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Resumo

Este estudo aplicou técnicas de modelação de tópicos a dados recolhidos em workshops
do Centro de Planeamento e Avaliação de Políticas Públicas (PLANAPP), cujo objetivo
era aproximar a ciência das políticas públicas. Esta investigação procurou extrair tópicos
significativos de textos muito curtos, escritos em português pelos participantes em post-its
e identificar a técnica de modelação mais adequada para este tipo de dados.

Embora não existam estudos anteriores que abordem modelação de textos extrema-
mente pequenos, parece viável alcançar esse objetivo. Modelos baseados em embeddings
têm demonstrado melhor desempenho do que abordagens clássicas em tarefas que en-
volvem textos curtos e conjuntos de dados pequenos.

Foram criados seis conjuntos de dados com diferentes técnicas de pré-processamento e
testadas duas abordagens de modelação, Latent Dirichlet Allocation (LDA) e BERTopic.
No caso do BERTopic, foram comparados dois sentence-transformers: Multilingual e Al-
BERTina. As métricas clássicas mostraram-se pouco fiáveis na avaliação da qualidade
dos tópicos, pois não foram desenvolvidas para textos tão curtos. Para colmatar essa
limitação, foi proposto o Singularity Score (SS), desenvolvido com o objetivo de replicar
o comportamento dos anotadores humanos.

As análises qualitativas e quantitativas demonstraram que o BERTopic produziu re-
sultados mais coerentes, ainda que o LDA tenha alcançado valores superiores em métricas
tradicionais, como coerência e perplexidade.

Em suma, o estudo aplicou com sucesso a modelação de tópicos em textos curtos em
português, identificou o BERTopic como a técnica mais eficaz e propôs o SS como uma
nova forma de avaliar a qualidade dos tópicos.

Palavras Chave: Modelação de Tópicos, Texto Curto, Português, Conjunto de Da-
dos Pequeno
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Abstract

This study applied topic modeling techniques to data collected from PLANAPP work-
shops, which aim to bridge the gap between science and public policy. The objective
of this research was to extract meaningful topics from tiny, user-generated, mainly Por-
tuguese texts written during these workshops, in post-it notes, and to find which topic
modeling technique was most suitable for this type of data.

Previous studies indicate that although no work has addressed modeling over very
short texts, achieving it appears feasible. Furthermore, embedding-based models have
been shown to perform better than classical approaches when dealing with short texts
and small datasets.

Six distinct datasets, with different preprocessing techniques, were created and tested
using two modeling methods, LDA and BERTopic. For BERTopic two sentence-transformers
were compared, Multilingual and AlBERTina. To evaluate the topic quality, classical met-
rics were employed, but did not produce reliable results. The main challenge encountered
was the evaluation, as most existing metrics are not designed for tiny text. To address
this issue, Singularity Score (SS) is proposed with the primary goal of mimicking the
annotators behavior.

Through both qualitative and quantitative analyses, it was possible to conclude that
BERTopic produced more coherent results, despite the classical method (LDA) achieving
higher values in traditional evaluation metrics such as, coherence and perplexity.

In conclusion, this study successfully applied topic modeling to tiny Portuguese texts,
identified BERTopic as the most suitable technique, and introduced SS as a new way to
assess topic quality.

Keywords: Topic Modeling, Tiny Text, Short Text, Portuguese, Small Dataset
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CHAPTER 1

Introduction

1.1. Contextualization

Text mining’s importance within data mining is increasing as a consequence of the online
era. With almost everything available online, from books to social media posts, there is
countless data from which information can be obtained. Unstructured data must be trans-
formed into information in order to reveal underlying trends or sentiments. This helps,
for example, to support decision-making by business or simply to understand the public
opinion about a certain issue without having to handle it manually. Topic modeling is a
task of text mining that consists of clustering documents by discovering hidden semantic
patterns. Topic modeling is particularly relevant for businesses to extract themes from
user-reported suggestions or issues. This enables the company to identify the main causes
of these problems and determine which areas need more attention.

In this dissertation, topic modeling techniques are applied to data retrieved from
Centro de Planeamento e Avaliação de Políticas Públicas (PLANAPP) 1 (Center for
Planning and Evaluation of Public Policies) workshops. These workshops are part of
the program "Ciência e Política Pública: como conseguir pontes" 2 (Science and Public
Policies: How to build bridges) which aims to develop informed politics and raise scien-
tific awareness of this need. During the workshops, participants received post-it notes and
were asked to write down challenges and potential solutions to bridge the gap between
science and policy. These responses were then transcribed into an Excel sheet for further
analysis.

1.2. Research Questions and Goals

Defining research questions and its goals is essential to structure a study. In this Section,
the research questions and each of their objectives will be defined.

RQ1: Can topics be extracted from short suggestions about public policies in Portuguese?
Goal: This question serves as the foundation for the proof of concept and represents

the core objective of the dissertation. It is also a research question that serves
literature review, therefore, it will be addressed through the related work analysis.

RQ2: Which topic modeling technique works best for very short-text in Portuguese?
Goal: In this question, the goal is to find the best modeling technique for the data to

be analyzed. This data has specific characteristics, such as being very short-text
and in a non-English language, which requires a careful approach.

1https://www.planapp.gov.pt
2https://www.planapp.gov.pt/ciencia-politicas-publicas/
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1.3. Methodology

The methodology that will be followed is CRoss-Industry Standard Process for Data Min-
ing (CRISP-DM). This process focuses on six phases: Business Understanding, Data Un-
derstanding, Data Preparation, Modeling, Evaluation, and Deployment. The first phase,
Business Understanding, starts by understanding the work done in the area, the goals of
the project, and its requirements. In this case, a review of the literature in Chapter 2
on topic modeling in public policies is presented. The main goal of this project is to
extract topics from extremely short-text suggestions about public policies in Portuguese,
Figure 1.1 presents three examples.

Figure 1.1. Suggestion Example

Secondly, in Data Understanding, which its main purpose is to acquire the data if
needed and to explore it, this means describing and evaluating the quality of data, the
data provided by PLANAPP and is made of short-text documents in Portuguese as it is
explored in Section 3.1.

The next step is Data Preparation, where data is cleaned and prepared for modeling,
these tasks encompass deleting outliers, formatting data, etc. In this project, it is impor-
tant to perform the usual steps in Natural Language Processing (NLP), such as removing
stop-words, correcting spelling mistakes, and turning the text to lowercase. The Data
Preparation step is more detailed in Section 3.2.

Afterwards, it is the Modeling step which includes selecting modeling techniques to
be applied and compared between each other. The chosen models are BERTopic with
two different sentence-transformers, Multilingual and AlBERTina, and a more classical
method of topic modeling, Latent Dirichlet Allocation (LDA), this process is explained
in Section 3.3. Evaluation is next where it is determined if the models chosen achieve the
goal set initially, qualitative and quantitative evaluation can be found in Section 3.4 and
Chapter 4, respectively.

The last phase is Deployment, which can differ from project to project, varying from
a report to the model being put into production. In this study, the last step is a proof of
concept and the present dissertation. This step will be performed according to the plan in
Figure A.1. Additionally, Figure 1.2 displays the flowchart of the methodology followed
in this study.

2



Figure 1.2. Methodology Flowchart

1.4. Document Structure

The document has five chapters. Chapter 1 includes a contextualization of the problem to
be solved, the research questions, its goals, and the methodology. In Chapter 2 the litera-
ture related work and ways to solve similar problems are explored, as previously referred,
this chapter corresponds to business understanding. Chapter 3 focuses on understanding
the data, the modeling step, and making a qualitative evaluation of the results. Chap-
ter 4 explores the quantitative evaluation using well-known metrics for topic modeling
and in Section 4.7 Singularity Score is proposed as a new measurement. Finally, Chap-
ter 5 presents the conclusions of this study, the answers to the research questions, the
limitations of this work and future work.

3
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CHAPTER 2

Literature Review

This chapter presents the methodology used for the literature review and its goal is to
ensure a comprehensive and replicable process to identify relevant studies for our own
research. The chapter first presents a general overview of topic modeling and subsequently
explores a more focused review of the literature. It focuses on Portuguese and non-English,
suggestions texts and the most used methods in topic modeling.

2.1. Research Methodology

The research methodology chosen was the Systematic Literature Review (SLR) based
on the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
2020. This method is a way to collect, evaluate, and present systematically the findings
of several studies on a specific topic [1]. The first step in an SLR is to define the topic
of interest that will be the focus of the research, which is relevant to understanding how
to explore and further verify if it is necessary to make the search narrower or broader [2].
In the next Section 2.2, there is an analysis of this broader search, in this case related to
topic modeling. The next key step is to formulate the research questions in this review,
which were:

LRQ1: What has been done recently in Topic Modeling/ Topic extraction?
LRQ2: What has been done with topics obtained from data mining about public policies

or in Portuguese?
LRQ3: Can topics be extracted from short suggestions about public policies in Por-

tuguese? - This question corresponds to RQ1.

Keywords and queries are then defined to identify relevant studies on the chosen topic
in each research question. After this, the inclusion and exclusion criteria are established.
Finally, an overall analysis of the documents found is conducted. In this case, each one
of these last steps is explained in more detail in Sections 2.2 and 2.3, dedicated sections
for the respective queries.

2.2. Topic Modeling an Overview

For a better understanding of what has been done in the last five years (2019-2024) in
the main theme of NLP and topic modeling and, consequently, to respond to LRQ1,
a search was performed on both Scopus and Web of Science using the query ("natural
language processing" OR "NLP") AND (("topic") AND ("extraction" OR "modeling" OR
"identification")). The document types analyzed were articles, reviews, book chapters,
and books from Scopus, as well as articles, books, and review articles from Web of Science.
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The languages included were only Portuguese and English. And finally, some author
keywords such as "computational linguistics", "character recognition", and "vocabulary,
controlled" (Scopus) and "linguistics" and "literature" (Web of Science) were excluded.
This exclusion was made because the documents that appear under those keywords were
out of the scope of the research question. This totaled 3,902 documents, 2,981 without
duplicates, and 1,564 with the author keywords filtered. In Table 2.2, it is possible to
observe the number of documents found in each database after applying the inclusion and
exclusion criteria presented in Table 2.1.

Table 2.1. Inclusion and Exclusion criteria

Inclusion Criteria Exclusion Criteria
Articles, Reviews, Books
and Book Chapters Keywords: "computational linguistics",

"character recognition", "vocabulary, controlled",
"linguistics" and "literature"Documents in English or Portuguese

Table 2.2. Documents found after exclusion criteria

Query Data Base Items Found
("natural language processing" OR "NLP") AND (("topic")
AND ("extraction" OR "modeling" OR "identification"))

Scopus 1734
Web of Science 2168

Figure 2.1 shows the distribution of the document types from the 2,981 records without
duplicates throughout the years, and that the most published documents are articles.
Furthermore, there has been a noticeable growth trend in the areas of NLP and topic
modeling.

Figure 2.1. Document Type per Year

The graph shown in Figure 2.2 was created with the keywords of the 1,564 documents
using "Vos Viewer". It represents the relationships between the keywords, where the min-
imum number of occurrences of a keyword was set to 8, resulting in 92 selected keywords.
The minimum cluster size was set to 5, and the normalization method for performing the
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clusters was LinLog/modularity. All of these parameter values were determined through
exploratory analysis.

After an analysis of this graph, it is noticeable that there are a total of three clusters,
and the main keyword is "natural language processing", as expected. Each of these
three clusters represents a different area of NLP. The red cluster corresponds to specific
methods in topic modeling, for instance: "information extraction", "text summarization",
etc. The green cluster illustrates techniques used to achieve some results in NLP, such as:
"bert", "word2vec", etc. The blue one represents practical applications to NLP: "social
media", "covid-19", etc.

Figure 2.2. Keyword Relationships

2.3. Topic Modeling for Suggestions, Public Policies, and Portuguese Texts

In this Section, a specialized query was crafted to answer the second and third literature
research questions: LRQ2 - "What has been done with topics obtained from data mining
about public policies or in Portuguese?" and LRQ3 - "Can topics be extracted from short
suggestions about public policies in Portuguese?" To do it, the search keywords have
to be selected. In this case, topic modeling will be explored when it comes to public
administration. It is relevant to add to the search the language in which the data is
written, that is, Portuguese. Finally, a survey reference was included, as the data to be
studied is obtained through it.

Using the keywords already named (Topic Modeling, Public Administration, Por-
tuguese, and Survey), a brief search was performed in Scopus, which allowed a better
understanding of the limitations caused by the use of only these keywords. The identified
limitations include the fact that some references to topic extraction were not related to
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its application but focused on public policies related to technology. Another flaw found
was that by adding words such as survey or questionnaire, many of the documents were
about surveys conducted on NLP. However, the goal was to find documents that used
survey data as the primary data source. The last weak point was that some documents
that dealt with the data or analyzed it were about Sentiment Analysis instead of Topic
Modeling or Topic Extraction.

Bearing in mind those limitations, the initial query was polished. Therefore, a men-
tion of approaches or techniques was added, the survey reference was removed, and fi-
nally, all documents regarding sentiment were discarded. Consequently, the final query
was: (("Topic Modeling" OR "Topic Model" OR "Topic Extraction" OR "Topic Identi-
fication") AND ("Natural Language Processing" OR "NLP") AND ("Approaches" OR
"Methods" OR "Techniques") AND (("Public Administration" OR "Public Sector") OR
("Portuguese Language" OR "Brazilian Portuguese" OR "European Portuguese")) AND
NOT ("Sentiment")). Using the query previously mentioned and the inclusion criterion
that the document type must be an Article in Web of Science, an inclusion criterion was
also applied to consider only documents published up to 2024, resulting in a focus on
the period between 2018 and 2024. A search was conducted on both Web of Science and
Scopus, and 13 and 8 documents were found, respectively. None of the 21 documents were
duplicated. Four of the documents could not be retrieved, leaving a total of seventeen.
Fifteen documents remained after two of the seventeen were deemed useless to address
LRQ2 and LRQ3. Three more documents were discovered through other methods, such as
documents from the first query specified in Section 2.2 and snowballing, therefore, there is
a total of 18 documents to be examined. Figure 2.3 illustrates this process in a PRISMA
Flowchart.

2.3.1. Topic Modeling for Portuguese and Non-English Texts

In the world, there are approximately 7,000 languages, each differ significantly from the
others [3]. For instance, languages can vary in word order typology, such as SVO (Subject-
Verb-Object) in Portuguese and English. However, even within this similarity, differences
exist, such as the placement of adjectives after the noun in Portuguese and before it
in English. Additionally, lexical divergences arise, such as the meaning of a word can
vary depending on the context in which it appears. Portuguese also marks the gender of
adjectives, a feature absent in English. Other distinctions include the omission of pronouns
and the existence of words in one language without direct translation in another [3].
These are just a few of the many differences that must be considered when dealing with
natural language and its processing. With this in mind, the search included a reference
to the Portuguese language. Nevertheless, among the 18 documents retrieved following
the PRISMA 2020 guidelines described in Section 2.3, only one explored the textual data
originally written in Portuguese. In nine of the documents analyzed, the data was written
in English. Three explored the text in Chinese, while the other three were multilingual,
and then three where the original language was not specified, although it is likely that

8



Figure 2.3. PRISMA 2020 Flowchart

two were in English, one because it was taken from a global commercial Massive Open
Online Course (MOOC) platform where usually the reviews are in English [4] and the
other one because it dealt with geo-located Tweets from United States of America [5] and
one in Chinese, since it is geographically focused in China [6].

Considering that almost everything available related to NLP is in English, it is cru-
cial to focus on the documents that did not use an English corpus to explore what has
been done and what kind of tools were used to overcome that obstacle. The document
that uses Portuguese corpora used Python’s library SpaCy, which has multilingual/ Por-
tuguese resources such as NER (Named-Entity Recognition) and lemmatization lists [7].
Although three documents use Chinese corpora, only one briefly addresses how it got
around the issue. It is used BERTopic, this technique will be explained in more detail
in Section 2.3.3, specifically the People’s Daily pre-trained model, this model was trained
using People’s Daily, a Chinese newspaper so it understands better the formal Chinese
language. At last, the model was fine-tuned for policy texts [8]. Contemplating now the
documents that deal with multilingual textual data, this means that the corpora consist
of texts in multiple languages, the simple way to overcome this was to translate the non-
English text to English using an R package [9]. However, this is not always ideal because
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some information might be lost or poorly translated because of characteristics already
mentioned. In addition, the other two documents with multilingual textual data chose
the same approach, using BERTopic selected multilingual sentence transformer [10], [11].
Overall, even though there is just one example with data in Portuguese, there are some
solutions that can be applied in multiple languages, such as BERTopic.

2.3.2. Topic Modeling for Suggestion Texts

Textual data collected through questionnaires or open-ended responses, where respon-
dents provide answers in their own words without predefined options [12], exhibit distinct
characteristics compared to structured texts such as articles or newspapers. One of the
differences is the need for context, in this case of the question, to understand the response
as intended, whereas in articles or newspapers, the context is usually given in the full
text. Furthermore, it is clear survey answers require a lower level of formality than arti-
cles. Additionally, questions performed during questionnaires can be non-factual, which
requires an opinionated response [13]. Lastly, the answer written down by the respon-
dent might be formulated in perfect sentences, but it may also consist of catchwords and
contain grammatical and spelling mistakes [12]. This is also stated by other authors who
declared that grammatical errors can cause noise that impairs text analysis and possibly
be a source of incorrect or even false lemmas [7]. A possible solution is training models
with noisy documents to increase performance and achieve better results [14]. All these
attributes are essential to consider when working with this type of textual data, as they
help address potential issues that may arise.

Despite the differences between the two types of textual data stated, the steps used to
evaluate textual data obtained from suggestions are identical to the steps used to evaluate
the other kinds of data. For instance, the basic treatment of textual data related to pre-
processing steps as text normalization, conversion of all text to lowercase, and removal
of stop-words, were all performed by the authors of [4], [5], [7], [15]–[18]. The choice
between Stemming [4], [16], [17] and Lemmatization [7], [18] varied among authors, with
some choosing not to apply either [5], [15].

Nevertheless, these steps are similar, and there are no significant differences worth
relating. The main distinction comes from dealing with short-text data, which is going
to be reviewed in the next Section.

2.3.2.1. Topic Modeling in Short-Texts
The length of the text to be analyzed has implications for the success of NLP tasks, in
this case, topic modeling. Since the short-text has fewer words, it is possible that it may
not contain enough meaningful words [19]. Short-texts lack word frequency and context
information, causing severe sparsity problems for conventional topic models [20].

This problem is claimed by many authors who overcome it in different ways. Some
decided to avoid this problem, for example, removing documents with less than a minimum
words [4], [5], the author of [5] decided to remove documents with less than four words,
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and the author of [4] removed documents with less than 40 words. There was a second
approach to this question, by using models more appropriate to this type of text, such
as the Biterm Topic Model, which directly models the word co-occurrence patterns based
on biterms [20], used by the authors of [6]. ST-LDA, Latent Dirichlet Allocation of
single topics, was also used, which is a variant of the topic modeling technique LDA [21]
that assigns only one topic to the document with a membership probability [5]. Lastly,
BERTopic is an embedding-based model, it focuses on capturing the semantic relationship
in a lower-dimensional vector space [22], so it is understandable that it would perform well
in short-text documents where the co-occurrence is minor. So, it is used by the authors
of [10], [11], [18].

2.3.3. Topic Modeling Methods

Upon reviewing the documents, three predominant models were applied to perform topic
modeling: LDA, Structural Topic Modeling (STM), and BERTopic. In Figure 2.4, it is
possible to observe the evolution of the methods used by year in the final documents
analyzed. In addition, it is possible to observe that BERTopic has gained importance in
recent years.

LDA is a generative probabilistic model of a corpus. It assumes that each document is
represented as a mixture of latent topics, and each topic is distinguished by a distribution
over words [23]. LDA was the most used method, and it was applied in eight of the
documents explored. This model was chosen due to its simplicity and its application in
numerous fields [15], [24]. Another reason for its choice is the improvements compared to
Latent Semantic Analysis (LSA) as they are the most known methods [7]. The necessity
of choosing the number of topics is a drawback to this method. There are multiple
strategies, including using Perplexity to evaluate the coherence of topics where a lower
value denotes a better probabilistic model [25]. This approach requires a more exploratory
analysis, considering a range of possible K values (number of topics) [9], [26]. There
were other ways to explore the Perplexity, for example, the authors of [15] conducted a
ten-fold cross-validation to determine a range of K values. Another approach involves
selecting the number of topics through iterative experimentation and manual evaluation
of topic interpretability [17], [24]. Some authors used Cosine-Similarity, which clusters by
similarity all the topics generated and identifies the stable number of K [9]. Others used a
coherence score that, similarly to Perplexity, implies the need to conduct an exploratory
analysis [27]. Finally, the authors of [7] opted to use Grid Search to find the number of
topics with the highest log-likelihood and the lower Perplexity.

Two documents used LDA adaptations: Dynamic Topic Model (DTM) and Single-
Topic Latent Dirichlet (ST-LDA). DTM can reveal the topic evolution details of a large
and unstructured document [28]. ST-LDA assigns to each document only one topic, with
a membership probability which means the higher the more clear that topic is in that
document. To evaluate the coherence of topics, the Point-wise Mutual Information score
(PMI) was utilized by the authors of [5].
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Figure 2.4. Topic Modeling Method used by Year

STM is used to perform text analysis and combines document metadata with topic
modeling. This method mirrors the approach used by social scientists, who analyze various
types of data to uncover relationships between variables [29]. STM was applied to account
for the extracted topics and temporal variations they may have undergone [30], [31]. This
method was chosen because it had already been introduced in political science [16].

BERTopic facilitates document embedding extraction using a sentence-transformer
model that supports over 50 languages [32]. The authors of [10], [11], as mentioned in
Section 2.3.1, used Multilingual BERTopic to process textual data in different languages.
BERTopic is preferred over traditional topic modeling methods due to its ability to han-
dle data scarcity and identify semantic connections between words, which is particularly
beneficial for short-text documents [18]. Additionally, its flexibility in not requiring a
predefined number of topics provides an advantage over LDA [33]. It is also possible
to fine-tune parameters to achieve a higher topic coherence score, as demonstrated by
the authors of [8], where variables like n_neighbors and min_cluster_size were adjusted.
GPT-3.5 was also integrated to generate comprehensive semantic topics related to the
identified ones [8].

Looking at the methods used to evaluate the quality of the topics generated and the
quality of each experiment, some authors revealed multiple quantitative approaches, but
also included human verification and a quality evaluation [10], [11], [24]. The quantitative
evaluation methods included Perplexity [7], [18], [26], [28] and Coherence score [6], [10],
[11]. In some cases, authors decided to rely exclusively on human annotators and manual
verification to evaluate the quality of the experiments [4], [5], [9], [18], [31].

2.4. Synthesis

There is a lot to bear in mind when dealing with topic modeling, such as the language,
source, and length of the data. In this review, it is possible to understand how to deal
with certain particularities of the data that is going to be processed, such as how to
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deal with non-English text: by translating it or using specialized models like BERTopic
that are available in multiple languages. Unlike other textual data, survey data requires
contextual understanding, handling informal language, and addressing spelling errors.
Even with these challenges, the preprocessing steps are similar between these kinds of
textual data. Survey responses are usually concise, which means they might lack word
frequency, which is challenging for traditional topic modeling methods like LDA. To over-
come this obstacle, authors opted between removing short documents, using specific mod-
els like the Biterm Topic Model and ST-LDA, or applying embedding-based approaches
like BERTopic. Lastly, models were compared, and even though LDA is the most used
topic modeling technique, it has some drawbacks when compared with BERTopic, such
as the difficulty of dealing with data scarcity and the need to choose the number of topics
to generate. The evaluation of the topics is also a key aspect to decide which experiment
yields the best result, it becomes clear that although there are some metrics available to
evaluate the quality of topics, authors do not discard human evaluation.

Answering the LRQ1 research question, as stated in Section 2.2, there is a noticeable
growth in topic modeling. There are also three major areas: topic modeling methods such
as information extraction or text summarization, techniques used in NLP, for example
Bidirectional Encoder Representations from Transformers (BERT) [34] and word2vec, and
practical applications, for instance, social media and Covid-19. Responding to LRQ2 and
LRQ3, Topic Modeling applied to Public Policies has a variety of uses, from supporting
decision-making to comprehending the concerns of the citizens through social media. Even
though this is a relatively explored area, only one document handled data in Portuguese,
showing a gap in studies within this field and language. Although an exploration of short
suggestions about public policies in Portuguese has not been done, there are comparable
things, such as dealing with texts in Portuguese or handling short-texts that can be
incorporated with each other to achieve this goal.
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CHAPTER 3

Development

In this chapter, the work continues to follow the CRISP-DM methodology. Section 3.1
focuses on Data Understanding, where an analysis of the data will be made, as well as
its characterization and its origin. Section 3.2 addresses Data Preparation, the data are
processed for modeling based on the insights gained from the previous section. In Sec-
tion 3.3 Modeling is covered, which involves selecting the most suitable models and trying
to determine the optimal number of topics. Finally, Section 3.4 presents the Qualitative
Evaluation, where the quality of the experiments is assessed by examining the resulting
topics and their top word.

3.1. Data Understanding

The data used in the experiment was briefly explained in Section 1.1, and are retrieved
from multiple workshops carried out by PLANAPP. During the workshops, participants,
researchers, science communicators, science managers, and doctoral candidates affiliated
with various research centers nationwide, were asked to write down answers to multi-
ple questions that are next described. Each question led to an answer that was later
transcribed to an excel workbook.

(i) "What challenges prevent scientific contributions from being acknowledged?"
(ii) "Do the identified challenges pertain to science, to public policy, or to both?"
(iii) "What solutions can be proposed for the identified challenge?"
(iv) "What strategies can be adopted for impactful communication?"
(v) "What concrete actions can be implemented to bring researchers closer to public

policy makers?"

Questions (i) and (ii) produced three worksheets ‘Science’, ‘Public Policies’ and ‘Both’
which represented the challenges identified within these domains, questions (iii), (iv) and
(v) originated a worksheet each: ‘Solutions’, ‘Strategies’, and ‘Actions’.

Table 3.1 presents a characterization of each worksheet after removing null / NA
values, with the number of documents (records) and the average words per document. In
addition to the answers to each question, each worksheet also includes the workshop ID,
the research center ID, the year the workshop took place, the district where it was held,
and the scientific area of the respondent. However, these data were discarded, as they
were not relevant to the objectives of this study.

The documents are primarily in Portuguese, although some records are exclusively in
English. Moreover, several Portuguese texts use technical vocabulary in English. This is
something that should be taken into account in the following phases, especially in Data

15



Table 3.1. Data Characterization

Worksheet Number of Records Word Average per Record
Science 224 5.54

Public Policies 285 5.24
Both 259 4.89

Solutions 424 6.27
Strategies 379 5.75
Actions 239 7.48

Preparation (Section 3.2). Since the data were written on sticky notes in a workshop,
although being text, the phrases are very short and informal in nature, containing abbre-
viations, for example, "inv" meaning "investigação" or "investigation" and symbols such
as "+" instead of the word "mais", or "and" / "plus". Therefore, being usually shorter
than short-text, we decided to call it, over this document, "tiny text".

Figure 3.1 shows a word cloud for each worksheet without any preprocessing. By
analyzing the word clouds, it becomes clear that the removal of stop words will be a
crucial step in Section 3.2 for the preparation of the data, as the most prominent words
are stop words, with particular emphasis in "de" which is a discourse connector frequently
used in Portuguese. Moreover, it is evident that, although each word cloud represents the
responses to a different question, several words appear repeatedly across the figures, which
justifies combining them during the data preparation stage.

(a) Science (b) Policies (c) Both

(d) Solutions (e) Strategies (f) Actions

Figure 3.1. Word Clouds of the Unprocessed Data by Worksheet

3.2. Data Preparation

Since there is not much data available for each category and the themes seem to recur
across the different categories, all records were joined into one corpus with 1810 documents
and an average of 6.43 words each. Figure 3.2 displays word clouds from this corpus using
unigrams, bigrams and trigrams.
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Although the stop words have not been removed yet, there is already some valuable
information to take from the word clouds represented in Figures 3.2b 3.2c. The most
common bigram is "falta de" ("lack of"), appearing a total of 98 times. This expres-
sion conveys the definition of the problems that would be subsequently referred. The
most common trigram appears 12 times, being "canais de comunicação" ("communica-
tion channels"), which points to both a potential solution and a recurring issue related to
communication between science and public policy.

(a) All Data Word Cloud

(b) Bigram Word Cloud (c) Trigram Word Cloud

Figure 3.2. N-grams Word Clouds

A challenge found in Section 3.1, was the existence of abbreviations. To try to solve this
problem, a dictionary of abbreviations was created. The dictionary has the contraction
as the key and its meaning as the value, e.g., "ong": "organização não governamental".

Another issue that emerged during the data understanding stage was that some of
the documents were written in English. To solve it, the translators Python library 1

was used, leveraging Google Translate as the underlying translation engine. The process
was to first detect the language of the document and, if English was detected, it would
be translated to Portuguese. However, if a text was predominantly in Portuguese but
contained a few words in English, these words would not be detected and the text would
remain unchanged.

To prepare the data for modeling, six datasets were generated. The first and most
simple is called "No Preprocessing" where the only step was to tokenize the documents,
without any additional step involved. The second, "Simple Preprocessing", implemented

1translators version 6.0.1, PyPI, https://pypi.org/project/translators/
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the abbreviation dictionary, transformed all words to lowercase, removed digits and punc-
tuation. In the third dataset, named "Normal Preprocessing", besides the preprocessing
steps done for "Simple Preprocessing", all stop words were removed. The fourth dataset
is a variant of the third but the documents in English are translated to Portuguese and
it is called "Portuguese Normal Preprocessing". The fifth, "Total Preprocessing" in ad-
dition to the steps involved in "Normal Preprocessing", also preforms lemmatization. In
line with "Normal Preprocessing" and "Portuguese Normal Preprocessing", there is also
a sixth dataset which is the translated version of the original dataset. In the last two
datasets, lemmatization was chosen over stemming, as stemming often produces exces-
sively shortened words that can become unintelligible. Moreover, given that one of the
methods applied in the modeling stage is BERTopic, which relies on embeddings rather
than word frequency for topic modeling, lemmatization was deemed more appropriate.
Table 3.2 represents the preprocessing steps in a simple way.

Table 3.2. Datasets Preprocessing Steps

Dataset Preprocessing Steps
No Preprocessing Tokenization
Simple No Preprocessing + Abbreviation Dictionary +

Lowercase + Removal of digits and punctuation
Normal Simple + Removal of Stop Words
Portuguese Normal Normal + Translation to Portuguese
Total Normal + Lemmatization
Portuguese Total Total + Translation to Portuguese

Table 3.3 presents the average number of words per document in each dataset. These
values reveal important observations, such as the expected increase in word count when
applying the abbreviation dictionary. Furthermore, translation into Portuguese also leads
to a higher average word count per document, since Portuguese makes more frequent use
of articles and discourse connectors compared to English.

Table 3.3. Datasets Word Average per document

Dataset Average
No Preprocessing 5.88
Simple 5.89
Normal 4.08
Portuguese Normal 4.12
Total 4.08
Portuguese Total 4.13

3.3. Modeling

This section details the modeling stage, starting with the determination of the ideal
number of clusters or, in this case, topics, in Section 3.3.1, followed by a description of
the topic modeling techniques applied in Section 3.3.2.
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3.3.1. Ideal Number of Topics

The first step of modeling is to decide the number of topics the models should generate.
The most used approximation technique is to use the Elbow method [35] in combination
with K-means [36], to generate a curve where, as the value of K (number of clusters)
increases, the curve decreases until reaches a stable point [37]. The value of K at this point
is the ideal number of clusters. Another way to try to identify the ideal number of topics is
to use the Silhouette method [38] which combines separation and cohesion, and the higher
the Silhouette score the better. As described in [39], the Silhouette values range between
-1 and 1. Both these methods were applied in order to attempt to identify the optimal
number of clusters for the experiments. To perform this task, the "Simple Preprocessing"
dataset was used, and both, Term Frequency-Inverse Document Frequency (TF-IDF) [40]
and Bag-of-Words (BoW) Vectorizers [41] were employed. The K values were sought
in the range {3, . . . , 35}. The results obtained through these experiences are shown in
Figures 3.3, 3.4.

Figure 3.3. Elbow curve and Silhouette Score using TF-IDF

Figure 3.4. Elbow curve and Silhouette Score using BoW

Analyzing the graphs and trying to apply the empirical rule of choosing the point
where some plateau begins for the Elbow method or the highest score for the Silhouette
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technique, it is not possible to draw any conclusions about the ideal number of clusters.
The graphs obtained through the Elbow Method did not reveal the expected point for an
"elbow", and the graphs for the Silhouette method had a maximum value around 0.03
using TF-IDF and 0.3 using BoW, which is too close to 0 to be able to consider it a good
result.

Without being able to determine the ideal number of clusters, it was decided to employ
four different values: 5, 10, 15, and 20 clusters. The goal is to make enough experiments
to be able to properly evaluate the topic models and finally choose the one with the best
performance.

3.3.2. Models

The models chosen to apply to the data, based on the Literature Review, Chapter 2, were
LDA, even with challenges such as, the scarcity of the data or the lack of length of the
documents, since it is a classical method and a solid starting point for experimentation.

Beyond LDA, BERTopic was also selected as it appears to be more suitable for the data
under the study, being embedding-based it does not need as much data as LDA. However,
challenges may still arise because the documents consist of tiny text and consequently may
lack sufficient context, which is particularly important for BERTopic.

For LDA, the BoW vectorizer was used in order to keep this experiment as classical
and simple as possible. For BERTopic, two different sentence-transformers were used
Multilingual, it was chosen since it has more than 50 languages available [32] and the
majority of documents are in Portuguese, this sentence transformer is particularly useful
to apply to the datasets that are not translated. The second sentence-transformer was
AlBERTina which is totally pretrained in Portuguese text. It was chosen to check if there
would be differences between the Multilingual and a more Portuguese focused sentence-
transformer. Although BERTopic does not have the need to choose the number of topics,
to have a fair comparison between models, the same number of topics were generated by
using K-means.

In total, 72 experiments were conducted by combining the six datasets, the four dif-
ferent topic settings tested (5, 10, 15, and 20 topics), and the three model variations.

3.4. Qualitative Evaluation

When trying to evaluate the topics qualitatively, by observing the top ten words of each
topic, it is possible to note that the experiments with the "No Preprocessing" dataset had
more stop words, making it harder to understand what the themes of the topics were. In
addition, when using the referred dataset and when performing the topic modeling with
LDA, the top 10 words had a lot more noise, including special characters such as "," and
"-". Furthermore, when using AlBERTina sentence-transformer and the datasets that
do not translate the text, there is usually a topic which consists in only English words,
mainly connectors. Another relevant point to mention is the experiments with 5 and 10

20



topics seem to have topics more focused and without overlapping themes between each
other.

Although some valuable insights can be retrieved from observing the topics, it is im-
possible to compare all 72 experiments and draw a clear conclusion about which one
performed best. Therefore, Chapter 4 explores various methods for quantitatively evalu-
ating the experiments.
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CHAPTER 4

Quantitative Evaluation

This Chapter focuses on determining which combination of datasets, number of topics,
and model variation produces the best results quantitatively. However, in the context of
topic modeling, what constitutes the “best result” is not always clearly defined. These
conclusions can be achieved through the use of some metrics such as Coherence and
Perplexity, or alternatively through human evaluation, using annotators, to assess whether
the topics are coherent and well separated. Nevertheless, it is understood that a well-
defined set of topics implies that the documents within each topic address closely related
themes, while documents represented by different topics are distant from one another.

4.1. Coherence Score

Figures 4.1 and 4.2 show the evolution of the coherence, using CV and UMass respectively,
considering each combination of the preprocessing dataset with each number of topics.
The graphs were separated between sentence transformer, where the default model is the
multilingual and AlBERTina model is the Portuguese, for a better readability and to try
to understand which has higher values of coherence.

Figure 4.1. BERTopic Coherence (CV) Results

Some notes should be taken from the visualization of the graphs in Figure 4.1. The
first one is that none of the 48 combinations (2 models x 6 datasets x 4 topic settings)
had values of coherence score that are considered good, usually close to 1 since it varies
between 0 and 1. The second observation is that, when using this metric to compare the
two models, the Multilingual model generally performs better than the Portuguese one,
although the difference is not substantial. Furthermore, the translated datasets reveal
significant improvements when using the AlBERTina sentence-transformer, unlike Mul-
tilingual, where the non-translated datasets have a slightly better performance. Lastly,
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there is no preprocessing dataset that seems to have better results, since the better prepro-
cessing step varies between the models used. When using AlBERTina the best preforming
preprocessing varies between topic settings being simple, with 5, 10 topics, normal in Por-
tuguese with 15 topics, total in Portuguese with 20 topics.

Figure 4.2. BERTopic Coherence (UMass) Results

In Figure 4.2 Coherence was calculated by using UMass which the ideal value is 0.
These results cannot be considered good because the highest values are slightly over -8
which is still not close enough to the ideal value, 0. Comparing the models and the pre-
processing datasets it is clear, by evaluating by this metric, the simplest preprocessing
datasets, Simple and No preprocessing, are the ones preforming the best. The best pre-
forming topic setting is using only 5 topics. However, this is expected as the coherence
values decrease while the K (number of topics) increases [42]. The translated texts do not
have an impact when compared to the originals, and interestingly when using multilingual
sentence transformer, the Portuguese normal dataset has better results than the original
contrary to when using AlBERTina where the non-translated actually has better results.
Using UMass, Simple and No preprocessing datasets stand out from the rest mainly using
AlBERTina sentence-transformer.

Figure 4.3a shows that in this experiment, Normal preprocessing, original and trans-
lated, presents better results than the other datasets. It is also noticeable that the values
are higher using LDA instead of BERTopic in contrast to what would be expected given
the reduced size of the dataset. Moreover, coherence increases as the number of top-
ics increases, which may be questionable considering the limited number of documents.
This might mean that instead of trying to find larger themes, the model is splitting the
documents into overly specific topics. In doing so, although coherence increases, human
interpretability tends to decrease, particularly when working with such small datasets.

The results shown in Figure 4.3b are similar to the results of Figure 4.2, where the
simpler datasets perform noticeably better than the others. The coherence values are
slightly higher than the ones using BERTopic (close to -5), which is an improvement,
although it is still not enough to conclude that these are the best experiments.
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(a) LDA Coherence (CV) results

(b) LDA Coherence (UMass) results

Figure 4.3. LDA Coherence results

Overall, it is not possible to identify a combination, or even individual preprocessing
strategy, topic configuration, or model, that consistently produces the best results across
all scenarios. Coherence metrics point out the models struggle to achieve values that
can be considered satisfactory, which reflects the challenges of topic modeling on short
and sparse texts. While the Multilingual sentence-transformer generally performs slightly
better than the Portuguese model, the differences are not substantial, the translated
datasets present some advantage over the originals, although they are not clear in all tests.
LDA also has its problems because the human interpretability might decrease, while the
coherence increases. This reinforces that coherence alone is not a reliable metric to assess
topic quality in this context.

4.2. Perplexity

Perplexity is another way to evaluate the quality of topics generated in a given experi-
ment, since it measures the level of confidence of the model in its predictions. This metric
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is commonly used to evaluate classical models but is not well defined for masked language
models such as BERT. Therefore, it was computed only for the LDA experiments. Per-
plexity values are interpreted where lower scores indicate better performance and a more
generalized model.

Table 4.1 shows the results of perplexity for each LDA experiment, showing that
none of the experiments performed well in this metric. Since the lowest value, 773.41
with Simple preprocessing and 15 topics, remains considerably high. Furthermore, the
tendency for lower values to occur with 20 topics may indicate overfitting, similarly to
what was observed with Coherence.

Table 4.1. LDA Perplexity results

Preprocessing Number of Topics Perplexity

No Preprocessing

5 933.61
10 924.20
15 883.93
20 857.29

Simple
Preprocessing

5 835.69
10 816.41
15 773.41
20 777.30

Normal
Preprocessing

5 1518.00
10 1489.84
15 1393.07
20 1352.42

Portuguese
Normal
Preprocessing

5 1399.81
10 1399.50
15 1327.45
20 1290.81

Total
Preprocessing

5 1073.02
10 1087.42
15 1049.13
20 1015.87

Portuguese Total
Preprocessing

5 1064.54
10 1051.00
15 1030.45
20 973.82

4.3. Visualizing Topics

After using the most classical evaluation metrics and the difficulty of retrieving any con-
clusions on which experience yields the best results, it was decided to try to visualize the
topics as embeddings. This is, having the top 10 representative words of each topic, the
embeddings were calculated using "marquesafonso/albertina-sts" sentence-transformer,
then it was applied dimension reduction to project the data in two dimensions. The
purpose was to visualize the embeddings and try to evaluate the topics from that visual-
ization. This approach has problems, such as, the embedding of certain words can change
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depending on the context of the sentence where they appear, and here we are taking them
out of that context. Another problem of this approach would be the challenge of reduc-
ing the dimensionality of the embeddings, where there is always a loss of information.
However, this was still tested and two examples are shown in Figure 4.4.

(a) Simple Preprocessing with AlBERTina and
5 topics

(b) Portuguese Total Preprocessing with Mul-
tilingual and 10 topics

Figure 4.4. Embedding Visualization

The visualization of the figures from this experiment suggest that this method is not
effective for topic evaluation, as there is no clear separation between topics or cohesion
within each topic, with the exception of topic 9 in Figure 4.4b where all points are com-
pacted in the same area.

4.4. Shannon Entropy

The Shannon entropy was then used to evaluate the variance of a topic within an experi-
ment. Higher entropy indicates more diffuse topics that are harder to interpret, whereas
lower entropy reflects more specific and interpretable topics. In this case, the entropy will
vary between 0 and log2(x), with x the number of top words analyzed, in this case 10.
However, all results were close to the maximum entropy, which is not desirable.

4.5. Silhouette Score

The silhouette score [43] is used to assess how well clusters are separated. This metric
is not usually used to evaluate topic modeling, because even if the clusters (topics) are
well separated, the topics can be badly formed and not semantically related. However,
after trying the classic methods for evaluating topic modeling and not having success, we
tried to evaluate it with this clustering evaluation technique. The cosine distance was the
metric chosen to calculate silhouette score since the points are represented by vectors and
their angle play a bigger role than their length.

For BERTopic, the silhouette score was calculated using the embedding values of the
documents. Given the high dimensionality of embeddings, it is expected the resulting
scores are relatively low. Figures 4.5b and 4.5a present the silhouette score results, with
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the multilingual model with slightly higher results. However, as expected, generally the
results are quite low.

(a) BERTopic Multilingual Silhouette Score

(b) BERTopic AlBERTina Silhouette Score

Figure 4.5. BERTopic Silhouette Score by Sentence Transformer

Since LDA attributes probabilities of belonging to each topic, this means, it does not
attribute a single topic to a document. To compute silhouette score we need to attribute
each document to a single topic. To do this, the topic attributed to each document is
the most probable topic for each topic. So, documents from the same topic have nearly
identical probability vectors, on the other hand, documents from different topics are
almost orthogonal. Using cosine-similarity, this implies that the silhouette score will be
very close to 1 - which is the maximum value. In Figure 4.6 it is possible to see the values
of the silhouette score by preprocessing, and number of topics. As previously referred,
the values are close to 1 which is questionable, especially considering the results of other
metrics.
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Figure 4.6. Silhouette Score for LDA

4.6. Using Cosine-Similarity

Another way that was tested with the goal of evaluating the quality of the topics of
each experiment was by using cosine similarity with embeddings to evaluate both: the
similarity within the topic and the similarity between topics.

When evaluating the similarity within the topic, higher values are desirable, as they
indicate that the most relevant words are closely related. The process was to calculate the
cosine similarity between each pair of words within the same topic, and the average value
was used as the overall measure. This returns a value for each topic. The minimum and
maximum values of cosine similarity were also saved for comparison since the mean can
be too penalizing. Figure 4.7 illustrates a snip of the heatmap with these results when
using the BERT. The full version of the heatmap is provided in Figure A.2 for reference.
The graph shows that even though there are some topics with high cosine similarity, most
topics in each experiment have poor results.

Figure 4.7. Excerpt of the Cosine Similarity Heatmap

Contrary to the similarity within topic, when evaluating the similarity between topics,
the goal is to be as low as possible, since that would mean that the topics are well separated
from each other. To compute this, the mean of the embeddings of the top ten words of each
topic was taken, and now, assuming each mean embedding as a topic, the cosine similarity
between each topic was calculated, after this, for each experiment it was determined the
mean, the minimum and the maximum.
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This approach provides an oversimplified measure of the difference between topics,
primarily because averaging the embeddings consolidates all information into a single
vector, which can hide much of the original meaning. The results of this experiment
were higher than desired, ranging between 0.7 and 0.9, indicating poor topic separation,
although this result was expected considering the problems of this calculation.

It is important to note that, albeit none of the attempts to evaluate the quality
of the topics generated worked or achieved ideal results, this does not imply that the
models produced ‘bad’ topics or that they were unable to identify any topics. Instead,
the metrics used to evaluate those topics are not suited for evaluating the kind of data in
this experiment: tiny text and very limited records.

When evaluating tiny text and the kind of problems we have been facing, other authors
rely on human annotators to evaluate and define the best experiments. However, it would
be interesting if we could evaluate these challenging corpus quantitatively. With this
objective in mind, we have developed the measurement Singularity Score (SS) described
next (Section 4.7).

4.7. Singularity Score

Singularity Score arises to fill the existing challenges when evaluating tiny text such as
the ones we encounter in this work. The main goal of the SS is to emulate the behavior
of human annotators, since the ultimate objective of a topic modeling experiment is to
be the most interpretable to humans as possible.

The premise was to use the top N – we consider 10 to be the ideal value but it may
vary – significant words from each topic as a starting point. We consider a good set of
topics, the one in which the themes of one topic do not appear in the others, and each
topic is relatively specific to a subject.

Using the top N significant words of each topic, returned by the model, we count
the number of unique and non-unique words in a topic compared to the other topics in
the model and combine it with the fact that the topic has or does not have one or more
significant words. As the top words retrieved by a model are not repeated, we consider
the stem of those words. This means that our evaluation will focus on the words being in
the same family.

Let a topic model have N topics, and for each topic i:

• Significant Word, SW ∈ {0, 1}
• Count of Unique Words, UW ∈ [0, 10]

• Count of Non-Unique Words, NUW ∈ [0, 10]

Having a SW means that there is at least one stem repeated in the topic. UW is
the number of stems repeated in the topic and do not appear in any other topic. Lastly,
NUW is the number of stem repeated in the topic but appear in another topic.
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Topic uniqueness (tui) is measured for each topic, varies between 0 and 1 and evaluates
how unique a topic is. It rewards when the topic has significant words, has unique words,
and has low non-unique words. Topic uniqueness is given by Equation 4.1.

tui = wSWSWi + wUW
UWi

10
+ wNUW

(
1− NUWi

10

)
(4.1)

Where wSW + wUW + wNUW = 1

The w of each metric can be fine-tuned to accommodate different problems, and re-
ward one metric more than other depending on the context of the text data.

The topic uniqueness (TU) of the model can now be calculated by applying the average
of the tui of each topic in the model, it is given by Equation 4.2.

TU =
1

N

N∑

i=1

tui (4.2)

However, a simple average might overly penalize a few weak topics, even when most
topics have a high value of tu. In order to add weight to scenarios in which most topics
demonstrate greater uniqueness, a piecewise function f was created. Let ST be the
fraction of the Strong Topics, given by Equation 4.3, and θ the threshold of what it
means to be "strong" (we suggest values around 0.7).

ST =
number of topics with tu ≥ θ

N
(4.3)

Figure 4.8 is a general representation of the formula. When ST > 0.5 the SS increases
linearly depending on the β value.

Figure 4.8. SS plot representation, TU_model is the TU value of the
topic model, and the line represents the SS value depending on the ST
(the fraction of the strong topics)

The function f applied to ST , demonstrated by Equation 4.4, assigns a higher weight
to models in which more than half of the topics are strong (high values of tu). The β

magnitude of this weighting factor (β ∈ [0, 1]).

f(ST ) =




0 if ST ≤ 0.5

βST if ST > 0.5
(4.4)
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Finally, the SS is provided by the TU , and rewarded when most topics are strong, it
is given by Equation 4.5.

SS = TU(1 + f(ST )) (4.5)

4.7.1. Singularity Score Validation

To validate the SS, we decided to use topics from Incorporating Word Correlation Knowl-
edge into Topic Modeling [44], where four annotators evaluate the coherence, the authors
call it the Coherence Measure (CM) of the topics created. This measure represents the
percentage of relevant words to a topic within the "candidate words" that are the ten top
words from that topic. In this study, the authors are comparing the performance between
models to decide which offers better results. This is relevant to our validation because it
uses the top ten words and the annotators’ validation to rank the models.

The topics used for the calculation of the CM for the 20-newsgroups dataset, as de-
scribed in the reference [44] are presented in Figure 4.9 and the results (also as presented
in [44]) in Figure 4.10.

Figure 4.9. Topics of 20-newsgroups Dataset from Incorporating Word
Correlation Knowledge into Topic Modeling [44]
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Figure 4.10. CM (%) on 20-Newsgroups Dataset from Incorporating Word
Correlation Knowledge into Topic Modeling [44]

The results presented by the authors in the reference [44] can be observed in figures
4.11 and 4.12. Namely, the topics used for the calculation of the CM for the NIPS dataset
are presented in Figure 4.11 and the results in Figure 4.12.

Figure 4.11. Topics of 20-newsgroups Dataset from Incorporating Word
Correlation Knowledge into Topic Modeling [44]

Figure 4.12. CM (%) on NIPS Dataset from Incorporating Word Corre-
lation Knowledge into Topic Modeling [44]
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To calculate the SS for both datasets, the exact same values of weight (wSW =

0.2;wUW = 0.4;wNUW = 0.4), threshold (θ = 0.65) and relative bonus (β = 0.7) were
used, not only for these validations, but also for our topics, these results are available
in Subsection 4.7.2. The results of the SS validation are displayed in Table 4.2, for the
20-newsgroups dataset and in Table 4.3, for the NIPS dataset.

Table 4.2. Singularity Score
for 20-Newsgroups Dataset

Model Singularity Score
LDA 0.99125

DF-LDA 0.96075
Quad-LDA 0.96075
MRF-LDA 1.258

Table 4.3. Singularity Score
for NIPS Dataset

Model Singularity Score
LDA 0.47

DF-LDA 0.54
Quad-LDA 0.54
MRF-LDA 0.47

The results obtained through the 20-newsgroups dataset, are able to validate SS since
MRF-LDA is the model presenting the best score in both evaluations, CM (Figure 4.10)
and SS (Table 4.2). Although the results of the other models are not ranked equally, this
can be justified by the high values of standard deviation shown in Table 4.10. We are
also able to observe in Figure 4.9 that within each topic in each model, there are different
words with repeated stems, which is what SS relies on to evaluate each experiment.

When comparing the results of CM (Figure 4.12) and SS (Table 4.3) using the NIPS
dataset, it is possible to notice that SS fell short. In particular, SS failed to capture the
differences between models highlighted by the CM evaluation and was unable to identify
the best-performing model. This result can be explained by the scarcity of words with
the same stem, which, as previously mentioned, serves as the basis for SS computation.

The topics are considered good by the annotators because, although they lack words
with the same stem, they have something equally as important to evaluate the quality of
topics, semantic similarity among words.

Semantic similarity is not considered in the computation of SS, yet it can be as impor-
tant as stem similarity. To address this limitation, we propose that the next iteration of
the SS incorporates the calculation of semantic similarity using embeddings or even the
usage of PyDictionary 1 library to check if any of the top ten words are synonyms.

4.7.2. Employ Singularity Score

To calculate the SS, the first step is to attribute the weight to retrieve tu. We have decided
to give them the following values wSW = 0.2;wUW = 0.4;wNUW = 0.4. Subsequently, to
decide the threshold (θ), we tested with 0.55, 0.6, 0.65, and 0.7 and decided to go with
θ = 0.65 and the relative bonus β = 0.7. In Tables 4.4 and 4.5 we present the results of
this metric.

Next, in Table 4.6 it is displayed the top 10 words of the best and worst preforming
experiences evaluated with SS. The experiment with a higher SS is obtained by using
1https://pypi.org/project/PyDictionary/
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Table 4.4. Singularity Score using LDA

Preprocessing Number of Topics Singularity Score

No Preprocessing

5 0.4
10 0.424
15 0.4187
20 0.442

Simple Preprocessing

5 0.4
10 0.464
15 0.456
20 0.426

Normal Preprocessing

5 0.512
10 0.472
15 0.4827
20 0.446

Portuguese Normal Preprocessing

5 0.472
10 0.508
15 0.464
20 0.458

Total Preprocessing

5 0.512
10 0.424
15 0.456
20 0.438

Portuguese Total Preprocessing

5 0.52
10 0.436
15 0.4347
20 0.44

the Portuguese dataset with normal preprocessing, BERTopic model, the Multilingual
sentence-transformer and retrieving 10 topics, with SS of 0.942 (Table 4.5). As it is
possible to observe by the top 10 words of each topic, the topics are coherent and specific.

In this, best result, the Topic 0 addresses the lack of knowledge and the challenges
associated with transmitting information. Topic 1 focuses on public participation and
involvement in policy-making. Topic 2 is about the scientific community. Topic 3 high-
lights communication barriers, Topic 4 reveals suggestions such as building networks to
mediate researchers and politicians. Topic 5 is related to what constraints might lead to
a bad collaboration between science and politics. Topic 6 discusses economic priorities,
Topic 7 explores the intersection between science and policy. Topic 8 centers on media
and communication channels, and finally, Topic 9 emphasizes language accessibility with
the goal of making scientific communication more understandable (Table 4.6).

When examining these topics, it becomes evident that, although some thematic over-
lapping exists, for example, between Topic 2 and 7, where it is unclear whether the focus
is on problems or solutions, the majority of topics are clear and coherent. Furthermore,
since the data are retrieved from workshops specifically focused on the relationship be-
tween science and public policy, it is expected that similar themes would naturally recur
across multiple topics.

35



Table 4.5. Singularity Score using BERTopic

Model Preprocessing Number of Topics Singularity Score

AlBERTina

No Preprocessing

5 0.560
10 0.556
15 0.523
20 0.514

Simple Preprocessing

5 0.560
10 0.544
15 0.515
20 0.532

Normal Preprocessing

5 0.807
10 0.852
15 0.549
20 0.536

Portuguese Normal Preprocessing

5 0.807
10 0.936
15 0.563
20 0.540

Total Preprocessing

5 0.807
10 0.484
15 0.456
20 0.470

Portuguese Total Preprocessing

5 0.512
10 0.512
15 0.456
20 0.444

Default

No Preprocessing

5 0.616
10 0.560
15 0.565
20 0.572

Simple Preprocessing

5 0.616
10 0.616
15 0.552
20 0.828

Normal Preprocessing

5 0.863
10 0.584
15 0.581
20 0.842

Portuguese Normal Preprocessing

5 0.552
10 0.942
15 0.871
20 0.602

Total Preprocessing

5 0.512
10 0.504
15 0.507
20 0.480

Portuguese Total Preprocessing

5 0.528
10 0.536
15 0.493
20 0.490
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Table 4.6. Top 10 topic words of the experiment with higher SS (0.936) -
"Portuguese Normal" dataset, BERTopic model with Multilingual sentence-
transformer and 10 topics

Topic 0 Topic 1 Topic 2 Topic 3 Topic 4
falta eventos ciência comunicação stakeholders

conhecimento decisores científica mensagem atores
prazo policy investigação canais dados

resultados pública científico comunicar criar
informação públicas cientistas dificuldade redes

longo políticas investigadores discurso mapear
interesses briefs comunicação falta investigação

criar público sociedade contacto academia
complexidade participar conhecimento forma integrar

problemas participação falta mensagens brokers

Topic 5 Topic 6 Topic 7 Topic 8 Topic 9
políticos económicos política media linguagem
agenda prioridades ciência sociais linguagens
política económicas políticos redes acessível
políticas dinheiro investigadores social diferentes
político financiamento políticas meios técnica
decisores social cientistas mediática pouco
interesses objetivos político marketing mesma
agendas interesses de comunicação simples
interesse benefícios decisores jornalistas comum

falta económica científicos imprensa públicos

On the other hand, there were two experiments with the lowest SS, both used the
same model, LDA and number of topics generated, 5, with 0.4 of SS. The topics retrieved
from the experiment with the no preprocessing dataset is shown in Table 4.7, and the
one with the simple preprocessing dataset in Table 4.8. Analyzing Table 4.7 it is possible
to understand that the topics are filled with punctuation and stop-words which does not
convey any meaningful information. Topics are filled with noise due to the nature of
dataset where no kind of preprocessing was applied. It is understandable that these are a
really bad group of topics and it is impossible to take out any relevant information about
the data.

Observing Table 4.8, and comparing with the previous experiment (Table 4.7), it is
possible to conclude that the topics are better and with less noise. However, it is still
hard to interpret the themes of each topic, since they are too noisy and their top words
are mainly stop-words. Topic 0 could vaguely refer to communication/ language. Topic
1 has only two meaningful words: policies and communication, and they are not related
enough to understand what the topic refers to. Topic 2, is slightly more interpretable,
where the theme is the science-policy relation and its decision-making. Topic 3, seems to
repeat the same theme of science-policy relations, yet those are the only two meaningful
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Table 4.7. Top 10 topic words of the experiment with lowest SS (0.4) -
"No Preprocessing" dataset, LDA model and 5 topics

Topic 0 Topic 1 Topic 2 Topic 3 Topic 4
de e a de de
; Linguagem de ( ,

Comunicação com e ) comunicação
a a da “ e
” os ( ” ;

em na ) a a
) científica ciência para )
( stakeholders para com (
“ não política e os

com sociedade o os Falta

Table 4.8. Top 10 topic words of the experiment with lowest SS (0.4) -
"Simple" dataset, LDA model and 5 topics

Topic 0 Topic 1 Topic 2 Topic 3 Topic 4
de de a a de

linguagem a criar de comunicação
a e os ciência e
e com de o falta

com políticas decisores e da
não comunicação para para políticos
do o com da ciência

redes os dos do dos
pouco não investigadores política na
criar para políticos é em

tokens. Finally, Topic 4, the cleanest one, is about the lack of communication between
science and policymakers.

4.8. Topic Modeling with Large Language Model (LLM)

Beyond the traditional topic modeling techniques tested, such as LDA and BERTopic, less
traditional but already really relevant, it was considered worthwhile to investigate how a
Large Language Model LLM performs on typical NLP tasks, including topic modeling.

To do this, Google’s Gemini API was used to group the textual suggestions into topics,
give a possible title to that topic and show the top 10 significant words present in the
documents that belong to that topic. The following text block includes the prompt used
to retrieve the topics.

Below is a description of a text classification task, and some sug-

gestions in Portuguese. Your task is to group the suggestions into dif-

ferent topics based on their meaning.

Instructions:
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– Each suggestion should appear in only one topic.

– Make as many groups as needed, based on the natural topics in the sug-

gestions.

– For each topic, provide:

- A possible title in English that summarizes the topic.

- The top 10 significant words in Portuguese, drawn from the sugges-

tions in that topic (words should reflect their importance or fre-

quency within the topic, similar to TF-IDF weighting, but do not limit

yourself strictly to a formula).

You’ll be provided with the suggestions to group, each delimited by

quotes: ‘suggestion1’, ‘suggestion2’, ....

Texts: {texts}

Two different models were used with the same prompt: Gemini 2.5 Pro 2 and Gemini
2.5 Flash 3. The models returned a different number of topics, eight and seven topics,
respectively. The names given to each one of the topics and the respective most important
words are shown in Table 4.9 for the Gemini 2.5 Pro model and in Table 4.10 for the
Gemini 2.5 Flash model.

By analyzing and comparing the tables, it is possible to identify many similarities
between both results, the topics 1.1, 1.3 and 1.6 (Table 4.9) are identical to topics 2.1,
2.4 and 2.6 (Table 4.10), respectively.

When looking at the topics generated by both models, it can be observed that the
topics are coherent, and the words are thematically related both to the overall subject
and to each other within their topic. However, the last topic produced by the Gemini 2.5
Pro model appears weaker, as only three or four words meaningfully contribute to under-
standing the theme, while the remaining can be considered noisy due to their recurrence
in multiple other topics. Therefore, Gemini 2.5 Flash appears to have performed better
in this task. This conclusion is based only on qualitative observation of the topics and
their top words, without the support of any quantitative metrics.

The increasing use of LLM to perform this type of task further reinforces the need
of a metric that is able to evaluate quantitatively topics based on top words, with the
ultimate goal of comparing models and selecting the most appropriate one for the task at
hand. Although it was anticipated that the SS would not yield optimal results (given the
characteristics of the words and the model, which tends not to produce multiple words
from the same family due to their similar meanings), the SS was still tested on the topics
generated by the Gemini models. Table 4.11 presents the SS results for both models. As
previously noted, the results were not ideal, although Gemini 2.5 Flash retrieved a slightly
better result, consistent with the qualitative observation.

2https://ai.google.dev/gemini-api/docs/models?hl=en#gemini-2.5-pro
3https://ai.google.dev/gemini-api/docs/models?hl=en#gemini-2.5-flash
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Table 4.9. Top 10 topic words and titles of the model "Gemini 2.5 Pro"

Topic 1.1 Topic 1.2 Topic 1.3 Topic 1.4
Communication
and Language

Barriers

Complexity and
Nature of Scientific

Knowledge

Disconnect
Between Science

and Policy/Society

Political,
Economic, and

Ideological
Barriers

comunicação complexidade ciência políticos
linguagem informação sociedade interesses
mensagem conhecimento realidade agenda
cientistas científico academia económicos

clara resultados falta decisores
técnica específica integração política

dificuldade difícil problemas vontade
acessível conteúdo políticas falta
discurso teóricos desconexão poder

falar dados investigadores conflito

Topic 1.5 Topic 1.6 Topic 1.7 Topic 1.8
Divergent

Timelines and
Priorities

Solutions:
Strategic

Communication
and Dissemination

Solutions:
Building Bridges

and Fostering
Collaboration

Solutions:
Capacity Building
and Institutional

Reform
tempo comunicação criar formação
prazo mensagem diálogo capacitação
ciclo policy espaços criar

político briefs parcerias políticos
curto linguagem encontros cientistas
longo divulgação stakeholders investigadores

horizonte estratégia fóruns políticas
prioridades adaptar redes mecanismos

agenda simplificar participação brokers
resultados apresentar eventos avaliação

4.9. Discussion

The goal in Chapter 4 was to achieve a quantitative evaluation of the experiments made
and, consequently, try to find the combination of preprocessing steps, number of topics
generated, and model able to retrieve the most interpretable set of topics as possible.

After all the tests made to evaluate the quality of the topics yielded by each exper-
iment, it becomes clear that this task is not as simple as it could seem since the more
classical evaluation measures used were not clear or, even, informative at all. However, it
is still possible to gain some knowledge from the results obtained.

Although the classical evaluation measures usually used for topic modeling show that
LDA gains an advantage over BERTopic, in reality, both the human appreciation described
in Section 3.4 and the SS proposed and calculated in Section 4.7.2 portray experiments
using BERTopic are generally more interpretable and coherent.

BERTopic presents this advantage due to the characteristics of our data, composed
with tiny texts and a limited number of documents, its own architecture better suited to
capture contextual and semantic relationships within small datasets and the existence of
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Table 4.10. Top 10 topic words and titles of the model "Gemini 2.5 Flash"

Topic 2.1 Topic 2.2 Topic 2.3 Topic 2.4
Communication

Barriers and
Clarity

Relevance and
Applicability

Gaps

Political and
Economic Drivers

Lack of
Interaction and

Knowledge
Gaps

linguagem ciência políticos falta
comunicação realidade interesses conhecimento
complexidade objetivos política decisores
dificuldade relevância agenda ciência
científica problemas económicos políticos
técnica aplicação conflito interação
clareza necessidades vontade litercia

informação investigação prioridades desconhecimento
simplificar desconexão curto sensibilidade
mensagem contexto lobbies confiança

Topic 2.5 Topic 2.6 Topic 2.7
Resource and Time

Constraints
Engagement Strategies

& Communication
Tools

Institutional
Mechanisms &
Collaboration

financiamento comunicação criar
tempo estratégia decisores
falta policy cientistas

recursos briefs criação
custo media stakeholders

dinheiro eventos políticos
verbas mensagem espaços

orçamento adaptar integração
burocracia formação articulação
económicas divulgação mecanismos

Table 4.11. SS results for topics generated by "Gemini 2.5 Pro" and
"Gemini 2.5 Flash"

Model Singularity Score
Gemini 2.5 Pro 0.43

Gemini 2.5 Flash 0.48

Topic -1, which groups documents that do not clearly belong to any specific topic, as it
helps prevent noise from affecting the coherence of the remaining topics. This means that
even with the least preprocessed datasets, BERTopic preforms significantly better, when
comparing SS results (Table 4.5 and Table 4.4).

Additionally, it is possible to conclude that the ideal number of topics for our data set
lays between 5 and 10 since those are the experiments showing better results. Furthermore,
it is not clear what the best preprocessing for the data is, albeit it seems to be between
normal and normal translated since those experiments are the ones that are free of stop-
words and use no lemmatization, which is valuable to BERTopic.
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Finally, it is important to note that the LLM tested not only produced coherent
and well-separated topics, but also generated meaningful labels for them, demonstrating
potential for automating part of the topic modeling process, such as the creation of topic
labels.
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CHAPTER 5

Conclusions

This study focused on the text mining task, topic modeling, the data were tiny texts
retrieved by PLANAPP’s workshops, an initiative designed to bridge the gap between
science and public policy. The main goal of this dissertation was to extract topics from
these suggestions about public policies in Portuguese, as stated in RQ1. The litera-
ture review supported the decisions made throughout this work, particularly regarding
the selection of topic modeling techniques. Although no studies were found with the
exact same objective, related work dealing with non-English texts, short text data, or
suggestion-based corpora provided valuable insights and reinforced the feasibility of this
research. The objective was achieved, relevant and coherent topics were extracted, despite
the inherent challenges associated with tiny textual data. Thus, it is possible to conclude
that topic modeling techniques can be effectively applied to very short texts to extract
meaningful insights, serving as a proof of concept for their applicability in this context.

In this study, we used two topic modeling techniques, LDA and BERTopic. With
BERTopic, two different sentence-transformers, Multilingual and Portuguese pretrained,
AlBERTina, were tested. Six datasets, each subjected to different preprocessing steps,
were also utilized. In response to RQ2, which aimed to identify the most suitable mod-
eling technique for our data, the results showed that, although the classical evaluation
metrics tended to favor LDA, the topics generated by BERTopic were overall more coher-
ent. However, the optimal sentence-transformer is not clear since its performance varied
depending on the dataset.

The work in this research is characterized by an extensive number of experiments
and, most importantly, by the difficulty of objectively evaluating the resulting topics.
Throughout the study, several quantitative measures were used to evaluate the quality of
the topics created, but none yielded results that we considered sufficiently robust. This
limitation motivated the creation of the Singularity Score (SS), Section 4.7, an automated
approach designed to approximate human evaluation and improve the assessment of topic
coherence in tiny text scenarios.
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5.1. Limitations and Future Work

Despite the successful extraction of coherent topics and the development of a new evalu-
ation metric, this research presents several limitations. The main limitation concerns the
data characteristics. Since the data were written in post-it notes, they are extremely short
and limited in number, which restricts the representativeness of the corpus. In addition,
the data being mainly in Portuguese but containing some records and technical words in
English also presented a limitation of this work.

Another major limitation, closely related to the nature of the data, was the difficulty to
evaluate the generated topics, as most metrics are not designed for tiny text. Therefore,
SS was proposed, but it has limitations of its own. SS does not have an upper limit,
meaning its values must be compared across experiments with the same data to retrieve
valuable information. Furthermore, SS exclusively focus on words belonging to the same
morphological family (words with the same stem). As a result, coherent and specific
topics composed of synonyms or semantically related words may be incorrectly penalized.

Future work will therefore focus primarily on enhancing the SS. One direction involves
integrating word embeddings or lexical databases to capture semantic similarity between
words, allowing the metric to recognize coherent topics beyond morphological relations.
This improvement could also mitigate another limitation of SS since it does not work for
multilingual texts. Because stemmers are language-specific and word roots often differ
across languages, the use of embeddings, and possibly multilingual embeddings, would
make the metric more flexible and applicable to multilingual corpora. Lastly, future work
should also involve further testing of SS in other datasets and languages and its validation
with the help of annotators.

In summary, future research should focus on improving SS to make it a more robust and
semantically informed evaluation metric. Such improvements would represent a valuable
contribution to topic modeling, particularly when applied to tiny texts.
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5.2. Scientific Contributions

This dissertation provides several contributions to topic modeling and, particularly, to
tiny and Portuguese textual data. It presents an experimental study where two topic
modeling techniques, LDA and BERTopic, and analyzes the strengths and weaknesses of
both classical and transformer-based models, especially when applied to tiny texts. It
also explores the use of an LLM to perform traditional text mining tasks, in this case,
topic modeling.

Furthermore, Singularity Score (SS) is also introduced, a metric designed to mimic
the behavior of annotators, enable the evaluation of the resulting topics regardless of
record length. This is an important step toward automating and quantifying topic quality
assessment.

In addition to these methodological and experimental contributions, a scientific poster
and an extended abstract were also produced and presented for the RECPAD 2025 (the
annual Portuguese Conference on Pattern Recognition) 1. The referred works are in
Appendix B.

Finally, this study highlights the relevance and practical applications of topic model-
ing and it contributes to the broader goal of bridging the gap between science and public
policy. Insights derived from the generated topics can help both parties identify weak-
nesses and pursue greater collaboration toward a more integrated and effective exchange
of knowledge.

1https://sites.google.com/view/recpad2025/home?authuser=0
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APPENDIX A

Complementary visualizations

Figure A.1. Gantt Diagram of the thesis work
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Figure A.2. Full heatmap of mean cosine-similarity between embeddings
belonging to the same topic
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Abstract

Topic modeling is a challenging task on its own, and when the text be-
ing analyzed is very short, the challenge increases significantly, as there
are no reliable metrics to evaluate the quality of the generated topics. In
this study, several experiments are conducted using different preprocess-
ing methods and various topic modeling techniques to determine which
approach produces the best results. The singularity score is also proposed
as a metric to evaluate the quality of the topics created.

1 Introduction

Topic modeling is particularly relevant within the world of data min-
ing and text mining to recognize patterns and extract themes from user-
reported issues. The data used in this experiment were retrieved from
"PLANAPP - Centro de Planeamento e Avaliação de Políticas Públicas" 1

(Center for Planning and Evaluation of Public Policies) workshops, whose
objective is to support the development of evidence-informed policies and
raise scientific awareness of this need. During the workshops, using post-
it notes, participants wrote challenges and possible solutions to bridge
the gap between science and policy, which PLANAPP then analyses and
determines what are the main challenges or the main expected solutions.
This entity needs an automated system able to determine the main topics
derived from the workshops, i.e., it needs a topic modeling tool.

1.1 Topic Modeling: Methods and Challenges

When applying topic modeling, several factors must be considered. It
is essential to account for the specificities of the data, as these may have
significant implications for preprocessing and modeling. One of the issues
here comes from having a two-language corpus (Portuguese and English),
but two stand out: translating the documents written in the language with
the least occurrences to the second, or employing a model specifically
designed for multilingual settings such as BERTopic multilingual.

Survey responses can also be a challenge to topic modeling due to
their informal style and short length, which means that they may not con-
tain enough meaningful words [4]. The authors of [2, 3] chose to simply
avoid the problem by removing documents with fewer words than a cer-
tain minimum. Others chose to apply models more appropriate to this text
length, such as Biterm Topic Model [7], ST-LDA, Latent Dirichlet Allo-
cation [1] and BERTopic [5]. Figure 1 shows the evolution of the topic
modeling techniques applied in 18 documents that were analyzed. It is
noticeable that the use of BERTopic has grown in recent years, although
there is still a prevalence of classic methods such as LDA.

Figure 1: Topic Modeling Method used by Year

1https://www.planapp.gov.pt

2 Development

2.1 Methodology

After understanding the data, the next step was data preparation, then
modeling, and finally evaluation of the results. These steps are iterative,
that is, the modeling process does not exclude returning to the data prepa-
ration stage and the same goes for evaluation.

2.2 Data Understanding and Preparation

The data is composed of tiny phrases extracted from workshop post-its
written in two languages, Portuguese and English, shows multiple abbre-
viations, is divided into six different Excel sheets and it is unlabeled. The
data were collapsed into a single corpus, having a total of 1810 docu-
ments, and normalized afterwards by creating a dictionary which mapped
abbreviations to their corresponding full words. To address the presence
of technical words in English, their Portuguese translation was also incor-
porated into the dictionary.

Six data sets were created. The first involved only tokenization with
no additional preprocessing steps involved, it had a 5.88 words per docu-
ment on average. The second had simple preprocessing, where the punc-
tuation and numbers were removed, the abbreviation dictionary was ap-
plied and all words were converted to lowercase, 5.89 words per document
on average. The third used normal preprocessing which extended simple
preprocessing by also removing stop words, 4.08 words per document on
average. The fourth is a variant of this dataset and it was produced by
translating the documents in English to Portuguese, having on average
4.12 words per document. The fifth and sixth employed total preprocess-
ing - original and translated, adding lemmatization to the normal prepro-
cessing, with a translated version of this dataset also being generated,
having 4.08 and 4.13 average words per document, respectively.

2.3 Modeling

The first step implies deciding the number of topics that the model should
create. This usually can be achieved by using the Elbow method [6].
An attempt was made to estimate the optimal number of topics using the
elbow method, by calculating inertia and silhouette scores for 3 to 35
topics. Although these are classic methods and they usually work, as the
average number of words in each document is less than 6, and there are
only 1810 documents, these metrics usually perform worse in shorter text.
As no secure conclusion could be drawn from the results, the decision was
to test with 5, 10, 15, and 20 topics for each experiment.

In the modeling step itself, besides a Gemini request that works as a
baseline, two methods were tested: the classic LDA and BERTopic with
two different sentence transformers AlBERTina and Multilingual. There-
fore, a total of 72 experiments were performed.

2.4 Evaluation

The objective is to determine which of the combinations performs best.
Specifically, the aim is to ensure that the documents within the topic are
sufficiently similar to belong together while, at the same time, are dis-
tinct enough from documents in other topics so that the topics are well
separated and unambiguous.

Classic methods, such as Coherence and Perplexity are used to eval-
uate the quality of the topics created. Although coherence values above
0.8 are typically considered indicative of good results, none of the exper-
iments reached values greater than 0.43. Like Coherence, Perplexity val-
ues were not ideal to conclude on which experiment provided the best top-
ics. This outcome can be explained by the sparsity of the data, since such
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experiments are usually performed with larger datasets and with longer
documents than those used in this study.

Since the classical methods did not yield conclusive results, alterna-
tive approaches were explored, including: the application of the Tsallis
and Rényi entropies, the calculation of the Silhouette Score based on em-
beddings of the representative words of each topic, and the computation
of the mean cosine similarity of those same embeddings. However, it still
was not possible to reach definitive conclusions.

It is important to note that these metric results do not necessarily im-
ply the topics are poorly formed or the models are incapable of identifying
them. Rather, they indicate that the metrics themselves are not well suited
to the type of data used in this study. Consequently, to determine which
experiment produces better topics, it is common practice to rely on human
annotators to visually assess whether the results are coherent. Although
human annotation is a common practice, it is interesting to explore a quan-
titative approach to reliably evaluate topics, even when these are derived
from texts that are typically more challenging. With this need in mind,
we have developed the Singularity Score described next.

Singularity Score

The premise of Singularity Score is to assess the quality of topics based
on the top 10 most significant words in each, thus using the top 10 word
stems (word roots) as a starting point. Assuming the model has N topics
and for each topic i, Significant Word, SW ∈ {0,1}, Count of Unique
Words, UW ∈ [0,10] and Count of Non-Unique Words, NUW ∈ [0,10]

If at least one stem appears more than once in the same topic (SW)
the score is increased. Then the within-topic consistency is evaluated: if
the SW is unique to the topic (UW), this means that it is not repeated in
another topic and the score increases. If, on the other hand, the SW is
repeated in another topic (NUW), the score decreases. This calculation
is called Topic Uniqueness (tui) and is calculated for every topic in the
experience using the equation 1.

tui =wSW SWi+wUW
UWi

10
+wNUW

(
1− NUWi

10

)
,wSW +wUW +wNUW = 1

(1)
To get the TU of an experiment, the average of the values for each topic is
used. However, this approach may be excessively punitive since, even
when the majority of topics demonstrate high quality, the presence of
a small number of weaker topics can substantially reduce the average.
Therefore, a reward was placed on experiments that produced a signifi-
cant proportion of well-performing topics (θ ). ST is the fraction of Strong
Topics given by equation 2. Then, equation 3, applied to ST , rewards
models that have more than half of the topics with strong topics (high val-
ues of tu). The β value is the relative bonus (β ∈ [0,1]). Singularity Score
is determined after rewarding TU, presented in equation 4.

ST =
number of topics with tu ≥ θ

N
(2)

f (ST ) =

{
0 if ST ≤ 0.5
βST if ST > 0.5

(3)

SS = TU(1+ST ) (4)

2.5 Results

Figure 2 shows the topics of the best scoring experience using Singu-
larity Score, which was the translated text using normal preprocessing,
AlBERTina sentence-transformer, and 5 topics. As can be observed, each
topic has a specific theme: Topic 1 is about Language and Communica-
tion, Topic 2 is related to Politics, Topic 3 reveals Research and Projects,
Topic 4 is about Goals and Deadlines, and Topic 5 Science, Politics, and
Gaps in knowledge transfer.

3 Conclusions and Future Work

This study brings out the challenges issuing when addressing Topic Mod-
eling for handling extremely short text, where applying traditional metrics
prove to be insufficient. To address this limitation, the Singularity Score
metric was introduced (Subsection 2.4). Our experimentation provided
evidence that this is an effective measure for topic relevance.

Figure 2: Word Clouds of an Experiment with SS of 0.998

Future work will focus on validating Singularity Score with classical
datasets to address whether its performance remains consistent. In addi-
tion, exploration will be conducted on the weights assigned to the metric.

This work was partially supported by Fundação para a Ciência e
a Tecnologia, I.P. (FCT) [Project 2024.07395.IACDC][ISTAR Projects:
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