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Abstract. The vast amount of open educational resources (OER) might
be used for various applications. But, the search for relevant resources for
a specific course is difficult within this excess of supply. Recommenda-
tion engines are helpful and might support the search. But conventional
approaches try to identify similarities for the recommendations. For the
purpose of recommending educational resources a different approach is
required, because such algorithm should provide resources that build
upon each other – such as continuative or fundamental components for
a given resource. The proposed work aims at the examination of seman-
tic relationships between educational resources to automatically identify
courses that might build upon each other. The approach has been evalu-
ated using an educational dataset and the promising results support the
assumption that educational levels of resources might be reproduced by
semantic relationships.

Keywords: open educational resources, semantic analysis, recommen-
dation

1 Introduction

Since the UNESCO promoted a new initiative for free educational content in
2002, the amount of open educational resources has grown significantly each year
[10]. These resources might be used by lecturers to prepare self-contained courses
or complete an existing course with additional material. In 2012 the LinkedUp
project started which aimed at exploiting open data on the web provided by ed-
ucational institutions and organizations [2]. As an outcome the project’s website
offers a dataset catalog that lists a vast amount of educational datasets. These
datasets provide information about educational courses and resources. But, an
excess supply of resources makes the choice of relevant components for a course
very difficult. Therefore, recommendation algorithms might help to find suitable
resources for specific topics or needs. Conventional recommendation approaches
aim at finding similar information objects. But for this purpose, a different ap-
proach is required. Components of a self-contained course are build upon each
other starting with a general introduction and completing with a specific field
of the domain. For instance, a Semantic Web course might start with a general
introduction of web technologies and why machine understandable technologies
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are helpful. Then the course introduces the concepts of Semantic Web: RDF(S)
and OWL. And it completes with the introduction of SPARQL queries. The
components of the course are all about Semantic Web topics, but build upon
each other and the specific topics change slightly throughout the evolvement of
the course. Therefore, a recommendation algorithm should aim at finding educa-
tional resources that on the one hand pursues a given topic or on the other hand
provides educational content that might serve as a fundamental resource for a
given topic. The goal of the proposed work has been the examination of seman-
tic relationships between educational resources to automatically identify courses
that might build upon each other. The underlying assumption is that course
components that build upon each other possess different educational levels. The
proposed approach aims at reproducing the difference of educational levels by
comparing the relationships of the semantic categories that can be assigned to
the descriptive information of the resources.

The paper is organized as follows: Section 2 recapitulates briefly related
work on educational resources and recommendation algorithms. The method
of content comprehension and categorization is described in Section 3. Section
4 presents the evaluation results of the approach and some examples support-
ing the assumption that relationships between educational resources regarding
the educational level might be reproduced by taxonomical relationships between
content-based assigned semantic categories. Section 5 sums up the paper and
gives an outlook on future work.

2 Related Work

Conventional recommendation engines as utilized for web portals or online shops
try to identify a user’s interest and use them to make recommendations for (in-
formation) objects which the user might like or need. Main approaches for such
types of engines are collaborative filtering, content-based or hybrid algorithms
mixing results of the first two approaches. All types of algorithms aim at finding
resources that suit the user’s interests. Therefore, similarities of already con-
sumed/purchased resources to other resources are utilized (content-based ap-
proach) or recommendations apply to resources purchased/consumed by simi-
lar users (collaborative filtering) [5]. Apparently, all approaches are based on
similarities. Of course, these approaches can also be applied to educational re-
sources. Aroyo et al. already identified the impact of semantic technologies for
educational resources in 2004 [1]. The authors emphasize the need of semantic
standards in the research field of educational technologies and list (amongst oth-
ers) educational authoring tools as an important application for the Semantic
Web. Ruiz-Iniesta et al. present a personalized approach to recommend edu-
cational components (exercises, quiz questions, lecture notes etc.) to users [6].
The authors use semantically enriched descriptive information about the re-
sources to find relevant objects for a user’s profile. The OER Recommender of
the Folksemantic project provides widgets to add more like this recommenda-
tions to OER web pages [7]. The approach is based on the semantic relatedness
of the resources’ metadata. Title, tags and descriptions are retrieved from var-
ious sources and weighted differently. Also, user clicks are taken into account
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for the ranking of the recommendations. Piedra et al. present an approach to
search OERs using semantic technologies to enhance the precision of the search
results [4]. The authors propose a hybrid social semantic search approach and
utilize both semantically enriched information about the resources as well as
information about the searching user to find relevant open educational resources
regarding precision and the user context. The reuse of educational resources is
an important issue for lecturers. Most course material is recycled and further
developed for the creation of new course content. The SDArch uses semantic
technologies and recommendation to support authoring tools for that purpose
[3].

All of the approaches described above are utilizing semantic relatedness to
present educational resources that are similar to given resources or a user con-
text (or both). The proposed approach goes one step further and exploits the
taxonomical structures provided by semantic datasets to identify educational
resources that might build upon each other in a content-based way.

3 Method

The initial goal of our work is to find out if there is a correlation between the
educational level of a learning resource and the specificity (regarding a taxo-
nomical structure) of the categories and classes that can be inferred from the
description of the resource’s content. One method to understand a resource’s
content on machine level is to extract the entities that are mentioned in descrip-
tive information. This step includes the recognition and the disambiguation of
entities. For educational resources the set of entity types should be wide-ranged
and not restricted to only places, persons and companies (as some entity extrac-
tion services do). Subsequently, categories and classes that are assigned to the
extracted entities can be identified under the assumption that these categories
describe the resource’s content in a wider context. For instance, the sentence
“The course outlines interactions between the different types of DNA, RNA and
proteins.” contains the entities DNA, RNA and protein. After the entity extrac-
tion and category assignment step we can assume that the sentence (and thereby
the course) is about biotechnology, molecular biology, nutritions and proteomics.

The entity extraction step and the subsequent category identification are de-
scribed more in detail in the next section. Section 3.2 describes the used dataset
for the entity extraction and the respective category datasets.

3.1 Entity Extraction & Categorization

The assignment of categories respectively classes to an educational resource
aims at identifying the domain of it and comprehending its content. Categories
and classes are characteristics of semantic entities (as described in the example
above). Therefore, the entity extraction step is a basis for the categorization
step.

Most entity extraction services focus on the identification and disambigua-
tion of persons, companies and places in a text [9]. To understand the descrip-
tive information of educational resources more than these types of entities are



4

required. Entities describing the content of a course include species, physical
theories, biological structures, programming languages, specific laws etc. There-
fore, all nouns and combined nouns are considered and extracted. The extracted
terms are looked up in an entity dictionary and a subsequent disambiguation pro-
cess takes the decision which candidate is the correct one for the given context.
The utilized entity extraction and disambiguation process is further described
in detail in [8].

For all extracted entities the assigned categories or classes are retrieved. The
LOD cloud holds several datasets containing category assignment or ontologies
and ontology classes allocating the respective semantic entities. For the pro-
posed approach only the most specific categories and classes are retrieved and
no transitive closure is performed, because the superordinate categories/classes
are important for the evaluation process and they are only retrieved for the com-
parison of courses (cf. 4.2). The utilized entity and category datasets are further
described in the next section.

3.2 Entity & Category Datasets

For the proposed approach DBpedia entities, Wikipedia article categories and
YAGO classes have been utilized1 for the following reasons:

– The DBpedia covers all types of domains and is assumed as a good basis for
the comprehension of educational content.

– The YAGO ontology holds about 369.000 classes compared to about 750
classes in the DBpedia ontology. For the comprehension of a content and
the determination of particular domains for a course’s content the amount
and the specificity of the used ontology is important. Therefore, the YAGO
ontology has been chosen over the DBpedia ontology.

– There are over 850.000 Wikipedia article categories contained in the DBpedia
dataset. Under the assumption that the more categories are assigned to an
extracted entity the more information about the source content is provided
this dataset has been chosen in addition to the YAGO classes.

The approach has been evaluated comparing the impact of YAGO classes
and Wikipedia article categories. The results are described in Section 4.3.

The dictionary of DBpedia entities for the lookup during extraction process
contains the original labels, labels of redirects and disambiguation pages referenc-
ing the entities (cf. [8]). It has been adapted for the specific purpose of semantic
analysis of educational content. The DBpedia is an all-purpose dataset and con-
tains entities for many different domains. The utilization of such a big dataset
often leads to difficult disambiguation decisions, because many (irrelevant) entity
candidates have been retrieved. Especially, the entertainment business domain
contains many entities of different types which are not relevant for the analysis
of educational content. Therefore, all entities of the following types (according
to the DBpedia ontology) have been excluded from the entity dictionary:

– Work (without Software, but including Video games)

1 All from the DBpedia 2014 dataset
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– Artist, Athlete, SportsLeague, SportsTeam
– SportsSeason

After adaptation, the entity dictionary contains about 6 million entries com-
pared to about 10 million entries without adaptation.

4 Evaluation

4.1 Dataset

For the evaluation of the approach a dataset containing specific information
about the educational resources is required:

– Descriptive text (in English or German language)
– Topics (not necessarily, but helpful)
– Machine understandable educational levels

The LinkedUp project2 aimed at collecting and linking educational data. Mean-
while, the project has finished and the website provides a LinkedUp Data Cata-
log3 with all collected datasets. For the evaluation of our approach, several OER
datasets from the LinkedUp catalog have been examined:

– Open Courseware4

– Key Information Set of UK Universities5

– Semantic ISVU (Information System of Higher Education, Croatia)6

– Open data from Aalto University7

– Open University8

Descriptive information (descriptive text and/or topics) is available in all
datasets, but not all of them provide educational levels at all or in a machine
understandable manner. Only the dataset from the Open University (OU) ful-
fills the requirements for our evaluation. The OU dataset uses an own ontol-
ogy9 for the course information structure and in addition RDF(S), Dublin Core,
GeoNames, XCRI, MLO and Good Relations classes and properties to provide
multiple information about the resources. The dataset contains a title10, a short
descriptive text about the courses11, a list of subjects (topics)12 and an integer
value between 7 and 11 as educational level13. The educational level refers to

2 http://linkedup-project.eu/
3 http://data.linkededucation.org/linkedup/catalog/
4 http://data.linkedu.eu/ocw/query
5 http://data.linkedu.eu/kis/query
6 http://kent.zpr.fer.hr:8080/educationalProgram/sparql
7 http://data.aalto.fi/sparql
8 http://data.open.ac.uk/query
9 http://data.open.ac.uk/saou/ontology

10 Using the Dublin Core title property
11 Using the Dublin Core description property
12 Using the Dublin Core subject property
13 Using the property SCQF Level from the OU ontology
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the levels established by Scottish Credit and Qualifications Framework (SCQF).
Overall, the dataset contains 400 courses which possess descriptive information,
topics and an educational level. These 400 courses and the according metadata
have been used for the evaluation.

4.2 Evaluation Method

The approach in its current state is solely able to identify categories of a course
and compare them to the categories of a different course. It has not been exam-
ined to detect a specific educational level according to identified categories or
classes. Therefore, the evaluation has been performed by comparing all pairs of
courses regarding the relationship of the identified categories and the educational
level provided by the dataset.

For each pair of courses in the dataset the entities have been extracted and
the categories for all extracted entities have been identified. For each course’s set
of categories all14 superordinate (broader) categories have been derived (super
categories).

In the next step, the set of super categories have been compared to the set of
categories of the respective other course and the two sets have been intersected.
Thereby, two intersections are created: One intersection has been processed from
the categories of course 1 and the super categories of course 2, and the other
intersection has been created from the super categories from course 1 and the
categories from course 2. The sizes of the two intersections are compared. The
intersection with more elements contains the super categories of the course that
might handle a broader topic than the other course. The method is also depicted
in Figure 1. If the sets are equally sized no decision is taken.

In the next step the educational levels for the courses have been retrieved
to compare if the assumption that one course might handle a broader topic is
supported by the fact that this course also features a broader educational level
than the other one. The results of the comparison are described in detail in the
next section.

4.3 Evaluation Results

For the evaluation two different datasets of categories (respectively classes) for
DBpedia entities have been used and compared against each other: YAGO classes
and Wikipedia categories.

For each pair identified by the algorithm as a broader/narrower pair of courses
the educational levels have been retrieved and compared with the algorithm’s
result:

1. The course identified by the algorithm as a course with a broader topic also
features a broader educational level (true levels).

2. Both courses feature the same educational level (same levels).

14 As the taxonomy of Wikipedia categories contains circles and a transitive closure
might lead to non-deterministic processes only the superordinate categories that are
5 steps broader from the original category have been derived
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Fig. 1: Evaluation method of comparing intersections of categories and super
categories of pairs of courses

3. The course identified by the algorithm as a course with a broader topic
features a narrower educational level (inverted levels).

In the first case the educational level supports the decision of the algorithm.
The second case says that both courses are assigned to the same educational level
although the algorithm has supposed one of the courses might handle a broader
topic than the other one. As the algorithm does not yet consider the nearness of
the compared categories and classes within the taxonomy, the supposition might
be true nevertheless in this case and the specificity of the one course might only
be slight compared to the other course. The third case disagrees the supposition
of the algorithm. The educational levels of the two courses are inverted compared
to what the algorithm supposed.

The OU dataset provides information about the topics of the courses. There-
fore, in the first experiment only pairs of courses that possess the exact same set
of topics have been considered for comparison of the categories and super cate-
gories. The results are listed in Table 1. Under the assumption that the result for
same levels might identify pairs of courses that handle very similar topics with
one course slightly broader than the other, the algorithm provides over 76% true
suggestions (true levels + same levels) using the Wikipedia categories and over
66% for the YAGO classes.

Noticeably, using the YAGO classes only 21 pairs are suggested as possibly
related courses (with 400 courses within the dataset). Therefore, we tried to
soften the restriction of having the exact same topics assigned for the two courses
in a pair. This assumption also makes sense in a way that two courses might
handle slightly different topics when they build upon each other. Therefore,
we have examined different proportional intersections of the topics of the two
courses – decreasing from 100% intersection (as used in the first experiment) to
0% intersection in steps of 10%. The results are shown in Table 2 and depicted in
Figures 2 and 3. Obviously, by decreasing the size of the intersection of topics of
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Table 1: Results in percent for detected pairs with related Wikipedia categories
resp. YAGO classes – compared to educational levels provided by the dataset –
true level (as identified from the algorithm), same educational levels, or inverted
levels (contrary to algorithm) and amount of pairs of courses with exact same
topics assigned (within the dataset)

true levels same levels inverted levels true+same
levels

pairs

Wikipedia
categories

47.01 29.13 23.84 76.14 151

YAGO classes 38.09 28.57 33.33 66.66 21

two courses the amount of pairs under consideration increases – as intended (cf.
Table 2). In addition, the amount of pairs with inverted levels is minimized until
an intersection ratio of 70% using Wikipedia categories respectively 60% using
YAGO classes and then increases again. In return, the amount of pairs with
same levels increases – again until an intersection size of 60% using Wikipedia
categories respectively 70% using YAGO classes. Nevertheless, the amount of
pairs with true levels is highest for pairs when only pairs with exact same topics
are considered.

Table 2: Results in percent for detected pairs with related Wikipedia categories
resp. YAGO classes – listed by size of intersection of topics from 0% (0.0) inter-
section to 100% (1.0) intersection

.
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Wikipedia
Categories

true levels 40.3 41.3 41.8 40.5 41.0 41.2 41.3 46.6 46.7 47.0 47.0
same levels 23.0 25.5 26.8 29.2 28.7 30.8 31.8 30.4 29.6 29.1 29.1
inverted
levels

36.7 33.2 31.4 30.3 30.3 28.0 26.9 23.0 23.7 23.9 23.9

pairs 6464 910 771 551 300 257 208 161 152 151 151

YAGO
classes

true levels 34.4 30.3 26.7 24.7 24.5 26.8 26.5 38.1 38.1 38.1 38.1
same levels 22.9 25.7 30.0 39.7 44.4 41.5 50.0 28.6 28.6 28.6 28.6
inverted
levels

42.7 44.0 43.3 35.6 31.1 31.7 23.5 33.3 33.3 33.3 33.3

pairs 1107 152 120 73 45 41 34 21 21 21 21

4.4 Examples & Interpretation

Table 3 shows five sample pairs of courses from five different domains the algo-
rithm has detected as related and where the educational levels provided by the
dataset supports this decision.15 These examples show that the algorithm in-

15 All pairs of courses detected by the algorithm and supported as true levels can
be downloaded under http://tinyurl.com/wikicats respectively http://tinyurl.



9

(a) (b)

Fig. 2: Pairs with related Wikipedia categories (a) and YAGO classes (b) – com-
paried to educational levels provided by the dataset – true level (as identified
from the algorithm), same educational levels, or inverted levels (contrary to al-
gorithm)

(a) (b)

Fig. 3: Pairs with one course broader than the other identified by Wikipedia
categories (a) and YAGO classes (b) – compared to educational levels provided
by dataset– true and same levels compared to inverted levels
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deed detected pairs of a mostly introductory broader course and a more specific
course.

Table 3: Examples of courses detected by the algorithm to be related and sup-
ported by the educational levels provided by the dataset (true levels)
Examples –
Topics

Description Broader Course Description More Specific Course

physics and
astronomy

This course offers a wide-ranging
introduction to physics and its

applications, and shows the rele-
vance of physical principles to the
natural and technological worlds.

Investigate and produce a project
on an aspect of radiation and mat-

ter, building on your knowledge
of quantum entanglement, bio-

electromagnetism, gravitational
lensing and astrophysical jets.

health and
social care

Gain an insight into contempo-
rary and emerging debates about

health and illness and examine
health policy and practice relating

to different models of healthcare.

This course assists you to play a
leading role in service improve-

ments through an appreciation of
healthcare quality, research, evi-

dence evaluation and skill analysis.

business and
management

Explore the origins and develop-
ment of strategy as a subject and
how organisations and individuals

try to interpret and exploit op-
portunities and strive for success.

This course focuses on a manage-
ment initiative of your own choos-

ing, consolidating your ability to
make a difference to organisational
performance as manager or leader.

computing
and IT

Get to grips with database tech-
nology: principles, benefits, tech-

niques and practical applica-
tions. Learn about relational con-
cepts and SQL and produce your

own simple relational database.

This module gives you a realis-
tic view of software development,

exploring how software systems
are designed and built from a

software engineering perspective.

law Examine how law influences mod-
ern relationships and families,
exploring issues such as living

together, marriage, divorce and
the law in relation to children.

This course examines the com-
plexities of twenty-first century

international law by exploring the
evolving role and function of inter-
national law in the modern world.

As the algorithm is fully automatic some of the identified pairs which actu-
ally possess inverted levels result from wrong extracted entities. For instance,
the following descriptive sentence described an introductory physics course: Ex-
plore the fundamental laws of modern physics and how mathematics is used to
state and apply them, including physical principles, mathematical techniques and
quantum theory. The extraction algorithm extracted dbp:Old quantum theory for
the term quantum theory. Where the term in the text describes the quantum the-
ory as a fundamental topic, the extracted entity describes a very specific theory.

com/yagoclasses. The courses are referenced using the URI provided by the OU
dataset, separated by a tabulator. The first column constitutes the broader course
and the second column the respective more specific course.
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This misleading annotation results in wrong decisions for many pairs where this
course is involved.

In contrast, the algorithm simply considers content-based relationships of
course and does not take into account, if courses might be taught in parallel
within different educational subjects. For instance, the algorithm has detected
that an introductory course on physics and its applications is broader than a
course on galaxies, stars and the planets of the universe. Intuitively, fundamental
physical laws are a basis to understand the universe and all about it. But the OU
dataset has listed courses of physics introductions which possess a more specific
educational level than astronomy courses. Maybe this results from the fact that
astronomy and physics are considered as independent subjects and are taught
in different classes in parallel.

5 Summary & Outlook

Major motivation for the proposed work was to examine if there is a corre-
lation between the educational level and content-based semantic categories of
educational resources. The evaluation of the approach supports the assumption
that taxonomic structures of semantic categories or classes might be used to
find educational resources that build upon each other. The presented approach
is rather simple but nevertheless helpful to find continuative or fundamental
resources in the vast amount of datasets provided by now by educational insti-
tutions. Recommendation engines using such approaches might be applied for
two different purposes. On the one hand, lecturers might be supported in cre-
ating a self-contained course of different components from different institutions.
And on the other hand, students might be provided with additional resources à
la “if you liked this video, here is something more specific on this topic”. Stu-
dents might also be provided with different educational resources according to
pre-test: students with very good results on the test are provided more specific
resources (assuming they possess a higher educational level) than students with
poor results.

Future work further examines the specific taxonomic structures of semantic
categories to identify a nearness between them. This nearness might give a hint
about the specificity of the course and the distance of the educational levels of
the two compared courses.

Overall, the approach provides further information about the open educa-
tional resources that might help (semantic applications) using them, especially
as many of the OER datasets do not provide machine understandable informa-
tion about educational levels.
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