
Dg.o2025- 26th Annual International Conference on Digital Government Research

09 – 12 June, Pontifical Catholic University of Rio Grande do Sul, Porto Alegre City, Brazil

Not only what, but also when: Understanding Brazilian

political comments on legislative bills over time through

Stance Detection and Topic Modeling

Matheus Cerqueiraa , Nádia F. F. da Silvaa,b , Ellen Souzaa,c , Hidelberg O. Albuquerquec ,

Márcio de S. Diasd , André C. P. L. F. de Carvalhoa

aUniversity of São Paulo, São Paulo, Brazil.
∗matheuscerqueira@usp.br, andre@icmc.usp.br
bFederal University of Goiás, Goiás, Brazil.

nadia.felix@ufg.br
cFederal Rural University of Pernambuco, Pernambuco, Brazil.

{ellen.ramos,hidelberg.albuquerque}@ufrpe.br
dFederal University of Catalão, Goiás, Brazil.

marciodias@ufcat.edu.br

Submitted:  31 January 2025, Revised: 26 March 2025, Accepted: 21 April 2025, Published: 19 May 2025

Abstract. Legislative public spaces are important structures for participatory democracy, allow-

ing citizens’ voices to get engaged with politic decisions. As a consequence of the popularization 

of information and communication technologies, internet based tools have played an important 

role to improve public participation in political decisions, known as e-Democracy. These tools are 

usually composed of a set of functionalities or small services, named microservices. The better 

the microservices, the higher the citizen participation. This work investigates how to extract use-

ful knowledge from citizen participation in the microservices of the public portal of the Brazilian 

Chamber of Deputies. For such, it analyzes public comments incorporating Natural Language Pro-

cessing and Artificial Intelligence techniques in a platform named Ulysses. The tasks developed 

on this paper focus on a temporal analysis of comments on bills in the portal through Stance De-

tection and dynamic Topic Modeling tasks. For the first task, OxêSD, a BERTimbau-based model, 

was trained on two different corpora, one of them translated into Portuguese, and its predictive 

performance was evaluated using the F1 and ROC-AUC metrics, achieving 73% for both on our 

proposed Political-BRSD a mixed dataset containing both translated content from a bigger multi-

lingual dataset (adapted from x-Stance) and bill-specific content (adapted from Ulysses-SD); for 

the second, BERTopic, a Topic Modeling framework, was used. Visualization tools to analyze how 

the proposed approach addressed the task were also used to explore the knowledge extracted. 

They allow the user to understand over time how the comments relate to each other and how the 

comments relate to a given legislative bill.

Keywords. Natural Language Processing, Legal Text Analysis, Stance Detection, Topic Modeling. 
Research paper, DOI: https://doi.org/10.59490/dgo.2025.955

1. Introduction

Public portals, defined as inclusive and deliberative instances not monopolized by any entity, play a crucial

role in democracies (Addor, 2018). As societies strengthen their relationships with the state, citizens evolve

from passive to active participants, engaging in public discourse and decision-making processes. This evolu-

tion prompts a continuous redefinition of public spaces and democracy itself (Cardoso, 2007). Participatory
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democracy, often viewed as a combination of direct and indirect democracy, has undergone a contemporary

reevaluation. It now encompasses universal participation, leveraging various tools to expand public spaces in

political and public decision making (Macedo, 2008). However, universal participation raises concerns about

potentially suppressing the voices of minorities, necessitating careful attention to the expression of diverse

social groups (Lessa, 2010).

The advent of the internet and digital technologies has transformed interactions among citizens, politicians,

and governmental institutions. This transformation has given rise to the concept of e-Democracy, wherein

Information and Communications Technologies (ICTs) support democratic decision-making, enhancing both

institutions and processes (Pereira et al., 2022). Early studies emphasized the need to analyze the quality of

information and interactions on the internet, focusing on their relevance, scope, and consequences (Rothberg,

2008). This paper focus on e-Democracy, exploring how ICTs can improvedemocratic processes. E-democracy

operates on three dimensions: establishing essential conditions for the use of information and communication

technology (ICT) in government, emphasizing citizen participation (e-participation) in decision-making, and

concentrating on the effective delivery of government services online (e-Government) (Kneuer, 2016; Ronchi,

2019).

Natural Language Processing (NLP), a subfield of Artificial Intelligence, has evolved in recent years. Fueled

by increased computing power, abundant data, and advances in Machine Learning, NLP encompasses var-

ious tasks, including Word Processing, Information Retrieval, and Sentiment Analysis (Chowdhary, 2020;

Hirschberg & Manning, 2015). Stance Detection, a subtask of sentiment analysis, involves categorizing the

expressed position of a given text regarding a particular target. This classification task finds applications in

diverse areas such as rumor stance classification and fake news detection (Kuçuk & Can, 2020). Another im-

portantNLP task is TopicModeling, an unsupervised technique for extracting latent topics from textual data. It

plays a significant role in uncovering the underlying themes within complex and large corpora across various

domains (George & Birla, 2018; Yamunathangam et al., 2021). Therefore, considering the temporal dynamics

of language use, Temporal Text Analysis allows understanding how discourses change over time. In the con-

text of media storms, where a specific subject experiences a surge in news coverage within a short time on

social media, temporal text analysis becomes relevant (Lukito et al., 2019).

Legal AI and Legal NLP have emerged as areas focused on augmenting, assisting, or potentially replacing legal

actors in various tasks. These tasks include the analysis of legal documents, like laws, bills, legislation texts,

case laws, and more, often scattered across different databases and formats (Avgerinos Loutsaris et al., 2021;

Katz et al., 2023). In this context, the Brazilian Chamber of Deputies uses multiple NLP and AI tools in a plat-

form named Ulysses Câmara dos Deputados, 2018, which processes legislative texts from its portal named

E-democracia1. The goal of this research is to apply NLP methods in the temporal domain to analyze com-

ments on bills written on the E-Democracia portal through the Ulysses platform in order to understand how

public opinion towards a given subject evolves through the time. In this work, we (1) provide a deep and thor-

ough review of textual analysis within the legal domain over time, emphasizing Stance Detection and Topic

Modeling tasks; (2) present significant advances in the PT-BR Stance Detection task within the legal domain

by introducing a new large corpus (Political-BRSD2) and a novel Stance Detection model (OxêSD3); and (3)

through Stance Detection and Topic Modeling over time, develop tools that enable an understanding of how

texts engage with a specific bill and with each other over time.

2. Related Work

In this section, we introduce related works in NLP, specifically in Stance Detection and Topic Modeling, con-

sidering Legal Domain and Temporal applications.

2.1. Legal Domain Applications

Avgerinos Loutsaris et al., 2021 address the challenge posed by the enormous volume of legal information in

each European Union country due to the integration of Digital Governance across all levels of society. They

1Available in https://www.camara.leg.br/participe
2Available in https://huggingface.co/datasets/cerqueiramatheus/Political-BRSD
3Available in https://huggingface.co/cerqueiramatheus/OxeSD
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have developed an open and automated legal system that handles various tasks, including information extrac-

tion (such as law title, number, number of pages, and creation date), Named Entity Recognition (NER), law

decomposition, and opinion extraction. On a different note, Ikram and Chakir, 2019 highlight the difficulty

of archiving legal documents and accessing relevant information in Morocco. To assist legal professionals,

they propose text classification methods employing multiple Machine Learning (ML) induced models. In the

context of the Portuguese language, there are also several studies that deal with different legal text analysis

problems. Carvalho and Barbosa, 2018 implement a legal visualization based software using tokenization,

tagging, and lemmatization to enhance the understanding and analysis of documents such as the Portuguese

Constitution. The Lima et al., 2021 study focuses on comparing different feature extraction models in Brazil-

ian Portuguese texts from the Tribunal de Justiça do Rio Grande do Norte (TJRN), a clustering technique that

can be useful for lawyers and even to finding controversial issues in legal texts. Also in Brazilian Portuguese,

Medina et al., 2022 propose a model with different tasks, such as summarization, feature extraction, and clas-

sification, focused on legal proceedings texts.

Nababan et al., 2022 study is focused onunderstanding public positions and sentiments about the Job Creation

Bill in Indonesia, through a Twitter data analysis; they collected and annotated several tweets to create a new

corpus and also conducted experiments with different ML algorithms, such as Naïve Bayes, Support Vector

Machine, and Logistic Regression. These algorithms were chosen because of their different inductive biases.

Bergam et al., 2022 work delves into the analysis of US Supreme Court documents through Stance Detection,

introducing and comparingnewmetrics that allowed them to correlate the responsiveness to public opinion to

ideology expression. They also proposed SC-stance, a new dataset focused on legal Stance Detection, matching

written opinions to legal questions. Usually, studies adopt amultilingual approach. Lai, Cignarella, et al., 2020

work select topics about politics in multiple languages, investigate the portability of tools, and then evaluate

MultiTACOS algorithm performance. Egli et al., 2023 proposal is centered on the analysis of official voter

information booklets; their experiments achieved best results using a fine-tuned multilingual BERT model

Devlin et al., 2019. Finally, within theBrazilianChamber ofDeputies context, Maia et al., 2022usedigitalmedia

comments on political bills to understand the stances of the citizens and group the polarity of public opinions

about new discussion topics. To achieve this, they developed a new dataset, Ulysses-SD and implemented a

mBERT model. It is the nearest application in domain and approach compared to our goal; however, none of

them leverages the temporal information.

Sarne et al., 2019 work is focused in large-scale corpora of privacy policies using unsupervised learning tech-

niques. They developed a framework for privacy policy Topic Modeling and applied it over a corpus of pri-

vacy policies of mobile applications crawled from the Google Play Store. To build their framework, they used

GraphLab, a machine learning platform that supports Latent Dirichlet allocation (LDA) Blei et al., 2003 Topic

Modeling. Similarly, LawNet-Viz is aweb-based systemdeveloped by La Cava et al., 2022 formodeling, analyz-

ing and visualizing law reference networks extracted from law corpus. Their work was demonstrated using

the Italian Civil Code and implemented the LDA topic model Blei et al., 2003 available on the Gensim Python

library for the language modeling process. LawNet-Viz can benefit since lawyers and jurists to citizens. Joshi

and Saha, 2020 developed a framework to automatically extract knowledge from Code of Federal Regulations

from the United States government, such as key terms, rules, relationships and topic summaries. They used

the Gensim library and the LDA Blei et al., 2003 topic model for the extraction of topic from summarized sub-

sections task. Their work automated the analysis from CFR regulations. For the Brazilian Portuguese context,

Silva et al., 2021 designed a specific sentence embedding technique to build topic models and achieved good

results compared to other multilingual sentence embedding techniques. Their approach applied BERTopic

Grootendorst, 2022 to extract topics from political comments on Brazilian bills and produced three different

datasets. Again, on the same domain, the temporal informationwas not explored, one of ourmain goals in this

work.

2.2. Temporal Applications

Usually, the temporal applications are focused in time information extraction. Viani et al., 2020 developed

a system to identify relevant electronic health records and extract time expressions from them; this system

was applied to two electronic health records datasets and resulted in the creation of a new corpus annotated

with normalized values for time expressions. However, within the context of this work, our main task is to

understand how texts can be grouped over time, that is, the analysis of documents in document networks

Zhang and Lauw, 2022, specifically with Stance Detection and Topic Modeling. Although there are multiple
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applications using temporal information, ourwork differs by combining two tasks, Stance Detection and Topic

Modeling, for understanding texts in the legal domain.

Alturayeif et al., 2023 review highlighted that, despite that opinions change through time and the importance

to record and evaluate temporal data, diachronic evolution is not a common explored topic within Stance De-

tection field; it also presented three different studies. The first, from Lai et al., 2019, introduces how political

debate can be understood in a diachronic perspective, focusing on the aggregation of empirical data in a given

granularity (days, weeks, months). Their main goal was the analysis of the Twitter debate about the 2016 ref-

erendumof Italian Constitution; they developed a new corpus leveraging the diachronic perspective to under-

stand the citizens’ opinion evolution through time. The second, proposed by Lai, Patti, et al., 2020, introduces

a novel approach and annotation schema for Stance Detection to investigate the impact of social network com-

munity features and the evolution of stance over time within the Brexit referendum context. Their analysis

highlighted the importance of temporal features. Finally, Alkhalifa et al., 2021 work produced two large-scale

stance datasets using temporal information tomitigate the performance deterioration of classifiers over time,

that is, to reduce impacts of the temporal gap between training and test data. Their approach adapted word

embeddings used in training of the stance classifier.

One of the earliest approaches to dealingwith the TopicModeling task over timewas proposed byBlei and Laf-

ferty, 2006. Their work developed the Dynamic Topic Models, that employed probabilistic time series models

has been developed to analyze the temporal evolution of topics within extensive document collections. Since

then, several different proposals have been developed. He et al., 2014 emphasize the increasing interest in this

area and mention, beyond the Dynamic Topic Models, its newer variations, like continuous-time and online

multi-scale proposals. Their work also proposes a new method joining sentiment and topic model over time.

Sharma et al., 2022 applied dynamic Topic Modeling on vaccine-related discussions on Twitter from 2020 to

2021, aiming to track public perception of vaccines over time and identify the factors influencing these evolv-

ing opinions. Ghosh et al., 2017 study explores the use of supervised temporal topic models to analyze large

corpora of news articles and identify trends; they evaluated their method throughmultiple infectious disease

outbreaks data from theUnited States of America, China and India. Finally, Grootendorst, 2022 study proposes

BERTopic, a Topic Modeling framework that implements dynamic Topic Modeling.

3. Method

In this section, we describe our method, focusing on the steps, input and output of our task, the models used,

and the evaluation metrics. Briefly, our approach follows the presented on Figure 1.

BERTimbau BERTopic

Models

Pre-processed 
bill comments 

dataset

Base datasets

Temporal Stance 
Detection

Dynamic Topic 
Modeling

OutputsTrain StD

x-Stance-PT

R-Ulysses-SD

Fine-Tuned 
BERTimbau

Fig. 1 – Methodological approach

3.1. Comment Analysis

Our main task is focused on the temporal analysis of Brazilian political comments through Stance Detection

and Topic Modeling. First, we fine-tuned a model for the Stance Detection task using two different datasets
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(train datasets). For the main task, our input is composed by comments written about a given bill on the E-

Democracia portal (base datasets). We employ a pre-processing step for the base datasets. Then, we execute

models for Stance Detection and Topic Modeling given the comments, what will be discussed in the next sec-

tion. Finally, we provide graphs containing the output of each task (polarities over time and topics) for the

given comments set.

3.2. Models

First, for the Stance Detection task, we fine-tuned a pre-trained BERT model, specifically BERTimbau. BERT

models employ a bidirectional context approach, creating representations ofwords considering their contexts

within a given sentence. BERTimbau, specialized for Brazilian Portuguese, outperforms generic BERT on Por-

tuguese tasks. For the temporal Topic Modeling task, we utilized BERTopic (Grootendorst, 2022), a model

leveraging class-based TF-IDF with pre-trained S-BERT models (Reimers & Gurevych, 2019) containing mul-

tiple Topic Modeling approaches, including Dynamic Topic Modeling.

3.3. Evaluation Metrics

To assess the performance of our models, we used the Hugging Face Evaluate library (HuggingFace, 2023),

leveraging both theweighted F1 Score andReceiver Operating Characteristic Area Under the Curve (ROCAUC)

metrics. The weighted F1 score is the harmonic mean of precision and recall, computed for each class inde-

pendently and then averaged, with the contribution of each class weighted by its prevalence in the dataset.

Simultaneously, the ROC AUCmetric was employed to evaluate themodel ability to discriminate between pos-

itive and negative instances, offering insights into their overall predictive power.

4. Experimental Setup

In this section, we describe our base dataset used as input of the tasks, the datasets used to training the Stance

Detection Model, its setup and implementation.

4.1. Base Datasets

To generate the outputs for the Stance Detection and Topic Modeling tasks, we extract comments associated

with specific bills from the E-democracia portal, each producing a unique dataset. Similarly to the works of

(Maia et al., 2022; Silva et al., 2021), our extracted datasets are composed by comments written in Brazil-

ian Portuguese from CSV files, containing columns such as comment ID, author, timestamp, number of likes,

and manual labels. Finally, we preprocess the comments, filtering for a minimum length (default set at 15

characters) in order to keep only real comments and produce better results.

4.2. Train Datasets

Given the lack of large datasets for Brazilian Portuguese Stance Detection, we adopted a combination of the x-

Stance dataset (Vamvas & Sennrich, 2020) and the Ulysses-SD dataset (Maia et al., 2022). To address language

disparities, we translated the x-Stance dataset to Portuguese using the Google Translator class from the Deep

Translator package (Baccouri, 2023), resulting in the x-Stance-PT dataset4. We also reduced the Ulysses-SD to

two classes (FAVOR and AGAINST) in R-Ulysses-SD5. The Political-BRSD dataset, a combination of x-Stance-PT

and R-Ulysses-SD, was created to join information from both datasets, as illustrated in Table 1. Each of them

followed a 70/15/15 division for train, test and validation.

4.3. Setup and Implementation

Our Stance Detection experiments consisted in four approaches trained on a NVIDIA Tesla P100 GPU with

16GBmemory, employing the samehyperparameters (learning_rate= 2−5 andepochs= 4). The approaches

4Available in https://huggingface.co/datasets/cerqueiramatheus/x-Stance-PT
5Available in https://huggingface.co/datasets/cerqueiramatheus/reduced-Ulysses-SD
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Tab. 1 – Number of comments for the train datasets – Number of comments in each label for the R-Ulysses-

SD, x-Stance-PT and Political-BRSD datasets.

Dataset Favor Against Total

R-Ulysses-SD 524 685 1209

x-Stance-PT 34001 33270 67271

Political-BRSD 34525 33955 68480

includedmodels fine-tuned only on Ulysses-SD, only on x-Stance-PT, sequentially on x-Stance-PT and Ulysses-

SD, and finally on the merged Political-BRSD dataset. Each model received as input a combination of topic

information, the comment itself from each dataset and a given label (FAVOR or AGAINST). For temporal Topic

Modeling, we usedDynamic TopicModelingwithin the existing BERTopic implementation onUlysses services,

which automatically selects 10 topics, automatically named.

5. Results

To exemplify our results, we selected two different bills from the E-democracy portal to show the outputs

of each task. We selected the following bills because they have a high number of comments and are recent,

both created in 2020: 1) Public Administration – PL 2630/2020 (Câmara dos Deputados, 2020) (to combat

fake news); and Health – PL 2564/2020 (Câmara dos Deputados, 2021) (to establish salary floor for nursing

professionals).

5.1. Stance Detection Model Training

Tab. 2 – F1 and AUC measures – F1 and AUC measure results for the proposed models 1, 2, 3 and 4 on x-

Stance-PT, R-Ulysses-SD and Political-BRSD datasets.

Dataset

Model

1 2 3 4 (best)

F1 AUC F1 AUC F1 AUC F1 AUC

x-Stance-PT 0.40 0.51 0.71 0.71 0.58 0.61 0.73 0.72

R-Ulysses-SD 0.86 0.85 0.54 0.56 0.87 0.86 0.85 0.84

Political-BRSD 0.58 0.61 0.71 0.71 0.59 0.62 0.73 0.73

We follow themodel names from the previous section: 1) BERTimbau trained onR-Ulysses-SD; 2) BERTimbau

trained on x-Stance-PT; 3) BERTimbau trained on R-Ulysses-SD and then on x-Stance-PT; and 4) BERTimbau

trained onPolitical-BRSD. As Table 2 shows, 1 and2, as expected, produced theworst outputs; they specialized

only on the context of the dataset that they were trained. Model 3 appears to be forgetting its first training on

x-Stance-PT, but this is a known issue since the recommended number of epochs for this task, at maximum, 4

(Devlin et al., 2019) andwe performed two training steps of 4 epochs each. Finally, model 4 produces the best

results, leveraging both datasets.

Our best model, BERTimbau trained on Political-BRSD, outperforms results from the original x-Stance work

(F1=0.69). To the best of our knowledge, our produced results are the best for cross-topic Stance Detection
in the PT-BR political domain. Then, we evaluated its confusion matrix produced for the test datasets. For

R-Ulysses-SD, its performance is better at class AGAINST, with the same number of false negatives and false

positives. However, for x-Stance-PT and Political-BRSD, themodel produces better results for the FAVOR class;
the number of false positives and false negatives is still similar. This indicates that ourmodel learned to better

classify the FAVOR stances, even with the use of well-balanced data sets, as previously shown.

5.2. Tasks Outputs

Usually, thenumberof comments on thebills is not constant, and there aremonthswithmuchmore interaction

and this is due to external factors, like news or social networks; some bills are also more controversial than

others. However, these factors are not explored in thiswork, aswe propose a first step to this analysis, focused

on identifying the reactions and interactions within the comments of a given bill.

Page 6 of 12



5.2.1. Stance Detection

As shown in Figure 2, there is a prevalence of the FAVOR class for the PL 2630/2020, increasing fromDecember

2021 to January 2022, what indicates that the bill is probably less controversial; its purpose (salary floor for

nursing professional) can be a reason to it. However, PL 2564/2020 (Figure 3) seems to bemore controversial,

with small peaks before 2023 and two huge peaks between April 2023 to June 2023. Despite its majority class

is AGAINST, there is a significant number of FAVOR comments.
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Fig. 2 – Stance Detection output for PL 2630/2020
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Fig. 3 – Stance Detection output for PL 2564/2020

In our experiments with multiple bills, there was a prevalence of comments distribution over time on bills

with this same behavior, that is, concentrated in two or three months, with isolated peaks over time.

5.2.2. Topic Modeling

Figure 4 shows the comment groups for PL 2630/2020, matching the frequency peaks from

the Stance Detection task. Topic 0 (PT-BR: paciente_respeito_aprovar_trabalho, EN-US:

patient_respect_approve_work) groups most of the comments. For PL 2564/2020, as PL

2564/2020, there is again a concentration in a single topic, with other minor topics. Topic 0 (PT-BR:

rede_informação_fake_internet, EN-US: network_information_fake_internet), as shown in Figure 5,
groups most of the comments over time.
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Fig. 5 – Topic Modeling output for PL 2564/2020

Withmultiple bills, there was always amain topic, as in the previous examples. As all the comments are about

the samebill, this is expected behavior. However, the other topics seem tobe relevant and can reveal important

insights.

5.3. Discussion

Even though the StanceDetection andTopicModeling tasks have been designed to be globally available, that is,

to work on all available bills, their performance depends on the comments distribution over time (as shown in

the first example), the total amount of available comments (usually bills takemonths to have a few comments),

external factors (as the influence of external discussion and the bill relevance). Our selected examples were

manually picked, since the Brazilian Chamber of Deputies services do not provide filters to select the most

commented bills in a complete period, only in the last six months. In the examples, the Stance Detection

visualization provides good insights about citizens’ responses to bills; although the Topic Modeling focuses
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on one topic, it groups other relevant secondary topics, which can be better seen through dynamic filtering in

the graphs, which are interactive.

5.4. Limitations

Due to the lack of well-established evaluation metrics for dynamic topic models, we were unable to quantita-

tively assess the performance of our proposedmodel. However, we acknowledge the recent work of (James et

al., 2023), that proposed a novel evaluationmeasure for dynamic topicmodels that analyzes the changes in the

quality of each topic over time; they propose Temporal Topic Coherence, Temporal Topic Smoothness, Tem-

poral Topic Quality and Dynamic Topic Quality. It is important to note that the non-temporal evaluation, that

is, the traditional Topic Modeling evaluation, is already developed by other projects within Ulysses services,

which is beyond the scope of this work.

Although significant progress has been made in developing cross-topic Stance Detection models, the evalu-

ation of their performance remains a challenge. As highlighted in (Reuver et al., 2021), the generalizability

of cross-topic Stance Detection models across diverse topics and socio-cultural contexts is a critical aspect

that requires further investigation and demonstrates that topic, class, and their interaction can significantly

impact model performance. This underscores the need for continuous evaluation of cross-topic Stance Detec-

tion models across a wide range of contexts and topics over different datasets to ensure their robustness and

generalizability. Our research was limited to the context of Political-BRSD.

6. Conclusions

Our best-performing Stance Detection model (OxêSD, a BERTimbau-based model fine-tuned on Political-

BRSD) surpassed results from existing works, demonstrating the effectiveness of our approach in cross-topic

scenarios. The dynamic Topic Modeling framework provided a detailed temporal analysis, contributing to a

deeper understanding of the evolving discourse around legislative proposals. Despite promising results, our

research has limitations. The lack of well-established evaluationmetrics for dynamic topicmodels poses chal-

lenges in quantitatively assessing their performance. Futurework could focus on refining evaluationmeasures

for temporal analysis tasks. Furthermore, expanding the scope to include more diverse topics and datasets

would enhance the generalizability of our models. In this work, we addressed the challenges of cross-topic

Stance Detection and dynamic Topic Modeling in the context of Brazilian political discussions. Our exper-

iments with Stance Detection models revealed that training on a combination of datasets (Political-BRSD)

significantly improves performance compared to models trained on individual datasets (x-Stance-PT and R-

Ulysses-SD). Thebest performingmodel (trainedonPolitical-BRSD) achieved superior F1andROCAUCscores,

showcasing its effectiveness in capturing cross-topic stances in the PT-BR political domain.

The temporal analysis of stance over time provided valuable insights into citizens’ responses to specific bills.

By visualizing stances and topics, we observed patterns of interaction and identified potentially controver-

sial bills. Our dynamic Topic Modeling framework successfully captured the evolution of topics over time,

offering a nuanced understanding of the discussions surrounding legislative proposals. In conclusion, our re-

search contributes to advancing the field of cross-topic Stance Detection and temporal analysis in the context

of political discussions. The combination of effective models, dynamic visualizations, and an interactive demo

platform positions our work as a valuable resource for researchers, policymakers, and the public interested

in understanding and analyzing political discourse.
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