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Abstract This study introduces a computational approach utilizing natural language processing for text analysis,
particularly focusing on topic modeling from large-scale textual data. Given the increasing volume of information
shared on social media platforms like X (Twitter), there is a pressing need for effective methods to extract and un-
derstand the underlying topics in these texts. Continuing the previous work with LDA, BTM, NMF, and BERTopic,
we conducted experiments using advanced BERT embedding models tailored for Brazilian Portuguese, namely
BERTimbau and BERTweet.BR, alongside the standard multilingual BERTopic model. We also perfomed exper-
iments with LLM embedding models inside the BERTopic structure, NV-Embed-v2, and gte-Qwen2-7B-instruct.
Our findings reveal that the gte-Qwen2-7B-instruct model outperforms the others regarding topic coherence, fol-
lowed by NV-Embed-v2, BERTimbau Large, BERTimbau Base, BERTweet.BR, and the standard multilingual
BERTopic. In the case of the BERT models, this demonstrates the superior capability of models trained specifi-
cally on Brazilian Portuguese data in capturing the nuances of the language. In the case of the LLM models, the
multilingual capability (including Portuguese) demonstrates the performance of gte-Qwen2-7B-instruct over NV-
Embed-v2. The enhanced performance of the gte-Qwen2-7B-instruct model highlights the importance of larger
model sizes in achieving higher accuracy and coherence in topic modeling tasks. These results contribute valuable

insights for future research in social, political, and economic issue analysis through social media data.
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1 Introduction

Although Digital Humanities — characterized by the inter-
section between computing and the humanities — is consoli-
dating as a research field [Guimarées ef al., 2023] and Com-
putational Social Sciences has experienced a significant in-
crease in prominence over the past decade, there is still much
to contribute to these fields due to their recent emergence
and the nascent nature of some of their institutional infras-
tructures [Lazer et al., 2020]. Digital Humanities and Com-
putational Social Sciences are research areas with significant
potential for development, especially within the modern con-
fluence of abundant data and the growing availability of high-
performance hardware.

One area that brings the humanities and computing closer
together is undoubtedly natural language processing (NLP)
since texts of all kinds are widely used in the humanities.
There are several interesting examples of this confluence
[Robila and Robila, 2020], among which we cite, by way of
example, the work of Sumikawa ef al., 2018. In it, temporal
references were extracted from texts on the social network
X (Twitter) over 11 months in 2016 and 2017. This extrac-
tion was done using a rule-based computational tool called
HeidelTime. With these temporal references, it was possi-
ble to analyze collective memories [Halbwachs, 1950] on X
(Twitter).

This example clearly indicates that topic modeling has
emerged organically as a way of determining the subjects
discussed in large sets of texts or in large texts. Examples
of models are: the simple counting of the total frequency
of words in the Bag of Words [Nisha and Kumar R, 2019],
LSA (Latent Semantic Analysis) [Deerwester et al., 1990],
NMF (Non-Negative Matrix Factorization) [Paatero and Tap-
per, 1994], pLSA (Probabilistic Latent Semantic Analysis)
[Hofmann, 1999], LDA (Latent Dirichlet Allocation) [Blei
et al., 2003], Hierarchical Dirichlet Processes [Teh et al.,
2004], STM (Structural Topic Model) [Roberts et al., 2013],
BTM (Biterm Topic Model) [Yan et al., 2013], W2V-GMM
(word2vec Gaussian Mixture Model) [Sridhar, 2015], CorEx
(Correlation Explanation) [Gallagher et al., 2017], Top2Vec
(Topic to Vectors) [Angelov, 2020] and BERTopic (Topic
Bidirectional Encoder Representations from Transformers)
[Grootendorst, 2022b].

Social media are sources of great importance for the hu-
manities. One social network that stands out for its wide
availability of texts is X (Twitter), which had around 368 mil-
lion active users in 2022.! The platform offers the potential
to gather a substantial corpus of data for analysis, encompass-
ing a vast array of subjects and perspectives from a multitude
of individuals. Furthermore, the data can be examined at the
country and other geographical levels.

Uhttps://www.statista.com/statistics/30368 1 /twitter-users-worldwide/
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In this work, an extended version of Gomes and Attux,
2023, we present a more comprehensive methodology for an-
alyzing social media, thus seeking to contribute to using NLP
in the context of the humanities. In addition, we present a
data collection methodology specific to Brazil. We also aim
to compare models from different approaches (probabilistic,
matrix, short text expert, deep learning neural) for model-
ing topics in these media and to evaluate the best perfor-
mance for this task. In employing a probabilistic approach,
we utilize LDA; in utilizing a matrix approach, we employ
NMF; in utilizing a specialized short text methodology, we
employ BTM; and in utilizing a neural approach, we employ
BERTopic with diverse embedding models.

Moreover, as an extension of the investigation presented
in Gomes and Attux, 2023, we added experiments with
BERT models trained in Brazilian Portuguese as embeddings
for BERTopic, BERTimbau, and BERTweet.BR, to evaluate
whether their performance can be superior when modeling
tweet topics in the same language in which they were trained.
Additionally, we incorporated embeddings from Large Lan-
guage Models (LLMs), a recent class of models compris-
ing billions of parameters that achieve state-of-the-art per-
formance in NLP tasks. Specifically, we utilized the NV-
Embed-v2 and gte-Qwen2-7B-instruct as embedding models
in BERTopic.

The paper is structured as follows: Section 2 covers a re-
view of related work, Section 3 provides a brief review of the
models used, Section 4 presents the proposed methodology,
the results are in Section 5, and the conclusions are set out in
Section 6.

2 Related Work

Traditional opinion polls have long connected public opinion
and politicians during elections, but they are often limited,
costly, and time-consuming, especially when addressing eco-
nomic issues. In recent years, social media platforms like X
(Twitter) have provided an alternative by enabling the collec-
tion of large-scale public opinion data. Karami et al., 2018
introduced a computational approach for public opinion min-
ing that explores discussions of economic issues during elec-
tions by combining sentiment analysis and topic modeling
with LDA. Applied to millions of tweets, this method effec-
tively analyzed public economic concerns during the 2012
US presidential election, offering a more efficient means of
gauging public sentiment.

In another study, Xue ef al., 2020 also utilized LDA to
examine COVID-19-related discussions on X (Twitter). By
identifying dominant topics and themes, the researchers cap-
tured the evolving nature of public sentiment and the key
areas of interest among X (Twitter) users as the pandemic
unfolded.

Boon-Itt and Skunkan, 2020 investigated public aware-
ness and concerns regarding COVID-19 by analyzing
107,990 English-language tweets posted between December
13, 2019 and March 9, 2020. Using keyword frequency,
sentiment analysis, and topic modeling with the LDA algo-
rithm, the researchers identified key themes in the discus-
sions. The results revealed three main aspects: the spread
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and symptoms of COVID-19, which progressed through dis-
tinct stages; a generally negative public sentiment toward the
pandemic; and three thematic categories—pandemic emer-
gency, control measures, and media reports on COVID-19.
The findings highlight X (Twitter) as an effective platform
for gauging public awareness and sentiment, offering in-
sights that can inform health departments in addressing pub-
lic concerns and improving communication during health
crises.

Similarly, Lyu and Luli, 2021 employed LDA to identify
emerging topics in public discourse on X (Twitter) related
to COVID-19, focusing on conversations surrounding the
Centers for Disease Control and Prevention (CDC) in the
United States. Their study revealed critical trends and con-
cerns about public health that were prevalent during the pan-
demic.

Egger and Yu, 2022 explored the potential of social me-
dia data for social science research, particularly through data-
driven approaches such as topic modeling, which offer new
insights into social phenomena. However, the short and un-
structured nature of social media content presents challenges
in data collection and analysis. To address this, the study
evaluates the performance of four topic modeling techniques
— LDA, NMF, Top2Vec, and BERTopic — using X (Twit-
ter) posts as the reference point. The research highlights the
strengths and weaknesses of each method in a social science
context, concluding that BERTopic and NMF are particularly
effective for analyzing X (Twitter) data.

KH et al., 2022 aimed to model and visualize topics dis-
cussed on X (Twitter) by the Makassar community in Indone-
sia. The study utilized the LDA algorithm to identify and
display the prominent themes within these discussions. The
findings revealed that effectively applying LDA highlighted
the most frequently occurring terms and topics, providing
insights into the trends and prevalent critical themes in the
Makassar community’s social media discourse.

Xu et al., 2022 discussed the politicization of public health
issues during the COVID-19 pandemic by developing a com-
putational framework to analyze web-based discourse across
different user groups. Focusing on mask-wearing discus-
sions, the researchers clustered X (Twitter) users based on
their identities and interests using their bios. They em-
ployed BERT Topic modeling to identify and track discourse
trends over time. The analysis revealed that political groups
and the general public discussed both the science of mask-
wearing and the partisan politics of mask policies, with pop-
ulist rhetoric also emerging. Notably, public health profes-
sionals participated less in these discussions. The study em-
phasizes the importance of user classification in understand-
ing the political context of online public health discourse. It
demonstrates the effectiveness of BERT Topic modeling in
analyzing short social media texts.

Uthirapathy and Sandanam, 2023 examined public percep-
tions of climate change by analyzing X (Twitter) data us-
ing topic modeling and sentiment classification techniques.
LDA method was employed to identify topics discussed,
while BERT uncased model was used for sentiment classifi-
cation, labeling sentiments as pro-news, supportive, neutral,
or anti-climate change. The performance of the models was
evaluated using precision, recall, and accuracy metrics, with
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the BERT uncased model achieving the best results, outper-
forming other methods. The study highlights social media as
a valuable tool for understanding public opinions on climate
change.

Lotto et al., 2023 investigated the prevalence and topics
of ”fluoride-free” tweets to better understand public con-
cerns and the spread of misinformation regarding fluoride.
Analyzing 21,169 tweets from 2016 to 2022, using LDA,
the researchers identified three key themes: promoting a
healthy lifestyle, consuming natural and organic fluoride-
free products, and recommending fluoride-free alternatives.
The study found that tweets discussing fluoride-free” de-
creased between 2016 and 2019 but increased from 2020
onward, likely driven by misinformation about fluoride’s ef-
fects. The authors highlight the importance of public health
authorities and professionals in addressing the spread of such
misinformation to mitigate potential health risks.

Ramamoorthy et al., 2024 explored the potential of social
media, notably X (Twitter), in addressing diabetes preven-
tion and management. To understand the scope and con-
tent of diabetes-related discussions in India, the authors as-
sess and compare various topic modeling techniques, in-
cluding LDA, NMF, BERTopic, and Top2Vec. X (Twit-
ter) data from November 2022 to February 2023 was ana-
lyzed, with NMF outperforming LDA, and BERTopic sur-
passing Top2Vec. Eight key topics emerged, focusing on dia-
betes management, awareness, risk factors, diet, and lifestyle
changes. Influential users, primarily healthcare profession-
als and organizations, were identified as crucial information
disseminators.

Rao et al., 2024 analyzed the use of social media data from
X (formerly Twitter) to analyze language patterns related to
drug use, focusing on differentiating between street names
and brand names of prescription drugs. To improve classifi-
cation, the study applied BERTopic along with Uniform Man-
ifold Approximation and Projection (UMAP) and k-means
clustering, generating topics from 170,618 tweets with street
names and 245,145 tweets with brand names. Sentiment
analysis using the Valence Aware Dictionary and Sentiment
Reasoner (VADER) showed that both data sets tended toward
positive sentiment. Still, brand-name discussions were more
consistent in sentiment classification than street-name discus-
sions. Logistic regression models incorporating tweet text
improved accuracy by 40%, highlighting the importance of
context for understanding sentiment in drug-related tweets.
The findings suggest that engagement metrics alone are in-
sufficient for predicting sentiment without the contextual in-
formation from tweet text.

This study aimed to develop a more comprehensive
methodology based on the related works presented. It in-
cludes real data collection, a sampling strategy, an analysis
of sample size, and a search for the most suitable model, rang-
ing from classical to more recent approaches, by fine-tuning
their hyperparameters. Additionally, the methodology seeks
to address gaps identified in prior research, providing a more
robust framework for data analysis and model optimization
across various contexts.
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3 Models

The Latent Dirichlet Allocation model was proposed by Blei
et al., 2003 and has become, over the years, one of the best-
known and most used models in topic modeling. It corre-
sponds to a generative probabilistic corpus model, in which
documents are represented as random mixtures in latent top-
ics, each characterized by a word distribution. Its hyperpa-
rameters « and 7 refer to the Dirichlet distribution. The first
describes an a priori assumption on the distribution of doc-
ument topics. The second represents an a priori assumption
on the topic-word distribution. They need to be adjusted, a
process described in Section 3.

The LDA model has limitations: according to Jonsson,
2016, LDA is not a model with outstanding performance for
modeling topics in short texts. Since one of the aims of this
work is to explore X (Twitter), and since it essentially con-
sists of short texts, it is clear that LDA is not the most ap-
propriate model. It was, therefore, necessary to work with a
model aimed at short texts.

A proposal along these lines is the Biterm Topic Model,
presented by Yan et al., 2013. This model extracts topics
by modeling the generation of word co-occurrence patterns.
This model was chosen because of its superior performance
in Jonsson, 2016.

Non-Negative Matrix Factorization was introduced by
Paatero and Tapper, 1994 under the concept of Positive
Matrix Factorization, according to Wang and Zhang, 2013.
However, the approach was not used for topic modeling,
which came later. NMF is a mathematical procedure in
which a matrix of non-negative values is decomposed into
two new matrices so that the product of these two new ma-
trices is equal to the original matrix [Churchill and Singh,
2022].

The decomposed matrix is the document-word matrix, con-
sisting of a set of documents in which a vector represents
each document. The two resulting smaller matrices are the
word-topic matrix, which can be interpreted as the distribu-
tion of topics concerning words, and the document-topic ma-
trix, which can be interpreted as the distribution of topics
about documents [Churchill and Singh, 2022].

As the last model class for experimenting, comparing, and
analyzing short texts on X (Twitter), we used a more recent
one that uses state-of-the-art methods for natural language
processing tasks. That is BERTopic, an extension of Bidirec-
tional Encoder Representations from Transformers (BERT)
proposed by Grootendorst, 2022b. BERTopic is a language
model based on a pre-trained transformer, which gener-
ates document representations. Its standard multilingual
embedding model paraphrase-multilingual-MiniLM-L12-v2
[Reimers and Gurevych, 2019] groups them, and finally cre-
ates topic representations with the class-based TF-IDF pro-
cedure.

Extending the work presented in [Gomes and Attux, 2023]
and enhancing BERTopic with embedding models trained
specifically for Brazilian Portuguese, we used two variants
of language models: BERTimbau [Souza et al., 2020] and
BERTweet.BR?. These models were chosen for their ability

Zhttps://huggingface.co/melll-uff/bertweetbr
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to capture the nuances and particularities of Brazilian Por-
tuguese, providing a robust basis for natural language pro-
cessing (NLP) tasks.

BERTimbau replicates BERT’s architecture and pre-
training procedures with some adaptations for Brazilian Por-
tuguese. Specifically, BERTimbau was trained with the
brWaC corpus (Brazilian Web as Corpus) [Wagner et al.,
2018], an extensive dataset representing the Brazilian web.
This corpus includes billions of words extracted from various
textual domains and genres, broadly covering the Portuguese
language used in Brazil.

BERTimbau is available in two versions: BERTimbau
Base, which has 110 million parameters, and BERTimbau
Large, with 330 million parameters. The Base version is de-
signed to be more efficient in computing resources, making it
easier to integrate into applications requiring less processing
power. On the other hand, the Large version, with a more sig-
nificant number of parameters, can capture more complex lin-
guistic nuances, providing a deeper understanding of Brazil-
ian Portuguese texts. These features make BERTimbau a
powerful tool for various NLP applications, from sentiment
analysis to topic extraction and text comprehension.

On the other hand, BERTweet.BR is an adaptation of the
BERTweet model initially developed by Nguyen et al., 2020
for analyzing English texts on X (Twitter). BERTweet.BR
was trained from scratch, following the pre-training proce-
dure of RoBERTa (Robustly Optimized BERT Pretraining
Approach) [Liu et al., 2019]. For this, a corpus of approx-
imately 9 GB was used, containing 100 million tweets in
Brazilian Portuguese. The adaptation of BERTweet to Brazil-
ian Portuguese allows it to capture the particularities of the
informal and dynamic language used on social networks, es-
pecially X (Twitter). This capability is crucial for tasks that
involve the analysis of short, informal texts, such as senti-
ment analysis, topic detection, and other applications that re-
quire a detailed understanding of the language of social net-
works.

By integrating BERTimbau and BERTweet.BR with
BERTopic, we can identify and extract topics in a possibly
more efficient and accurate way in texts written in Brazil-
ian Portuguese. Using these models can help BERTopic deal
with the richness and complexity of the Portuguese language,
providing more relevant and contextualized results for the
Brazilian reality. This integration is particularly useful for
various applications, from analyzing large volumes of textual
data to understanding communication trends and patterns in
different contexts and platforms.

With the rise of Large Language Models (LLMs), lever-
aging their capabilities for topic modeling is a logical step.
To this end, we drew inspiration from the work of Invernici
et al., 2024, which employs LLMs for embeddings based
on the Massive Text Embedding Benchmark (MTEB) leader-
board [Muennighoff ef al., 2022]. Specifically, we used NV-
Embed-v2 [Lee ef al., 2024] — a general-purpose embed-
ding LLM with 7.85 billion parameters — for this task. This
model currently (November 18th, 2024) holds the top posi-
tion on the Overall MTEB English leaderboard. MTEB is
a benchmark that evaluates models across eight embedding
tasks, encompassing 58 datasets and 112 languages.

However, since NV-Embed-v2 supports only English, we
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also utilized gte-Qwen2-7B-instruct [Li et al., 2023], a mul-
tilingual embedding model with 7.61 billion parameters
based on the Qwen2-7B LLM. It holds the best position
on the Overall MTEB French leaderboard for a Portuguese-
supported model (November 18th, 2024). The French leader-
board was selected because it does not include Portuguese,
and it is the only Latin language (like Portuguese) compared
to other languages from the leaderboard (English, Chinese,
Polish, and Russian).

4 Methodology

This section presents the methodology used in this work from
the point of view of: 1) assessing the quantity of data, 2) col-
lecting and pre-processing the data, and 3) inserting the data
into the models for parameter sensitivity and performance
analysis. The subsections establish a sequence and detail
each of the stages.

4.1 Delimiting the Language of Tweets

The first step in the methodology consisted of assessing how
it would be possible to focus our analysis on content pro-
duced in the Brazilian context since this focus was a cen-
tral motivation for the research. Although X (Twitter) has
a search engine that includes the location indicated by the
person posting a message, we realized that there were a sig-
nificant number of messages marked as having been posted
in Brazil that were not relevant to us, such as messages posted
by visitors attracted by events like the 2014 World Cup or the
2016 Olympics.

We considered that we could use the Portuguese language
as a sieve since we had the perception that the number of
Brazilian users would be a large majority in this Portuguese-
speaking approach. That was confirmed by the ranking of
countries with the largest number of X (Twitter) users pre-
sented on the Statista® platform and by the fact that the num-
ber of Brazilian users (19.05 million) is more than 13 times
the number of users from Portugal (1.40 million),* which
is the country with the third largest number of Portuguese-
speaking people in the world.> Angola, as the second country
with the most Portuguese speakers, had only 71.4 thousand
X (Twitter) users in 2022.°

4.2 X (Twitter) Data Collection

Sample size is a fundamental issue when collecting data: it
is necessary to investigate the number of “tweets” that can
represent the subject you want to study. However, the sta-
tistical distribution of the data was unknown to us a priori.
There was, therefore, no model to determine a sample size
that could guarantee a population for a defined confidence

3https://www.statista.com/statistics/242606/number-of-active-twitter-
users-in-selected-countries/

“https://datareportal. com/reports/digital-2022-
portugal#: :text=Numbers%20published%20in%20Twitter’s%20
advertising,total%20population%20at%20the%20time.

Shttps://www.worlddata.info/languages/portuguese.php

Shttps://datareportal.com/reports/digital-2022-angola



Enhancing Contributions to Brazilian Social Media Analysis Based on Topic Modeling with Native BERT Models

and margin of error. There is, thus, difficulty in defining the
number of tweets that can work reliably.

One strategy presented by Krippendorft, 2018 is to carry
out sampling experiments to discover a set size. The first
collection adopted in this work consisted of obtaining three
samples of 50,000 tweets in the year 2021 and comparing
them to analyze the adequacy of the size. The three samples
collected were composed of the keyword “communism”, i.e.
they contained “communism” and/or “#communism”. This
word was chosen because of its centrality in the far-right dis-
course, which has occupied a large space in the Brazilian po-
litical debate over the last ten years [Machado and Colevati,
2021], and also because it is an example of the application of
the methodology developed in this work to a social, political,
and economic issue.

To collect the data, we used the X (Twitter) APL7® As it
returns a maximum of 500 tweets per response, for each set
with this maximum returned, the API was provided with a
pseudo-random date and time in the year 2021. However,
the maximum of 500 was only sometimes returned, as there
were unavailable tweets. Another issue is that X (Twitter)
has different types of tweets’; they are tweets general, tweets
status, retweets, replies, mentions, and comments. The col-
lection covered all these types.

4.3 Preprocessing

Once the sample distributions had been inspected, we pre-
processed the tweets’ texts as indicated in Allahyari et al.,
2017. It consisted of the following steps: 1) treating char-
acters and other processes, 2) breaking the text into individ-
ual units (known as tokenizing), 3) removing stop words, 4)
lemmatization, 5) removing stop words generated by lemma-
tization.

In treating characters, we removed non-alphanumeric
items, i.e., those other than Latin letters and Indo-Arabic nu-
merals. We removed users mentioned in the text and URLs.
We replaced the abbreviations with their corresponding full
words using a manual list. After this replacement, along with
breaking the texts into individual units (tokenizing), all let-
ters were transformed into lowercase, and punctuation was
removed.

Stop words are very frequent in a text and have little se-
mantic value, such as prepositions and conjunctions. They
were removed using the list in the NLTK library [Bird ef al.,
2009] and other words added manually to this list.

Lemmatization consists of transforming words into their
simplest form, such as putting them in the singular, mascu-
line, or, in the case of verbs, putting them in the infinitive. It
involves grouping the various inflected forms of a word so
that they can be analyzed as a single item, taking into account
the morphological analysis [Allahyari et al., 2017]. This pro-
cess was carried out using a trained convolutional neural net-
work model from the spaCy library [Honnibal ef al., 2020],
the small version of which was used due to its lower com-
putational and memory costs. Finally, at the end of the pre-

7https://developer.twitter.com/en/docs/twitter-api

8The API is no longer free as it once was and it was not possible for us
to look for a way of creating a public database.

“https://help.twitter.com/en/using-twitter/types-of-tweets
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processing, a further removal of stop words was carried out
since the lemmatization generated more of them.

4.4 Sample Size Experiments with LDA

Three experiments were conducted using the LDA model to
evaluate the sample size. They are in the following subsec-
tions: LDA in Samples of 50,000 tweets, LDA with the Split-
Half Technique, and LDA with Sample Size Increase. One
reason for working with LDA, besides being the most clas-
sic model for topic modeling, is that its implementation is the
fastest in terms of code execution time. It is called LdaMulti-
core and belongs to the Gensim library [Rehifek and Sojka,
2010]. Therefore, all the sample size experiments with LDA
were carried out with the configuration of five topics, o and
7 symmetric according to equation 1.

4.4.1 LDA in Samples of 50 Thousand Tweets

Once the bag of words was analyzed, we applied the LDA
model with five topics to each of the three samples to com-
pare their results and analyze the representativeness of the
sample size. However, comparing topics generated by dif-
ferent LDA models is complex due to the following factors:

+ the stochastic nature of the model, requiring each model
to be run several times and averages to be compared,

* the unsupervised nature of the model, meaning that
there are no expected generated topics, and an appro-
priate metric is needed to analyze performance;

+ the need to choose its hyperparameters to obtain optimal
generated topics;

« the need for an expert on the topic of the tweets to better
compare the topics generated by the models.

Given these complexities, a suitable metric is needed to an-
alyze the model’s performance. The metric used was topic
coherence C'y, which is the version with the strongest cor-
relation with human evaluations [Rdder et al., 2015]. This
metric was used first to evaluate the sample size and then
also for the performance of the other models (BTM, NMF
and BERTopic) that were used to compare all the models.

We used the average topic coherence Cy of 10 runs for
each sample to compare these models as a metric. That re-
sulted in a total of 30 runs. We also used the Jaccard distance
between the topics generated by the different models in each
run and calculated the average distance to evaluate the sam-
ple size. This metric was only used in the sample size analy-
sis.

4.4.2 Split-Half Technique

Split-Half is a technique proposed by Krippendorff, 2018, in
which samples are divided in half to analyze whether they
show the same behavior concerning the whole set. This
method aims to ensure the robustness and consistency of the
observed patterns across different subsets of the data. By
splitting the samples in half, we can compare the behaviors
and characteristics of each subgroup to determine if they
align with those observed in the complete dataset. We per-
formed this technique on all three samples.
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After the division, the frequency of the words was calcu-
lated in the bag of words. At this stage, the halves showed
very similar rankings in order of the most frequent words.
That indicates that the behavior was maintained when the
sample was split in half. Once the word frequencies had been
analyzed, we ran the LDA model 10 times with five topics
in each half. Again, we calculated the coherence C'y and the
Jaccard distance between the topics generated by the halves.

4.4.3 Sample Size Increase Experiment

As the behavior of the samples changed when we divided
them in half, we carried out a sampling experiment also pro-
posed by Krippendorff, 2018, which is to carry out another
collection with a different sample size for comparison.

We collected three samples of 100 thousand tweets, twice
the initial sample size. The aim was to evaluate the aver-
ages of topic coherence C'y and Jaccard distance between
topics and analyze whether this sample size would change
the behavior of these metrics concerning the initial sample
size. Ten runs were also carried out for each sample.

4.5 Selection of the LDA’s Hyperparameters

Once the sample size experiments were finished, the subse-
quent step was to select the LDA hyperparameters. As the
LDA model and its optimization methods have several hy-
perparameters, it was necessary to adjust them, i.e., to find
the values of the hyperparameters that perform best.

Before this tuning, defining which hyperparameters are
most relevant to performance is necessary since a search for
all of them becomes computationally unfeasible. We then
tuned the hyperparameters chosen and worked on the litera-
ture [Panichella, 2021]. These are the number of topics, «,
and 7.

First, we carried out a coarse search, i.e., with large steps
of values, to have a wider search space. Then, we performed
a fine search, i.e., with small steps of topic numbers, while
the values of a and 1) were fixed. Based on Panichella, 2021,
the hyperparameter values in the coarse search were:

» number of topics (k): 2,42, 82, 122, 162
* «: ’symmetric’, ’asymmetric’, 0.01, 0.1, 1, 10
e 7: ’symmetric’, "auto’, 0.1, 1, 10

Where ’symmetric’ is equivalent to the inverse of k,
’asymmetric’ is equivalent to the inverse of the sum of the
topic index and the square root of k£ and ’auto’ is an automatic
asymmetric learning of the corpus. These equivalences are
presented in equations 1 and 2:

1
symmetric = T )

1
t+VE’

where ¢t is the topic index, taking values from 0 to & — 1.
Once the coarse search was complete, the hyperparameter
values in the fine search were:

asymmetric(t) =

2

« number of topics: [2, 4, 6, ..., 158, 160, 162];
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* o and n with the highest Cy, topic coherence values
found in the coarse search, as well as combinations pro-
posed in the literature.

4.6 Application of BTM and NMF to the Sam-
ples and Selection of their Hyperparame-
ters

After the LDA experiments, we tuned the BTM model for the
three samples. The reason for choosing this model is that it
performed best in Jonsson, 2016. In this process, it was also
necessary to define which hyperparameters to look for. For
this question, we used Jonsson, 2016 as a reference, whose
hyperparameters were: number of topics, «, and 3 (equiva-
lent to 7).

The BTM package used was bitermplus,'® which imple-
ments Yan ef al., 2013 in Cython. In addition, the combina-
tions of values tested also followed Jonsson, 2016:

« number of topics (k): [10 50 100 200];
e «a: [1/k 50/k 100/k];
e (3:0.001 0.01 0.5].

After the BTM experiments, we chose the hyperparam-
eters of the last model, the NMF. The choice consisted of
searching for the number of topics with the highest topic co-
herence C for each of the three samples. The NMF imple-
mentation used was nmf, present in the Gensim library [Re-
htifek and Sojka, 2010].

4.7 Application of BERTopic with
paraphrase-multilingual-MiniLM-L12-
v2, BERTimbau, BERTweet.BR, NV-
Embed-v2 and gte-Qwen2-7B-instruct

With BERTopic, we applied topic modeling to the samples.
In search of several topics with greater topic coherence C'y,
we reduced this number using the implementation of the
reduce_topics function, which recursively merges pairs of
topics from sample data using Agglomerative Clustering
[Murtagh and Legendre, 2014]. '' The implementation
present in the Grootendorst, 2022a repository was used to
apply the BERTopic model in its default configuration, multi-
lingual embedding model paraphrase-multilingual-MiniLM-
L12-v2.

In this extended work, BERTopic with the multilingual
embedding model paraphrase-multilingual-MiniLM-L12-v2
was re-run to compare the new models.!> It was then re-
applied to the three samples, and their number of topics was
reduced in search of greater topic coherence Cy .

10https://bitermplus.readthedocs.io/en/stable/index. html

1 Agglomerative Clustering has been implemented since version 0.14.0
of the BERTopic package. Before version 0.14.0 of the BERTopic package,
the number of topics was reduced by calculating the c-TF-IDF matrix of the
documents and then iteratively merging the least frequent topics with the
most similar based on their c-TF-IDF matrices.

12The version of the BERTopic package in this extended work was
0.16.2, i.e. with topic reduction by Agglomerative Clustering. While the
version of Gomes and Attux, 2023 was 0.11.0, i.e. with topic reduction by
the c-TF-IDF matrix. Therefore, the results of topic coherence C'y, change.
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Using the modular structure of the BERTopic package,
which allows each step to be replaced by a different proce-
dure, we explored different embedding models to optimize
the coherence of the topics generated. BERTopic’s flexibil-
ity allowed us to experiment with various approaches and
adapt the topic modeling process to the specifics of the data.
First, we used BERTimbau in its two sizes, Base and Large,
as the embedding model, on the same three samples of 50
thousand tweets. The same procedure was then carried out
by swapping BERTimbau for BERTweet.BR, NV-Embed-v2,
and gte-Qwen2-7B-instruct as embedding models. For each
of them, the number of topics was reduced to find the one
with the highest topic coherence C'y .

5 Results and Discussions

In Table 1, you can see a summary of the experiments with
different sample sizes, i.e., variations in the number of tweets
collected. We chose to work with 50 thousand tweets in the
samples given the compromise between better Cy, /d; ratio
performance and a medium computational cost compared to
the quantities of 100 thousand and 25 thousand tweets.

Table 2 presents a summary of the performances achieved
in the experiments to choose the hyperparameters for each
model. According to the experiments from Gomes and At-
tux, 2023, BERTopic Multilanguage'® performed better than
NMF, BTM, and LDA. That shows that this neural model
for topic modeling has an advantage over the older models,
LDA and BTM (which are based more strictly on probabilis-
tic tools) and NMF (based on linear algebra techniques).

Furthermore, BERTopic could have been employed with-
out the need for pre-processing, because it is a model capa-
ble of considering the context of a text. The model can weigh
word order, stop words, and punctuation. In this instance, the
model would likely perform even more effectively than the
other models. Nevertheless, we maintained uniform method-
ology across all models to facilitate comparison.

Table 2 also summarizes the performances achieved in the
new experiments carried out for each model. These exper-
iments revealed that BERTimbau Large obtained the best
performance among BERT models, followed by BERTim-
bau Base, BERTweet.BR, and, lastly, BERTopic with mul-
tilingual standard embedding. These results highlight the
superiority of embedding models trained specifically for
Brazilian Portuguese in modeling tweets topics in this lan-
guage. The linguistic specialization of the BERTimbau and
BERTweet.BR models, which were trained with Brazilian
Portuguese corpora, allows them to more accurately capture
the nuances and variations of the language, resulting in better
performance in topic generation.

Moreover, the fact that BERTimbau Large outperforms
BERTimbau Base demonstrates the importance of the num-
ber of parameters in language models. BERTimbau Large,
with 330 million parameters, has a greater capacity to capture
and represent complex semantic information than BERTim-

13The results presented for BERTopic Multilanguage, BERTimbau and
BERTweet.BR refer to applications of the models with version 0.16.2 of the
package. In [Gomes and Attux, 2023] it was run on version 0.11.0, which
had a different topic reduction method as explained above in Section 3.6.
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bau Base, which has 110 million parameters. This expan-
sion in model capacity translates into improved performance
in topic modeling, thereby demonstrating that larger models,
with a greater number of parameters, exhibit enhanced ca-
pacity to comprehend and process texts. That is particularly
pertinent for applications that necessitate a profound and in-
tricate understanding of the text, indicating that investing in
larger models can yield benefits regarding the quality of the
outcomes obtained.

Nevertheless, with the inclusion of LLMs, BERTimbau
Large has been surpassed. NV-Embed-v2, being 23 times
larger, achieved a higher average topic coherence score Cy .
Moreover, gte-Qwen2-7B-instruct demonstrated even better
performance due to its support for Portuguese. Additionally,
these LLMs outperformed the topic coherence C'y achieved
by recent works such as Urhan, 2024, Goswami ef al., 2024,
and Shyu and Weng, 2024. This improvement highlights the
significant advancements in topic modeling enabled by the
latest LLM-based embedding techniques, particularly in mul-
tilingual.

6 Conclusion

This paper presents a methodology for performing social
media analysis based on topic modeling. Firstly, we de-
fined a way of specifying the data for Brazil based on lan-
guage. Secondly, we presented a procedure for collection
and pre-processing. Thirdly, we defined a sample size analy-
sis method to determine the number of collections that can be
representative of a study. Lastly, elements were indicated to
improve the models’ performance by their hyperparameters.

Based on the results, we carried out a comparative analy-
sis and observed that the most recent model, which is char-
acterized as a deep learning neural strategy in the category
of pre-trained transformers, BERTopic with NV-Embed-v2
and gte-Qwen2-7B-instruct as LLM embedding models, per-
formed better. The advantage of models not based on a bag
of words [Shadrova, 2021], as is the case with BERT e LLM
models, which create representations of texts in multidimen-
sional vector space, taking the entire context into account and
then group the texts into topics.

Another essential point to note is the influence of the
models’ size on their performance. In our experiments, gte-
Qwen2-7B-instruct, which has a significantly higher num-
ber of parameters compared to the other models and Por-
tuguese support, showed superior performance in terms of
topic coherence. This result is unsurprising, as larger mod-
els have a greater capacity for learning and representation,
allowing them to capture more detailed and subtle nuances
in the text. With 7.61 billion parameters, gte-Qwen2-7B-
instruct can create embeddings of words and phrases that
more accurately reflect the complex semantic relationships
in textual data, resulting in more coherent topics. Despite
the 240 million fewer parameters of gte-Qwen2-7B-instruct
than NV-Embed-v2, the former has demonstrated superior
performance, primarily due to its compatibility with the Por-
tuguese.

Furthermore, gte-Qwen2-7B-instruct’s superiority in topic
coherence underscores the importance of model size in
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Table 1. Total averages of topic coherence C'y and Jaccard’s distance for the three different sample sizes.

Metrics 25,000 tweets 50,000 tweets 100,000 tweets
Topic Coherence C'y 0.275 0.299 0.235
Jaccard’s Distance 0.837 0.884 0.842
Cy/dy 0.329 0.338 0.279

Table 2. Maximum topic coherence values C'y for each sample in each model.

Sample LDA BTM NMF BERTopic  BERT BERT BERT NV- gte-
Multilan- imbau imbau weet.BR  Embed- Qwen2-

guage Base Large v2 7B-
instruct

1 0.594 0.624 0.651 0.758 0.767 0.772 0.768 0.769 0.767

2 0.540 0.592 0.641 0.738 0.749 0.749 0.755 0.754 0.761

3 0.561 0.610 0.662 0.750 0.758 0.759 0.748 0.759 0.760

Mean 0.565 0.609 0.651 0.749 0.758 0.760 0.757 0.761 0.763

topic modeling. A larger number of parameters allows the
model to develop a richer and more detailed representation,
which is crucial for creating relevant and consistent topics.
This aspect is essential when dealing with texts in Brazil-
ian Portuguese, where larger models can better capture lin-
guistic and contextual particularities. Thus, gte-Qwen2-7B-
instruct’s improved ability to create efficient representations
not only demonstrates its superior effectiveness but also justi-
fies investing in larger models for complex natural language
processing tasks.

Possible prospects and future work lie in analyzing the
topics produced by the models together with an expert on
the subject, especially those generated by gte-Qwen2-7B-
instruct, which obtained the highest performance. This col-
laboration could provide deeper insights into the quality and
relevance of the topics identified and guide fine adjustments
to the models to improve their performance further. In addi-
tion, integrating expert feedback can lead to the development
of practical applications in specific areas, such as social me-
dia analysis, trend monitoring, and decision support.

Therewithal, gte-Qwen2-7B-instruct has great potential,
given the results and discussion of Shadrova, 2021. It would
be interesting to use it to analyze other social issues using the
methodology of this work. Also, use its dynamic capacity,
i.e., over time. Anotheridea would be to use a summarization
technique on the groups of documents found by BERTopic,
instead of class TF-IDF. That could bypass the bag of words
approach in this final stage of the model.

In addition to future work, we aim to explore additional
LLMs and evaluate other components of the BERTopic
framework beyond embedding construction. That includes
examining dimensionality reduction and clustering steps by
experimenting with alternative hyperparameters for standard
models, as conducted by Invernici et al., 2024, and testing al-
ternative models. Such exploration may uncover further opti-
mizations and improvements in topic modeling performance,
enhancing the adaptability and robustness of BERTopic in di-
verse contexts.

Finally, another avenue for future work is to explore
prompt-based topic modeling using LLMs, as demonstrated
by Pham et al., 2024. This approach would be adapted to the
context of our research, focusing on short-text social media

platforms such as X. By tailoring prompt-based techniques
to these environments, it may be possible to improve topic
coherence and relevance in analyzing dynamic and concise
online discussions.
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