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Abstract
Context: In the context of valuing open data, transparency, and
efficiency in public services, there is a growing demand for stud-
ies to improve government systems. Some public agencies use the
Brazilian Electronic Information System (Sistema Eletrônico de In-
formações - SEI), a procedural management system that central-
izes electronic processes and promotes administrative efficiency.
Problem: Although SEI has contributed to advancements in pub-
lic administration, significant challenges remain in information
search and retrieval due to the inefficient keyword-based approach
currently available. These difficulties are enhanced by the high
amount of documents generated daily, which are written in natural
language and present variability in categories, writing styles, and
structures. As a result, searching for relevant documents in SEI
is time-consuming, leading users to create unnecessary processes
and inconsistent resolutions when compared to previously com-
pleted processes. Solution: A Natural Language Processing (NLP)
pipeline was proposed to extract information from SEI documents
using Named Entity Recognition (NER) models. IS Theory: Orga-
nizational Information Processing.Method: This research adopts
a descriptive approach. Public SEI documents were collected using
a web crawler, and trained annotators built a corpus to enable the
training of state-of-the-art NER models. The models’ performances
were compared and quantitatively analyzed. Summary of Results:
A Brazilian Portuguese labeled corpus of SEI for NER was curated
and validated, leading to an NLP pipeline for information extraction.
Contributions and Impact in the IS area: This research provides
a baseline for structuring data from Electronic Information Systems,
enabling more effective strategies for search and retrieval tasks.

CCS Concepts
• Information systems→ Information retrieval; Retrieval mod-
els and ranking; Language models; • Computing methodologies
→ Artificial intelligence; Natural language processing; Informa-
tion extraction.

Keywords
Natural Language Processing, Named Entity Recognition, Portuguese
Processing, Electronic Information System

1 Introduction
In the past decades, the government has invested heavily in the
improvement of public service performance, aiming for agility, pro-
ductivity, transparency, user satisfaction, and cost reduction. In this
context, an initiative called National Electronic Process (PEN) was
formulated to create a public infrastructure for electronic admin-
istrative processes and documents, and one of the main solutions
proposed was the Brazilian Electronic Information System (in Por-
tuguese, Sistema Eletrônico de Informações - SEI).

Decree No. 36.756, September 16, 2015, established SEI as the of-
ficial system for managing documents and administrative processes
of the Public Administration of the Federal District, Brazil. Accord-
ing to the mentioned decree, SEI was created with the purpose
of: (1) increasing productivity and speed in processing documents;
(2) improving data security and reliability; (3) creating more ap-
propriate conditions for the production and use of information;
(4) facilitating access to information; and (5) reducing the use of
paper, operational and documentation storage costs. Studies also
concluded that SEI implementation successfully achieved most of
its main purposes [4][23].

Nowadays, SEI is a fundamental system that supports the daily
activities of 115 government entities and public bodies 1. The ad-
ministrative staff and civil servants - the target users - use SEI to
create, store, and organize official processes to enable processing
through different departments and divisions. An electronic process
receives a unique identifier (process ID) after its creation, allowing
users to track its progress until resolution. Moreover, SEI supports
various types of documents, which users can create (or upload in
the case of external documents) and store in chronological order of
their inclusion in an electronic process. Another important feature
of SEI is the electronic signature of documents, which is legally
required to validate the documents.

Traditionally, users retrieve processes and documents in SEI by
querying the search engine with process IDs or document keywords.
Furthermore, predefined filters can be applied to select specific doc-
uments based on their categories, such as forms, opinions, orders,
and acts. After the search results are returned, users must manually
verify the relevance of the retrieved documents. This task is often
tedious and time-consuming due to the presence of various docu-
ment types, the large volume of documents, typographical errors,
1https://portalsei.df.gov.br/category/seigdf/atendimento/, accessed on February 28,
2025.

https://portalsei.df.gov.br/category/seigdf/atendimento/
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and noticeable variability in writing styles within the same type
of document. As SEI documents are written in natural language
and authored by diverse users, the current exact-match search ap-
proach applied to its unstructured database significantly affects the
effectiveness of information retrieval.

The Access to Information Law 2 (LAI), which is similar to the
Freedom of Information Act (FOIA) in the US, establishes the right
of the general public to access information, ensuring transparency
in the acts of the Union, States, Federal District, and Municipalities,
as mandated by the Federal Constitution. Within this framework,
SEI plays a fundamental role, allowing the public to search for
and retrieve public documents. This contributes to increased trans-
parency and accountability of public acts. However, in its current
structure, SEI provides limited tools to enable users to obtain accu-
rate and precise information on specific topics.

As SEI documents are presented in an unstructured format,
search efficiency is further compromised. The lack of structured
or semi-structured text makes it difficult to extract relevant infor-
mation, especially in cases where exact keywords are unavailable,
or documents include varied terminology and phrasing. This lim-
itation affects not only external users seeking transparency but
also the efficiency of internal users who rely on SEI for their daily
administrative tasks. Searching for information often becomes a
time-consuming process, leading to delays and, in some cases, the
inadvertent duplication of processes when original procedures can-
not be located. Such duplication can result in divergent decisions
and reduce institutional efficiency.

To address these challenges, it is necessary to consider advanced
strategies for processing unstructured data. Extracting informa-
tion from SEI documents and transforming it into a structured or
semi-structured format would enhance search engines’ capabil-
ity to retrieve information semantically or by fields such as names,
dates, and locations. Natural Language Processing (NLP) techniques,
particularly Named Entity Recognition (NER), offer promising solu-
tions. NER can label specific entities in text, associating them with
document types and topics of interest, thereby converting unstruc-
tured SEI content into a more accessible and navigable form.

This paper presents an NLP pipeline to extract and structure
information in SEI documents using Named Entity Recognition
(NER). The goal is to train an NER model to identify entities in SEI
documents, transforming unstructured natural language text into
structured data and enabling entity-based search. Since NER is a
supervised NLP task, a corpus of public SEI documents from Uni-
versity of Brasília has been created and labeled by trained human
annotators, providing reliable data for training NER models. The
“SEI corpus” enables the training and evaluation of NER models
specifically designed for SEI documents and their entities. These
advancements enhance search accuracy and efficiency, ensuring
greater transparency and alignment with the principles of LAI.
Moreover, the approach is expected to improve document acces-
sibility, support compliance with transparency requirements, and
enhance both the user experience and administrative efficiency.

The following research question guided this research: can state-
of-the-art NER techniques effectively extract information from the
unstructured text documents of the Brazilian Electronic Information

2https://www.planalto.gov.br/ccivil_03/_ato2011-2014/2011/lei/l12527.htm

System (SEI), considering the wide variety of entity types and docu-
ment formats?

The main contributions described in this paper are:
• SEI corpus: an annotated Brazilian Portuguese corpus of
public documents extracted from SEI for NER tasks.

• An NLP pipeline to extract information from SEI documents;
• A prototype of a Web Application that demonstrates search
operations on structured data extracted from SEI documents
using the proposed NLP pipeline.

This research is also motivated by the need to prioritize trans-
parency, productivity, and efficiency in Information Systems (IS),
particularly in government systems. These are relevant research top-
ics cited in the “Grand Research Challenges in Information Systems
in Brazil 2016-2026” book organized by the Brazilian Computer So-
ciety (SBC). This research aims to improve the information search
system in the SEI, making it more effective for the target users,
consequently aiding the performance of public bodies, and making
information more transparent and available to society.

The remainder of this paper is organized as follows. Section 2
introduces the fundamentals of NER. Section 3 discusses the related
work. Section 4 details the proposedNLP pipeline and its constituent
steps. Section 5 provides the experimental setup and analyzes the
results. Section 6 presents a web application that implements the
proposed approach. Finally, Section 7 summarizes the conclusions
of this research and outlines future directions.

2 Background
This section explains state-of-the-art methods for NER tasks along
with related concepts. This research is based on the principles of “Or-
ganizational Processing Information Theory” [11] which provides
resources for managing information to enhance organizational effi-
ciency and reduce uncertainty in processes.

2.1 Named Entity Recognition
NER is a well-explored NLP task in the literature focused on iden-
tifying and categorizing entities in text into specific tags [17], al-
lowing the transformation of unstructured natural language text
into structured data that can be stored in databases. Various models
have been widely explored for NER, including Bidirectional Long
Short-Term Memory (BiLSTM), Conditional Random Fields (CRF),
Bidirectional Encoding Representations for Transformers (BERT),
and Convolutional Neural Networks (CNN).

The following text illustrates the categorization of entities using
common tags in SEI:

The

Position︷                              ︸︸                              ︷
Dean of Community Affairs, in the exercise of his duties and

considering the provisions of

Article number︷                            ︸︸                            ︷
Article 143 of Law 8.112/90 and contained

in Process

SEI’s Process ID︷                     ︸︸                     ︷
23198.123456/2023-63, resolves...

2.2 Recurrent Neural Networks
Recurrent Neural Networks (RNNs) are architectures designed for
sequential data, including text, time series, and biological data.

https://www.planalto.gov.br/ccivil_03/_ato2011-2014/2011/lei/l12527.htm
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RNNs capture the context of the input sentence by analyzing each
word in its natural order and encoding information from previ-
ous inputs into hidden states, allowing the network to retain past
dependencies. Recognizing word order is important for capturing
semantic insights [1].

RNNs typically consider only the information related to the past
inputs of the current position of a sentence. However, in some
cases, information about future states can be useful, and, for that
reason, Bidirectional RNNs (BiRNNs) were created. Bidirectional
networks consist of two independent layers that process the same
input sequence in both forward and backward directions. As a
result, the hidden state representations from both directions are
combined by concatenation or addition.

Alternatively, Long Short-Term Memory (LSTM) is a type of
RNN widely studied in text interpretation tasks. LSTM balances
the preservation of long-term memory, the influence of short-term
memory, and generalization capability [12]. These advancements
are especially useful for tasks involving sequential data. Similar
to BiRNNs, LSTM can also benefit from bidirectional processing,
resulting in a Bidirectional Long Short-Term Memory (BiLSTM)
network.

2.3 Convolutional Neural Networks
Convolutional Neural Networks (CNNs) were introduced in 1989
by LeCun et al. [16]. A CNN is a feedforward neural network that
uses convolutional kernels to extract features from data. Initially,
this architecture was primarily explored for image-processing tasks
[18], including image classification, object recognition, detection,
and localization.

CNN-based architectures typically encompass convolutional,
pooling, and ReLU layers, followed by a fully connected layer that
generates the output.The convolutional layer applies convolutional
operations using kernels to filter the input data, enabling feature
extraction and producing an activationmap. In contrast, the pooling
layer reduces the spatial dimensions of the activation map.

In the past decades, CNNs have also been studied in the con-
text of text processing. Similar to images, which are represented
as two-dimensional objects with depth defined by the number of
color channels, a sentence is treated as a one-dimensional object
with depth determined by its representation dimensionality [1]. In
NER tasks, CNNs have been explored as an alternative method to
enhance computational efficiency and performance in English and
Chinese, as shown by Shen et al. (2017) [25], who proposed the
CNN-CNN-LSTM architecture, and by Gui et al. (2019) [9], who
introduced the Lexicon Rethinking CNN (LR-CNN) architecture.

2.4 Transformers
In 2017, Vaswani et al. [33] proposed a novel network architecture
named Transformer. It comprises a pair of encoder and decoder
stacks composed of attention mechanisms, normalization layers,
and a softmax function in the output layer that generates probabili-
ties as the model output.

In order to capture information from both characters and sen-
tence context, Zhu et al. [34] proposed in 2019 a Convolutional
Attention Network (CAN), which is character-based CNN with

attention-based layers, to avoid segmentation errors and out-of-
vocabulary problems, that are common in Chinese NER.

2.5 Bidirectional Encoder Representations from
Transformers (BERT)

Bidirectional Encoder Representations from Transformers (BERT),
introduced by Devlin et al. [6], is a Pre-trained Language Model
(PLM) built upon the Transformer architecture. It is based on the
principle that pre-trained representations provide a more efficient
alternative to task-specific architectures that can reduce develop-
ment time by leveraging prior training on large datasets.

BERT implementation can be explained in two main steps: pre-
training and fine-tuning. The pre-training step involves training
the model on unlabeled data within Next Sentence Prediction and
Masked Language Modeling tasks. The fine-tuning step involves
specializing the model in specific supervised tasks. Bidirectional
representations are considered during the training process.

2.6 Conditional Random Fields
Conditional Random Fields (CRF) is a probabilistic model that learns
weights in order to maximize the conditional probability of the cor-
rect label sequence given an input sequence [28]. CRF was proposed
by Lafferty et al. [15] in 2001 and can still be considered as a method
with satisfactory results nowadays [20].

3 Related Works
To the best of our knowledge, few studies in the literature investi-
gate information extraction from text documents obtained from EIS,
whereas NER remains a widely researched topic. This section dis-
cusses some selected works that addressed similar tasks involving
the structuring of electronic system data and NER.

3.1 Information Extraction from EIS
Documents

Regarding information extraction from text documents obtained
from electronic systems, the research by Juez-Hernandez et al. [13]
and Varagnolo et al. [31] can be mentioned. However, the corpora
are not in Portuguese and their texts have different characteristics
compared to Brazilian SEI.

Juez-Hernandez et al. presentedAGORA [13], a tool that anonymize
sensitive data in text documents by identifying named entities. The
main features are anonymize, extract, and visualize named entities
and the methodology behind its solution is based on NER models.
Varagnolo et al. [31] presented a tool that extract information from
web documents based on visualization.

3.2 Named Entity Recognition
Guimarães et al. [10] designed a tool to classify acts and perform
NER on the official gazette of the Federal District of Brazil. It
combines rule-based text classification with Machine Learning for
NER, comparing three models: CRF, CNN-CNN-LSTM, and CNN-
BiLSTM-CRF. This Python CLI tool enhances public transparency
by allowing users to track government actions, contracts, and pro-
curements. Furthermore, it can be refined for integration with other
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public information processing systems, such as those related to top-
ics of interest.

Trends in NER have been reviewed and applied to Indonesian
datasets by Budi and Suryono [3] in tasks such as news extraction,
flood monitoring, and traffic analysis. Their study highlights the
need for improved data collection, cleaning, and model selection in
NER tasks. Theoretical and practical applications include detecting
illegal Fintech entities from social networks. However, the limited
number of studies on Indonesian corpora suggests an opportunity
for future research to develop models and libraries that account for
the region’s unique linguistic challenges.

Araujo et al. [19] created a Portuguese corpus, LeNER-Br, com-
posed of 66 legal documents from Brazilian courts and four leg-
islative documents for NER. The documents were segmented into
sentences, each associated with a token. They then applied the
IOB tagging scheme with labels for persons, places, time entities,
organizations, legislation, and legal cases. Experiments were con-
ducted, and model performance was evaluated using the F1-score,
demonstrating that an LSTM-CRF model trained with this corpus
achieved a satisfactory average F1-score of 92%.

Aiming to improve the NER system for the Romanian legal do-
main, Păis et al. [32] made a manually annotated corpus making
an annotation process in which each annotator was responsible for
100 Romanian documents, considering the following tags: person,
location, organization, time expressions, and legal document ref-
erences. A crawler was used to extract the documents from their
source and reduce manual labor. Experimental results showed that
the CRF model yielded an improvement when compared to the pre-
vious NER system, with an 84% F1-score, and proved to be useful
in improving the NER system.

To the best of our knowledge, the SEI documents present specific
aspects that have not been addressed in the literature, such as
the diversity of entities and the variations in writing style across
different document types. To fill this gap and inspired by previous
NER applications in the literature, this research aims to investigate
information extraction from the Brazilian Electronic Information
System so that unstructured text can be transformed into structured
or semi-structured formats. This will enable the development of
more efficient search approaches within SEI.

4 Methodology
This section presents an NLP pipeline to recognize named entities
to transform unstructured information from SEI publications to a
structured format, enabling more effective and efficient information
searching, as presented in Figure 1. Subsection 4.1 describes process
of information extraction from the website. Subsection 4.2 describes
the process of annotation and validation to create the SEI corpus.
Subsection 4.3 details the experiments conducted to decide the most
suitable model to the NLP pipeline and Subsection 4.3.3 presents
the evaluation metrics applied on the experiments.

The proposed pipeline consists of the following main steps: data
extraction from the SEI website, corpus annotation of NER enti-
ties, corpus validation, information extraction using NER models,
storage of structured information in an SQL database, and an entity-
based search engine. The proposed methodology is illustrated in
Figure 1.

Figure 1: The proposed NLP pipeline with its constituent
steps, in which the NLP tasks, corpus construction and vali-
dation, are highlighted.

Figure 2: Public search for processes and documents in SEI
(translated from Portuguese by Google Translate).

4.1 Data Extraction
Aweb crawler was developed to collect publications from the Brazil-
ian Electronic Information System of University of Brasília (UnB).
To achieve this, a Python script with the Selenium API was imple-
mented. The script takes the URL of the UnB’s public document
search page as input and allows it to retrieve publications from
UnB’s departments and divisions over different periods. Figure 2
depicts the public webpage of UnB’s SEI, highlighting the fields
available in its search engine that was considered to set the web
crawler. Users can search by process ID (purple rectangle), key-
words using an exact-match approach (green rectangle), or apply
filters (orange rectangle).

Although the SEI system at the University of Brasília contains
various types of documents, a selection was made based on their
frequency and significant presence in the public SEI collection. The
chosen document types are described below:

• Act (Ato): a public decision, usually establishing rules or
outlining specific actions to be taken. Examples of relevant
entities for this type include the SEI process ID, names of
individuals, document number, location, and beginning and
ending dates, etc;

• Standard Announcement (Edital): a public notice describ-
ing about a specific event or opportunity. Some relevant
entities include regulation items, department names, type
of standard announcement, position or subject of the an-
nouncement, SEI process ID, etc.;
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(a) Web page of a SEI document. (b) Extracted text.

Figure 3: Text extraction with web crawler.

• Resolution (Resolução): a public decision by the university
that may establish policies or rules. Examples of relevant
entities include process ID, document number, date of issue,
meeting number, among others;

• Leave (Afastamento): a formal document approving or re-
voking time off requested by a civil servant. Some of the
targeted entities are names of individuals, location, depart-
ment names, beginning and ending dates, and civil servant
position, etc.

The complete list of entities per type of SEI document is provided
in our repository3.

Figure 3 illustrates the process of text extraction from an SEI doc-
ument. Figure 3a displays an original SEI document as viewed by
users on the public SEI website of UnB. The title of the publication
is located at the top of the document and includes key information
such as the publication number and the responsible department.
The content region consists of the text between the title and the
two rows at the bottom, which are associated with the electronic
signature and the document’s authenticity. The NER model is ap-
plied to both the title and the content, as these sections contain
the majority of the relevant information, including names, regis-
tration IDs, dates, secondary process IDs, and document subjects,
among others. Figure 3b presents the extracted raw text from the
full publication.

4.2 Corpus Construction
Although the literature presents some public corpora in Portuguese
[24] [7] [19] [26] [2], their underlying documents do not present
similar characteristics to the documents in SEI. This limitation
motivated the creation of a specific corpus for SEI, consisting of
annotated SEI documents according to predefined entities. The
annotation process involvedmanually labeling text spans by trained
annotators, focusing on the targeted entities for each document
type.

4.2.1 Annotation Guidelines. To annotate the SEI corpus, the open-
source tool LabelStudio4 was used as an interface for annotators

3https://gitlab.com/gvic-unb/sbsi-2025-could-you-tell-me-the-process-id
4https://labelstud.io/

to label the assigned documents. Five annotators participated in
this process, performing both annotation and peer review in ac-
cordance with the annotation guidelines. In the first round, each
annotator independently labeled their assigned SEI documents. In
the peer review round, a different annotator reviewed the annota-
tions to resolve disagreements and reduce bias. LabelStudio allows
an annotator to associate a term in the raw text with a tag and also
allows simultaneous accesses, which is essential to accelerate the
both annotation and review. This method was chosen to certify the
quality of the corpus.

4.2.2 Nested Entities. Annotators were instructed to identify and
label nested entities when specified in the guidelines as some cases
are exemplified below. Example (1) illustrates that may exist an
organization inside a full position, and example (2) illustrates a date
inside a Brazilian Official Gazette information.

(1) The

Position︷                                                                     ︸︸                                                                     ︷
Dean of Community Affairs of the University of Brasília︸                     ︷︷                     ︸

Organization

.

(2)

Brazilian Official Gazette information︷                                                               ︸︸                                                               ︷
DOU n. 66 de 05 de abril de 2017︸                 ︷︷                 ︸

Date

, seção 1, página 13.

The SEI Corpus contains 293 annotated documents in Inside-
Outside-Beginning (IOB) tagging format and 143, 230 tokens, each
annotated as one of 23 entities. Tokens that do not represent an
entity were tagged as ‘O’. The number of documents selected for
annotation was determined by the limited availability of annotators,
as manual labeling is complex, costly, and prone to errors, requiring
a peer review of the annotations. Each document has one specific
type according to its purpose, such as Act, Standard Announcement,
Resolution, or Leave. The dictionary with each NER tag and its
meaning is available in our repository.

Table 1 presents a statistical comparison of token and sentence
counts across different document types in the SEI Corpus. In general,
Resolution documents are the longest, while Leave documents are
the shortest. It is worth noting that the corpus presents an imbalance
in entity distribution, as shown in Figure 4.

Visualizations can provide valuable insights in data analysis
and interpretation. Bearing this in mind, t-SNE visualizations [30]
were created to highlight some important characteristics of each
document type present in the corpus, as illustrated by Figure 5.
t-SNE is a non-linear dimensionality reduction technique that maps
high-dimensional data to a lower-dimensional space attempting to
preserve local data structures rather than exact distances or global
positioning. As a result, closer points generally suggest higher
similarity between the underlying documents, though this inter-
pretation is limited to local neighborhoods [8].

To generate the visualizations, the input texts were processed
with the following steps: removal of “not a number” (nan) values and
stopwords, conversion to lowercase, and stemming to reduce words
to their base form by removing suffixes. These operations were

https://gitlab.com/gvic-unb/sbsi-2025-could-you-tell-me-the-process-id
https://labelstud.io/
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Table 1: Basic statistics of SEI Corpus.

Document type Tags Annotated entities Tokens Documents Avg. Tokens/Document
Act 13 1500 28003 84 333.37
Standard Announcement 18 7237 29172 48 607.75
Resolution 12 11835 67364 79 852.71
Leave 14 6020 18691 82 227.94

(a) Act. (b) Standard Announcement.

(c) Resolution. (d) Leave.

Figure 4: Tag frequency in SEI documents.

performed using the NLTK library5. Subsequently, term frequency-
inverse document frequency (tf-idf) was computed to transform
the document texts into numerical feature vectors, capturing the
importance of terms across the collection. After that, cosine distance
between each pair of documents was computed to measure their
similarity in the original high-dimensional space. Finally, t-SNE
was applied to generate the final point-placement layout based on
the computed dissimilarity matrix.

Figure 5(a) illustrates key characteristics of the SEI Corpus. In
point-placement visualizations, each point represents a SEI docu-
ment, and its position reflects local relationships among documents.

The dispersion of points in Act documents suggests a generic
structure of this type of document, with similar structures to Reso-
lutions, as illustrated by the point positioning in Figure 5(b), due
to the legal nature of the sentences, with laws, regulations, and
decrees in almost the entire text. Some Leave documents are di-
rected to the Dean of People Management and others to the Rector,
and this destination not only implies different titles but also indi-
cates a slightly different information arrangement, reflecting on
the generation of two visual subgroups. Finally, Leaves, Standard

5https://www.nltk.org/

Document type
Leave
Act
Standard Announcement
Resolution

(a) Documents colored by document type.

Document type
Leave
Act
Standard Announcement
Resolution

(b) Documents delimited by polygons.

Figure 5: SEI document visualization using point placement.

Announcements, and Resolutions are visually separated as illus-
trated by the overlapping polygons, meaning their structures are
consistent in documents of each type and distinct from each other.

4.3 Corpus Validation
NER experiments were conducted to evaluate and determine an ap-
propriate method for entity recognition for each document type in-
dividually. These experiments also established a baseline using state-
of-the-art NER models to validate the SEI Corpus. All experiments
were executed on an NVIDIA A100 GPU, and the proposed pipeline
was implemented in Python using TensorFlow, Scikit-Learn, and
Pandas.

4.3.1 Evaluation Strategies. Hyperparameter optimization for the
NER models was performed using the Holdout strategy, chosen
for its simplicity and efficiency, where the full corpus was split

https://www.nltk.org/
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into training (70%), validation (10%), and test (20%) sets. The per-
formance evaluation strategy for the NER models with the optimal
hyperparameters was based on the Stratified Group K-Fold method
with 𝐾 = 5, which divides the corpus into five stratified folds with
non-overlapping groups for training and testing while preserving
tag distributions. The training set is used to build a model that gen-
eralizes well, while the test set assesses its performance on unseen
data, enabling further statistical analysis.

4.3.2 NER Models Setup. Hyperparameter optimization is an im-
portant step to improve the performance of deep neural networks.
The Adam algorithm [14] was used in the training step. Adam is
widely used in the literature and was chosen because it improves
convergence by computing individual adaptive learning rates for
different parameters from moments of the gradient estimation,
being a better option in our context of limited computational re-
sources. The hyperparameters tuning in the language models was
performed with KerasTuner6 and in the CRF model with Random-
izedSearchCV7. Dropout layer and the Early Stopping, with pa-
tience equal to 10, were techniques employed to avoid overfitting
to validation data. Therefore, the optimization was made with the
validation data set from the search space predefined below:

• CRF:
– Regularization parameter c1: exponential distributionwith
scale of 0.5;

– Regularization parameter c2: exponential distributionwith
scale of 0.05.

• BiLSTM:
– Number of units: [128, 160, 192, 224, 256, 288, 320];
– Droupout rate: [0.1,0.2,0.3];
– Learning rate: [10−2,5.10−3].

• CNN-BiLSTM:
– Number of units: [128, 160, 192, 224, 256, 288, 320];
– Droupout rate: [0.1,0.2,0.3];
– Learning rate: [10−2,5.10−3].

• BERT
– Model: bert-base-portuguese-cased [27];
– Dropout rate: [0.1,0.2];
– Learning rate: [10−4, 5.10−5].

4.3.3 Evaluation Metrics. The F1-score was used to evaluate the
results, as it is a more suitable metric for unbalanced data, repre-
senting the harmonic mean of precision and recall. In this context,
instances are classified as positive or negative based on the presence
or absence of the target entity. Precision measures the proportion
of correctly classified positive instances among all instances pre-
dicted as positive, as shown in Equation (1). Recall quantifies the
proportion of correctly classified positive instances relative to all
actual positive instances in the corpus, as given in Equation (2).
Finally, the F1-score is defined in Equation (3).

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 , (1)

𝑟𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 , (2)

6https://keras.io/keras_tuner/
7https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.
RandomizedSearchCV.html

where TP is the quantity of correct positive predictions of an
entity, FP is the quantity of wrong positive predictions of an entity,
TN is the quantity of correct negative predictions of an entity, FN
is the quantity of wrong negative predictions of an entity.

𝐹1-𝑠𝑐𝑜𝑟𝑒 =
2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙 . (3)

The macro F1-score was used in the experiments to evaluate the
models’ performance across all tags equally, as SEI Corpus presents
multiple entity labels with an imbalanced distribution.

5 Results and Discussion
Experiments were conducted on the SEI Corpus to quantitatively
evaluate the results of the NERmodels of the proposedmethodology.
The source code and the SEI corpus are available in our repository.
An overview of the models performance on each document type is
presented in Table 2. In these experiments, three NER models were
compared: CNN-BiLSTM, BERT, and CRF, selected based on their
successful prior use in the literature.

In order to evaluate the performance differences between the
models, the non-parametric Friedman test was conducted, consider-
ing a significance level of 𝛼 = 5%. To enable this statistical analysis,
the folds were generated under the same conditions, with the same
random seed. The following null and alternative hypotheses were
formulated:
𝐻0: No differences between all the models average macro F1-

scores.
𝐻𝑎 : At least one model average macro F1-scores differs from the

others.
In the Friedman test, the p-value for Act, Standard Announce-

ment, Resolution and Leave documentswere 0.00285, 0.00285, 0.00182,
and 0.00698, respectively. Thus, the null hypothesis is rejected, and
a Nemenyi pairwise comparison was performed with a significance
level of 𝛼 = 5%. The significant results are shown in Table 3.

Table 2: Macro F1-score results for NER task in SEI Corpus
using Stratified K-Fold Cross Validation (K = 5): average and
standard deviation of Macro F1-Score across all folds.

Document
type CRF BiLSTM CNN-

BiLSTM BERT

Act 0.69±0.07 0.29±0.14 0.45±0.07 0.74±0.04
Standard
Announcement 0.54±0.06 0.30±0.07 0.09±0.07 0.23±0.02

Resolution 0.71±0.09 0.44±0.06 0.22±0.14 0.77±0.04
Leave 0.93±0.01 0.54±0.03 0.57±0.06 0.93±0.01

According to the Nemenyi test, CRF and BERT showed a superior
performance than BiLSTM for Act documents, CRF outperformed
CNN-BiLSTM for Standard Announcement documents, BERT out-
performed CNN-BiLSTM in Resolution documents, and BERT also
outperformed BiLSTM for Leave documents. These results indicate
that statistically significant differences in F1-scores were found
only for the model comparisons listed above.

https://keras.io/keras_tuner/
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.RandomizedSearchCV.html
https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.RandomizedSearchCV.html
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Table 3: Nemenyi post-hoc test significant results.

Document type Pairwise Model Comparison P-Value
Act CRF vs BiLSTM 0.036
Act BERT vs BiLSTM 0.003
Standard
Announcement CRF vs CNN-BiLSTM 0.001

Resolution BERT vs CNN-BiLSTM 0.001
Leave BERT vs BiLSTM 0.036

It is interesting to note that Leave documents achieved the high-
est results among all document types, followed by Act documents.
These document types contain fewer tokens per document, as
shown in Table 1, with averages of 227.94 and 333.37 tokens, respec-
tively. In other words, these documents typically present concise
and direct information, yielding better entity recognition.

In contrast, Standard Announcement documents had the lowest
F1-score in the experiments. This result may be attributed to the
nature of their content, as announcements can encompass diverse
documents establishing policies or rules for events and opportuni-
ties that are relevant to students, professors, and university staff.
Consequently, these documents can vary significantly in length and
structure, which may have negatively impacted entity recognition.

Given that each document type has its own entities and particular
characteristics, the discussion should also address these details.
Tables 4, 5, 6, and 7 provide a more detailed view of the models’
effectiveness for each entity.

In Act documents, shown in Table 4, almost all entities related
to dates (DAT), positions (POS), numbers (NUM, DOU, ART), and
organization (ORG) entities were well predicted by CRF or BERT.
However, the ‘object’ (OBJ) entity of an Act was not correctly de-
tected despite the approximate 200 occurrences in the corpus. This
intriguing result was also observed in Standard Announcements,
meaning that this type of information is more challenging to obtain.
The subjectivity and personal writing styles of publications in the
same corpus may have further influenced this outcome.

Table 4: Mean and standard deviation of the F1-score for the
NER task on Act documents using Stratified K-Fold Cross-
Validation (𝐾 = 5).

Tag CRF BiLSTM CNN-BiLSTM BERT
ART 0.84±0.05 0.51±0.23 0.68±0.09 0.90±0.04
DAT 0.95±0.01 0.65±0.30 0.78±0.06 0.96±0.02
DOU 0.88±0.07 0.66±0.33 0.77±0.09 0.96±0.01
LOC 0.97±0.03 0.66±0.34 0.87±0.06 0.80±0.06
MAT 0.45±0.29 0.01±0.01 0.09±0.10 0.37±0.33
NUM 0.96±0.03 0.00±0.00 0.84±0.06 0.90±0.06
OBJ 0.00±0.00 0.00±0.00 0.00±0.00 0.22±0.13
ORG 0.68±0.15 0.15±0.09 0.34±0.09 0.42±0.16
PER 0.41±0.29 0.21±0.15 0.17±0.08 0.73±0.04
POS 0.87±0.13 0.53±0.28 0.50±0.26 0.92±0.07
SEI 0.89±0.08 0.01±0.01 0.32±0.22 0.91±0.09
SUB 0.41±0.09 0.10±0.05 0.09±0.06 0.75±0.05
UNI 0.66±0.14 0.28±0.16 0.38±0.20 0.74±0.03

In StandardAnnouncement and Resolution documents, described
in Tables 5 and 6, the subject of the announcement (SUB) achieved
low F1-scores, indicating a significant misclassification rate despite
being present in all analyzed announcements and resolutions. In
Leave documents (Table 7), the SUB entity achieved an F1-score
of 0.99. However, there are only two options for leave: authoriza-
tion and cancellation. In contrast, announcements and resolutions
present a wider variety of subjects.

Table 5: Mean and standard deviation of the F1-score for
the NER task on Standard Announcement documents using
Stratified K-Fold Cross Validation (𝐾 = 5).

Tag CRF BiLSTM CNN-BiLSTM BERT
ART 0.49±0.20 0.29±0.18 0.20±0.12 0.20±0.08
COR 0.13±0.17 0.39±0.29 0.00±0.00 0.00±0.00
CPF 1.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00
DAT 0.61±0.06 0.39±0.07 0.14±0.13 0.67±0.08
LOC 0.50±0.30 0.10±0.13 0.00±0.00 0.00±0.00
MAT 0.33±0.37 0.25±0.43 0.00±0.00 0.00±0.00
NUM 0.81±0.05 0.55±0.05 0.33±0.23 0.33±0.29
OBJ 0.32±0.22 0.00±0.00 0.00±0.00 0.09±0.14
ORG 0.67±0.09 0.34±0.18 0.00±0.00 0.00±0.00
PER 0.59±0.21 0.49±0.21 0.00±0.00 0.28±0.20
POS 0.72±0.12 0.43±0.19 0.11±0.14 0.10±0.04
SEI 0.91±0.11 0.50±0.26 0.26±0.22 0.97±0.03
SUB 0.31±0.07 0.17±0.04 0.06±0.05 0.48±0.08
TYP 0.87±0.12 0.56±0.14 0.14±0.24 0.00±0.00
UNI 0.67±0.09 0.45±0.10 0.13±0.11 0.30±0.05
URL 0.40±0.26 0.25±0.43 0.00±0.00 0.00±0.00
WRG 0.17±0.22 0.11±0.10 0.00±0.00 0.16±0.14

Table 6: Mean and standard deviation of the F1-score for the
NER task on Resolution documents using Stratified K-Fold
Cross Validation (𝐾 = 5).

Tag CRF BiLSTM CNN-BiLSTM BERT
ART 0.82±0.07 0.68±0.06 0.32±0.16 0.83±0.06
POS 0.82±0.05 0.54±0.14 0.31±0.19 0.59±0.06
DAT 0.75±0.11 0.46±0.09 0.07±0.13 0.77±0.21
MET 0.97±0.04 0.72±0.11 0.03±0.06 0.98±0.02
NUM 0.92±0.03 0.24±0.05 0.12±0.13 0.93±0.04
ORG 0.74±0.07 0.56±0.10 0.19±0.03 0.58±0.09
PER 0.68±0.22 0.56±0.18 0.27±0.22 0.93±0.05
SEI 0.74±0.24 0.26±0.12 0.12±0.11 0.92±0.05
SUB 0.37±0.07 0.14±0.02 0.05±0.07 0.76±0.03
UNI 0.52±0.11 0.28±0.10 0.18±0.09 0.67±0.04

Table 7 shows the results of the SEI’s Leave documents. It can
be observed that there is only one entity predicted with an F1-
score below 0.80, the justification for the leave requested (MOT).
This entity typically comprises actions such as participation in
conferences, educational activities, travel, and technical training.
The wide variety of justifications appears to affect the learning
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patterns of this entity. A possibility to improve these outcomes is
to provide more samples of the Leave document type to the NER
models.

Table 7: Mean and standard deviation of the F1-score for the
NER task on Leave documents using Stratified K-Fold Cross
Validation (𝐾 = 5).

Tag CRF BiLSTM CNN-BiLSTM BERT
ART 0.84±0.07 0.73±0.17 0.81±0.08 0.95±0.02
BDT 0.94±0.10 0.64±0.17 0.58±0.12 0.94±0.10
DOU 0.99±0.01 0.79±0.04 0.82±0.07 0.95±0.02
EDT 0.96±0.03 0.17±0.10 0.53±0.21 0.97±0.04
LOC 0.84±0.13 0.03±0.05 0.06±0.08 0.79±0.06
MAT 0.93±0.13 0.00±0.00 0.00±0.00 1.00±0.00
MOT 0.77±0.11 0.43±0.03 0.35±0.21 0.78±0.03
ONU 0.92±0.05 0.84±0.13 0.52±0.30 0.92±0.04
ORG 0.96±0.02 0.76±0.07 0.77±0.06 0.95±0.03
PER 0.97±0.02 0.58±0.02 0.61±0.07 0.97±0.02
POS 0.98±0.01 0.81±0.06 0.74±0.06 0.96±0.03
SEI 0.98±0.01 0.02±0.04 0.57±0.35 0.98±0.03
SUB 0.99±0.03 0.96±0.04 0.77±0.21 0.99±0.02
UNI 0.89±0.05 0.79±0.16 0.87±0.07 0.82±0.09

Finally, the experiments validate the SEI Corpus and demonstrate
that CRF and BERT achieved the highest macro F1-scores, with CRF
presenting the shortest training time. This makes CRF the most
suitable model for production, as it requires fewer computational
resources compared to the other models analyzed.

6 SEI Search App
SEI Search App is a web application that simulates the interface be-
tween SEI users and the result of the NLP pipeline. The technologies
used in the development of this application include Python with
Streamlit 8 for frontend and MySQL 9 to store the documents in a
structured format. The SEI Search App is available in our repository.

A screenshot of the web application is presented in Figure 6. The
main page contains filters and text input to search by entities in
documents, and the other page has the original text of the selected
document with highlighted entities. Entities are defined based on
CRF model predictions.

7 Conclusion
This paper introduced an NLP pipeline for extracting information
from documents of the Brazilian Electronic Information System
(SEI). Specifically, a NER-based approach was chosen to identify
key entities in the unstructured texts, enabling their transformation
into a structured format. A corpus of SEI documents from four
distinct document types was created and manually annotated by
five trained annotators. Experiments were conducted to validate
the corpus and compare the performance of three state-of-the-art
NER models, with CRF and BERT achieving the best overall macro
F1-Score.
8https://streamlit.io/
9https://www.mysql.com/

The manual annotation approach provided reliable entities in
most of document types that are specific for the complex nature
of the SEI documents. However, the results also showed that the
more complex ones require additional samples to enhance the rep-
resentativeness of entities, once the diversity of texts in some cases
affected their appropriate recognition by NER models.

The main contributions of this paper include the SEI Corpus,
a new labeled corpus of documents in SEI for NER tasks in the
Brazilian Portuguese language, an NLP pipeline to search for in-
formation in SEI, and the SEI Search App, a Web Application that
allows searching SEI documents by entities. The findings in this
research provide possibilities for developing effective searching and
retrieving documents on information systems.

For future work, we emphasize the investigation of combinations
of prompt-based, weak supervision, and human annotation to ac-
celerate corpus annotation and decrease the costs as shown by the
research of Oliveira et al. [21]. In this sense, Large Language Models
as Open AI’s Chat GPT (Generative Pre-trained Transformers) [22],
Google’s PaLM (Pathways Language Model) [5], and Meta’s Llama
(Large Language Model Meta AI) [29] are potential models to be
further considered.
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