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Abstract. Public speech from government figures often describes relevant actions that can im-
pact the population’s lives. However, most people do not have time and access to analyze and
understand public speech. Such a scenario narrows the participation of the people in the main
discussions, which leads to multiple misunderstandings. In this work, we propose GoViz, a tool
that automatically produces visual representations to outline governmental speeches regarding
the subject, its main actors, and how they connect to the discussion topics. GoViz processes natural
language from speech transcriptions in a pipeline that identifies part-of-speech elements, named-
entities, and the relation between persons, making speech content more accessible and insightful.
Using publicly available data, we evaluate our tool in two different languages (Portuguese and En-
glish). The results demonstrate that the visualizations from both data facilitate understanding the
speech content. Thus, our main contribution is to encourage the participation of citizens in par-
liamentary issues, allowing a simplified and visually engaging avenue to access long speeches and
fostering improved communication between parliamentarians and the population.
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1. Introduction

Most representative democracies define and discuss laws and public measures in parliaments. There, politi-
cians elected by the people vote and argue in favor of the interests of their voters. Although these politicians
are the ones to accomplish and propose discussions, the public must also follow and question the decisions
and which topics must be covered. However, the language used in these discussions and the decisions made
are often hard to comprehend, making them inaccessible to the population. In the analysis of Bernardes and
Bandeira, [2016/about parliamentary websites in Brazil and the United Kingdom, one of the main problems
found is that even though there is a lot of information available, it can be an exhaustive task to explore and
understand such information. Thus, although there is information about these discussions, they still cannot
reach the population in a way that facilitates understanding.

A simple way to facilitate the understanding of parliament discussions is through visualizations. Generating
images and interactive charts showing the main topics in a discussion can make it easier to follow them. Ex-
isting approaches (Cantador et al,,[2021} Palma et al.,[2021)) propose generating visualizations from debates
that try to explain most of the discussion. However, they often need extra information from someone who
already knows about the subject to guide the generation of these visualizations. Considering that most people
do not know about the topic, one of the main features of a visualization tool should be the capacity to process
information without any previous knowledge about it.

The Global Parliamentary Report (Inter-Parliamentary Union,|2022) defines the parliamentary engagement
in five different points: (1) information, (2) education, (3) communication, (4) consultation, and (5) participa-
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tion. The citizens’ engagement starts with understanding what is happening in the government. In this work,
we introduce GoViz, a visualization tool that automatically processes discourses to provide insightful visual-
izations that facilitate their analysis. Our main objective with GoViz is to provide a practical application of natu-
ral language processing combined with visualization techniques to engage the citizens at the information level.
Alternatives like this are necessary because more than making information publicly available is needed. It is
necessary to grant that the information is relevant, reliable, timely, and comprehensive, and mainly that it can
be understood by everyone in society, regardless of their background, status, or abilities (Inter-Parliamentary
Union,[2022).

GoViz uses natural language processing to detect different patterns in speech transcriptions. It can receive
structured documents as input and automatically identify columns containing speech and those containing
people’s names. By connecting people’s names with their discourses, GoViz can reveal the main subjects dis-
cussed by every speaker and how frequently they talk about other people. Currently, GoViz can work with both
English and Portuguese languages, which allows the processing of different types of texts. We evaluate GoViz
using two publicly available datasets, one in English and the other in Portuguese. They bring political discus-
sions about sensitive topics that are of people’s interest. We perform a series of analyses of the generated
visualizations and describe how they connect to the main subject of the datasets and their main limitations.

File Upload
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Fig. 1 - Upload screen.

GoViz’s contribution is two-fold: first, it increases the direct participation of citizens in parliamentary issues
through access to long speeches in a simplified and visual way; and second, GoViz implementation code is
publicly available on https://github.com/NLP-PUCRS/GoViz, which allows other people to modify it to work
in different contexts and languages. This paper is organized as follows: Section[2]introduces the main concepts
concerning this work, such as natural language processing and visualization techniques. We also present some
related work that shares some aspects with our approach. Section[3]describes the methods used for building
GoViz. Here, we explain how we build GoViz, detailing its different models. In Section@ we describe the main
experiments and the results obtained. We introduce the scenarios and how we extract information from the
selected datasets. Given our results, Section [5| discusses the main findings of this work and its limitations.
Finally, in Section[6] we summarize our work and bring some perspectives on future work.

2. Background

GoViz is a tool built on two main concepts: Natural Language Processing (NLP) and Data Visualization. From
NLP, we leverage the main techniques for extracting textual information. On the other hand, from data visual-
ization, we use existing approaches for summarizing information into visual representations. In this section,
we detail the visualization concepts and present related work.
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2.1. Text Visualization

When performing data analysis, extracting information from textual data can be difficult. As text can carry
relevant information, it is necessary to identify where this information is and how we can summarize it. Text
visualization techniques can help with this task. We can consider visualization as a method for communicating
information through an image or interactive chart (Ward et al,,[2015)). Such an image or chart can carry as
much information as possible, making it easier for a human to understand the context it is describing. Text
visualizations have corpora as a basis and can focus on words, sentences, paragraphs, or entire documents.

One of the first steps to process text is converting it into vector space. In the vector space, we have information
about the presence and frequency of words in sentences/documents. There are many ways to obtain a vector
that represents a text. Counting the frequency of terms (bag-of-words) in a text is one of the most basic ways
to get a vector. Each position in the vector will represent a word with a number indicating the frequency of
such a word. With this initial representation, we can already create visualizations that show frequent terms
in a text. Other representations can involve the frequency of words in a document weighted by their presence
in other documents in a corpus, such as Term-Frequency inverse Document-Frequency (Rajaraman & Ullman,
2011).

A common way to visualize a document is by displaying the frequency of words. Word cloud is a visualization
technique that shows the word frequency of a document. It highlights more frequent words by increasing
its font size and color darkness (Ward et al,,[2015)). The result is a cloud-shaped structure containing such
words. Similarly, Word Tree is a technique that shows the frequency of words and the context in which they
are inserted and allows easy exploration (Wattenberg & Viégas,|2008). Thus, given a document and a target
word, it provides a visualization where the target word is the root and the sentences where it appears are the
branches.

These techniques demonstrate how we can organize textual information to understand the context without
reading it. In addition to Word Cloud and Word Tree, other text visualization techniques can support the
representation of connections in the text, such as the arc diagram (Heer et al,,|2010), or analyze feature values
across the text, such as the literature fingerprinting presented by (Keim & Oelke, 2007).

An alternative to visualize text representations and other high-dimensional elements is using t-SNE (Van
der Maaten & Hinton, |2008). This technique allows the visualization of multidimensional points in two or
three dimensions. When converting from a multidimensional to a two-dimensional representation, t-SNE can
preserve the approximate distance between similar points and non-similar ones. Modifying the concept of
Stochastic Neighbor Embedding (SNE) (Hinton & Roweis, 2002)), t-SNE proposes a new method to identify
the similarity of low-dimensional points using the Student-t distribution. Besides, they propose a new cost
function to approximate the real distance between points of low-dimensional representations converted from
high-dimensional ones. In this work, we use text visualizations to facilitate people’s understanding of speeches
from politicians.

2.2. Related Work

Transparency, participation, and collaboration can be considered the principles of the open government (o-
government) (Harrison et al,,[2011; Quintero-Angulo et al.,|2020). Transparency is crucial in making it possi-
ble for citizens to participate and collaborate with the government. However, making large datasets publicly
available is not enough. This data must be accessible, clear, and easy to understand for citizens. Government
data can have different formats and sources. It can be financial values, statistical, and textual, such as speech
transcriptions. Manual summarization and information retrieval from textual data are laborious tasks since
it is necessary to read everything to understand the subject of the data. Thus, NLP becomes a valuable alter-
native to extract information from texts automatically.

There are several research initiatives to facilitate the comprehension of a textual dataset, such as chatbots
that extract only the desired information (Cantador et al.,[2021) and the application of topic mapping from
text (Palma et al,, 2021). However, these approaches still require prior knowledge of the subject to extract
information correctly.

When we refer to speech transcriptions, specifically of debates and public discussions, we can use data visu-
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alization techniques to facilitate the understanding of their subjects or to extract key information from these
discussions. Khartabil et al.,,[2021|propose a tool for argument visualization that allows us to determine which
points each person is defending. The authors proposed three novel visualizations: Stacked Boxes, Sunburst
Pop-Up, and F+C Icicle. Their approach is suitable for deep analyses but requires the user to pass some argu-
ments. Our approach focuses on providing a lean summarization of the content from speech transcriptions.

When analyzing speeches from politicians, it is important to see the agreements and disagreements in political
discussions (Volkovskii & Filatova, 2022) and polarization (Diaz et al.,[2022)). With this information, citizens
can use their critical sense and build their vision about the subject in discussion. To facilitate the visualization
of different points of view, graphs such as the scatter-text proposed by Kessler,[2017|allow us to compare two
groups of people. The scatter-text allows us to clearly see the polarization between two groups and which
terms they commonly address. Because of this, we have incorporated this type of graph into our tool. Its use
is available when processing documents in Portuguese and English.

Focusing on open government data, Steinbauer et al.,[2016/and Bonisch et al.,|2023| propose visualizations
to explore transcribed parliamentary speeches. Steinbauer et al,, 2016| explores Austrian parliament data,
proposing a tool to visualize the relationships between politician discourse and parliamentary groups. The
authors present the politician’s profile and overview through visualizations, including the politician’s speech,
club, absence, and a politician relation graph in the parliament. While Steinbauer et al.,|2016/uses the sen-
timent expressed in the speech towards topics discussed, we analyze the content of the speech to define the
relations. Bonisch et al, |2023| proposes a web application to explore the minutes of plenary proceedings,
agenda items, and polls of the German government data. The proposed tool contains a topic analysis, focusing
on a specific speaker, party, or fraction on a specific topic. The Deputy Inspector analyzes a speech in conjunc-
tion with complementary data from background information, remarks, and poll results. In contrast to Bonisch
etal., [2023|tool, which is specific to German government data, our tool is generalist, accepting various sources
of data in Portuguese or English.

3. GoViz Description

In this section, we describe the methodology used to develop GoViz. We explain the data input supported, the
main techniques used to process the text, and the available visualizations to analyze it. Figure[2]illustrates all
the processing stages described in the following sections.
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column grouped by
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Create a dictionary
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Fig. 2 - Processing stages for chart generation.

3.1. Methodology

For this work, we initially analyzed related work involving the visualization of governmental data. Then, we
studied NLP methods and visualization techniques to specify the requirements and functionalities of GoViz.
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With this initial study, we defined the type of information we aim to extract from governmental speeches and
which NLP models we would employ to obtain them. Finally, given the textual information from the speeches,
we selected the best visualization techniques that allowed us to summarize the data.

We process textual data using SpaCy (Montani et al.,|2020)) and Gensim (Rehurek & Sojka, |2011), while for
manipulating the dataset, we use Pandasﬂ For the visualizations, we use the Plotly libraryE] to plot the graphs
and Das}E] to build the tool. For this work, we use Spacy for most natural language processing tasks. We
selected this library due to its ability to process different languages accurately. Since we want GoViz to work on
both Portuguese and English properly, Spacy became a reliable option. Spacy provides the obtained accuracies
for each task in different languages. We summarize the results in Table |1} As we can see, both languages
have an accuracy higher than 95% for both Tokenization and Part-of-Speech Tagging, while having an F-score
higher than 85%. We can see the full results for Engliskﬂ] and Portugueseﬂin their page. As source for training
the models, Spacy uses OntoNotes 5°| ClearNLP Constituent-to-Dependency Conversior'} WordNet 3.0} and
Explosion Vectors (OSCAR 21.09 + Wikipedia + OpenSubtitles + WMT News Crawl)ﬂ While for Portuguese,
they use UD Portuguese Bosque v2.8ETl WikiNEREl and Explosion fastText Vectors (cbow, OSCAR Common
Crawl + Wikipedia).

Language Task Result
Tokenization 1.0
English Part-of-Speech 0.97
Named Entity Recognition | 0.85
Tokenization 1.0
Portuguese Part-of-Speech 0.97
Named Entity Recognition | 0.89

Tab. 1 - Spacy results for NLP tasks in both English and Portuguese. For both Tokenization and Part-of-Speech
Tagging, they provide an accuracy result, while for Named Entity Recognition, they use F-score.

3.2. Input data

The main idea behind the proposed approach is that the user can use different textual datasets to generate
visualizations to extract information without the need to read the entire transcription. Textual data can be
collected from various sources and stored in different ways. Providing a standard input format is essential
to allow a correct visual representation. Thus, GoViz accepts structured data in csv and x1sx formats. The
dataset must contain a column with the person’s name and one with textual data. Since our goal is to generate
visualizations from speeches, it is important to have information about who is saying the transcribed text.
Regarding the textual language, it can be either in Portuguese or English.

To facilitate the use of GoViz by its users, we built an interface, illustrated in Figure|1] It contains an upload
function that receives a csv or x1sx file as input. Once the file is uploaded, we process the textual data using
SpaCy and Gensim. Different processing is done for each visualization, as described in Figure[2} We store the
processed data in a JSON file that GoViz reads to generate each chart every time the application starts.

3.3. Processing stages

GoViz has five main processing stages. The first one processes the uploaded data. Initially, GoViz pre-processes
the uploaded file to infer columns that contain the name of the speaker and the one containing the speech.
However, the user can change the automatically selected columns if the inference fails to find them correctly. To

Thttps://pandas.pydata.org/

2https://plotly.com/

3https://dash.plotly.com/

4https: //spacy.io/models/en#en_core_web_md-accuracy

5https: //spacy.io/models/pt#pt_core_news_md-accuracy

6https://catalog.ldc.upenn.edu/LDC2013T19

7https://github.com/clir/clearnlp—guidelines/blob/master/md/components/dependency_conversion.md

8https://wordnet.princeton.edu/

https://github.com/explosion/spacy-vectors-builder
Ohttps://github.com/UniversalDependencies/UD_Portuguese-Bosque
https://figshare.com/articles/dataset/Learning_multilingual_named_entity_recognition_from_Wikipedia/5462500
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make the inference, we first convert the dataset into a Pandas DataFrame and verify the column type, removing
everything with a data type other than text. From the remaining columns, we select the one containing the
largest textual length as the speech column. Once selected, we use SpaCy to perform named-entity recognition
on the other columns to identify the person’s name column. We select the first word from each row in a
candidate column and check if it is a named-entity object identified as a person. The column with the highest
occurrence of person names is then selected. Before submitting the data for the next stages, the user can
define two groups of person names to compare their speeches. Figure[2[A] illustrates the steps from the first
processing stage.

A simple way to identify patterns in textual data is by obtaining the frequency of words. We select data from the
provided file based on the groups defined in the data upload stage to extract the frequency of terms. If the user
did not provide any groups, we consider the top terms from the automatically identified column containing
textual data. When defined by the user, we split the text based on the two informed groups. First, we remove
stop words and punctuations to pre-process and convert the raw text into tokens to feed the Spacy model that
performs part-of-speech tagging. We only consider nouns for counting the term frequency, as they contain
more relevant information, such as things, places, and persons. After filtering the terms, we convert them to
lemmas and select only the top 20 most frequent nouns. We illustrate this processing stage in Figure[2] B].

We process data for the third processing stage to obtain the person’s names mentioned in each speech. First,
we group each speech by the speaker. Then, we pre-process the data by removing punctuation and stop-words
and convert it into tokens. We feed the named-entity recognizer Spacy model with the cleaned data. From the
output, we keep only the tokens recognized as Person entities. Finally, we get the people’s names cited by
their frequency. Figure[2[C] shows the steps of this processing stage.

To generate the Scatter-text visualization (see Section[3.4), in the fourth processing stage, we need to create a
corpus of frequent terms for two separate groups. This process only occurs when the user previously indicates
two groups for comparison. The idea is to visually compare the main terms that each group brings into the
discussion. Thus, given each group’s speeches, we first use the same pre-processing steps described in the
previous stages. Then, using the library provided by Kessler,|2017, we create a corpus containing tokens that
we will use to create groups of words and the most frequent terms mentioned by the participants of each
group. Figure[2[D] shows the steps to perform this processing stage.

Finally, the fifth processing stage manipulates textual data to serve as input to the t-SNE model (see Sec-
tion[3.4). In this process, the first step is to pre-process speeches by selecting them by their speaker. Then, we
remove punctuation and stop words. To obtain the part-of-speech of the terms, we use Spacy. Once we have
the part-of-speech, we select only the nouns, convert them into lemmas, and create bi-grams out of them. With
the cleaned data, we feed a Latent Dirichlet allocation (LDA) model provided by Gensim. This model tries to
identify the topics given a set of documents. For our specific case, we want to identify topics given in the
speeches in the dataset. The number of topics to be created is customizable in the script. With the output of
LDA, we made the transformations for t-SNE. We illustrate these steps in Figure [E].

3.4. Visualizations

GoViz provides four interactive visualizations: treemap, network, scatter text, and t-SNE. Each visualization
has a different level of user interaction that facilitates a more detailed analysis of the numbers and terms
present in the visualization. To use all GoViz resources, the user must specify two groups of people’s names
with the aim of comparing the speeches. If not informed, GoViz still brings the treemap and t-SNE visualiza-
tions.

Focusing on understanding the main terms mentioned by speakers, we use a treemap to show the top 20
nouns. Ifthe user specifies the two groups of people’s names, GoViz shows the top 20 for each group, using two
different colors, as exemplified in Figure[3] Otherwise, it shows the general top-20, as presented in Figure[7]
The size of each rectangle represents the frequency of the term. For this specific figure, we omitted words that
do not fit the rectangle, as we increased the font size for better visualization.

The treemap allows us to overview the main terms, but it is limited to 20 of them. To provide a deeper analysis,
we use the scatter text visualization. To build the scatter text, the user must specify two groups of persons
that will have their speeches compared, considering the terms they use. Thus, the visualization shows terms
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Fig. 3 - Most frequent nouns in the PCI Covid dataset.

used by one group, by the other, and those used by both. As presented in Figure[4] the terms in the center are
used by both sides. On the top-left, we have the most used terms by group 2, while on the bottom-right, we
have the most used terms by group 1. This is important to show where the discourse can be similar and at
which points they diverge.
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Fig. 4 — Scatter-text visualization with PCI Covid dataset.

To verify which people were cited during the speeches, we used Cytoscape, a network visualization provided
by Dash. It shows the relationship between the speaker and the people mentioned. Figure[5|shows an example
with the speaker’s name in the center and the connections showing how many times he/she mentioned each
person.

Finally, the visualization generated by t-SNE (Figure[6) aims to show the relationship between topics and who
is talking about them. Each circle represents a speaker, and the size of each circle means how many times that
speaker talked about the topic. It is possible to see the speaker’s name with a mouse click on the circle or
selection. Each color represents a different topic, and their position in the graph means how close each group
is to the other. Using t-SNE, we can see a complement from the treemap, where we can focus on each speaker
and understand which points they are making during their speech.
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Fig. 5 — Cytoscape visualization with PCI Covid dataset.

4. Case Studies

This section presents two case studies using different datasets containing government speeches. We evaluate
GoViz on its qualitative aspect, considering two datasets, one in Portuguese and the other in English. The
dataset in Portuguese describes the Parliamentary Commission of Inquiry (CPI) dataset about the COVID-19
pandemic. On the other hand, the dataset in English is the ParlSpeech V2 (Rauh & Schwalbach,|2020)). Our
goal is to show how GoViz can bring the main topics into discussion in both datasets. To validate our goal, we
read some of the transcriptions and compared them to what GoViz brings as a result.

4.1. Datasets

The dataset in Portuguese contains the transcriptions from every speech made during the Parliamentary Com-
mission of Inquiry (CPI) of the COVID-19 pandemic in Brazil (see Section[4.2)). The dataset was originally made
publicly available by the Brazilian federal senate. Later, it was treated and made available by Base dos Dados{T_Tl
a non-governmental, non-profit, and open-source organization. Besides the speech transcriptions, the entire
dataset contains information about the speaker (name, genre, and category; political party acronym; federal
unity of Brazil; and the parliamentary bloc) and the speech (besides the text, it has the duration, start, and end
time). However, our approach uses only the transcription and the speaker name columns. The transcription
column contains a total of 735k words.

The English language dataset we tested is the ParlSpeech V2 (Rauh & Schwalbach,[2020) (see Section. It
contains transcriptions from parliamentary speeches from Austria, the Czech Republic, Germany, Denmark,
the Netherlands, New Zealand, Spain, Sweden, and the United Kingdom. For our case, we consider only the
House of Commons corpus, which contains data from the United Kingdom. This corpus contains information
from 1988 to 2019 about the speech’s date, speaker, transcription, political party, and agenda topic. However,
for our experiments, we only select data from a single day, the 5" of November 2019, which consists of 114k
words.

12https://basedosdados.org/dataset/br— senado-cpipandemia
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Topics

0: hon; friend; mem

right; peof

2: year; time; f 10; support; plac
3: senhora; v N Pr f
4: gente; pessoa: estudo; pandemia; vacina; virus; doenca; paciente; mundo: sade 3: people; hon; member; police; year: today: plac

5: vacina; dia; fato; cpi; caso; verdade; depoente; requerimento; contrato; pandemia 4: child; school; service; education; report; parent; provis

(a) PCI Covid dataset (b) House of Commons corpus

Fig. 6 - t-SNE visualization

4.2. Case Study 1: Parliamentary Commission of Inquiry

A Parliamentary Commission of Inquiry (PCI) often investigates complaints of irregularities carried out by
agencies related to the Brazilian government. In 2021, a PCI was instituted to investigate whether there were
any crimes of responsibility, possible omissions, and irregularities during the actions promoted in managing
the COVID-19 pandemic in Brazil. The discussion on the PCI focused on adopting treatments without scien-
tific evidence, such as using medications like chloroquine and azithromycin. On the other hand, there were
campaigns against vaccination and delays in acquiring vaccines. The non-mandatory use of masks and social
distancing was also pointed out.

Before the pandemic, Brazil already suffered from intense political polarization (Juvino Santos et al.,[2022).
Such polarization is reflected directly in the PCI speeches. To show this polarization, we select two groups
of senators: the government’s base and the opposition. The Government’s base comprises: Ciro Nogueira,
Jorginho Mello, Marcos Rogério, and Eduardo Girdo. The opposition comprises the senators Omar Aziz, Re-
nan Calheiros, Randolfe Rodrigues, Simone Tebet, Humberto Costa, Eduardo Braga, Otto Alencar, and Tasso
Jereissati. We selected these names based on their position during PCL

The treemap present in Figure (3| shows that for the opposition (blue color), the most frequent terms are:
vacina (vaccine), contrato (contract), requerimento (application), and reunido (meeting). These terms were
expected as PCI investigated if there was any irregularity in the vaccine acquisition.

In scatter text visualization (Figure , we can see that the opposition uses terms such as “isolation”, “immu-
nization”, and “accountability” more frequently. From the Government’s base, we can see a more financial
appeal, with terms such as “funds”, “damage”, and “public resources”. Moreover, the issue of vaccines has been
hotly debated on both sides.

In this PCL there was an effort to define the people responsible for the potential negligence during the pan-
demic. The network visualization generated by Cytoscape shows the relation between the deponent and the
people they mentioned in their speech. In Figure[5} we selected Jorge Kajuro, a Senator who spoke in PCL. His
name is in the center of the image. Names cited by Jorge, such as Natalia and Fabio, are from people invited to
depose. Fabio, for example, is a former Secretary of Communication of the federal government and has been
investigated for possible irregularities. We can also see that names such as Omar Aziz appear multiple times,
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as he was the president of this PCL

Figure [6] shows the main terms of the PCI, grouped by topics of interest. For this visualization, we selected
14 topics. In the figure, we limited the number of topics to six to improve visualization. As we can see, the
term vacina (vaccine) appears as a topic multiple times because they can be interpreted in different scenarios,
such as in a more administrative way in topic 2, or focusing on health in topic 3. Considering the PCI scenario
and the identified topics, one can understand that the main focus was on investigating contractual points on
vaccine acquisitions (topic 2) and conducting treatments and hospital supplies (topics 3 and 4).

4.3. Case Study 2: House of Commons corpus

All
member house school
minister government || constituency work

friend

election uniform

people
year
- -

Fig. 7 - Most frequent nouns in House of Commons (ParlSpeech dataset).

Our focus in analyzing the House of Commons corpus was testing whether we could also use GoViz in English
documents. The dataset contains information ranging from 1988 to 2019. On this day, the agenda had more
than 20 topics involving UK international relations, Human Rights, Climate Change, among others. Thus, con-
sidering this scenario without previous knowledge about these topics, we show the most used nouns, without
defined groups, in Figure[7] Given the diversified agenda of the day, most terms are more generic. Yet, we
can see that some of them indicate the human rights topic as being more frequent, such as ‘house’, ‘right’, and
‘child’. Figure[6fa) shows the t-SNE visualization for the same day. We can see that the automatically selected
topics involve Human Rights and Health (topics 1 and 4), while topic 2 focuses more on the industry. Similar
to Figure[6[(b), each point in the figure represents a person. The point size indicates the number of times the
person mentioned something about the topic (color).

5. Discussion

GoViz is a web-based application that does not require programming skills to use. The main contribution
of this work is that it allows extracting information from texts in English or Portuguese without the need
to read large amounts of data. With such a feature, GoViz can potentially increase citizens’ participation in
parliamentary issues. The increase in participation is a consequence of the simplified access to information. In
general, our tool brings more interesting results when users provide polarized groups, as shown in Section[4.2]
As demonstrated in Section[4} we still obtain an overview of the information presented in the final PCI report
without previously knowing the dataset.

Since GoViz is a generic tool capable of handling different datasets, some details were left out. For exam-
ple, Spacy has excellent accuracy in the named entity recognition task. However, it is not perfect. If we look
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carefully at Figure [5| we will see terms, such as respondeu (replied), parabéns (congratulations), and diretor
(director) that are not person names. Spacy allows customization, but we did not customize it as we expect
GoViz to manipulate any dataset, and it should be as generic as possible to deal with a diverse range of topics.
We noticed that different names sometimes call the same person throughout the speech. This occurs when the
person has a compound name, or the family name is not considered. Jair Messias Bolsonaro (Brazilian pres-
ident at the time of the PCI) is a good example as he is mentioned throughout the process as Jair Bolsonaro,
Jair Messias Bolsonaro, or just Bolsonaro. Although we consider Jair Bolsonaro and Jair Messias Bolsonaro as
the same person when we only have “Bolsonaro”, it can also be referring to one of their sons. This makes it
almost impossible to guarantee that we always correctly detect all persons’ names.

In future work, we aim to incorporate modern models such as Large Language Models and explore sentence
representations like Sentence-BERT (Reimers & Gurevych, 2019) to preserve semantic relationships and bet-
ter capture deep connections within the discourses. Furthermore, to validate GoViz, we aim to conduct user
testing to collect feedback and provide design improvements. Other improvements include a new version of
GoViz that works entirely online and supports other languages, such as Spanish and French. Finally, we aim
to include arc diagrams to improve visualizations and show the correlation among people’s dialogues.

6. Conclusion

In this work, we introduce GoViz, a visualization tool that automatically extracts and summarizes speech infor-
mation. We propose a pipeline that extracts part-of-speech, named-entities, among other information, to pro-
vide visualizations that show who the main speakers are, how they connect, and the subject of the speeches.
The user can improve GoViz output by adding specific information to the tool, such as person names that
belong to two different groups. In this case, GoViz generates visualizations that compare the two groups ac-
cording to the most spoken terms and connections between them. We evaluate GoViz in both Portuguese and
English using open data from the Brazilian government and the United Kingdom. As a result, we show that
the generated visualizations can provide insights about the main topics in discussion, as well as the main ac-
tors. This is an advance compared to existing tools, which require user input and previous knowledge to work

properly.
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