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Abstract. This paper presents the development of information extraction from
tender documents, focusing on technology products. The system integrates Nat-
ural Language Processing and machine learning techniques to extract relevant
information from the documents. The proposed solution aims to optimize the
time and accuracy of tender document analysis by dealing with the complexity
and diversity of data present in the notices. The experimental results demon-
strate the effectiveness of identifying bidding items, highlighting their potential
for practical application in public procurement processes.

1. Introduction
Bidding is a procedure used by the Brazilian public administration to acquire products,
construction works, services, and disposals [da União 2024]. Regulated by Law No.
14.133/2021 [da República 2021], the bidding process comprises seven phases: prepara-
tory, publication of the bidding notice, submission of proposals and bids (when appli-
cable), judgment, qualification, appeals, and approval [dos Santos Chaves 2015]. The
preparatory phase involves the preparation of the necessary documents and studies. In the
publication phase of the notice, the document containing rules and specifications is re-
leased, divided into sections such as the object of the bidding, conditions of participation,
and judgment criteria. In the submission of proposals and bids, interested companies sub-
mit their proposals according to the notice. The judgment phase evaluates the proposals,
followed by qualification, which verifies the technical and legal capacity of the partici-
pants. The appeals phase allows challenges against decisions, ensuring transparency and
fairness. The approval phase ratifies the result, authorizing the formalization of the con-
tract.

For companies selling technological equipment, competitive participation in bid-
ding requires identifying sales opportunities in the notices, which are usually available as
PDF files on federal, state, and municipal government websites, such as the one shown in
Figure 1 and Figure 2. In companies, the traditional process begins with the collection
of notices from different platforms. Then, an analyst must manually read the content, un-
derstand the object of the bidding, identify products, quantities, and other requirements,
and then evaluate whether the organization has the technical capacity and whether par-
ticipation is economically advantageous. This is a highly manual, time-consuming, and
repetitive procedure. With the introduction of automation, these steps of reading and



data extraction are delegated to computational systems, allowing the analyst to focus on
strategic decision-making and defining the best way to participate.

From a financial perspective, efficient participation in bidding represents, for tech-
nology suppliers, a strategic opportunity to access highly relevant public markets, given
the significant volume of resources managed through these contracts. In 2023, for exam-
ple, the federal government committed more than R$ 150 billion in public procurement,
according to data from the Transparency Portal [da União 2024]. For public agencies, in
turn, bidding aims to ensure the selection of the most advantageous proposal, considering
the best cost-benefit ratio, guaranteeing quality, innovation, and efficiency in the use of
public resources. In this context, the automation of reading and analyzing notices through
NLP techniques not only optimizes the process of identifying opportunities for suppli-
ers but can also contribute to greater competitiveness and improvement of the submitted
proposals.

Figure 1. Excerpt from a bidding notice for technological products formatted in a
table.

Figure 2. Excerpt from a bidding notice for technological products formatted in
text.

This study focuses on the automatic extraction of structured information from pub-
lic bidding documents, particularly those related to technological procurement. Specif-
ically, the proposed approach aims to identify and extract four key elements contained
in the notices: lot, item, product, and quantity. These elements represent the core pro-
curement entities necessary for downstream analysis and classification tasks, enabling a
standardized and machine-readable representation of tender information. This article is



organized as follows: Section 2 presents the theoretical framework on natural language
processing; Section 3 discusses related work; Section 4 describes the methodology; Sec-
tion 5 presents the results obtained; and Section 6 brings the conclusions and suggestions
for future work.

2. Natural Language Processing

Natural Language Processing is a subfarea of Artificial Intelligence (AI), focused on de-
veloping computational models that simulate human linguistic comprehension and rea-
soning. It plays an important role in enabling more natural and accessible human-machine
interactions [Hazboun et al. 2021]. Despite its relevance, implementing NLP systems
remains challenging due to the complexity of linguistic structures and semantic con-
text [Wang et al. 2021].

Advances in NLP are largely driven by Machine Learning techniques
[Kang et al. 2020], which allow for effective modeling of language patterns. Tasks such
as segmentation [Luca 2025], which organizes text into meaningful units; summarization
[Luca 2025], which condenses content while preserving essential information; and text
classification, which assigns semantic labels to text segments, are now performed in a
remarkably efficient way. Supervised methods based on Deep Learning, such as CNNs
[da Silva et al. 2022] and RNNs [da Silva et al. 2022], have demonstrated strong perfor-
mance in tasks like sentiment analysis, news categorization, and question answering, es-
pecially in processing large volumes of unstructured data [Lavanya and Sasikala 2021].
More recently, large language models (LLMs)—pretrained on web-scale corpora and
adapted via techniques such as in-context learning and instruction tuning—have achieved
state-of-the-art results across these tasks, enabling zero- and few-shot generalization and
robust performance in domain-specific corpora, including legal and administrative docu-
ments [OpenAI 2024]

2.1. Information Extraction (IE)

Information Extraction (IE) is a technique in NLP, aiming to convert unstructured textual
data into structured representations by automatically identifying entities, relationships
and events. IE is fundamental for applications such as knowledge graph construction,
inference mechanisms and question answering systems. Typical tasks associated with IE
include Named Entity Recognition (NER), Relation Extraction (RE), and Event Extrac-
tion (EE) [Xu et al. 2024]. Traditional IE models employ specialized architectures for
each subtask, relying on specific annotation schemes. However, these models face sig-
nificant limitations, such as dependence on large volumes of manually annotated data,
high annotation costs, and low generalization capabilities in data-scarce contexts or with
unseen labels. [Lou et al. 2023]

3. Related Work

The article by [Luca 2025] provides an in-depth analysis of the application of Natural
Language Processing (NLP) techniques in the automation of document analysis in various
domains, such as business, health, law, academic research, and finance. Using fundamen-
tal methods such as tokenization, lemmatization, stemming, stopword removal, named



entity recognition (NER), text classification, sentiment analysis, topic modeling, and sum-
marization (extractive and abstractive), the work highlights how NLP is capable of trans-
forming unstructured text into organized information, promoting efficiency, scalability,
and accuracy in document flows. The study emphasizes the impact of deep learning mod-
els, especially those based on transformers, such as BERT (Bidirectional Encoder Rep-
resentations from Transformers) and GPT (Generative Pre-trained Transformer), which
offer significant advances in semantic understanding and natural language generation.
The benefits of pre-trained language models, such as T5, RoBERTa, and DistilBERT, and
their advantages in terms of performance and resource savings via fine-tuning are also
discussed. On the other hand, the article recognizes the main challenges faced by NLP in
document analysis, such as semantic ambiguity, linguistic variation, adaptation to specific
domains, privacy and security of sensitive data, in addition to the high computational de-
mand for training and real-time inference. Finally, the author points out promising direc-
tions for future research, including the development of multimodal models, compression
and quantization techniques for environments with limited resources, greater transparency
and interpretability of language models, and collaborative approaches between humans
and AI systems, consolidating NLP as a strategic tool in digital transformation and docu-
ment intelligence on an institutional scale. Our article distinguishes itself from the work
of [Luca 2025] by focusing specifically on bidding documents (public procurement no-
tices) and, unlike [Luca 2025], (i) adopting a page-level segmentation strategy suited to
heterogeneous Brazilian tender PDFs and (ii) employing GPT-4 for few-shot summariza-
tion over page chunks to extract procurement-salient fields (lots,items, product, quantity)
[OpenAI 2024].

The study by [ANDRADE and BAPTISTA 2022] proposes the automation of the
analysis and auditing of procurement documents in PDF format through a supervised
learning model capable of identifying key information in public bidding notices. Using
data from the Government Portal of the State of Acre and the CRISP-DM methodol-
ogy [Schröer et al. 2021], the authors tested various algorithms, with BERTimbau yield-
ing the best results for sentence classification. The work is similar to ours in its use of
BERTimbau for extracting information from bidding notices. However, our approach
differs by incorporating other techniques for segmentation and using GPT-4o-mini for
summarization.

Ito and Nakagawa [Ito and Nakagawa 2024] proposed the Tender Document An-
alyzer, a web-based system that combines supervised learning techniques (BERT) with
enhancement through large language models (LLM). This approach enables efficient item
extraction and identification of important phrases in tender documents. The authors
demonstrated significant improvements over exclusively LLM-based methods, both in
extraction performance and usability for bidders, particularly for less experienced users.
This approach is very close to ours; the differences are that we apply it to Brazilian Por-
tuguese language, we use different segmentation approach, and our approach extracts the
information in fact, not only points out its position in document.

4. Methodology
In this section, we introduce the strategy and experiments adopted for tender documents
information extraction development, following the CRISP-DM cycle: Dataset, Model,
Evaluation, and Results[Loeza-Mejı́a 2024].



4.1. Dataset

This subsection presents the three datasets used for the text relevance classification task.
These datasets were designed to evaluate the model’s ability to distinguish relevant textual
segments within bidding documents.

4.1.1. Text relevance classification datasets (v1, v2, and v3)

Three datasets were constructed with text fragments representing the sections, subsec-
tions, or full pages extracted from the bidding documents, each fragment being labeled as
“relevant” or “not relevant”. Examples of relevant sections include “1 - Bidding Items”,
“TECHNICAL SPECIFICATIONS OF THE OBJECT”, and “QUANTITIES OF THE
EQUIPMENT”, while non-relevant content appears in sections such as “Introduction”,
“LOCATION, DEADLINES AND SERVICE WARRANTY”, and “CONDITIONS FOR
THE PROVISION OF SERVICES”.

The segmentation and labeling processes varied across dataset versions:

• v1 and v2 (section-based segmentation): Text was automatically segmented by
identifying the beginning of sections and subsections, followed by manual label-
ing of each fragment. Dataset v1 comprises 570 samples, whereas v2 contains
8,000 samples, each including the document name, the extracted content, and the
corresponding label.

• v3 (page-level segmentation): This dataset was constructed using full-page text
extractions instead of section-based fragments. Although the same binary labeling
scheme was retained, the segmentation criterion was modified: entire pages were
analyzed and labeled as relevant if they contained any quantitative information
about the procured products, otherwise as not relevant. The v3 dataset comprises
170 bidding documents from 2022 to 2024, totaling 687 relevant and 2,285 non-
relevant pages.

4.1.2. Dataset for Evaluation

The evaluation dataset was manually constructed from 202 bidding documents, selected
from different procurement processes. These documents correspond exclusively to the
public notice phase, excluding later contract-related materials. In total, the dataset com-
prises 2,792 annotated products. The files describing the procured items varied in for-
mat—such as full notices, terms of reference, or item lists. For each product, the following
fields were annotated: Lot Number, Item Number, Product Name, and Quantity. This
dataset provides a representative basis for assessing the model’s extraction performance
across different document structures and writing styles.

Main challenges included: (i) lack of textual standardization across documents
(tables, lists, or frames), (ii) absence or inconsistency of lot identifiers, (iii) duplicated
items due to ME/EPP reserved quotas, and (iv) aggregated quantities that combine open
and reserved lots.



4.2. Model

For each attachment in the notice, the system extracts items via three comple-
mentary procedures: (i) parsing HTML tables; (ii) analyzing unstructured text;
and (iii) integrating metadata gathered through web scraping/crawling from external
sources in an upstream data engineering stage (e.g., the RHS Licitações portal, and
Conlicitacao).[RHS Licitações 2025][ConLicitação 2025]. Finally, the outputs from each
stage are consolidated by a deduplication step: items obtained by methods are compared
and duplicates are merged into a single canonical record. The flow of this process is
illustrated in Figure 3.

Figure 3. PDF File Extraction Flow

Extraction via HTML Tables: The code uses a function that locates and extracts
items from structured HTML tables. In this flow, the document is converted to HTML
format, and then unnecessary tags, that is, those that do not refer to the information tables,
are removed. After this, the flow identifies the table tags in the files, allowing the LLM
(Large Language Model) to summarize the information, excluding all HTML tags that
are not <table></table>. This extraction technique is applied to extract item tables
from documents.

PDF Text Extraction: The PDF text extraction process begins with text segmen-
tation, which was evaluated using three different approaches—two of which are presented
in [Silva et al. 2024]. In this study, we introduce a page-level segmentation method. Af-
ter this step, the text segments are classified as relevant or non-relevant using a classifier
that identifies and categorizes passages containing information about lot, item, product,
and quantity. These classified segments are then processed by a Large Language Model
(LLM), which summarizes the extracted information.

Item Metadata: At this stage, the system incorporates metadata obtained from
external procurement sources [RHS Licitações 2025] [ConLicitação 2025] through web
scraping and crawling, carried out in a previous data-engineering phase. Among the col-
lected attributes, the item field stands out, as it is populated in roughly 60% of the analyzed
records.When this field is available, its contents are directly extracted and provided to the
LLM, which processes them to identify the items associated with each notice.

In the study discussed in [Silva et al. 2024], the performance of the extraction flow
was evaluated using different segmentation approaches (by sentence and by section). Ad-
ditionally, two techniques were explored for identifying key information in the text: one
based on a k-Nearest Neighbors (k-NN) approach and another employing the BERTimbau
language model. In the present work, we propose several improvements, including a new
segmentation approach based on page-level division of the PDF content. We also updated
the summarization model—from GPT-3.5 used in the previous work to GPT-4o-mini in



this study—and incorporated strategies to handle documents formatted with tables and
metadata-based items.

The extractive summarizer is designed to analyze text containing product infor-
mation and extract specific data such as product name, quantity, item number, lot number.
This information is returned in a structured JSON format. The following Figure 4 shows
how the prompt used is configured.

Figure 4. Prompt used to summarize information

4.3. Evaluation
To evaluate the cases, we report the results in multiple metrics, including F1-score, preci-
sion, recall, and additional performance measures for relevance classification.

4.3.1. Summarization evaluation metrics

In this context, Precision measures the proportion of correctly extracted fields among all
extractions made by the model. For example, when the system identifies several products,
precision indicates how many of those correspond to true products present in the notice.

Recall quantifies the model’s ability to find all relevant instances that actually
exist in the document. For example, in the extraction of quantities, recall measures how
many of the true quantities described in the tender were successfully detected.

The F1-score represents the harmonic mean between precision and recall, provid-
ing a balanced view of accuracy and completeness. A higher F1-score indicates that the
system achieves a good equilibrium—correctly identifying lot, item, product, and quantity
fields while minimizing both false detections and omissions.

4.3.2. Relevance text classifier metrics

Additionally, we evaluated the relevance text classifier using the following metrics:

• Time Spent measures the average time it takes the model to classify a text snippet
as relevant or not. This metric provides an indication of the classifier’s efficiency.



• Mean Precision is the average precision calculated from each document’s preci-
sion, indicating the proportion of correctly identified relevant snippets

• Mean Recall is the average recall across all documents, quantifying the model’s
ability to identify all relevant snippets, even if some are missed.

• Mean F1 Score is the average F1 score of all documents, providing a balanced
measure of precision and recall in identifying relevant snippets.

• Accuracy reflects the percentage of correctly classified text snippets relative to
the total text snippets, providing an overall view of the classifier’s reliability.

These metrics together provide a comprehensive evaluation of the extraction
pipeline, revealing not only how accurate the model’s predictions are but also how com-
plete its coverage is across all procurement-relevant fields.

4.4. Results
This section presents the results obtained from both the summarization process and the
relevance text classification task. The evaluation of the model’s performance is divided
into two parts: the summarization results, which assess the extraction of specific fields
from procurement documents, and the relevance text classification results, which measure
the ability of the model to identify relevant portions of text.

4.4.1. Summarization results

Table 1 presents the numerical results obtained for each field. The highest F1 score was
achieved for the product field, while lower results were observed for item, qtd, and
lot, indicating variations in the model’s ability to capture different types of information
within heterogeneous tender documents.

Precision (%) Recall (%) F1 Score
product 75.40 56.15 64.36
item 70.59 50.07 58.58
qtd 63.01 41.57 50.09
lot 66.16 44.96 53.53

Table 1. Evaluation Metrics Table

Across all categories, the results show that precision values remained consistently
higher than recall, indicating that the model tends to be conservative when identifying
valid entities. The product field achieved the best quantitative performance, while qtd
and lot exhibited the lowest recall rates, suggesting a reduced sensitivity to numeric and
structured patterns.

4.4.2. Relevance text classifier results

The evaluation of the relevance text classifier, which classifies segments of text as relevant
or non-relevant, yielded the following results:

Time Spent: 690 milliseconds

Mean F1-Score: 0.785



Recall Médio: 0.84

Mean Precision: 0.83

Accuracy: 0.84

These metrics show that the relevance classifier performs effectively, with rel-
atively high precision and recall values. The Mean F1-Score of 0.785 reflects a good
balance between precision and recall, indicating that the model successfully identifies
relevant segments while minimizing false positives and false negatives. The accuracy
value of 0.84 demonstrates the classifier’s reliability in distinguishing between relevant
and non-relevant segments of text.

5. Conclusion and Discussion

The evaluation results demonstrate that the proposed extraction model performs more
effectively for the product field, with a precision of 75.40% and recall of 56.15%,
yielding an F1 score of 64.36%. This indicates that the model correctly identifies most
product names but still fails to detect a considerable portion of relevant instances.

For the item category, precision reached 70.59% and recall 50.07%, with an F1
score of 58.58%, suggesting greater difficulty in distinguishing item descriptions. The
qtd field presented the lowest performance (F1 = 50.09%), revealing challenges in rec-
ognizing numeric patterns for quantities. Meanwhile, the lot category achieved inter-
mediate results (F1 = 53.53%), with acceptable precision but reduced recall, showing a
notable loss of relevant information.

In summary, the model achieves satisfactory precision levels but presents low re-
call, demonstrating a tendency to miss relevant information. The F1 scores suggest a bal-
anced yet improvable performance. Future work should focus on enhancing contextual
understanding and pattern recognition, particularly for numeric and tabular data. Incor-
porating domain-specific post-processing and hybrid approaches that combine rule-based
filtering with large language models may further improve coverage and accuracy in auto-
mated extraction tasks for public procurement documents.
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