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Chapter 1

Introduction

In today’s fast-paced world, we find ourselves bombarded with an overwhelming
flood of information. As the volume of available data continues to grow exponen-
tially, it becomes increasingly difficult for humans alone to effectively analyze and
make sense of it all. This is where the power of artificial intelligence (AI) comes
into play. By harnessing the capabilities of Al, we gain the ability to efficiently
analyze large text corpora within a relatively short span of time. The objective
of this master’s thesis is to conduct a comprehensive textual analysis of different
Belgian newspapers, with the aim of comparing and contrasting their content.
While there exists a myriad of AI models specifically designed for text analysis,
our research focused specifically on the utilization of Latent Dirichlet Allocation
(LDA). LDA is an unsupervised learning technique capable of deciphering complex
patterns within corpora by generating topics, which can be interpreted as categories
for articles. By employing LDA, we were able to discern meaningful topics from
the newspaper corpora, enabling us to explore the distribution and evolution of
specific subjects over time or any other relevant criteria. With the foundation
set, this master’s thesis starts by providing a detailed description of the datasets
used and the methodology employed to collect them. Furthermore, we outline the
preprocessing techniques applied to the datasets to ensure optimal training of the
models. Subsequently, we dive into the details of the Latent Dirichlet Allocation
model itself. Additionally, we present techniques for evaluating and visualizing
the LDA model, enabling a comprehensive analysis of the newspapers in the next
chapter. Finally, we explore other potential use cases for topic models such as
dimensionality reduction and information retrieval. The code utilized for this
project is available on GitHub. !

Thttps://github.com/Balzard /memoire-topic-modeling



Chapter 2

Datasets description

To the best of our knowledge, there is currently no existing dataset available for
Belgian newspapers, or at least none that we are aware of. Consequently, we took
the initiative to create individual datasets for each Belgian newspaper we focused
on in our research. This chapter aims to provide a comprehensive description of
these datasets and the underlying motivation behind their creation.

2.1 Motivation

The data itself plays a pivotal role in the creation of a machine learning model. A
poorly constructed dataset or one that is inappropriately applied to the intended
application will inevitably yield subpar results. Therefore, it is crucial to document
a dataset to ensure that potential users are fully informed about its strengths,
weaknesses, and appropriate contexts for its usage. To address this concern, we
adopted the approach proposed by [8]. This involves providing a datasheet for
each dataset, which outlines the rationale behind its creation, its composition,
the methodology employed for data collection, recommended use cases, and other
pertinent information. The datasets utilized in this master’s thesis were created
for the analysis of Belgian newspapers.

2.2 Composition

The datasets exclusively consist of unprocessed text data, which introduces some
noise. While such occurrences are rare, there are instances where web pages deviate
from the typical structure, resulting in missing or additional noisy data. For
example, there might be extraneous text following an article that is unrelated to its
content. Furthermore, the datasets may lack article introductions, as some articles
solely consist of core text, or the newspaper does not differentiate between the
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introduction and the core text. Similarly, article categories can occasionally be
missing. Moreover, there is a possibility of some articles being absent, as certain
entries were found to be absent during the collection process, rendering the datasets
incomplete. Additionally, it is important to note that only articles published on
the primary websites of each newspaper were collected. For instance, LeSoir has a
separate platform called Geeko, and articles found on LeSoir that redirect to the
Geeko website were not included in the datasets.

Regarding the time coverage of the datasets, they encompass articles within a
specific time interval, spanning from 2020 to april 2023. Although a broader
time range would have been desirable, web scraping limitations posed challenges.
While certain newspapers, such as RTBF, maintain webpages listing all articles
published by day from 2008 to the present, other newspapers do not provide such
comprehensive archives. As a result, the collection of articles is constrained by the
available time period.

Below are the respective numbers of documents/articles contained in each dataset:

DH Lavenir | RTBF | LeSoir | LaLibre
#documents | 256 363 | 231 486 | 118 489 | 99 422 | 123 007

The following is an example instance extracted from the RTBF dataset, providing
a representative snapshot of its content:

Title Coronavirus en Belgique : le récapitulatif de toutes les
mesures ...
Vous avez un petit peu perdu le fil suite a I’'annonce des
Content s ;s ) .
dernieres mesures ? Nous avons décidé de répertorier ...
Date of publication 2020-10-10
Premium False
Categories (as given by the | [Bon a savoir, Suggestion de la rédac, Coronavirus, Info,
newspaper itself) Coronavirus, Covid19]

2.3 Use cases

The datasets could be used for any unsupervised learning algorithm. It’s also well
suited for classificiation algorithms in order to classify articles by category.



2.4 Collection process

The collection process of the datasets was entirely automated and did not rely on
human assistance. Python, along with the BeautifulSoup library, was employed
to scrape each document from the respective corpora. The process was optimized
using multithreading techniques to enhance efficiency. To provide insight into
the methodology, a code template was utilized to generate the corpus for each
newspaper. A dataframe was saved for every processed URL, and subsequently, all
the dataframes were merged to form a comprehensive dataset for each newspaper,
encompassing the collected articles.

import concurrent. futures, requests

from bs4 import BeautifulSoup

# save in a dataframe all articles from an url

def process_url(url: str) —> None:
é%:to_csv("path")
urls = collect_all_urls_needed()
with concurrent. futures.ThreadPoolExecutor (max_workers=30) as executor:

for _ in executor.map(process_url, urls):

pass

2.5 Distribution

All datasets are planned to be available on this platform : https://dataverse.uclouvain.be/



Chapter 3

Latent Dirichlet Allocation

3.1 Introduction

In this chapter, we dive into the explanation of the Latent Dirichlet Allocation
(LDA) model. LDA is a probabilistic model widely utilized for uncovering hidden
topics within document collections. Essentially, a topic can be understood as a
cluster, where each topic is characterized by a multinomial distribution over the
words in the dataset’s vocabulary. Consequently, certain words within a topic are
more likely to occur compared to others, effectively representing the essence of
that topic. For instance, consider a topic with words like "Trump," "White House,"
and "Biden" as the three most probable words. It can be inferred that this topic
revolves around USA policy. A document can be associated with a high probability
for a specific topic if it contains words that are likely to occur within that topic,
such as "Trump" and "Biden" in our example. However, it’s important to note that
a document can belong to multiple topics, albeit with varying probabilities. A
document is essentially represented as a combination of finite mixtures of topics,
represented by multinomial distributions. The strength of LDA lies in its ability
to autonomously learn the topics within a document collection, without the need
for manual annotation or hand-labeling of the corpus. It can effectively cluster
together similar documents, allowing for unsupervised topic discovery.

3.2 Notations

(Classical notations for natural language processing are used:
o A wocabulary is a set of words with size denoted as V.

e A word is an element of a vocabulary. It’s represented by a very known one
hot encoded vector with 1 at the position of the word in the vocabulary and
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0 everywhere else.
o A document is a sequence of N words written as w = (wy, we, ..., Wy )

o A corpus is a collection of M documents written as D = {wq, Wa, ..., W }

3.3 Assumption of LDA

e Some words belong to many topics but with different probability.

o The topics probability distribution of a document is more likely to contain
some topics than others.

o The words probability distribution of a topic is more likely to contain some
words than others.

Exchangeability

The LDA model operates under the "bag-of-words" assumption, which means that
the order of words within a document is considered irrelevant. Similarly, this
assumption extends to the documents themselves, implying that their ordering or
sequence does not hold significance in the model.

3.4 Dirichlet distribution

A Dirichlet random variable 6 of dimension k can take any value in the £ —1 simplex
(0; > 0,3% 6, = 1) and has the following probability density on the simplex:

IO
flxy, oz aq, . ap) = p(Ola) = M@?rl..ﬂ?“l (3.1)

Hf:l ()

where « is a vector of size k with each components o; > 0 and IT" is the gamma
function. The Dirichlet distribution can be considered as a multivariate extension
of the Beta distribution which can be viewed as a probability distribution of
probabilities, specifically as a probability distribution for the success of a Bernoulli
distribution. It allows us to quantify the fairness of a coin, for instance. The
distribution is characterized by two shape parameters, o and § , which can be
regarded as the results of many coin flips (e.g: « = 100, § = 100 — 100 heads and
100 tails). Here is the probability density function where B(«, ) is a normalization
constant :
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Figure 3.1: Beta distribution

When considering the Beta distribution, it becomes evident that greater values for
«a and [ indicate a higher amount of information available, resulting in increased
confidence in the fairness of a coin. Conversely, if o and 3 differ from each other,
it implies the presence of a bias in the coin. This same principle can be extended
to the «; parameters in the Dirichlet distribution. Assigning a value of 1 to the
parameters signifies a lack of prior knowledge or information. Conversely, when
certain «; values are greater than others, it signifies a larger proportion assigned
to those specific «; values. This relationship is visually represented in Figure 3.2,
highlighting the varying proportions captured by the different «; values.
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Figure 3.2: Dirichlet distributions from [9]. The parameters above each plot
represent o, i, ag respectively. Color indicates the probability density function.

Additionally, it is noteworthy that the Dirichlet distribution serves as a conjugate
prior for the multinomial distribution. Consequently, the posterior distribution of
the multinomial distribution exhibits the same form as the prior distribution, i.e.,
the Dirichlet distribution. This property is particularly advantageous for inference
and parameter estimation of LDA, as it enables the estimation of the posterior
distribution based on a known distribution.

3.5 LDA model : a generative process

LDA assumes that each document w in a corpus D was generated as follow:
1. Choose 0 ~ Dirichlet(xx)
2. For each word w,, of document w

(a) Choose a topic z, ~ Multinomial(6)

(b) Choose a word w, from p(w,|z,, B), a multinomial probability.

The size K of the vector a, and so the dimensionality of Dirichlet distribution 6 is
assumed to be fixed (it’s a hyperparameter of the model i.e. the number of topics).
Assuming this generative process for documents, we want to reverse engineering it.
Thas is to say, find the latent variables of the model :

e 0,, is the probability distribution of a document wy, over the K topics.

e B isa K x V matrix where each row is a topic and each column is a word so
each cell is the word probability for a topic k i.e. B;; = p(w;|z;).

* Zny.n is the topic assignement of the n-th word of document wy,.

Figure 3.3 is a graphical example of this generative process for a document :
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Figure 3.3: LDA generative process

There are three different levels in the generative process.
o Firstly, the parameters a« and B are sampled once in generative the process.
o Secondly, the variables 6,, are sampled once for each of the M documents.

 Finally, the variables z,,, and w,,, are sampled once for each words of the
M documents.

Figure 3.4 shows the geometry of the latent space of a document. LDA operates
in the space of distributions over the words. Each one can be viewed as a point
on the word simplex. The three points of the topic simplex are three different
distributions over the words.

.
S\

4

o topic 1

T P | topic simplex

4 ) v ) . e N & word simplex

Y4 /o ,/“; \ N \
| . L N \

topic 3 ) '

Figure 3.4: simplex for 3 topics embedded in the words simplex for 3 words from

2]
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3.6 Inference and estimation of parameters

Given a and B, the joint distribution of a topic mixture 6, a set of N topics z and
a set of N words w

=

p(0,z, wla, B) = p(0|a) [[ p(2n|0)p(wn|zn, B) (3.3)

n=1

Marginal distribution of a document w

p(w|a, B) /p 0)cx) (H > p(znlba)p(wy |2, )) (3.4)

n=1 2zn

The main challenge in LDA is the computation of the posterior distribution of the
hidden variables given a document:

p(0,z, w|a, B)
p(w|a, B)

Sadly, the distribution involved in LDA is intractable, meaning that it cannot
be analytically computed. Consequently, we need to resort to approximation
techniques. Several algorithms are available for this purpose, such as Laplace
approximation, variational inference, and Markov Chain Monte Carlo. However, in
this context, we will focus on variational inference, as it was the method originally
employed in the original paper on LDA [2], as well as in the library we utilize for
modeling the newspapers, called Gensim [20].

(3.5)

p(0,z|lw, a, B) =

3.6.1 Variational inference

Variational inference aims to provide lower bounds, indexed by a collection of
variational parameters, to approximate the log likelihood of a distribution. The
authors of [2] derived this distribution as lower bound :

N

q(0,z|v, ¢) H (Zn, &n) (3.6)

where the Dirichlet parameter ¢ and the multinomial parameters (¢, ..., ¢,,) are the
free variational parameters. The subsequent step involves the optimization of the
variational parameters. This is accomplished by minimizing the Kullback-Leibler
divergence between the variational distribution and the true posterior distribution
p(0,z|w, a, B). The Kullback-Leibler divergence serves as a metric to quantify
the dissimilarity or distance between two distributions. The computation of this
divergence is as follows:
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(0,z|lw, o, B)

Intuitively, 2 distributions are close if their sample results are similar. And we
want to minimize this divergence to obtain the best variational parameters:

Dicwallp) = a(0.2l, ), [wg (p 2(0:2l,¢) )] (37)

)

(v, ¢") = arg gﬂqg Dxr(qllp) (3.8)

[2] shows that this can be achieved via an iterative fixed point method. They
obtain the following update equations for the variational parameters:

Pni < By, exp (Eq[log(6;)]7]) (3.9)

N
Vi = o + Z Gni (3.10)
n=1

The expectation part of equation 3.9 can be computed as :

k
exp [log (6;) [] = ¥ (v:) — ¥ (Z_: vj) (3.11)

where U is the Digamma function. It’s worth noting that the variational distribution
varies as a function of w and then the variational parameters (v*, ¢*) are document-
specific. Moreover, v*(w) can be viewed as a representation of a document in the
topic simplex.

Algorithm 1 Variational inference algorithm for LDA
init @2, := 1/k for all i and n
init y; := a + N/k for all i
while not converged do
forn=1to N do
for i =1 to k do
Oy = Biw, exp(¥ (7))
end for
normalize @' to sum to 1
end for
’Yt+1 = o + 22;1 ¢$L+1
end while
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3.6.2 Parameter estimation

Given a corpus D, we want to find the parameters a and B that maximize the log
likelihood of the data:

M
(o, B) = Y log p(wa|ex, B) (3.12)

d=1
As a reminder, p(w|a, B) is untractable. Fortunately, variational inference gives
us a tractable lower bound that we can maximize with respect to a and B. The
procedure used to approximate the true posterior distribution is Expectation
Maximization. It alternates between maximizing the lower bound with respect to
~v and ¢ and, for fixed value of these two parameters, maximizing the lower bound
with respect to a and B.

1. (E-step) For each document wy, find the optimized variational parameters
{7i, ¢4 :d e D}

2. (M-step) Maximize the lower bound on the log likelihood with respect to «
and B.

This is repeated until the lower bound on the log likelihood converges.

3.7 Toy example

In this section, we aim to provide a toy example of the EM algorithm, specifically
on the E-step with the variational inference algorithm detailled in Algorithm 1.
Here is a toy example with 3 topics and 5 words in the vocabulary:

covid test football but film

04 0.2 02 02 0.1
B=1 12 02 04 02 0.1 (3.13)

02 04 0.2 02 0.1

Suppose the first document being : covid test covid with a = (0.1, 0.1, 0.1).
Then v = (1.1, 1.1, 1.1) following line 2 of Algorithm 1. We begin with the first
word of our document, covid :

$(0) = 0.4 x exp(¥(1.1) — (1.1 + 1.1 + 1.1)) = 0.093 (3.14)

$(1) = 0.2 x exp(¥(1.1) — ¥(1.1 + 1.1 + 1.1)) = 0.046 (3.15)
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$(2) = 0.2 x exp(¥(1.1) — U(1.1+ 1.1 + 1.1)) = 0.046 (3.16)

After normalization : ¢y = (0.5, 0.25, 0.25). Then do the same for test and covid
which gives :

b0 P11 P2
covid 0.5 0.25 0.25
test  0.25 0.25 0.5
covid 0.5 0.25 0.25

We need then to update 7:

Yo =0.1+0.5+0.25+0.5=1.35 (3.17)
7 = 0.1+0.2540.25+0.25 = 0.85 (3.18)
7o =0.1+0.254+0.5+025=1.1 (3.19)

We do all these steps until convergence for all documents.

The next step (M-step) is to maximise the lower bound with the optimised varia-
tional parameters on the log likelihood with respect to a and . This step for
corresponds to :

M Ng

Bij o< 3 Y Giitthy (3.20)

d=1n=1

The update for o can be implemented using a Newton-Raphson method where :

g(f =M (\If (Z Ozj) - (Oli)) + Z_: (\If (Yai) — W (Z ydj)) (3.21)

3.8 Online learning

The LDA algortihm implemented in Gensim is the online version of LDA. It has
been introduced by [10]. It is different from the standard batch learning where
parameters are updated after learning the whole dataset. Online learning updates
parameters for each new data. It’s then more suitable for large datasets and
constant incoming data. The authors showed that their algorithm approximate the
posterior as well as the original variational algorithm but in a fraction of time.
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Chapter 4

Text normalization

In the realm of Natural Language Processing (NLP), it is customary to begin
by preprocessing the text before training a model. This crucial step involves
transforming the text into a more suitable format that enhances model performance.
Fortunately, the corpora utilized in this context are inherently less noisy, with
the exception of noise introduced during the collection process. Since journalists
typically adhere to proper language conventions, it is unlikely to encounter slang,
spelling mistakes, emojis, and similar artifacts within the articles. This inherent
cleanliness of the data simplifies our task, as an excessive number of spelling mistakes
would complicate word recognition. Nevertheless, even though our documents
exhibit less noise compared to sources such as tweets, it remains essential to clean
any existing noise. This process serves to improve model performance, enhance
interpretability, minimize complexity, and mitigate the risk of overfitting. To achieve
this, we employed the Spacy Python library [11] and utilized the fr_core_news_md
pipeline. This pipeline facilitated tokenization of the texts and filtering of the
tokens based on specific categories such as nouns, proper nouns, adjectives, verbs,
numbers, and adverbs. By employing these preprocessing steps, we ensure that
the data is in an optimal state for subsequent modeling and analysis, ultimately
leading to improved performance and more reliable insights. In the rest of this
chapter, we list all the transformations used to normalize the text.

4.1 Punctuation removal

The question of whether to retain or remove punctuation in documents is one of
the primary considerations in text processing. In the field of computer science, the
answer to this question, as with many others, is often it depends. The appropriate
course of action may vary based on the specific context and requirements of the
task at hand. For instance, in an N-gram language model aiming to predict the
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next word in a given sentence, retaining punctuation marks such as periods is
crucial, as they indicate the end of a sentence. In the case of analyzing tweets,
it may be desirable to preserve symbols like the # symbol. However, in our
scenario, where punctuations are not of significant importance, the emphasis lies on
selecting meaningful words to represent the corpus effectively. That said, there are
instances where it is beneficial to retain internal punctuation. Take, for example,
the word "Covid-19". In such cases, preserving the internal punctuation allows for
the accurate representation of these specialized terms.

4.2 Lowercasing

Lowercasing is a common preprocessing step in many NLP applications. Its purpose
is to ensure that the capitalization of the first letter of a word does not affect its
meaning in most cases. For instance, both "Football" and "football" refer to the
same sport, so we treat them as identical words. While there are exceptions to this
rule, they are relatively rare. An example would be the word "rose" (referring to
the flower) and "Rose" (referring to the first name) which have distinct meanings
but are generally insignificant in the context of newspaper articles. Detecting such
exceptions can be challenging, and it is generally more beneficial to convert all
words to lowercase. Otherwise, our vocabulary would be larger, leading to a more
complex model that may unnecessarily duplicate words in topics.

4.3 Tokenization

A classical approach which is almost used before training of every language models,
is tokenization. It consists of segmenting a text into smaller units called token
according to a set of rules. It can be either words, characters, subwords or sentences.

Word tokenization

Word tokenization splits a text into a set of words. For example, the sentence :
"Hello, how are you ?7".

The simplest word tokenizer would basically segment this sentence by using the
white spaces between words. It’s quite straightforward and is then subject to
approximations. The first default is that it does not take punctuation into account.
Here, the tokenized sentence would be :

l:“Hel]_O,“, “hOW“’ llarell7llyou?ll]
We would probably like to separate you from ¢ and so not having them as one
token. Therefor, our tokenizer should take punctuation into account. Otherwise,
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our model would learn different representations of a same word if it is often followed
by a punctuation symbol. The vocabulary size would then grow. Moreover, we
would certainly like to get elements like New York as a single token, and it would
be nice to separate don’t as ['do","n’t"]. This introduces more complexity to the
tokenization rules. It’s worth noting that such tokenization can be challenging for
large text corpora, resulting in a substantial vocabulary size if the corpus contains
many unique words. Another challenge is dealing with out-of-vocabulary words,
which are words appearing in the test set but not in the training set. The common
solution is to map these unknown tokens to the special "UNK" token, although this
approach leads to the loss of specific word information.

Character tokenization

Character tokenization involves splitting a text into individual characters. For
example, the sentence "Hello there !" would be tokenized as:

LT 2.7 217 917 0 0 Y4 1.0 YA 0. v 0 )
(H e’ 1107t h e’ ) r e’

This approach overcomes the issue of out-of-vocabulary words because even if a
word is not in the training set, it can still be represented in terms of its constituent
characters. It also limits the size of the vocabulary as it consists of single characters.
However, character tokenization increases the input sentence length significantly,
making it more challenging for the model to learn the relationships between
characters to form meaningful words.

Subword Tokenization

Subword tokenization involves dividing a text into meaningful subwords. It operates
on the principle that common words should remain intact, while rare words can be
decomposed into meaningful subword units. For example, the word "annoyingly"
can be decomposed into "annoying" and 'ly". By representing the word using these
subwords, which appear more frequently, the meaning is preserved. This technique
allows for a manageable vocabulary size while capturing word relationships effec-
tively. Additionally, it enables the model to process unknown words by breaking
them down into subwords it already knows.

In this work, we employ word tokenization. Our datasets have reasonable sizes,

so the vocabulary does not become excessively large. Furthermore, we remove
stopwords and infrequent terms to further refine the tokenization process.
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4.4 Stopwords removal

Once the text has been tokenized, there may still be words that contribute little
information, commonly known as "stopwords." In the French language, examples of
stopwords include 'le," "la," "de," and so on. These words do not hold significant
meaning for most NLP applications, so it is considered good practice to exclude
them. While there are numerous stopwords lists available for various languages,
there isn’t a definitive standard list to use. Although words like "la" can often
be removed without consequence, the importance of certain stopwords may vary
depending on the specific domain or context in which we are working.

4.5 Infrequent terms removal

In addition to removing stopwords, it is common practice to eliminate infrequent
words. This is because words that appear very rarely do not contribute signifi-
cant information when computing document similarity. Furthermore, removing
infrequent words helps reduce the size of the vocabulary, resulting in faster compu-
tations and decreased complexity. One straightforward approach to achieve this is
to discard all words that appear below a certain frequency threshold. Although this
method can be effective, choosing the appropriate threshold is not straightforward,
and there is no universal rule of thumb. To determine the threshold, an analysis of
the token frequencies and the tokens themselves can be performed. For instance,
tokens that appear only eight times or less may predominantly represent noise
introduced during the data collection process. Therefore, removing all words that
appear less than eight times could be a suitable approach for a given dataset. This
kind of process has been done for removing infrequent terms.

4.6 Lemmatization

Lemmatization is a linguistic process to reduce words to their base or canonical
form, known as the lemma. The lemma represents the dictionary or base form of a
word, from which all inflected or derived forms can be generated. The purpose of
lemmatization is to normalize words so that variations of a word with different inflec-
tions or derived forms are treated as the same word. For example, the words "run,"
"running," and "ran" would all be reduced to the lemma "run" through lemmatization.

Lemmatization takes into account the grammatical aspects of a word and applies
morphological analysis to determine the lemma. It considers factors such as the
word’s part of speech (noun, verb, adjective, etc.), tense, number, and gender.
By reducing words to their lemmas, lemmatization enables better analysis and
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understanding of text by reducing the vocabulary size and grouping together words
with the same semantic meaning.

Compared to stemming, which simply removes suffixes to achieve word normaliza-
tion, lemmatization produces more accurate and meaningful lemmas by considering
the word’s linguistic context and rules. Indeed, stemming is subject to approxima-
tions:

1. under-stemming: failing to get the same word stems for words with same
conceptual meaning.
Example: divide — divid and division — divis.

2. over-stemming: producing same word stems for words with different concep-

tual meaning.
Example: wand — wand and wander — wand.

However, lemmatization is generally computationally more expensive than stemming
due to its linguistic analysis and reliance on language-specific rules. It still remains
more accurate so we have used the lemmatization process of the fr_core_news_md
pipeline of Spacy [11].
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Chapter 5

Evaluating topic models

When evaluating topic models, one of the primary objectives is to assess their
interpretability, as these models do not inherently guarantee interpretability. In-
adequate preprocessing, for example, can result in topics where words like "the,"
"have," and other less meaningful words are identified as the most probable words
for a given topic. Consequently, such topics become challenging to interpret, and it
becomes unclear what their core subject is. Evaluating the semantic coherence of
topics is therefore crucial.

The research literature has proposed numerous methodologies to evaluate topic
models, but the question of evaluation remains open. One such approach, suggested
by [4], is the word intrusion method. This approach involves randomly introduc-
ing "intruder words" into topics and asking human users to identify them. The
assumption is that coherent topics will make it easier to identify intruder words
compared to incoherent topics. Thus, the interpretability of a topic can be assessed
by measuring the ease of identifying intruder words. However, this approach relies
on manual annotation and lacks automation. Consequently, there is a need to
develop automated methods for evaluating topic models.

A classical and straightforward approach to automatically evaluate language models
is by using likelihood. This method involves splitting the dataset, as is often done,
into a training set and a testing set. The testing set comprises unseen documents
w,,. By calculating the log likelihood of the test set, we can compare different
models. The log likelihood measures the probability of the entire test set according
to the model. Therefore, a higher likelihood indicates a better-performing model.

L(W) = log, p(Wlav, §) = zlogzp(wm,ﬁ) (5.1)

But usually, we use the perplexity measure, which is the inverse of the geometric
mean per-word likelihood.
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N
g p(wila, B) (5.2)

Perplexity is a useful metric for model selection and adjusting hyperparameters,
such as the number of topics, in topic modeling. However, its main limitation is
that it does not consider semantic information. Therefore, even if we choose the
model with the highest perplexity, there is no guarantee of topic interpretability.
In fact, studies have shown a negative correlation between perplexity and human
interpretability [4].

To address this issue, researchers have proposed coherence measures that evaluate
topics based on their coherence to human understanding. In a study by [19], a
coherence measure based on pointwise mutual information was introduced. Among
various metrics, this measure was found to be the most similar to human judgment.
It operates on the intuition that similar words tend to co-occur frequently. It
quantifies how often two events (words w; and w; here) occur, compared with what
we would expect if they were independant:

PMI(w;, w;) = max (log M, 0) (5.3)
p(w;)p(w;)
Probabilities are estimated by treating the corpus as a single meta-document and
using a sliding window of 10 words. Single word probabilities are estimated as
follow:

p(w;) = ' (5.4)

where M stands for the number of words in the corpus and C'(w;) for the number
of times the word w; appears in the corpus. Co-occuring words probabilities are
estimated based on word co-occurence counts. € is a smoothing factor to avoid to
compute the log of 0.

C(w;, w;) + €
p(wi, wy) = (5.5)
’ ZV:I chzl (C(wi, w;) +€)
For a topic t, they computed its PMI score as did [18]:
PMI-score(t) = median{PMI(w;, w;),ij € 1...10} (5.6)

So for the 10 most probable words of a topic, they compute the median of the PMI
for all pair words, which is less affected by outliers. It’s also known as the UCI
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metric.

Another coherence measure called Umass was proposed by different researchers
[17]. In their approach, experts were asked to assess the quality of each topic in a
topic model, categorizing them as good, intermediate, or bad. For topics identified
as intermediate or bad, the researchers identified the following issues:

e Chained: every word is connected to every other words but not all word
pairs make sense.

e Intruded: there are some intruder words or unrelated sets of words.

« Random: no clear semantic connections between more than a few pair of
words.

o Unbalanced: top words are semantically connected to each other but there
are also very general terms that give less understandability.

The researchers proposed a method to identify chained, intruded, and random bad
topics using a metric based on word co-occurrence, similar to the UCI metric. They
observed that in chained and intruded bad topics, pairs of words belonging to the
same concept tend to co-occur within a single document, while word pairs from
different concepts do not. On the other hand, in random topics, there is a low
probability of word co-occurrence. Taking these observations into account, they
developed the Umass coherence metric, which calculates probabilities based on
document frequency:

N i-1
D(w;,w;) + €
OUTrLa,ss (t) = Z Z log ’—j (57>
i=2 j=1 D(wy)
So it’s very similar to UCI metric except that P(w;) is not used. The reason is that
this metric is more close to their expert annotations than PMI. Note that Umass is

not symmetric.

[14] proposed an approach to automate the word intrusion technique created by
[4]. It’s based on the methodology proposed by [13] where we can learn the best
topic word that summarises the semantic of a topic. From that, the word intrusion
task, so detecting the least representative word of a topic, becomes the converse
of the best topic word task. It works as follow: for each topic, compute the word
association features for each of the N top words of a topic, and then combine the
features in a ranking support vector regression model to learn the intruder words.
From 4 words association measures, they found PMI as the most correlated with
the human score in [4]:
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PMI(w;) = i log fm

J

(5.8)

Note that is technique can also be adapted to a topic level by grouping all topics
for a dataset (without distinguishing the models that produce them) and calcu-
late the correlation with human judgment but the result is worse for the model level.

5.1 Coherence measure framework

For this study, we will utilize the framework introduced [21], which is already
implemented in Gensim [20]. The authors present a framework that enables the
construction of word-based coherence measures by combining various elementary
components according to our preferences. With this approach, we have the flexibility
to create both existing coherence measures and novel ones. The framework is
structured into four distinct parts

5.1.1 Segmentation of word subsets

Coherence of a set of words tries to evaluate how well single words or subsets
of words fit together. The initial step in the framework involves determining
the desired approach for segmenting the word set associated with a particular
topic. While several coherence measures, like UCI coherence, evaluate pairwise
relationships between individual words, alternative segmentation methods can also
be employed. Here are a few examples of possible segmentations for a given word
set, denoted as W:

Sone = {(W', Wx)|W' = {w; }; Wx = {w; };w;, w; € W;i# 5} (5.9)

one

Sore = {(W' W)W’ = {w; };w; € W; Wx = W\{w;}} (5.10)
Sony = LW, W)W’ = {wi}; w; € Wi Wx € W\{w; }} (5.11)
Soe = {(W', Wx)|[W' = {wi};w; € W; Wx =W} (5.12)

Son¢ is the segmentation of W where each word is compared with every other word.

ol compares every single word to all other words of the word set. Sgp0 extends

S by using every subset as condition. SZ7¢ compares words to the complet word

set W using words context vectors
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5.1.2 Probability estimation

This section focuses on determining the approach for estimating word probabilities
based on our corpus. Multiple methods can be employed for this purpose. For
instance, in the case of the UCI measure, word counts can be calculated using a
sliding window technique that moves over the documents with a step size of one
word. Alternatively, the Boolean document method can be utilized, where the
probability of a single word is estimated by dividing the number of documents in
which the word occurs by the total number of documents. The joint probability of
two words is then estimated by dividing the number of documents containing both
words by the total number of documents. Similarly, the Boolean paragraph and
Boolean sentence methods operate on the same principle, but consider paragraphs
and sentences as individual documents, respectively.

5.1.3 Confirmation measure

In this section, we determine the approach for calculating the similarity between
words or word subsets, denoted as S; = (W', W), based on their respective
probabilities. This can be achieved either directly or indirectly.

Direct confirmation

These types of measures directly calculate the similarity for an individual pair
S;. For example, in the case of UCI coherence, the PMI measure can be utilized.
Alternatively, other measures such as the log-conditional probability measure used
in Umass can also be employed:

P(W', W) + ¢

score(S;) = log POV (5.13)
Another measure, known as the Jaccard measure, can also be used:
PW' W)
SCOT'e(Si) = W (514)

These are just a few examples, and there are numerous other measures available,
although we won’t list them all here.

Indirect confirmation

Indirect confirmation operates under the assumption that when considering a word
in set W, the direct confirmation measures of words in set W’ should be similar to
the direct confirmation measures of words in set W for that particular word. This
implies that although two words, such as z and x may have low joint probability due
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to infrequent co-occurrence, their confirmation measures can still exhibit correlation
with respect to other words in the corpus.

For example, consider two competing car brands that are semantically related
but rarely appear together. Despite the low joint probability, their confirmation
measures can strongly correlate with other words in the corpus, such as "road" or
"wheel." In this case, indirect confirmation captures the semantic similarity between
the two words, which might be missed by direct confirmation.

This can be done by representing the word sets W’ and Wk as vectors with
dimension equal to the total size of W. Such vectors can be computed with any
confirmation measure. If W’ is a single word, the vector elements correspond to
the direct confirmation measures with every other words of W. If W’ is a set of
words, the vector elements are the sum of the direct confirmation measures of the
individual words.

Ty (W) = { > score(wi,wj)”’} (5.15)
J=1,..,|W|

w; W/’

Given two vectors « = v(W') and w = 0(Wx) for the pair S; = (W', Wx), we
can compute indirect confirmation as vector similarity. Below are the cosine and
jaccard similarity:

W]

oo i=1 Ui Wj
Scos\U, W) = = . 516
(@) = LT (5.16)
wi_ . .
8 jac (1, W) = Loz min(u, w) (5.17)

S max (u;, w;)

5.1.4 Aggregation

Given confirmations of all pairs S;, we aggregate them as a single coherence score.
The median o,,, as in UCI coherence, and arithmetic mean o, are used in the
literature but we can use other aggregation measure such as geometric mean o, or
quadratic mean o,.

5.1.5 Best results

So, for example, if we wanted to represent the UCI measure with the framework, it
would look to something like this:
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Cuer = (S, Py (10), PMI, 0,,) (5.18)

one’

Clmaee = (S0 Pyooldoe, Umass score, a,,) (5.19)

pre >

The authors conducted numerous benchmark tests to evaluate different combinations
of coherence measures. Each test utilized a dataset accompanied by topics and
human ratings for each topic. Specifically, for a word set representing the top words
of a topic, human participants provided ratings based on their understandability.
Additionally, each combination of coherence measures generated a ranking for a
topic, which was then compared to the human ranking using Pearson correlation.
A high correlation with human ratings indicated a good coherence measure. On
average, the (', measure demonstrated the best performance:

O, = (S, P, (10), Meos(NPML, 1), 7, (5.20)

set

This measure also yielded the best results when applied to the New York Times
articles dataset, which is similar to our datasets. Therefore, we will adopt this
coherence metric to evaluate our models.
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Chapter 6

Visualizing topic models

Although automated evaluation of topic models is possible, it is still beneficial to
conduct a quick human check for validation purposes. One simple approach is to
examine the list of most frequent terms for each topic. This method is effective as it
allows users to quickly understand how words are organized within topics. Another
popular method for visualizing word lists is through the use of word clouds. In
addition to presenting the words themselves, word clouds also incorporate the size
of words to reflect their probability within the topic. An example of a word cloud
is shown in Figure 6.1, where "match" and "club" are the most probable words.
However, it is important to note that word clouds lack of contextual information
between words. Although there may appear to be connections between closely
placed words, their arrangement in the cloud is random and does not indicate any
inherent relationships

football
b zjoueur
i sSdalson
hequlpe
face

A JOUEV VlCtOlVe
‘:Lﬁouge u g

Figure 6.1: Word cloud

Alternatively, word associations can be used to establish connections between words,
offering an alternative visualization method. One commonly used measure for
assessing word associations is Pointwise Mutual Information (PMI). By calculating
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the PMI for each term in the set of most probable words for a given topic, we
can identify pairs of words with a PMI value above a certain threshold, effectively
linking them together. An example of this visualization approach is depicted in
Figure 6.2. In this visualization, the area of each word circle is proportional to
its probability in the topic. Unlike word clouds, the visual representation is not
affected by word length. However, it is important to note that a threshold needs
to be defined in order to determine which word associations to include.

content
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Figure 6.2: Word associations visualization from [3]

Anyway, these methods lack of comparison between topics themselves. Indeed, it
would be nice to see how topics relate to each other. This can be achieved by the
Termite [5] and LDAwis [22] visualization.

Termite

Termite is an additional visual analysis tool that can be used to assess the quality of
topic models. It employs a matrix layout to compare terms both within and across
topics. Unlike other methods, Termite does not rely solely on word probabilities
to select words for visualization. Instead, it utilizes a measure called saliency to
identify more distinctive terms than the most probable words which can be generic.

The saliency measure is defined as follows : for a given word w, its conditional
probability P(T|w) is computed, representing the likelihood that word w was
generated by topic 7. This estimation is accomplished using G? statistics [7],
leveraging the knowledge of P(w|T"). Consider this table :

| w —w
T | a=PwlT) b= P(-w|T)
-T | ¢c= P(w|-T) d= P(—w|-T)
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The G? statistic is then defined as :

a(c+d) b(c+d)
G? =alog———— +blog——~ = P(T 6.1
408 c(a+b) * Ogd(a—i—b) (Tlw) (6.1)
Additionally, the likelihood P(7T) that any word w was generated by topic 7' is
calculated. As a result, the distinctiveness of word w can be quantified by the

Kullback-Leibler divergence between P(T'|w) and P(T):

P(T|w)
P(T)
This defines how informative the specific term w is for determining the generating
topic versus a random word w’. If a word w occurs in all topics, it would have a

low distinctiveness score. Consequently, the saliency of a term can be defined as
follows:

distinctiveness(w) = > P(T'|w) log (6.2)
T

saliency(w) = P(w) X distinctiveness(w) (6.3)

Additionally, Termite offers a seriation feature, which allows for the reordering of
terms within the matrix. This permutation of term order can unveil clustering
structures, making it easier to identify concepts within topics and identify shared
properties among them. The provided visualization, represented in Figure 6.3,
illustrates a Termite visualization. The horizontal axis represents words, while the
vertical axis represents topics. It is worth noting that the sizes of the circles in the
visualization remain proportional to the word probabilities.
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Figure 6.3: Termite matrix visualization from [5]
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LDAvis

LDAvis is a visualization tool specifically designed for exploring topics generated
by Latent Dirichlet Allocation (LDA) models. It offers both a global view of the
topics and individual views for each topic, allowing users to visualize the most
important terms within each topic. Like Termite, LDAvis employs a different metric
for selecting the terms to be presented in a topic. The authors of LDAvis found
that ranking terms solely by their probability is suboptimal for topic interpretation.
One limitation of Termite is that it primarily provides a global view of the model
and lacks the ability to thoroughly examine each individual topic. Consequently,
we have chosen to utilize LDAvis for visualizing our models, as it offers a more
comprehensive visualization and presents words within each topic in a highly
coherent manner.

Relevance of terms

In this section, we define the relevance method for ranking terms in a topic. Let
Orw be the probability of term w in topic k£ and p, the probability of term w
in the corpus. Then the relevance of a term w to k given a weight parameter A
(0 < X <1) is defined as:

1Y) = Alog(6i) + (1) o (22 (6.4
By setting A = 1, the terms are ranked solely based on their probability for topic k.
Conversely, when A = 0, the terms are ranked using the lift measure. In order to
determine the optimal value for A\, the authors conducted a user study based on a
50-topic model trained on the 20 Newsgroups dataset. They enlisted 29 subjects
from their colleagues who were asked to review a list of the top 5 terms for each
topic, ranked by relevance according to randomly sampled A\ values. The subjects
then had to identify the topic from a list of three possible topics, with one being the
correct match. Through the study, the authors discovered that an optimal value of
A = 0.6 yielded a 70% probability of correct topic identification. This finding was
based on the subjects ability to interpret the topics using the lists of terms generated.
In our own experience, we have found that this value of A indeed enhances the coher-
ence and interpretability of the topics, surpassing the use of word probabilities alone.

In Figure 6.4, we present the LDAvis visualization of a 30-topic model trained on
RTBF data. The left panel offers a comprehensive overview of the 30 topics. The
size of each circle represents the topic’s distribution within the corpus, with the
selected topic being the most prevalent in this particular dataset. In this case, the
selected topic prominently revolves around the COVID epidemic. To determine the
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Figure 6.4: LDAvis of the RTBF model

distances between topics, the Jensen-Shannon divergence is employed. It calculates
a weighted sum of Kullback-Leibler divergences, ensuring symmetry:

1 P+q 1 P+q
Djs(pllg) = §DKL (pHT) + §DKL <Q||T) (6.5)

To map these distances onto a two-dimensional space, Principal Components

Analysis (PCA) is utilized. This transformation allows topics that are close in the
2D space to be considered similar to each other.
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In Figure 6.5 and Figure 6.6, we present the most representative words for topic 8,
which is the second topic from the left in the LDAvis global view. In Figure 6.6,
where A = 1, the displayed words undoubtedly pertain to sports. Specifically, it
appears to be related to racing sports, such as running, Formula 1, and cycling.
Although these words are the most probable within the topic, their estimated term
frequencies (indicated by the red bars) are considerably lower than the overall term
frequencies (indicated by the blue bars). This makes it challenging to distinguish
this topic from others. However, by changing the value of A to 0.6 (as seen in Figure
6.5), the most representative words become more discriminative. These words are
predominantly present in this particular topic, making it easier to determine that

the topic is specifically discussing cycling.
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Chapter 7

Automatic labelling

One of the main limitations of Latent Dirichlet Allocation is that topics generated
by the model lack of clear labels and require manual review by humans. However,
automating the process of topic labeling is desirable. Several papers have attempted
to address this challenge using complex techniques. Initially, our intuition was to
leverage Word2Vec, a word embedding model, to identify the most similar terms
to the top terms of a topic. One such paper, [1], employed this approach. However,
their technique is computationally intensive, involving training Word2Vec and
Doc2Vec models on a substantial Wikipedia dataset, which weighs 7 GB. They
then computed the most similar article titles to the top 10 terms and ranked them
using another measure. While effective, we opted for a simpler approach. In our
case, we trained a Doc2Vec model on the articles from the five newspapers. Since
certain websites, such as RTBF, provide multiple labels/categories for each article,
we utilized the trained Doc2Vec model to identify the most similar labels to the
top N terms of a topic. Given a set of labels L and the top N terms of a topic T,
we computed the best label as follows:

et cos__sim(w, 1)
7.1
e ( length(T') (7-1)

The approach we adopted for topic labeling is relatively straightforward and yields
satisfactory results. In our perspective, the most effective way to identify a topic
was by utilizing the two best labels we could find for each topic. Using only
one label often resulted in a vague representation, while incorporating two labels
provided more informative and sufficient labeling. Another parameter to consider is
the number of top terms used to compute the best label. We conducted tests with
different settings, including 10, 15, and 20 terms. We found that using 20 terms
often led to a focus on a specific topic, which may be overly narrow. On the other
hand, using 10 and 15 terms yielded more general and improved results. Ultimately,
we settled on using 15 terms as it consistently produced better outcomes.
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Chapter 8

Analysis of newspapers

In this section, we will analyze the newspapers using Latent Dirichlet Allocation
(LDA) models. Each newspaper’s topic model can be found in Appendix A in
a table format, showcasing the ten most relevant words for each topic. This
provides a straightforward and intuitive visualization of the topic models in report
format. Furthermore, we employ t-SNE dimensionality reduction to visualize the
topic models. Each article is represented as a point in the plot, and the color
of each point indicates its most dominant topic. This visualization allows for a
visual comparison of topic distributions within each topic model. Additionally, we
examine the temporal distribution of topics for each week in each newspaper. We
create a heatmap where the x-axis represents the weeks of a year, and the y-axis
represents the topics of the newspaper. This heatmap facilitates a straightforward
comparison of the topic proportions over time for each newspaper and are listed in
Appendix B. Lastly, we utilize a named entity recognition model to identify the
entities mentioned in each article. This analysis enables us to explore the most
cited entities within each topic, shedding light on the entities that are frequently
discussed in the articles. These plots are available in Appendix C.

8.1 Comparison of topics

In this section, we conduct a comprehensive comparison of the topics of the news-
papers.

In general, newspapers tend to cover similar major topics, although these topics
are often broad and lack a specific subject definition. The dominant topics usually
consist of common words such as "bien" (well), "chose" (thing), "beaucoup" (a lot),
and others. These terms are frequently used in French texts, making it difficult to
assign a precise label to these topics. While they appear in many articles, they do
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not define a clear subject due to their general nature.

Football is also a significant topic across all newspapers. The most dominant foot-
ball topic focuses on football terms without providing specific information about a
particular league or subject. Terms such as "match" (match), "but" (goal), "club'
(club), and others are relevant to any document discussing football. Lavenir and
DH are newspapers with a more Belgium-oriented focus, having a topic specifically
dedicated to regional football. Other football topics include the Pro League in
Belgium, the Belgian national football team (Red Devils), and European football.
The Pro League is covered by all newspapers, although RTBF and Lalibre have
less coverage of football. European football and the Red Devils have dedicated
topics in other newspapers.

In addition to football, newspapers also cover topics related to tennis, cycling, and
racing sports. These sports are popular in Belgium, so their inclusion in newspapers
is not surprising. Another sports topic that appears in every newspaper is the
Olympic Games in Tokyo.

One subject that cannot be overlooked in recent years is the COVID-19 pandemic,
which has affected people worldwide for several months or even years. Therefore, it
is logical that all newspapers cover this topic. Common COVID-19 topics include
vaccination, the pandemic situation and measures taken, flight restrictions, and
the closure of the catering industry. Lalibre and RTBF also have a topic dedicated
to health in general.

The American elections, which received significant global coverage in 2020, are
also covered by each newspaper. While there are slight differences in the marginal
distribution, the topics related to the American elections are generally the same
across newspapers, with Lesoir covering it slightly less in percentage.

Culture, art, cinema, and music are also covered by all newspapers. Music, festivals,
and concerts are topics found in each newspaper, and they all have a topic dedicated
to cinema. Art is also covered by all newspapers, and Lalibre even has a topic
about novels and reading, which is unique to that newspaper.

Another major and ongoing global event is the war in Ukraine, which is covered by
every newspaper. Lalibre and RTBF also have a topic about wars outside Ukraine,
including Afghanistan, Israel, Syria, and others. Migration, often a consequence
of war, is a topic for RTBF and Lesoir. However, it may also be discussed in
the context of climate, which is a topic for Lalibre, Lavenir, and RTBF. Energy
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consumption, an area for improvement in climate change efforts, is a topic covered
by every newspaper, likely due to recent rises in energy prices.

Politics is an essential subject covered by all newspapers, although the specific
areas they focus on may vary. All newspapers generally cover topics related to
the Belgian government, courts/jails, and police interventions. Lalibre, Lesoir,
and RTBF provide more coverage of international politics, including European
politics and international conflicts. These three newspapers also have topics related
to finance. Lalibre covers finance in the most detail, with topics about financial
markets, Wall Street, and banks. Additionally, a related topic is companies/jobs,
which is covered by Lavenir, Lalibre, Lesoir, and RTBF.

The remaining topics are generally similar across different newspapers. All newspa-
pers have a topic dedicated to weather reports, and most include a separate topic
for fires/floods, except for Lalibre, where these topics may be combined. They also
cover topics related to education, mobility /accidents, royalty, and consumption.

8.2 Dominant topic by article

This section displays the t-SNE dimensionality reduction plots of the document-
topic matrices. Each document is represented by a color corresponding to its
most likely topic. The topic labels above each plot are also color-coded to match
the corresponding colors in the plot. To ensure readability, some labels have a
black background for contrast, as reading them on a white background would be
challenging.
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To begin with, an evident observation is that topics sharing the same dominant
theme tend to cluster together effectively. Additionally, for DH, RTBF, and Lavenir,
the clusters located on the sides of the visual representation are larger compared
to those in the center. In contrast, Lalibre and Lesoir exhibit more uniform cluster
sizes. This suggests that DH, RTBF, and Lavenir are more focused on specific
dominant topics, whereas Lalibre and Lesoir cover dominant topics more evenly.
Furthermore, an examination of topic positions reveals that related topics are
situated in close proximity to one another. For instance, in the case of DH, all
sport-related topics are positioned on the right side, while topics related to Covid-19
are found at the bottom. Other subjects such as politics, government, and justice
are situated on the left side. This arrangement reflects the semantic closeness of
the topics, aligning with our expectations.

DH, Lavenir, and Lesoir demonstrate a strong inclination towards sports, with
nearly one-third of their topics being sports-related. These three newspapers oc-
cupy the entirety of the right side of the plot, emphasizing their focus on sports.
Unsurprisingly, the largest topics within this category revolve around football, with
Lavenir and Lesoir featuring a significant majority of football-related topics. In DH,
the distribution is slightly more balanced across various sports. Cycling, tennis,
and motorsport, when combined, encompass a size comparable to football. On
the other hand, sports topics constitute a considerably smaller portion of the plot
for the other two newspapers, with football continuing to dominate even in those
cases.

Following sports, other prominent topics revolve around Covid-19 and health.
Lalibre and RTBF exhibit a significant cluster of topics related to health, with
a majority of them specifically addressing the Covid-19 pandemic. Lesoir also
dedicates a substantial portion to health-related subjects, primarily focusing on
Covid-19. In contrast, DH and Lavenir cover these topics to a lesser extent, with a
more concentrated emphasis on Covid-19 rather than a broader range of health-
related subjects.

Culture plays a significant role in articles, with RTBF, Lalibre, and Lesoir dedicat-
ing a larger portion of their content to cultural topics compared to DH and Lavenir.
The cultural coverage primarily revolves around cinema, music, and art. This
emphasis is relatively consistent for Lesoir and RTBF, although Lalibre focuses
slightly less on music-related subjects.

Articles related to politics, war, and law hold significant importance in the realm
of information. DH and Lavenir allocate a substantial portion of their content to
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such topics, including accidents/mobility, courts/murders, regional politics, and
unions. These subjects predominantly revolve around factual events in Belgium and
constitute approximately one-third of the overall topics. However, international
topics like the Ukraine war, USA politics, and European politics cover a compar-
atively smaller portion of their content. In contrast, RTBF, Lalibre, and Lesoir
exhibit a more uniform distribution of these types of topics. They dedicate a larger
proportion of their content to political, war, and law-related articles compared to
DH and Lavenir. Furthermore, these three publications give more prominence to
international news. Additionally, all three newspapers allocate a significant portion
of their content to world finances, with Lalibre featuring three consequent topics
related to this subject.

8.3 Topics distribution over time

Analyzing the distribution of topics over time in various newspapers offers valuable
insights into their editorial focus and evolving coverage. By examining the fluctua-
tions and patterns within these publications, we can gain a deeper understanding
of their priorities and the changing landscape of news. This section delves into
the temporal distribution of topics across the 5 newspapers, shedding light on the
emphasis given to specific subjects and potentially uncovering underlying trends
and shifts in journalistic coverage. Through this analysis, we aim to explore how
newspapers allocate their attention to various themes and how these distributions
may evolve over time. In order to accomplish this analysis, we have created heatmap
plots for each year of each newspaper which are available in Appendix B. These
plots present the distribution of topics over time, with the X-axis representing the
weeks of the year and the Y-axis representing the various topics covered by the
newspapers. Each cell in the heatmap is color-coded to represent the percentage
of coverage dedicated to a specific topic within a given week. This visual repre-
sentation allows us to observe and compare the fluctuations and trends in topic
coverage throughout the weeks and years for each newspaper.

2020

In 2020, a significant starting event unfolded, namely the COVID pandemic,
which had a profound impact on news coverage. This event becomes evident in
the newspapers around the 10th week, coinciding with the Belgian government’s
announcement of strict containment measures. The historical significance of this
event is reflected in its substantial presence within the topics covered throughout
the year. Furthermore, analyzing other topics reveals the recurrence of certain
events. In the realm of sports, annual competitions play a prominent role. For
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example, the renowned cycling competition, Le Tour de France, typically occurs
around the 30th week, as visible in DH, Lesoir, and Lalibre. Similarly, in the world
of tennis, the Open d’Australie serves as a major tournament taking place towards
the end of January. Its impact can be observed in the 4th week in DH, Lalibre,
and Lesoir. While Lalibre and Lesoir exhibit notable coverage of events involving
Belgian governments, it is challenging to determine the exact nature of these events
without further context or specific information.

2021

In 2021, unfortunately, the Covid pandemic continued to dominate the news, but
we can explore other significant events. For instance, the American elections
occurred towards the end of 2020, resulting in Joe Biden becoming the official
president of the USA on January 20, 2021. This event received notable coverage
in Lalibre, Lesoir, and RTBF during the second and third weeks. However, DH
covered it to a lesser extent, despite having a dedicated topic for it. Additionally,
the football European Cup was initially scheduled for 2020 but was affected by
the Covid pandemic. Its coverage was prominent in DH, Lesoir, Lalibre, and
Lavenir around the 23rd and 24th weeks. Surprisingly, RTBF, which typically
covers football extensively, showed limited coverage of this event. The reason
for this discrepancy is unclear, considering that RTBF is known for reporting on
the European Cup. Another significant sporting event in 2021 was the Olympic
Games in Tokyo, which took place around the 29th to 31st weeks. All newspapers
extensively covered this event. In Belgium, there was also a major flooding event in
2021, visible in all newspapers around the 28th and 29th weeks. Lalibre stands out
once again by featuring a notable event during the 33rd week, specifically within
their war/terrorism coverage. This event revolves around the Taliban’s military
offensive against the Afghan government. It highlights Lalibre’s strong focus on
international affairs and reinforces its reputation as a newspaper with a significant
emphasis on global news.

2022

In 2022, there was a noticeable decrease in the coverage of the Covid pandemic,
reflecting its better containment. However, an ongoing and somber event that
remained in the headlines was the war in Ukraine. This conflict was extensively
covered in every newspaper around the 8th week, except for Lavenir, where it
received comparatively less attention. Another significant event in 2022 was the
football World Cup in Qatar, which took place towards the end of the year. This
event garnered coverage in all newspapers, except for RTBF, due to the issue
mentioned in the 2021 section. The French presidential elections also unfolded in
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2022, receiving coverage around the 14th to 16th weeks in RTBF, Lalibre, and
Lesoir. Finally, on the 8th of September 2022, the Queen of England passed away.
Lesoir provided the most extensive coverage of this event, while RTBF and Lalibre
covered it to a lesser extent during the 36th week. These three newspapers once
again demonstrated their international orientation, extending their focus beyond
Belgium, whereas DH and Lavenir had a comparatively more localized perspective.

8.4 Named entity recognition in topics

Named Entity Recognition (NER) algorithms offer a powerful tool for understand-
ing the mentions and prominence of specific entities within different newspapers.
By employing NER algorithms, we can analyze and identify the most cited entities
within various topics, providing valuable insights into the sources and individuals
that shape the news narratives. This section delves into the analysis of the most
cited entities by topics in the 5 newspapers. The fr_core news_md pipeline from
Spacy has been used to detect entities in each article.

Football topic

In the Football topic, it is not surprising that the most frequently mentioned teams
are Belgian. Across all five newspapers, Standard and Anderlecht emerge as the
most cited teams. Historically, these two teams have been regarded as the top
contenders in Belgian football, although their current standing may not necessarily
reflect that. Lesoir predominantly covers Belgian teams, while RTBF, Lalibre, and
DH also provide coverage of non-Belgian teams in their football-related content.
This indicates a broader scope of coverage by RTBF, Lalibre, and DH, extending
beyond the boundaries of Belgian football. Notably, Lavenir primarily focuses on
regional football, encompassing amateur categories such as P2 and P3.

Tennis topic

In the tennis topic, the Women’s Tennis Association (WTA) is the most frequently
mentioned entity across all five newspapers. This comes as no surprise, considering
the talent of Elise Mertens, a Belgian tennis player, who is highly regarded on the
global stage. Belgian newspapers extensively cover her achievements and the WTA
due to her performances. Following the WTA, the next most cited entities are the
Grand Slam tournaments, including Roland Garros, Wimbledon, and the US Open.
Additionally, David Goffin, another Belgian tennis player, garners considerable
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attention in the newspapers. Lastly, it is unsurprising that renowned players like
Novak Djokovic and Rafael Nadal receive significant coverage as well.

Political topic

When analyzing the political aspect of this topic, it is evident that the most
frequently cited political parties across the five newspapers are the PS followed by
the MR. These parties enjoy significant popularity in Belgium and are considered
to be on opposite sides of the political spectrum, with PS leaning towards the left
and MR towards the right. Alexander De Croo, the Prime Minister of Belgium,
is prominently cited in all newspapers. This is understandable as he holds a
prominent position in the government and received extensive media coverage during
the Covid pandemic. N-VA and CD&V are Flemish political parties that also
receive considerable attention in the newspapers. However, the coverage for other
political parties such as Ecolo and PTB is slightly less extensive, although they are
still frequently cited in the publications.

Covid vaccine topic

The selection of Covid vaccines has been a significant topic in the recent past.
Among the five newspapers, Astrazeneca is the most frequently mentioned vaccine
in DH, Lalibre, and Lesoir, while Pfizer receives the most citations in RTBF and
Lavenir. These two vaccines, Astrazeneca and Pfizer, have been extensively used
and widely discussed in the context of Covid vaccination. Furthermore, other
Covid vaccines such as Moderna and Johnson & Johnson also receive considerable
attention in DH, Lalibre, and Lesoir. These newspapers frequently mention these
additional vaccine options in their coverage.
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Chapter 9

Other use cases of topics models

Topic models, such as Latent Dirichlet Allocation (LDA), provide a valuable tool
for comprehending large document collections. By mapping documents to topics,
which are further associated with the vocabulary of the corpus, topic models
enable us to determine the affinity of a document towards specific topics This
capability facilitates answering questions about the content of the corpus in an
accessible manner. However, the utility of Latent Dirichlet Allocation extends
beyond topic identification. The mapping of documents to topics and words offered
by LDA can be leveraged for a range of other applications, including dimensionality
reduction, information retrieval, machine translation, and part-of-speech tagging.
In this chapter, we will focus specifically on exploring dimensionality reduction and
information retrieval.

9.1 Dimensionality reduction

Dimensionality reduction is a crucial process in machine learning, aimed at trans-
forming high-dimensional data into a lower-dimensional space while preserving the
essential properties of the original data. This is done to address the issue of model
performance degradation that arises when dealing with an excessive number of
dimensions, often referred to as the "curse of dimensionality." In high-dimensional
spaces, data points become sparser, necessitating larger amounts of data to obtain
representative samples.

When working with text data, the Bag of Words method is a simple representation
of a corpus that directly maps each document to all the tokens in the corpus,
resulting in a document-term matrix. However, this approach often leads to sparse
matrices with numerous zero entries, resulting in high-dimensional data, with one
dimension for each token in the vocabulary. Dimensionality reduction can be
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applied to group words with similar semantic meanings together, thus obtaining
a low-dimensional representation of documents that reflects concepts rather than
individual words. In Latent Dirichlet Allocation (LDA), the modeling of documents
involves utilizing topics as a bridge between the tokens of the vocabulary. Instead
of representing each document with all the tokens, LDA assigns documents to
topics, providing a more meaningful and compact representation.

Bag of words LDA
DOC1 DOC2 DOC3 DOC1 DOC2 DOC3
/XW Politic | |Ecology
hello house apple soda car coffee helo house apple soda car coffee

Figure 9.1: BOW vs LDA

Given N documents and K topics, we can represent each document as a vector of
length K that signifies the probability distribution of the document across the topics.
Combining all these vectors results in an N x K feature matrix that represents
the corpus. This matrix can be utilized as input for various purposes, including
training a supervised model.

Test classification accuracy

The test involves using a previous preprocessed RTBF dataset with a reduced
number of documents. A decision tree classifier is employed to categorize the
articles based on the newspaper’s assigned categories. After removing irrelevant
categories, the dataset consists of 95,648 articles for 30 categories. The vocabulary
size is 28,231 words. To represent the words, TF-IDF embedding is utilized. This
results in a matrix of dimensions 95,648 x 28,231, totaling 2,700,238,688 cells. The
dataset is split in 75% for training and 25% for testing. To prevent overfitting,
the only hyperparameter fine-tuned is the maximum depth of the decision tree.
This is accomplished using 5-fold cross-validation, resulting in the best maximum
depth of 20. It gives us a test set accuracy accuracy of 0.4972 by using the TF-IDF
embedding. The figure 9.2 displays test set accuracies of a decision tree using
document-topic matrix for different numbers of topics. The best test set accuracy
is 0.54767 with 27 topics. It implies a matrix of dimensions 95,648 x 27 totaling
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2, 582, 496 cells. This improvement in test set accuracy of 5% also leads to a
reduction in dataset dimensions by over 99%, resulting in faster training times.

Categories classification accuracy on a LDA reduced
dimensions dataset with different number of topics

0.545 A
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0.535 A

0.530 A
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Test set accuracy

0.520 A

0.515 A

0.510 A

T T
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Figure 9.2: Classification accuracy for different number of topics

9.2 Information retrieval

Information retrieval involves the retrieval of pertinent documents based on a user’s
query. It differs from topic models that explore and summarize documents in the
absence of any given context. Nevertheless, despite this distinction, there exist
mathematical and conceptual connections between these two algorithms. Indeed,
topic models can be viewed as an indexing method. It is possible to identify topics
that assign a high probability to a query and subsequently locate the documents
that have a high probability for these topics. In a basic information retrieval
system, queries and documents are treated as collections of words, and retrieval
occurs by evaluating the overlap between the two. However, this simple matching
approach has a limitation in that it disregards semantics. In reality, words with
similar meanings should be taken into consideration. Language modeling addresses
this issue by capturing semantic relationships, making it a primary framework for
utilizing topic models in information retrieval.
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Language modeling

The concept of language modeling is to estimate the likelihood of a query by a
probabilistic language model based on documents. Henceforth, the probability of
generating a query ¢ given a document d is :

ng w
p(gld) = [ p(w|d) = T —== (9.1)
weq weq nd

where ng4,, is the frequency of w in d, and n4 is the number of tokens in d.

To rank the documents, it is sufficient to consider their probabilities. However,
if a query contains a word that is absent from a document d, the probability of
generating that query given d becomes zero. This issue can be addressed through
smoothing techniques or by employing topic models. Topic models offer a means
to extract word probabilities from the corpus, which can be utilized for smoothing.
In the subsequent discussion, we will outline two smoothing methods that can be
incorporated within topic models.

Linear interpolation

Linear interpolation discounts the counts of seen words and distributes the extra
to both seen and unseen words:

p(wld) = (1 = A)p(wld) + Ap(w|C) (9.2)

where C'is the corpus. This approach effectively addresses the issue of sparsity.
When a word w is not present in document d, its probability is adjusted to the
corpus level probability denoted as p(w|C').

With topic models, we can also compute this probability by marginalizing over the
topics k :

Pem(wld) = Zp w|k)p(k|d) (9.3)
[23] proposed to combine these two models through a linear interpolation :

p(w]d) = N ((1 = A)p(w|d) + Ap(w|C)) + (1 = N)pun (w]d) (9.4)
where A\’ the LDA document model with the general smoothed model.

This approach use topic models to connect the query with document through the
topics. The advantage is that the base language modeling approach could low rank
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a document which doesn’t contain some words of the queries while topic models
could connect this document with topics that have connections with these missing
words and then give a better result. Therefor, a better semantic relationship is
learned.

Application to RTBF model

We conducted tests using linear interpolation and observed the following results.
Initially, calculating the likelihood of a query on multiple documents using this
method was found to be time-consuming. Specifically, for 957 documents, it took
approximately 9 to 10 minutes to compute the likelihoods of a one-word query on an
AMD Ryzen 5 3600XT processor with 10 processes. Due to the lengthy computation
time, we did not test with a larger number of documents. However, despite the
time required, the results were encouraging. We tested four queries: "lukaku,"
"trump," "covid," and "sprint." Each query yielded top-ranked documents that were
semantically related. For example, the "lukaku" query generated documents related
to the Belgian national football team, while "trump" produced documents about
American elections or American politics. Similarly, the "covid" query resulted
in documents containing information about the COVID situation, including the
number of cases and deaths. Lastly, the "sprint" query returned documents about
cycling competitions. Overall, the results were quite satisfactory in terms of
semantic relevance, but the computational requirements were high.
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Chapter 10

Conclusion

In conclusion, Latent Dirichlet Allocation (LDA) has proven to be a powerful
model for analyzing Belgian newspapers. We started by collecting and cleaning
data through web scraping, ensuring the construction of high-quality datasets for
our analysis. We then proceeded to visualize and evaluate the LDA topic model,
recognizing its importance in the training process. One significant step was the
automatic labeling of topics generated by our LDA model, which allowed us to
interpret and understand the underlying themes within the topics. The topics
covered a wide range of subjects, including the Covid pandemic, sports, politics,
and more. We gained insights into the varying coverage and prominence of specific
topics across different newspapers. One key advantage of LDA is its unsupervised
learning capability, which eliminated the need for manual annotation and provided
us with a deeper understanding of the newspapers corpora’s underlying structure.
Furthermore, we explored additional use cases of LDA, such as dimensionality
reduction and information retrieval, highlighting its versatility and applicability in
various scenarios. Overall, Latent Dirichlet Allocation proved to be an effective and
valuable tool for analyzing large collections of documents, extracting meaningful
insights, and exploring patterns within the Belgian newspapers. Its ability to
uncover latent topics and its unsupervised learning approach make it a powerful
tool for data analysis in the field of natural language processing.
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Appendix A

Topic models

In this chapter, we present the topic models in a tabular format. The topics are
listed in descending order of their marginal distribution, and for each topic, we
provide the ten most relevant words. Additionally, we include the labels assigned
to the topics using our automatic labelling technique.
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Appendix B

Topics distribution over time -
heatmaps

This chapter displays the heatmap plots for every year and every newspapers. The
x-axis represents the weeks of a year, and the y-axis represents the topics of the
newspaper. Therefor, each cell indicates the marginal probability of a topic in a
week.
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Appendix C

Named entity recognition plots

This chapter displays the plots of the most cited entities by topic in the different
newspapers.
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Football topic

lalibre - Most cited entities for football topic

dh - Most cited entities for football topic
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lesoir - Most cited entities for football topic

rtbf - Most cited entities for football topic
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lavenir - Most cited entities for football topic
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Tennis topic

lalibre - Most cited entities for tennis topic

DH - Most cited entities for tennis topic
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lesoir - Most cited entities for tennis topic

rtbf - Most cited entities for tennis topic
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Political topic

Lalibre - Most cited entities for political topic

DH - Most cited entities for political topic
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Covid vaccine topic

Lalibre - Most cited entities for Covid vaccine

DH - Most cited entities for Covid vaccine
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Lesoir - Most cited entities for Covid vaccine

RTBF - Most cited entities for Covid vaccine
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Lavenir - Most cited entities for Covid vaccine
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