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Abstract. Large amounts of data in modern information systems, such
as the World Wide Web, require innovative information retrieval tech-
niques to effectively satisfy users’ information need. A promising ap-
proach is to exploit document semantics in the IR process. For this pur-
pose, high-quality semantic metadata is needed. This paper introduces a
method to automatically create semantic metadata by using ontologically
enhanced versions of common information extraction methods, such as
named entity recognition and coreference resolution. Furthermore, this
work also proposes the application of ontology-specific heuristic rules to
further improve the quality of generated metadata. The results of our
method was evaluated using a small test collection.

1 Introduction

To find relevant documents to a user query, most existing information retrieval
(IR) systems merely perform a syntactical comparison between the term-based
document representations and the keywords in the query. E.g., if a user initiates
a full-text query by typing in the phrase “Semantic Web”, a typical IR system
on the Web returns a list of hyperlinks pointing to documents that also con-
tain this string syntactically. Although this method may be sufficient for some
applications?, it definitely lacks the linguistic and semantic awareness, which be-
comes increasingly valuable in large information systems and for complex search
requests.

In common IR systems, documents are often represented merely as a set of
terms — i.e., strings — together with their corresponding frequency measures.
In this model, some crucial aspects of natural languages such as synonyms* and

* This work was partially funded by the VICODI (EU-IST-2001-37534), DIP (FP6-
507483), and IMAGINATION (FP6-034626) EU IST projects.

3 for so-called navigational searches, where the exact keywords in the document are
already known for the user
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homonyms® are not considered. E.g., from the system’s perspective, the terms
“doctor” and “physician” differ completely, although in many documents they
have the same meaning.

Apart from this trivial deficiency, several other problems lead to decreased IR
performance. According to [1], the major reasons why purely text-based search
fails to find some of the relevant documents are the following:

— Abstract concepts: Some high-level, vaguely defined abstract concepts like
“World War Two” or “Industrial Revolution” are often not mentioned ex-
plicitly in relevant documents. Therefore, most text-based search engines do
not consider those documents relevant for queries containing these terms.

— Semantic and temporal relations: No connections can be discovered between
the terms “Germany” and “Berlin” or the terms “1990s” and “1994” because
non-linguistic relations among concepts are not exploited.

Statistical algorithms can detect coexisting terms in texts, which sometimes
(but not always) coincides with semantic relations among terms. Thesaurus-
based approaches, such as systems using WordNet [2], can exploit some basic
linguistic relations. Such approaches cannot, however, handle the problem of
indirectly relevant abstract concepts or exploit semantic and temporal relations
to find relevant documents.

Ontologies provide an “explicit specification of a conceptualization” [3], and
make it possible to define knowledge in a machine-processable form using a
formal language such as OWL [4]. Using ontologies, it is possible to exploit
semantic and temporal relations to improve IR effectiveness.

Semantic metadata link documents with their relevant ontology instances
from the knowledge base (KB). High-quality semantic metadata is a major re-
quirement for any ontology-based information system, including the Semantic
Web [5]. Because of the large amount of data in modern information systems,
manual or semi-automatic approaches for metadata generation, which rely on
significant human input during the annotation process [6-9], are not feasible
for most of the applications. It is therefore a very important question how to
generate high-quality semantic metadata with as little human effort as possible.

Inspired by the ontology-based IR project VICODI [10], we are currently de-
veloping a new ontology-based IR system [1]. This paper describes the metadata
generation aspect of this complex system. We present an approach that facilitates
the automatic creation of semantic metadata, and provides a framework for the
definition of certain ontology-based, domain-specific heuristics. Such heuristics
help extend and improve the quality of semantic metadata. To test the claim that
such an approach increases the quality of the generated metadata, we evaluated
the results of the system using a small test collection.

The structure of the paper is the following. Section 2 gives an overview of
our ontology-based metadata generation approach. Section 3 describes our eval-
uation methodology, and analyzes evaluation results. Section 4 discusses related
work, Section 5 concludes the paper and provides some outlook.
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2 Approach

2.1 Ontology Formalism

First, some basic requirements are formulated, which have to be met by the
ontology formalism in our system. The application domain of our IR system is
history and news articles. Therefore, time plays an important role. The ontolog-
ical structure must provide for temporal restrictions for relation or attribute de-
finitions. These properties are called temporal relations and temporal attributes,
respectively. E.g., it should be possible to define a certain time interval as a
validity constraint for the relation isMember0f (Steve-Ballmer, Microsoft).
Moreover, the usual ontological features, such as symmetry and transitivity of
relations, and inverse relations, should be supported for temporal relations, too.
E.g., we would like to use the temporal transitive part-of relation between
locations.

As temporal transitive relations are not supported by the current W3C OWL
standard [4], an appropriate ontology framework and API is provided by the IR
project presented in [1]. Apart from the temporal relations and attributes, our
ontology formalism supports the usual ontology modeling constructs, including
concepts, instances, relations and attributes®. The formalism is implemented
using the KAON2 reasoning engine [11], where KAONZ2 is used as an efficient

Datalog engine”.

2.2 Semantic Metadata Model

Because of performance reasons, we use a metadata model, which is inspired
by the common vector space model [12] used in most traditional full-text search
engines. This allows us to exploit full-text search engines during the search phase,
similarly to [13-15]. The classical vector space model represents documents as a
weighted set of terms®. Therefore, our model is also based on a weighted set of
various model elements.

As was mentioned, semantic metadata links documents with ontology ele-
ments. Therefore, our metadata model has a conceptual part, which consists of a
weighted set of ontology instances® (OI). In our system, elements of the concep-
tual part are termed weighted ontology instances (WOI). A WOI contains the
URI of the ontology instance, together with its weight, denoting its semantic
relevance to the document content.

5 We will sometimes refer to relations and attributes together as “properties”, which
is the usual Semantic Web terminology.

" In addition, KAON?2 also supports OWL-DL reasoning and DL-safe rules, but these
features are not used in this work.

8 Also called as the “bag of words” model.

9 Although the model does not prohibit using other ontology elements, such as con-
cepts, we use the term ontology instances because in our application scenario the
conceptual part includes only instances.



As was also mentioned, time plays a very important role in our application
domain. Moreover, from the IR point of view, time has different characteristics
from terms or ontology entities. While in the case of terms (and ontology entities)
(non-)equality is the only interesting relation, in the case of time, users are mostly
interested in other, more complex relations. E.g., if we search for documents
about the XX. century we are interested in documents, which are between 1901
and 2000. Therefore, our model includes a temporal part, which consists of a
weighted set of temporal intervals. Actually, for the application domain of history
we use fuzzy temporal intervals instead of usual temporal intervals. In this paper,
however, we assume for the sake of simplicity that the intervals in the model are
all usual time intervals. Details on the fuzzy temporal intervals were reported
in [16]. Elements of the temporal part are termed weighted temporal intervals
(WTTI), containing the (fuzzy) temporal interval and its relevance weight.

Finally, it is important to see that for the majority of information systems
it is practically impossible to guarantee 100% ontology coverage. Le., there will
be cases, when a relevant concept in the document does not have its respective
counterpart in the ontology. For this purpose, we also have a textual part in our
model, which contains usual strings as its elements. The only difference from the
classical full-text vector space model is that our “terms” are not necessary single
words. They can be complex phrases, too, such as “Karlsruhe, the German city”.
Phrases that are semantically important for the document content, but do not
have their counterparts in the ontology, are included in this part of the metadata.
Elements of the textual part are termed weighted terms (WT), containing the
term string and its relevancy weight.

The relevance weight values are between 0.0 (no relevance) and 1.0 (maximum
relevance) for all metadata parts.

An example of a possible (partial) metadata of a document describing the
causes and consequences of the Russian Revolution is shown in Fig. 1.

textual: {"Vladimir Ilich Lenin":1.0, "Attack on the Winter Palace":0.7}
conceptual: { #Lenin:1.0, #Russia:0.8, #Russian-Revolution:1.0 }
temporal: {1917-1920:1.0}

Fig. 1. Example metadata about the Russian Revolution

2.3 Semantic Annotation Steps

We agree with [14] that common information extraction (IE) techniques can
substantially support the automatized process of metadata generation. We also
accept the statement made there that named entities'® (NE) occurring in text

10 named entities are terms referring to people, organizations or locations; the definition

often includes tokens representing dates, percentage numbers etc.



documents constitute a major part of their semantics. Therefore, we start our
metadata generation with an IE step, which extracts named entities from the
document text. Based on this information, it is possible to generate an ini-
tial version of semantic metadata, using the metadata model introduced before.
Finally, various ontology-based heuristic rules can be exploited, to extend the
initial metadata with relevant ontology entities that are not mentioned in the
document text explicitly.

The whole metadata generation process is shown in Fig. 2. In the following,
we describe the individual steps in more detail.
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Fig. 2. Steps of the annotation process.

2.4 Information Extraction

Classical IE methods comprise some techniques from natural language processing
(NLP), such as token and sentence splitting or part-of-speech detection. This
procedure is sometimes referred to as shallow parsing because unlike pure NLP
applications, it usually does not include a full (costly) linguistic analysis of the
text. The linguistic information obtained by the shallow parsing serves as input
to the named entity recognition (NER) step.

Detected NEs may also have referring phrases in the text with different no-
tions. These are called coreferences and can be distinguished between nominal
and pronominal type. An example for a nominal coreference is the term “chief
executive officer” referring to the NE “Steve Ballmer” in a document. The “he”
reference pointing to “Steve Ballmer” is a pronominal coreference.



To our best knowledge, currently there is no existing IR system which exploits
coreference information to create semantic metadata. However, we consider this
an important step, since coreference resolution'! can improve term relevance
estimation, as our tests have shown.

With respect to the IE process, we used the established text engineering
framework GATE'2, which includes modules for the NLP, NER and coreference
resolution tasks. We used the standard ANNIE components, which are included
in the standard GATE installation.

The result of the described IE operations are GATE annotations following
a special annotation scheme. They contain detailed linguistic information about
each identified term, such as its position within the sentence, part-of-speech
information, and a list of its coreferences. These annotations are automatically
stored for each document in a relational database for later use during ontology-
supported post-processing.

This separation of expensive IE operations from subsequent ontology depen-
dent tasks has some significant advantages. First, linguistic annotations can be
generated independently from ontology-lookup operations and thus are inde-
pendent from any changes in the ontology!3. Second, different ontology-based
heuristics can be applied and tested without complete regeneration of GATE
annotations.

2.5 Initial Semantic Metadata Generation

In our ontology-based approach, the system must be able to identify appropriate
NEs as ontology instances'4. It is a hard task, because a term in the document
can syntactically match many ontology instances. To reduce this ambiguity to
a minimum, our implementation follows the “longest match principle”, which
is also used by other approaches [17]. According to this principle, always the
longest possible text snippet is matched with the ontology instance labels. I.e.,
we prefer “Bill Gates Foundation” to “Bill Gates”.

Next, linguistic annotations covering an ontology instance are transformed
to ontology annotations (OIAnnotation). Every OIAnnotation consists of URIs
of possibly matching ontology instances (OI), and the number of occurrences
of its candidate OIs. The resolved coreferences are taken into account simply
by increasing the occurrence counter of the OIAnnotation. E.g., if a pronoun is
detected as a coreference to a certain entity, and that entity is known to be an
OI, the occurrence counter of the OIAnnotation is increased by one.

The remaining entity annotations are categorized as term annotations (Ter-
mAnnotation) and date annotations (DateAnnotation). Term annotations con-

1 modern implementations may achieve an F-measure of up to 70 percent

2 General Architecture for Text Engineering, http://gate.ac.uk/

13 For better coreference recognition, it is sometimes necessary to update the gazetteer
lists of GATE based on the ontology labels.

14 Actually we consider all tokens in the text during this step, not only the text snippets
that were identified by GATE as NEs. This is needed because GATE sometimes fails
to correctly identify text parts as NEs.



tain the (normalized) terms from the text, together with their occurrence coun-
ters; whereas date annotations are special term annotations, where the term
text represents a valid date (or time) specification, such as “May 12, 2006” or
“today”.

After this step, all annotations are transformed to the initial document meta-
data, using the model introduced in Section 2.2.

The mapping from linguistic annotations to metadata elements is straightfor-
ward. WTIs are generated from date annotations, WTs from term annotations
and WOIs from ontology annotations. If an OIAnnotation is ambiguous, i.e.,
contains more than one possible URIs, WOIs are created for each OI candidate.
WOI and WT weights are calculated according to the following logarithmic func-
tion:

w(x):< log(m+1))>2 )

log (Trmaz + 1

where w () denotes the resulting weight of a new metadata element; x de-
notes the occurrence counter of the corresponding annotation element and 7,44
the largest occurrence counter of all annotation elements for the document. Be-
cause the co-occurence pattern cannot be applied to date specifications, recog-
nized WTIs always get a weight of 1.0 in the current implementation. A more
sophisticated weighting scheme for temporal intervals is subject of future work.

Table 1 illustrates the transformation from annotations to an initial docu-
ment representation (with r,,,, = 30).

Table 1. Initial metadata generation

Entity Ann. type Occurence|Metadata type| Metadata weight
#Bill-Gates OTAnnotation 30 WOI 1.0
#Microsoft OTAnnotation 15 WOI 0.65

“Oracle Corporation” | TermAnnotation 7 WT 0.37
“Steve Ballmer” |TermAnnotation 2 WT 0.10
2000-2005 DateAnotation N/A WTI 1.0

2.6 Metadata Extension using Heuristic Rules

The main idea of our approach is that after the initial generation of the document
metadata, certain ontology-specific heuristics are used to adapt this metadata
to the document’s semantics.

Similar to human readers’ cognitive processing, some basic conclusions are
drawn automatically by the system. We achieve this by providing a framework
for defining and applying specific rules within the document metadata gener-
ation process. A special algorithm iteratively applies these heuristic rules and
terminates when no further adaptations can be made to the document metadata.



Our rules follow the pattern shown in Fig. 3. To put it simple, the pattern
allows domain experts to specify rules, which add new Ols to the conceptual
part of the metadata, if they exist in the temporal context'® of the document,
and if they are connected with other instances in the metadata through relations
which are valid in the temporal context of the document. If according to the rule
an instance should be added to the metadata, which is already there, only the
weight of the instance is adjusted.

Concrete examples of rules following this pattern are shown in Fig. 5(a) and

5(b).

Add z to M if all of the following conditions hold
- C(z)

T
- a (2)
—dzii i, i 2 NiATI I EMA-- AT, € M/\Cl(l‘Ll)/\'"/\Cl(l’l,nl)/\
plT(x1,1,x)A~~~/\pT(l’1,n1,x)

— Elfrk,l"'xk,nk tnk > Ny Azg1 € ]\4/\”-/\1‘,&,7”c c M/\Ck(l’k,;[)/\"~/\Ck(:l:)c,nk)/\
pg(xk,lv«’ﬂ)/\"'/\pf(xk,nkvx)

where M denotes the current document metadata; C(x) denotes that x is instance
of the concept C; r7 (x,y) denotes that the instances z and y are connected with a
relation r, whose validity time is in the temporal context of the document; and a” (z)
denotes that the value of the attribute a on instance x is in the temporal context of
the document.

The input parameters of the pattern are M, the Ci---C}y concepts, the Ni--- Ny
minimal cardinalities, the C' concept, the r1 - - -7 relations, and the a attribute. The
specification of a is optional, and k£ > 1 must hold.

Fig. 3. Rule pattern

Our weight calculation scheme for the WOIs introduced by the rules is the
following:

D n

o= (S5) I (5%) ®

i=1 Jj=p+1

where W denotes the resulting weight of the new WOIL; w1, wa, ..., Wp, Wp41, ..., Wn
are the weights of all n WOIs in decreasing order, which are used as input val-
ues of the rule with a minimum cardinality of p = > N;. This means, at least p
WOIs of the current metadata have to meet the rule requirements. The more ad-
ditional elements are contained in the metadata, the higher the resulting weight
of the WOI gets (until a maximum of 1.0).

15 the temporal context of the document is defined by the temporal part of the metadata



E.g., if a rule needs at least two metadata elements, which must fulfill the rule
conditions, but the current metadata contains three such elements with weights
0.7, 0.6 and 0.4, the resulting weight is calculated as

_ 0.7+ 0.6 0.4
w—( 5 >~(1+2+2>—0.65~1.1—0.715

In our system, rules following the pattern from Fig. 3 can be comfortably
defined in an XML file. Thus, the rules can be easily adapted without any pro-
gramming expertise. Using the XML file, additional parameters can be defined,
as well. One parameter determines the minimum weight a WOI must have, so
that the rule application algorithm uses it. Another parameter is the weaken-
ing factor, which determines how the weight of the resulting WOI is weakened!©.
This is an important feature, because it ensures the termination of the algorithm
(weight changes will monotonically converge to zero).

2.7 Metadata Extension Algorithm

Starting with an initial document metadata and some heuristic rules, the meta-
data extension process is executed. The actual semantic metadata is altered by
the following algorithm:

1. Read in the initial document metadata.
2. Read all defined rules from the XML file.
3. Set the current document metadata as the initial metadata.
4. Apply the following steps iteratively
(a) Execute all applicable rules on the current metadata.
(b) Extend the current metadata with WOIs added by the rules (or adjust
the weights of existing WOISs, if they are already there).
(¢) If the metadata has been modified, restart the iteration.
5. Return the current metadata as the final metadata.

The resulting metadata is the final semantic metadata for our IR system,
and stored in the document database for later indexing.

3 Evaluation

We compared the quality of metadata generated by our approach with manually
generated semantic metadata. This section discusses the evaluation methodology
we used and the results of the evaluation.

3.1 Document Collection

First, we needed to build a small document collection for the purposes of the
evaluation. We chose the domain IT news and created a small collection of fifteen
documents selected from the ZDNet news portal'”. The selected documents are
related to one of the three topics acquisitions, product launches and IT fairs.

16 The value of the weakening factor is always less than 1.0.
17 http://news.zdnet.com/



3.2 Domain Ontology

Using the documents in our document collection, we designed an ontology for
the areas acquisitions, product launches and IT fairs. The high-level structure
of the resulting ontology is shown in Fig. 4. It is important to see that some of
the relations and attributes were defined as temporal (indicated by “T”).

Here we will only briefly introduce some concepts and properties, which we
consider helpful to comprehend the example heuristics we will provide later.
The ontology itself contains 331 instances, 147 relation instances, 91 temporal
relation instances, and 24 temporal attribute values.

Every ontology instance is modeled as direct or indirect instance of the Thing
concept. An important subconcept of Perdurant (a subconcept of Thing) is the
Event class. It is important for the heuristics-based approach because it has
many relations to different concepts. Among others, it is related to Organization
instances (via the relation hasParticipant). An example for this relation is:
hasParticipant (Microsoft-launches-BizTalkServer-2004, Microsoft).

The temporal attribute happensDuring defining the temporal extension of
an event, can be exemplified by:
happensDuring(PeopleSoft-replaces-CE0, ’2004-10-01;2004-10-317).

The time interval given by the start date 2004-10-01 and the end date
2004-10-31 marks the interval when the event happened.

3.3 Heuristic Rules

Generally, heuristic rules must be carefully aligned with the domain ontology.
Otherwise, they may unintentionally disturb the document’s semantics, or may
not find the expected relevant concepts.

For our evaluation, we defined fourteen heuristic rules, of which we now
introduce two for demonstration purposes. These rules are formulated and briefly
explained in Fig. 5(a) and 5(b).

E.g., if a the ontology contains information on the Peoplesoft-replaces-CEQ
event, and the initial semantic metadata contains Peoplesoft, Craig-Conway
and Dave-Duffield, Peoplesoft-replaces-CEQ is added to the metadata ac-
cording to the Event rule (Fig. 5(a)).

Using this extended metadata, the Process rule (Fig. 5(b)) adds the informa-
tion about the high-level concept Process Oracle’s-takeover-of-Peoplesoft.

As this example illustrates, heuristic rules can often build on the result of
previous rules. This way, semantically related OlIs are added stepwise to the
initial document representation.

3.4 Evaluation Methodology

The evaluation consisted of three steps. First, domain experts were asked to
manually define reference document representations for each document in our
evaluation corpus. l.e., they were told to select ontology instances from the
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Add x to M if all of the following conditions hold

— Event(x)

— happensDuring” ()

— 3z xp in > 2A21 € MA--- ANz € M A Agent(x1) A -+ A Agent(xn) A
participatesIn(zy,z) A - - - A participatesIn(zn, x)

Idea: If at least two agents — i.e., instances of the concepts Person or Organization
— are contained in the current semantic metadata, these agents are related via
participatesIn to the same event instance, and the temporal context of the document
is compatible with the time interval given by the temporal attribute happensDuring
then the targeted ontology instance of Event is considered relevant to document.

(a) Event rule

Add z to M if all of the following conditions hold

— Process(x)
—3Jz1-xpin > 1Az € MA--- ANxpn € M A Event(zi) A --- A Event(xn) A
subPerdurantOf(x1,x) A - - - A subPerdurantO f(zn, )

Idea: At least one ontology instance of the concept Event in the metadata leads to the
addition of all related process instances (via relation subPerdurant0f).

(b) Process rule

Fig. 5. Example rules

knowledge base, and assign them to one of five equidistant intervals between 0.0
and 1.0.

Next, we executed two runs of the system. One run without using any of our
heuristics (i.e., only generating the initial metadata representation), and another
run with all heuristics activated.

Finally, we compared the generated semantic metadata with the reference
metadata defined by the experts, using the following evaluation measure. If the
calculated weight of a metadata element lies within the reference interval of that
element, a conformity value of 1.0 is assigned to this element. If it is within one
interval above or below, a conformity value of 0.5 is assigned. If a calculated
element is not contained in the reference metadata, or its weight is not one
interval above or below reference weight, the assigned conformity value is 0.0.
Finally, for elements that appear only in the reference metadata, but do not
appear in the generated metadata, a conformity value of 0.0 is assigned.

By averaging the conformity values for the metadata elements, we obtained
average conformity values for each document, which indicate how similar the
generated metadata are to the manual (perfect) metadata.

3.5 Results

Fig. 6 compares the measured conformity values without heuristics to those
where the rules were applied.
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Fig. 6. Evaluation results

As we can see, almost every document representation was improved by ap-
plying the heuristic rules. The average conformity value of the initial document
metadata was 0.67, whereas applying the rules lead to an average of 0.81. In
none of the cases a decrease in annotation quality was observed. Moreover, no
improvement of the semantic metadata could be observed at only two documents
(number 3 and 15). In these cases no rules could be applied on the initial meta-
data. This can be either due to insufficient ontological knowledge'®, or because
the documents would need heuristics which are not described by the existing
rule set.

4 Related Work

Generating high-quality semantic metadata with the least possible human effort
is agreed to be an important step toward the Semantic Web. Thus, there are
several projects that aim to support or replace human experts in the metadata
generation task.

Approaches such as [6, 8,18, 9] propose frameworks for manual annotation of
metadata. E.g., a GUI'® application which facilitates the annotation of semantic

18 WOIs that would be preconditions in rules are not included in the initial metadata
19 Graphical User Interface



tags is provided by [8]. However, fully manual approaches do not scale well for
large information systems.

There are a couple of automatic annotation systems, as well. These include
the KIM system [14], the SemTag system [19], and the system of Vallet et al [17].
Unfortunately, they do not exploit the full ontology structure, but use only labels
of ontology elements (the KIM system) or exploit only the concept taxonomy in
addition to ontology labels (Vallet et al. and SemTag).

S-CREAM [7] uses a semi-automatic annotation approach, which includes
a machine learning algorithm. They use the ontology to refine the structure
of the semantic metadata, i.e., to find the exact ontological relations between
metadata elements. Our approach is different because we concentrate on finding
new, only implicitly relevant ontology instances — a task what S-CREAM does
not address.

The authors of C-PANKOW [20] propose an advanced annotation and dis-
ambiguation system without any machine learning technique. Their approach is
to identify correct conceptual entities by measuring statistical information from
Google search results. The system uses, however, only syntactical information,
i.e., cannot find indirectly mentioned instances.

5 Conclusion and Outlook

In this work, we presented a system for automatic ontology-supported generation
of semantic metadata, as part of our ontology-based IR system. We showed
how common IE methods can be used in combination with a simple lookup on
ontology labels to create an initial document representation. On top of that, we
propose our framework for heuristic rule definition for semantically extending
document metadata.

Our evaluation results verified the thesis that suitably parameterized heuris-
tic rules can indeed significantly improve the quality of semantic metadata. With
our selected evaluation corpus, the average conformity value could be increased
by 20.9 percent.

As the manual definition and parameterization of adequate heuristic rules
for larger ontologies is a quite laborious task, the integration of some automatic
techniques may be reasonable. A promising step in this direction is done by [21].
We will consider to integrate the proposed spread-activation approach to our
heuristics-based system.

Currently, we are working on a more elaborated temporal information extrac-
tion module. Another scheduled improvement is to include a disambiguation step
into the metadata generation process. In the current system only new ontology
elements can be added, or weights can be adjusted. There is no way, however, to
remove apparently irrelevant ontology entities from the semantic metadata — a
deficiency, which we would like to address.
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