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Abstract
One of the first scenarios imagined by the researchers in Artificial Intelligence

was the problem of conversing with a machine in natural language. Alan Turing in
1950 proposed a test in order to check the capability of a machine to demonstrate
intelligence, and that test, that carries his name, is mostly based on conversation and
language understanding. Obtaining responses to questions has always been the ambi-
tion of the human being. Question Answering (QA) allows the automatic answering
of questions poned by a human user. Question Answering is particularly challeng-
ing because it needs the advancements of several fields, mainly Natural Language
Processing (NLP), e.g. document understanding, information extraction, language
generation, question analysis, word sense disambiguation and Information Retrieval
(IR), e.g. document analysis, query formulation, relevance feedback. Given this mul-
tidisciplinary scenario, it is easy to realize how difficult it is to build QA systems.

The aim of this research work was to explore these research fields in order to build
a functional Question Answering system that integrated various knowledge sources,
among them geographical information sources.

The main achievement of the investigations carried out has been the realization
of a complete Question Answering system. This system is able to answer questions in
Spanish, Italian and French with an accuracy comparable with the current state-of-
the-art systems. The research work over knowledge resources (particularly WordNet)
resulted also in the development of novel Geographical Information Retrieval (GIR)
and Word Sense Disambiguation (WSD) methods.
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Chapter 1

Introduction

Seeking answers to questions has always been one of the characteristic features of
the human being. An answer can be described as the minimal amount of information
needed in order to satisfy a user’s information need. Question Answering (QA) is
a task consisting in the automatic answering of questions poned by a human user.
Taking into the account the previous definition of an answer, we can see QA as a
specialized kind of Information Retrieval (IR), where the user expresses her/his in-
formation need in natural language, instead of reducing it to a set of relevant terms.
Moreover, whilst in IR a whole document is retrieved, in QA only the needed piece of
information is handed over to the user. For instance, if we are interested in knowing
the name of the dynasty currently reigning in England, by the IR approach we prob-
ably would write into a web search engine the query “current dynasty England”, or,
more probably, “England royal dynasties” with the objective of finding a web page
that includes the information we are seeking. The same search in the QA approach
would be carried out by submitting the exact question: “What is the name of the
dynasty currently reigning in England?”, obtaining the string “Windsor” as a result.

It is straightforward to realize that Question Answering needs the advancements
of several fields related to Natural Language Processing (NLP), e.g. document un-
derstanding, information extraction, language generation, question analysis, word
sense disambiguation and also to information retrieval, e.g. document analysis, query
formulation, relevance feedback. Given this multidisciplinary scenario, it is easy to
realize how difficult it is to build QA systems.

The first QA systems date back to the 1960s and were based on a closed and limited
world knowledge repository [20, 60]. Nowadays, researchers are pointing towards the
Web as a resource, due to its open and dynamic nature [14, 7]. Anyway, the key
feature of any QA system is constituted by the knowledge resources employed in order
to find the answer. Recently, some efforts have been carried out for the integration
of different knowledge sources such as the WordNet [43] ontology together with the
Web [61], or Wikipedia together with other sources [27], or alone [26].

The introduction in 1999 of the QA track in the US government’s Text Retrieval

1



Chapter 1: Introduction 2

and Evaluation Conference (TREC)1, organized as a competition-based system eval-
uation with dozens of participants, boosted the interest in QA. The CLEF2, an
European-based evaluation conference, focused on multilingual issues and European
languages has also been started in 2000. The results obtained by the best QA sys-
tems are typically between 40 and 70 percent in accuracy, depending on the language
and the type of exercise. These numbers indicates the difficulty of the Question An-
swering task. Therefore, some efforts are being conducted in order to focus only on
particular types of questions (restricted domain QA), including law, genomics and
the geographical domain [15] among others.

More attention is currently being payed to the geographical domain. A study by
Mark Sanderson [53] revealed that more than the 18% of the queries submitted to
search engines contains a geographical reference. Such interest resulted in the creation
of the GeoCLEF3 task at the CLEF and the GIR workshops [48] at CIKM and SIGIR
conferences. These efforts are centered on Geographical Information Retrieval (GIR).

Geographical Information Retrieval can be viewed as a “geographically-flavoured”
kind of Information Retrieval. Purves and Jones defined GIR as “the provision of facil-
ities to retrieve and relevance rank documents or other resources from an unstructured
or partially structured collection on the basis of queries specifying both theme and ge-
ographic scope” [48]. One of the major issues encountered in GIR is the ambiguity
of place names (toponyms). The typical solution to this issue is to apply Word Sense
Disambiguation (WSD) techniques to toponyms. WSD itself is an open problem in
the field of NLP. Many techniques have been developed until now but their efficiency
usually does not exceed the baseline, as evidenced by the Senseval/Semeval compe-
titions4. Moreover, the impact of WSD over Geographical Information Retrieval is
also an object of debate.

1.1 Overview of the research report

This research report covers three major areas: Question Answering, Geographical
Information Retrieval and Word Sense Disambiguation. QA can be considered the
main object of the research work, whilst GIR and WSD were investigated as com-
plementary parts of the main research direction. Particularly, WSD addresses some
problems in GIR, and GIR is related to Question Answering, especially by means of
the resources that can be used in both fields.

Therefore, this document is structured as follows: in Chapter 2 we describe the
general architecture of QA system and the QUASAR system we realized with the
objective to participate to the CLEF and TREC exercises. We also will examine

1http://trec.nist.gov
2http://www.clef-campaign.org
3http://ir.shef.ac.uk/geoclef/
4http://www.semeval.org
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the resources that are generally used in QA. In Chapter 3 the focus will be moved
over GIR and the WordNet-based method we developed, together with the results
obtained in our participation to the GeoCLEF competitions. Finally, in Chapter 4
we will describe a WSD method based on Conceptual Density and its application to
the geographical domain, specifically with the purpose to be used in GIR systems.



Chapter 2

Question Answering and Resources

2.1 Architecture of Question Answering Systems

The basic building blocks of QA systems are usually three modules: question
classification and analysis, document or passage retrieval and answer extraction. The
aim of the first module is to recognize the type or category of the expected answer (e.g.
if it is a Person, Quantity, Date, etc.) from the user question. The second module
obtains the passages (or pieces of text) which contain the terms of the question.
Finally, the answer extraction module uses the information collected by the previous
modules in order to extract the correct answer.

2.1.1 Question Analysis and Classification

Question Classification (QC) is defined as the task to assign a class (chosen from
a predefined hierarchy) to each question formulated to a system. Its main goal is to
apply a different answer extraction strategy for each question type in the last stage,
the answer extraction phase, and to restrict the candidate answers: the way to extract
the answer to “What is nitre?”, which is looking for a definition, is not the same as to
“Who invented the radio?”, which is asking for the name of a person. It is probably
the most critical step of a QA system: a study which analyzes the errors in open
domain question answering systems [44] revealed that more than 36% of them are
directly due to the question classification module. Most QC systems use patterns
and heuristic rules [23] in order to achieve a high accuracy.

Together with QC, an analysis of the question is typically carried out by these
modules. The most important elements that can be extracted from the question are
the question focus (property or object sought by the question: for instance, colour in
“What colour is a mango?”) and the question topic (object or event that the question
is about: for instance, Mt. Erebus “What is the height of Mt. Erebus?”), often a
Named Entity.

4
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2.1.2 Passage Retrieval

Document or passage retrieval is typically used as the first step in current question
answering systems. In most of the QA systems classical PR methods are used [41,
4, 45]. The main problems of these QA systems derive from the use of PR methods
which are adaptations of classical document retrieval systems, not specifically oriented
to the QA task. These methods use the question keywords to find relevant passages.
For instance, if the question is “Who is the President of Mexico?”, these methods
return those passages which contain the words “President” and “Mexico”.

In [49, 24] it is shown that standard IR engines often fail to find the answer in
the documents (or passages) when presented with natural language questions. There
are other PR approaches which are based on Natural Language Procesing (NLP) in
order to improve the performance of the QA task [3, 21, 39]. The main disadvantage
of these approaches have is that they are very difficult to adapt to other languages or
to multilingual tasks.

Another strategy is to search the obviousness of the answer in the Web. They
send the user question to a Web search engine with the expectations to get a passage
containing the same expression of the question or a similar one. They suppose that,
due to the high redundancy of the Web, the answer will be written in several different
ways, including a form close to the one used in the question.

2.1.3 Answer Extraction

This is the crucial step of every QA system. In this phase an answer is determined
on the basis of the retrieved passages and the constraints retrieved during the Question
Analysis. Typical QA system use in this phase some kind of knowledge, that can be
a customized database [20, 60], the web [37, 42], ontologies [32] or encyclopedias [29].
The retrieved passages are further refined for enhanced precision. Passages that do
not satisfy the semantic constraints specified in the question are discarded.

The search for answers within the retrieved passages is restricted to those candi-
dates corresponding to the expected answer type. If the expected answer type is a
named entity, the candidates are identified with a named entity recognizer. For in-
stance, if the expected answer type is MONEY, the identified candidates may include
1euro and USD520. Conversely, if the answer type is a DEFINITION, the candidates
are usually obtained by matching a set of answer patterns on the passages.

Each candidate answer receives a relevance score according to lexical and prox-
imity features such as distance between keywords, or the occurrence of the candidate
answer within an apposition. The candidates are sorted in decreasing order of their
scores.

Finally, the system selects the candidate answers with the highest relevance scores.
The final answers are either fragments of text extracted from the passages around the
best candidate answers, or they are internally generated.
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2.2 The QUASAR Question Answering System

The architecture of QUASAR is shown in Fig.2.1.

Figure 2.1: Diagram of the QA system

Given a user question, this will be handed over to the Question Analysis module,
which is composed by a Question Analyzer that extracts some constraints to be used
in the answer extraction phase, and by a Question Classifier that determines the
class of the input question. At the same time, the question is passed to the Passage
Retrieval module, which generates the passages used by the Answer Extraction mod-
ule together with the information collected in the question analysis phase in order to
extract the final answer.

2.2.1 Question Analysis Module

This module obtains both the expected answer type (or class) and some con-
straints (i.e., focus and topic) from the question.
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The different answer types that can be treated by our system are shown in Table
2.1.

Table 2.1: QC pattern classification categories.

L0 L1 L2
NAME ACRONYM

PERSON
TITLE
FIRSTNAME
LOCATION COUNTRY

CITY
GEOGRAPHICAL

DEFINITION PERSON
ORGANIZATION
OBJECT

DATE DAY
MONTH
YEAR
WEEKDAY

QUANTITY MONEY
DIMENSION
AGE

Each category is defined by one or more patterns written as regular expressions.
The questions that do not match any defined pattern are labeled with OTHER. If
a question matches more than one pattern, it is assigned the label of the longest
matching pattern (i.e., we consider longest patterns to be less generic than shorter
ones).

The Question Analyzer has the purpose of identifying the constraints to be used in
the AE phase. These constraints are made by sequences of words extracted from the
POS-tagged query by means of POS patterns and rules. For instance, any sequence
of nouns (such as ozone hole) is considered as a relevant pattern. The POS-taggers
used were the SVMtool1 for English and Spanish, and the TreeTagger2 for Italian and
French.

There are two classes of constraints: a target constraint, which is the word of the
question that should appear closest to the answer string in a passage (corresponding
roughly to the focus of the question), and zero or more contextual constraints, keeping
the information that has to be included in the retrieved passage in order to have a

1http://www.lsi.upc.edu/ nlp/SVMTool/
2http://www.ims.uni-stuttgart.de/projekte/corplex/TreeTagger/DecisionTreeTagger.html
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chance of success in extracting the correct answer (similar to the topic of the question).
For example, in the following question: “Dónde se celebraron los Juegos Oĺımpicos
de Invierno de 1994?” (Where did the Winter Olympic games of 1994 take place? )
celebraron is the target constraint, while Juegos Oĺımpicos de Invierno and 1994
are the contextual constraints. There is always only one target constraint for each
question, but the number of contextual constraint is not fixed. For instance, in
“Quién es Neil Armstrong?” the target constraint is Neil Armstrong but there are
no contextual constraints.

2.2.2 The JIRS Passage Retrieval Module

The passages containing the relevant terms are retrieved by JIRS using a classical
keyword-based IR system. This year, the module was modified in order to rank better
the passages which contain an answer pattern matching the question type. Therefore,
this module is not as language-independent as in 2005 because it uses informations
from the Question Classifier and the patterns used in the Answer Extraction phase.

Sets of unigrams, bigrams, ..., n-grams are extracted from the passages and from
the user question. In both cases, n is the number of question terms. These n-gram
sets are compared in order to obtain the weight of each passage, which is proportional
to the size of the question n-grams found in the passage.

For instance, if the question is “What is the capital of Croatia?” and the sys-
tem retrieves the following two passages: “...Tudjman, the president of Croatia, met
Eltsin during his visit to Moscow, the capital of Russia...”, and “...they discussed the
situation in Zagreb, the capital of Croatia...”. The second passage must have more
importance because it contains the 4-gram “the capital of Croatia”, whereas the first
one contains the 3-gram “the capital of ” and the 1-gram “Croatia”. This example
also shows the advantage of considering n-grams instead of keywords: the two pas-
sages contains the same question keywords, but only one of them contains the right
answer.

In order to calculate the weight of n-grams of every passage, the greatest n-gram
in the passage is identified and it is assigned a weight equal to the sum of all its term
weights. Subsequently, smaller n-grams are searched. The weight of every term is
determined by means of formula (2.1):

wk = 1 −
log(nk)

1 + log(N)
. (2.1)

Where nk is the number of passages in which the term appears, and N is the
number of passages. We make the assumption that stopwords occur in every passage
(i.e., nk = N for stopwords). Therefore, if the term appears once in the passage
collection, its weight will be equal to 1 (the greatest weight).

Sometimes a term unrelated to the question can obtain a greater weight than
those assigned to the Named Entities (NEs), such as names of persons, organizations
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and places, dates. The NEs are the most important terms of the question and it does
not make sense to return passages which do not contain them. Therefore, NEs are
given a greater weight than the other question terms, in order to force its presence in
the first ranked passages. NEs are recognized by simple rules, such as capitalization,
or by checking if they are a number. Once all the terms have been weighted, the sum
is normalized.

JIRS can be obtained at the following URL: http://jirs.dsic.upv.es.

2.2.3 Answer Extraction

The input of this module is constituted by the n passages returned by the PR mod-
ule and the constraints (including the expected type of the answer) obtained through
the Question Analysis module. A TextCrawler is instantiated for each of the n pas-
sages with a set of patterns for the expected type of the answer and a pre-processed
version of the passage text. Some patterns can be used for all languages; for instance,
when looking for proper names, the pattern is the same for all languages. The pre-
processing of passage text consists in separating all the punctuation characters from
the words and in stripping off the annotations of the passage. It is important to keep
the punctuation symbols because we observed that they usually offer important clues
for the individuation of the answer: for instance, it is more frequent to observe a pas-
sage containing “The president of Italy, Carlo Azeglio Ciampi” than one containing
“The president of Italy IS Carlo Azeglio Ciampi” ; moreover, movie and book titles
are often put between apices.

The positions of the passages in which occur the constraints are marked before
passing them to the TextCrawlers. Some spell-checking function has been added in
this phase by using Levenshtein distance to compare strings. The TextCrawler begins
its work by searching all the passage’s substrings matching the expected answer pat-
tern. Then a weight is assigned to each found substring s, depending on the positions
of the constraints, if s does not include any of the constraint words. Let us define
wt(s) and wc(s) as the weights assigned to a substring s as a function, respectively,
of its distance from the target constraints (2.2) and the context constraints (2.3) in
the passage.

wt(s) = max
0<k≤|p(t)|

close(s, pk(t)) (2.2)

wc(s) =
1

|c|

|c|
∑

i=0

max
0<j≤|p(ci)|

near(s, pj(ci)) (2.3)

Where c is the vector of contextual constraints, p(ci) is the vector of positions of
the constraint ci in the passage, t is the target constraint and p(t) is the vector of
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positions of the target constraint t in the passage. Close and near are two proximity
function defined as:

close(s, p) = exp

(

−

(

d(s, p) − 1

5

)2
)

(2.4)

near(s, p) = exp

(

−

(

d(s, p) − 1

2

)2
)

(2.5)

Where p is a position in the passage and d(s, p) is computed as:

d(s, p) = min
i∈{0,|s|−1}

√

(si − p)2 (2.6)

Where si indicates the position of the i-th word of the substring s. The proximity
functions can roughly be seen as fuzzy membership functions, where close(s, p) means
that the substring s is adjacent to the word at the position p, and near(s, p) means
that the substring s is not far from the word at position p. The 2 and 5 values roughly
indicate the range within the position p where the words are considered really “close”
and “near”, and have been selected after some experiments with the CLEF2003 QA
Spanish test set. Finally, the weight is assigned to the substring s in the following
way:

w(s) =















wt(s) · wc(s) if |p(t)| > 0 ∧ |c| > 0
wc(s) if |p(t)| = 0 ∧ |c| > 0
wt(s) if |p(t)| > 0 ∧ |c| = 0
0 elsewhere.

(2.7)

This means that if in the passage have been found both the target constraint and
the contextual constraints, the product of the weights obtained for every constraint
will be used; otherwise, only the weight obtained for the constraints found in the
passage will be used.

Usually, the type of expected answer directly affects the weighting formula. For
instance, the “DEFINITION” questions (such as “Who is Jorge Amado?”) usually
contain only the target constraint, while “QUANTITY” questions (such as “How
many inhabitants are there in Sweden?”) contain both target and contextual con-
straints. For the other question types the target constraint is rarely found in the pas-
sage, and weight computation relies only on the contextual constraints (e.g. “From
what port did the ferry Estonia leave for its last trip?”, port is the target constraint
but it is not mandatory in order to found the answer, since it is most common to say
“The Estonia left from Tallinn”, from which the reader can deduce that Tallinn is -or
at least has- a port, than “Estonia left from the port of Tallinn”).

The filter module takes advantage of some knowledge resources, such as a mini
knowledge base or the web, in order to discard the candidate answers which do not
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match with an allowed pattern or that do match with a forbidden pattern. For
instance, a list of country names in the four languages has been included in the
knowledge base in order to filter country names when looking for countries. When
the filter rejects a candidate, the TextCrawler provide it with the next best-weighted
candidate, if there is one.

Finally, when all TextCrawlers end their analysis of the text, the Answer Selection
module selects the answer to be returned by the system. The following strategies have
been developed:

• Simple voting (SV): The returned answer corresponds to the candidate that
occurs most frequently as passage candidate.

• Weighted voting (WV): Each vote is multiplied for the weight assigned to the
candidate by the TextCrawler and for the passage weight as returned by the
PR module.

• Maximum weight (MW): The candidate with the highest weight and occurring
in the best ranked passage is returned.

• Double voting (DV): As simple voting, but taking into account the second best
candidates of each passage.

• Top (TOP): The candidate elected by the best weighted passage is returned.

SV is used for every “NAME” type question, while WV is used for all other types.
For “NAME” questions, when two candidates obtain the same number of votes, the
Answer Selection module looks at the DV answer. If there is still an ambiguity, then
the WV strategy is used. For other types of question, the module use directly the MW.
TOP is used only to assign the confidence score to the answer, obtained by dividing
the number of strategies giving the same answer by the total number of strategies (5),
multiplied for other measures depending on the number of passages returned (np/N ,
where N is the maximum number of passages that can be returned by the PR module
and np is the number of passages actually returned) and the averaged passage weight.
The weighting of NIL answers is slightly different, since is obtained as 1 − np/N if
np > 0, 0 elsewhere.

In our system, candidates are compared by means of a partial string match, there-
fore Boris Eltsin and Eltsin are considered as two votes for the same candidate. Later,
the Answer Selection module returns the answer in the form occuring most frequently.

2.2.4 Cross-Language module

Various methods have been developed recently in order to minimize the error
introduced by MT in IR-related fields. In particular, the idea of combining different
MT systems has already been used succesfully for the cross-lingual Ad-Hoc retrieval
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task [13]. The most common form of combination of different MT systems is the
selection of the best translation from a set of candidates [12, 31], although there have
been also proposals for the combination of fragments from different translations [1].

In the case of the Cross-language task, the Question Analysis module needs to work
with an optimal translation of the input query in order to obtain the best accuracy.
Therefore, we opted for a selection of the best translation technique. We took into
the account the following web tools: Systran3, FreeTrans4, Linguatec5, Promt6 and
Reverso7.

Given a translation X of a question q, let us define w as the sequence of n words
that compose the translation:

w = (w1, . . . , wn)

A trigram chain is, therefore, defined as the set of trigrams T :

T = {(w1, w2, w3), (w2, w3, w4), . . .

. . . , (wn−2, wn−1, wn)}

For instance, let us consider the following Spanish translation of the English ques-
tion“Who is the Chairman of the Norwegian Nobel Committee?”: “Quién es el Presi-
dente del Comité Nobel noruego?”. Therefore, w =(“Quién”, “es”, “el”, “Presidente”,
“del”, “Comité”, “Nobel”, “noruego”), and T = {(“Quién es el”), (“es el Presidente”),
(“el Presidente del”), (“Presidente del Comité”), (“del Comité Nobel”), (“Comité No-
bel noruego”)}.

The information entropy was introduced by Shannon [54] and its general formu-
lation is:

H(X) = −K
n
∑

i=0

p(i) log p(i) (2.8)

Where K is an arbitrary constant which depends on the problem, i is a fragment of a
message X of length n, and p(i) is the probability of the i-th fragment. In our case,
the message is represented by the translation, and if we take into account trigrams,
each fragment i corresponds to the i-th trigram of the translationd ti.

We decided to calculate the probability of each trigrams by means of web counts.
Let us name c(x) the function that returns the number of pages that contain the text
fragment x in the web. Let us define the i-th trigram ti = (wi, wi+1, wi+2) and its root
bigram as bi = (wi, wi+1). According to [62], the probability p(ti) can be estimated
as:

p(ti) =
c(ti)

c(bi)
(2.9)

3http://babelfish.altavista.com
4http://www.freetranslation.com
5http://www.linguatec.de
6http://www.e-promt.com
7http://www.reverso.net
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If we substitute p(i) with Formula 2.9 in Formula 2.8, we obtain:

H(X) = −K
n
∑

i=0

c(ti)

c(bi)
(c(ti) − c(bi)) (2.10)

Due to the fact that in the web usually c(bi) >> c(ti) , we used the logarithmic scale
for page counts, and used a linear normalization factor as K, obtaining the formula
that we used to calculate the entropy of a translation X:

H(X) = −
1

n

n
∑

i=0

log c(ti)

log c(bi)
(log c(ti) − log c(bi)) (2.11)

The selection of the best translation is made on the basis of the H(X) calculated by
means of Formula 2.11. Given M translations of a question q, we pick the translation
m̄ such that m̄ = arg maxm∈M H(m).

It is important to observe that this translation is not passed to the JIRS mod-
ule, that works with all the translations (passages retrieved by means of the good
translations will achieve a better weight), but only to the Answer Extraction module.

An evaluation of the selection procedure was carried out in [50]. Promt resulted
the best translator.

2.2.5 Participation to CLEF QA exercises

Our group participated to three editions of CLEF QA: 2005, 2006 and 2007. We
publish the results of 2005 and 2006 because CLEF 2007 is a forthcoming event at
the moment of writing this report.

CLEF 2005

We participated in the following monolingual task: Spanish, Italian and French,
and the Spanish-English and English-Spanish cross-language tasks. In Table 2.2 we
show the overall accuracy obtained in all the runs.

Definition questions obtained better results than other kinds of questions, and
we suppose this is due to the ease in identifying the target constraint in these cases.
Moreover, the results for the Spanish monolingual tasks are better than the other
ones, and we believe this is due mostly to the fact that the question classification
was performed combining the results of the SVM and pattern classifiers, whereas
for French and Italian the expected type of the answer was obtained only via the
pattern based classifier. Another reason can be that the majority of the preliminary
experiments were done over the CLEF2003 Spanish corpus, therefore resulting in the
definition of more accurate patterns for the Spanish Answer Extractor.

In order to evaluate the impact of the answer types, we grouped the results ob-
tained for the best run by the defined categories , as shown in Table 2.3. As it can be
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Table 2.2: Accuracy results for the submitted runs. Overall: overall accuracy, factoid:
accuracy over factoid questions; definition: accuracy over definition questions; tr:
accuracy over temporally restricted questions; nil: precision over nil questions; conf:
confidence-weighted score.

task run overall factoid definition tr nil conf
es-es upv 051 33.50% 26.27% 52.00% 31.25% 0.19 0.21
it-it upv 051 25.50% 20.00% 44.00% 16.67% 0.10 0.15
fr-fr upv 051 23.00% 17.50% 46.00% 6.67% 0.06 0.11
en-es upv 051 22.50% 19.49% 34.00% 15.62% 0.15 0.10
es-en upv 051 17.00% 12.40% 28.00% 17.24% 0.15 0.07

seen, the best results have been obtained for the “LOCATION.COUNTRY” category,
as expected, due to the use of a customized knowledge source. The worst results have
been obtained for the questions “OTHER”, for which there is not a defined strategy.

Table 2.3: Accuracy results for the upv 051eses run, grouped by answer type.

category questions accuracy
NAME 2 0.0%
NAME.PERSON 25 28.0%
NAME.TITLE 1 0.0%
NAME.LOCATION 6 16.7%
NAME.LOCATION.COUNTRY 14 92.8%
NAME.LOCATION.CITY 2 100.0%
NAME.LOCATION.GEO 2 0.0%
DEFINITION 61 44.3%
DATE 11 36.3%
DATE.DAY 4 0.0%
DATE.YEAR 2 0.0%
QUANTITY 21 33.3%
QUANTITY.AGE 4 25.0%
TIME 4 0.0%
OTHER 41 4.8%

CLEF 2006

We submitted two runs for each of the following monolingual task: Spanish, Italian
and French. The first runs (labelled upv 061 ) use the system with JIRS as PR
engine, whereas for the other runs we used Lucene, adapted to the QA task with the
implementation of a weighting scheme that privileges long passages and is similar to
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the word-overlap scheme of the MITRE system [36]. In Table 2.4 we show the overall
accuracy obtained in all the runs.

Table 2.4: Accuracy results for the submitted runs. Overall: overall accuracy, fac-
toid: accuracy over factoid questions; definition: accuracy over definition questions;
nil: precision over nil questions (correctly answered nil/times returned nil); CWS:
confidence-weighted score.

task run overall factoid definition nil CWS
es-es upv 061 36.84% 34.25% 47.62% 0.33 0.225

upv 062 30.00% 27.40% 40.48% 0.32 0.148
it-it upv 061 28.19% 28.47% 26.83% 0.23 0.123

upv 062 28.19% 27.78% 29.27% 0.23 0.132
fr-fr upv 061 31.58% 31.08% 33.33% 0.36 0.163

upv 062 24.74% 26.35% 19.05% 0.18 0.108

With respect to 2005, the overall accuracy increased by ∼ 3% in Spanish and
Italian, and by ∼ 7% in French. We suppose that the improvement in French is due
to the fact that the target collection was larger in 2006. Spanish was still the language
in which we obtained the best results.

We obtained an improvement over the 2005 system in factoid questions, but also
worse results in definition ones, probably because of the introduction of the object
definitions by the organizers in 2006.

The JIRS-based systems performed better than the Lucene-based ones in Spanish
and French, whereas in Italian they obtained almost the same results. The difference
in the CWS values obtained in both Spanish and French is consistent and weights in
favour of JIRS. This prove that the quality of passages returned by JIRS for these
two languages is considerably better.

We measured also the inter-agreement of the two systems, by counting the num-
ber of times that the two systems returned the same source document divided by the
number of times that they returned the same answer (we called this measure Agree-
ment on Answer or AoA), and when the answer was the right one (in this case we
call it AoRA).

Table 2.5: Inter-agreement between the two systems, calculated by means of the AoA
and AoRA measures.

task AoA AoRA Collection size
es-es 61.33% 42.52% 1086MB
it-it 71.92% 46.68% 170MB
fr-fr 53.47% 29.81% 487MB
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As it can be observed in Table 2.5, the best agreement has been obtained in Italian,
as one would expect due to the smaller size of the collection.

2.2.6 Voice-QUASAR: a future development

The first attempts to build a voice-activated question answering systems date back
to 1999 [55] for Japanese and 2002 [22] in English. Voice-QUASAR could represent the
first example of a Spanish voice-activated QA system. Moreover, the characteristics
of both JIRS and the Answer Extraction module make it particularly stable, due to
the insensivity to errors in the voice recognition phase.

We carried out a preliminary study with 200 questions of the Spanish monolingual
CLEF QA task. We performed some experiments, one with real input speech and
others with simulated errors in the input sentences. Due to the difficulty of the task,
we have considered very good conditions for the speech recognizer. In order to do
that, the language model and the considered vocabulary were obtained exclusively
from the sentences. In this way we had not to consider words out of vocabulary. The
perplexity of the Language Model (LM) of the original questions was 8.71. In table
2.6 are shown the error rates and perplexity for the question sets.

Table 2.6: Word Error Rates (WER) and Perplexity for the question sets: the original
one, the one with real speech (SR), and the two with generated errors (WER20 and
WER30).

Question set WER LM Perplexity
Original 0% 8.71
SR 13% 11.07
WER20 20% 30.23
WER30 30% 53.89

It must be remarked that many errors in the recognition process are in some
keywords, such as Quién (Who) that is confused with Qué (What). These words, that
are acoustically similar in Spanish, are the keywords used by the question analysis
module in order to assign the class to the question, thus determining whether the
AE module will search for a person or not. Therefore, these errors are crucial for
the final result of the QA process. Other kind of errors, consisting in the insertion,
substitution or deletion of stopwords are not very important, since the AE module
uses the constraints extracted in the question analysis phase. Therefore, it is clear
that in the QA task it is very important that the speech recognizer implements a kind
of specialization (or confidence measures) over the keywords used for the classification
of the questions. A possible way to overcome this problem is by means of a dialog
strategy that ask the user to confirm the keywords that appear in the question.

Other experiments were performed by generating errors in the written sentences.
We have generated errors considering the same substitution insertion and deletion
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proportions that in the real recognition but increasing the total word error rate up
to 20% and 30%. We imposed the condition that the Named Entities had to be
unaffected by errors. The results are given in table 2.7.

Table 2.7: Obtained results.

Question set Precision R answers X answers
Original 36.5% 73 11
SR 32.0% 64 16
WER20 27.5% 55 17
WER30 19.5% 39 12

The precision was calculated as the number of correct answers divided by 200 (the
total number of questions). We recall that we intend as correct the answers labeled R
in accordance to the CLEF 2005 QA guidelines [56]. However, we decided to report
also the number of X answers (partially correct, i.e., the returned answer does not
satisfy completely the user’s information need), since these kind of errors are directly
related to the quality of the AE module and not with the format of the question.

If we compare these results with the precision obtained by our system using the
set of CLEF 2005 cross-language English-Spanish questions (22.5% 2.2), where the
same questions are given in English and must be automatically translated to Spanish
(the language used in the document collection), we can see that the behaviour is
better in the case of speech recognition (although it must be taken into account the
special condition of the recognizer), even in the case of an error rate of 20%. From our
point of view, this result show that spoken QA should be worth the same attention
of cross-language tasks.

2.3 Resources for QA

2.3.1 Wikipedia as a Resource for QA

Encyclopedic knowledge is valuable for many Natural Language Processing (NLP)
applications, and in particular for the Question Answering (QA) task. Recently,
the availability of a large, open domain encyclopedia, such as the Wikipedia8, has
captured the attention of some researchers [38, 3] in the Question Answering field.
Until now, the focus of these works was on the use of the encyclopedia in order to look
for the answer to the questions. However, the results did not fulfill the expectations.

We investigated the use of Wikipedia in some slightly different aspects of the
Question Answering task: answer validation and generation of answer patterns. In
the first case, the problem consists in, given a possible answer, saying wether it
is the right one or not. Previous work on answer validation has been carried out

8http://www.wikipedia.org
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by exploiting the redundancy of the web [42], giving good results. In the case of
encyclopedias, redundancy is not an option, because usually each topic is covered by
no more than one article. Therefore, the quality of the information extracted from
the question is crucial to find the related article.

In the second case, the problem consists in building a regular expression pat-
tern that (possibly) match the right answer. When a question pertains to a specific
class, usually deduced by the structure of the question (for instance, the right an-
swer for a question starting with the word where will be at least some kind of loca-
tion) patterns can be built by hand, usually together with a custom-built ontology
[32]. However, when the question cannot be classified using a given taxonomy, the
semantic class can be deduced by the question itself, such as in “Which fruit con-
tains vitamine C?”: in this case, the class is “fruit”, and we want to find a suitable
answer string for that class. In order to do that, we exploited the categorization
of articles in Wikipedia. For instance, the article corresponding to the category
http://en.wikipedia.org/wiki/Category:Fruit contains a list of fruits. It can be ob-
served that the “category” entries constitute a sort of Wikipedia ontology, since some
categories contain also subcategories.

We carried out some experiments with the set of 200 Spanish monolingual ques-
tions from the CLEF 2005 Question Answering track. The objective was to find in
which cases Wikipedia was helpful. The manual evaluation, imagining a “perfect”
passage retrieval and answer extraction system, found that the potential improvement
with the help of Wikipedia was of 29 questions, corresponding to a 14, 5% gain in
recall and coverage. See Table 2.8 for details.

Question type Answers (tot) Pot. Rec. gain
All 29 (200) 14,5%
Definition 8 (50) 16,0%
Name 7 (42) 16,6%
Generic 5 (25) 20,0%

Table 2.8: Potential recall gain (i.e., questions where Wikipedia could be useful but
was not possible to use its information), grouped by question type.

Another interesting feature discovered by error analysis is that when Wikipedia
proved to be useless, it is usually due to one of the following reasons:

• The question is about facts unrelated with the Spanish world. That is, the
answer could be present in another localization of Wikipedia. For instance, the
answer to the question Who is Giulio Andreotti? could be find in the Italian or
English versions of Wikipedia.

• The question is about facts too specific to be taken into account into the
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Wikipedia. For instance, Who discovered the galleon San Diego?, or Who is
Rolf Ekeus?.

More less significative failure reasons were the ambiguity of some categories (for
instance, “Qué plataforma estaba acampada en el Paseo de la Castellana de Madrid
?” - “Which platform was camped at Paseo de la Castellana in Madrid?”), or the fact
that the category was imaginary (for instance, “Para qué periódico trabajaba Clark
Kent?”, “For which newspaper does Clark Kent work?”: the category newspapers
(periódicos) exists, but does not contain the Daily Planet).

Although the results obtained showed that Wikipedia can be actually used to
improve the performance of our Question Answering system, especially for “Generic”
questions, they are well below the potential. This is due mainly to the following
three reasons: the performance of passage retrieval and answer extraction systems,
the localization of Wikipedia editions, and the fact that knowledge related to small-
scale events or less known people usually is not included into the Wikipedia. In
this last case, no action can be taken, since it is a feature of a massive distributed
project like Wikipedia; however, we can work to improve the passage retrieval system
and answer extraction subsystem, obtaining better passages and candidate answers.
Another interesting work direction should be a multilingual approach that could take
into account the various localizations of Wikipedia in the other languages, preferably
those containing many articles.

Participation to WiQA

WiQA was a task aimed at helping the readers/authors of Wikipedia rather than
finding answers to user questions. In the words of the organizers9, the purpose of
WiQA was “to see how IR and NLP techniques can be effectively used to help readers
and authors of Wikipages get access to information spread thoughout Wikipedia
rather than stored locally on the pages”. An author of a given Wikipage can be
interested in collecting information about the topic of the page that is not yet included
in the text, but is relevant and important for the topic, so that it can be used to
update the content of the Wikipage. Therefore, an automatic system will provide
the author with information snippets extracted from Wikipedia with the following
characteristics:

• unseen: not already included in the given source page;

• new : providing new information (not outdated);

• relevant : worth the inclusion in the source page.

9http://ilps.science.uva.nl/WiQA/Task/index.html
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Our approach to WiQA exploited a simple bag-of-words method based on the
supposed behaviour of a typical user (i.e. a WIkipedia author/editor). The user
behaviours emulated by our system are the following:

1. The user searches for pages containing the title of the page he is willing to
expand;

2. The user analyzes the snippets, discarding the ones being too similar to the
source page.

In the first case, passing the title as phrase to Lucene is enough for most topics. We
observed that some topics needed a better analysis of title contents, such as the 7th of
the English monolingual test set:“Minister of Health (Canada)”, however these cases
were not so many with respect to the total number of topics.

In the second case, the notion of similarity between a snippet and a page is the
key for obtaining unseen (and relevant) snippets. Note that we decided to bound
together relevance and the fact of not being already present in the page; we did not
implement any method in order to determine whether the snippets contain outdated
informations or not. In our system, the similarity between a snippet and the page
is calculated by taking into account the number of terms they share. Therefore, we
define the similarity fsim(p, s) between a page p and a snippet s as:

fsim(p, s) =
|p ∩ s|

|s|
(2.12)

Where |p∩s| is the number of terms contained in both p and s, and |s| is the number
of terms contained in the snippet. This measure is used to rearrange the ranking
of snippets by penalizing those being too similar to the source page. If wl is the
standard tf · idf weight returned by Lucene, then the final weight w of the snippet s
with respect to page p is:

w(s, p) = wl · (1 − fsim(p, s)) (2.13)

The snippets are then ranked according to the values of w.
The obtained results are shown in Table 2.9. The most important measure is the

average yield, that is, the average number of “good” snippets per topic among top
10 snippets returned. The best average yield of the systems participating to the task
was up to 3.38 for the English monolingual subtask [?]. We remark that our system
ranked as the best one in Spanish, although the number of participants was smaller
than for the English task.

The Average yield is calculated as the total number of important novel non-
repeated snippets for all topics, divided by the number of topics. The MRR is the
Mean Reciprocal Rank or the first important non-repeated snippet. The precision is
calculated as the number of important novel non-repeated snippets, divided by the
total number of snippets per topic. Our system returned always a number of snippets
≤ 10.
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Table 2.9: Results obtained by our system.

Language Average yield MRR Precision
English 2.6615 0.4831 0.2850
Spanish 1.8225 0.3661 0.2273

2.3.2 WordNet

WordNet is an ontology of English, developed at the University of Princeton under
the direction of G.Miller ([43]). Its last version (3.0) contains 155, 327 words grouped
into 117, 597 synsets. A synset (set of synonyms) is a group of words that are con-
sidered semantically equivalent. An example of synset for a geographical location
is the following: (London, Greater London, British capital, capital of the

United Kingdom). Each synset is associated to an unique id and a gloss, i.e. the
definition of the concept (in the case of London: the capital and largest city of

England; located on the Thames in southeastern England; financial and industrial

and cultural center). Moreover, the most important feature of WordNet is that
it also provides a set of semantic relationships which connect different synsets.

Probably, the most important relationship provided by WordNet is the hypernymy
(or is-a) relationship. This relationship connects two concepts where one is more gen-
eral than the other, such as ‘clock ’ and ‘cuckoo clock ’. The inverse relationship (from
a more specific concept to a more general one) is called hyponymy. The meronymy,
or part-of, relationship connects concepts that are part of another one and vice versa
(in the latter case it is named holonymy). In the example of Figure ??, ‘England ’ is
holonym of ‘London’. Finally, the instance relationship connects abstract concepts to
real world instances, such as ‘clock ’ and ‘Big Ben’. Most relationships connect words
of the same lexical category, also known as Part-of-Speech (POS) category, such as
those named here, which connect only noun concepts.

WordNet has been widely used in NLP, mainly because of its role as sense inven-
tory. It was also employed also to semantically annotate the Brown corpus ([28]),
obtaining the SemCor (Semantic Correspondance) corpus ([30]). In SemCor every
word belonging to the noun, verb, adjective and adverb POS categories has been
labelled with a WordNet sense. It is often used as a training corpus for supervised
word sense disambiguation methods. Its use as a resource for QA systems has been
extensively discussed in [47].

WordNet contains valuable lexico-semantic knowledge that can be exploited in all
modules of a state-of-the-art QA system. In question processing, the identification of
the kind of answer expected requires extensive semantic information. For example,
given the question “What flowers did Van Gogh paint?”, we need to know that the
answer type is a kind of flower. WordNet encodes 470 hyponyms of flowers that can
be searched in the retrieved passages. WordNet can also help with synonyms for
reformulations of the questions [58].
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Geographical Information Retrieval

Nowadays, many documents in the web or in digital libraries contain some kind
of geographical information. News stories often contain a reference that indicates
the place where an event took place. Nevertheless, the correct identification of the
locations to which a document refers to is not a trivial task. Explicit information
about areas including the cited geographical entities is usually missing from texts
(e.g. usually France is not named in a news related to Paris). Moreover, using text
strings in order to identify a geographical entity creates problems related to ambiguity,
synonymy and names changing over time.

Ambiguity and synonymy are well-known problems in the field of Information
Retrieval. The use of semantic knowledge may help to solve these problems, even if
no strong experimental results are yet available in support of this hypothesis. Some
results [6] show improvements by the use of semantic knowledge; others do not [51].
The most common approaches make use of standard keyword-based techniques, im-
proved through the use of additional mechanisms such as document structure analysis
and automatic query expansion.

We investigated the use of automatic query expansion by means of WordNet [43]
meronyms and synonyms in our 2005 to the GeoCLEF, but the obtained results were
below the average of participants [19, 11]. Although there are some effective query
expansion techniques [16] that can be applied to the geographical domain, we think
that the expansion of the queries with synonyms and meronyms does not fit with the
characteristics of the GeoCLEF task. Other methods using thesauri with synonyms
for general domain IR also did not achieve promising results [59].

In our work for GeoCLEF 2006 we focused on the use of WordNet in the index-
ing phase, specifically for the expansion of index terms by means of synonyms and
holonyms. We used the subset of the WordNet ontology related to the geographical
domain. It is quite difficult to calculate the number of geographical entities stored
in WordNet, due to the lack of an explicit annotation of the synsets, however we
retrieved some figures by means the has instance relationship, resulting in 654 cities,
280 towns, 184 capitals and national capitals, 196 rivers, 44 lakes, 68 mountains.

22
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Geographical resources like gazetteers usually contains a much greater quantity of
information. For instance, the Geonet Names Server1 (GNS) contains more than 5
million of place names.

In the following section we describe in detail the techniques developed for our
participations to the GeoCLEF 2005 and 2006 tasks.

3.1 WordNet-based GIR methods

There can be many different ways to refer to a geographical entity. This may occur
particularly for foreign names, where spelling variations are frequent (e.g. Rome can
be indicated also with its original italian name, Roma ), acronyms (e.g. U.K. or G.B.
used instead of the extended form United Kingdom of Great Britain and Northern
Ireland ), or even some popular names (for instance, Paris is also known as the
ville lumiére, i.e., the city of light ). Each one of these cases can be reduced to the
synonymy problem. Moreover, sometimes the rhetoric figure of metonymy (i.e., the
substitution of one word for another with which it is associated) is used to indicate
a greater geographical entity (e.g. Washington for U.S.A.), or the indication of the
including entity is omitted because it is supposed to be well-known to the readers
(e.g. Paris and France ).

WordNet can help in solving these problems. In fact, WordNet provides synonyms
(for instance, {U.S., U.S.A., United States of America, America, United States, US,
USA } is the synset corresponding to the “North American republic containing 50
states”), and meronyms (e.g. France has Paris among its meronyms), i.e., concepts
associated through the “part of” relationship.

Therefore, it is straightforward to employ WordNet as a resource for Geographical
Information Retrieval.

3.1.1 Query Expansion

Our first approach was to develop a query expansion method in order to take
advantage from the synonymy and meronymy relationships. The query is first tagged
with POS labels. After this step, the query expansion is done in accordance to the
following algorithm:

1. Select from the query the next word (w) tagged as proper noun.

2. Check in WordNet if w has the {country, state, land} synset among its hy-
pernyms; if not, return to 1, else add to the query all the synonyms, with the
exception of stopwords and the word w, if present; then go to 3.

1http://earth-info.nga.mil/gns/html/index.html
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3. Retrieve the meronyms of w and add to the query all the words in the synset
containing the word capital in its gloss or synset, except the word capital itself.
If there are more words in the query, return to 1, else end.

For example, the query: Shark Attacks off Australia and California is POS-tagged
as follows: NN/shark, NNS/attacks, PRP/off, NNP/Australia CC/and NNP/California.
Since “Shark” and “Attacks” do not have the {country, state, land} synset among
their hypernyms, therefore Australia is selected as the next w. The correspond-
ing WordNet synset is {Australia, Commonwealth of Australia}, with the result of
adding “Commonwealth of Australia” to the expanded query. Moreover, the following
meronym contains the word “capital” in synset or gloss: “Canberra, Australian capi-
tal, capital of Australia - (the capital of Australia; located in southeastern Australia)”,
therefore Canberra is also included in the expanded query. The next w is California.
In this case the WordNet synset is {California, Golden State, CA, Calif.}, and the
words added to the query are “Golden State”, “CA” and “Calif.”. The following two
meronyms contain the word “capital”:

• Los Angeles, City of the Angels - (a city in southern California; motion picture
capital of the world; most populous city of California and second largest in the
United States)

• Sacramento, capital of California - (a city in north central California 75 miles
northeast of San Francisco on the Sacramento River; capital of California)

Moreover, during the POS tagging phase, the system looks for word pairs of the
kind “adjective noun” or “noun noun”. The aim of this step was to imitate the
search strategy that a human would attempt. Stopwords are also removed from the
query during this phase. Therefore, the expanded query that is handed over to the
search engine is: “shark attacks” Australia California “Commonwealth of Australia”
Canberra “Golden State” CA Calif. “Los Angeles” “City of the Angels” Sacramento.

Experimental Results

For every query the top 1000 ranked documents were returned by the system. We
performed two runs, one with the unexpanded queries, the other one with expansion.
For both runs we plotted the precision/recall graph (see Fig. 3.1) which displays the
precision values obtained at each of the 10 standard recall levels.

The obtained results show that our system was the worst among the participants
to the exercise [19]. The query expansion technique proved effective only in a few
topics (particularly the topic number 16: “Oil prospecting and ecological problems
in Siberia and the Caspian Sea”). The worst results were obtained for topic number
5 (“Japanese Rice Imports”).

There are two main explanations for the obtained results: the first is that the
keyword grouping heuristic was too simple: for instance, in topic number 5 the words



Chapter 3: Geographical Information Retrieval 25

E

Figure 3.1: Interpolated precision/recall graph for the two system runs: dsic051gc, us-
ing only the topic title and description fields, and dsic052gc, using also the “concept”
and “location” fields.

are grouped as: “Japanese Rice” and “Imports”. The correct grouping should be
“Japanese” and “Rice Imports”. The second reason is that the expansion may in-
troduce unnecessary information. For example, if the user is asking about “shark
attacks in California”, we have seen that Sacramento is added to the query. There-
fore, documents containing “shark attacks” and “Sacramento” will obtain an higher
rank, with the result that documents that contain “shark attacks” but not “Sacra-
mento” are placed lower in the ranking. Since it is unlikely to observe a shark attack
in Sacramento, the result is that the number of documents in the top positions will
be reduced with respect to the one obtained with the unexpanded query, with the
consequence of achieving a smaller precision.

In order to better understand the obtained results, we compared them with two
baselines, the first obtained by submitting to the Lucene search engine the query
without the synonyms and meronyms, and the latter by using only the tokenized
fields from the topic. For instance, the query “shark attacks” Australia California
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“Commonwealth of Australia” Canberra “Golden State” CA Calif. “Los Angeles”
“City of the Angels” Sacramento would be “shark attacks” Australia California for
the first baseline (without WN) and shark attacks Australia California in the second
case.

Figure 3.2: Comparison of our best run (dsic052gc) with the “without query expan-
sion” baseline and the clean system (neither query expansion nor keyword grouping).

The interpolated precision/recall graph in Fig. 3.2 demonstrates that both of our
explanations for the obtained results are correct: in fact, the system using keyword
grouping but not query expansion performs better than the system that uses both;
however, this system is still worse than the one that do not use neither the query
expansion nor keyword grouping.

3.1.2 Index Term Expansion

The expansion of index terms is a method that exploits the holonymy relationship
of the WordNet ontology. A concept A is holonym of another concept B if A contains
B, or viceversa B is part of A (B is also said to be meronym of A). Therefore, our idea
is to add to the geographical index terms the informations about their holonyms, such
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that a user looking information about Spain will find documents containing Valencia,
Madrid or Barcelona even if the document itself does not contain any reference to
Spain.

We used the well-known Lucene2 search engine. Two indices are generated for
each text during the indexing phase: a geo index, containing all the geographical
terms included in the text and also those obtained through WordNet, and a text
index, containing the stems of text words that are not related to geographical entities.
Thanks to the separation of the indices, a document containing “John Houston” will
not be retrieved if the query contains “Houston”, the city in Texas. The adopted
weighting scheme is the usual tf ·idf . The geographical terms in the text are identified
by means of a Named Entity (NE) recognizer based on maximum entropy3, and
put into the geo index, together with all its synonyms and holonyms obtained from
WordNet.

For instance, consider the following text:

“A federal judge in Detroit struck down the National Security Agency’s domestic
surveillance program yesterday, calling it unconstitutional and an illegal abuse of pres-
idential power.”

The NE recognizer identifies Detroit as a geographical entity. A search for Detroit
synonyms in WordNet returns {Detroit, Motor city, Motown}, while its holonyms
are:

-> Michigan, Wolverine State, Great Lakes State, MI

-> Midwest, middle west, midwestern United States

-> United States, United States of America, U.S.A., USA,

U.S., America

-> North America

-> northern hemisphere

-> western hemisphere, occident, New World

-> America

Therefore, the following index terms are put into the geo index: { Michigan, Wolver-
ine State, Great Lakes State, MI, Midwest, middle west, midwestern United States,
United States, United States of America, U.S.A., USA, U.S., America, North Amer-
ica, northern hemisphere, western hemisphere, occident, New World }.

Experimental Results

In table 3.1 we show the recall and average precision values obtained by our system
at GeoCLEF 2006. Recall has been calculated for each run as the number of relevant

2http://lucene.jakarta.org
3Freely available from the OpenNLP project: http://opennlp.sourceforge.net
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documents retrieved divided by the number of relevant documents in the collection
(378). The average precision is the non-interpolated average precision calculated for
all relevant documents, averaged over queries.

The results obtained in term of precision show that non-WordNet runs are bet-
ter than the other ones, particularly for the all-fields run rfiaUPV02. However, as
we expected, we obtained an improvement in recall for the WordNet-based system,
although the improvement was not so significant as we hoped (about 1%).

Table 3.1: Average precision and recall values obtained for the four runs. WN: tells
whether the run uses WordNet or not.

run WN avg. precision recall
rfiaUPV01 no 25.07% 78.83%
rfiaUPV02 no 27.35% 80.15%
rfiaUPV03 yes 23.35% 79.89%
rfiaUPV04 yes 26.60% 81.21%

In order to better understand the obtained results, we analyzed the topics in which
the two systems differ more (in terms of recall). Topics 40 and 48 resulted the worst
ones for the WordNet based system. The explication is that topic 40 does not contain
any name of geographical place (“Cities near active volcanoes”); topic 48 contains
references to places (Greenland and Newfoundland) for which WordNet provides little
information.

On the other hand, the system based on index term expansion performed partic-
ularly well for topics 27, 37 and 44. These topics contain references to countries and
regions (Western Germany for topic 27, Middle East in the case of 37 and Yugoslavia
for 44) for which WordNet provides a rich information in terms of meronyms.

3.1.3 The Problem of toponym ambiguity

A great portion of the information currently available in digital format is con-
stituted by textual, unstructured documents. The continuous growth of this kind
of information and the increasing number of users that can access it constitutes a
challenge to the developers of Information Retrieval (IR) systems. One of the most
challenging problems is the ambiguity of human language. When searching for spe-
cific keywords, it is desirable to eliminate occurrences in documents where the word
or words are used in an inappropriate sense ([25]). Ambiguity can be of various types:
proper names may identify different class of named entities (for instance, ‘London’
may identify the writer ‘Jack London’ or a city in the UK), or may be used as a name
for different instances of a same class; e.g. ‘London’ is also a city in Canada. The task
of assigning the most appropriate sense to a word within its context is named Word
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Sense Disambiguation (WSD). Notably, this is still an open problem in the field of
Natural Language Processing (NLP).

In [8] we studied the application of a knowledge-based WSD method in the geo-
graphical domain, specifically to the disambiguation of toponyms. The method we
propose is based on the one ([52]) we developed for the disambiguation of nouns,
which implemented a variation of the Conceptual Density formula by [2].

Toponym disambiguation is a relatively new field. From a NLP perspective, it is
merely the application of WSD to place names. Its most direct application should be
the improvement of the searches both in the Web or in large news collections, due to
the fact that it is very common to find geographical information in web pages or news
stories (e.g. ‘Elections in Italy ’, ‘Plane crash in Teheran’). A growing interest in the
field of Geographical Information Retrieval (GIR) is testified by the recent creation
of the GeoCLEF exercise and the increment of the attendance at the GIR workshops4

held at the last SIGIR events. The lack of a reference corpus has long been an obstacle
to the evaluation of algorithms for toponym resolution ([33]). Recently some corpora
have been compiled ([17, 34]), but the lack of a mapping between WordNet and the
locations IDs used in these corpora prevented us from evaluating our method with
these resources. We overcome this problem by selecting the geographical entities in
the SemCor5 corpus that was originally developed for the WSD task.

4http://www.geo.unizh.ch/∼rsp/gir06/
5http://www.cs.unt.edu/∼rada/downloads.html#semcor
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Word Sense Disambiguation

WSD is a long standing problem in computational linguistics. The most extended
approach is to attempt to use the context of the word to be disambiguated together
together with information about each of its word senses to solve this problem. The
WordNet ontology, based on synsets (sets of synonyms), is the extemal lexical rcsource
which is used to perform the WSD task. When the initial input source of information
(i.e., the word and its context) is only processed together with the lexical knowledge
source, a fully automatic method which do not require any kind of training process
is needed to perform the word sense disambiguation.

In the following sections of this chapter we will present a new method based
on Conceptual Density [2] and its improvements. This method is an high precision
method that can be applied both in Question Answering and Geographical Informa-
tion Retrieval in order to solve the ambiguity problems that can be encountered in
both tasks.

4.1 Conceptual Density - based WSD

Conceptual Density (CD) was introduced by [2] as a measure of the correlation
between the sense of a given word and its context. It is computed on WordNet subhier-
archies, determined by the hypernymy relationship. The disambiguation algorithm
by means of CD consists of the following steps:

1. Select the next ambiguous word w, with |w| senses;

2. Select the context c̄w, i.e. a sequence of words, for w;

3. Build |w| subhierarchies, one for each sense of w;

4. For each sense s of w, calculate CDs;

5. Assign to w the sense which maximizes CDs.

30
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Our formulation of the Conceptual Density of a WordNet subhierarchy s is ([52]):

CD(m, f, n) = mα
(m

n

)log f

, (4.1)

where m are the relevant synsets in the subhierarchy, n is the total number of synsets
in the subhierarchy, and f is the rank of frequency of the word sense related to
the subhierarchy (e.g. 1 for the most frequent sense, 2 for the second one, etc.). The
inclusion of the frequency rank means that less frequent senses are selected only when
m/n ≥ 1. The relevant synsets are both the synsets of the word to disambiguate and
those of the context words. Our formulation allows to solve some problems with the
original CD due to the higher granularity of newer WordNet versions.

The WSD system based on this formula obtained 81.5% in precision over the
nouns in the SemCor (baseline: 75.5%, calculated by assigning to each noun its most
frequent sense), and participated at the Senseval-3 competition as the CIAOSENSO
system ([10]), obtaining 75.3% in precision over nouns in the all-words task (baseline:
70.1%). These results were obtained with a context window of only two nouns, the
one preceding and the one following the word to disambiguate.

4.2 Conceptual-density based Toponym Disambigua-

tion

When we considered adapting this algorithm to the disambiguation of toponyms,
we realised that the hypernymy relation was not suitable. For instance Cambridge(1)
and Cambridge(2) are both instances of the ‘city ’ concept and therefore, they share
the same hypernyms. The result is that the subhierachies are composed only by the
synsets of the two senses of ‘Cambridge’, and they are left undisambiguated because
their density is the same (in both cases it is 1).

Our idea is to consider the holonymy relationship instead of hypernymy. With
this relationship it is possible to create subhierarchies that allow to discern different
locations (having the same name) in a more effective way. For instance, the last three
holonyms for ‘Cambridge’ are:

(1) Cambridge → England → UK

(2) Cambridge → Massachusetts → New England → USA

The best choice for context words is represented by other place names, because
holonymy is always defined through them and because they constitute the actual
‘geographical’ context of the toponym we are disambiguating. In Figure 4.1 we show
an example of a holonym tree obtained for the disambiguation of ‘Georgia’ with the
context ‘Atlanta’, ‘Savannah’ and ‘Texas ’, from the following fragment of text ex-
tracted from the br-a01 file of SemCor:
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“Hartsfield has been mayor of Atlanta, with exception of one brief in-
terlude, since 1937. His political career goes back to his election to city
council in 1923. The mayor’s present term of office expires Jan. 1. He
will be succeeded by Ivan Allen Jr., who became a candidate in the Sept.
13 primary after Mayor Hartsfield announced that he would not run for
reelection. Georgia Republicans are getting strong encouragement to en-
ter a candidate in the 1962 governor’s race, a top official said Wednesday.
Robert Snodgrass, state GOP chairman, said a meeting held Tuesday
night in Blue Ridge brought enthusiastic responses from the audience.
State Party Chairman James W. Dorsey added that enthusiasm was pick-
ing up for a state rally to be held Sept. 8 in Savannah at which newly
elected Texas Sen. John Tower will be the featured speaker.”

According to WordNet Georgia may refer to ‘a state in southeastern United States’
or a ‘republic in Asia Minor on the Black Sea separated from Russia by the Caucasus
mountains’.

Figure 4.1: Example of holonym hierarchy for the disambiguation of Georgia, with
context: {Atlanta, Savannah, Texas} from the file br-a01 of SemCor. Nodes are
synsets, dark grey nodes are synset of context words.

As one would expect, the holonyms of the context words populate exclusively the
subhierarchy related to the first sense (the area filled with a diagonal hatching in
Figure 4.1); this is reflected in the CD formula, which returns a CD value 4.29 for the
first sense (m = 8, n = 11, f = 1) and 0.33 for the second one (m = 1, n = 5, f = 2).
In this work, we considered as relevant also those synsets which belong to the paths
of the context words that fall into a subhierarchy of the toponym to disambiguate.
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4.3 Integration of WSD methods: a Fuzzy Borda

approach

One of the lessons learned from our previous experience at Senseval-31 [9, 57]
is that the integration of different systems usually works better than a standalone
system. In our opinion this reflects the reality where humans do not apply always
the same rule in order to disambiguate the same ambigue word; for instance, if we
consider the sentences “He hit a home run” and “The thermometer hit 100 degrees”,
in the first case the sport domain helps in determining the right sense for hit, whereas
in the latter the disambiguation is carried out mostly depending on the fact that the
subject of the sentence is an object.

The combination of distinct methods represents itself a major problem. If the
methods return different answers, how can we select the best one? In this sense the
available choices are the following:

• Rule-based selection: a set of rules that can be both hand-made or automatically
learned from examples;

• Probability-based : the output of the methods is normalized in the range [0, 1]
and is considered as a probability. Then the values are multiplied in order to
obtain the sense with a maximum probability.

• Vote-based : the output of the methods is considered as a weighted vote. Then
a voting scheme is used in order to obtain the most voted sense.

Working with probabilities can be problematic due to the null probabilities that
make necessary the adoption of smoothing techniques. Therefore, we opted for a
voting scheme, in this case the fuzzy Borda [46, 18], one of the best known methods in
the field of collective decision making. With this scheme the disambiguation methods
are considered as experts providing a preference ranking over the sense of the word.

The methods we choose as experts are the sense probability calculated over Sem-
Cor, the Conceptual Density algorithm by [52], the extended Lesk by [5], and an
algorithm that takes into account the domains of the word to be disambiguated and
the context words. In the following sections we describe in detail the fuzzy Borda
scheme and each WSD expert.

4.3.1 Fuzzy Borda voting

The original Borda vote-counting scheme was introduced in 1770 by Jean Charles
de Borda, and adopted by the French Academy of Sciences with the purpose of
selecting its members. In the classical Borda count each expert gives a mark to each

1http://www.senseval.org
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alternative, according to the number of alternatives worse than it. The fuzzy variant
[46, 18] is a natural extension that allows the experts to show numerically how much
some alternatives are preferred to the others, evaluating their preference intensities
from 0 to 1.

Let R1, R2, . . . , Rm be the fuzzy preference relations of m experts over n alterna-
tives x1, x2, . . . , xn. For each expert k we obtain a matrix of preference intensities:
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where each rk
ij = µRk(xi, xj), with µRk : X × X → [0, 1] being the membership

function of Rk. The number rk
ij ∈ [0, 1] is considered as the degree of confidence with

which the expert k prefers xi to xj . The final value assigned by the expert k to each
alternative xi is:

rk(xi) =

n
∑

j=1,rk
ij>0.5

rk
ij (4.2)

which coincides with the sum of the entries greater than 0.5 in the i-th row in the pref-
erence matrix. The threshold 0.5 ensure the relation Rkto be an ordinary preference
relation [18].

Therefore, the definitive fuzzy Borda count for an alternative xi is obtained as the
sum of the values assigned by each expert:

r(xi) =

m
∑

k=1

rk(xi) (4.3)

In order to fill the preference matrix with the correct confidence values, the output
weights w1, w2, . . . , wn of each expert k are transformed to fuzzy confidence values by
means of the following transformation:

rk
ij =

wi

wi + wj

(4.4)

An example of how fuzzy Borda is used to combine the votes in order to obtain the
right sense of the target word is shown in Section 4.3.1.

We considered five experts in order to carry out the disambiguation process. Sense
probability and the extended lesk were available for every word, while the Conceptual
Density was calculated only for nouns. Therefore, all the experts were available only
for the nouns. For each expert different contexts were taken into account, depending
on the specific characteristics of each expert.
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Sense Probability

This expert is the simplest one: its votes are calculated using only the frequency
count in SemCor of the WordNet senses of the word. The transformation of the
frequency counts to the preference ranking is done according to Formula (4.4). Zero
frequency are normalized to 1.

A second CD-based expert exploits the holonymy, or part-of relationship instead
of hyperonymy. This expert uses as context all the nouns in the sentence of the word
to be disambiguated.

Extended Lesk

This expert is based on the algorithm by [5], a WordNet-enhanced version of
the well-known dictionary-based algorithm proposed by [35]. The original Lesk was
based on the comparison of the gloss of the word to be disambiguated with the context
words and their glosses. This enhancement consists in taking into account also the
glosses of concepts related to the word to be disambiguated by means of various
WordNet relationships. Then similarity between a sense of the word and the context
is calculated by means of overlaps. The word is assigned the sense obtaining the best
overlap match with the glosses of the context words and their related synsets.

The weights used as input for Formula (4.4) are the similarity values between the
senses of the world and the context words. The context for this expert consists of 4
WordNet words (disregarding their Part-Of-Speech) located in the same sentence of
the word to be disambiguated, i.e., words with POS noun, verb, adjective or adverb
that can be found in WordNet.

WordNet Domains

This expert uses WordNet Domains [40] in order to provide the system with
domain-awareness. All WordNet words in the same sentence of the target word are
used as context. The weight for each sense is obtained by counting the number of
times the same domain of the sense appears in the context (all senses of context words
are considered). We decided to not take into account the “factotum” domain.

Example

In this example we will consider only the sense probability and extended Lesk
experts for simplicity.

Let us consider the following phrase: “And he has kept mum on how his decision
might affect a bid for United Airlines , which includes a big stake by British Airways
PLC.” with affect as target word. We can observe that in WordNet the verb affect
has 5 senses. The sense count values are 43 for the first sense, 11 for the second, 4 for
both the third and the fourth one, and 0 for the last one. We decided to normalize the
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cases with 0 occurrences to 1. After applying the transformation (4.4) to the sense
counts, we obtain the following preference matrix for the sense probability expert:













0.5 0.80 0.91 0.91 0.98
0.20 0.5 0.73 0.73 0.92
0.09 0.27 0.5 0.5 0.8
0.09 0.27 0.5 0.5 0.8
0.02 0.08 0.2 0.2 0.5













Therefore, the final fuzzy Borda counts by the sense probability expert are 3.60
for affect(1), 2.38 for affect(2), 0.8 for affect(3) and affect(4), and 0 for
affect(5), obtained from the sum of the rows where the value is greater than 0.5.

The extended Lesk expert calculates the following similarity scores for thesenses
of affect, with context words decision, might, bid and include: respectively 107, 70,
35, 63 and 71 for senses 1 to 5. After applying the transformation (4.4) to the weights,
we obtain the preference matrix for this expert:













0.5 0.60 0.75 0.63 0.60
0.40 0.5 0.67 0.53 0.49
0.25 0.33 0.5 0.36 0.33
0.37 0.47 0.64 0.5 0.47
0.40 0.51 0.67 0.53 0.5













In this case the final fuzzy Borda counts are 2.58 for the first sense, 1.2 for sense 2,
0 for sense 3, 0.64 and 1.71 for senses 4 and 5 respectively.

Finally, the sum of Borda counts of every expert for each sense (see Table 4.3.1)
are used to disambiguate the word.

sense no: 1 2 3 4 5
expert 1 3.60 2.38 0.80 0.80 0
expert 2 2.58 1.20 0 0.64 1.71
total: 6.18 3.58 0.80 1.44 1.71

Table 4.1: Borda Count for the verb affect in the example phrase.

The system was not tested before SemEval. Our participation was limited to
the All-Word and Coarse-Grained tasks (without the sense inventory provided by
the organizers). The results are compared to the best system and the MFS (Most
Frequent Sense) baseline. The results of the coarse grained task demonstrates that our
system obtained better accuracy than the supervised systems in two narrow-domain
documents, one about computer science, and one about art.
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Conclusions

The investigations carried out led to the following contributions:

• A complete Question Answering system has been developed. This system is able
to answer questions in Spanish, Italian and French with an accuracy compara-
ble with the current state-of-the-art systems, as demonstrated by the results
obtained at recent CLEF competitions. The system demonstrated also its fault
tolerance capabilities when the input was constituted by speech transcription
or a low quality translation of the original question.

• We were able to assess that the translation errors affect the accuracy more than
speech transcription errors in Question Answering.

• A comparison of off-the-shelf web translation systems was carried out. We also
developed a technique based on web counts and the information entropy in order
to select the best translation among multiple options. The obtained results show
that this technique has to be improved in order to present an advantage with
respect to the selection of a specific translator.

• Novel index expansion techniques based on the WordNet ontology for Geo-
graphical Information Retrieval have been investigated and applied in actual
GIR tasks, obtaining good results in the case of Index Term Expansion.

• The use of Wikipedia in the Question Answering task was investigated, discov-
ering that it is necessary to combine different editions (intended as language
variants) of Wikipedia in order to obtain good coverage for the questions. In
other words, a question in Spanish about an event of Italian politics will be
found in the Italian edition of Wikipedia. This is an important result that
demonstrates the need of developing cross/multi-language IR and QA systems.

• A novel WSD approach based on Conceptual Density was developed, and sub-
sequently succesfully applied to the geographical domain for the disambiguation
of toponyms.

37
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• We investigated the use of Fuzzy Borda voting for the integration of different
WSD techniques. Our investigations showed that the integration of knowledge-
based WSD techniques can obtain better results than supervised methods in
narrow-domain texts.

5.1 Research Papers produced

Journals:

Buscaldi, D., Rosso, P. A conceptual density-based approach for the dis-
ambiguation of toponyms. To appear in International Journal of Geo-
graphical Information Systems (late 2007: electronic edition, beginning of
2008: print).

Rosso P., Masulli F., Buscaldi D. Un Mtodo Automtico para la Desam-
biguacin Lxica de Nombres. In: Revista Colombiana de Computacin,
UNAB, pp. 57-64.

Papers published in Springer (LNCS or LNAI):

Gomez J.M., Buscaldi D., Bisbal E., Rosso P., Sanchis E. QUASAR: The
Question Answering System of the Universidad Politecnica de Valencia.
In: CLEF 2005 Proceedings. Springer Verlag, LNCS(4022), Vienna, Aus-
tria, 2006.

Buscaldi D., Rosso P., Sanchis E. Using the WordNet Ontology in the
GeoCLEF Geographical Information Retrieval Task. In: CLEF 2005 Pro-
ceedings. Springer Verlag, LNCS(4022), Vienna, Austria, 2006.

Buscaldi D., Juan A., Rosso, P., Alexandrov, M. Sense Cluster-based
Categorization and Clustering of Abstracts. Int. Conf. on Comput. Lin-
guistics and Intelligent Text Processing, CICLing-2006, Springer Verlag,
LNCS(3878), pp.547-550, Mexico City, Mexico, 2006.

Buscaldi D., Rosso P., Pla F., Segarra, E., Sanchis E. Verb Sense Disam-
biguation using Support Vector Machines: impact of WordNet-extracted
Features. Int. Conf. on Comput. Linguistics and Intelligent Text Pro-
cessing, CICLing-2006, Springer Verlag, LNCS(3878), pp.192-195, Mexico
City, Mexico, 2006.

Rosso P., Montes M., Buscaldi D., Pancardo A., Villasenor A. Two Web-
based Approaches for Noun Sense Disambiguation. In: Int. Conf. on
Comput. Linguistics and Intelligent Text Processing, CICLing-2005, Springer
Verlag, LNCS (3406), Mexico D.F., Mexico, pp. 261-273, 2005.



Chapter 5: Conclusions 39

Buscaldi D., Rosso P., Montes M. Context Expansion with Global Key-
words for a Conceptual Density-Based WSD. In: Int. Conf. on Comput.
Linguistics and Intelligent Text Processing, CICLing-2005, Springer Ver-
lag, LNCS (3406), Mexico D.F., Mexico, pp. 257-260, 2005.

Buscaldi D., Rosso P., Masulli F. Integrating Conceptual Density with
WordNet Domains and CALD Glosses for Noun Sense Disambiguation.
In: España for Natural Language Processing, ESTAL-2005, Springer Ver-
lag, LNAI (3230), Alicante, Spain, pp. 267-276.

Rosso P., Masulli F., Buscaldi D., Pla F., Molina A. Automatic Noun
Sense Disambiguation. Int. Conf. on Comput. Linguistics and Intelli-
gent Text Processing, CICLing-2003, Springer Verlag, LNCS (2588), pp.
273-276.

Conference proceedings:

Buscaldi, D., Rosso, P. A comparison of methods for the Automatic Iden-
tification of Locations in Wikipedia. Proc. of GIR 2007 Worskhop, CIKM
2007, Lisboa, Portugal, 2007.

Rosso, P., Buscaldi, D., Iskra, M. Web-based Selection of Optimal Trans-
lations of Short Queries. SEPLN, Revista no.38 (Abril 2007) pp. 49-53
ISSN: 1135-5948, 2007.

Buscaldi, D., Rosso, P. UPV-WSD : Combining different WSD Methods
by means of Fuzzy Borda Voting. Proceedings of the Fourth International
Workshop on Semantic Evaluations (SemEval-2007) pp. 434-437, Prague,
Czech Republic, 2007.

Buscaldi, D., Rosso, P., Peris, P. Inferring Geographical Ontologies from
Multiple Resources for Geographical Information Retrieval. Proc. of the
3rd GIR Workshop, SIGIR’06, Seattle, WA, U.S.A., 2006.

Buscaldi D., Rosso P., Sanchis E. WordNet as a Geographical Information
Resource. In: 3rd Global WordNet (GWN 2006) conference proceedings,
Cheju, S.Korea, 2006.

Buscaldi, D., Rosso, P. Mining Knowledge from Wikipedia for the Ques-
tion Answering task. Proc. of the LREC 2006, Genova, Italy, 2006.

Buscaldi, D., Rosso, P. A Naive bag-of-words approach to Wikipedia QA.
CLEF 2006 Working notes, Alicante 20-22 September, C.Peters Ed, 2006.

Buscaldi, D., Rosso, P., Sanchis, E. WordNet-based Index Terms Expan-
sion for Geographical Information Retrieval. CLEF 2006 Working notes,



Chapter 5: Conclusions 40

Alicante 20-22 September, C.Peters Ed., 2006.

Buscaldi, D., Gomez, J.M., Rosso, P., Sanchis, E. The UPV at QA@CLEF
2006. CLEF 2006 Working notes, Alicante 20-22 September, C.Peters Ed.,
2006.

Sanchis, E., Buscaldi, D., Grau, S., Hurtado, L., Griol, D. Spoken QA
based on a Passage Retrieval Engine. SLT 2006, Aruba 10-13 December
2006.

Gomez J.M., Bisbal E., Buscaldi D., Rosso P., Sanchis E. Monolingual
and Cross-language QA using a QA-oriented Passage Retrieval System.
In: CLEF 2005 Working Notes. 21-23 September, Vienna, Austria C.
Peters (Ed.), 2005

Buscaldi D., Rosso P., Sanchis E. A WordNet-based Query Expansion
method for Geographical Information Retrieval. In: CLEF 2005 Working
Notes. 21-23 September, Vienna, Austria C. Peters (Ed.), 2005.

Gomez J.M., Buscaldi D., Bisbal E., Sanchis E., Rosso P. A Multilingual
Question Answering System using an n-grams based Passage Retrieval
Engine. In: 2nd Indian Int. Conf. on Artificial Intelligence, Phrasad Ed.,
Hyderabad, India.

Buscaldi D., Rosso P., Masulli F. The upv-unige-CIAOSENSO WSD Sys-
tem. In: Workshop Senseval-3, Int. Conf. Association of Computational
Linguistics (ACL), Barcelona, Spain, pp. 77-82, 2004.

Buscaldi D., Montes M., Rosso P. Web-based WSD using Adjective-Noun
pairs. In: Workshop on Lexical resources and the Web for Word Sense
Disambiguation, Int. Conf. IBERAMIA, Puebla, Mxico, pp. 89-96, 2004.

Pancardo A., Montes M., Rosso P., Buscaldi D., Villasenor L. Desam-
biguacin Lxica de Sustantivos usando la Web. In: Workshop on Lexical
resources and the Web for Word Sense Disambiguation, Int. Conf. IB-
ERAMIA, Puebla, Mxico, pp. 118-122, 2004.

Calcagno L., Buscaldi D., Rosso P., Gmez J.M., Masulli F., Rovetta S.
Comparison of Indexing Techniques based on Stems, Synsets, Lemmas and
Term Frequency. In: Workshop Red Temtica en Tecnologa del Habla, Va-
lencia, Spain, pp. 171-176, 2004.

P. Rosso, F.Masulli, D.Buscaldi. Word Sense Disambiguation using Con-
ceptual Distance, Frequency and Gloss. In: Int. Conf. on Natural
Language Processing and Engineering Knowledge, IEEE Press, Beijing,
China, pp. 120-125, 2003.



Chapter 5: Conclusions 41

Buscaldi D., Guerrini G., Mesiti M., Rosso P. Tag Semantics for the Re-
trieval of XML Documents. In: Workshop on Conceptual information
retrieval and clustering of documents, International Symposium on In-
formation and Communication Technologies, ACM Conf. Series, Dublin,
Ireland, pp. 280-285.

Rosso P., Masulli F., Buscaldi D. Word Sense Disambiguation with and
without Supervision. In: XI Int. Congress of Computation, Mexico D.F.,
Mexico, pp. 531-540.



Bibliography
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