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Abstract
This work investigates and reviews state-of-the-art approaches to automatic
organization of unstructured digital content. Given the review of the current
challenges, the research questions address a vital issue of automatic metadata
generation with the focus on link generation and link typing based on the analysis of content. The motivation and the potential impact these methods may
generate both in the general context and in the context of digital learning repositories are discussed. Finally, a detailed research plan and the current results
are presented.

Chapter 1

Introduction
The amount of new information accessible online is increasing rapidly. This
illustrates the need to organize and maintain the information efficiently. However, it will be demonstrated that keeping the growing amounts of information
well-organized according to a certain criterion may not be feasible for humans
and thus the development of automatic methods is inevitable. In this report,
the state-of-the-art in methods for organization of unstructured textual content is reviewed. Based on the gap analysis of the state-of-the-art, research
questions and a research proposal are formulated. The proposal aims at development of novel link generation and link typing methods that are capable of,
but not limited to, improving the organization and navigation over independent
information resources, such as articles in digital repositories, by using entirely
automatic methods.

1.1
1.1.1

Motivation and Research Problem
A motivating scenario

Let us now introduce the research problem on a motivating example. We will
assume that in 1995 we have written an article about global warming where
we described the current evidence supporting the view that global warming is
highly influenced by the amount CO2 in the atmosphere. The article analyzed
the contemporary political views on how to reduce the exhalations in different
countries and in its conclusions was referring to a global warming prognosis for
the next 50 years performed by scientists using state-of-the-art methods. When
the article was written, it was reviewed by an independent referee and later
published on the Internet by a trustworthy source. Let us also assume that
the publisher had been wise and had asked us before the article was published
to provide certain metadata about our article. More specifically, the publisher
required us to submit keywords, to classify the article to a taxonomy and to
provide information about related sources of information, for example sources
that support our hypothesis and sources where the learner may find more information. The metadata made it easier for people to retrieve the article and to
navigate to related resources.
Since the article was published, many new papers discussing similar issues
have appeared and lots of research have been carried out. However, the new
2

information growth caused some troubles. Since the domain and its terminology
have evolved, it may be now in few cases possible to find more descriptive
keywords, such as a specific class of the method used for the prediction, than
those identified at the time of writing. This causes that the article can be no
longer retrieved as easily at appropriate times as it used to be. As the amount
of content had also increased, the publisher had to revise the taxonomy for the
articles in the global warming domain. Due to the fact that many articles had
to be inspected and reclassified by a domain expert, this procedure was very
difficult and time consuming. The biggest issue arose with the metadata that
provided relations to other useful sources. While some of the sources indicated
by us at the time of writing are no more available, other sources which have
emerged since the time of writing are not known to the publisher. As a result,
this information is lost.
The motivating scenario indicates that keeping information up to date may
be a tedious task. The increased need for coordination has been also observed
in open collaborative knowledge-management systems, such as Wikis [Kittur
et al., 2007] which typically use a slightly different maintenance policy than
the one described in the mentioned scenario. In particular, it has been noted
that the effort necessary for the maintenance of the information is not directly
proportional to the amount of information stored, but rises faster than direct
proportionally to the amount of information being added.
So, how can we do better than in the motivating scenario? First of all, it is
important to address the question of what kind of support is needed. Surely,
if the keywords, the classification and the generation of links were derived automatically, the maintenance of such a system would become almost effortless.
While this would make a significant difference to the publisher, there is less
benefit for the user of such a system, who is typically embodied by a learner
investigating a certain area of a given domain. Therefore, we should now focus
on how the learner and their learning processes can be made more efficient.
Since 90’s there seems to be a gradual shift from traditional hard copy text
approaches to more complex blended learning approaches where learners can
take control over their learning strategy by using links that are interconnecting
content. For example, on Wikis learners typically use links that connect a textual entity, mostly a terminological unit, to a page which describes it. However,
these collaborative efforts are based on a centralistic view allowing the existence of only one instance of an article describing a certain concept. Therefore,
this approach does not fit well when one wants to publish their own view on
a given problem, their own research results, their own methodology for solving
a problem etc. As a matter of fact, most of the information publishing tasks
being carried out in our World are in fact entirely distributed. For example,
many books for teaching history which differ in a variety of aspects have been
published. Even books teaching sciences, such as mathematics or physics, and
focusing on the same problem domain may differ in their narrative structure,
focus, level of detail, intended target audience, language and other factors.
In this light, we see that current systems should help learners in discovering
and maintaining links from the resource or passage currently being viewed to
resources or passages that are related. An important aspect of such linking is
that both the system and the learner should be aware of the type of the link. The
idea of link typing is not new. In 1983 Trigg developed a link taxonomy [Trigg,
1983] which classifies links according to their semantics. However, computer
3

systems are currently unable to automatically derive most of these link types.
Some of the important link types which may be possible to derive automatically
were identified later in [Allan, 1996] by James Allan who mentions, for example,
revision links, summary and expansion links, equivalence links, comparison and
contrast links, and tangent and aggregate links. There are other important types
of links not mentioned in this study, but highly important in the educational
context, such as citation links and prerequisite links.
Let us now conclude by explaining how we would envisage our scenario
described at the beginning of this section to work if all the metadata including
the typed links among resources or passages were updated always just in time.
The theoretical constraints of this approach will be discussed in section 1.1.2.
Since our article was published in 1995, the metadata have been regularly
updated regardless of the cost. Furthermore, links to related resources or passages of related resources were annotated by their type. Because of this, it is
easy to retrieve the article using search engines and domain-specific web directories. When a learner accesses and reads our global warming resource, he/she
is offered links to related resources or even passages in related resources. These
links do not necessarily commence from the whole resource, but may, for example, link a paragraph in the resource to a paragraph in another resource. The
possibilities of related content links presented to the learner are demonstrated
on the following examples: 1) three other authors also published papers about
the same topic, but from a much broader perspective. The system displays them
and indicates the type of the relationship. 2) The system also shows that there
are a few more in depth studies on particular aspects discussed in our article,
such as the political issues and the mathematics behind the prediction model.
3) In addition, the system provides a prerequisite link to a lecture in statistics
that may serve the learner in understanding the mathematics behind the prediction model. 4) The system highlights that there is also a tangential link to a
paper published five years after our article that is criticizing the impreciseness
of the mathematical model and is questioning the validity of such long term
predictions. 5) Finally, another link relates our lecture to a blog submission
where our paper was summarized.

1.1.2

Theoretical constraints

In this section, the time constraints for annotation of resources will be investigated. Metadata for the description of resources will be divided into three
classes according to their type. Maximum time complexities for their provision
will be then given.
In the context of systems providing materials that can be used for learning,
we can also refer to a resource as a learning object (LO). The Learning Technology Standards Committee of the IEEE Computer Society defines a learning
object as any entity, digital or non-digital, that may be used for learning, education, or training [LOM, 2005]. As most of the issues discussed in this report are
valid for both learning objects and resources, the term resource will be rather
used. By resource, we will refer to any textual resource in a digital format.
Resources can be used for learning, but are not limited to this use. They may
epitomize, for example newspaper articles, blog submissions or scholarly articles.
We will refer to repositories of resources as digital repositories.
To organize resources, it is necessary to annotate them with appropriate
4

metadata. An essential requirement for the metadata is that they are described
in a machine readable way. Another requirement is that the metadata description follows a particular standard, thus allow interoperability (section 2.1). We
divided metadata into three distinct classes according to their type. One of the
well-known metadata scheme IEEE Learning Object Metadata (LOM) [LOM,
2005] was used to validate that each metadata field fits into a class and that
each class is represented by a metadata field. The following metadata types
were identified:
1) Metadata fields describing the content of a resource. This type of metadata
specifies concepts, such as the name of an author, title of a resource or a
set of keywords used.
2) Metadata fields classifying a resource using a taxonomy. This type is
used to associate a resource with a coarse grained structure of the subject
domain.
3) Metadata fields connecting two resources usually by a semantic relation.
Manual provision of type 1 metadata requires an annotator to have only
the knowledge about a given resource. Metadata of type 2 require to understand the subject domain (i.e. to understand the resource context). Providing
type 3 metadata requires in the extreme case the understanding of all resources
available in a digital repository and the checking whether a semantic relation
holds.
We will now explore the maximum time complexity for the provision of the
previously mentioned metadata types. Let t1 denote the maximum time needed
to access, view and broadly understand a resource. Let h denote the number of
nodes/topics in a classification taxonomy and let t2 denote the maximum time
needed to check whether a given resource should be associated with a node in
the taxonomy. Finally, let n be the number of resources available in a collection.
Then, the maximum time tmax needed to provide type 1 metadata is:
tmax = t1 .n ⇒ t(n) = O(n),

(1.1)

thus the time complexity is linear with respect to the number of resources
available. The maximum time needed to generate type 2 metadata is:
tmax = (t1 + t2 .h).n ⇒ t(n) = O(n)

(1.2)

The maximum time is given by the time of accessing/understanding a resource plus the time of associating the resource to a taxonomy times the number
of resources available in the collection. The complexity is still linear with respect
to the number of resources available, but the actual time required for annotation
rises also linearly with respect to the number of nodes in the taxonomy. It is
important to note that we assume that a resource can be associated to any number of the taxonomy nodes. If exactly one taxonomy node from a tree shape
taxonomy is selected, the maximum cost of association would be logarithmic
with respect to the number of taxonomy nodes. The base of the logarithm is
given by the branching factor of the tree structure.
Finally, the maximum time spent in deriving type 3 metadata is given by
the following expression:
5

tmax = (t1 .n).[t1 .(n − 1)] ⇒ t(n) = O(n2 )

(1.3)

The equation states that for the generation of links specifying one type of
a binary semantic relation it is necessary to access all resources and to take
into account all remaining resources for each of them. The time complexity is
quadratic with respect to the number of resources stored in the repository. For
simplicity, the equation assumes that the annotator does not have any memory
and thus needs to access, view and understand a particular resource each time
again. While it is possible, in practise, that an annotator (with a memory) can
work much faster than predicted by the equation, it is not possible to avoid the
quadratic number of comparisons with respect to the number resources.

1.1.3

Discussion

Based on the equations, we now discuss the feasibility of manual annotation. It
can be seen that when t1 is small, providing type 1 metadata may be for human annotators relatively effortless. Generating type 2 metadata may be still
possible to perform in case t2 and h are small or if the task is formulated as a
one-of problem (exactly one taxonomy node is selected). However, specifying
type 3 metadata can be performed by humans only for a very limited amount
of resources. For example, if we assume that accessing and understanding a resource takes one minute, the annotation of a collection of 100 resources can take
up to 165 hours. Furthermore, binary linking of resources is the most difficult
metadata type to maintain as adding a new resource to a collection would have
typically much higher frequency than changing a classification taxonomy or a
set of possible keywords. Last, in certain type of collections, such as multilingual
collections, it may be for humans extremely difficult to perform such task.
To conclude, human performed link generation does not scale up and can
become infeasible even for very small collections. This makes link generation
also theoretically unsuitable for collaborative approaches1 which can be well
applied to type 1 and type 2 metadata. A predominant approach is to generate
links based on text analysis of documents or their type 1 or type 2 metadata.
Current computer systems are capable of generating semantic similarity links
in repositories containing up to one million of resources [Manning et al., 2008]
when all possible pairs are checked, thus by algorithms with O(n2 ) complexity.
For larger repositories, approximations calculated by algorithms with lower complexity can be used (see [Manning et al., 2008]). As humans are unable to carry
out the link generation task, even algorithms with a relatively low precision and
recall, in comparison to type 1 and type 2 metadata generation methods, are of
real value.
Many of the problems of automatic metadata extraction have been already
addressed by a variety of approaches with different levels of success. Using approaches that analyse human language to extract metadata, task 1) has been
in educational settings addressed, for example, by information extraction in
[Bateman et al., 2007]. Task 2) can be seen as a text classification task [Sebastiani, 2002]. Finally, task 3) represents a problem of automatic link generation
[Wilkinson and Smeaton, 1999]. While there is a great need for link generation
and in particular for link typing methods, which would provide people with
1 This

may be possible only for resources that have a high visit frequency by domain experts
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access to information as in the motivation scenario, the research field is in comparison to keyword extraction and text classification approaches still relatively
unexplored. An exception may be generation of links based on the traditional
semantic similarity measures. The state-of-the-art in link generation will be
presented in section 2.2.4.

1.2

Outline

So far, the problem domain has been described and it was argued why metadata
extraction and in particular link generation is an important research problem.
The state-of-the-art in the field will be reviewed in chapter 2. The research
questions, the expected contribution and the proposed approach are presented
in chapter 3. Finally, in chapter 4, the work carried out so far is demonstrated.
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Chapter 2

Literature Review
This chapter reviews the state-of-the-art in the field related to the problematics
described in the previous chapter. In section 2.1, we discuss what metadata
are currently being used by metadata standards to allow sharing of content.
Section 2.2 reviews automatic approaches to content organisation, in particular
approaches to: keywords extraction (section 2.2.1), text classification (section
2.2.2), learning pathways (section 2.2.3), and link generation and typing (section
2.2.4). Section 2.3 provides the gap analysis and shows the direction for the
research proposal presented in the next chapter.

2.1

Interoperable resources

The ability to communicate and share resources is an essential requirement for
digital repositories, as discussed in section 1.1.2. As a result of this, a number of metadata standards for the description of resources arose. Perhaps the
most well-known metadata standard is Dublin Core [Pidgin and Baker, 1997],
which defines a set of elements, such as title, language, subject, coverage or relation, for the description of resources. It is interesting to note that despite the
Dublin Core’s simplicity, it already contains all three types of metadata identified in section 1.1.2. For example, the subject field should contain keywords,
the coverage field should ideally contain a value from a controlled vocabulary
and the relation field should contain a reference to a related resource. The
set of elements defined by Dublin Core may not be sufficient in all application
domains and under all circumstances. One of the most important standards
in the educational domain is Learning Object Metadata (LOM) [LOM, 2005].
This standard, current issues and the main tradeoffs in the design of a metadata
standard for digital resources will be now discussed.
The main role of metadata standards is to catalogue important information
about resources in a unified way. Apart from traditional retrieval facilities, such
as keyword search, or hierarchical classification, the learning community tries to
find solutions to relatively challenging problems. For example, Brooks explains
that the ability for a software system to dynamically, and ideally in real-time,
assemble a course from learning resources is an important goal within the educational technology research community x[Brooks and Mccalla, 2006]. His interest
is not only in assembling courses from resources stored in a central database,
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but he envisions automatic course assembly from distributed repositories.
Brooks argues that the current e-learning standards specifications, considering LOM in the first instance, are both too restrictive in the variety of metadata
they capture and too lax in how they express the structure of such metadata.
In addition, as mentioned in [Simon et al., 2005], many of the current learning
systems support only a few fields described by LOM and most of them do not
even support any external format. This makes the vision of computer agents retrieving and collecting learning resources from distributed repositories harder to
achieve. There have been quite a few EU funded projects, such as the Metadata
for Architectural Contents in Europe (MACE) [Cress et al., 2009], which have
addressed the issue of interoperability by harmonizing distributed digital repositories with respect to the LOM standard. The harmonization process usually
requires quite a lot of effort. One of the reasons is that the LOM standard does
not precisely specify the types of the various fields and their interpretation.
There have been also other criticisms of the LOM standard. For example,
Brooks criticizes the centralization of the metadata and claims that for the retrieval of learning resources are not only essential summarized characteristics of
resources, but also situational metadata, defining user’s background, outcome
information and user’s interaction with a learning object. So far, many researchers investigated the use of personalized user profiles [Keenoy et al., 2004;
Brusilovsky et al., 2007] and applied them to digital repositories. However, we
can argue whether criticizing the LOM standard for such incompleteness is in
place, because the nature of dynamically collected metadata about a user is
conceptually very different from what LOM standard wants to achieve. Perhaps, the best option is to keep the LOM standard as it is and develop the
specification of a personalization model in terms of a different standard.
It is possible to see that the LOM standard, and other metadata standards,
face to a tradeoff between being too specific or being too general. The specificity
causes the standard to define very clear rules for developers that are necessary
for ensuring interoperability. Such rules may specify the semantics or even
intended interpretation of the various metadata fields, however this is not the
case of LOM. At the same time, it is important to keep the standard general
enough to allow extensions. According to the current specification, the LOM
standard can be combined with other forms of knowledge representation. For
example, metadata records can be linked to external shared conceptualizations
[Urbán and Barriocanal, 2003]. The justification for allowing this linking is
following. The LOM standard explicitly states that it does not specify how a
learning technology system represents or uses a metadata instance for a learning
object. More specifically, it is concerned only with the syntax form of the data it
represents and it does not provide any formal semantics. To conclude, in order
to allow interoperability between distributed repositories any standard should
be as specific as possible. On the contrary, in order to allow the use of the
standard across a variety of unanticipated applications, the standard should be
general enough.
To give an example, the authors of [Urbán and Barriocanal, 2003] recommend to use the LOM’s classification element to declare links to ontology terms.
This, together with the purpose element of LOM,1 will allow creating statements
1 The values of the purpose element shall come from the following list of tokens: discipline,
idea, educational objective, accessibility restriction, educational level, skill level,
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about LOs like “prerequisite knowledge is boolean logic” or “educational objective” is control structures. The fact that the LOM standard allows developers
to make choices about the data types makes it necessary to harmonize the metadata in distributed repositories before they can start communicating together.
This procedure may be very costly.
Another important standard being used by providers of learning repositories
and learning managements systems (LMS) is Shareable Content Object Reference Model (SCORM) [SCORM, 2009]. SCORM is not a completely new standard, but it is rather a “reference model” that integrates a set of inter-related
technical standards (including LOM), specifications, and guidelines designed to
meet requirements for learning content and learning systems.
SCORM explicitly supports the idea of learning content being aggregated
into more complex units. Therefore, SCORM allows to specify a sequencing and
navigation among learning objects in the form of rules which allow to define sequencing behavior independently of instructional content. On the other hand,
it is essential to notice that SCORM sequencing does not address nor it precludes artificial intelligence-based computed sequencing. More specifically, the
standard only allows to describe the flow and branching of learning resources
based on an activity tree and an authored sequencing strategy. The activity
tree is a conceptual structure of learning activities managed by the Learning
Management System (LMS) and a learning activity references a resource that
is presented to the learner. It is interesting to note that SCORM, as opposed
to LOM, specifies how a LMS should interpret the data.
Overall, the standards give us vital information about what metadata is
required by digital repositories and what types of applications can be built
using this metadata. As we have seen, there is not a single standard that would
be suitable for all digital repositories and applications and it is not probable
that there will be one soon. The issue of interoperability, for example in case of
LOM, is also not fully resolved. As a result, we think that work should focus on
development of efficient metadata generation methods and tools rather than on
development of an ideal metadata standard. If the metadata generation tools
were in place, they would allow a digital repository to adopt a given standard
easily and perhaps it would be possible to use even more standards at a time to
meet the requirements of a variety of applications. The tools would also help to
resolve the problem with updating of hardly maintainable metadata fields, such
as relation fields.
So far, we were mainly concerned by the question of what metadata should
be required by a metadata standard, however we did not explicitly specify the
format in which this metadata information should be represented. An important
step in this respect was made by three W3C recommendations: RDF [Klyne and
Carroll, 2004], RDFS [Brickley and Guha, 2004] and OWL [Dean and Schreiber,
2004]. The recommendations standardize syntax for publishing machine readable data on the web. Since their release, many RDF(S)-based technologies have
appeared that focus on the exploitation of semantic technologies for managing
large data collections. To allow processing of large RDF data collections, the
SPARQL query language [Prud’hommeaux and Seaborne, 2007] has been introduced and standardized by the W3C in 2008. Since then, further developments
have been made in implementation of efficient triple stores (such as Sesame,
security level, competency.
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Virtuoso or Josecki) capable of storing, indexing and retrieving large amounts
of RDF(S) resources.
An important activity in this field is the development of Linked Data technology [Bizer et al., 2009]. Linked Data represents one of the first attempts
to connect multiple large data sources on the web and to provide the means
of exploring them through federated queries using semantic web technologies.
Technically speaking, most of the data sources are sets of RDF(S) (or OWL) ontologies, or wrappers of those for standard relational databases, and SPARQL
endpoints are being used to explore them. The initiative is open and anyone is allowed to connect their domain to the linked data federated repository.
The main benefit this infrastructure brings is an open and easy-to-join architecture for connecting and querying data accessible through web technologies.
Currently, the Linked Data network contains over seven billion RDF triples in
domains as diverse as medicine, census data, and geographical data.

2.2

Automatic organisation of content

In the previous section, different approaches to interoperable representation of
metadata were presented and the issue of how rich metadata description should
be used for the representation of a resource was discussed. While finding a good
format is in principle mainly the matter of an agreement, the decision on how
rich description should be used is directly influenced by the tools that can help
in the metadata generation process.
In this section, state-of-the-art methods that are not limited, but can be
applied to automatic metadata generation are presented. We discuss approaches
addressing all three types of metadata identified in chapter 1, i.e. keywords
extraction (type 1 metadata), text classification (type 2 metadata) and links
generation (type 3 metadata) to which most of the space will be dedicated.
Issues related to the semantics of links and approaches to automatic generation
of learning pathways will be also reviewed.

2.2.1

Keywords extraction

One of the most common types of metadata required by digital repositories
are keywords. Keywords are entities describing the key concepts of a given
resource. They are important for information retrieval of resources. Keyword
extraction deals with methods that can automatically or semi-automatically
extract keywords from the resource content.
Keywords are in practise usually specified for a resource in a free-text format
or they are assigned to a resource in the form of a reference to an entity in a
controlled vocabulary. This distinguishes two common approaches to keyword
extraction from text.
• The Automatic Term Recognition (ATR) approach focuses on the extraction of words and multi-word expressions that are significant for a given
domain. This approach employs a linguistic filter, based on part-of-speech
(POS) tags, to extract a set of candidate terms. Term variant recognition
techniques can be then applied to associate different realizations of one
term with its root form. The candidate terms are then weighted using
using various statistical measures.
11

• The Thesauri/Ontology based approach requires the set of possible candidate terms to be known in advance. The source text is then analyzed
to find these terms and to associate them to concepts. The significance
of a concept can be measured (if needed) in the same way as in the first
approach.
The properties of the approaches will be now discussed. The shared characteristic of both approaches is that they will not discover a keyword if it does not
appear in the resource text. However, we argue that keywords not appearing in
the resource text should be rather treated as higher level topics/classes which
can be discovered using the methods of section 2.2.2. As a result, extraction of
keywords that appear in the resource text at least once are considered only.
Another characteristic is that both approaches are implicitly unable to deal
with polysemy or homographs (words that share the same spelling but have
different meanings). Fortunately, in well-established domains, such as in mathematics, terminology can be mostly considered unambiguous. However, it is
important to keep in mind that its use in natural language can be more complicated. For example, words or collocations can sometimes play the role of
keywords and sometimes not, such as in the case of the word relation referring
either to the algebraic term n-ary relation or to any other kind of a relation,
such as the relation between a dividend and a divider. Word sense disambiguation [Yarowsky, 1995] has in this respect the potential to improve the results of
keyword extraction.
The roots of ATR dates back to late 1980s when the need for automatic
extraction of terminological units from specialized texts became acute in various
fields [Ahmad et al., 2005]. The advantage of ATR over the second approach
is that there is no prior knowledge required, some of the statistical measures
may only require a collection of general texts, such as the English Gigaword
corpus. On the other hand, the second approach requires a robust vocabulary
of terminology for a given domain. Such ontology may be freely available for
certain domains, such as medicine, but may be more difficult to obtain for
others. In terms of precision and recall, the first approach is likely to produce
more false positives (a term which is in not a keyword was extracted), while the
second one is likely to produce more false negatives (a term which is a keyword
has been missed).
In terms of the quality of the final solution, the second approach has an
advantage over the first one as ontologies usually contain information about
the relatedness of terms, such as synonyms or hyponyms. As a result, both
approaches can be combined in the following way. ATR is applied to find domain
terms which are in turn used to induce a new ontology or update an existing
one. The ontology may be then validated by domain experts to cut down the
number of false positives. Later, the ontology is applied to keyword extraction.
Over the years, vast amount of unstructured data in digital format has encouraged researchers to employ ATR also for the tasks of glossary or index generation, tag suggestion and as the first step in automatic creation of thesauri
and ontologies [Cimiano, 2006]. The results of ATR have also been successfully
applied in information retrieval, machine translation and many other domains
[Kozakov et al., 2004; Penas and Gonzalo, 2001; Dagan and Church, 1994]. In
the meantime, many ontologies of domain terminology, such as Medical Subject
Headings (MeSH) or NCI Thesaurus, have been applied to keyword extraction
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from domain text.
Nowadays, there are quite a few ATR systems available via a web-based
user interface [Sclano and Velardi, 2007] or as a web service [Yahoo!, 2008;
Anadianou, 2008]. Some of them try to exploit the information provided by
the annotation of particular formats. For example, Yahoo! Term Extraction
Tool [Yahoo!, 2008] focuses on HTML documents and applies certain weight
to particular HTML elements to determine what could be the most descriptive
or significant terms. Others, such as [Sclano and Velardi, 2007], exploit the
linguistic properties which makes them more applicable in general settings. Unfortunately, the access policy of the online tools often disallows researchers to
experiment with the implemented methods and discourages advanced processing
of the output to refine the results.
Despite its popularity, the ATR field still lacks proper comparative studies.
Only a few methods have been evaluated and compared in terms of their precision. The rest of the developed tools is often assessed just by an observation,
often concluding that it provides reasonably “good results”. This issue is further
discussed in the practical part of this report in section 4.1, more information
can be also found in [Knoth et al., 2009].

2.2.2

Text classification

Text classification has been applied to many real world problems, such as to
spam detection. Its importance grew quickly with the amount of information
available on the web. Along with the widespread use of text classification methods comes the need for automated classification of new documents to hierarchies
(for example, web directories). In this section, the state-of-the-art in hierarchical text classification will be discussed.
Hierarchies are becoming ever more popular for the organization of documents, particularly on the web. Hierarchies are very practical when a user wants
to browse content according to its topic without having a specific goal in mind.
The user can also easily see a bigger picture of the domain and it is easier to explore related domains than using keyword based searches. Large web directories
available on the Internet, such as Open Directory Project or DMOZ, require lots
of manual maintenance to validate the topic of newly submitted content and to
filter out spam submissions.
There exists a great variety of methods for text classification. Many machine
learning techniques were explored in the context of text classification including
naı̈ve Bayes, decision trees, k-Nearest Neighbour, Rochio, neural networks and
support vector machines (SVMs). An overview of the text classification methods
can be found in [Sebastiani, 2002; Manning et al., 2008]. One of the predominant approaches today is to convert documents into Vector Space Model (VSM)
representation and to train machine learning classifiers on a set of labeled documents. The trained methods are then applied to an unseen set of documents.
One of the common shortcomings of text classification methods is that they may
require a great deal of supervision in terms of the amount of labeled documents.
Techniques that are able to learn and generalize from a very small set (seed ) of
labeled documents by relying on pattern acquisition from an unlabeled set of
documents are becoming very popular. These techniques are often denoted as
weakly-supervised techniques. The most common variations of week supervision
are expansion and active learning.
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Classification problems can be divided to one-of and any-of problems. Oneof problems assign a document into just one of N possible classes. Any-of
problems assign a document into 0 to N classes. Both of these problems can
be converted to binary decision problems that can only decide between two
classes. Let us now describe the approaches that can be used for classifying into
a hierarchy of classes. There are two common approaches capable of deciding
whether a certain concept in the hierarchy corresponds to a given document:
1. Flattening the structure and building separate classifiers for each concept
in the hierarchy. The final decision is based on a voting mechanism.
2. Building a separate classifier for each non-leaf node of a hierarchy which
decides what branch should be followed from that particular concept.
Solution (1) is more general as it can deal with non-hierarchical structures
as well. However, the classification phase is computationally expensive. To assign a class to a new instance, it involves all the classifiers built in the training
phase. This solution can be used for both one-of and any-of problems. Solution (2) is more efficient in this respect (the average number of the involved
classifiers is given by a logarithm of the number of classes in the ontology), but
it is harder to apply it for any-of problems. Solution (1) can benefit from addressing each individual concept separately. When solution (2) is applied and
the hierarchy contains many levels of classes, the information about the lower
level concepts can be hard to access for the higher level classifiers (which have
only very broad view on the distributions of the data in lower branches) [Grobelnik and Mladenic, 2005]. Nevertheless, solution (2) is usually preferred for
large hierarchical structures due to efficiency reasons.
Related work on hierarchical classification of content into conceptual hierarchies can be found in [Frommholz, 2001; Cesa-Bianchi et al., 2006a; Dekel et al.,
2004]. For example, experiments with SVM applied to hierarchical classification of web content were reported in [Frommholz, 2001]. The performance was
tested on a two-level hierarchy which was created from a heterogeneous collection of pages. Somewhat surprisingly, it was found that there was no significant
difference in accuracy between the two approaches. As a result of this, authors
found solution (2) being a good choice, since it was approximately six times
faster on the given dataset. A combination of the naı̈ve Bayes algorithm and
hierarchical SVMs which provided slightly better results on some testing data
sets is described in [Cesa-Bianchi et al., 2006a]. A new on-line algorithm that
incrementally learns a linear-threshold classifier for each node of the taxonomy
is introduced in [Dekel et al., 2004].
In [Cesa-Bianchi et al., 2006b], the classification is also obtained in a topdown
manner, so the algorithm is well-suited especially for the scenarios in which
new data is produced frequently and in large amounts. To evaluate classifiers,
the authors propose a multipath framework involving a new hierarchical loss
function which captures the intuition that whenever a classification error is
made on a node in the taxonomy, no loss should be charged for any additional
error occurring in the subtree of that node.
So far, we mainly discussed classification into a structure that is hierarchical.
However, there are also methods which can classify documents based on general
ontologies [Tiun et al., 2001; He et al., 2004]. The basic steps of the system
presented in [Tiun et al., 2001] can be summarized as follows:
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• Identify concepts within the document. Map these concept to an ontology
possibly enriched with concepts from an external knowledge base (e.g.,
Wordnet).
• Reduce the set of concepts to finally get only one concept which will label
the document.
The authors conclude that although the method is quite simple, the results
are comparable to those obtained using advanced ML methods.

2.2.3

Links and learning pathways

The notion of using links to facilitate the exploration and navigation over resources is relatively old. In 1945, Vannevar Bush published an influential article
[Bush, 1945] where he considered a future device called “memex.” According
to Bush, memex allows an individual to store all their books, records and communications. Bush then goes in his ideas further, by establishing links as an
essential part of memex and claiming that they correspond to a natural way
how our mind operates:
The human mind operates by association. With one item in
grasp, it snaps instantly to the next that is suggested by the association of thoughts, in accordance with some intricate web of trails
carried by the cells of brain.
In this way, Bush predicted the emergence of the hypertext where resources
are linked together. Bush mentioned also trails, which can be understood as
logically organized sequences of resources connected by links. However, while
Bush saw links and the trails as being built manually by users, these days, as
the amount of information stored on the web grows, we are starting to be more
and more interested in automatic approaches.
In this section, the research in automatic generation of trails will be discussed. Automatic generation of links is then reviewed in section 2.2.4. We
decided to introduce research in generation of trails before the automatic generation of links as it will help us to build the argument showing the need for
robust link generation methods.
First, the work carried out so far in building trails from hypertext resources
available on the Internet is presented. Later, we focus on automatic approaches
to building trails in digital repositories used for learning. The term digital
repository will be used to refer to a system into which independent resources
can be submitted. Each resource is enriched with metadata as a necessary part
of its submission procedure.
Creating trails in hypertext
When the Internet emerged, the Bush’s ideas influenced many researchers. For
example, the Walden’s path system [Shipman et al., 1998] allowed to manually
create trails - learning pathways by composing them from resources on the web.
The authors suggested that the ordering of resources on the path should not be
part of the learning content itself, but should be maintained on top of the content
as a metadata structure. This is very similar to what is currently expected from
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metadata standards, as described in section 2.1. Although positive outcomes
of the so called “pathcentric” exploration on users were reported, the study did
not address the infeasibility of this approach for larger collections and did not
use any automatic approaches.
More sophisticated techniques for information sequencing in hypertext also
appeared. For example, in [Guinan and Smeaton, 1992] a method for automatic
generation of hypertext pathways in response to a user’s query was proposed.
The method searched for a set of resources relevant to a given query and then
imposed a logical ordering on them based on the analysis of links shared by the
retrieved resources. Unfortunately, the method analyses an existing manually
created graph of links and the links are in addition required to be annotated by
their type.
An important contribution to automatic construction of pathways in hypertext has been The Best Trail Algorithm published in [Wheeldon and Levene,
2003]. It is an iterative probabilistic algorithm based again on the analysis of a
hyperlink graph. The Best Trail algorithm uses as an input a web graph, the set
of possible starting nodes S, a parameter M > 1 which specifies the number of
repetitions of the algorithm for each member of S and a discrimination factor
(df ) controlling the exploration of the algorithm. When the algorithm terminates it outputs a set of trails B. Another theoretical model for user navigation
is presented in [Levene and Loizou, 2003] where an entropy of an underlying
Markov chain modeling the web topology is measured. Each hypertext page
is represented by a state and probabilities are associated with the links to different pages. The authors mention two interpretations of the probabilities: 1)
The probability of following a link from a given resource by users 2) A score
denoting the relevance users attach to a link given a particular query.
The methods for trails generation from hypertext typically rely on the analysis of the graph of resources. The edges of the graph representing links are in
the current systems usually authored manually, however it has been shown in
[Ellis et al., 1994] that there are significant differences in the links assigned by
different people. Thus, the methods are unable to use an accurate model of the
system.
Creating trails in digital repositories for learning
There are two main differences in the information used for the generation of
trails in digital repositories for learning from the approaches presented in the
previous section.
1. Metadata - static links among resources are in digital repositories expressed in different ways than in hypertext or may be even missing. On
the other hand, additional metadata, such as classification information,
would be typically available in digital repositories, but rarely available in
the hypertext context
2. User model - the model of a user including properties, such as their competencies or their browsing history, may be available in the context of a
digital repository.
An important task in digital repositories for learning is to recommend a user
the most suitable resource or a logical sequence of resources in their specific
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context. In order to achieve this, it is necessary that the system is aware of the
content available, for which reason resources are annotated with metadata. In
addition, as different users may have different needs, it is also necessary to know
something about the user. Levene [Peterson and Levene, 2003] suggests that
comparing these two may help to asses the suitability of a particular resource
in a given context.
An approach which sees automatic composition of learning pathways as an
optimization problem was presented by Knolmayer in [Knolmayer, 2003]. Knolmayer assumes that there is available an adjacency matrix of learning resources
which in fact describes a graph of prerequisites. Each resource is annotated
with additional information, such as the time required to study the resource or
the quality of the resource as assigned by other users. The task is then to find
the most optimal path through the graph according to a given criterion. While
this approach already uses metadata which is typically not available in general
hypertext, it does not explicitly work with the individual user’s model.
An area of research dealing with adaption of systems with the goal to support
their personal navigation experience is often referred to as personalisation. Such
navigation can be performed in many different ways, see [Brusilovsky et al.,
2007] for more information. The use of personalization approaches to automatic
generation of learning pathways was reported in the SeLeNe project [Keenoy
et al., 2004]. The authors developed a representation for definition of educational
goals using the Bloom’s taxonomy [Bloom et al., 1956] of educational objectives.
Learning pathways were then derived by matching the learners objectives to
metadata descriptions based on the relation element of the LOM standard.
As we know from section 1.1.2, it is very impractical to annotate a resource
by information about its relation to other resources and therefore populating the
relation element of LOM manually does not scale up. A possible solution to this
problem is to develop an ontology of competencies and annotate each resource
with the competencies required for its understanding. This approach has been
followed, for example in [Kontopoulos et al., 2008], where a reasoning system
was employed to plan the most suitable path through the available resources
with respect to the current competencies of a learner. In this way, the problem is
in fact translated into a classification problem which can be solved by applying
techniques from section 2.2.2. A drawback of this approach is that the ontology
of competencies and their relationship has to be specified manually. It has been
found that this may be a very time consuming and tricky problem.
All of the presented approaches required a specification of ordering among
resources either in the form of a static graph or a graph which can be created
dynamically by matching a competence ontology with resources annotated by
these competencies. Thus, none of the approaches was able to derive the ordering directly from the content. A fully automatic method for the calculation
of a learning pathway based on the criterion of semantic similarity was published in our study [Zdrahal et al., 2009]. We used a hypothesis assuming that
the prerequisite relation correlates with the criterion of semantic similarity and
thus we searched for the most similar path in a N × N similarity matrix visiting each node/resource just once. Unfortunately, this leads to a well-known
mathematical problem with high complexity called Traveling Salesman Problem
(TSP).
After reviewing the state-of-the-art in automatic generation of trails, we
indicated a few factors that we believe are the bottleneck for future progress.
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First of all, the field is lacking a good evaluation model. One of the reasons for
this may be that it is very subjective to decide what path is the most appropriate
in a given context, another reason is probably the high n! number of possible
pathes for generating a course of length n. As a result, evaluation with respect
to recall-like measures is very problematic. Thus, the possibility of evaluation
is restricted to investigation of precision-like characteristics.
Another important bottleneck is that the currently used methods try to find
the most suitable path, but they do not distinguish between the types of links
they may follow. It is, in fact, essential to be able to distinguish whether the
resources are related conceptually or because they have, for example, the same
author. If they are only similar or one should be a prerequisite of the other. It
would be naive to expect that high accuracy in automatic generation of trails
can be achieved without this knowledge. Therefore there is a need for methods
that are able to induce the graphs automatically and then assign a type to the
links.

2.2.4

Automatic link generation and typing

The infeasibility of manual maintenance of links among resources in digital
repositories was discussed in the introductory chapter. This creates an acute
need for automatic or semi-automatic approaches to link generation. In this section, different approaches to link generation are first distinguished. Approaches
that are applicable in our context are then reviewed. Later, the notion of link
types and the existing methods for link typing are discussed.
Although there exists a great amount of scientific literature discussing link
generation and relation extraction, the approaches often significantly differ both
in the type of their input and the type of their output.
When considering the expected output, the approaches can be distinguished
according to several criteria:
1. The type of linking with respect to a document collection (intra-document
links, inter-document links)
2. The type of linking with respect to the granularity of the anchor and the
link target (word/noun phrase, passage, file)
3. The semantic type of the generated link
An example of intra-document linking would be a task in which persons are
linked to their jobs, based on a sentence, such as:
Alice works as a Sales Manager. Information Extraction is capable of discovering these types of relations from a natural language text [Knoth, 2008]. An
example of inter-document linking is the generation of links among resources in
a collection of documents based on their relatedness. The second type of the
division is based on the anchor and target granularity. Different combinations
are useful dependent on the task in hand. We provide here a few examples: A
passage-to-file link (linking a quotation to its source document), noun phraseto-noun phrase (linking a product to a company), noun phrase-to-file (linking
a concept to its definition), passage-to-passage (linking a passage to its more
detailed version) and other combinations. Finally, an important difference is
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the semantic type of the generated links, as it will be discussed later in this
section.
When considering the input of the approaches, methods can be divided to
those relying on:
1. Structural characteristics
2. Graph analysis
3. Content-based analysis
The first group of systems uses structural elements of a resource, for example titles or internal tree structure of sections within a resource, following the
hypothesis that documents with a similar structure are related. There exists a
few approaches for structural similarity based, for example, on finding the least
tree edit-distance [Zhang and Shasha, 1989] or using other measures [Augsten
et al., 2005]. Other approaches, such as [Lakkaraju et al., 2008], combine structural and content-based properties. The second group of approaches require
at least some links among resources to be given. The link graph can be then
analysed to induce new links following the hypothesis that documents that are
linked are related. Methods using links should be typically used in combination with content-based analysis as in [Adafre and de Rijke, 2005]. The third
group of approaches - the content-based approaches analyse the textual content
of a resource with [Green, 1999] or without [Allan, 1997] the use of background
knowledge sources, such as ontologies, to detect resources that are conceptually
related.
The variability of the link generation tasks makes it in general difficult to
compare link generation methods as each combination of input and output behavior usually requires slightly different strategies. Perhaps the main achievements in link generation have been in file-to-file link generation [Huang et al.,
2009] and on noun phrase-to-noun phrase linking (often referred to as relation
extraction) [Katrenko, 2009].
File-to-file link generation
The file-to-file link generation can be seen as a traditional task addressed by
the information retrieval field. Typical approaches find semantically related
resources by calculating the semantic similarity of resources based on their document vectors [Allan, 1997; Green, 1998; Zeng and Bloniarz, 2004]. The document vectors are usually created by processing the text of the resources often
applying techniques, such as tokenization, stop words filtering, stemming and
weighting. A range of semantic similarity measures can be then applied to the
calculation of similarity between the document vectors. Cosine, overlap, dice
and Jaccard coefficients are widely used measures for the calculation of similar−
−
−
−
ity sim(→
x,→
y ) of the document vectors →
x and →
y . If the calculated similarity
is higher than a given threshold τ then a new link is generated.
Zeng [Zeng and Bloniarz, 2004] experimented with using manually and automatically extracted keywords for link generation with results indicating a
substantial overlap between links generated based on manual and automatically
extracted keywords. Thus it is possible to expect that not only keywords representing type 1 metadata, but also classes representing type 2 metadata may
be used as features for link generation.
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A survey on automatic link generation methods considering mostly the fileto-file scenario was published by Wilkinson and Smeaton in [Wilkinson and
Smeaton, 1999]. One of the issues in that time, was to convert existing books
into hypertext. As a result, a number of hypertext construction systems that
have to deal with the link generation problem appeared in early 1990s. In the
last decade, file-to-file generation of links based on semantic similarity became
de-facto standard in large digital repositories, such as PubMed or ACM Digital
Library.
Similarity methods have been also adopted by search engines. Google provides links to similar content and also uses similarity to detect pages that steel
content from other pages to decrease their Page Rank. Although the similarity
methods are widely used in practise, much work is still needed. For example,
it is still not known how much is the quality of the generated links influenced
by the use of background knowledge as reported by Green in [Green, 1999].
Green investigated the question whether links generated based on ontologies,
using a lexical chaining method, are better than links generated based on simple term-repetition document vectors. It appeared that his results were not
statistically significant and so it was not possible to support this hypothesis.
Current work focuses on comparative evaluation of file-to-file link generation
methods, cross-lingual link generation and link generation in very large data
collections.
Noun phrase-to-noun phrase link generation
The noun phrase-to-noun phrase scenario has been seen as an important task
mainly by the information extraction and ontology learning communities. The
task usually performs deep analysis of text with the goal to recognize relationships between textual units focusing on relations expressed in a close proximity
of each other, typically within a sentence. Information extraction techniques can
be used to assign semantic roles, such as person or place, to the textual entities
[Knoth et al., 2008]. Pattern matching techniques including machine learning
can be then applied to detect various types of semantic relations [Rosario, 2005].
This is very interesting in the context of our study. It articulates the fact that
relation/link typing has been so far much more researched in the context of
relations between objects or entities than in the context of relations between
larger textual units, such as passages.
There are several application areas of relation extraction. Among the most
important ones are methods for automatic learning of ontologies and their population [Cimiano, 2006] from text. Traditional approaches for ontology learning
have used manually created patterns, such as Hearst patterns [Hearst, 1998], the
most recent research uses modern information extraction and machine learning
techniques to find such patterns automatically. Formal Concept Analysis (FCA)
[Wille, 2005] has been widely accepted as a mathematical foundation for ontology learning. Relation extraction techniques have been already applied in commercial applications, such as PowerSet. PowerSet analyses text of Wikipedia
and parses it into subject-verb-object (SVO) triples. A question answering system is then used to find answers in a large collection of triples. One of the
current research challenges is to construct from the triples an RDF graph which
could be queried by semantic query languages, such as SPARQL. This is particularly difficult when the generated RDF should populate formal ontologies with
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rich semantics using so called ontology-based information extraction methods
[Welty and Murdock, 2006].
Other link generation approaches
In this report, we see file-to-file and noun phrase-to-noun phrase as the two
most extreme cases of link generation. While the former is more concerned with
finding related content, the latter follows the goal of creating a more formalized
model of the analysed text. For the purposes of information retrieval, the former
methods are vital for the exploration of content in large repositories and the
latter methods are essential for being able to directly answer and reason about
complicated queries. As indicated, both tasks received considerable attention
by researchers. However, much less effort has been invested into approaches
focusing on tasks lying in between of the extreme cases, i.e. problems, such as
file-to-passage, passage-to-passage or noun phrase-to-file. These types of links
are particularly suitable for providing very flexible navigation experience to a
user of a digital repository as demonstrated in the motivating scenario (section
1.1.1).
Generating links pointing to units of a smaller granularity than a resource
can be considered as a task of passage or focused retrieval, a subdomain of information retrieval where the search engine locates the relevant information inside
the document instead of only providing a reference to the document. The standardized testing of search engines in this domain is preformed by the Initiative
for the Evaluation of XML retrieval (INEX), which is with TREC, CLEF and
NTCIR one of the four main Information Retrieval Evaluation Forums. INEX
have recently become to play an essential role in the link generation task by
defining tasks for evaluation of systems generating different links than only fileto-file links. One of the INEX evaluation tracks is Link-the-Wiki Track which
includes a tasks to analyse the text of a resource and to recommend a set of
incoming and outgoing links from an anchor text to the Best Entry Point (BEP)
in other documents in the collection. This means that anchor text will be linked
to a specific position in the target document - the best entry point for starting
to read the referenced material from. Performing such evaluation is not an easy
task and we will discuss it later in this section.
There is ample scope for text analysis methods to explore ways by which
links at a granularity below whole document can be generated. Link generation
methods in this category are often implicitly concerned with generation of links
expressing a specific semantic relationship.
For instance, let us consider Wikipedia, which is a good example of a system
having manually maintained links of the noun phrase-file type. Wikipedia places
a relatively consistent policy on the semantic type of its links. Most of the links
connect a representation of a concept (anchor) to its definition page. Automatic
generation of these links has been one of the tasks at INEX Link-the-Wiki Track.
Another example may be given by Kolak [Kolak and Schilit, 2008] who
provided a method for mining repeated word sequences (quotations) from very
large text collections. The algorithm has been integrated with the Google Books
archive and has allowed users navigating to popular passages across resources.
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Link typing
Link typing approaches will be now reviewed. We will focus mainly on information retrieval and passage information retrieval approaches where lies the center
of gravity of our motivation as described in section 1.1.1.
Perhaps one of the first people who thought about the importance of link
typing was Randall Trigg [Trigg, 1983] who developed a taxonomy of link types
already in 1980s. In his scenario, he expected the link typing to be performed
manually. His link types carried very rich semantic information. For example, he envisaged explanation, simplification/complication, continuation, critics,
supported and many other link types.
Although link typing was neglected by the first specification of Hypertext
Markup Language (HTML), the specification now supports rel attribute which
makes it possible to provide typed links using values, such as Alternate, Start or
Next. However, the expressivity of the link types is much more structural rather
than semantic as in Trigg’s work. As a result, the rel attribute can hardly be
used for advanced navigation or for some sort of a “smart” reasoning.
An influential article on automatic generation of typed links based on the
textual content of resources has been published by James Allan in [Allan, 1996]
and also in his dissertation [Allan, 1995]. Allan first classifies links into three
categories:
1. Pattern-matching links - links that can be discovered automatically using
simple techniques (for example, using very simple patterns)
2. Manual links - these links are the opposite opposite of the pattern-matching
links and cannot be discovered automatically using current technology.
3. Automatic links are links, which cannot be discovered in a trivial way, but
can be recognised using statistical techniques.
Allan then focuses on the automatic links. This category of links include, for
example, a relationship in which one document expands a topic discussed in the
other document or a so called “tangent” relationship in which the same topic is
discussed from two different perspectives. The main contribution of Allan lies
in development of a few heuristics that can be used for the discovery and typing
of links and an algorithm which can be used for the calculation.
Allan’s methods for automatic link generation discussed represent documents
using VSM. All documents are analysed by splitting them into smaller parts,
such as paragraphs or for example, using topic segmentation techniques [Reynar,
1998]. Similarity measures are then applied to all possible document pairs to
recognise semantically similar segments and to generate links among them. This
information is passed to a merging algorithm, which is used to consolidate links
into a more simplified structure. Various hypotheses can be then applied to
detect link types based on the pattern and the mutual position of the links.
Allan’s research is perhaps the most important piece of work performed in
link typing so far. The next challenges include evaluation, which can be considered as a necessary driving force for the improvement of the typing approaches.
It is also important to notice that the automatic link typing methods proposed
by Allan cover only a very restricted subset of the link types originally presented
by Trigg. Another step is to incorporate the theoretical findings into real world
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systems. Work in this area has been started by Blustein in [Blustein, 1999] who
experimented with incorporating definition, structural and similarity links into
journal articles. Unfortunately, all the link typing evaluations performed so far
including Blustein’s and Allan’s used very small data samples. Therefore, it
was difficult for the authors to generalize and to draw conclusions that would
be supported by statistically significant results. Despite its importance, the
automatic link typing field is at the moment still a relatively unexplored area.
Evaluation of link generation and typing approaches
An important feature of each information retrieval system is its ability to provide
quantitative measure of its performance. Evaluating and comparing systems is
not an easy task and it should not be underestimated. A traditional evaluation
method is to compare the results of the system to a golden standard, which
is often hand-crafted by a human annotator. Not only may this procedure be
tedious, but on many tasks the annotations assigned by humans can hardly be
considered correct. When evaluation with respect to a golden standard in a
subjective task is performed, it is expected that a sufficiently high level of the
so-called inter-annotator agreement was reached.
Although there exist many other criteria for judging the performance, information retrieval systems are usually evaluated using standard measures including mainly precision and recall. Definition and discussion of these measures
can be found, for example in [Manning et al., 2008]. The main difficulty in
evaluation of link generation systems in terms of these measures is the lack of
a golden standard. Moreover, development of an annotated collection for link
generation and link typing faces to the following problems:
• The number of possible links is very high even for small collections
• The inter-annotator agreement is in link generation low [Ellis et al., 1994]
• It is not known how the link generation tasks should be defined in terms
of granularity for specific link types.
Comparative evaluation of link generation systems have been carried out in
[Huang et al., 2008] where Wikipedia links were taken as a golden standard. The
authors admit that as a result of the fact that Wikipedia links are not perfect
(validity of existing links is sometimes questionable and useful links may be
missing), comparative evaluation of methods and systems is still informative.
It is naı̈ve to expect that it will be possible to accurately measure recall -like
characteristics on a very large collections soon. However, precision at top n
where n ∈ {1, 2, . . . , 100} may be perhaps the most important characteristic for
a majority of application.
There exist other possibilities for evaluation, such as performing a usercentered evaluation rather than evaluation using standard measures. For example, Blustein [Blustein, 1999] evaluated his system by measuring how much
time users save when looking for a specific information with and without automatically generated links.
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2.3

Defining the Gap

This chapter reviewed the state-of-the-art in the areas relevant to the motivating
scenario described in chapter 1. This section provides a gap analysis which serves
as a basis for the formulation of the research proposal in chapter 3.
In the beginning of this chapter, various standards for the annotation of resources were discussed. We learned that there are many factors which determine
the usability of a metadata standard for a given digital repository. One of them
refers to the fact that the richer metadata are required the more sophisticated
applications that use the metadata can be developed. At the same time, certain
types of metadata, such as metadata describing relations, may be difficult or
infeasible to provide. This may prevent a digital repository from adopting a
metadata standard or alternatively the digital repository may use a very simple description for its resources instead. As metadata standards mostly do not
impose the ways or methods used to provide metadata, we believe that work
should focus on the development of tools that facilitate the provision of certain
metadata that is difficult to obtain manually in the first place.
Section 2.2 reviewed the state-of-the-art in methods that analyze the textual content of resources with the goal to extract various types of metadata.
The review revealed that there is active research in this problem area carried
out mainly by the information retrieval, natural language processing, machine
learning and technology enhanced learning communities. The keyword extraction problem of section 2.2.1 revealed that there is a lack of comparative studies
that would compare the various methods under the same conditions. The text
classification methods of section 2.2.2 became quite a standard solution and
they have been extensively applied to many real world problems on the web,
such as spam detection. So far, the large-scale text classification research has
focused on classification with large numbers of documents and/or large numbers
of features, with a limited number of categories. The current research continues
on large-scale hierarchical classification to category systems, such as DMOZ.
Despite its importance, the link generation fields described in section 2.2.4
still requires plenty of research. The field suffers from a lack of methods and
comparative studies caused most probably by the lack of annotated datasets
which are for this task extremely difficult to obtain. In comparison to traditional
information retrieval tasks progress of which is annually evaluated, for example by the TREC conference, the link generation field evaluated by the INEX
conference is relatively young and the scope of its evaluation is limited to Wiki
systems. As digital repositories and information on the web are multilingual, a
very demanding problem is currently how to perform metadata generation of all
three metadata types so that it can be shared among different languages. We
will address this issue in our pilot study in chapter 4.
Perhaps the most under researched area is the link typing field. While it
seems that there is a common understanding that link typing is important, it is
still not clear how it can be performed automatically in general settings. Moreover, as the problem may be slightly different for certain domains, it is not clear
what link types are the most important to be distinguished. For example, in
the domain of technology enhanced learning it seems that an important link
according to the LOM standard would be the prerequisite link, however what
about a contrast link? Although some link taxonomies exist, they are inconsistent. Another issue is that the current standards are usually taking into account
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only links among resources, but are neglecting links among parts of resources.
This is understandable as there is a lack of automatic methods that can provide
such metadata and manual provision is infeasible. As a result, it is possible to
conclude that the technology for link generation and typing should be the driving force and not the other way around. In other words, the standards may be
updated if the technology is available. Otherwise, there is no need to perform
such updates.
In section 2.2.3, the notion of links from a historical perspective and their
usefulness in learning, in particular for the automatic course generation task,
was presented. The need for methods that are able to automatically generate
a course by organizing resources into a logical sequence has been acknowledged
by many researchers. The following conclusions can be drawn from the existing
work:
1. Any system working with large amounts of resources should rely on automatically generated links rather than on human specified links.
2. Only certain types of links are of real benefit to the reasoner which computes a learning pathway.
3. Both the available data and the user model of the learner should be taken
into account by any automatic course generation reasoner. These points
articulate the necessity for the link generation and typing methods without
which it is hard to progress in the automatic course generation field.
To conclude, link generation and typing represent important, but still under researched problems. Progress in these tasks would have a direct impact on
many application areas. Our research will therefore focus on link generation and
link typing methods in the context of digital repositories including learning object repositories. To keep up with the current progress in the digital repositories
field, our methods should be prepared to overcome the issues of multilinguality
and should be integratable with multimodal repositories.
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Chapter 3

Research Proposal
In this chapter, the research proposal is presented. The research questions being
asked have emerged from the gap analysis (section 2.3) presented in the literature review. The research questions are first introduced in section 3.1. Section
3.2 then summarizes the expected areas of contribution. Later, the research
approach is described. Finally, an expected progress plan is demonstrated in
section 3.4.

3.1

Research Questions

The research questions are formulated in the following points:
• How can text analysis techniques support the annotation and the information retrieval in multilingual and multimodal digital repositories?
• How to automatically generate links between documents and document
passages in large repositories?
• How can be the generated links typed?
• How much is the quality of link generation and typing influenced by features, such as keywords, background knowledge and ontologies?

3.2

Contribution

The expected contribution of this research is now presented:
• New methods for link generation.
• New methods for link typing important in the context of digital repositories and learning.
• An evaluation study of the link generation and typing methods.
• An integrated open-source framework of link generation and typing tools.
• A methodology for integration of the developed link generation and typing
methods with multilingual and multimodal digital repositories.
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To the best of our knowledge there was no study investigating link typing
methods based on text analysis in the context of learning so far. In addition,
a framework for the detection of many vital relations for learning, such as the
prerequisite relation, using text analysis is not available. There are plenty of
possible scenarios (section 1.1.1) in which link generation and typing can be
valuable for digital repositories and for learning.
Please note that we do not plan to develop entirely new methods from
scratch. We will rather build on existing approaches and foundations where
applicable. The expected impact of this research proposal can be summarized
in the following points:
• Impact on theory
– The new link generation and typing methods will make it possible
to enhance the navigation over resources and the maintenance of
metadata in digital repositories. The methods will be applicable
across many types of digital repositories.
– The link typing methods will provide new input for a variety of reasoning tasks on the Semantic Web.
– The link generation and typing methods will find its use in a number
of information retrieval tasks, such as in the ranking of search results
in digital repositories or in the detection of malicious sites.
– The research outcomes will provide an important input for automatic
course generation approaches.
• Impact on practise
– New ways of integration of the link generation and typing methods
into real-world systems will be researched.
– Users of the Eurogene system, which will be developed as a case
study in the context of this work, will be able to access and explore
textual information in more flexible ways being aware of the up-todate related content and avoiding the “lost in hyperspace” problem.

3.3

Current progress

The proposed research is being carried out in the context of the Eurogene project
(The First Pan-European Learning Service in the Field of Genetics, Contract no.
ECP-2006-EDU-410018) as anticipated in the PhD application proposal. The
provides a real-world environment and a great amount of content for application
and testing of the developed methods.
The following papers related to the topic of this report were refereed by an
external body, were accepted and were/will be presented at conferences:
• Knoth, P., Collins, T., Sklavounou, E., and Zdrahal, Z. (2010) EUROGENE: Multilingual Retrieval and Machine Translation applied
to Human Genetics, Demo at ECIR 2010, Milton Keynes, United Kingdom
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Deliverable
No.
D 2.1
D 3.1
D
D
D
D

4.1
5.1
5.3
6.1

D 6.2
D 7.1
D 10.1
D 4.2
D 6.3

Deliverable title
Requirement analysis and use scenarios
Initial sustainability plan with report on model service
concept and potential user groups
Initial report on development of multilingual domain ontology
Multimedia content annotation: tools, procedures, and guidelines
Process, roles and responsibilities for quality assurance
Query and search facilities for educational packages and guidelines
for their use
Multilingual query and search engine, tailored to EUROGENE
Integrated EUROGENE platform with user and maintenance
documentation
Test protocol and evaluated user feedback
EUROGENE multilingual ontology and ontology-based services
Reasoning engine with user guidelines
Table 3.1: List of deliverables

• Knoth, P., Sova, J., and Zdrahal, Z. (2010) Eurogene - The First
Pan-European Learning Service in the Field of Genetics, Znalosti
(Knowledge) 2010, Jindrichuv Hradec, Czech Republic
• Knoth, P. (2009) Semantic Annotation of Multilingual Learning
Objects Based on a Domain Ontology, Workshop: Doctoral consortium at EC-TEL 2009, Nice, France
• Zdrahal, Z., Knoth, P., Collins, T., and Mulholland, P. (2009) Reasoning
across Multilingual Learning Resources in Human Genetics, ICL
2009, Villach, Austria
• Knoth, P., Schmidt, M., Smrz, P., and Zdrahal, Z. (2009) Towards a
Framework for Comparing Automatic Term Recognition Methods, Znalosti (Knowledge) 2009, Brno, Czech Republic
The work was also presented at Open University’s student conference in
Milton Keynes based on the following paper:
• Knoth, P. Automatic cross-lingual annotation of content based on
domain ontology, CRC PhD 2009, Milton Keynes
In addition, the work done so far included the design, and development of
the Eurogene platform which is documented in the deliverables listed in Table
3.1. All the deliverables were accepted by the European Commission. Parts
of the system that are related to the topic of this report will be presented in
chapter 4.
The work done so far focused on building the Eurogene platform, gathering
content and building metadata extraction tools.
• The Eurogene portal has been developed and deployed. The system has
been made accessible to users at http://eurogene.open.ac.uk
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• A multilingual collection of documents (currently about 2000 documents)
were gathered and annotated with the support of the Eurogene tools. In
addition, we have created in collaboration with the University of Sheffield
a link generation and typing collection consisting of 30 resources. The collection can be used for evaluation of link typing and generation methods.
• We have build and integrated tools for annotation of resources. Annotation using all three metadata types as identified in section 1.1.2 is supported. Automatic methods have been applied to extraction of keywords
and links.

3.4

Progress Plan

The previous section briefly summarized the actives undertaken in the last year
of my PhD. The following work is planned in the future to allow answering the
research questions:
• Experiments and comparative evaluation of link generation methods
• Further research in link typing methods
• Integration of the developed methods with the Eurogene platform
The results envisaged in section 3.2 will be achieved by disseminating the
research outcomes at a number of relevant conferences. The following highly
respectable conferences were identified as the most suitable international venues
for disseminating the research results:
• Computational Linguistics (COLING) - every August
• European Conference on Information Retrieval (ECIR) - every March
• Special Interest Group on Information Retrieval (SIGIR) - every July
• European Conference on Technology Enhanced Learning (EC-TEL) - every September
• Language Resources and Evaluation Conference (LREC) - every even May
In addition, there are two venues directly targeting the research in the link
generation field. These are:
• Workshop on Link Discovery: Issues, Approaches and Application (LinkKDD),
which usually takes place at the International Joint Conference on Artificial Intelligence (IJCAI) - every odd July
• Initiative for the Evaluation of XML Retrieval (INEX) - every December
A detailed plan for the rest of this PhD project is now presented. The
expected end date has been set to July 2013 which corresponds to a 4.5 years
part-time PhD. This provides a one and half year contingency for the case of an
occurrence of an unpredictable event. The work to be done has been split into
tasks for each of which a time slot has been allocated. The plan is presented in
the form of a Gantt chart in Figure 3.1.
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Figure 3.1: Gantt chart

The planned work has been divided into six work packages (WPs) each of
which consists of one or more tasks. WP1 is related to the writing of the thesis,
WP2 corresponds to progress reporting, WP3 covers the design and implementation work, WP4 is used for integration, WP5 addresses evaluation and WP6
is intended for conference submissions. Three milestones have been planned.
Milestone 1 will be achieved after first conference submission, Milestone 2 after
the submission of the second year progress report and Milestone 3 with the first
submitted draft of the dissertation. The PhD project ends in month 42 where
month 1 begins in January 2010. It should be noted that the plan is informative
and changes may have to be made, for example, to fit conference deadlines.
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Chapter 4

Pilot Study
This chapter presents the pilot work carried out so far. The pilot study already
directly addresses the first three research questions presented in section 3.1. In
terms of link typing and generation, the chapter is structured along the ideas
that both type 1 metadata and type 2 metadata as identified in section 1.1.2
may contribute to the generation of links (type 3 metadata). For example, the
idea that keywords can contribute to generation of links was reported in [Zeng
and Bloniarz, 2004]. It is therefore essential to have these techniques “in hand”
for a possible use in the proposed link generation framework. The first two types
of metadata are also a necessary prerequisite for integration of link generation
methods into the Eurogene system, which serves us as a use-case scenario, and
for being able to answer the first research question.
Section 4.1 presents a comparative evaluation of automatic term recognition
techniques and a different approach that was applied to multilingual annotation
with respect to the Eurogene ontology. Section 4.2 discusses the approach and
the issues we have noticed while gathering and annotating content for the Eurogene system. Section 2.2.4 discusses the initial work carried out on the link
generation and link typing tasks.
In order to gather sufficient mass of data that will allow us evaluation and
integration of the proposed methods into a real-world system, it was necessary
to build the Eurogene platform. Much of the time spent in the first year of my
PhD was dedicated towards this goal. All the design and development work
is documented in detail in the project deliverables listed in section 3.3. In
addition, a general introduction to the functionalities of the portal is provided
in our recent paper:
• Knoth, P., Sova, J., and Zdrahal, Z. (2010) Eurogene - The First
Pan-European Learning Service in the Field of Genetics, Znalosti
(Knowledge) 2010, Jindrichuv Hradec, Czech Republic

4.1

Keywords extraction and multilingual annotation

In section 4.1.1, various ATR methods were investigated and a comparative
evaluation of the methods was performed on the Genia and on the Eurogene
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collections. The study provided evidence that ATR methods may be very useful
for identification of domain specific terms. In particular methods combining
background and domain knowledge performed very well.
Section 4.1.2 deals with a different approach for keywords extraction based
on domain ontologies. Theoretically, as suggested in section 2.2.1, the strengths
of the both approaches can be combined. The presented method has been
integrated with the Eurogene system and it can deal with annotation in multiple
languages as addressed by the first research question. We also shortly outline
how this scenario can be extended to multimodal repositories and show a crosslanguage information retrieval system we have developed and integrated with
the Eurogene system.

4.1.1

Automatic term recognition

This section is based on the following paper:
• Knoth, P., Schmidt, M., Smrz, P., and Zdrahal, Z. (2009) Towards a
Framework for Comparing Automatic Term Recognition Methods, Znalosti (Knowledge) 2009, Brno, Czech Republic
The section is organized as follows: We first outline the theoretical foundations of the methods implemented into a framework which originated as a
library developed at the University of Sheffield and was extended in our work.
More specifically, our contribution can be summarized as follows:
• Implementation of three ATR statistical methods (TF, RIDF and LR as
described later in the text)
• Development of an automatic evaluation tool.
• Refactoring of the library (we had to fix quite a few bugs and added the
possibility to choose a particular corpus as a background).
Later, the experimental evaluation on the GENIA and Eurogene corpora is
presented. The section is concluded with the discussion of the possibilities for
future work in this area.
Statistical ATR Methods
Let us recall that a typical approach of the advanced ATR methods consists of
two phases:
• Linguistic phase employs a linguistic filter, based on part-of-speech (POS)
tags, to extract a set of candidate terms. Term variant recognition techniques can be applied to associate different realizations of one term with
its root form.
• Statistical phase uses a statistical method to assign a weight to each candidate term.
A concept may have many different surface realizations. For example ‘human
clones’ and ‘clones of human’ could be considered as term variants. Identification of the term variants can have a positive impact on the results of ATR
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Only domain knowledge
Background knowledge

Termhood
TF, TFIDF, RIDF, DC
Weirdness, LR, DR

Unithood
C-Value, LC

Table 4.1: Classification of statistical methods
methods [Nenadié et al., 2004]. Several types of term variations are usually distinguished – orthographic, morphological, structural, acronyms, abbreviations,
lexical synonyms, etc.
To measure the ‘strength’ of a candidate term, two characteristics are usually
distinguished – termhood and unithood :
• Termhood is a measure of the degree by which a linguistic unit is related
to the domain-specific concept. Termhood methods are based on the frequency of occurrence [Kageura and Umino, 1996].
• Unithood is relevant for complex terms which consist of more linguistic
units (words). It measures the collocation strength of the units. The basic
idea of determining unithood consists in measuring significance of the
words occurring together. Standard statistical techniques such as mutual
information, t-test or log-likelihood are generally put to use [Ziqi Zhang
and Ciravegna, 2008; Daille et al., 1994].
ATR methods can be also divided according to the use of background knowledge, i.e. a corpus in a general domain. Table 4.1 shows the classification of
statistical measures that will be discussed in this section. Later, we will also
discuss hybrid approaches that try to combine these measures. The following paragraphs briefly introduce particular ATR methods implemented in our
framework that took part in the experimental evaluation reported in the next
section.
Now we are ready to provide an overview of the state-of-the-art statistical
methods for ATR that are implemented in the framework. As it was said, linguistic methods are usually language-dependent. To the contrary, statistical
methods are usually language-independent, which explains our motivation in
this work to put mainly statistical methods under scrutiny. The following paragraphs briefly introduce particular ATR methods implemented in our framework
that took part in the experimental evaluation reported later.
Term Frequency (TF) is the count of all occurrences of the candidate term
in a corpus. Frequent terms are supposed to be more important. This simple
method is used in systems to rank term candidates generated by linguistic preprocessing [Dagan and Church, 1994]. We compute term frequency tfi as a
normalized frequency of term i in the document collection:
f (i)
Tf (i) = P
k f (k)
Term Frequency – Inverse Document Frequency (TFIDF) is a weighting score used often in information retrieval, where it corresponds to the fact
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that the most significant words for a document tend to occur frequently in that
document, despite their possibly rare occurrence in the whole collection. Inverse
document frequency Idf (i) measures the general importance of term i in the collection of documents D by counting the number of documents which contain
term i:

Idf (i)
TfIdf (i)

|D|
|{dj : ti ∈ dj }|
= Tf (i).Idf (i)

= log

Note that in the context of ATR we can prefer to compute a single ranked
list of terms rather than a list of terms for each file in the domain-specific
collection. Therefore, we can compute tfidf (i) as tf (i).idf (i) considering tf (i)
as the term frequency of word wi in the domain collection. Roughly speaking,
calculating the term frequency as there would be only one document in the
domain-specific collection. The tfidf (i) weighting score measures the termhood
with respect to the documents in a collection. In ATR, it is often used as
a baseline [Ziqi Zhang and Ciravegna, 2008] or as one of several features to
determine the termhood [Medelyan and Witten, 2006].
Residual IDF (RIDF) is an alternative to IDF, which looks for terms whose
document frequency is larger than chance. More precisely, RIDF is defined as
the difference between logs of actual document frequency and document frequency predicted by Poisson distribution [Manning and Schütze, 1999].
RIDF (i) = Idf (i) − log(1 − p(0; λ(i))),
(i)
(the average
where p is the Poisson distribution with parameter λ(i) = fD
number of occurrences of word wi per document). f (i) is the number of words
i in the collection. 1 − p(0; λ(i)) is the Poisson probability of a document with
at least one occurrence of i.

Weirdness measure is based on the idea that distribution of terms in a specialized corpus (domain) and in a general corpus (background) significantly
differ [Ahmad et al., 2005]. This is expressed by the following formula:
W eirdness(i) =

fs (i)
ns
fg (i)
ng

,

where fs (i) and fg (i) are the frequencies of word i in the specialized and the
general corpus respectively, ns and ng are total numbers of words in the respective corpora. The original Weirdness was defined for one-word terms only, so
we compute a geometric average of weirdnesses of each word in the term.
Likelihood Ratio (LR) [Manning and Schütze, 1999] is one of the methods
we have newly implemented in the framework. The motivation is the same as
in the case of weirdness. As opposed to weirdness, however, a statistical test
is employed to measure the significance of difference between word frequencies
in the domain and those in the background corpus. The first hypothesis is
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that the probability of observing a given word in the background is equal to
the probability of observing it in our domain. The second hypothesis is that
the probability of seeing a given word in the domain is significantly higher
than seeing it in the background. We assume binomial distribution for word
frequencies.
p=

fs + fg
ns + ng

ps =

fs
ns

pg =

fg
ng

LR = log L(fs , ns , p) + log L(fg , ng , p) − log L(fs , ns , ps ) − log L(fg , ng , pg )
L(k, n, x) = xk (1 − x)n−k
Although Likelihood Ratio has been recently used in the related field of text
summarization [Gupta et al., 2007], there is no quantitative evaluation of the
method in the context of ATR to the best of our knowledge.
C-Value Method is a unithood method which has been used for term recognition in the medical domain, which typically contains a large number of complex
terms [Frantzi et al., 2000]. The formula to compute it is based on three principles – extracting the most frequent terms, penalizing the nested terms that
occur as a substring of a longer candidate term, and considering the length of
the candidates (the number of the words they consist of):

C-value(a) =

log2 |a| · f (a)
log2 |a| · (f (a) −

1
|Ta |

P

b∈Ta f (b))

if a is not nested
otherwise

where a and b are the candidate terms, f denotes the frequency and Ta is the
set of candidate terms which contain a.
Glossex Method [Kozakov et al., 2004] is based on two heuristics. The
first measure evaluates the degree of domain specificity (TD) which is equal to
our definition of weirdness. The second measure investigates the idea of term
cohesion. Let |t| = n be the number of word forming term t. The term cohesion
can be then expressed as:
T CDi (t) =

n.tft,Di . log tft,Di
Pn
,
j=0 tfwj ,Di

where wj is a j th word in term t. The two measures are combined using two
user adjustable coefficients α and β.
GlossEx (t) = α.TD(t) + β.TC (t)
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Figure 4.1: Example of a GENIA annotation file

Combining Statistical Methods It is often advantageous to combine several above-mentioned methods. For example, a mixture of entropy and loglikelihood ratio as measures of unithood and tf.idf characterizing the termhood
has been explored in [Patry and Langlais, 2005]. Simple thresholds on each
feature defined the weak classifiers, which were successfully combined by a kind
of boosting algorithm. Similar combination of measures is discussed in [Vivaldi et al., 2001] in the context of term extraction from medical documents in
Spanish.
Evaluation
As an example of the use of our evaluation framework, we present results of
the experiments on two large annotated data sets – the GENIA and Eurogene
corpora in this section.
Experiments on the GENIA Corpus GENIA corpus is a collection of
biomedical documents that were compiled and annotated within the scope of the
GENIA project [Collier et al., 1999]. The goal of the project was to develop text
mining systems for the domain of molecular biology. The annotation process
aimed at manual annotation terms in almost 2,000 MedLine abstracts.
Let us discuss the origin of two variants of the evaluation data set extracted
from the GENIA corpus. Figure 4.1 shows an example of an annotated sentence
from the corpus. It can be seen that both terms – IL-2 gene expression as well
as the nested IL-2 gene – are considered valid. This approach can be beneficial
for some tasks such as ontology building where the nested part of the term
can often be interpreted as a hypernym of the complex term. On the other
hand, the nested terms are not desirable in other situations as they can inflate
the terminological glossaries and refer to general concepts rather than domainspecific ones. Considering the potential dichotomy, we prepared two versions
of the “gold standard” list of GENIA terms. The first one contains all the
annotated terms (including the nested ones), the second takes only the longest
part as a term in the case of nesting.
In the linguistic pre-processing phase, we have extracted 32,521 candidate
terms. This set was ranked by the statistical methods. We report the precision
of the methods at 3 points (cuts): after first 20 highly ranked terms, after first
200 and after 2000 terms. Although the first may seem to be a very small
sample for the evaluation, it is a relevant benchmark when considering ATR for
keyword extraction or tag suggestion.
As in many other fields, ATR can benefit from combinations of the base
methods employing various voting strategies. We have experimented with many
different combinations and proved the potential boost in precision. Tables 4.2
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No. of TF TFIDFRIDF LR WeirdnessGlossexC-Value Vot. Vot. LR Vot.
terms
-TFIDF-TFIDF all
20 0,90 0,90 0,75 0,95 0,70
0,90
0,95
1,00
0,90 1,00
200 0,76 0,80 0,80 0,85 0,78
0,83
0,87
0,96
0,84 0,91
2000 0,70 0,71 0,70 0,63 0,64
0,62
0,67
0,79
0,67 0,73
Table 4.2: Precision on GENIA Corpus (nested terms)
No. of TF TFIDFRIDF LR WeirdnessGlossexC-Value Vot. Vot. LR Vot.
terms
-TFIDF-TFIDF all
20 0,90 0,90 0,75 0,95 0,65
0,90
0,90
1,00
0,90 1,00
200 0,75 0,79 0,76 0,84 0,59
0,83
0,85
0,94
0,83 0,82
2000 0,67 0,68 0,63 0,52 0,47
0,61
0,59
0,67
0,58 0,60
Table 4.3: Precision on GENIA Corpus (without nested terms)
and 4.3 present the results of the base methods as well as the most promising combinations evaluated on the GENIA corpus with the English Gigaword
Corpus as the background (for computing weirdness and other measures).
Considering only the base methods (not their combinations), the C-Value
method and LR achieved very good results. This fact is surprising especially
with respect to the success of the LR measure that is basically neglected by
the ATR community. Another notable point is that the results achieved by TF,
which is the simplest method, are not significantly worse than the results of
TFIDF and that the method sometimes even outperformed RIDF.
The best performer showed to be the combination of Weirdness and TFIDF,
which provided excellent results in both – nested and not-nested settings. The
method combining all non-voting methods scored well, but still not as good as
voted Weirdness-TFIDF.
As the size of the gold standard for the setting without nested terms is lower
than that for the nested terms, it is natural that the values of the precision also
decrease. However, the drop in precision is rather small for most of the methods
on the first 200 terms. We suppose that the radically different pattern of weirdness in this respect has much to do with the characteristics of the background
corpus. Nevertheless, this hypothesis needs to be verified in future work.
In order to inspect the impact of the background corpus size, we run our
experiments in two other settings:
1. replacing the English Gigaword Corpus by the British National Corpus
(BNC) which is by about one order of magnitude smaller than English
Gigaword;
2. without any background data (labelled Null in the following table).
The results of this experiment are reported in Table 4.4. Only methods
that use background are listed, other methods would produce the same results
as reported in Table 4.2. All the experiments were performed in the nested
settings. The best results for each corpus and method are highlighted.
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No. of
LR WeirdnessGlossexVot. WeirdnessVot. LR Vot.
terms
-TFIDF
-TFIDF all
English Gigaword
20
0,95 0,70
0,90
1,00
0,95 1,00
200
0,89 0,78
0,83
0,96
0,88 0,90
2000
0,65 0,64
0,62
0,79
0,69 0,75
BNC
20
0,95 0,80
0,95
1,00
0,95 1,00
200
0,87 0,69
0,84
0,95
0,89 0,92
2000
0,62 0,63
0,61
0,80
0,68 0,72
MedLine
20
0,95 0,75
0,75
0,95
0,95 1,00
200
0,89 0,71
0,67
0,89
0,88 0,92
2000
0,53 0,57
0,65
0,75
0,65 0,73
Null
20
0,85 0,70
0,90
0,95
0,90 1,00
200
0,75 0,61
0,66
0,85
0,78 0,85
2000
0,70 0,49
0,50
0,66
0,70 0,66
English Gigaword + BNC
20
0,95 0,75
0,90
1,00
0,95 1,00
200
0,89 0,77
0,85
0,96
0,88 0,91
2000
0,65 0,67
0,63
0,79
0,69 0,75
Table 4.4: Impact of different sizes of the background corpus
The results show that there is not a significant difference in using English
Gigaword and BNC corpora. Even using both, one cannot expect significant improvements in precision. However, using no background knowledge significantly
deteriorates the performance. Naturally, voting mechanisms are more robust
since the fall of one method can be compensated by the other one.
Evaluation on the Eurogene Corpus The ATR methods have been also
tested one the resources developed within the Eurogene project. So far, we have
collected 210 presentations used mainly for teaching genetics at the university
level. First, we converted the presentations into plain text. The size of the whole
corpus is approximately 4 MB (600,000 words). The terms are not annotated
in the texts so we asked domain experts to evaluate the results of the compared
ATR methods.
During the linguistic phase, 34,617 candidate terms were extracted. They
were ranked and sorted using each particular method. Then, we asked two
experts from different branches of genetics to inspect first 100 terms produced
by each method. Their task was to decide which terms are characteristic for the
genetic domain.
The task may seem simple, but the domain experts found it ill-defined. The
lack of a precise definition of “the characteristic domain term” showed to be
the major problem. Some terms, such as p-value, are terms of a specific branch
of genetics (here, statistical hypothesis testing). These terms were considered
differently by statistical geneticist and by clinical or molecular geneticist. Also,
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No. ofTFIDFRIDF LR WeirdnessGlossexC-ValueVot. WeirdnessVot. LR
terms
-TFIDF
-TFIDF
100 0. 70 0.63 0.60 0.79
0.75
0.66
0.98
0.49
Table 4.5: Precision on Eurogene corpus
there were discussions on the terms found to be too general that were, finally,
not accepted as proper terms (for example, genetics). The evaluators also found
it difficult to be consistent across large set of results; the evaluation took considerable time.
The results of the experiment are reported in Table 4.5. As in the case of the
GENIA corpus, we found that the method combining Weirdness with TFIDF
provided the best precision. Other methods usually scored significantly lower.
As these results were not expected, we asked the domain experts to assess the
extracted terms from the qualitative point of view as well.
They found that the results of the Weirdness algorithm capture the important domain characteristics. At the same time, there were a few essential flaws
in the output. Typical errors contained a name of an organization or a name
of the author. This happens due to the absence of these terms in the general
corpora and their high frequency in the domain-specific content. The high frequency of authors’ names was due to the name re-occurring in the footer of
each slide of their presentations. Such presentation style naturally results in
generating noise for the statistical methods.
The TFIDF algorithm produced a list of terms which were probably characteristic for certain documents within the Eurogene corpus, but were often
too general to be considered as domain-specific terms. We expect that this is
caused by the fact that the TFIDF calculation does not involve any background
knowledge.
The list of terms extracted using the combination of both the methods differs
from those given by Weirdness and TFIDF separately. The extracted terms
mainly consist of names of genes, substances and specific genetic terms. The
combination produced significantly higher precision than the components.
Conclusions and Future Directions
The ATR evaluation framework discussed in this paper proved to be extremely
useful for fast hypothesis formulation and testing. We have implemented new
statistical ATR methods and compared their performance on the two included
corpora. Many experiments have been also run with different combinations
of statistical measures. The best results on both corpora were achieved by
combination of Weirdness and TFIDF measures, which produced substantially
better results than other methods.
The results were also inspected from the qualitative point of view. This
leads to the conclusion that methods combining domain specific knowledge with
background knowledge are generally more robust than methods using only one
of these sources.
The results of our experiments are fully reproducible since all the source
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codes, the data and the software for evaluation can be downloaded.1 . We would
like to encourage other researchers to contribute to the framework. It is especially important to add new evaluation data sets on which ATR techniques
can be tested. The community could keep the set of statistical algorithms upto-date as new approaches will arise. A web-based user interface will also be
implemented in order to allow non-programmers to try and evaluate the system.
From the research point of view, we agree with [Ziqi Zhang and Ciravegna,
2008] that many of the items identified as terms fall into the category that Information Extraction (IE) traditionally extracts from texts. For example, names of
genes, diseases, substances, methods, etc. The employment of the IE techniques
including both – traditional machine learning and weakly-learning techniques
(active learning, co-learning, or expansion) could significantly improve the precision. ATR and IE techniques can also co-operate. For example, the extraction
of names of people and organizations is a typical task of IE. The result could
be used to filter the list of candidate terms and thus to solve the problems
mentioned in Section 4.1.1.

4.1.2

Multilingual annotation of content

This section describes a keyword extraction approach based on a multilingual
domain ontology. The method has been implemented and integrated with the
Eurogene system. The multilingual ontology is first briefly introduced. Later,
the annotation process is described. The section is based on D 5.1 Eurogene
deliverable.
Multilingual ontology
In the Eurogene project, we have developed an English monolingual domain ontology of genetics by merging 6 genetic glossaries2 that contained a descriptive,
but not too extensive, terminology for our domain. The terminology currently
contains about 1,700 concepts. These concepts were translated by providers of
educational content with the help of machine translation into 6 languages (English, French, Spanish, German, Italian and Lithuanian). The providers were
instructed to provide all possible versions (terms) of a concept being used in
their target language. The ontology currently contains more than 12,000 terms.
The terminology is represented in a Simple Knowledge Organization System
(SKOS) like structure. Using SKOS, concepts can be easily labeled with lexical
strings in one or more natural languages. In particular, SKOS defines for a
resource property skos:prefLabel and skos:altLabel. The former can be
used to specify a preferred string label for a concept in a particular language
while the later is used to specify an alternative string label for a concept. In this
way, SKOS helps us to connect different representations of the same concept in
multiple languages. SKOS also allows to specify relations between concepts,
such as skos:broader, skos:narrower and skos:related, that are used to
create isa hierarchies and to refer to related concepts in a vocabulary.
1 http://code.google.com/p/jajatr/
2 Published by the University of Washington in Seattle, National Institute of General Medical Sciences in Bethesda, Elsevier, Oracle ThinkQuest, University of Michigan and Centre
for Genetics Education in Sydney
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Figure 4.2: Representation of a concept linkage analysis in the multilingual
ontology
Figure 4.2 shows how a genetic concept linkage analysis is represented in
our ontology. The preferred label of this concept is the English version Linkage
analysis. The concept has a two alternative representations in German (LinkageAnalyse and Kopplungsanalyse). The representation in French is Analyse de
liasion and in Spanish Análisis de ligamiento. The concept Linkage analysis is
a broader concept for Parametric linkage analysis and Non-parametric linkage
analysis, and it is related to a concept Marker analysis.
More information about the Eurogene ontology can be found in D 4.1 and
D 4.2 Eurogene deliverables.
The annotation process
The ontology of genetic terms can be easily used to annotate resources. In order
to make this process as easy as possible for the content providers, our system
allows them to upload their learning objects in different formats including .doc,
.ppt and .pdf. The content provider first uploads a resource which is then
stored in a database and converted to text. The source language of the LO
is either specified by the content provider in advance or it is automatically
recognized by the system. Words in the text are then converted to their root
form (lemma) by applying stemming [Porter, 2000]. When the stemming is
finished, the terminology of the detected language is loaded and applied to find
all of the occurrences of the terms present in the source text.
In order to make the indexing process as fast as possible, the terminology
is stored in the trie datastructure in main memory. The trie datastructure is
an n-ary tree where edges correspond to letters and leave nodes to words of the
terminology. Checking whether a word w is present within the trie datastructure
takes at maximum |w| steps where |w| corresponds to the number of letters that
compose word w. Therefore, the time complexity is constant with respect to
the number of words in the ontology. The result of the annotation process is
a set of domain specific terms with their term frequency that are present in a
given learning object.
As the ontology connects different syntactic representations of a concept, it
allows us to abstract to a language independent representation, i.e. from terms
to concepts. This means that each resource may be represented using a Vector
Space Model (VSM) where dimensions of the vector correspond to concepts.
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Figure 4.3: Part of the genetic hierarchy. The hierarchy can be interactively
visualized and used for navigation.
More specifically, each resource is represented by a vector of length n, where n
is the number of concepts in the multilingual domain ontology. Non-zero values
of the vector correspond to concepts acquired by abstracting from terms found
in the resource’s text.

4.2

Lessons learned in content gathering and classification

This section provides information about the development of a classification hierarchy in the context of the Eurogene project. Our approach and current issues
are presented.

4.2.1

Topic classification

The theme/topic hierarchy shown in Figure 4.3 was developed in close interaction with domain experts. In standard knowledge acquisition sessions, groups
of domain experts were interviewed, their responses evaluated and the theme
hierarchy constructed. In the next session, the results were presented back to
the group for comments and corrections. This was repeated until a stable result
was achieved. When all trees for all subdomains were completed, they were
merged together and duplicity discussed and resolved. The proposed tree was
eventually validated by the rest of the community.
The purpose of this hierarchy is to provide a coarse-grain description of the
domain that can be used both to speed up search and to prune the search space
used for more complex queries. Providing such a speed-up may also help link
generation methods to significantly reduce their processing time. The maximum
depth of the hierarchy is ten. At present, a resource is associated with one or
more topics from the hierarchy manually.

4.2.2

Lessons learned

A few important remarks were noticed during the topic hierarchy creation, topic
annotation and the topic hierarchy maintenance.
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• It was very difficult to reach a certain level of an agreement between
domain experts in the hierarchy creation process. The last version of the
topic hierarchy is not the best possible, but rather a version which is
acceptable across the community.
• The manual classification with respect to the hierarchy takes a significant
amount of effort and requires a good level of domain knowledge.
• Annotations produced by inexperienced users are often inconsistent with
annotations provided by experienced users.
• Online updates of the hierarchy are extremely costly as they may require
re-annotation of a certain amount of resources. A practical problem which
often appears then is how to ask a content provider to redo his/her annotation, because the hierarchy changed.
Performing the pilot work in this area helped us to reveal that tools that
would at least assist in the classification process would be of real value. The
maintenance of type 2 metadata as identified in section 1.1.2 is without such
tools very difficult.

4.3

Cross-language discovery of related content

This section presents the work done so far on the automatic discovery and typing
of links. Section 4.3.1 describes an approach for cross-language discovery of links
of the file-to-file type. The approach was integrated with the Eurogene system
where it is being used.
Section 4.3.2 describes a very experimental implementation of similar methods as suggested by [Allan, 1995]. So far, we have experimented with passage
similarities based calculated using keywords. An annotated collection of resources taken from the Eurogene repository has been created specifically for
this reason. The development of these methods is work in progress.

4.3.1

Link discovery

The information provided in this section is based on the paper:
• Zdrahal, Z., Knoth, P., Collins, T., and Mulholland, P. (2009) Reasoning
across Multilingual Learning Resources in Human Genetics, ICL
2009, Villach, Austria
and the D 6.3 Eurogene deliverable as listed in section 3.3.
The Eurogene multilingual domain ontology includes the terms used in the
supported languages to denote each concept. As reported in section 4.1.2, these
terms can be matched against the text contained in a contributed resource in
order to automatically suggest possible concepts that can be used for annotation.
Validated concepts can be used for identifying semantically similar resources
in different languages by comparing their associated (language independent)
concepts.
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Figure 4.4: Terms describing the same concept (a) and two different concepts
(b, c)

The annotation of resources makes it possible for algorithms to combine the
concept matching based on semantic similarity with traditional string matching.
We define three different measures for similarity based concept matching:
• Identity - verbal expressions (term) of two different educational resources
are considered equal if the corresponding concepts are identical, i.e. if they
belong to the same synset defined across all supported languages.
• Generalisation - for concept matching, two concepts count as equal, if
one is a generalisation of the other and their distance in the hierarchy is
shorter that a predefined threshold parameter, and
• Common hypernym - for concept matching, two concepts count as
equal, if they share a common hypernym and their edge distance in the
tree is shorter than a predefined parameter.
These three cases of concept matching are shown in Figure 4.4. Term 1 and
Term 2 can be in different languages. If the distance parameter is greater than
3, then concepts C1, C3 in b), but not C1 , C4 in c) count as equal. If its
value is 4 then the concepts both in b) and c) are considered as equal. Applying
measures according to b) and c) requires additional heuristics to resolve the
situations where the same concept might be included more that once. In the
rest of the paper we will use only the first measure of concept matching.
One of the possible measures for calculating semantic similarity is the cosine
similarity measure. The cosine similarity between two resources represented by
concept vectors A and B is computed as follows:
→
− →
−
A .B
cos(θ) = →
− →
−
| A || B |
Within the portal a resource similarity block has been implemented that
lists similar resources to a displayed resource (see Figure 4.5). If the calculated
similarity is higher than a given threshold τ = 0.4 a similarity link is generated.
The calculation module uses a binary vector to represent each resource where
the occurrence or absence of each of the domain concepts is indicated using values of 1 or 0 (respectively). This enables the comparison of resources across
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Figure 4.5: A block showing similar resources integrated with the Eurogene
system on the left of the page
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different media. Although the relative concept frequency can be a useful indicator of importance with text-based resources this cannot be attributed in
the same way to images or video resources. By identifying conceptual similarity through concept occurrence it is possible to compare resources consistently
across different media types.

4.3.2

Link typing

This section has been initiated by the paper where a few hypothesis for link
typing inspired by [Allan, 1995] were discussed:
• Knoth, P. (2009) Semantic Annotation of Multilingual Learning
Objects Based on a Domain Ontology, Workshop: Doctoral consortium at EC-TEL 2009, Nice, France
Dataset
After the paper was published, a dataset including relations among 30 resources
was created. The resources were pdf or powerpoint presentations from various
authors used for teaching statistical genetics. A domain expert performed the
selection and annotation of the resources. All possible pairs were investigated.
If two resources were decided to be related, a relation type was selected from
one of the following choices:
• Summarizes - the first resource briefly covers a topic which is in more
depth discussed in the second resource.
• Prerequisite - the relation describes that a user should read the first resource before the second one.
• Different perspectives - the first resource is similar to the second one, but
it addresses the problem from a different perspective.
• Similar narrative - the first resource is semantically similar to the second
one and in addition both use a similar narrative.
• Similar - the first resource is similar to the other, but the relationship is
not specified.
Method
The task was to automatically determine the relationship between two resource
given their content. The resources were automatically split into parts (individual slides) and the cosine measure was used to calculate similarities between the
parts of two documents. If the similarity between the parts was higher than a
manually set threshold a link between the parts was induced. All the relationships were then visualized. Our goal was then to experimentally test whether
the relation between two resources can be determined based on the resulting
pattern.
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Figure 4.6: Similarity diagram. Parts of the resources follow the same narrative

Results
The whole procedure described in section 4.3.2 was performed by a tool which
we have implemented for this purpose and which will be further enhanced during
the PhD. The development of the methods for link typing is still in progress and
therefore we will not present in this section any empirical results. However, we
will show a few interesting examples and will speculate about the used approach.
For simplicity, the visualizations of the patterns were also manually investigated, assuming that if a computer programm should be able to determine
the correct relationship based on the visualized pattern, a human should be
also able to do this. We have experimented with different features (keywords
extracted using the Eurogene ontology vs. simple term frequencies) and with
different value of the similarity threshold τ .
A few examples of the diagrams are now presented. Figure 4.6 shows an
example of a relation where parts of the two resources follow the same narrative. Since the similarity threshold τ was set to a relatively high value 0.8
and the pattern where links are not crossing was still visible, the parts of the
document were investigated manually. It turned out that the first lecture used
only negligibly modified slides from the second lecture.
Figure 4.7 presents a relation describing that one lecture summarizes the
other. It has been reported in [Allan, 1995] that this type of relationship can
be determined by a V-shape pattern.
The relationship in Figure 4.8 was annotated by the domain specialist as a
prerequisite relationship. It is interesting to see that the shape is very similar
to the summarize relationship. This shows us that the distribution of terms in
a prerequisite relationship may be very similar to the distribution of terms in
a summarize relationship, i.e. there may not be a simple way to distinguish
between the case in which some terms were theoretically introduced in the first
resource and then were used in the second one and the case where some terms
were just accumulated into a shorter resource for the reason of providing an
overview.
48

Figure 4.7: Similarity diagram. The light blue resource summarizes the dark
blue resource

We believe that the features that would allow to distinguish these relation
types are at the semantic rather than a syntactic level. More specifically, information about the prerequisite relationship between individual terms may be
needed to be able to determine the relationship at the level of a document or a
part of a document.
A couple of other interesting points were noticed during the experiments.
We found that the optimal value of the similarity threshold is very dependent
on the features used and the task in hand. For example, when similarities were
calculated based on keywords extracted using the Eurogene ontology, the value
of τ at which it was possible to see the pattern was in general higher than
when simple term frequency features extracted from text were used. This can
be explained by a substantially lower number of indexed terms in the former
case than in the latter. In many cases the slide similarities were calculated
based on a very low number of keywords (usually between 0-3 keywords). This
can be explained by two main reasons: 1) Many keywords are missed because
the ontology is incomplete 2) The text of a slide is very short and does not
contain many keywords. As a result, the questions what is the optimal unit for
splitting and how to index keywords that are not present in the ontology should
be addressed in the future.
Overall, we have shown that link typing methods are capable of producing interesting results, but further research is needed to address many issues
including the one formulated in the last research question (section 3.1).
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Figure 4.8: Similarity diagram. The light blue resource is a prerequisite for the
dark blue resource
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Chapter 5

Summary
This report dealt with the role of metadata in digital repositories. The types
of metadata that are difficult to maintain were identified and the need for automatic approaches was articulated. State-of-the-art methods and approaches
were then reviewed, which resulted in the formulation of the research questions.
It was found that in particular automatic content-based approaches to link
generation and typing are currently very much needed as the content linking task
can hardly be performed by humans. While it can be expected that progress
would have a direct impact on a number of application domains, both link
generation and link typing fields are still relatively unexplored.
As a result, we have formulated the research questions along these ideas and
presented a research plan which will help us to answer them and to disseminate
the research outcomes.
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