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Abstract. With the increased dependence on online learning platforms
and educational resource repositories, a unified representation of digital
learning resources becomes essential to support a dynamic and multi-
source learning experience. We introduce the EduCOR ontology, an edu-
cational, career-oriented ontology that provides a foundation for repre-
senting online learning resources for personalised learning systems. The
ontology is designed to enable learning material repositories to offer
learning path recommendations, which correspond to the user’s learn-
ing goals and preferences, academic and psychological parameters, and
labour-market skills. We present the multiple patterns that compose the
EduCOR ontology, highlighting its cross-domain applicability and inte-
grability with other ontologies. A demonstration of the proposed ontol-
ogy on the real-life learning platform eDoer is discussed as a use case.
We evaluate the EduCOR ontology using both gold standard and task-
based approaches. The comparison of EduCOR to three gold schemata,
and its application in two use-cases, shows its coverage and adaptability
to multiple OER repositories, which allows generating user-centric and
labour-market oriented recommendations.

Resource: https://tibonto.github.io/educor/.

Keywords: Ontology · Educational resources · OER · Education ·
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1 Introduction

In recent years, digital education is increasingly relying on Educational Resources
(ERs) and Open Educational Resources (OER). These ERs are available in many
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different formats, such as videos, slide decks, audio recordings from lectures, dig-
ital textbooks, or simple web pages. Furthermore, ERs and OERs usually come
with low-quality metadata [33], and they are isolated from other, content-wise
similar ERs. That is one of the crucial reasons for lacking high-quality services,
such as recommendation and search services, based on OERs [32]. Therefore, it
is not surprising that the Semantic Web (SW) community shows increased inter-
est in organising and classifying ERs, and enhancing the metadata in publicly
available ER and OER [13,25]. Although many schemata and vocabularies were
suggested in the past for the educational domain, only a few of them are still
available online and can accommodate particularities of OERs, and related per-
sonalised recommendation systems’ features. Furthermore, recent works revealed
the increased interest in educational Knowledge Graphs [10,20], which, however,
often lack an underlying ontology or schema [5]. Commercial products seem to
follow a similar direction, as they usually do not use or do not publish their
underlying knowledge schema1. Additionally, surveys in e-learning have shown
that an ontology helps to achieve personalised recommendation systems [17,31].
Moreover, there is an increased interest on the education side to enrich cur-
rent tools with Artificial Intelligence to achieve Smart Education. In this line,
ontologies offer a wide variety of benefits for Smart Tutoring Systems [28]. In
addition, the SW has a significant focus on question answering and (learning)
recommendation systems. The latter is evolving rapidly to offer interoperability,
explainability, and user privacy while providing personalised learning recommen-
dations [1,6].

On the broader community side, there is strong evidence of the everyday
usage of online learning. Societies put enormous effort into the digital trans-
formation of education, such as the Digital Educational Plan of the European
Union2, on matching work and relevant skills, and on executing skill development
in online learning platforms [11]. These online learning platforms are used daily
by millions of learners, especially during the COVID-19 pandemic, when educa-
tion has been pushed towards online environments worldwide. Consequently, a
need for lifelong learning tools emerged that could assist people in career changes,
(re)skilling, or (re)entering the labour market after a period of unemployment.
This trend is visible in the last decade through an increased public interest in
online learning supportive platforms, such Coursera [9] for lifelong learning, or
Khan Academy3 for school education. These platforms usually contain ERs in
video format and assessments to validate learners’ knowledge, yet they also indi-
cate new challenges by shifting learning towards personalised recommendations.

However, this personalisation agenda of education requires novel ways to
model learning processes, especially in complex learning environments. This is

1 An example is the Mathspace https://mathspace.co, a math education platform that
offers personalised learning based on a Knowledge Graph. However, its knowledge
schema is not publicly available.

2 https://ec.europa.eu/education/education-in-the-eu/digital-education-action-
plan en.

3 https://www.khanacademy.org.

https://mathspace.co
https://ec.europa.eu/education/education-in-the-eu/digital-education-action-plan_en
https://ec.europa.eu/education/education-in-the-eu/digital-education-action-plan_en
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especially challenging when the ingredients of the learning process are originated
from the angles of education (learning content and instruction), the labour mar-
ket (learning context), and individual needs of learners (learning objectives).
Ontologies engineered by the SW community can play a crucial role here. While
there are plenty of works available, both as e-learning and occupational ontolo-
gies, no model is available currently to connect these two domains.

Therefore, following both SW and broader community interest, we developed
the Education and Career-Oriented Recommendation Ontology, the EduCOR
ontology. This syntactic formalism describes ERs, skills, and the user profile
in rich metadata. It creates the bridge between the demanding and constantly
changing needs of the labour market and the educational domain. EduCOR
provides both the basis of an educational Knowledge Graph, and serves as a
potential framework for personalised, OER recommendation systems. To the best
of our knowledge, the EduCOR ontology is breaking new ground on modelling
ERs for a personalised recommendation system based on the learner’s learning
path and user profile. Moreover, EduCOR fills an essential gap in connecting
personalised learning recommendation systems, educational data and skills with
the labour market, making it a vital schema for future applications.

2 EduCOR Ontology

The EduCOR ontology is proposed to organise different domain ERs and OERs
under a common ontology, link to the labour market, and offer personalised
recommendation systems in the e-learning domain. A general cross-domain edu-
cational ontology should serve different purposes. Given this multidisciplinary
interest and diversity of applications, there is a need for semantic representation
under a unified framework that can accommodate associations between entities
and attributes. We performed a requirement analysis for e-learning platforms to
host personalised recommendations by reviewing the literature and an existing
e-learning system. As a result, we identified the key components around which
we constructed our ontology.

2.1 Ontology Composition

Our ontology introduces the necessary classes and properties to construct an e-
learning environment that supports personalised recommendations. Before devel-
oping our ontology, we examined state-of-the-art related works, open standards,
and best practices.

Since our goal was to create a general ontology, we limited our conceptual
work to high-level, fundamental constructs. Consequently, we examined a series
of open standards related to educational content, and we critically choose those
that offer a wide coverage over the narrower focused ones. Thus, we adopted
the widely used IEEE LOM Standard4 and LRMI Standard5. Furthermore, we
4 https://standards.ieee.org/standard/1484 12 1-2020.html.
5 https://www.dublincore.org/specifications/dublin-core/dces.

https://standards.ieee.org/standard/1484_12_1-2020.html
https://www.dublincore.org/specifications/dublin-core/dces
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reuse parts from the Curriculum Course Syllabus Ontology (CCSO) [24] and
schema.org6. Furthermore, our ontology is aligned with FAIR principles [37].
Our data are assigned globally unique and persistent identifiers, and they are
described with rich metadata, which is accessible and retrievable as it is demon-
strated in the ontology page7. We use OWL for the ontology representation,
and we reuse vocabularies that follow FAIR principles and include references to
them. We describe the scope of our data and have them published under the
licence CC0 1.0 Universell (CC0 1.0) Public Domain Dedication8, and it has
the canonical citation: “E. Ilkou et al.: EduCOR: An Educational and Career-
Oriented Recommendation Ontology. April 2021. https://github.com/tibonto/
educor”.

Before finalising our design, we had an expert evaluation phase, where we
received feedback from domain and ontology experts. The ontology also offers
classes as plug-in points, where other ontologies can be mapped for more spe-
cific utilisation. Such an example is the ‘Learning Preference’ that could host a
thorough analysis as it is presented by Ciloglugil and Inceoglu [8]. In Fig. 1, we
present a conceptual overview of the classes in EduCOR ontology with connec-
tions to a domain ontology and job ontology. A comprehensive presentation of
each class’s object and data properties can be found on the ontology page.

2.2 Patterns

EduCOR consists of independent modules that can be combined to create the
complete schema of the ontology. We also refer to the modules as patterns. Based
on our requirement analysis, we identified the key components of a personalised
learning recommendation system. Taking these components as the central theme
of each module presentation, we created the additional patterns, respectively.
The patterns EduCOR identifies are the following: Educational Resource, Knowl-
edge Topic, Skill, Learning Path, Test, Recommendation, User Profile. Each pat-
tern stands alone and can be added to another ontology, used as a single pattern
separated from the EduCOR ontology, if an application does or does not need
it accordingly. In Fig. 1, the classes of each pattern are represented in different
colours.

In the Educational Resource pattern in Fig. 1 pattern (A), the ‘Educational
Resource’ class represents the learning material or learning object. It can have
multiple types that are covered by the ‘Multimedia Data’ class. The ‘Education
Resource’ also has a ‘Quality Indicator’, reflecting any quality measure required
by the hosting content repository. Learners’ different access requirements are
covered through the ‘Accessibility’ class, which represents the access rights and
methods of the learning material.

Each ‘Educational Resource’ refers to a specific ‘Knowledge Topic’ in Knowl-
edge Topic pattern (D). Knowledge Topics represent specific themes in a partic-

6 https://schema.org/.
7 http://ontology.tib.eu/educor.
8 https://creativecommons.org/publicdomain/zero/1.0/deed.de.

https://github.com/tibonto/educor
https://github.com/tibonto/educor
https://schema.org/
http://ontology.tib.eu/educor
https://creativecommons.org/publicdomain/zero/1.0/deed.de
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Fig. 1. An overview of the EduCOR ontology classes. Each pattern of the ontology is
highlighted individually, A: Educational resource pattern, B: Skill pattern, C: Knowl-
edge topic pattern, D: Test pattern, E: Learning path pattern, F: Recommendation
Pattern, G: User profile pattern.
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ular domain of knowledge, such as the “Quadratic Equations” in the “Mathe-
matics” domain. A ‘Knowledge Topic’ has a ‘Theory’ and an ‘Exercise’ content,
which the learner experiences through a specific ‘Methodology’. The ‘Exercise’
class is connected to both the Knowledge Topic and Test patterns.

In Test pattern (C), the ‘Test’ class represents the learning assessment pro-
cedure. It is composed of one or more ‘Exercises’, which in turn have questions
and corresponding answers. A ‘Test’ can be composed of exercises that belong
to many knowledge topics, skills, and domains.

Knowledge Topics are the requirements of achieving a target ‘Skill’. The
‘Skill’ class, in Skill pattern (B), is the link between knowledge topics and the
labour market job ontology.

Mastering a targeted ‘Skill’ and ‘Knowledge Topic’ can happen through their
unique ‘Learning Outcome’. Such ‘Learning Outcome’ results from the recom-
mended ‘Learning Path’, in Learning Path pattern (E). The ‘Learning Path’ rep-
resents the sequence of knowledge topics needed to reach a user-defined ‘Learning
Goal’ through the intermediate ‘Learning Outcomes’ of each ‘Knowledge Topic’
in the recommended ‘Learning Path’.

The ‘Recommendation’ class, in Recommendation pattern (F), is designed to
cover a range of recommended item-types based on the use-case requirements. A
‘Recommendation’ is directly generated from the ‘User Profile’, in pattern (G),
which is the means of modelling the ‘User’ in the proposed ontology.

We design the User Profile to cover the interest, intention and behavioural
aspects defined in [16]. Those are represented by the classes ‘Learning Pref-
erence’, ‘Learning Goal’, ‘Academic Parameter’, and ‘Psychological Parame-
ter’. The ‘Academic Parameter’ captures the learner’s performance, such as
test scores, while the ‘Psychological Parameter’ reflects the state-of-mind of the
learner, such as being tired. This focus on the psychological state is due to its
influence on the overall learning process and performance. The ‘User Profile’ is
also linked to the ‘Accessibility’ class. The latter could describe user accessibility,
content access rights, and user privacy issues.

3 Use Case Scenario

We describe a general and a specific use case. In a general use case, an OER
repository owner could utilise the EduCOR ontology to model the learning mate-
rials in their repository. The repository serves learners through a standard search
and information retrieval functionality. In the future, it could be possible to inte-
grate an automatic decision-support system with minimum to zero adjustments
of the repository structure.

We also used our ontology in specific use case, in the development of eDoer9

platform, an open learning recommender system prototype, focusing on Data
Science related jobs [34–36]. Since eDoer aims to empower learners through open,
personalised learning and curriculum recommendations based on labour market

9 http://edoer.eu.

http://edoer.eu
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information and OERs, the following components have been deployed using the
EduCOR ontology: 1) we used the Skill pattern to bridge between jobs and their
required qualities, 2) we applied the Knowledge Topic pattern to decompose each
skill into relevant learning components, 3) the Learning Path pattern was used to
create a path for learners which includes a sequence of knowledge topics towards
their learning goals (i.e. target job or skills), 4) to store the required learning
resources into our system, we applied the Educational Resource pattern, 5) in
the process of building a personalised learning content recommender engine, we
benefited from Recommendation and User Profile patterns to offer the most
relevant learning items (i.e. knowledge topics and learning materials) to learners
based on their learning goals, learning preferences, and their current knowledge
level, and 6) the Test pattern was used to offer assessment services in order to
help learners to monitor their progress towards their learning goals.

Therefore, on the eDoer platform, learners can set their target job, and the
system will provide them with a list of skills they need to master for that partic-
ular job. Learners are offered to select one or more of those skills and set them as
learning objectives. Moreover, learners can search through other existing skills
and add different learning goals. They can also set their learning preferences,
such as the type of learning materials and the length of content, which results
in personalised learning content recommendations. The generated learning path
includes the target skills and the necessary knowledge topics covered for each
skill. Subsequently, users receive OERs for each knowledge topic, which can be
viewed, rated, and changed. Based on the users’ feedback (i.e. ratings) on each
of the recommendations, eDoer updates the users’ preferences to capture any
changes in user preferences. Moreover, there are various assessments available
both on skill and knowledge topic levels that provide means to monitor the
learning process10. Up to now, we evaluated eDoer in the context of a Business
Analytics course at the University of Amsterdam. This evaluation revealed that
24 students out of 97, who worked with our system voluntarily, achieved higher
course grades than those that did not.

4 Evaluation

Several evaluation methods have been introduced in the literature on ontology
development. A recent survey [21] classified evaluation methods under five main
approaches: 1) Gold-standard based, 2) Corpus-based or data-driven, 3) Task-
based of Application-based, 4) Criteria-based, and 5) Evaluation by humans.

To ensure objectivity when evaluating EduCOR, we decided to use inductive
methods following [4,27] to select the most relevant evaluation criteria for our
proposed ontology. Therefore, based on [2,12], we focus on coverage and adapt-
ability as key performance indicators (KPIs) of the EduCOR ontology. In the
context of ER representation for learning-material repositories, the coverage is
defined as the ability to describe learning materials by classes. Adaptability is
defined as the potential to represent multiple repositories homogeneously. Based
10 You can watch a demo of eDoer here: https://youtu.be/5PRcUgNa7tA.

https://youtu.be/5PRcUgNa7tA
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on these two KPIs, we conduct the gold-standard and task-based evaluation
approaches. The gold-standard valuation is meant to compare EduCOR directly
to other repository schemata, while the task-based evaluation is meant to val-
idate its performance in real-world use cases. We also evaluated the proposed
ontology design with experts in the ontology development domain to validate its
structure and classes qualitatively.

4.1 Gold Standard-Based Evaluation

To measure EduCOR’s coverage and adaptability towards other existing ontolo-
gies, we selected three well-established repositories for ER resources, namely
Merlot11, SkilsCommons12, and OERCommons13. We chose these repositories
due to their richness in metadata that describes ERs and OERs. This, in turn,
enabled extracting a comprehensive schema that can be used for the evaluation.
Since those repositories’ APIs are not open, we conducted a thorough analysis
of repositories’ schemas based on the information on their websites, user guides,
and the use of hosted materials and resources. We extracted the overall class
representations of the three schemas. Ultimately, these schemas are accepted as
gold standards, against which the EduCOR ontology is compared. The com-
parison is conducted through four steps: 1) the extraction of the gold standard
repositories, 2) analyzing class names and their meanings, 3) mapping EduCOR
classes to the underlying schema of each repository, and 4) calculating the cov-
erage score for each gold standard repository. Repository schemata and the four
steps of comparison are elaborated in detail on EduCOR’s resource page.

The mapping process refers to identifying classes in gold standard repositories
that are also represented in EduCOR. Since mapping is dependent on the clear
definition of a schema’s own vocabulary, it may lead to a subjective evaluation.
Therefore, we conducted this mapping as a multi-fold process, in which four
different developers assessed the meaning of the classes in the proposed ontology
and the compared schema. Once the mapping process was conducted, we sought
a tangible representation of the coverage and adaptability metrics. To accomplish
this task, we followed the work of [2] to calculate the recall based on the definition
from the information-retrieval domain to represent the coverage of EduCOR. In
this adaption, we defined the true positive value as the number of classes covered
by EduCOR and existing in the gold schema. In contrast, the false negative value
was defined by the number of classes in the schema that EduCOR did not cover.
The calculated recall values are given in Table 1. They indicate the ability of the
EduCOR ontology to represent data in the selected repositories with a coverage
level of more than 83%. Suppose a class is not directly mapped to EduCOR.
In that case, repository owners can either represent it with a different (but
similar) class or datatype property from EduCOR or add it explicitly to their
own schema. In other words, false negative values of the recall do not hinder
adopting EduCOR as a comprehensive foundation of an ER or OER repository.
11 https://www.merlot.org.
12 https://www.skillscommons.org.
13 https://www.oercommons.org.

https://www.merlot.org
https://www.skillscommons.org
https://www.oercommons.org
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Table 1. Recall values of EduCOR as calculated for each gold schema

OER-Commons SkillsCommons Merlot

EduCOR ontology 0.833 0.857 0.875

To evaluate adaptability, we refer to the definition as mentioned earlier of
this measure in the context of ER repositories. Here we qualitatively assess the
ability of EduCOR to represent three different repositories, which have distinct
differences in focus when representing the ERs and OERs. Examples of those
differences include the emphasis of Merlot on user roles, the links in SkillsCom-
mons between ERs and industrial occupations, and the focus on educational and
evaluation standards in OER-Commons. Despite those differences, our proposed
ontology homogeneously represented them all, with high recall values. Moreover,
EduCOR ontology provides other repositories with additional features in learn-
ing material representation, user modelling and learning recommendations. This
can be seen from linking ERs and OERs to the labour market through the ‘Skill’
class, the inclusion of ‘Psychological Parameter’ in the user profile, and through
the ‘Recommendation’ and ‘Learning Path’ classes that enable a personalized
learning experience.

4.2 Task-Based Evaluation

In this step of the ontology evaluation, we defined specific tasks and evaluated
EduCOR’s ability to fulfil them. For the task-based evaluation, we followed the
approach of Chari et al. [4], where competency questions are defined to reflect
the main contributions of EduCOR, based on a sample use case that is expected
to be executed by a potential user of the ontology. Such a use case is described
as a general use case in Sect. 3. This use case was designed to manifest the con-
tributions of EduCOR in representing ERs and OERs from multiple repositories
and enabling user-centric, job market-oriented learning recommendations. From
the previous use case, we define three main tasks that EduCOR should fulfill:

1. Adaptable representation of OERs from multiple sources.
2. Consideration of labour market skills in the learning path.
3. User-centred design, considering learner’s academic and psychological needs

within the user profile.

To evaluate EduCOR’s ability of performing these tasks, the following set of
questions were designed:

– Q1: How to retrieve OERs from multiple sources for a learning goal?
– Q2: How can a personalized OER difficulty be chosen for the user?
– Q3: How to provide an OER to a user with a specific access mode?
– Q4: How to retrieve required OERs for a certain job skill?
– Q5: What is required to generate a personalized learning path?
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– Q6: How to personalize a learning recommendation based on a user’s psycho-
logical state?

The first question Q1 reflects the adaptability metric in the evaluation of the
ontology. Questions Q2 and Q3 focus on the personalisation of the retrieved
material towards specific user needs, such as the difficulty levels and accessibil-
ity modes. Those questions represent the richness in data-type properties, which
scaffolds the personalisation of retrieved or recommended ERs and OERs. Q4
evaluates links that the ontology draws between the ERs and the labour mar-
ket needs. This allows the ER repository developer to support the users with
career-oriented recommendations. Q5 and Q6 evaluate the user-centricity of the
ontology. They assess the representation of the user’s academic and psychologi-
cal parameters in a recommendation or the retrieval of ERs. These parameters
are important as they reflect the user’s status, mentally and academically, which
allows the recommendations to be more tailored towards their actual needs from
the ERs. These competency questions are directed to the EduCOR ontology
through SPARQL queries, where their answers are retrieved from any available
data associated with the ontology. A sample SPARQL query is provided in List-
ing 1.1. The full description of queries and their answers are accessible on the
documentation web page.

Listing 1.1. SPARQL query to answer the competency question Q2

1 PREFIX ec: <https :// github.com/tibonto/educor#>

2 PREFIX dc: <http :// purl.org/dcx/lrmi -vocabs/alignmentType />

3

4 SELECT *

5 WHERE {

6 ?test ec:testKnowledgeTopic ?knowResource.

7 ?knowResource ec:difficulty ?difficulty.

8 ?user ec:solves ?test.

9 ?user ec:hasProfile ?userProfile.

10 ?acadParam ec:storedIn ?userProfile.

11 ?acadParam dc:educationalLevel ?currentLevel.

12 }

5 Related Work

Ontology development for the educational domain is not a new task. Many
ontologies have been developed in the last years related to education systems
and learning materials [31]. However, we find a series of issues that dated pub-
lished ontologies have, such as maintainability, online availability, metadata,
and their quality14. The biggest challenge is that most of the relevant works
are not publicly available anymore. Another critical factor to consider is that

14 An example is the Medical Educational Resource Aggregator https://bioportal.
bioontology.org/ontologies/MERA.

https://bioportal.bioontology.org/ontologies/MERA
https://bioportal.bioontology.org/ontologies/MERA
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the main interest in educational domain ontologies comes from educators and
non-technical personnel. Therefore, the majority of these ontologies focus on
educational perspectives rather than rich metadata.

In the plethora of educational and e-learning ontologies, we find the majority
of ontologies in the domain of application or task-specific. Only a small minor-
ity were developed to describe the learning domain and learner data [30]. This
creates a challenge in adopting such ontologies to general settings and applica-
tions. Such an example could be the recent work in ontology-based curriculum
mapping by Zouri and Ferworn [38], which is focused on creating a core ontol-
ogy for curricula and courses in higher education institutions. Such an ontology
raises significant challenges when trying to fit in a general purpose e-learning
environment as they cannot be mapped accurately to another domain. General
domain educational ontologies are closely related to our goal; hence, we focus
our analysis there.

Koutsomitropoulos and Solomou [26] create an ontology-based on the IEEE
LOM standard and SKOS for OER repositories. They propose an enhancement
of the ER’s metadata, and they link to thesauri dataset. However, they offer no
personalised content capabilities. Recently Chimalakonda and Nori [7] suggested
“an ontology based modelling framework for design of educational technologies”.
Similar to their model, we include context and domain-specific ontology to our
design and add the “GoalsOntology” as ‘Learning Goal’ in our system. However,
in contrast to their framework, our design offers personalised recommendation
features.

Another related domain in the literature are personalised recommendation
systems. Bulathwela et al. [3] propose an OER recommendation system based
on learner background knowledge and content but without an underlying ontol-
ogy. However, recent reviews show the growing significance of personalisation
and recommendation systems in e-learning models, and ontologies are proven
to be useful in this respect [17]. Jando et al. [22] show that most techniques
use such an ontology to accomplish personalisation, such as the work in [18,23].
A review by Tarus et al. [31] presents the state-of-the-art for “ontology-based
recommenders in e-learning”. It points out the gained popularity of e-learning
resource-recommendations and “their ability to personalise learner profiles based
on the learner’s characteristics, such as background knowledge, learning style,
learning paths and knowledge level”. It is noticeable from the state-of-the-art
that despite the variety of ontology-based recommender systems in the last years,
only the most recent works have developed the ontology in OWL or RDF and
offer metadata descriptions. Moreover, the vast majority of publications use an
ontology as a tool that provides information to a recommendation algorithm
rather than integrating recommendation requirements in the ontology itself. We
address this issue in EduCOR by integrating a recommendation class with the
overall representation of ERs and user profile.

In terms of connecting the labour market representation with an educational
ontology, one of the most related approaches is the “Ontology-based personalised
course recommendation framework” by Ibrahim et al. [19], which uses a course,
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a student and a job ontology to recommend courses and jobs. Inspired by their
design, we divided the student ontology into User Profile and Skill patterns,
offering personalisation capabilities, such as the ‘Learning Preference’ class.

Table 2. Table comparison of the related work compared to EduCOR

Paper FAIR Evaluation Data

availability

Personalisation Reuse of

vocabularies

[7] No Yes Yes Goals (Learning goals) No

[18] No No No Learning preferences,
Learning style, Learner
characteristics, Knowledge
level, Learning activities

W3C
recommendation
ontology

[19] No Yes No Education information, Job
related skills

No

[23] No No No Learning Style, Learning
pathways

IEEE LOM

[26] No Yes No Datatype properties IEEE LOM,
thesauri, SKOS

[29] No Yes No Accessibility, Activities,
Health conditions

No

[38] No No No Learning pathways No

Ours Yes Yes Yes Learning Goal, Learning
pathways, Accessibility,
Learning preferences,
Psychological parameter,
Academic parameter,
Recommendation, Datatype
properties

IEEE LOM,
CCSO, DCMI,
SKOS, schema.org

User modelling plays an essential role in ontology-based recommenda-
tions [17] since the information about the user is vital to personalise the rec-
ommendation itself. Eke et al. [14] present a comprehensive review on user mod-
elling and argue that ontologies are the best solution to unify the user profile
representation. Gao et al. [16] categorise user modelling approaches under three
main classes: behavioral modelling, interest modelling and intention modelling.
They show that personalisation is based on these three pillars. User profiling
and content modelling are both considered inputs to a filtering algorithm, such
as a recommendation system, to generate a personalised output. The content of
user profiles has also been witnessing increased attention in recent years. This is
also influenced by the ability to transfer the user profiles among multiple appli-
cations and domains [14]. In the educational domain, not only the academic
parameters are essential in generating personalised recommendations, but also
the psychological parameters, as pointed out by Fatahi [15]. This importance
is shown in their adaptive e-learning environment study, where they showed
enhanced student performance when receiving personalised recommendations.
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Students in their study also showed more attraction to the personalised system,
since it “can understand their emotional state better”. Further, the authors in
Skillen et al. [29] developed an ontological representation of users, putting a
focus on their psychological health conditions alongside their learning-related
preferences and activities. We found these previous approaches necessary in the
educational field. Therefore, we expanded and complemented this set of ontolog-
ical user profiling works by proposing a hybrid representation in EduCOR. As
a result, in our User Profile pattern, static and dynamic parameters represent
the learner’s both academic and psychological aspects.

Table 2 shows a summary of the comparison between EduCOR and those
mentioned above related educational ontologies. From this summary, one can
notice that EduCOR exceeds state of the art. It is aligned with the FAIR
data principles and provides richer personalisation features, both in classes
and datatype properties, compared to related ontologies. Furthermore, EduCOR
extends these works by embedding the ‘Recommendation’ and ‘Skill’ classes in a
unified representation, offering stronger links between the ERs and personalised
recommendations.

6 Discussion and Future Steps

EduCOR is a publicly available, findable, registered15, and lightweight ontology
that can host ERs and OERs, personalised recommendation system features, and
user profiles. It is created to address the gap between the educational domain,
the labour market, and personalised learning. EduCOR can be used as a whole
or as parts via the patterns introduced in Sect. 2. It is a semantically enhanced
ontology that is adaptable. Therefore, EduCOR can be used in different educa-
tional domains, such as Computer Science, to support online learning platforms
and personalised education systems. EduCOR is enriched with the necessary
vocabulary and rich metadata to be general enough to be used in different set-
tings. We leverage and maintain compatibility with existing educational reposi-
tories related to Massive Open Online Courses (MOOC) and OERs, as shown in
Sect. 4. Moreover, we expand on them to include personalised representational
primitives needed for modelling the components of a recommendation system.

However, EduCOR does not provide data specific to an application domain,
and expert intervention may be necessary to seamlessly align the domain-specific
ontology to the EduCOR ontology. Also, EduCOR does not offer automatic
mapping of courses and curricula to its ontology. Although, this can happen
by identifying courses, or chapters’ learning objectives, and classifying them in
skill categories with corresponding knowledge topics. An automatic alignment
system for domain and task-specific ontologies mapping to EduCOR ontology is
also part of future efforts.

We have implemented the basic ER and OER components that are necessary
to link with the labour market and offer personalised learning. However, some
15 You can find EduCOR’s presentation at http://ontology.tib.eu/educor and on our

GitHub page at https://github.com/tibonto/educor.

http://ontology.tib.eu/educor
https://github.com/tibonto/educor
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aspects of OERs, and the recommendation system might need more thorough
analysis. We foresee EduCOR extensions to include further analysis of some
classes. The quality indicators could extend to summarize the resource multime-
dia and metadata quality with user’s feedback ratings. Another extension could
be the analysis of learning preferences, which could further link to special edu-
cation coverage. Also, the accessibility analysis could expand to offer additional
representations in our system, by covering user accessibility, preferences, and
content access rights. In this line, we could additionally focus on the user’s pri-
vacy, which at the moment boils down to each developer’s implementation plan
to decide how to implement This work will additionally aim to assist in the user
privacy and profile restrictions alignment with our ontology.

In future work, we plan to publish an Open Educational Knowledge Graph,
connecting educational resources with the labour market while offering per-
sonalised recommendation features by combining ERs from multiple sources.
Upon identifying the appropriate content and repositories, we wish to gather the
requirements and publish the Knowledge Graph based on the EduCOR ontology.
Therefore, we foresee a sustainability plan for the following years as we plan to
use the EduCOR ontology as the basis of our future work. We are committed to
its maintenance and extensibility to address future challenges and meet future
requirements.

7 Conclusion

We have built an open-source, free access ontology to model educational resources,
personalised learning recommendations, user profiles, and labour market skills. We
argued that this interdisciplinary attempt is vital both for the SW, educators and
the broader community. Our requirement analysis came from reviewing the litera-
ture and an existing e-learning system that revealed the key components of a per-
spective system around which we built our ontology. We presented our design and
ontological components, which adopt open community standards and FAIR data
principles. We evaluated EduCOR with gold-standard and task-based approaches
and showed that the EduCOR ontology achieves high coverage of multiple OER
repositories. Through a carefully crafted set of competency questions,we evaluated
the capabilities of EduCOR in assisting the system designers in e-learning based
recommendation systems to determine the necessary elements for their design. We
believe our ontology can be a beneficial tool for system designers as they imple-
ment personalised features in their recommendation system. We are committed to
continuing this line of work towards supporting future requirements that would
extend our ontology.
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