
Journal of Information and Data Management, 2025, 16:1, doi: 10.5753/jidm.2025.4344
 This work is licensed under a Creative Commons Attribution 4.0 International License.

Evaluating Preprocessing and Textual Representation on
Brazilian Public Bidding Document Classification
Michele A. Brandão [ Instituto Federal de Minas Gerais | michele.brandao@ifmg.edu.br ]
Mariana O. Silva [ Universidade Federal de Minas Gerais | mariana.santos@dcc.ufmg.br ]
Gabriel P. Oliveira [ Universidade Federal de Minas Gerais | gabrielpoliveira@dcc.ufmg.br ]
Anisio Lacerda [ Universidade Federal de Minas Gerais | anisio@dcc.ufmg.br ]
Gisele L. Pappa [ Universidade Federal de Minas Gerais | glpappa@dcc.ufmg.br ]

 Computer Science Department, Universidade Federal de Minas Gerais, Av. Antônio Carlos, 6627, Pampulha, Belo
Horizonte, MG, 31270-010, Brazil.

Received: 3 April 2024 • Published: 20 January 2025

In this paper, we tackle the task of classifying public bidding documents, which holds significant importance for
both public and private entities seeking precise insights into bidding processes. Our study evaluates the impact of
various preprocessing techniques and textual representation models, particularly word embeddings, on the accuracy
of document classification. Overall, our results reveal while preprocessing techniques have minimal influence
on classification outcomes, the choice of textual representation model significantly affects the representativeness
of document classes. Moreover, we perform a qualitative analysis of misclassification cases, providing valuable
insights into potential areas for improvement in document classification methodologies. Our findings underscore
the importance of selecting appropriate textual representation models to enhance the accuracy and efficiency of
document classification systems.
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1 Introduction
The widespread adoption of open government data policies
worldwide aims to enhance transparency and accountability
within public institutions. In Brazil, the Access to Informa-
tion Law (Law No. 12,527, of November 18, 2011)1 stands
as a pivotal democratic milestone, empowering society with
greater involvement in government actions. However, man-
aging this large volume of government data poses numerous
challenges, including the diversity and complexity of data
sources. The constant influx of new information highlights
the need to use automated approaches to deal with such data.
Among such challenges, classifying public bidding docu-

ments holds significant importance for both government en-
tities and private companies seeking accurate insights into
bidding processes, which are fundamental in Brazil’s pub-
lic administration. Bidding processes involve soliciting bids
from private companies to provide goods or services to the
government and are governed by strict regulations outlined in
laws such as the Public Bidding Law (Law No. 14,133/21).2
Bidding documents cover a range of materials, including

public notices, minutes, and contracts, which must be ac-
curately classified to ensure compliance with legal require-
ments and fair competition among bidders. However, man-
ual analysis of large volumes of data can be time-consuming
and subject to human error [Oliveira et al., 2022; P. Oliveira
et al., 2023]. Faced with such challenges, adopting classi-

1Access to Information Law: http://www.planalto.gov.br/
ccivil_03/_ato2011-2014/2011/lei/l12527.htm

2Public Bidding Law: https://www.planalto.gov.br/ccivil_
03/_ato2019-2022/2021/lei/l14133.htm

fication algorithms becomes increasingly important, stream-
lining the process while enhancing accuracy and scalability.
However, the efficacy of classification algorithms relies

heavily on the proficiency of preprocessing and text repre-
sentation. Preprocessing usually involves text standardiza-
tion and vocabulary reduction, optimizing data representa-
tion, and mitigating sparsity. In turn, text representation con-
verts text into a format suitable for classification algorithms,
typically numeric vectors. Both steps help algorithms cap-
ture complex nuances and contextual information within doc-
uments, thus improving classification accuracy.
The unstructured nature of textual data can make the clas-

sification task even more challenging, with common words,
technical jargon, and linguistic variations introducing am-
biguities and different interpretations. Consequently, em-
ploying sophisticated approaches such as neural networks
becomes imperative, as they can capture subtle nuances and
complex word relationships, thereby enhancing the efficacy
of document classification.
This paper evaluates the impact of different preprocess-

ing techniques and text representation models, specifically
word embeddings, on classifying public bidding documents
using artificial neural networks. This work extends the pa-
per presented on the 38th Brazilian Symposium onDatabases
[Brandão et al., 2023]. As a new contribution, we conduct a
qualitative analysis to investigate misclassification cases re-
sulting from the best experimental configuration. Our main
contributions are summarized as follows.

1. We present a detailed methodology for classifying bid-
ding documents, which can be easily adapted to other
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domains and classification tasks.
2. We propose a comprehensive evaluation of different pre-

processing techniques and text representation models to
classify public bidding documents.

3. We provide experimental results using real data, which
allow us to assess the performance of different classifi-
cation approaches in practical scenarios.

4. We perform a qualitative investigation into misclassifi-
cation cases, providing insights into potential areas of
improvement and further enhancing the classification.

The remainder of this paper is organized as follows. Sec-
tion 2 provides an overview of related work, highlighting ex-
isting literature on document classification and preprocess-
ing techniques. In Section 3, we delve into the methodology,
detailing the steps involved in preprocessing, text representa-
tion, and classification of public bidding documents. Section
4 presents our experimental evaluation, including the exper-
imental setup and results analysis. In Section 6, we discuss
the findings and implications of our study, including the qual-
itative analysis of misclassification cases. Finally, Section
7 concludes the paper, summarizing the main contributions
and suggesting avenues for future research in document clas-
sification and preprocessing techniques.

2 Related Work
Document classification in the legal domain poses significant
challenges due to the intricate vocabulary and technical ter-
minology found in legal texts, particularly in the Portuguese
language, where available datasets are limited [Bambroo and
Awasthi, 2021; Luz de Araujo et al., 2023]. In this section,
we discuss related work in two main contexts: the classifi-
cation of legal documents (Section 2.1) and the exploration
of preprocessing and text representation techniques for doc-
ument classification tasks (Section 2.2).

2.1 Legal Documents
Several initiatives in the literature aim to tackle the chal-
lenges of legal document classification [Martins and Silva,
2023]. For example, the VICTOR project [Luz de Araujo
et al., 2020] offers a labeled dataset of documents from
the Brazilian Supreme Court, supporting document classifi-
cation by type and multi-label classification tasks. LiPSet
[Silva et al., 2022, 2024], on the other hand, focuses on
public bidding documents from 16 municipalities in Minas
Gerais, Brazil, providing a structured dataset sourced from
municipal transparency portals.
Another notable contribution is presented by Lima et al.

[2020], who propose a new methodology for detecting fraud
in public procurements using recurrent neural networks. For
this purpose, the authors build a public procurement dataset
from documents published in the Brazilian Official Gazette.
In addition to the contribution of the new dataset, the pro-
posed classification model achieves competitive results re-
garding precision, recall and F1 metrics compared to other
state-of-the-art models, indicating the effectiveness of using
deep learning models for such a task.

Moreover, Aguiar et al. [2021] investigate different text
classification methods and different combinations of embed-
dings. Similarly, Coelho et al. [2022] tackle the classifica-
tion of moral damage values in legal opinions, employing
preprocessing techniques and word embeddings to train clas-
sification models. Their results indicate that models based
on word embeddings outperform baselines that use TF-IDF
to generate attributes.

2.2 Preprocessing and Text Representation
Numerous studies explore the effects of preprocessing and
text representation techniques on classification tasks. For
instance, Noguti et al. [2020] compare textual representa-
tion approaches for categorizing service descriptions by the
Prosecution Office of Paraná, Brazil. In turn, Muniz Belém
et al. [2023] investigate specialized preprocessing steps to
enhance named entity detection and relationship extraction.
Considering both representation and preprocessing im-

pacts, Albalawi et al. [2021] investigate the effects of pre-
processing on health-related Arabic texts, using different pre-
processing techniques and word embeddings. Their findings
reveal that only four of the 26 preprocessing techniques sig-
nificantly impact the performance of the evaluated classifier
models. Furthermore, the use of textual normalization tech-
niques specific to the language of the problem proved to be
more effective. Models based on deep learning achieved su-
perior results than traditional models, regardless of word em-
beddings and preprocessing configuration.
Similarly, Souza Júnior et al. [2022] assess different pre-

processing methodologies for topic modeling in Brazilian
Portuguese. They evaluate three document representation
models, including two novel proposals based on the Clu-
Words model adapted to Portuguese. While increasing pre-
processing complexity has a positive, albeit minor, impact
on TDF-IDF-based representation, the new proposals yield
significantly improved coherence metrics. When combined
with the preprocessing pipeline, these novel approaches
achieve results approximately nine times better than the base-
line model, representing the best performance reported in the
literature for Brazilian Portuguese datasets.
Overall, the related work highlights the importance of con-

sidering text preprocessing for natural language models and
the need to use specific techniques for textual representation
of each language to perform a target task. Building upon this
foundation, this work proposes a new approach that evaluates
various preprocessing methods combined with word embed-
ding models to classify public bidding documents in Brazil-
ian Portuguese. By expanding on a previous work [Brandão
et al., 2023], we incorporate a qualitative analysis of misclas-
sifications and address the complexities of classifying long,
unstructured texts in this domain.

3 Methodology
In this section, we present our methodology for classifying
bidding documents. All documents are sourced from LiPSet
[Silva et al., 2022, 2024], a dataset containing 9,083 manu-
ally labeled documents according to their type (e.g., notice,
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Figure 1. Methodology for public bidding document classification.

Table 1. Distribution of documents per meta-class and class.

Meta-class Class Documents %

Minutes

price registration 2200 24.2%
minutes of waiver 181 2.0%
face-to-face auction 160 1.8%
others 145 1.6%

Public Notice public notice 3589 39.5%

Homo./Adj. homologation/adjudication 408 4.5%

Others

others 1114 12.3%
contract 451 5.0%
notice 338 3.7%
amendment 211 2.3%
ratification 176 1.9%
erratum 110 1.2%

TOTAL 9083 100%

minutes, notice). Since the actual class of most documents
is present in the file title, the manual labeling process was
performed by checking the titles of each document.
Figure 1 presents the four main steps of the methodol-

ogy for classifying such bidding documents. From the raw
dataset, we start by defining our target classes in Section 3.1.
Then, Sections 3.2 and 3.3 detail the preprocessing and text
representation stages performed over the documents’ text.
Specifically, we evaluate four preprocessing approaches and
three distinct word embeddings in the classification task. Fi-
nally, Section 3.4 presents our LSTM classification model.

3.1 Class Definition
In its original version, LiPSet comprises 56 types of docu-
ments divided into four main meta-classes: minutes, pub-
lic notice, adjudication/homologation, and others. However,
some document types are very similar to each other (i.e.,
amendment and notice amendment), justifying the merging
of such types into more representative classes. Therefore, we
perform a new manual analysis of the documents by group-
ing similar documents. In short, such a process considers the
following criteria: the meta-class, as it allows an appropri-
ate separation of the documents; the number of documents
collected, as it is not feasible to train a classifier with few
documents representing it; and the importance of this docu-
ment in a bidding process.
Overall, the new manual analysis resulted in 12 classes of

bidding documents (Table 1). Following its hierarchical def-
inition, each class still belongs to a meta-class. In short, our
classes by meta-class are (i) Minutes: price registration, min-
utes of waiver, face-to-face auction, other minutes; (ii) Pub-
lic notice: public notice; (iii) Homologation/Adjudication:
homologation/adjudication; (iv) Others: contract, notice,
amendment, erratum, ratification, others. Next, we provide
a brief description of each class.

Price registration. Documents with prices, suppliers, sup-
ply conditions, and participating bodies, in accordance with

the provisions of the notice and the winning bid proposals.

Minutes of waiver. Documents from a purchase method in
which the use of bidding is not required (in accordance with
Law No. 14,133/2021).3

Face-to-face auction. Documents related to a bidding
modality realized in a public session, involving evaluating
proposals and bids to determine the classification and quali-
fication of the bidder offering the lowest price proposal.

Other minutes. Other types of minutes (e.g., cancellation
and judgment minutes).

Public notice. Documents with all the criteria for judging
a bid and its other information in complete form. It gener-
ally contains all the rules for the Public Administration to
purchase products or contract services.

Homologation/adjudication. Homologation is related to
the approval of the bidding procedure by the administrative
authority. Next, adjudication is the formal act in which the
Public Administration officially awards the contract to the
winning bidder and invites them to sign the agreement.

Contract. It represents the agreement between governmen-
tal bodies and individuals, wherein both parties commit to
forming a bond and outlining reciprocal obligations.

Notice. It serves as a promotional tool for the notice, pro-
viding essential details about the bidding process, including
information on the object, modality, evaluation criteria, date,
time, and venue of the public session, among others.

Amendment. Documents that add information to other al-
ready published documents (e.g., a document that adds new
conditions to public notices).

Erratum. Documents with corrections to already published
documents.

Ratfication. Similar to homologation, it is the act in which
the higher authority validates waiver and unenforceability.

Others. Other types of documents that do not belong to any
other class (e.g., orders and manuals).

3.2 Text Preprocessing
Preprocessing is a crucial initial phase in adequately repre-
senting documents, ensuring that the input data for classifi-
cation remains relevant and thorough. It typically involves
standardizing the text by removing accents and converting it
to lowercase, among other techniques. Additionally, reduc-
ing the vocabulary by identifying and eliminating irrelevant
terms, such as stopwords, can make the data less sparse and
easier for computational processing. Effectively using these

3Law No. 14,133/2021: https://www.planalto.gov.br/
ccivil_03/_ato2019-2022/2021/lei/l14133.htm

https://www.planalto.gov.br/ccivil_03/_ato2019-2022/2021/lei/l14133.htm
https://www.planalto.gov.br/ccivil_03/_ato2019-2022/2021/lei/l14133.htm


Evaluating Preprocessing and Textual Representation on Brazilian Public Bidding Document Classification Brandão et al. 2025

Lowercasing

Punctuation removal

Special characters removal

Stopwords removal

Numeral normalization

Nominal normalization

Lowercasing

Punctuation removal

Special characters removal

Stopwords removal

Lowercasing

Punctuation removal

Special characters removal

Lowercasing

Punctuation removal

Special characters removal

Stopwords removal

Numeral normalization

Nominal normalization

Lemmatization

base base+ base++ base+++

Figure 2. Overview of four preprocessing approaches.

preprocessing techniques can significantly improve the accu-
racy of automatically classifying bid documents.
This study evaluates four distinct preprocessing strategies,

as detailed in Figure 2. Each strategy comprises a set of
preprocessing techniques selected based on previous studies
[Noguti et al., 2020] and preliminary studies of public bid-
ding documents. The first strategy, labeled as base, con-
sists of three operations: lowercasing, punctuation removal
and special character removal. The subsequent three strate-
gies build upon the base, with base+ including an addi-
tional stopwords removal step, base++ including numeral
and nominal normalization steps, and base+++ also includ-
ing lemmatization. Each technique is described as follows.

Lowercasing. Converts all characters in the text to low-
ercase. Lowercasing is useful for reducing text variability,
ensuring that identical words are not treated differently due
to capitalization variations. It standardizes text data, mini-
mizing redundancy, especially where words can appear in
different cases (e.g., “ata” and “Ata”).

Punctuation removal. Removes all punctuation marks
from the text, including commas, periods, colons, semi-
colons, and others. Such a technique simplifies textual data
and decreases the number of unique words by discarding
punctuation marks with no meaningful context.

Special characters removal. Removes non-alphanumeric
characters from the text, such as hashtags, at signs, dollar
signs, and other symbols that are not letters or numbers. It
also simplifies text and reduces the number of unique words.

Stopwords removal. Removes common words from the
text, such as articles (e.g., “the”, “a”), prepositions (e.g., “in”,
“de”, “for”) and conjunctions (e.g., “and”, “or”). This tech-
nique aims to reduce noise in the data and improve the accu-
racy of subsequent analysis tasks by removing words that do
not convey meaningful meaning or context. Here, we use a
list of Brazilian Portuguese stopwords made available by the
NLTK library.4 Additionally, we remove city names from
each document to prevent location information from over-
loading the classification model and degrading performance.

Numeral normalization. Converts all numerals in the text
to a standard format. This may involve replacing digits with
corresponding words (e.g., “7” becomes “seven”) or replac-
ing all numeric values with a generic symbol (e.g., “1,000”
becomes if “NUM”). This technique aims to reduce the vari-
ability of text data and simplify subsequent analysis tasks

4NLTK: https://www.nltk.org/howto/portuguese_en.html#
stopwords

by treating all numeric values consistently. Here, following
[Noguti et al., 2020], we replace all numerals with zero.

Nominal normalization. Converts proper nouns in the text
to a standard format. The goal is to mitigate variations in
naming conventions, such as abbreviations, spelling errors,
or discrepancies. Normalizing these names can increase clas-
sification accuracy and ensure that relevant information is
correctly identified. We employ a dictionary containing com-
mon Brazilian proper names, mapping all names to the term
proper_name, following the Noguti et al. [2020] approach.

Lemmatization. Reduces words in the text to their base
or dictionary form, known as a lemma. This process iden-
tifies the root form of a word and maps all inflected forms
of that word to the same lemma (e.g., “walk”, “walked”,
“walking” map to “walk”). The purpose of lemmatization
is to reduce data variability and simplify subsequent parsing
tasks by treating all inflected forms of a word as a single
entity. Here, we use the spaCy library (for the Portuguese
language)5 to perform text lemmatization.

3.3 Text Representation
The next methodology step involves text representation,
transforming textual data into a format conducive to machine
learning algorithms. One widely adopted approach is word
embeddings [Wang et al., 2019]. Word embeddings encode
words into compact vector representations, capturing seman-
tic relationships between them. This enables algorithms to
understand the meaning and context of words in a docu-
ment. We evaluate three distinct word embedding models,
described as follows.

GloVe [Pennington et al., 2014]. Captures the relation-
ships between words based on their co-occurrence probabil-
ities across the entire corpus. It learns to map words into a
continuous vector space, where the distance between vectors
represents the semantic similarity betweenwords. GloVe em-
beddings excel in capturing both semantic and syntactic rela-
tionships, making them suitable for a wide range of natural
language processing tasks.

Word2Vec [Poetsch et al., 2019]. Operates on the princi-
ple of predicting the context of a word given its neighboring
words (Skip-gram) or predicting a word based on its context
(CBOW). Unlike GloVe, Word2Vec employs a neural net-
work architecture to learn word embeddings, enabling it to
capture nuanced semantic relationships between words. This

5spaCy: https://spacy.io/models/pt
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approach results in dense and contextually rich word repre-
sentations, making Word2Vec a versatile choice for various
natural language processing tasks.

Wang2Vec [Church, 2017]. Builds upon the architecture
of Word2Vec, but novel sampling strategy and its focus on
handling word boundaries in languages like Chinese more ef-
fectively. By sharing weights across different network parts,
Wang2Vec reduces the computational overhead of training
large-scale word embeddings.

3.4 Document Classification
In the domain of document classification, there exists a spec-
trum of algorithms, ranging from classical methods such as
Naive Bayes andDecision Trees tomore sophisticated neural
network-based approaches Coelho et al. [2022]; Noguti et al.
[2020]. While classical classifiers are often more straightfor-
ward, they may struggle to capture textual data’s complex
nuances and contextual information. Conversely, neural net-
works, particularly Long Short-Term Memory (LSTM) net-
works, excel in handling complex tasks such as classifying
bidding documents due to their ability to effectively model
sequential data and capture long-term dependencies.
LSTM networks, a subclass of recurrent neural networks,

have demonstrated effectiveness in natural language process-
ing tasks. Similar to other neural networks, LSTMs can in-
corporate multiple hidden layers. As data passes through
these layers, relevant information is retained while irrelevant
details are discarded in each cell. Consequently, LSTMs re-
tain and prioritize important and pertinent information, dis-
regarding irrelevant elements.
However, LSTM networks’ efficacy depends on the qual-

ity of preprocessing and text representation techniques, as
neural networks are sensitive to input data quality. There-
fore, evaluating different preprocessing and text representa-
tion strategies is critical when using LSTM networks to clas-
sify bidding documents. Such evaluation helps identify the
most effective techniques for the task at hand, thereby maxi-
mizing classification performance.

4 Experimental Setup
This section presents the technical details of the experimental
setup and evaluation. Despite the imbalance present between
the classes in our dataset (see Table 1), we do not perform any
balancing strategy to keep the experiment more aligned with
reality. For instance, public notices are more prevalent than
amendments, as each public bid must have a public notice,
whereas amendments are issued only when required.

In addition to the different preprocessing and text repre-
sentation approaches, we evaluate two stratified training-test
split strategies: (i) stratification by class and (ii) stratification
by class and city. We choose such strategies to evaluate how
stratification can impact bidding document classification per-
formance. We also apply cross-validation in both strategies
to ensure a robust assessment of the performance of the dif-
ferent setups. Next, we detail each strategy.

1. Stratification by class. Considers that classes of bidding

Table 2. Summary of the experimental setup.

Category Options

Preprocessing base | base+ | base++ | base+++
Word Embedding GloVe | Word2Vec | Wang2Vec
Stratification class | class and city
Cross-validation 5-fold
Classifier LSTM

documentsmay have different frequencies in the database,
and the split is done in such a way that the proportion of
each class is maintained in each fold;

2. Stratification by class and city. Considers that bidding
documents from the same city may present similar char-
acteristics, and, therefore, the split is made so that the pro-
portion of each class and city is maintained in each fold.

Therefore, we perform 24 experiments, one for each com-
bination of the two experimental configurations, four pre-
processing approaches, and three word embedding models.
Each experiment was run with a 5-fold cross-validation. We
do not use more folds due to the high processing time. Table
2 shows the summary of the experimental setup.

Word embedding models. The word embedding models
used in this work were sourced from NILC-Embeddings,6 a
repository dedicated to storing and sharing word embeddings
for the Portuguese language. This repository contains an ex-
tensive collection of vectors derived from a diverse range
of sources, capturing linguistic nuances across both Brazil-
ian and European Portuguese. As previously stated, we em-
ployed three distinct models for our experimentation: GloVe,
Word2Vec, and Wang2Vec. Each model generates word vec-
tors in varying dimensions, with options including CBOW
and Skip-Gram variations. In this work, we use GloVe,
Word2Vec, and Wang2Vec with 600 dimensions, leveraging
the Skip-Gram approach for our classification tasks.

LSTM Configuration. To build the classifier, we choose
an LSTM network architecture with three recurrence layers.
In addition, we add a dropout layer with 20% probability to
avoid overfitting. We train the model using the Adam opti-
mization technique, with an initial learning rate of 0.001 and
a decay rate of 1e-6. We set the number of training epochs
to 8 and the training batch size to 64.

Evaluation Metrics. To evaluate the experiments, we con-
sider two metrics: F1-Macro and F1-Weighted. The former
is the harmonic mean of the F1 scores for each class and
is useful for evaluating the model’s ability to handle imbal-
anced classes, whereas the latter is the harmonic mean of the
F1 scores weighted by the number of samples in each class
and is best suited for evaluating the overall accuracy of the
model across all classes. Suchmetrics are calculated for each
model evaluated in the public bidding dataset.

5 Experimental Results
This section presents the results obtained for the 24 experi-
ments performedwith LSTM, using a 5-fold cross-validation.

6NILC-Embeddings: http://nilc.icmc.usp.br/nilc/index.
php/repositorio-de-word-embeddings-do-nilc
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Table 3. Comparison of the 24 experimental configurations in classifying bidding documents using LSTM. The best result for each stratifi-
cation and metric is underlined.

Stratification by class Stratification by class and city

Preprocessing Word Embedding F1-Macro F1-Weighted F1-Macro F1-Weighted

base
Word2Vec 0.863 ± 0.203 0.955 ± 0.068 0.893 ± 0.064 0.971 ± 0.015
Wang2Vec 0.954 ± 0.003 0.984 ± 0.001 0.942 ± 0.044 0.983 ± 0.010

GloVe 0.950 ± 0.017 0.985 ± 0.004 0.908 ± 0.128 0.973 ± 0.031

base+
Word2Vec 0.957 ± 0.007 0.986 ± 0.002 0.953 ± 0.003 0.985 ± 0.002
Wang2Vec 0.960 ± 0.002 0.986 ± 0.001 0.964 ± 0.002 0.987 ± 0.002

GloVe 0.971 ± 0.012 0.989 ± 0.004 0.969 ± 0.005 0.989 ± 0.003

base++
Word2Vec 0.937 ± 0.016 0.981 ± 0.003 0.932 ± 0.009 0.977 ± 0.003
Wang2Vec 0.943 ± 0.016 0.981 ± 0.005 0.929 ± 0.045 0.976 ± 0.016

GloVe 0.960 ± 0.016 0.986 ± 0.005 0.954 ± 0.009 0.985 ± 0.004

base+++
Word2Vec 0.925 ± 0.037 0.979 ± 0.009 0.914 ± 0.041 0.976 ± 0.012
Wang2Vec 0.928 ± 0.024 0.977 ± 0.010 0.946 ± 0.022 0.983 ± 0.004

GloVe 0.939 ± 0.025 0.981 ± 0.009 0.963 ± 0.005 0.987 ± 0.001
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resulting from the paired Wilcoxon test.

In particular, Table 3 shows that the results are quite similar
for the different experimental combinations evaluated. The
best results for F1-Macro (0.971) and F1-Weighted (0.989)
were obtained for the experimental configuration with strat-
ification by class, base+ preprocessing, and text represen-
tation using the GloVe model. The worst results were ob-
tained for the experimental configuration with stratification
by class, base preprocessing, and text representation using
the Word2Vec model, achieving an F1-Macro of 0.863.
At first, no clear predominance is observed among the

various preprocessing techniques, as they yield varying re-
sults for each word embedding model. However, a notable
differentiation is evident between the representation mod-
els. The Word2Vec model consistently yields the worst per-
formance across all preprocessing configurations, showing
lower F1-Macro and F1-Weighted scores compared to GloVe
and Wang2Vec. Conversely, GloVe performs well across
most preprocessing variations, demonstrating robustness in
capturing semantic and syntactic relationships within the bid-
ding documents. Such findings highlight the importance of
choosing an appropriate word embedding model.
To assess whether there is a significant difference between

the experimental configurations, Figures 3a and 3b present,
respectively, the F1-Macro and F1-Weighted with Kruskal-
Wallis and Wilcoxon paired test for each experimental setup.
Both tests are non-parametric and are used to compare inde-

pendent samples. The Wilcoxon paired test allows compar-
ing just two samples, whereas the Kruskal-Wallis test allows
comparing three or more samples [Kim, 2014]. The analysis
of the p-value (p) of the Kruskal-Wallis test in Figures 3a and
3b reveals that it is not possible to reject the null hypothesis
that the medians of the F1-Macro and F1-Weighted of each
experiment are the same, as the p-value is greater than 0.05
(i.e., probability greater than 5%). Therefore, there is evi-
dence that the difference observed between the experiments
may be due to chance, meaning that there is no significant
difference between the experiments.
An exception is the comparison between the preprocess-

ing approaches using the Wang2Vec model with stratifica-
tion by class for the F1-Macro evaluation metric, with a p-
value of 0.033, that is, slightly less than 0.05. However, the
F1-Weighted metric for this experimental configuration has
a p-value of 0.09 (i.e., above the threshold). Therefore, we
also consider that there is no significant difference between
experiments with different preprocessing approaches in the
experimental configuration of both stratifications.
Regarding the pairedWilcoxon test results, all p-values are

greater than 0.05, indicating the absence of a significant dif-
ference between the experimental configurations when com-
pared two by two. This result reinforces the Kruskal-Wallis
test results, suggesting that the different combinations of pre-
processing and text representation evaluated do not signifi-
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Figure 4. Confusion matrix of the worst and best experimental configuration.

cantly affect the performance of the LSTM network in the
bidding document classification task.

From our knowledge of the problem, there are three pos-
sible reasons for explaining such results: (i) the nature of
bidding documents, which are long texts in Portuguese with
little standardization; (ii) the high number of classes that may
not be well represented by the collected documents; and (iii)
the usage of LSTM as our classification model, which, de-
spite storing information from sequences of long texts, has
limitations regarding the size of the input that the neural net-
work uses to predict the next output [Zhang et al., 2018].

To deepen the understanding of the results, Figure 4
presents two confusion matrices considering the 12 classes
defined for the classification of bidding documents. Fig-
ure 4a refers to the experiment with the lowest result for
the F1-Macro metric, i.e., experiment with stratification only
by class, base preprocessing, and text representation using
Word2Vec. The results show that the most difficult class to
classify is erratum, in which 20% of the documents are pre-
dicted as public notice and 14% as others. When comparing
with the confusion matrix in Figure 4b, resulting from the
experiment with the highest result for the F1-Macro metric
(stratification by class, base+ preprocessing and text repre-
sentation with GloVe), erratum is still one of the classes with
most errors, being mainly confused with public notice (8%).

Finally, the confusion matrix analysis indicates a problem
in the representation of the erratum and public notice classes,
as these are the classes in which the classifier makes the most
mistakes in the different experiments. We do not present the
confusion matrices for all 24 experiments due to space limi-
tations and because they are similar. Therefore, it is crucial
to better analyze how the texts are represented in the differ-
ent classes to better represent the bidding documents, which
is in line with the findings of Souza Júnior et al. [2022].

6 Qualitative Analysis

To delve into the misclassification cases resulting from the
best experimental configuration (base+, GloVe and stratifi-
cation by class), we perform a qualitative analysis focusing
on cases where the F1-Macro score falls below 95% (Fig-
ure 4). Specifically, we investigate the classes erratum and
other minutes, which achieved F1-Macros of 89% and 91%,
respectively. Both classes show the highest confusion rates,
indicating a possible overlap in their textual features.
As LSTMnetworks significantly rely on semantic and con-

textual information to achieve accurate classification, we in-
vestigate whether common terms between classes contribute
to misclassification. To do so, we plot word clouds to visu-
alize the most frequent terms within each document class, as
shown in Figure 5. Here, we remove terms with fewer than
three characters and numbers to ensure that the word clouds
focus on meaningful textual features.
Overall, most document classes present similar terms,

such as municipal (“municipal”), proposal (“proposta”),
bidder (“licitante”), public notice (“edital”), and city hall
(“prefeitura”). Such terms appear frequently across various
classes, suggesting common themes prevalent in bidding doc-
uments. Such consistency underscores the challenge of dis-
tinguishing between classes based solely on individual terms
and emphasizes the importance of capturing broader contex-
tual cues for accurate classification.
Regarding the most confused class, erratum, the word

clouds reveal notable overlaps with public notice and no-
tice classes. Both classes are the ones most frequently con-
fused with erratum by the classifier, particularly public no-
tice (8%). This is probably because most errata must be cor-
rections of public notices, as they share similar terms refer-
encingmunicipal proceedings, city hall announcements, pub-
lic notices, and procedural details. Thus, such similarity be-
tween errata and public notices may contribute to the classi-
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Figure 5. Word clouds of each document class.

Table 4. Top and bottom 10 similarities among pairs of classes
based on Jaccard similarity.

Top 10

Class 1 Class 2 Similarity

Amendment Contract 0.43
Erratum Public Notice 0.36
Public Notice Notice 0.35
Homologation Ratification 0.35
Erratum Notice 0.31
Erratum Contract 0.30
Price registration Contract 0.29
Minutes of waiver Face-to-face auction 0.26
Homologation Others 0.25
Erratum Others 0.24

Bottom 10

Class 1 Class 2 Similarity

Face-to-face auction Contract 0.11
Price registration Ratification 0.10
Price registration Face-to-face auction 0.10
Face-to-face auction Amendment 0.10
Public Notice Ratification 0.09
Price registration Minutes of waiver 0.09
Other minutes Ratification 0.09
Other minutes Amendment 0.09
Other minutes Contract 0.09
Ratification Face-to-face auction 0.09

fier’s difficulty distinguishing between these classes.
Another significant confusion is between the other min-

utes and minutes of waiver classes (6%). These two classes
show notable similarities in their word clouds, indicating
overlapping content. The most frequent common terms in-
clude value (“valor”), ltda, supplier (“fornecedor”), indicat-
ing that the documents classified as other minutes may share
characteristics with minutes of waiver documents. This sim-
ilarity in terms may imply inadequate labeling for minute-
related classes, contributing to ambiguity in classification
and subsequent misclassification.
We also compute the Jaccard similarity between pairs of

classes to enhance the qualitative analysis provided by the
word clouds. Such a measure quantifies the overlap between
classes by comparing the presence of the 100 most frequent

terms in each class. Table 4 lists the top and bottom 10 sim-
ilarities observed among pairs of classes. Notably, one of
the most similar pairs of classes is erratum and public notice,
indicating a significant overlap in their textual features.
However, while most pairs of similar classes correspond

to those frequently confused by the classifier, there are some
exceptions. For instance, the most similar pair of classes,
amendment and contract, did not show confusion in the clas-
sifier’s predictions, even with the worst experimental config-
uration. This suggests that similarity between classes does
not always directly correlate with misclassification. Other
factors, such as class imbalance or the classifier’s ability to
discern subtle differences between classes, may influence
classification accuracy independently of class similarity.
In summary, the qualitative analysis of misclassification

cases sheds light on the challenges faced in the document
classification task. Despite the high overall performance of
the LSTM model, certain classes show significant overlaps
in their textual features, leading to confusion during classi-
fication. The word clouds and Jaccard similarity analysis
provide valuable insights into the nature of these overlaps,
highlighting areas where class definitions may need refine-
ment or where the model’s feature representation can be im-
proved. These findings underscore the importance of contin-
uous evaluation and refinement of classification models in
complex textual domains such as bidding documents.

7 Conclusion
In this paper, we evaluated the impact of different preprocess-
ing techniques and textual representation models on public
bidding document classification accuracy. We proposed a
methodology for classifying bidding documents, containing
the class definition, text preprocessing, and representation
steps. Specifically, we explored four distinct preprocessing
approaches and employed three varied textual representation
models. Such techniques were evaluated using a classifier
based on an LSTM neural network.
Using a real-world dataset, we evaluated the impact of two
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stratified training-test split strategies alongside various pre-
processing and text representation approaches. Our findings
indicate that while preprocessing techniques have minimal
influence on classification outcomes, selecting a textual rep-
resentation model notably impacts the representativeness of
document classes. These results underscore the importance
of choosing appropriate textual representation models to en-
sure the accurate classification of public bidding documents.
We also performed a qualitative analysis of misclassifica-

tion cases, shedding light on the challenges faced in the doc-
ument classification task. In summary, our findings revealed
that similarity between classes does not consistently align
with misclassification occurrences. Factors such as class im-
balance or the classifier’s capacity to discern subtle differ-
ences between classes may independently impact classifica-
tion accuracy, irrespective of class similarity.

Limitations and Future Work. While our study provides
valuable insights into classifying public bidding documents,
some limitations warrant consideration. First, our analysis
focused primarily on the impact of preprocessing techniques
and textual representation models on classification accuracy.
However, other factors, such as feature selection methods,
hyperparameter tuning, and the choice of classification algo-
rithms, could also influence classification performance and
deserve further investigation.
Second, our study was constrained by the availability and

quality of the dataset. While we used real-world data for our
experiments, the dataset’s size and scope may have limited
the generalizability of our findings. Future work endeavors
could explore larger andmore diverse datasets to validate our
results across different contexts and domains. Third, the ex-
perimental configurations presented in this work do not allow
for evaluating whether the proposed classification model can
be generalized to new bidding documents. Therefore, as fu-
ture work, we plan to conduct an experimental setup to eval-
uate this generalization better.
Finally, considering the current state-of-the-art in classi-

fying text documents, particularly with the advancements
brought by models like BERT, it is imperative to explore
the impact of transitioning from LSTM to BERT-based mod-
els. This investigation could offer valuable insights into
the performance improvements and potential enhancements
achieved by leveraging more advanced and sophisticated
models in classifying public bidding documents, paving the
way for future advancements in this domain.
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