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Abstract

This work presents a method for establishing hierarchical relations between news article
topics. This is accomplished using notions from Concept Analysis and Graph Theory and
the application of the Knowledge Discovery in Data methodology (KDD).

A project called Verbatim produced methods to automatically classify Portuguese
news articles with tags that had been extracted from the news media. This project pro-
duced a large and growing dataset, containing the news-tag associations, which was used
for our experimental work.

Following the KDD methodology, preprocessing steps were taken to reduce the com-
plexity of the dataset and remove inaccurate entries.

An algorithm to mine the relations between the news tags was designed. This algo-
rithm looked for topic->subtopic associations and its application to the Verbatim dataset
resulted in a set of topic->subtopic pairs that could be mapped in a news topic graph. The
analysis of this graph revealed a large number of shallow, mostly independent subgraphs.
Each of these subgraphs was considered to represent the topic->subtopic hierarchy of a
single topic. By selecting the sources in each subgraph and reconstructing them as a tree,
the taxonomy for each root topic was produced.

All of the topics that were found to be sources were considered super-topics studied
to ascertain their similarities. This was done using an algorithm which redefined the root
topics as sets of tags and compared them, calculating the overlap of these sets. Several
graphs were constructed, by adjusting the similarity criterion, in which topics were linked.

The taxonomies of each topic, although shallow are usually accurate and the topic sim-
ilarity graph provided a novel view and a deeper understanding of the relations between
news topics.
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Resumo

Este trabalho apresenta um método para estabelecer relacdes hierdrquicas entre topicos de
noticias apoiando-se em no¢des de Andlise de Conceitos e de Teoria dos Grafos e atraves
da aplicag¢ao da metodologia Knowledge Discovery in Databases (KDD).

Como parte de um projecto chamado Verbatim, foi desenvolvido um método para clas-
sificar automaticamente noticias Portuguesas com fags. Este método produziu o conjunto
de dados que foi usado para a componente experimental deste trabalho.

Seguindo a metodologia de KDD, foram tomados passos de pré-processamento para
reduzir a complexidade do conjunto de dados e remover entradas incorrectas.

Um algoritmo para estudar as relacdes entre as tags das noticias foi projectado. Este
algoritmo procurou associagdes entre topicos e sub-tépico de noticias. A aplicacdo deste
algoritmo ao conjunto de dados Verbatim resultou em um conjunto de pares (topico -
> sub-tépico) que podiam ser mapeados num grafo. A andlise desse grafo revelou um
grande nimero de sub-grafos independentes. Cada um destes sub-grafos representando
a hierarquia entre de sub-tdpicos de um tnico tépico. Ao seleccionar as fontes de cada
sub-grafo e construindo-os como uma érvore, a taxonomia para cada tépico foi produzida.

Todos os tépicos que foram identificados como fontes foram considerados super-
tépicos foram estudados para verificar suas semelhancas. Isso foi feito usando um al-
goritmo que redefiniu os super-tépicos conjuntos de tags e comparou-os, calculando a so-
breposi¢ao desses conjuntos. Vdrias experiéncias foram realizadas, ajustando-se o critério
de similaridade.

As taxonomias de cada topico, embora pequenas sao normalmente precisas e o grafo
de semelhangas proporcionou uma nova visao € uma compreensao mais profunda das
relagdes entre os topicos de noticias.

il
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“A little knowledge is a dangerous thing. "

Alexander Pope, (1688-1744)
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Chapter 1

Introduction

In the information age, knowledge is hard to find. Our ability to generate and collect
content has been increasing rapidly, well beyond our ability to process it [Han06]. As
such, on the Internet, content and metadata are becoming inseparable from one another.
Aiming to facilitate user access to content, metadata-based navigation has become a sta-
ple approach, as a means to cope with ubiquity of the Internet and it’s overwhelming
supply of content. Because of social media websites, such as YouTube.com, Gmail.com,
linkedin.com, stackoverflow.com users now have high expectations regarding content, ac-
cessibility and navigation.

1.1 Context

In the Verbatim project, a SapoLabs ! project now called voxx (Figure 1.1), a set of au-
tomatic software tools for information structuring and filtering was developed. Verbatim
Z is a system for acquiring information from live news feeds and extracting quotes and
topics. This was created with the intent of providing a sort of a personal information
"butler"[SNOOQ9]. This system provides a quote extraction and browsing service aiming
to ease the news articles information overflow. To facilitate the browsing and navigation
of the extracted quotes, these quotes needed to be labeled with news article topic tags. As
the news articles did not contain useful topic metadata this had to be extracted too.

The tag extraction process was achieved through the automatic mining of topic tags,
using a lexical pattern present in some news articles - <7opic Tag>:<News Title>. This
<Topic Tag> was taken as the adequate news tag. This pattern was not present in all

articles and when present only one tag could be extracted. The articles for which this

1http ://labs.sapo.pt/
2 Available online at http: //voxx.sapo.pt/
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Figure 1.1: Homepage of voxx (ex-Verbatim), July 2011.

pattern was not present were given the same tag that similar articles had. This was done
by classifiers trained using the original tagged articles. This process was further im-
proved by a document clustering method - nearest neighbor. This was done to enhance
the quality of tagging non-tagged documents and also to provide additional tags for the
others [SNTOO09].

From an information extraction perspective this resulted in a large and growing dataset
of tagged news articles. This dataset, which provides multiple tag associations for each
news item, is the basis for the work presented in this document. The dataset contains all
the tag - news associations constructed by three methods - NN, SVM and Rocchio - as
well as the score attributed to the association. In Figure 1.2 the fag - news pairs for a
single news item are shown, as an example. The existence of multiple tags for each news
item is a key point in this work. However the example shown reveals one of the major
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problems that will be addressed throughout this work - how to determine the relevance of
a given tag to the news content.

| news_id | method | tag | value | news_title |
| 772642 | NN | cavaco | 0.0610563 | Cavaco Silva: "Para serem mais honestos do que eu tém que nascer duas vezes" |
| 772642 | NN | cavaco | 0.06003 | Cavaco Silva: "Para serem mais honestos do que eu tém que nascer duas vezes" |
| 772642 | NN | Justica | 0.0495682 | Cavaco Silva: "Para serem mais honestos do que eu tém que nascer duas vezes" |
| 772642 | NN | Ensino particular | 0.0474579 | Cavaco Silva: "Para serem mais honestos do qgue eu tém gue nascer duas vezes" |
| 772642 | NN | PSD | 0.0447437 | cavaco Silva: "Para serem mais honestos do gue eu tém gue nascer duas vezes" |
| 772642 | NN | PS reage | 0.0431733 | Cavaco Silva: "Para serem mais honestos do gue eu tém gue nascer duas vezes" |
| 772642 | NN | BPN | 0.0417574 | Cavaco Silva: "Para serem mais honestos do que eu tém que nascer duas vezes" |
| 772642 | NN | PSD | 0.0392989 | cCavaco Silva: "Para serem mais honestos do que eu tém que nascer duas vezes"™ |
| 772642 | NN | BEN | 0.038222 | Cavaco Silva: "Para serem mais honestos do que eu tém que nascer duas vezes" |
| 772642 | NN | Lacdo | 0.0367607 | Cavaco Silva: "Para serem mais honestos do que eu tém que nascer duas vezes" |
| 772642 | SVM | Ttalia | -0.991309 | Cavaco Silva: "Para serem mais honestos do que eu tém que nascer duas vezes" |
| 772642 | SVM | Real | -1.04528 | Cavaco Silva: "Para serem mais honestos do que eu tém que nascer duas vezes" |
| 772642 | sSVM | Futebol nacional | -1.05323 | Cavaco Silva: "Para serem mais honestos do que eu tém gque nascer duas vezes" |
| 772642 | sSVM | Académica | -1.05534 | cavaco Silva: "Para serem mais honestos do gue eu tém gue nascer duas vezes" |
| 772642 | SVM | Liga Zon Sagres | -1.05913 | cavaco Silva: "Para serem mais honestos do gue eu tém gue nascer duas vezes" |
| 772642 | SVM | Costa do Marfim | -1.10878 | Cavaco Silva: "Para serem mais honestos do que eu tém gque nascer duas vezes" |
| 772642 | Rocchio | Liga Orangina | 0.0188679 | Cavaco Silva: "Para serem mais honestos do que eu tém que nascer duas vezes"™ |
| 772642 | Rocchio | Liga Orangina | 0.0188679 | Cavaco Silva: "Para serem mais honestos do que eu tém que nascer duas vezes" |

Figure 1.2: Example database entries for a single news item.

1.2 Problem Overview

Initially the challange was to find ways to improve the voxx news classification system ex-
ploring relations between tags. In a way, this meant trying to find out topics and subtopics
as aresult of a tag hierarchy, assuming that higher level tags in that hierarchy were broader
topics, news wise. Eventually this could be used to better train the classifiers and ulti-
mately to achieve an improved overall performance of the tagging system. While seeking
this, the following question arouse:

How accurate is a tag classification?

Not all tag - news associations are equally valid or useful. In Figure 1.2 some tags are
clearly not adequate, for instance, "Académica, Futebol Nacional, Liga Orangina, Liga
Zon Sagres, Costa do Marfim, Itdlia". In order to take further advantage of the generated
tags, it was necessary to have a better understanding of the fag and the rag - news associ-
ations, particularly how to distinguish correct and incorrect associations without manual
supervision (detailed in Chapter 3). This leads to the next question:

How to deal with versions of the same tags?

Due to the free form nature of the tags available, multiple versions of the same tag ap-
peared (at least 14% of tags, using a conservative point of view). These duplicates have a
negative impact and should be reduced as much as possible. This was done without sac-
rificing genuine tags using a simple unsupervised spell correction method based on the



Introduction

edit distance (detailed in Chapter 4). Having done this optimization, the work proceded
to address the next question:

How can tag accuracy be predicted?

First a baseline had to be established. This was acomplished through manual valida-
tion (detailed in Chapter 3). Human evaluators were asked to evaluate random samples
from the dataset. This process provived a detailed view on the behavior of the classifiers
and ultimately permited to predict their accuracy (detailed in Chapter3) and consequently
eliminate all the inadequate entries (73% of the original entries). The resulting dataset,
although smaller, had a higher and known classification accuracy:

How can a taxonomy be constructed?

By defining a tag by the set of news for which it was correctly associated and considering
that more general tags are those that are associated to a larger set of news, the notions
of topic and subtopic are created as entities in a hierarchy. Through association of these
entities, hierarchycal trees can be contructed. In these trees the root nodes can be consid-
ered broad topics, similar to the common language meaning of a topic (i.e Futebol, PEC,
Libia, etc)(detailed in Chapter4).

How can the constructed taxonomies be validated?
There are basically 4 ways of evaluating taxonomies:

* By comparing them to other pre-established same subject taxonomies (i.e. using a
gold standard);

* Through manual evaluation performed by domain experts;
» By perfoming a statistical evaluation of the taxonomy through its structural features;

* By doing application-driven evaluation, in which a taxonomy is assessed on the
basis of the improvement its use generates within an application.

The first alternative is generally the desired one, but in this case a suitable taxonomy
to be used as a gold standard could not be found. As such, taxonomies were evaluated
through manual validation, namely assessing the number of correctly connected nodes,
that is, the number of nodes that correctly belong to their root nodes, the number of nodes
that although incorrectly connected do belong to their root nodes. Several other structural
aspects were evaluated, such as tree size, tree depth and news coverage for a given tree.
The final method of evaluation is also the ultimate goal of this work, that is, improving
the voxx news classification system.
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1.3 Motivation

The Verbatim dataset presents the possibility of using the news classifier results in a novel
way - using the tags (automatically generated and associated to news), to construct topic
hierarchies.

While there is much work done in the construction of topic hierarchies from texts, the
idea of constructing topic hierarchies from the automatically generated tag - news pairs
for Portuguese news articles is a previously unexplored one.

This approach seeks to address several recurring issues in this field such as classifier
evaluation, tag disambiguation, concept clustering, taxonomy construction and evaluation
which constitutes very stimulating challanges. The possibilty to push the boundaries of
any of these issues, even a little bit, is its own reward.
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Chapter 2

Background and Related Work

This chapter introduces the academic background which sets the boundaries for the prob-
lems addressed in this work. The technical concepts and methodologies used on this
approach are also presented. These definitions will be applied mostly within the scope of
this work, and will be, simplified, working definitions.

2.1 Khnowledge Discovery or Data Mining

There is some confusion around the term Data Mining, which is often used interchange-
ably as the task of discovering interesting patterns from large amounts of data or as the
methodologies that incorporate this task.

To clarify, in the context of this work, Data Mining will be considered to be one of the
steps in the knowledge discovery process models, such as in KDD or CRISP-DM among
others. All these process models, while distinct, can be summarized into 3 underlying
steps:

* Pre-processing
* Data mining
 Results validation

These 3 steps are also followed throughout this work providing a basis for the structure
of this document.
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2.2 News Topic Classification

Classifications are made to help the human or the program to structure or to increase the
usefulness of information. A classification is a ready-made or evolving structure, much
like a collection of "labeled boxes" in which the information is placed [vRO3].

There are several distinct approaches currently in use for news topic classification.

One of these, is an effort to employ industry supplied standards NewsCodes - a facet
based controlled vocabularies, used to categorize news content and in the IPTC news
exchange formats. NewsCodes is a set of terms that expresses facets of news content.
Facets could be the subject, the genre, the urgency, etc. However this is not widely used
yet, particularly outside news providers.

Another, more recent, emerging aspect of news classification is the use of social tags
(keyword annotations)[HRGMOS]. These are a popular way to allow users to contribute
with metadata to these large and dynamic corpora. Social tags, in variance with industries
or academic standards, are free form, independent from any kind of preconceived catego-
rization. This makes them appropriate for domains in which the content may change
very rapidly, particularly web media. However social tags, as a recent phenomenon
are not yet well understood. This gives rise to new research, seeking to comprehend
social tag behavior, and related problems such as cold strapping (niche tags, that be-
came popular overwhelm, obscuring other useful tag, increasing artificially the semantic
complexity)[HRGMOS].

2.3 Taxonomy

"Taxonomy is a hierarchy created according to data internal to the items in that hierarchy."
[VRO3]

Originally taxonomy referred to the orderly classification of plants and animals ac-
cording to their presumed natural relationships. A clear example of taxonomy, in this
sense, is the animal kingdom taxonomy. Kingdom "animals", "mammals", order "car-
nivores", genus "canis", species "canis lupus", which is the common gray wolf. Other
members of the genus "canis" are the dog and the jackal. This is a taxonomy based on the
presumed "is a kind of" relation.

A Taxonomy is a structure according to some relation between the entities. Taxonomic
entities are classified in a hierarchical structure according to a specific relation between
them. Then a taxonomic relation is a relation between entities in the taxonomy, for in-
stance the relation between class and subclass or, more pertaining to this work the relation
between news topic and new subtopic.
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2.4 Taxonomy Construction

Taxonomy construction seeks to answer the need for some pre-existent knowledge be-
tween lexical terms when addressing semantic relations. Additionally even established
taxonomies fail to be applicable outside their domains of creation.

As such, efforts to establish sets of rules between concepts, usually in a domain-
specific knowledge space, are a common link between most of the work publish in the
area. These rules are sought for creating networks of concepts, and ultimately taxonomies,
which can then be used as background knowledge. This can be used as a stepping stone
for approaching more specific problems (e.g. contracting multilayer hierarchical classi-
fiers) or as a gold-standard in future work.

In one of the earliest works that helped define this domain Hearst [Hea92] established
a method for the automatic acquisition of the hyponymy (IS-A, e.g. rabbit IS A mammal)
lexical relation from text by identifying hyponymy relations through the use of lexico-
syntactic patterns. Besides hyponymy, other lexical relations can also be acquired using
the same method.

However, Sanderson [SC99] pointed out that, manual intervention was required for
this discovery and the scope of the noun phrase pairs identified was limited. And also
noted that other, simple, unsupervised methods such as term co-occurrence and document
frequency could produce maps of related terms. In the same work a method of auto-
matically deriving a hierarchical organization of concepts from a set of text documents
without the use of training data or clustering techniques. In this words and phrases ex-
tracted from the documents are organized hierarchically using a type of co-occurrence
known as subsumption. These methods were used to sort documents in a hierarchical
structure according to their semantic context.

New methods used training sets of positively marked documents to constructed cate-
gory classifiers, such as rocchio or svm - support vector machines [DC00]. Most of these
approach resulted in flat categories, that would mean a complete independence between
categories. As the number of categories tends to grow significantly large, this provides
difficulty in browsing and searching the categories. This can be solved using hierarchical
classification [SLO1].

In "Hierarchical Text Classification and Evaluation" the objective was somewhat sim-
ilar to the ultimate goal of this work. The objective was to construct a hierarchy of cate-
gories for improving the organization structure of text documents. The texts were orga-
nized in flat categories. These are categories that are predefined and are treated in isolation
(i.e. there is no structure defining the relationships between them). As the number of cate-
gories increased, text browsing became a problem. By evaluating the similarities between
categories they devised a method of structuring them in a hierarchy. Altough in a diferent
context, the problem presented seemed to have considerable similarities to this work and
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was important to the decision of persuing an hierarchycal approach. They proposed the
use of additional classifiers to determine if a doccument should belong to a category or one
of its subtrees. This method was tested by contructing a top-down level based hierarchical
classification. And evolved by means of performance measures for evaluating semantic
relationships and parent-child relationships among categories in a hierarchy [SLO1].
Recently, with the advent of web2.0 and social tags, there has been an abundance of
tagged data. This has led to the establishment of a new probabilistic data mining approach
to these issues. These social tags, despite their free-form nature, tend to be used in lim-
ited sets for a particular object type [PLO8]. A generative probabilistic mode for extracting
taxonomies from social tags was proposed [PLOS8]. An example of using user specified
tags from Flickr to construct taxonomies can be found in Plangprasopchok [P1a09]. These
taxonomies, created from social tags can be evaluated through comparison to reference
taxonomies, providing a fully automated taxonomy constructed method. However several
issues were identified, this approach resulted in taxonomies which were: sparse, shallow,
ambiguous, noisy, and inconsistent. These issues led to the refinement of the probabilistic
approach, for instance, by including user specified hierarchical relations (e.g. folder and
subfolders) and applying probabilistic affinity propagation for dealing with the user meta-
data attribute propagation [PLG11]. Another approach relied on enriching the data with
metadata provided through the use of highly ranked web-search engine results[CCO4].

2.5 Conclusions

While there are lexical resources that provide the semantic relations among words (e.g.
WordNet [MBF190], FrameNet, UNL) these are not complete or universally available to
all languages. Moreover these resources become less valid as a domain grows in speci-
ficity and languages evolve [SMO07]. Nonetheless their use as a gold standard for evalua-
tion remains invaluable and extremely disseminated [HKRO09] [Kor(02].

Concerning the Portuguese language, altough there are several ongoing projects to
increase the number of lexical resources, such as PAPEL [OSGS08], TeP [DdsMO03],
MultiWordNet [MAC'06], they have not yet matured to a WordNet, preventing their use
as gold standards. Moreover news tags are mostly names, organizations and events, which
are not usually found in theses resources.

This lack of a gold standard constitutes an issue that hampers the automatically eval-
uation of lexical-semantic systems.

It has been proved taxonomies can be constructed based solely upon metadata, such
as social tags, user specified relations, etc.. This is particularly important because, in this
work, news topic taxonomies are constructed using only news articles tag information
without conducting any lexical analysis.

10



Chapter 3

Preliminary Dataset Analysis

This section describes the data level analysis processes that were conducted. This was
done to establish a baseline level of understanding of the data. In a lesser degree, this was
also done to improve the understanding of Portuguese news stories as a data domain.

When using KDD, an in-depth understanding of the Dataset is very useful. As noted
in [Han06], background knowledge, or information regarding the domain under study,
may be used to guide the discovery process and allow discovered patterns to be expressed
in concise terms and at different levels of abstraction. As such, it becomes an even greater
necessity to conduct this preliminary analysis. This way we can assert which data cleaning
and integration techniques will be required.

As mentioned in Chapter 1, in Section 1.1 and Section 1.2 the dataset under consider-
ation was generated from the work done in Verbatim and Voxx [SNO09] [SNTO09]. Ver-
batim, a system for acquiring information from live news feeds and extraction of quotes
and topics, made use of several classification techniques in order to associate and propa-
gate tags in an effort to classify news stories extracted hourly from Portuguese news RSS
feeds.

Another objective of this Chapter, along with acquiring a better understanding the of
data, is the collection of statistics. These statistics will be used to establish the baseline
for the preprocessing steps that are to follow.

Some of the more important aspects of this analysis was the study of the tag, value
attributes, and how these attributes relate to one another.

3.1 Dataset Overview

The dataset under study contains 175.814 entries corresponding to the data acquired from
10.804 news articles, selected from 2010-12-23 to 2011-04-10. Each entry represents
the association between a news article, a tag assigned to that news article, a news article
identification number and headline, and some details (method name and classification

11
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score) about the method used to associate that news article with that tag. Some entries
also have the news’s original fag. It is important to note that these original tags were used
to train the classifiers in Verbatim.

3.2 Tags

A tag follows a very loose definition, a tag is a string of characters which contains any of
the following: alphanumerical characters, symbols, punctuation or white space.

Histogram of number of news per number of tags
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Figure 3.1: Histogram showing how many news there are for how many tags.

There are 4.260 distinct fags in the dataset, of these, less than 300 (around 6%) account
for 75% of the 175.814 total occurrences.

The work done in verbatim suggests that minor spelling variations (e.g. misspellings,
inconsistent spelling conventions) might account for a significant amount of distinct zags.
Tags are extracted from professional news text, because of this these minor spelling vari-
ations should not occur frequently.

The distribution of tags (Figure 3.2), shows a great number of very uncommon tags
(2.065 tags appear 3 times or less). These minor spelling variations should be partly
responsible for the long tail which is found on the tag distribution.

The top 20 (Figure 3.3) most frequent tags(close to 0.5% the tag space) represent
approximately 18,6% of all tag occurrences 3.2.
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Acumulated Tag Coverage / Dataset Coverage
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Figure 3.2: Accumulated histogram representing the distribution fags expressed in percentage of
unique fags over dataset coverage.

3.3 Original Tag

The original tag is a particular case of fag. Original tags are assigned to news a pri-
ori [SNOOQ9] and are considered to be. Having this in consideration, entries of the dataset
in which the fag is identical to its original tag are considered duplicate entries and will
not be used in the following steps.

3.4 News Classification

Each entry in the dataset is a single unique instance of news classification (i.e. each entry
represent the classification of a news article with a single fag). As such, it is of the utmost
importance to have a clear understanding of this aspect of the data. Associated to each
classified fag there is a method label and a value obtained from the classifier. This value
is expected to be an indicator of positive identifications. Because the dataset contains tags
generated from distinct classification methods, the values accrued from this process must
be evaluated separately.

The following is dedicated to understanding how the values behave in the dataset.
The details of these methods will not be under study, as it does not appear to be relevant
to the work at hand. The method is regarded simply as a label - as a modifier for the

13
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# Tag Occurrences | # Tag Occurrences
1 Sporting 3451 11 Energia 1346
2 Futebol 2721 12 Marcelo 1335
3 Libia 2427 13 Crise 1302
4 PEC 2261 14 | Basquetebol 1280
5 Mercado 1898 15 Camarate 1279
6 Madeira 1757 16 Quiosque 1261
7 | Governo/Demissao 1554 17 Académica 1129
8 PSD 1505 18 | Portugal/Brasil 1114
9 Rio Ave 1454 19 Egito 1105
10 Brasil 1412 20 PSP 1096

Figure 3.3: The top 20 most popular tags, and the number of times each one occurs.

classification value. However, the methods have distinct value ranges and distribution
which makes it necessary to divide the dataset accordingly.

The dataset contains results from the following 3 different methods. Descriptive statis-
tics and histograms (Figure 3.4, Figure 3.5 and Figure 3.6) were generated for each subset
as a means to help establish a baseline for optimization:

* Rocchio classification [Roc71], or rocchio: accounts for 12.307 (7%) of the 175.814
entries in the dataset;

* Nearest Neighbor [SNTOOQ09], or nn: accounts for 62.767 (35.7%) of the 175.814
entries in the dataset;

» Support Vector Machines [Joa98], or svm: accounts for 100.740 (57.3%) of the
175.814 entries in the dataset.

As can be seen in the rocchio distribuition, it appears that some degree of truncation
may have occurred.

In Figure 3.6 we can see a group of 4000 entries with value = 1. When evaluated
manually these entries were considered to be all positive and, consequently, were given
the same status of the original tags.

The svm (Figure 3.5) method provided the most entries and the smallest variance of
the 3.

Methodologies for comparing classifiers are an important part of data mining re-
search. The paper "On Comparing Classifiers: Pitfalls to Avoid and a Recommended
Approach" [Sal97] presents a set of methodological notes which were generally followed
in this work. In order to compare the methods in the dataset, a simple criterion was cho-
sen: the average accuracy of classification of each method. In other words, for a given
method, what is the probability of selecting a correct news - tag classification if a random
entry is selected?

14
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Distribution of rocchio values
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Figure 3.4: Histogram representing the rocchio values distribution and descriptive statistics.

One of the goals of this step is to estimate the average accuracy for each classifier. A
test was designed based on the knowledge that the average accuracy is also the estimator
of the proportion of positive observations. Because the observations are independent,
this estimator follows a (scaled) binomial distribution. For a sufficiently large number of
samples, the distribution will be closely approximated by a normal distribution with the
same mean and variance as the average accuracy’s. Using this approximation, it can be
shown that around 95% of this distribution’s probability lies within 2 standard deviations
of the mean [NIS11].

In practical terms, this test consists in extracting random samples from the subsets
and manual evaluate them as correct or incorrect classifications. This manual evaluation
is subjective in nature as it depends on the knowledge of current events of the observers
and on their subjective beliefs. In order to attempt to achieve accurate results the following
guidelines were established:

* The value of the fag-news classification was hidden from the subjects (this was done
in an effort to avoid confirmation bias);

* Subjects were asked to identify the nature of a news article by mean of analyzing
its title;
* If the subjects could not positively identify the nature of the news through the use

of its title they were given access to the news text;

* Subjects were then asked to decide, based on their previous experience, if given a
certain news title, the associated tag could be used to locate that news article on the
web;
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Distribution of svm values
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Figure 3.5: Histogram representing the svm values distribution and descriptive statistics.

* The samples were then evaluated as positive or negative accordingly.

For these tests, the sample size was set at 200 samples for each method subset. This
sample size was chosen in an effort to avoid using a prohibitively large sample set and
still achieve a high degree of confidence (approximate 92.5%).

Some examples from a sample test:

* tag: Ciéncia - news title: "Estacionar o carro e usar o metro e a Carris vai custar 49

euros por més em Lisboa" - manual evaluation: false

* tag: Turismo - news title: "Aposta reforcada na promocdo dos Acores" - manual
evaluation: true

All manual validation tests, used to measure classifier accuracy, can be found in
Apendix A - Human Classifier Validation A.

We can see from this analysis (Figure 3.7) that the method rocchio provides the highest
average classification accuracy at 51% =+ 5% followed by method nn with 42% =4 3% and
method svm with 12% =+ 1%. Given the low deviation of the svm method values its
accuracy might be hard to improve.
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Distribution of nn values
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Figure 3.6: Histogram representing the distribution of nn values distribution and descriptive statis-

tics.
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Figure 3.7: Average Accuracy of Classification of 200 Samples from svm, rocchio and nn subsets.
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Chapter 4
Approach

This chapter starts by presenting a detailed view on the problem to be approached. This
Chapter is divided in the following subsections:

* Problem Statement - Presents a detailed view on objectives, steps, issues and analy-
sis methodology that are to be used throughout this approach;

» Data Preprocessing - In these subsections the necessary data cleaning and selection
steps, which will be required in order to obtain analyzable results, are conducted;

* Taxonomy Construction - In this section the data acquired and refined in the previ-
ous sections is mined, extracting the relations which are used to construct a topic
hierarchy;

* Results and Evaluation - In this section the methodology for evaluating the taxon-
omy is establish and the results from its application are analyzed.

4.1 Problem Statement

The objective of this work is to provide a method to construct an ordered network of
news topics or taxonomy. This network will be constructed based on the relation fopic
-> subtopic in which, the topic is identifiable as a broader news fopic than the subtopic.
News tags will be used to represent the topics and sub topics.

News topics are constructed under the optics of concept analysis, in this sense, each
topic is represented by a tag and defined as the set of news of all the news for which the
news - tag association is accurate for that zag.

The topic -> subtopic association is based on the notion that tags which are accurate
for more news will be broader tags (i.e. tags that can be used in different contexts or have
different meanings). The association topic -> subtopic is defined as true if the topic is
a super set of the subtopic. However, this definition is very strict and dependent on the
accuracy of the tag - news relations.

19



Approach

The topic -> subtopic relation will be used to create concept trees. Each tree will
represent a broad news topic. Each tree is constructed recursively, starting at the root
node, which is a fopic that is not a subset of any other topic and adding nodes for which
the rags are subset of the root, in the fopic -> subtopic relation.

4.2 Data Preprocessing

In this section the processes involved in cleaning, selection and transformation of the
dataset are described and their results evaluated. More specifically, this will involve the
following:

¢ removal of noise and inconsistent data;

¢ selection of the data from nn, svm and rocchio subsets.

Increment of tag count after correction (%)
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Figure 4.1: Percentual increment of news coverage per fag after the automatic correction.

4.2.1 Automatic Misspelling Correction

As observed in Chapter 3, one of the causes of the high number of distinct fags is minor
spelling differences between tags (i.e. spelling mistakes and inconsistent terminology).
Correcting these errors in preprocessing, ideally through the replacement of an incor-
rect tag with the correct version of that tag, would improved the quality of the dataset.
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This would fall within the scope of spell checking and spelling suggestion problems, par-
ticularly automatic unsurpervised spellchecking. These are much studied problems and
complex open fields, outside the scope of this work [TCSEO7]. However, in this particu-
lar case an approach to automatic unsurpervised spellchecking can be achieved, assuming
that the following hypotheses are true:

* for each incorrect tag there is one correct version of that tag in the dataset;
* for a pair of very similar tags there can be only one correct fag;

* the correct version of a fag is also the most popular version of that fag in the dataset.

The Levenshtein distance was chosen as the similarity criteria, this has been frequently
used in the context of the identification of misspelled words [TCSEQ7]. The Levenshtein
distance between two strings is defined as the minimum number of edits needed to trans-
form one string into the other, with the allowable edit operations being insertion, deletion
or substitution of a single character [Lev66]. A method was developed and implemented
to calculate the highest (i.e. closest to 1) Levenshtein distance between all distinct pairs of
tags. The minimum distance threshold for replacement was experimentally obtained and
set to 0.8, this means that two tags with a Levenshtein distance above 0.8 are very similar.
For very similar pairs of tags, the correct version was then defined as the fag which had
no correct version - meaning no other very similar more popular fag. The correct rag was
then propagated to all incorrect version of it.

Effect of automatic spell correction
Tags (18,5%) Data set (10,7%)

ALTERED

NOT ALTERED NOT ALTERED

156921

Figure 4.2: Impact of the automatic correcting on the number of tags and dataset entries.
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This process affected 18.893 entries (10.7% of the dataset) (Figure 4.1 and Figure 4.2)
and allowed the replacement of 790 rags for their more popular alternatives, reducing the
number of distinct tags by 18.5% from 4260 to 3470.

4.2.2 Classification Analysis

As explored in the preliminary analysis in Chapter 3, the classification results have a
low average accuracy which translates into a very high type 1 error rate, because of this,
the data was considered too noisy. A method for distinguishing between accurate and
inaccurate classifications had to be established.

The objective of this method is to determine the value that separates the low-accuracy
results from the high-accuracy results, for each classifier method. This requires study of
the relation between threshold value and average accuracy.

As before, the work done by Salzberg [Sal97] served as inspiration for establishing
the steps for this process.

The process is described in the following steps:

 Extract 200 random samples from the dataset;

* The 200 randomly chosen samples are manually evaluate using the guidelines es-
tablished in the previous chapter;

* Calculate the average accuracy from the set of 200 random samples;

* Analyze how the average accuracy changes when the threshold is increased (it is
important to remember that any decrease in sample size translates into a decrease in
precision);

* Based on the analysis of the previous step, set a new minimum value;

» Repeat this process, this time extracting a new set of samples with value greater
than the threshold established in the previous step.

This process was conducted for each method subset, setting progressively higher
threshold values, until there appeared to be no change in average accuracy or until the
dataset became too small.

For the nn subset 3 set of 200 random samples were selected:

* nn, value > 0.029 - close to the set minimum below which no positive results were
obtained through sampling;

* nn, value > 0.05 - this is the median, as values above the median appeared to score
considerably better than the one bellow, in chapter 3 sampling, furthermore, this
was chosen to divide the set into half;
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* nn, value > 0.06 - this value subdivides the set again, this was chosen to support the
findings of the value > 0.05 set.

nn Classifier Accuracy vs value and
Percentage of nn population vs value
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Figure 4.3: Distribution average classifier accuracy and percentage of population vs value thresh-
old.

These samples were collectively mapped in Figure 4.3. Where the data points (in
red, squares) show the mean accuracy obtained for each 200 random sample set. They
increase in accuracy of classification from 0.42 (42%) to 0.72 (72%) as the threshold
value increased.

The mean accuracy is also mapped across value increase. This is the mean accuracy of
the threshold value for the 600 sample collectively. This was done in an effort to provide
a deeper insight to the behavior of the classifier.

Finally the total percentage of subset was also mapped to show how the set size de-
creases with the increase in value threshold.

The previously described process was also performed for the rocchio subset. However
for the rocchio subset only 2 sets of 200 random samples were extracted, these were
chosen at specific minimum values:

* rocchio, value > 0.008 - close to the set minimum: below this value no positive
results were obtained through sampling;

* rocchio, value > 0.2 - this value was suggested in the work previously done as an
empirically chosen threshold [SE].
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rocchio Classifier Accuracy vs value and
Percentage of rocchio population vs value
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Figure 4.4: Distribution average classifier accuracy and percentage of population vs value thresh-
old.

As before the sampled were collectively mapped, Figure 4.4. Where the data points
(in red, triangles) show the mean accuracy obtained for each 200 random sample. They
increase in accuracy of classification from 0.52 (52%) to 0.82 (82%) as the threshold
value increases.

The distribution of mean accuracy was again mapped across value increase. The be-
havior appears to change drastically above value > 0.3 but this should simply be attributed
to the very low number of samples from that value range and the lack of precision that
entails.

Also, as before, the total percentage of the subset was mapped, showing how the set
size decreases with the increase of value.

Finally this process was repeated to the svm subset. For this subset 3 sets of 200
random samples were chosen, as follows:

* svm, value > -1.1 - close to the set minimum below this value no positive results
were obtained through sampling;

» svm, value > -0.09 - close to the median, as values above the median appear to score
considerably better than the ones bellow, as seen in Chapter 3, furthermore, this was
chosen to divide the set into half;

* svm, value > -0.55 - suggested in the work previously done in as an empirically
chosen threshold [SNOOQ9].
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svm Classifier Accuracy vs value and
Percentage of svm population vs value
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Figure 4.5: Distribution average classifier accuracy and percentage of population vs value thresh-
old.

As before the samples were collectively mapped in Figure 4.5. The data points (in red,
squares) show the mean accuracy obtained for each 200 random sample. They increase in
accuracy of classification from 0.15 (15%) to 0.78 (78%) as the threshold value increases.

The distribution of mean accuracy was again also mapped across value increase. This
is the mean accuracy of classification for threshold value for the 600 samples collectively.

Also as before, the total percentage of subset was mapped, showing how the set size
decreases with the increase of value.

4.2.3 Dataset Selection

After the evaluation work in the previous section, it became possible, based on the value,

to reach a balance in selecting the most accurate entries from the dataset with a certain
degree of precision while maintaning as much of the data as possible.

The following rules, specificy the minimum value for each method and the number of
dataset entries obtained by each rule.

* original tags; 2555 entries
e nn, value = 1; 3299 entries
e nn, 1 > value > 0.065; 9786 entries

e rocchio, value > 0.1; 4095 entries
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Histograms of number of news per number of tags before and after selection
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Figure 4.6: Histogram representing the distribution fags before and after automatic misspelling
correction and data selection.

e svm, value > -0.7; 1375 entries

This selection results in a set with 21.092 entries and a mean expected accuracy of
83%. This value is the key that sets the baseline for the accuracy of the hierarchical
relations to be extracted. The effect of these rules on the dataset can be in Figure 4.6.

4.3 Taxonomy Construction

The inicial approach resulted in a directed cyclic graph with the tags as nodes. An edge
was added for each pair of tags in a news. Edge weight was defined as the number of times
a given association appeared. Nodes were then given a score based on tag popularity.

This approach produced a very dense directed cyclic graph with just a few and very
tightly packed clusters and also a very large amount of cycles and isolated nodes.

Besides its complexity, it was evident that in this graph two unrelated fags could be
closely linked without the possibility of detecting that, foiling further attempts of trans-
forming the graph into a taxonomical tree with language meaning. In practical terms, it
seemed that this solution was diverging from the objective, so a new approach was devised
from the lessons of this experience.

In order to produce a news topic taxonomy, the concept of news topic was first de-
fined. A fopic is a set of news which are all classified with the same tag (Figure 4.7.B).
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Figure 4.7: Detailed steps in the taxonomies trees construction algorithm.

A subtopic also has a very simple definition: subtopic is a subset of news of a topic (Fig-
ure 4.7.C). This implies that any node which is not a subset of any other node is special -
a root node (Figure 4.7.D).

Taxonomical graphs can be constructed by starting at each root node and recursively
applying these definitions in a top-down manner.

This method is much cleaner than the one in the initial attempt and resulted in a graph
containing multiple disjoint directed acyclic sub graphs (Figure 4.8).

To achieve a taxonomical tree, the problem of having multiple paths that reach the
same node must be solved. Because there is no relevant information available to choose
between those multiple paths, an optimal branching algorithm could not be applied. Even
if this was possible, this course of action could jeopardize information, eventually very
important for taxonomical construction, from the news (language) point of view (example
tree in Figure 4.9). As such, the approach taken was to preserve all possible paths, instead
of choosing just one. So, when necessary, each node was replicated according to its parent
node. This way multiple paths to the same node could exist in different trees according to
distinct news topic meanings.

4.4 Topic Tree Results and Evaluation

One of the early considerations of this method was the following: whenever a certain fag
was associated with a news which had only one single rag, that tag could never be used
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Figure 4.8: Graph containing multiples disjoint directed acyclic.
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Because of this, news that were associated to a single fag were considered to be un-

helpful in constructing the taxonomy and were removed from the set before the next step.

This resulted in a set of 10.667 entries of fag - news pairs. This set covered 3.673 news

and 1.379 tags. The majority of news had only 2 or 3 tags associated. The distribution of

the number of tags associated to each news was already presented in Figure 4.6.
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Distribution of number of trees per tree size
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Figure 4.10: Distribution of the number of nodes in a tree.

The tree construction process (Section 4.3) was applied on this dataset and resulted in
371 distinct trees. The number of nodes in each tree, as well as the news coverage (i.e.
the number of news which contain the tags in the tree) were collected and are represented
in Figure 4.10 and Figure 4.12.

The size of the trees (i.e. the number of nodes in a tree) did not appear to be directly
correlated to the news coverage of each tree (Figure 4.11). This appears to be an indicator
that the trees are resistant to the popularity of the rags.

It is quite apparent from the Figure 4.8 that this method produces trees that are almost
independent from one another.

Some trees were sampled and analyzed in detail. (shown in detail in Figure 4.9).

e Root node Futebol

This tree has 20 nodes and covers 416 news. Under examination, most of the rela-
tions appeared accurate and could be positively identified as different news topics
that had occurred in the period and were subtopics of Futebol. Futebol as a news
topic, is a very broad topic. This becomes obvious simply by looking in detail
to some of its subtopics. Most of them are either events or personalities some-
how related with Futebol. Some of these are clearly identifiable, such as FC Porto
campedo, Incidentes de Alvalade, Mourinho provoca. Others had to be confirmed
by checking their respective news text, such as Sul do Suddo, Machado. Of all the
nodes in this tree, only FORUM and Agarrem-se were found to be incorrect. The
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Taxonomy trees - number of nodes vs news coverage
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Figure 4.11: Distribution of the news coverage per number of nodes in a tree.

first is a common editorial name and not directly connected (i.e. there could be a
FORUM about Futebol). The second is the only one which is most likely result of a
misclassification, this was concluded after analysis of that tag news’s text.

* Root topic Libia

This tree has 27 nodes and covers 217 news. As before, most of the relations ap-
peared accurate and could be identified relating to the opinions that public figures
and organizations had voiced about this topic, Libia. Some topics, however were
obviously synonyms (e.g. Kadhfi, Khadafi, Kadafi) the appearance of this topics is
an indicator that the preprocessing step for removing duplicate misspelled entries
could be further refined.

In general root trees seemed good candidates to be News Topics specially the large
ones. Apart from that the influence of the fags wrongly classified can be seen at root node
level (e.g. "Quiosque" is the name of a news column) and also at other tree levels (e.g.
"Agarrem-se", "FC-Rodrigo", "Trancoso", "CHAN").

One of the types of errors can be traced to the selections of the original tags. Those
errors derive from the use of tags that are meaningful only for their newspaper or magazine
(e.g. the names of newspapers, sections, authors).

Overall, the general perception is that, despite having produced a large number of
topics (371), the method produced topics that appeared not only usable but also very
interesting from the language processing point of view. Another issue, is that some of
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Figure 4.12: Distribution of the news coverage of all the trees.

the smaller trees could be expected to belong to some of the larger ones. This could be
attributed to the discrete nature of the fopic -> subtopic association. As such, it looks
particularly promising to look at the topic trees as fragments of other much larger and
more complex structures.

Although all the nodes of a taxonomical tree are topics, in the technical sense, it is
obvious that their position in the tree bears a language significance. It is not clear, at this
point, the full extent of the consequences in term of language processing. Nevertheless at
least a kind of topic has its own importance - the root node.

4.5 Super-Topics

Trying to find out if there is a significant underlying structure relating the discovered 371
root topics, another step was taken.

In order to do that, the concept of super-topics needs to be defined. A super-topic is a
set of tags which appear in all news of a root topic. All super-topics and related tags are
listed in the Appendix D.
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[CZo)

Figure 4.13: Composition of 6 super-topic graphs for diferent similarity values, A = 90%, B =
85%, C =80%. D =75%,E =70%, F =65%
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The process described in Section 4.3, which was used to find the root topics, can now
be used to find relations between super-topics. Although the process is, in essence, similar
there is one notable methodological difference. The comparison criterion is not the strict
inclusion (of one set in another) but a more flexible inclusion. This was done because
almost no relations could be found when the strict inclusion criterion was used. In a way,
as expected, this shows the unique nature of each super topic.

To uncover the relation between them, an experimental protocol was designed. This
protocol consists in allowing a growing degree of relaxation of the comparison criterion.
A parameter was defined - similarity - as the percentage of tags of a given super-topic that
should match those of a larger super-topic (size was defined as the number of tags it has).

In Figure 4.13 results can be seen in the form of a direct graph for similarity = 90% to
similarity = 65%. In Appendix E detailed views of each one can be found. In these graphs,
each node represents a super-topic and each edge represents the connection between 2
super topics that met the similarity criterion at a given level. The edges are directed from
the larger to the smaller super-topic.

When examining this graph, 3 diferent kinds of nodes were taken into consideration:

* Some nodes which are never successors of other nodes (i.e. there are no edges
directed from other nodes to these ones) are called sources. These nodes represent
super topics that are always larger than similar super topics;

* Some nodes which are never predecessor of other nodes (i.e. there are no edges
directed from these ones to other nodes) are called sinks. These nodes represent
super topics that are always smaller than similar super topics;

* The rest are predecessor to some nodes and successors to other.
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Chapter 5

Conclusion

5.1 Brief Summary

The original dataset was composed by 175.814 entries regarding 10804 different Por-
tuguese news from 23-12-2010 to 10-04-2011. Each entry contains a news title, a tag,
and a classification.

There are 4 types of tags, original tags (attributed by the news producer) and 3 ob-
tained by automatic classification methods - nn (62.767 entries), svm (100.740 entries),
and rocchio (12.317).

Misspelling correction and duplicate entries elimination

From 4260 different tags this process permitted to reduce the number of tags to 3460.
After duplicated entries were eliminated, the dataset was reduced to 151.387 entries.

Entries Selection

Thresholds for the acceptable classifier accuracy were empirically obtained for each clas-
sifier in order to secure a global estimated accuracy of 83%. The obtained dataset, con-
tained 15.578 entries, 8.558 news. The dataset was further reduced by removing all the
news with a single tag - 10.667 entries, 3773 news, and 1379 tags.

Taxonomy Construction

The concepts of topic, topic -> subtopic relation, and an algorithm to construct topic
taxonomies were devised and applied to the dataset resulting in 371 trees, that is, in 371
topics.
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Topic Relations

To investigate the underlying structure of the news produced in this period (23-12-2010
to 10-04-2011) the concept of super topic was introduced, the previous algorithm was
adapted to extract the relations between super topics based on its tag-similarity.

Super Graph

Several graph were generated, using various degrees of similarity, to better understand the
trade-off between complexity (noise) and information usability (semantic intuition).

5.2 Observations

As indicated in Taxonomy Construction 4.3 this process resulted in a large number of
shallow trees. Upon observation this appear to be attributable to the restrictive nature of
the rules used in establishing the topic - subtopic relations. The method used allows no
leeway for incorrect tag - news associations. This is also believed to be the cause of there
there being no two identical fopics (i.e. topics defined by the exact same set of news).

Overall this methodology proved to be a powerful analysis tool allowing a deep insight
to the structure of the Portuguese news from the perspective of taxonomical and similarity
relations between its topics.

In a news sense, topics could be found automatically and ranked according to news
coverage and tag relationships.

Although the feasibility of the process was demonstrated, several weaknesses imped
its performance and demand further work. First of all, tags provide a better representation
of the news content. There are many popular tags that are misleading, either because they
are void of information or because they give clues in wrong directions. For instance the
tag quiosque, which appear to be a common newspaper column name but was used in
145 of the final dataset (4%). This tag bears no news meaning, but nonetheless, due to
its popularity it found its way to a relevant position in the super topic graph (it’s a source
with 12 direct successors).

5.3 Future Work

Impact of the classifiers accuracy on the final outcome

The dataset selection was based on the assumption that classification accuracy was im-
portant for the extraction of meaningful knowledge. However, it can also be argued that,
to some extent, sample size could be more important than accuracy. This can be verified
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through the conduction of several experiments with different threshold values (i.e. differ-
ent datasets). In the same line of work, the use of original datasets could be improved by
refining the rules which are used to extract the tags from headlines.

Classifier accuracy improvement

Based on the results from the topic taxonomical trees, better training sets could be found
and used to train classifiers. Also, hierarchical classification models could be designed
and used to improve the news classification process. Once this is done, the work presented
here could be redone and evaluated accordingly. The repetition of these steps would be
revelant as long as there was for room for improvement.

Time-based analysis

Another way of looking at the dataset would be from a temporal standpoint, altough dis-
regarded, together with data sequence, in this work. The results reflect a specific time
period of about 15 weeks, during which, the Portuguese news panorama changed signif-
icantly. Some news topics emerged while other disappeared. In future endeavors this or
other similar datasets could be considered as a temporal window from which to look at the
way news change over time. This approach could be capable of proving means to analyze
current events, to identify trends or cycles in the news, to link data to seasonal variations,
or even to predict variations in the dataset.
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Appendix A

Classifier Evaluation

This Appendix contains the first 100 results from the manual evalution of tag - news
association random sample for the rocchio set.
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Classifier Evaluation

News Id News Title Score Tag Evaluation
820197  Estilista John Galliano diz adorar Hitler - video 0.0419 Libia no
915256  PSD quer mobilidade forcada. Sindicatos dizem néao 0.0735 Governo/Demissao no
898793  Pingo Doce nega bactérias em camardo congelado 0.0667 Alimentacdo yes
806562 NATO nio vai intervir na crise da Libia 0.0702 Libia yes
919784  Bagdo Félix ndo retira acusagdes de mentiroso a Sdcrates 0.1200  Governo/Demissao yes
917259  Preferiria mil vezes mexer no IVA a ter que cortar pensdes e reformas 0.0579 Governo/Demissao yes
826658  Vargas Llosa garante que vai falar na Feira do Livro de Buenos Aires 0.0373 Libia no
827044  Governo aprova proibicao de estagios profissionais ndo remunerados 0.0556 Juros no
919262  4gua de Luso aponta para crescimento de 6% a 8% este ano 0.0506 Divida ptblica no
797913  EMEL satisfeita com um ano de Smartpark e prepara pagamentos por telemével 0.0429 Sub-20 no
914734  E a tua universidade, € verde? 0.0372 EUA no
908949  Actual Governo deve assegurar condicdes de liquidez 0.0783 PEC yes
787396  "Estamos mais fortes do que ha um ano" 0.0299 Futebol yes
779198  Sé de Braga entra na "Rota das Catedrais" 0.0355 Egito no
905026  Sonae Sierra entra em africa 0.0342 Reino Unido no
794198 Homem que acompanhava presidente da Junta feridos 0.4286 Portalegre no
784954  Encontradas espécies invasoras em madeira importada a venda nos Acores 0.0201 Reino Unido no
821521  Mais de 9 mil reformas antecipadas com corte médio de 14% 0.0293 CpP no
889795  Vieira da Silva diz que 5 de Junho € a data mais adequada para elei¢des 0.2128 PEC no ¥
887490  Pacheco Pereira defende acordo pré-eleitoral entre PSD e PS 0.1200 PEC no
888219  Carlos Queiroz corrosivo na resposta a Pepe 0.1029 Caso Queiroz yes
781752  Diabetes estd a crescer em Portugal 0.0197 Alemanha no
788387  Roubini prefere Mario Draghi para liderar BCE 0.0326 Alemanha no
783532  Francisco Louga diz que limite ao défice na Constituicdo torna economia estipida e incompetente  0.0714 Egipto no
789889  Manuel Fernandes assume favoritismo frente a Naval 0.1167 V. Setiibal yes
920589  Assis admite que Portugal possa pedir ajuda 0.1277 Governo/Demissio yes
826046  Qualidade que marca pontos 0.0290 Divida no
785508  Euribor voltam a subir em todos os prazos 0.0484 Divida yes
779362  Projectos de Design do Politécnico de Viana do Castelo expostos na Interdecoragdo 0.0273 Ecumenismo no
889371  Austeridade em Portugal é um "delirio" 0.2273 IN no
904187  Ministro da Holanda diz que esté tudo pronto caso Portugal decida pedir ajuda 0.1798 Juncker no
807802 Embaixador libio em Brasilia diz que Al-Qaida quer usar a Libia para atacar a Europa 0.1169 Libia yes
899775  Ministro da Economia acusa Telmo Correia de demagogia 0.1333 Governo yes
918479  Empresérios suspeitos de apedrejarem veiculo pesado absolvidos em Tribunal 0.0282 Paquistdo no

Table A.1: An example of table
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Classifier Evaluation

News Id News Title Score Tag Evaluation
817011  Carris pede ao Governo para manter pagamento de remuneragdes varidveis 0.0619 Cortes salariais yes
829139  Soldado Manning € "herdi sem igual” - Assange 0.1084 Wikileaks yes
786357 BE anuncia que vai apresentar mo¢do de censura ao governo 0.0923 AR/Censura yes
777831  Stanley Ho acusa 3a mulher e 5 filhos de "apropriagdo fraudulenta" de acc¢des 0.0157 Rio Ave no
827344  HP e Microsoft querem levar as 50 maiores empresas portuguesas para a nuvem 0.0459 Exportacdes no
788081  Projeto do "Enfermeiro de Familia" permitiu 4.300 consultas no Centro de Satude de Vila Franca do Campo 0.0412 Acores no
811294  Valter Lemos diz que ndo € "responsavel pela incompeténcia" do PSD 0.0769 Emprego no
887604  "Rating voltara a subir com medidas do PSD" 0.1092 PSD yes
827050 Carlos Barbosa defende "limpeza" na arbitragem 0.1667 Sporting yes
797106  Trabalhadores dizem que reducdes afectam seguranga do metro de Lisboa 0.0841  Greve/Transportes yes
885262  Casillas pede "mais educacdo” com Mourinho 0.2088 Quiosque no
785196  Panda Security revela principais ameacas e dé dicas de seguranca 0.0947 Internet yes
807596  Ministro Rui Pereira diz que nimero de eleitor é anacronismo, oposi¢do condena proposta precipitada 0.0425 Seguranga no
794064  Portugal renova acordo petrolifero com a Venezuela 0.1777 Venezuela yes
903567  Japao. Autoridades vao desactivar quatro reactores de Fukushima 0.1231 Japao yes
900448 O Mobi.E pode ser comparado ao Facebook 0.0769 Governo/Demissio no
901689  PSD apresentou pacote legislativo para promover "transparéncia das contas publicas" 0.0663 PEC no
916348  Novos reformados trabalharam entre 25 e 34 anos 0.1136 Portugal < no
918581 Barco de pesca encalha em Peniche 0.0417  Greve/Transportes no
913236  Luis Procuna dirige escola de toureio da Moita 0.0440 Sporting no
791024  Vaga de contestac@o continuar a agitar mundo mugulmano 0.0701 Iémen yes
905561 PSD recua e vota contra prescricdo de medicamentos por substdncia activa 0.1707 Educacio no
891372  Sporting/Elei¢des - José Roquette alerta para risco de o clube cair nas maos de um aventureiro 0.1475 Sporting yes
828950  Siza Vieira diz que Casa da Arquitectura é necessdria para preservar espolio nacional 0.0379 I Liga no
930412  Governo deve criar fundo social de emergéncia, propde Caritas 0.0864 Crise yes
778080  Rui Pereira vai "insistir" na aprovacio da videovigilancia em Lisboa 0.0463 FPF no
784487  Farmacéuticos vao poder trocar remédios mesmo quando médico nfo autoriza, diz sindicato 0.0391 Satde yes
817563  Roff filial na Suécia 0.0301 Telecom no
822401  "PS estd a fazer o trabalho sujo do PSD" 0.0672 AR/Censura yes
826887  Mais de 200 mil fogem de conflitos na Costa do Marfim 0.1692  Costa do Marfim yes
901948  Acores recusam suspender processo de avaliacdo dos professores 0.1042 Professores yes
901953  Japao desactivard quatro reactores de central danificada 0.2410 Japao yes
779545  Trés dias de luta foram extremamente positivos 0.0196  Taga de Portugal no
897420  Metro de Lisboa faz hoje quarta greve parcial desde Fevereiro 0.1871 Greve yes
779829  Autoeuropa suspende sidbados de producgdo extraordindria em Fevereiro 0.0135 Rio Ave no

Table A.3: An example of table



Appendix B

Taxonomy Evaluation

This Appendix contains the results of the manual evalution of the taxonomical trees con-
structed.
Each tree was evaluated under the following format:

root Root node tag;
count Number of edges in the tree;

T ok Total number of adequate nodes (i.e. nodes obeying the topic -> subtopic
relation);

T wrong Total number of inadequate nodes (i.e. nodes not obeying the topic ->
subtopic relation);

T 777 Total number of nonsensical nodes (e.g. misspelled synonyms);

% ok Percentage of adequate nodes (i.e. nodes obeying the topic -> subtopic rela-
tion);

% wrong Percentage of inadequate nodes (i.e. nodes not obeying the topic ->
subtopic relation);

% 77?7 Percentage of nonsensical nodes (e.g. misspelled synonyms).
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0 0 o
00 0 0 ong o 0 0 ong 0

Libia 27 15 5 7 55.6% 18.5% 25.9%
Sporting 22 16 3 3 T72.7% 13.6% 13.6%
Futebol 20 13 2 5 65.0% 10.0% 25.0%
Roger Waters em Lisboa 11 9 0 2 81.8% 0.0% 18.2%
Quiosque 10 0 0 10 0.0% 0.0% 100.0%
Governo/Demissdo 9 6 1 2 66.7% 11.1% 22.2%
Man. United 9 4 0 5 444% 0.0% 55.6%
Egito 8 4 0 4 50.0% 0.0% 50.0%
PEC 8 8 0 0 100.0% 0.0% 0.0%
Portimonense 8 0 8 0 0.0% 100.0% 0.0%
SUB-21 8 5 1 2 625% 125% 25.0%
Brasil 7 5 1 1 71.4% 14.3% 14.3%
JN 7 0 0 7 0.0% 0.0% 100.0%
Juncker 7 5 2 0 714% 28.6% 0.0%
OE2011 7 7 0 0 100.0% 0.0% 0.0%
V. Setlbal 6 5 0 1 833% 0.0% 16.7%
«Discurso Directo» 5 0 0 5 0.0% 0.0% 100.0%
125cc 5 0 0 5 0.0% 0.0% 100.0%
Arquitetura 5 3 2 0 60.0% 40.0% 0.0%
Basquetebol 5 3 0 2 60.0% 0.0% 40.0%
Bayern 5 5 0 0 100.0% 0.0% 0.0%
Congresso PS 5 4 0 1 80.0% 0.0% 20.0%
Crise 5 5 0 0 100.0% 0.0% 0.0%
Distribuigao 5 3 0 2 60.0% 0.0% 40.0%
Divida 5 3 0 2 600% 0.0% 40.0%
Este domingo 5 0 0 5 0.0% 0.0% 100.0%
EUA 5 4 0 1 80.0% 0.0% 20.0%
Faro 5 2 1 2 40.0% 20.0% 40.0%
Flash/ Governo/Demissdo 5 0 5 0 0.0% 100.0% 0.0%
iPad 2 5 3 0 2 60.0% 0.0% 40.0%
Madeira 5 4 0 1 80.0% 0.0% 20.0%
Mourinho sobre Pellegrini 5 5 0 0 100.0% 0.0% 0.0%
Petroleo 5 5 0 0 100.0% 0.0% 0.0%
Rio Ave 5 5 0 0 100.0% 0.0% 0.0%
Telecom 5 4 0 1 80.0% 0.0% 20.0%
Tonel 5 0 5 0 0.0% 100.0% 0.0%
Van der Vaart 5 1 0 4 20.0% 0.0% 80.0%
21A2 Jornada 4 4 0 0 100.0% 0.0%  0.0%
A«Discurso DirectoA» 4 0 0 4 0.0% 0.0% 100.0%
Académica 4 3 0 1 750% 0.0% 25.0%
Alemanha 4 4 0 0 100.0% 0.0% 0.0%
Axa 4 3 1 0 750% 25.0% 0.0%
Cabral 4 4 0 0 100.0% 0.0% 0.0%
City 4 0 4 0 0.0% 100.0% 0.0%
Educagao 4 3 0 1 75.0% 0.0% 25.0%
Espanha 4 0 0 4 0.0% 0.0% 100.0%
Euro/Crise 4 4 0 0 100.0% 0.0% 0.0%
F.C. Porto 4 1 2 1  25.0% 50.0% 25.0%
Gaia 4 0 0 4 0.0% 0.0% 100.0%
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Camarate 2 1 1 0 50.0% 50.0% 0.0%
Cancro 2 2 0 0 100.0% 0.0% 0.0%
Cartdo Cidaddo 2 2 0 0 100.0% 0.0% 0.0%
Censos2011 2 1 0 1 50.0% 0.0% 50.0%
China 2 1 1 0 50.0% 50.0% 0.0%
Ciclismo 2 2 0 0 100.0% 0.0% 0.0%
Cinema 2 0 0 2 0.0% 0.0% 100.0%
cM 2 0 p 0 0.0% 100.0% 0.0%
Combustiveis 2 1 1 0 50.0% 50.0% 0.0%
Correios 2 0 0 2 0.0% 0.0% 100.0%
Correntes dEscritas 2 0 0 2 0.0% 0.0% 100.0%
Cortes salariais 2 2 0 0 100.0% 0.0% 0.0%
Costa do Marfim 2 2 0 0 100.0% 0.0% 0.0%
EleigGes Sporting 2 2 0 0 100.0% 0.0% 0.0%
Ensino Basico 2 1 0 1 50.0% 0.0% 50.0%
Estagios 2 0 0 2 0.0% 0.0% 100.0%
FC Porto 2 2 0 0 100.0% 0.0% 0.0%
FinlA¢ndia 2 2 0 0 100.0% 0.0% 0.0%
Franga 2 1 0 1 500% 00% 50.0%
Futebol nacional 2 0 0 2 0.0% 0.0% 100.0%
Geracdo (A ) rasca 2 0 0 2 0.0% 0.0% 100.0%
Governo 2 2 0 0 100.0% 0.0% 0.0%
Greve 2 2 0 0 100.0% 0.0% 0.0%
| Liga 2 2 0 0 100.0% 0.0% 0.0%
Il Divisdo 2 0 0 2 0.0% 0.0% 100.0%
Juros 2 2 0 0 100.0% 0.0% 0.0%
Kardec 2 2 0 0 100.0% 0.0% 0.0%
Legislativas 2 2 0 0 100.0% 0.0% 0.0%
Libertadores 2 1 0 1 500% 0.0% 50.0%
Liedson 2 0 2 0 0.0% 100.0% 0.0%
Liga ZON Sagres 2 2 0 0 100.0% 0.0% 0.0%
Liverpool 2 2 0 0 100.0% 0.0% 0.0%
Media 2 2 0 0 100.0% 0.0% 0.0%
Medicamentos 2 2 0 0 100.0% 0.0% 0.0%
Médio Oriente 2 2 0 0 100.0% 0.0% 0.0%
Mocambique 2 0 0 2 0.0% 0.0% 100.0%
Moutinho 2 2 0 0 100.0% 0.0% 0.0%
Nacional 2 0 0 2 0.0% 0.0% 100.0%
Nuclear 2 2 0 0 100.0% 0.0% 0.0%
OCDE 2 0 0 2 0.0% 0.0% 100.0%
Olhanense 2 2 0 0 100.0% 0.0% 0.0%
ONU 2 2 0 0 100.0% 0.0% 0.0%
Pandiani 2 2 0 0 100.0% 0.0% 0.0%
Passos 2 2 0 0 100.0% 0.0% 0.0%
Portagens 2 2 0 0 100.0% 0.0% 0.0%
Portugal 2 0 0 2 0.0% 0.0% 100.0%
Presidenciais 2 1 1 0 50.0% 50.0% 0.0%
PS 2 1 1 0 50.0% 50.0% 0.0%
PSP 2 0 0 2 0.0% 0.0% 100.0%
Quiosque Espanha 2 0 0 2 0.0% 0.0% 100.0%
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Rali de Portugal 2 2 0 0 100.0% 0.0% 0.0%
Ralis 2 1 0 1 500% 0.0% 50.0%
Real 2 2 0 0 100.0% 0.0% 0.0%
Real Madrid 2 2 0 0 100.0% 0.0% 0.0%
Resgate 2 2 0 0 100.0% 0.0% 0.0%
Salvador PA®@ndon 2 2 0 0 100.0% 0.0% 0.0%
Selecgdo 2 2 0 0 100.0% 0.0% 0.0%
Selecgdo 2 2 0 0 100.0% 0.0% 0.0%
Selecgdo Sub-21 2 1 1 0 50.0% 50.0% 0.0%
Silvio 2 0 0 2 0.0% 0.0% 100.0%
Taca de Portugal 2 2 0 0 100.0% 0.0% 0.0%
Telegrama 07LISBON2771 2 0 0 2 0.0% 0.0% 100.0%
Ténis 2 2 0 0 100.0% 0.0% 0.0%
Trabalho 2 2 0 0 100.0% 0.0% 0.0%
Turismo 2 1 0 1 500% 00% 50.0%
Turquia 2 0 0 2 0.0% 0.0% 100.0%
UcrAcnia 2 0 2 0 0.0% 100.0% 0.0%
Ukra 2 0 0 2 0.0% 0.0% 100.0%
Valdomiro 2 1 1 0 50.0% 50.0% 0.0%
Villas-Boas 2 1 1 0 50.0% 50.0% 0.0%
Vitoria responde a Domingos 2 2 0 0 100.0% 0.0% 0.0%
Wikileaks 2 2 0 0 100.0% 0.0% 0.0%
WTCC 2 2 0 0 100.0% 0.0% 0.0%
wAngles» 1 0 0 1 0.0% 0.0% 100.0%
«Jesus de Nazaré» 1 0 0 1 0.0% 0.0% 100.0%
11 de Setembro 1 1 0 0 100.0% 0.0% 0.0%
AcadA©mica de Coimbra 1 1 0 0 100.0% 0.0% 0.0%
AcAcar 1 1 0 0 100.0% 0.0% 0.0%
Afeganistio 1 1 0 0 100.0% 0.0% 0.0%
Agricultura 1 1 0 0 100.0% 0.0% 0.0%
Alcobaca/Petréleo 1 1 0 0 100.0% 0.0% 0.0%
Alcool 1 0 0 1 0.0% 0.0% 100.0%
Algarve 1 1 0 0 100.0% 0.0% 0.0%
Almeida Santos 1 1 0 0 100.0% 0.0% 0.0%
Andebol/T.Challenge 1 1 0 0 100.0% 0.0% 0.0%
Angola 1 0 0 1 0.0% 0.0% 100.0%
Antevisdo da Publica 1 1 0 0 100.0% 0.0% 0.0%
AR/Censura 1 1 0 0 100.0% 0.0% 0.0%
Arbitros 1 1 0 0 100.0% 0.0%  0.0%
Artur Agostinho ao SOL 1 0 1 0 0.0% 100.0% 0.0%
ATP Miami 1 1 0 0 100.0% 0.0% 0.0%
Audio 1 0 0 1 0.0% 0.0% 100.0%
Austeridade 1 0 1 0 0.0% 100.0% 0.0%
Autismo 1 1 0 0 100.0% 0.0% 0.0%
Bahrein 1 1 0 0 100.0% 0.0% 0.0%
Banco Mundial 1 1 0 0 100.0% 0.0% 0.0%
Barcelona 1 1 0 0 100.0% 0.0% 0.0%
Bebidas 1 0 1 0 0.0% 100.0% 0.0%
Belenenses 1 1 0 0 100.0% 0.0% 0.0%
BPI 1 1 0 0 100.0% 0.0% 0.0%
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Braga 100.0% 0.0% 0.0%
Bruxelas 100.0% 0.0% 0.0%
BTT atravessa o Saara 100.0% 0.0% 0.0%
Bwin Cup 0.0% 0.0% 100.0%
Caldas da Rainha 100.0% 0.0% 0.0%
CAN 2012 0.0% 0.0% 100.0%
Carcavelos 100.0% 0.0% 0.0%
Cardozo 0.0% 100.0% 0.0%

Caso Portucale 100.0% 0.0% 0.0%

Caso Queiroz 100.0% 0.0% 0.0%

Cavaco 100.0% 0.0% 0.0%
Clube dos Pensadores 0.0% 0.0% 100.0%
Coentrdo 100.0% 0.0% 0.0%
Conjuntura 0.0% 0.0% 100.0%

Conselho das Finangas Publicas 100.0% 0.0% 0.0%

Constituicdo 100.0% 0.0% 0.0%

Corinthians 100.0% 0.0% 0.0%
Correntes d’Escritas 100.0% 0.0% 0.0%
CP 100.0% 0.0% 0.0%
Cristianismo 0.0% 100.0% 0.0%
DE 0.0% 0.0% 100.0%

Demissdo/Governo 100.0% 0.0% 0.0%

Desert Challenge 100.0% 0.0% 0.0%

Desporto 0.0% 100.0% 0.0%

Diplomacia 100.0% 0.0% 0.0%

Elei¢bes Sporting 100.0% 0.0% 0.0%

Energia eléctrica 100.0% 0.0% 0.0%

Escutas 100.0% 0.0% 0.0%
ESIB 0.0% 0.0% 100.0%
Estudante-voluntario 0.0% 0.0% 100.0%
Estugarda 100.0% 0.0% 0.0%
Euro2012 100.0% 0.0% 0.0%
Euro2013 (sub21) 100.0% 0.0% 0.0%
Face Oculta 100.0% 0.0% 0.0%
Fogos 100.0% 0.0% 0.0%
Forum 0.0% 0.0% 100.0%
FPF 100.0% 0.0% 0.0%
Frederico Sousa 0.0% 0.0% 100.0%
Fucile 100.0% 0.0% 0.0%
Fukushima 100.0% 0.0% 0.0%
Fundagdes 100.0% 0.0% 0.0%

Futebol de praia 100.0% 0.0% 0.0%

Futebol/Particular 0.0% 0.0% 100.0%
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Futsal 100.0% 0.0% 0.0%
Gasol 100.0% 0.0% 0.0%
Golfe 0.0% 100.0% 0.0%
Golo de Matias 100.0% 0.0% 0.0%
Google Carry 0.0% 0.0% 100.0%
Guarin 100.0% 0.0% 0.0%
Guimardes 100.0% 0.0% 0.0%
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Guiné-Bissau 1 0 1 0 0.0% 100.0% 0.0%
HA®©Ider Postiga 1 1 0 0 100.0% 0.0% 0.0%
Haiti/Eleigdes 1 1 0 0 100.0% 0.0% 0.0%
Helton 1 1 0 0 100.0% 0.0% 0.0%
Historia 1 1 0 0 100.0% 0.0% 0.0%
Holanda 1 0 0 1 0.0% 0.0% 100.0%
Ibrahimovic 1 1 0 0 100.0% 0.0% 0.0%
lémen 1 1 0 0 100.0% 0.0% 0.0%
lgreja/Espiritualidade 1 1 0 0 100.0% 0.0% 0.0%
Imobiliario 1 0 1 0 0.0% 100.0% 0.0%
IncA2ndios 1 1 0 0 100.0% 0.0% 0.0%
Industrias criativas 1 1 0 0 100.0% 0.0% 0.0%
Inflagdo 1 1 0 0 100.0% 0.0% 0.0%
Insolito 1 0 0 1 0.0% 0.0% 100.0%
Irdo 1 1 0 0 100.0% 0.0% 0.0%
Irlanda/Eleicbes 1 1 0 0 100.0% 0.0% 0.0%
lara 1 1 0 0 100.0% 0.0% 0.0%
Javi Garcia 1 1 0 0 100.0% 0.0% 0.0%
Jeronimo 1 1 0 0 100.0% 0.0% 0.0%
Juros em minimos 1 1 0 0 100.0% 0.0% 0.0%
Laurentino 1 1 0 0 100.0% 0.0% 0.0%
Liga dos Campedes 1 1 0 0 100.0% 0.0% 0.0%
Loucd 1 1 0 0 100.0% 0.0% 0.0%
Lougd 1 1 0 0 100.0% 0.0% 0.0%
Luis Duque 1 1 0 0 100.0% 0.0% 0.0%
Maisfutebol na TVI24 1 0 0 1 0.0% 0.0% 100.0%
Maritimo 1 1 0 0 100.0% 0.0% 0.0%
Metro 1 0 0 1 0.0% 0.0% 100.0%
Mexia 1 0 0 1 0.0% 0.0% 100.0%
Ministro 1 0 0 1 0.0% 0.0% 100.0%
Misericordias 1 1 0 0 100.0% 0.0% 0.0%
Mocgdo 1 0 0 1 0.0% 0.0% 100.0%
Maocdo de censura 1 1 0 0 100.0% 0.0% 0.0%
Mogdo/BE 1 1 0 0 100.0% 0.0% 0.0%
Moc¢ao/Bloco Esquerda 1 1 0 0 100.0% 0.0% 0.0%
Mogadouro 1 0 0 1 0.0% 0.0% 100.0%
Moratti 1 1 0 0 100.0% 0.0% 0.0%
Motociclismo 1 1 0 0 100.0% 0.0% 0.0%
Mundialito de clubes 1 1 0 0 100.0% 0.0% 0.0%
Nadal 1 1 0 0 100.0% 0.0% 0.0%
Naval 1A2 Maio 1 1 0 0 100.0% 0.0% 0.0%
NBA 1 1 0 0 100.0% 0.0% 0.0%
NigA©ria/Eleicdes 1 1 0 0 100.0% 0.0% 0.0%
Nova Zelandia 1 1 0 0 100.0% 0.0% 0.0%
Nova Zelandia/Sismo 1 0 0 1 0.0% 0.0% 100.0%
Novo alerta 1 1 0 0 100.0% 0.0% 0.0%
Obama 1 1 0 0 100.0% 0.0% 0.0%
Qeiras 1 0 0 1 0.0% 0.0% 100.0%
P. Ferreira 1 1 0 0 100.0% 0.0% 0.0%
Pacos 2-0 SetA2bal 1 1 0 0 100.0% 0.0% 0.0%
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Pacos de Ferreira 1 1 0 0 100.0% 0.0% 0.0%
Palermo 1 0 0 1 0.0% 0.0% 100.0%
Parlamento 1 1 0 0 100.0% 0.0% 0.0%
Penafiel 1 1 0 0 100.0% 0.0% 0.0%
Pilar Ribeiro 1 0 0 1 0.0% 0.0% 100.0%
PJ 1 1 0 0 100.0% 0.0% 0.0%
Portalegre 1 1 0 0 100.0% 0.0% 0.0%
Portugal-Argentina 1 1 0 0 100.0% 0.0% 0.0%
PPP 1 1 0 0 100.0% 0.0% 0.0%
Presidente do IFO 1 1 0 0 100.0% 0.0% 0.0%
Presidente GM 1 0 1 0 0.0% 100.0% 0.0%
Professores 1 1 0 0 100.0% 0.0% 0.0%
PSG-Benfica 1 1 0 0 100.0% 0.0% 0.0%
Racismo 1 0 0 1 0.0% 0.0% 100.0%
Ranking ATP 1 0 1 0 0.0% 100.0% 0.0%
Redknapp 1 1 0 0 100.0% 0.0% 0.0%
Refugiados 1 0 0 1 0.0% 0.0% 100.0%
Regites 1 1 0 0 100.0% 0.0% 0.0%
Rehn 1 0 0 1 0.0% 0.0% 100.0%
Reino Unido 1 1 0 0 100.0% 0.0% 0.0%
Religido 1 1 0 0 100.0% 0.0% 0.0%
Remo 1 0 1 0 0.0% 100.0% 0.0%
Ricardo Batista 1 1 0 0 100.0% 0.0% 0.0%
Roma 1 1 0 0 100.0% 0.0% 0.0%
Ronaldo 1 1 0 0 100.0% 0.0% 0.0%
Russia 1 1 0 0 100.0% 0.0% 0.0%
Santana Lopes 1 1 0 0 100.0% 0.0% 0.0%
Santos Silva 1 1 0 0 100.0% 0.0% 0.0%
Sd0 TomA® e Principe 1 1 0 0 100.0% 0.0% 0.0%
Schalke 1 1 0 0 100.0% 0.0% 0.0%
Scolari 1 1 0 0 100.0% 0.0% 0.0%
Scut 1 1 0 0 100.0% 0.0% 0.0%
Seguros 1 1 0 0 100.0% 0.0% 0.0%
Seixal 1 0 0 1 0.0% 0.0% 100.0%
Sidnei 1 1 0 0 100.0% 0.0% 0.0%
SL Benfica 1 1 0 0 100.0% 0.0% 0.0%
Slayer sofrem nova baixa 1 1 0 0 100.0% 0.0% 0.0%
Sp. Braga 1 1 0 0 100.0% 0.0% 0.0%
Sporting-Rangers 1 1 0 0 100.0% 0.0% 0.0%
Submarino 1 1 0 0 100.0% 0.0% 0.0%
Surf 1 1 0 0 100.0% 0.0% 0.0%
Taca 1 1 0 0 100.0% 0.0% 0.0%
Taca Challenge 1 1 0 0 100.0% 0.0% 0.0%
Taga do Rei 1 0 0 1 0.0% 0.0% 100.0%
Taga Inglaterra 1 1 0 0 100.0% 0.0% 0.0%
Taga Portugal 1 1 0 0 100.0% 0.0% 0.0%
Telegrama 08LISBON433 1 0 0 1 0.0% 0.0% 100.0%
Timor-Leste 1 1 0 0 100.0% 0.0% 0.0%
Torneio do Algarve Sub-17 1 1 0 0 100.0% 0.0% 0.0%
Tottenham-Real 1 1 0 0 100.0% 0.0% 0.0%
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Transportes 1 1 0 0 100.0% 0.0% 0.0%
Trichet 1 1 0 0 100.0% 0.0% 0.0%
UEFA 1 1 0 0 100.0% 0.0% 0.0%
URGENTE 1 0 0 1 0.0% 0.0% 100.0%
URGENTE Acgores/pesqueiro 1 1 0 0 100.0% 0.0% 0.0%
URGENTE/Futebol 1 0 0 1 0.0% 0.0% 100.0%
Valdano 1 0 0 1 0.0% 0.0% 100.0%
Valéncia 1 1 0 0 100.0% 0.0% 0.0%
Vela 1 0 0 1 0.0% 0.0% 100.0%
Venezuela 1 1 0 0 100.0% 0.0% 0.0%
Viana 1 0 0 1 0.0% 0.0% 100.0%
Viana do Castelo 1 0 0 1 0.0% 0.0% 100.0%
Vieira 1 0 0 1 0.0% 0.0% 100.0%
Vila do Conde 1 1 0 0 100.0% 0.0% 0.0%
Villas Boas 1 0 0 1 0.0% 0.0% 100.0%
Viseu 1 0 0 1 0.0% 0.0% 100.0%
Vitoria de Guimardes 1 0 1 0 0.0% 100.0% 0.0%
Vitdria de Setubal 1 1 0 0 100.0% 0.0% 0.0%
Voluntariado 1 1 0 0 100.0% 0.0% 0.0%
WRC 1 1 0 0 100.0% 0.0% 0.0%
Xavi 1 1 0 0 100.0% 0.0% 0.0%
Zapatero 1 1 0 0 100.0% 0.0% 0.0%
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Appendix C

Tree Construction Example

This section details and exemplifies the construction of hierarchical topic tree, according
to this approach.
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Tree Construction Example

SUB-TOPIC
T1 2 3 4 5 6
#1

Find a root (i.e. a sub-topic
that doesn't belong to any
topic - empty column).

NA=00-

#2

Find the first sub-topic of
that root (i. e. the largest
tag that belongs to that
topic).

A=0vO-

SUB-TOPIC

#3

Taking the previous
sub-topic as a topic find the
first sub-topic (i. e. apply
the same process
recursively).

A=0vO-

SUB-TOPIC
T 1 2 3 4 5 6 7 8
#4

If there is no sub-topic of a
given topic retreat one
level and repeat the
process.

N=00-

8 X X a
STOP

Figure C.1: Depiction of topic hierarchical trees construction process, steps 1 to 4 of the tree
construction example.
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SUB-TOPIC
T 3 4 5 6 7 8

#5

Find all sub-topics of a
given topic repeating the
same process recursively.

N=00+-

SUB-TOPIC
T 1 2 3 4 5 6 7 8
#6

As in step #4 retreat one
level if there is no sub-topic
left.

NA=00-

SUB-TOPIC
T 1 2 3 4 5 6 7 8
#7

If the root has no more
sub-topics or if the
remainging sub-topics had 3

already been used T,
- 0
elsewhere in the tree, the  p
tree is complete. LPX
6
70X

SUB-TOPIC
T1 2 3 4 5 &6 8

#8 1

Find another root as in step

#1. 2

N=00-

Y N

Figure C.2: Depiction of topic hierarchical trees construction process, steps 5 to 8 of the tree

construction example.
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SUB-TOPIC
4 5

#9

This root (7) has four
candidate sub-topics (6, 5,
2,1).

SUB-TOPIC
1 2 3 4 5 6 7 8

#10

Starting with the largest
(6) try to find any
sub-topics of tag 6. As there
is none go back to tag 7 (i.
e.one level up).

#11
Repeat the process for tag
5.

SUB-TOPIC

#12

Tag 5 has two candidate
sub-topics (2, 1). The
process is repeated 3
starting with the largest T
tag candidate (2). P

-

Figure C.3: Depiction of topic hierarchical trees construction process, steps 9 to 12 of the tree
construction example.
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SUB-TOPIC
1 2 3 4 5 6 7 8

T
#13 1
Tag 2 has no sub-topic so @
go back one level (i. e. tag
5). 3

NA=00-
S

SUB-TOPIC

#14
Tag 5 has one sub-topic
more (tag 1).

A=—0v0+

SUB-TOPIC

#15

Tag 1 has no sub-topics, so
go back one level to tag 5.
All sub-topics of tag 5 have
been processed so go back
one level to tag 7 (in this
example, the root).

A=—v0+H

SUB-TOPIC
T 1 2 3 4 5 6 7 8
#16

Although there are still
two tags left, they have
already been used in the
same tree (green tree). So
this tree is complete.

N=v0+4

Figure C.4: Depiction of topic hierarchical trees construction process, steps 13 to 16 of the tree
construction example.
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Tree Construction Example
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Appendix D

All Super-topics and Related Tags
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PEC:

All Super-topics and Related Tags

Grupo E

Gaia
Norte/Conjuntura
Silva Pereira
EleiA§Apes legislativas
NBA

Ensino BAjsico
JerA%nimo

Liga Europa EM DIRECTO
URGENTE

TGV

A, ngelo PaupA@rio
Eurogrupo

OCDE

CAN 2012

Conjuntura

Aumento do IVA
BE/ConvenA§Afo
PS/Congresso

Real

Crise

AR/Censura

Assis
MoA§Afo de censura
Sporting

UE/Cimeira

Kardec

Sporting-U. Leiria (antevisAfo)
Flash/ Governo/DemissAfo
PetrAleo

Passos

GrA®©cia
PrivatizaAfA§AfApes
JustiA§a

A,A«Discurso DirectoA,A»
JapAfo

Macau

Benzema
Teixeira dos Santos
LouAfASAFAE

DA-vida

EleiA§Apes do PS
Ferreira Leite

Marcelo

RegiAfApes

Media

Benfica 04
GuarAfA-n

o B W e

17

W = 00 B W NN

1

W

MNP =

15

00 h W =~ W O

20

31

29

=]

31

51
47
58
a4
13
15

362

1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615
1615



All Super-topics and Related Tags

Fundo do euro 1 1 1615
PCP 37 83 1615
Medicamentos 10 17 1615
Congresso PS 10 23 1615
URGENTE/EIEiﬂ{;i—’\pes 1615
AvaliaA§Afo dos Professores 1615
Relvas 1615

SAfA3crates demite-se 1615

B we e N
WD = W = R

Super-Lua cheia 1615
Ajuda 1615
Governo/DemissAfo 152 411 1615
DemissAfo/Governo 2 16 1615
Caerlos CAfA®sar 1 2 1615
125cc 1 25 1615
ConcertaA§A£o Social 3 13 1615
U. Leiria 1 11 1615
CovilhAf 2 4 1615
RegionalizaA§Afo 1 5 1615
JosAfA© Costa 4 7 1615
Telegrama O7LISBON2771 3 32 1615
Drenthe 1 6 1615
Valdomiro 1 9 1615
TaA§a da Liga 1 9 1615
Agricultura 6 18 1615
WTA Monterrey (MA©xico) 1 3 1615
Sp. Braga 1 35 1615
Novos cortes 5 5 1615
SchAzuble 3 6 1615
ArmA®©nia 1 1 1615
EUA 2 51 1615
Zapatero 1 3 1615
NotA-cia SABADO 15 32 1615
EleiAfA§AfApes 7 48 1615
Facebook e Twitter 4 42 1615
BE 13 47 1615
ValA2ncia 3 1615

44 1615
11 1615
4 1615
1615

Costa do Marfim

Crise polA-tica
EleiA§Apes na EstA’nia
MoA§ambique

N - N7, B . I
o

Portugal/Brasil 75 1615
Futuros 9 1615
BE e PCP 1 1615
ResoluA§Apes contra o PEC 1 1615
Entrevista a Dias Ferreira 2 1615
Governo 11 32 1615
Madeira 10 32 1615
PCP/90 anos 11 11 1615
TDT 3 4 1615
Amado 3 7 1615



All Super-topics and Related Tags

GP Qatar 1 7 1615
CPTT 1 2 1615
CGTP/Manif 5 6 1615
Viseu 1 4 1615
Carrilho 1 2 1615
CHAT 2 9 1615
CombustA-veis 8 27 1615
Portas 2 5 1615
Espanha 9 68 1615
LacAfAfo preocupado 2 21615
Barclays 1 1 1615
Marcelo R. de Sousa 1 2 1615
Greve/Transportes 1 56 1615
Cavaco Silva esclarece 1 9 1615
Caso Portucale 2 3 1615
Sondagem TVI 7 9 1615
Telegrama 07LISBON2806 1 2 1615
PCP e BE 1 1 1615
Ministro 20 57 1615
FMI 2 16 1615
Congresso PS ao minuto 2 3 1615
PetrAleo sobe 1 2 1615
Transportes 4 27 1615
Imprensa venezuelana 1 1 1615
Ramires 1 2 1615
Barcelona 3 39 1615
Banca 3 33 1615
Quiosque 4 145 1615
CDS-PP 12 25 1615
Professores 13 30 1615
Almeida Santos 1 6 1615
Sondagem 2 2 1615
Soares 2 5 1615
Portugal 8 16 1615
PEC4 7 7 1615
Euro/Crise 33 199 1615
URGENTE/LA-bia 1 10 1615
| 3 9 1615
LA-bia 38 273 1615
IN 1 31 1615
DiaD 6 7 1615
CDS 1 6 1615
Desporto 7 72 1615
Passos Coelho 9 32 1615
Cavaco 2 19 1615
CP 1 8 1615
Bruxelas 1 5 1615
Abono u%6fam.ﬁ-l|'a 2 2 1615
Energia 5 35 1615
lgreja/Sociedade 1 1 1615



All Super-topics and Related Tags

Couceiro 2 28 1615
SCUT 1 5 1615
Austeridade 6 7 1615
PA2blico 3 9 1615
PSD 83 154 1615
Legislativas 8 12 1615
PS5 32 88 1615
MaurAfA-cio 2 5 1615
Cabo Verde 1 9 1615
Esqui Alpino 1 1 1615
Urgente/Governo 2 8 1615
Futebol 1 416 1615
Ao minuto 5 9 1615
PolA-tica 4 4 1615
Telegrama O7LISBONE21 1 1 1615
Assis para SAfA%crates 3 51615
Golfe 4 13 1615
OE2011 1 47 1615
PEC 420 420 1615
EducaA§Afo 20 57 1615
Greve 1 40 1615
Vaclav Havel 2 2 1615
Ministra espanhola 4 4 1615
Wenger 1 14 1615
DA®©fice 2010 2 3 1615
Eurostat 2 51615
MilA£o-Sanremo 1 4 1615
PR/Posse 29 31 1615
Telegrama 09LISBON136 2 4 1615
BPN 3 5 1615
LogA-stica 1 1 1615
EleiA§Apes 23 70 1615
Santos Silva 7 14 1615
BAjsico 1 1 1615
Bank of America 2 2 1615
DE 2 10 1615
A«Os VerdesA» 1 1 1615
SaA2de 4 15 1615
PensApes mA-nimas 2 2 1615
2011-04-09T15 2 5 1615
Lula 7 62 1615
Juncker 16 97 1615
Ajuda externa 19 68 1615
Belluschi 3 11 1615
Battle 1 2 1615
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All Super-topics and Related Tags
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Appendix E

Super-topic Graphs

This section shows the Super-topic Graphs for the all the super-topics, for 90%, 85%,
80%, 75%, 710% and 65% topic similarity.
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Super-topic Graphs

Este domingo:3

Telegrama 0SLISBON433:3

Governo/Demissio: 411

Noticia SABADO:32

Inglaterra:28

Mogao/Bloco Esquerda:9.

Benfica-FC Porto:14

LouA§AL:6

Figure E.1: Graph of super-topics with similarity greater than 90%.

Ajuda Externa:68

HA©Ider Postiga:3
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Super-topic Graphs
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Figure E.2: Graph of super-topics with similarity greater than 85%.
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Super-topic Graphs

Figure E.3: Graph of super-topics with similarity greater than 80%.
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Super-topic Graphs
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Figure E.4: Graph of super-topics with similarity greater than 75%.
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Super-topic Graphs
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Figure E.5: Graph of super-topics with similarity greater than 70%.
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Super-topic Graphs
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Figure E.6: Graph of super-topics with similarity greater than 65%.
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