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Abstract. Given the huge amount of static and dynamic content cre-
ated for eLearning tasks, the major challenge for extending their use is to
improve the effectiveness of retrieval and accessibility by making use of
Learning Management Systems. The aim of the European project Lan-
guage Technology for eLearning is to tackle this problem by providing
Language Technology based functionalities and by integrating semantic
knowledge to facilitate the management, distribution and retrieval of the
learning material.

1 Introduction

In the Language Technology for eLearning project (LT4eL), we address one of
the major problems users of ever expanding LMSs will be confronted with: how
to retrieve learning content from an LMS. We tackle this problem from two
different but related angles: from the content end and from the retrieval end.

On the content side, the fast growing content cannot be easily identified in the
absence of systematic metadata annotation. It should thus be common practice
to supply metadata along with the content, however this is a tedious activity
which is not widely accepted by authors, as part of their tasks. The solution
we offer is to provide Language Technology based functionalities, such as a key
word extractor and a glossary candidate detector. They allow for semi-automatic
metadata annotation on the basis of a linguistic analysis of the learning mate-
rial. We provide these functionalities for all the nine languages represented in
our project, that is Bulgarian, Czech, Dutch, English, German, Maltese, Polish,
Portuguese and Romanian.

On the retrieval side, the standard retrieval systems, based on keyword match-
ing, only consider the queries. They do not really take into account the systematic
relationships between the concepts denoted by the queries and other concepts
that might be relevant for the user. In the LT4eL project, we use ontologies as
an instrument to express and exploit such relationships, which should result in
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better search results and more sophisticated ways to navigate through the learn-
ing objects. An ontology of at least 1000 concepts for the domain of ICT and
eLearning is being developed as well as an English vocabulary and English an-
notated learning objects. Language specific vocabularies for the other languages
of the project are created which will be linked to the ontology as well as to the
metadata of the learning objects. The ontology should facilitate the multilingual
retrieval of learning objects.

The functionalities developed within the LT4eL project could be integrated
in any open source LMS, however, for validation purposes the ILIAS Learning
Management System (www.ilias.de) has been adopted.

The contribution of the project consists thus in the introduction of new func-
tionalities which will enhance the adaptability and the personalization of the
learning process through the software which mediates it. In particular, the sys-
tem enables the construction of user-specific courses, by semantic querying for
topics of interest through the ontology. Furthermore, the metadata and the on-
tology are the link between user needs and characteristics of the learning ma-
terial: content can thus be personalized. In addition, the functionalities allow
for retrieval of both static (introduced by the educator) and dynamic (learner
contribution) content within the LMS and across different LMSs allowing for
decentralization and for an effective co-operative content management.

The project is in its intial phase since it started in December 2005 and it will
last for 30 months.

2 Semi-automatic Metadata Generation Based on
Language Technology

In eLearning, we deal with learning objects of varying granularity. A learning
object should be accompanied by metadata which describes it: the ”Learning
Object Metadata” (LOM) [1] has become the most widespread and well-known
standard for the encoding of the metadata. The aim of the LT4eL project is to
improve the retrieval and accessibility of content through the identification of
the learning material by means of descriptive metadata. To this end, we employ
available Language Technology resources to develop functionalities which facili-
tate the semi-automatic generation of metadata from content. The result will be
two modules: (1) semi-automatic selection of keywords; (2) selection of definitory
contexts, to be used for glossary entries, which can be used stand-alone, as web
services, or integrated into Learning Management Systems.

2.1 Key Word Detection and Extraction

Keywords which describe the topics and contents of a document are essential for
the retrieval and accessibility of this document and are therefore a key feature of
the metadata. A software assistant will support authors and content managers
in selecting appropriate keywords.



Language Technology for eLearning 669

The keyword selector can draw on quantitative and qualitative characteristics
of keyword candidates. Keywords are supposed to characterize the topic(s) of a
learning object. They therefore tend to appear more often in a document than
can be expected if all words would be distributed randomly. Keywords tend to
cluster in certain documents and will not appear at all in other documents. A
statistics which is frequently used to model the distribution of words in texts is
Poisson or, alternatively, a mixture of Poissons (cf. [2]). While the distribution
of function words is close to the expected distribution under these models, good
keyword candidates deviate significantly from it. The score of this deviation can
be used as a statistics by which the lexical units are ranked (cf. [3]).

A second distributional characteristics of keywords is their burstiness. Good
keywords tend to appear, within documents, in clusters. Once a keyword ap-
peared in a text, it tends to appear in shorter intervals. After a while, the word
might disappear and appear – and burst – again, if the topic is resumed. Refer-
ence to a certain topic is a local phenomenon. The concept of term burstiness can
be formalized by measuring the gaps between the individual occurrences of each
term in the text. Sarkar et al. use a combination of two exponential functions
the distribution within burts and outside bursts. Through an iterative process
the variables values in these functions are modified to optimize the fit between
observed and expected distribution values.Optimal values for these three vari-
ables are derived once the fitting reaches a stable maximum. These values turn
out to be a good indicator for the “keywordiness of words in texts ([4]).

In the project, we employ linguistically annotated texts since it has been
shown that the results of the keyword selection, measured against the perfor-
mance of human readers, improves significantly if the text is annotated linguis-
tically (cf. [5]).

We will experiment with different statistics. These statistics are:

– tf.idf, a standard term weighting measure in Implementation Retrieval
– Residual Inverse Document Frequency (cf. [3]).
– Term burstiness (cf. [4])

Our experiments are based on the assumption that the distributional character-
istics of good keywords are similar to that of good terms, in the sense used in
Information Retrieval.

The output of the various statistics will be compared to manual keyword
annotation, performed by experienced annotators. A comparison of high ranking
keyword candidates with keywords selected by humans will approximate recall
and precision values. The (mix of) statistics which we will use in the final system
will be selected on the basis of these evaluation results.

2.2 Detection of Candidates for Glossary Entries

Research on the detection and identification of definitory contexts has been
pursued mainly in the context of question answering systems, where finding
answers to definitory questions is a particularly difficult problem (cf. [6], [7]). In
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the field of eLearning, this work is relevant for the construction and maintenance
of glossaries.

Glossaries are an important kind of secondary index to a text. They can be
seen as small lexical resources which support the reader in decoding the text and
understanding the central concepts which are conveyed. A glossary can be built
on the definitory contexts which are presented in the learning objects themselves.

A glossary supports the non-linear reading of learning materials. The reader
will not necessarily start at the place where the author defined the central terms
and therefore be in need of a definition when he first encounters the term. An
exploratory and self-guided learning style is supported (cf.[8]).

Glossaries should be derived from the learning objects in order to capture the
exact definition which the author of these documents uses. This definition in
many cases overrides a more general definition of the term.

The linguistic structure of definitory contexts is language specific. But within
each language, there is not so much variation in the patterns of these contexts. In
the project, definitory contexts are identified and learned in a bottom-up manner.
First, a substantial amount of definitions are identified and annotated manually
in the learning objects which are the asset of this project. From these examples,
local grammars with the complexity of regular languages are abstracted. These
language-specific local grammars are applied to a test set from the same language
in order to estimate their coverage (cf. also [10]). A major issue will be the
precision of these methods: it has been shown that too simple local grammars
also capture text snippets which are not definitions (cf. [9]). This has to be taken
into account when drafting and refining the local grammars for the involved
languages.

3 Enhancing eLearning with Semantic Knowledge

An additional aim of the project is to enhance LMSs with semantic knowledge
in order to improve the retrieval of the learning objects. We employ ontologies,
which are a key element in the architecture of the Semantic Web, to structure
the learning material. The ontology layer presents the appropriate level of ab-
straction over the meaning in general (upper ontologies) and in concrete domains
(domain ontologies). We integrate the use of ontologies to structure, query and
navigate through the learning objects which are part of the LMS. We take two
groups of users into account: (1) Educators who want to compile a course for
a specific target group and who want to draw on existing texts, media etc.; (2)
Learners who are looking for contents which suit their current needs, e.g for
self-guided learning.

The primary key for the access of contents are their metadata. In many cases,
learners additionally want to consult the full text of a learning object. However,
the search with a standard search engine too often leads to results which are
undesirable. The set of documents might be too large and too unspecific (low
recall, low precision of the retrieved documents). We improve the retrieval of the
learning objects with the use of ontologies which will be integrated within the
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LMS to structure the learning material. Each learning object will be indexed by
an ontology ‘chunk’ that will allow for more detailed search. An ontology chunk
is a part of the classes and relations encoded in the ontology which are consider
relevant to the topic of the learning object — see [12].

In our work, the ontology is closer to a taxonomy, that is a set of concepts
arranged in Is-a hierarchy. The ontology allows for the classification of learning
objects since they will be connected to a set of concepts in the ontology. This
classification will allow ontological search, i.e. search based on concepts and their
interrelations within the ontology. Furthermore, multilingual search for learning
objects will be possible. In this case the ontology plays the role of Interlingua
between the different languages. Thus the user might specify the query in one
language and get learning objects in other language(s).

Within the LT4eL project, we are developing a domain ontology in the area of
our sample learning materials, that is ICT and eLearning. Furthermore, vocab-
ularies related to the languages in the project will be aligned to this ontology.
The development of the domain ontology will be done as a specialization of a
upper-level ontology — DOLCE (see [11]). As criteria for the selection of this
upper-level ontology, we can point to the following: (1) the ontology should be
constructed on rigorous basis; (2) it should be easy to represent it in an ontolog-
ical language such as RDF or OWL; (3) there are domain ontologies constructed
with respect to it; (4) it can be related to lexicons - either by definition, or by
already existing mapping to lexical resource. All of the above points apply to
DOLCE.

The alignment of vocabularies with the ontology will ensure an appropriate
way of searching over the same learning materials in different languages. Infer-
ence mechanisms can be assumed for searching the appropriate learning objects.
We expect that the integration of ontologies within an LMS will facilitate the con-
struction of user specific courses, by semantic querying for topics of interests; will
allow direct access of knowledge; will improve the creation of personalized content
and will allow for decentralization and co-operation of content management.

4 Conclusions

With LT4eL, we want to use Natural Language Processing techniques and re-
sources to enhance the effectiveness of eLearning systems and processes.

On the one hand, we want to support authors of learning materials in the
tedious task of metadata generation. This part of the task should neither be
avoided by the author, nor should it detract too much from the original task,
the generation of high-quality learning material. On the other hand, we want to
employ language resources, in particular ontologies, to help users find the best
learning material they can get to satisfy their current information needs.

We consider the diversity of languages in the European context not as an
obstacle to an international eLearning infrastructure, but as a challenge. By
tackling multilingual issues we want the broaden the horizon of the learner be-
yond what is available in his native language and in English.
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For the sake of validation, we will integrate the tools and resources into the
ILIAS Learning Management System, but we will make them available for other
LMS as well. In the validation process, we will take four dimensions into ac-
count in order to evaluate the success of the project: (1) the usability of the
platform itself, and in what way it is affected by the integration of the new func-
tionalities; (2) the pedagogical impact of integrating the functionalities; (3) the
consequences of incorporating multilinguality; (4) the social impact on virtual
learner communities - and crucially, how this is affected by multilinguality.
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