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Abstract
The labour market is currently heavily struggling with friction in demand and supply. Skills-based
approaches deliver promising results. These approaches ask for a common and up-to-date skills language
to achieve their full potential. Skills ontologies such as ESCO and O*NET exist, but tend to get outdated
soon, as the labour market changes quickly and intensive manual expert-based labour is needed for
updating the ontologies. The existence of multiple skills ontologies allows for applicability in different
contexts (such as different countries), but requires mappings between them to be able to relate, reuse
and transfer knowledge.

In this challenge, we invite participants to implement novel ideas on how to keep mappings between
ontologies up-to-date in a dynamic context. We will provide different versions of the ESCO ontology and
the mapping to O*NET as the ontology and data. It is necessary to use a hybrid method in this challenge,
and it is allowed to use some human annotation in the challenge.

1. Introduction

The tension on the labour market has been significantly increased the last years. For example,
the Netherlands faced a record high number of vacancies at the beginning of 20221. In a large
number of sectors there is an acute scarcity of staff (e.g., construction and installation, health
care), whereas in other sectors staff must be out-flowed (e.g., financial and administrative) [1].
Employers cannot find the employees they need, and employees experience they cannot use
large parts of their knowledge and skills in their current job or are not enabled to work more
hours [2].

To understand and meet emerging skills demands and to empower individuals to learn,
unlearn and relearn skills, a transition from a diploma-based to a skills-based learning and
working system is ongoing. These skills-based approaches ask for a common and up-to-date
skills language to achieve their full potential. Skills ontologies such as ESCO and O*NET exist,
but skills ontologies tend to get outdated soon, as the labour market changes quickly and
intensive manual expert-based labour is needed for updating the ontologies.
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In this challenge, we invite participants to implement novel ideas on how to keep mappings
between ontologies up-to-date in a dynamic context. Ontologies and knowledge models in
general represent a part of the world. Ideally, they are connected to other ontologies to form a
broader network of knowledge. However, the world is ever changing and so are the ontologies
that describe it. This poses a problem in the mapping of ontologies. One change in an ontology
can threaten the correctness of all its mappings. We believe a Hybrid solution is necessary,
because current ontology mapping techniques do not perform sufficiently to allow a fully
automatic solution.

The next section provides a short overview of related work on ontology mapping techniques.
Section 3 gives insight in a few of the skills ontologies and section 4 describes the challenge.

2. Related Work

Finding correspondences between ontologies is often called ontology mapping or ontology
matching. The result of this process is named an ontology alignment. Related work in this
field can be divided into structure-level and element-level mapping [3, 4]. Harrow et al. [5] add
knowledge as an additional level, which refers to data or facts stored in databases. Structure-
level mapping is a mapping that includes the entire ontologies or groups of concepts with
groups of concepts. In structure-level mapping, Euzenat et al. [4] make a difference between
graph-based, taxonomy-based, model-based and instance-based techniques. All techniques
view the ontology as a different type of domain model and use the known methods from their
field on the ontology. The graph-based technique sees the ontology as a labelled graph and use
graph algorithms. The taxonomy-based technique views the ontology as a taxonomy and takes
only the specialisation relation into account. The model-based technique handles the input
as a semantic interpretation and uses mainly logic reasoning techniques. The instance-based
techniques compares sets of instances to match classes using set-theoretic reasoning.

Element-level mapping is a mapping in which each element in an ontology is considered inde-
pendently from the other elements in the ontology. In element-level mapping, Euzenat et al. [4]
make a distinction between formal resource-based, informal resource-based, constraint-based,
string-based and language-based approaches. Formal resource-based means that formal external
ontologies, such as upper ontologies are used as additional knowledge. Informal resource-based
means that other external resources are used. Constraint-based includes ontological constraints
such as domain and range or type of attributes to calculate a similarity. String-based approaches
only use the string itself (names and/or descriptions of entities) to calculate a similarity. Of-
ten string distance metrics such as Levenshtein, Jaccard or TF-IDF are used. Language-based
approaches rely on Natural Language Processing and use techniques such as tokenisation
and lemmatisation, and external resourches such as WordNet [6]. With the introduction of
BERT [7], contextual embeddings provide a good performance on many NLP tasks. Neutel and
de Boer [8] compare several alignment methods (fasttext labels, fasttext descriptions, BERT
‘CLS’ descriptions, BERT mean token descriptions and S-BERT description) in the mapping of
ESCO and O*NET. The results showed that Sentence BERT has highest performance (in terms
of coverage vs. Mean Reciprocal Rank) but it does not provide a ready-to-use alignment yet.
de Boer et al. [9] compare performance of several contextual embeddings in the creation and



mapping of evolving ontologies. Also recent top performer BERTmap [10, 11] and the Truveta
mapper [12] use contextual embeddings.

2.1. Challenges in Ontology Matching

Otero-Cerdeira et al. [13] and Shvaiko and Euzenat [14] provide a survey of literature over
the 2010s. Many ontology matching systems are created, such as AgreementMaker(light) [15],
Anchor-Flood [16], ASMOV [17], LogMap [18], SAMBO [19] and SEMA [20]. Shvaiko and
Euzenat [14] mention that there are still challenges ahead: large-scale evaluation, efficiency
of ontology matching, matching with background knowledge, matcher selection and self-
configuration, user involvement, explanations of ontology matching, collaborative and social
ontology matching and alignment infrastructure. Otero-Cerdeira et al. [13] add automatic
discovery of complex relations, many-to-one mappings, correct alignment of large ontologies
and focus on applying automatically created mappings to practical applications.

Last year, Portisch et al. [21] provided a survey of the most recent development, mainly focused
on the usage of background knowledge (one of the challenges mentioned above). They make a
distinction between unstructured and structured background knowledge, and on the other axis
domain-specific and general purpose background knowledge. Within structured background
knowledge, there is a division between lexical and taxonomical (mono- or multilingual), factual
database, semantic web database (single or linked) and pre-trained Neural Models (mono- or
multilingual). The survey shows that general-purpose knowledge sources are more often used
compared to domain-specific knowledge sources, and that WordNet (structured; lexical and
taxonomical; monolingual) is most often used. Also, there is a bias towards biomedical matching
tasks and monolingual (mainly English) matching. As white spots, logic-based and neural-based
strategies (such as BERT) seem promising, as is exploration of unstructured and structured
multilingual datasets. Furthermore, they mention that most system use direct label linking, but
given links, fuzzy linking or Word Sense Disambiguation can be used as well. Trojahn et al. [22]
adds that current tools fail to correctly capture the semantics behind concepts (which is also
mentioned by Zeng et al. [23] about entity alignment), other relations than equivalences are
largely neglected and that evaluations involving foundational ontologies are not yet addressed.

2.2. Evaluation

Evaluation of an alignment is often done in the Ontology Alignment Evaluation Initiative (OAEI)
2. This initiative started in 2004 and has several tracks, such as anatomy, conference, multifarm,
complex, food nutritional composition, bioML, but also interactive matching, crosswalks data
schema matching and common knowledge graphs. Each track has different criterion on the
matching, and different evaluation metrics. For evaluation different evaluation platforms are
created, currently SEALS, MELT [24] and HOBBIT [25]. Also the alignment API [26] is used in
the OAEI. For entity alignment, the OpenEA library exists [27].

2http://oaei.ontologymatching.org/
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3. Labour Market Classifications

There are several classifications available for the labour market. First, occupation standards are
available, such as the Standard Occupational Classification (SOC)3 and the International Standard
Classification of Occupations (ISCO)4. Both are taxonomies that only define occupations.

There are also classifications that describe occupations and skills, of which ESCO and O*NET
are the most known. ESCO - the European Skills, Competences, Qualifications and Occupations
- is an ontology that includes occupations, skills and competences [28]. A full first version is
released in 2017 and is created with expert knowledge. It includes more than 13,000 skills and
almost 3,000 occupations. Skills are classified in a strict hierarchy. Each occupation is associated
with essential and optional skills. ESCO occupations are linked to ISCO, in which ESCO is a
specification of ISCO.

O*NET - the (North) American standard Occupational Information Network - is a thesaurus
in the form of a database that contains occupations, workforce characteristics, occupational
requirements, worker characteristics, worker requirements and experience requirements [29, 30].
A first version was already published in the last century, and a new version is available every
few years, based on input from experts, job holders and job postings. O*NET contains around
1,000 occupations. Each occupation is associated with skills, abilities and work styles, with a
degree of importance. O*NET occupations are linked to SOC, in which O*NET is a specification
of SOC.

Mappings between those standards are previously created, and often done manually. Adjust-
ing the classifications to changes in the demand for work is, therefore, labour-intensive. Further,
changes in the demand for skills are not continuously processed in the skills classifications,
despite the fast changes in the world of work. Recently, a report has been published in which
AI in the form of a BERT model is used to provide a mapping from O*NET occupations (input)
to ESCO occupations (output) based on (contextual) semantic textual similarity [31].

4. Challenge Description

In this challenge, we invite participants to implement novel ideas on how to keep mappings
between ontologies up-to-date in the dynamic context of the labour market.

4.1. Dataset

We will use the ESCO ontology5 as our ontology and data. In 2017, the first full version was
published. In the beginning of 2022, a new version was published with 68 new occupations,
354 new skills and 158 new knowledge concepts, but also 2 obsolete occupations and 106
obsolete skills and knowledge concepts. Additions included skills for the green transition and
occupations for emerging technologies. ESCO is mapped to other ontologies describing the
labour market, of which we will use O*NET - Occupational Information Network6.

3https://www.bls.gov/oes/current/oes_stru.htm
4https://www.ilo.org/public/english/bureau/stat/isco/
5https://ec.europa.eu/esco
6https://www.onetcenter.org
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In this challenge, we provide the link to all ontologies as well as currently existing mappings.
These are available at https://gitlab.com/tno-os/dynamic-ontology-matching-challenge.

4.2. Method

The goal is to create the (occupation) alignment of the ESCO 2017 version to O*NET (2019) (1)
and the new ESCO (2022) version (2). It is necessary to use a hybrid method in this challenge,
and it is allowed to use some human annotation in the challenge. Directions of solutions can be
optimizing the combination of data-driven ontology mapping techniques and the (currently
manually captured) expert-based knowledge (models), but also solutions that address the current
challenges in ontology mapping.

We are looking for novel ideas, so it is not necessary to adhere to the evaluation platforms
mentioned in the related work.

4.3. Evaluation

The winner of the challenge will be selected using the following criteria:

1. novelty of the method used
2. performance: the number of correct matches
3. scalability: can it work real-time or near real-time

Participants are invited to broaden the challenge to for example mapping to other ontologies,
mapping of skills as well as occupations, use different type of relations (such as broader than /
narrower than) and/or map to other languages.

More information on the submission of your solution and timelines will be made available
through our Gitlab page (see section 4.1).
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