truffles) resulted in the prediction broadMatch\n narrowMatch. Other
oddities that occurred were cases where the model repeated the entities in its answer like
"relation between concepts: [life coach], and: [professional organiser] is narrowMatch" and
spelling mistakes. These errors however did not have any effect on the results shown in the
results section, as we corrected them by hand.

6.1.4 SQ4: Does incorporating domain knowledge into generative large
language models through few-shot learning enhance their
performance in mapping refinement?

In our last experiment, the results of which can be found in Section 5.2.4, we found that
generally using the zero-shot setting outperforms using the few-shot setting. Including
examples from the domain ontologies thus has no positive effect on the performance of the
GPT-4 method. The runtime is also increased by a bit when using the few-shot setting,
making it an even less attractive option. One positive aspect of the few-shot setting was
that the previously described oddities in the predictions of the GPT-4 in zero-shot setting
occurred far less. While not perfect, the oddities were significantly less, with only a couple
of irregularities over all use cases. The answer to the last subquestion is that, according to
our results, including domain knowledge in generative large language models via few-shot
learning is not beneficial to the performance of these models on mapping refinement.

These findings are not in line with literature. Many sources indicate that using a few-shot
setting instead of a zero-shot setting is beneficial for the results [76, 66, 61]. A reason
why our experiments indicate the opposite might be the way the few-shot prompts are
formatted. Literature suggests that the exact formatting of the prompt has a large effect on
the performance [46, 71, 59]. We did experiment with various prompt formats and chose the
best performing one, but more experimentation could result in better performance.

6.2 Discussion of the application of mapping refinement

Within the project this thesis is part of, a graphical user interface (GUI) tool has been
developed. It is designed to facilitate the creation of refined mappings between two ontologies.
This GUI tool is flexible, supporting the integration of any two ontologies. Its primary
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function is to aid users in accurately mapping entities between the CompetentNL ontology
and various labor market ontologies. The tool’s anticipated broader application includes
supporting SBB1, a partner company of TNO, by enhancing their efficiency in generating
refined mappings.

Following our quantitative experiments, we decided to incorporate the GPT-4 zero-shot
method into the GUI as it was the best performing method for the labor market use cases.
This method is used in combination with a matcher method to guide users in the mapping
creation process, offering suggested target entities for each source entity selected. A visual
representation of the GUI is provided in Figure 6.1. To protect intellectual property, the
CompetentNL ontology is intentionally blurred in this image due to its pending publication.
In the GUI, users select an entity from the source ontology displayed on the left, which
triggers the display of a list of suggested target entities on the right. These suggestions
include the top four predictions, ranked by the confidence scores determined by the matcher.
Next to each suggested target entity’s name, five relational options are presented: broadMatch,
exactMatch, narrowMatch, other and no match. The other option accommodates potential
matches that don’t fit into predefined categories and the no match option identifies unrelated
entities, valuable for generating true negatives for future training improvements.

The GUI suggests which relation to select for each mapping, with the recommended
choice visually indicated by a blue circle surrounding the relevant relation button. This
intuitive interface simplifies the mapping process, ensuring it is clear and user-friendly. Since
the creation of the GUI, multiple experiments have been conducted in collaboration with
SBB. The GUI has been received positively, with users complimenting the completeness and
ease of use of the tool.

Figure 6.1: A snapshot of the GUI where the GPT-4 method will be used in

1https://www.s-bb.nl
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Chapter 7

Conclusion

7.1 Summary of the results

In this thesis we investigated the impact of incorporating domain knowledge into mapping
refinement methods and compared these methods to generative large language models in
both zero-shot and few-shot settings. Our findings demonstrate that domain knowledge plays
a crucial role in enhancing the performance of mapping refinement methods. The TaSeR
method, when fine-tuned with domain-specific ontologies, outperformed other state-of-the-art
methods that do not leverage domain knowledge, particularly in scenarios with a large
number of samples. This underscores the importance of domain knowledge in achieving high
accuracy and robustness in semantic mapping tasks. Moreover, we identified limitations
related to overfitting due to a too small batch size and dependency on the quality and size
of the training data, highlighting areas for future improvements.

The comparison between state-of-the-art mapping refinement methods and generative
large language models revealed that, despite the competitive performance of GPT-4 in
a zero-shot setting, incorporating domain knowledge through fine-tuning a BERT model
remains the most effective approach, especially for complex use cases with domain-specific
terminologies. However, the GPT-4 zero-shot method’s flexibility and reduced need for
extensive training data present it as a valuable alternative in certain contexts.

Interestingly, our experiments showed that few-shot learning does not necessarily enhance
the performance of generative large language models in mapping refinement tasks. This
contradicts existing literature and suggests that the effectiveness of few-shot learning may
be highly dependent on the specific task and the manner in which domain knowledge is
integrated into the training process.

7.2 Summary of the main contributions

7.2.1 Implications for Researchers

The findings from this thesis offer several implications for researchers in the fields of semantic
mapping, ontology alignment and artificial intelligence. Firstly, our research confirms
the importance of incorporating domain knowledge into mapping refinement methods,
highlighting its role in achieving good performance. This emphasizes the need for further
investigation into efficient and scalable ways to integrate domain-specific information into
semantic mapping algorithms. Secondly, it shows the trade-off between ease of use of
generative large language models with slightly lower scores versus higher performance but
longer pre-processing for domain knowledge methods. This work also shows that a rule-based
approach like STROMA does not perform well on datasets other than it was created with,
which may be an indication of the limited generalizability that rule-based approaches face.
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7.2.2 Implications for Practitioners

For practitioners who are looking to use mapping refinement, this thesis provides valuable
insights into the selection and implementation of various methods. The demonstrated
superiority of the TaSeR method when fine-tuned with domain knowledge suggests that
practitioners should prioritize methods that are able to include such domain knowledge.
Moreover, the practical deployment of our findings in a GUI tool underscores the importance
of user-friendly interfaces in the adoption of semantic mapping technologies. It also serves as
an example of how mapping refinement should be used, as techniques that give suggestions
instead of directly deciding upon the result, as its performance is not good enough to be used
in a automatic configuration. In Figure 7.1 we have displayed a decision tree for deciding
which mapping refinement method to use.

Figure 7.1: A decision tree for deciding which mapping refinement method to use

7.3 Limitations

In this thesis the research was performed as correct as possible. However, there are some
limitations that we need to address. One limitations exist with regards to the data. The
introduction of inverse broadMatch and narrowMatch triples in the W4 and biomedical use
cases might have brought some bias into the datasets. It might have had effects that were
not accounted for in our conclusions.

A limitation with regards to the experimental setup is that that the use of small datasets
for temperature tuning with GPT-4 might not have fully captured the complexity of typical
use cases. Larger datasets could lead to different insights regarding optimal temperature
settings. A second limitation with regards to the experimental setup is that the TaSeR and
S-TaSeR methods were run only five times to account for randomness in the DistilBERT
model. Increasing the number of runs could provide a more solid foundation for our findings.
Another limitation with regards to the experimental setup is the absence of Dhouib et al.’s
method [104] from our analysis, due to unavailable code and no response after reaching out
to the author. If we could have included the method, the comparative analysis would be
more exhaustive. A last limitation with regards to the experimental setup is related to the
financial constraints associated with the GPT-4 API. Due to these restrictions we conducted
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a singular run for these models, which results in the results being subject to the randomness
inherent in generative large language models. These limitations should be taken into account
when interpreting our results.

7.4 Future work

Future research could focus several on several paths to enhance mapping refinement methods.
The first path of future work that comes to mind is the exploration of other generative large
language models. Conducting comparative analyses of GPT-4 against these other models
like Mistral and LLama2 could lead to interesting results.

Another path would be the exploration of a method that combines an encoder based
model like BERT with a generative large language model. An example of this is the
aforementioned Olala method[44], which combines a BERT model with a Llama2 model,
resulting in a good performing method.

Finally, regarding the architecture of the TaSeR method, adjustments could be explored.
One approach could be to substitute BERT with a newer embedding model such as Mistral.
Another approach would be to experiment with various architectures for the classification
layer, as the current setup uses a relatively simple classifier on top of the BERT embeddings.

And with that in mind, we see that there will forever be new paths for future research, a
truth that holds not only for ontology alignment but for the vast and limitless landscape of
science as a whole.
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Appendix A

Full experiments table

Random STROMA TaSeR base TaSeR S-TaSeR GPT4 zS GPT4 FS
W1 0.33 (-) 0.33 (0.1) 0.21 (0.4) 0.44 (2.2) 0.43 (2.2) 0.51 (4.8) 0.39 (5.7)
W2 0.33 (-) 0.41 (0.1) 0.29 (0.4) 0.46 (0.5) 0.39 (0.5) 0.42 (1.5) 0.43 (1.8)
W3 0.33 (-) 0.39 (0.1) 0.25 (0.4) 0.80 (0.6) 0.62 (0.6) 0.77 (2.1) 0.52 (2.5)
W4 0.33 (-) 0.56 (0.1) 0.30 (0.5) 0.83 (0.6) 0.47 (0.5) 0.76 (1.8) 0.62 (2.2)
L1 0.33 (-) 0.11 (0.9) 0.23 (0.5) 0.48 (2.6) 0.48 (2.7) 0.54 (74.8) 0.45 (88.5)
L2 0.33 (-) 0.18 (0.5) 0.31 (0.4) 0.45 (1.8) 0.40 (1.9) 0.47 (38.0) 0.40 (44.9)
B1 0.33 (-) 0.24 (0.9) 0.29 (0.5) 0.90 (5.3) 0.90 (5.6) 0.68 (68.3) 0.73 (80.8)
B2 0.33 (-) 0.07 (0.5) 0.10 (0.4) 0.58 (4.7) 0.58 (5.0) 0.42 (37.5) 0.31 (44.4)
B3 0.33 (-) 0.00 (0.9) 0.17 (0.6) 0.34 (27.5) 0.35 (29.4) 0.61 (68.3) 0.59 (80.8)
B4 0.33 (-) 0.02 (0.5) 0.09 (0.4) 0.82 (5.3) 0.79 (5.5) 0.57 (40.5) 0.42 (47.9)
B5 0.33 (-) 0.00 (0.9) 0.26 (0.5) 0.85 (7.3) 0.82 (7.6) 0.57 (68.3) 0.55 (80.8)

Table A.1: Macro average F1 score per method per dataset, supplemented with the runtime
in minutes
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