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Abstract

Manual classification of Bill of Quantities (BOQs) in
construction procurement is labour-intensive and error-
prone, limiting efficiency in bidding and contract
management. Few structured open datasets for BOQ
classification exist, restricting automation approaches. To
address this, we present a labelled dataset of BOQ tasks
from Portuguese public procurement contracts, structured
for multilabel classification. Synthetic augmentation
using GPT-40 Mini and cosine similarity-based batching
mitigated class imbalance, expanding training data to
23,542 examples per fold (3 folds). This dataset provides
a Portuguese construction corpus and enables Artificial
Intelligence-driven BOQ task classification, fostering
procurement automation and expanding automation
routes in construction contract analysis.

Background

BOQs are essential in construction contracts, defining
project scope, tasks, and costs. Despite their importance
in tendering, BOQ processes remain manual, labour-
intensive, and prone to errors, impacting bid quality and
contract compliance (Luis Jacques de Sousa and Martins,
2023, IMPIC, 2019). Al-driven solutions can improve
BOQ classification by matching project requirements
with internal databases and enhancing cost estimation
accuracy (Zheng et al., 2023, Du et al., 2024, Mahmud et
al., 2025, Rabbani et al., 2025).

Artificial intelligence (Al) techniques such as machine
learning (ML) and Natural Language Processing (NLP)
have seen implementation in contract analysis, energy
management, and structural optimization (Regona et al.,
2022). However, their application remains limited due to
fragmented documentation, lack of data availability and
of awareness of Al capabilities (Sepasgozar and Davis,
2018, Saka et al.,, 2024, Ghimire et al., 2023). The
unstructured nature of construction data requires
extensive preprocessing before Al models can be
effectively implemented (Saka et al., 2024, Jacques de
Sousa et al., 2023b, Jacques de Sousa et al., 2023a).
Recent publications (Lee et al., 2023, Deza et al., 2022)
illustrate the potential of structured BOQ datasets for
streamlining classification and cost estimation. Building

on this foundation, our work expands both the scope and
accessibility of these data-driven methods by introducing
a broader, fully open-source dataset and a novel synthetic
data augmentation framework.

Large Language Models (LLMs) can help overcome data
limitations in Construction (Gilardi et al., 2023).
However, the use of Al-generated data raises challenges,
as construction stakeholders may be reluctant to trust
synthetic data-driven insights without transparent
explainability features (Abioye et al., 2021). Additionally,
training domain-specific LLMs requires substantial
technical expertise and computational resources, posing
significant barriers for smaller firms (Akinosho et al.,
2020).

This research promotes Al adoption in Construction by
developing a structured, labelled dataset for classification
tasks and providing a Portuguese Construction Corpus
that unlocks further NLP applications for contract
analysis, procurement automation, and BOQ
classification.

Methods

Data Retrieval and Classification Methodology

The methodology for data retrieval and classification,
shown in Figure 1, began with the development of a web
scraper to collect data from Portal Base, the Portuguese
public procurement contract repository. Using Selenium
and Chrome Driver, all contractual data related to public
procurement projects in Portugal from 2015 to 2022 was
scraped and downloaded. This dataset included both semi-
structured statistical contract information—previously
synthesized in another publication (Jacques de Sousa et
al., 2023a), and unstructured file data of different file
types.

After storing all the gathered data, the dataset processing
presented in this paper focused on identifying and
extracting Excel files (.xlsx and .csv) related to Bills of
Quantities (BOQ) from 5,253 scraped contracts. The
scope of this dataset is limited to structural construction
tasks, a decision made to maintain a manageable
classification dimensionality.

A rule-based algorithm was employed to detect BOQ files
within the contracts, extract task descriptions, and store
them in a structured repository. To facilitate



classification, a master BOQ template was developed in
collaboration with Portuguese construction professionals.
This standardized format structures BOQ task
descriptions into a three-level hierarchy:

e Chapter Level — Represents broad construction
categories (e.g., Reinforced Concrete Structures,
Masonry Structures, Metal Structures).

e Subchapter Level — Defines more specific
subcategories within the chapter (e.g., Slabs, Walls,
Beams).

e Jtem Level — Details specific construction tasks (e.g.,
Solid Slabs, Solid Fungiform Slabs, Lightweight
Fungiform Slabs).
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Figure 1: Data Retrieval and Classification Methodology

Each extracted task was manually classified following
this hierarchical structure, resulting in 7,096 labelled task
descriptions.

Synthetic Data Generation

The initial dataset of 7,096 task descriptions was deemed
insufficient for Al applications due to data imbalance
across the three hierarchical levels. Early tests revealed
that certain subchapters and items were significantly
underrepresented, motivating the need for synthetic data
augmentation to expand the corpus while preserving its
structure.

Given the scarcity of task-specific datasets and models,
many researchers rely on LLMs to generate labelled data
(Laurer, 2024). Annotating large-scale datasets is both
time-consuming and costly, particularly in specialized
domains (He et al., 2023). Recent studies show that LLMs
now match or exceed human performance in data
annotation, producing high-quality synthetic data
comparable to expert-labelled datasets (Gilardi et al.,
2023).

To address data limitations, the ChatGPT-40 mini API
was used to expand the dataset. The ChatGPT-40 Mini
API was chosen for its improved handling of non-English
text, lower cost, and higher token limits compared to
GPT-4 (Craig, 2024).

Inspired by the Synthetic Minority Over-sampling
Technique (SMOTE), which enhances minority class
representation by interpolating between samples (Preeti,
2024), our approach involved rewriting, extending,
shortening, and modifying task descriptions to balance the
dataset at the subchapter level. Unlike SMOTE, which is
designed for numerical data, direct sentence interpolation
is not feasible in NLP tasks. Instead, synthetic examples
were generated using sentence-level transformations,
mimicking SMOTE's balancing effect in a way suitable
for text-based classification.
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Figure 2: Dataset 3-fold split in preparation for LLM augmentation



As shown in Figure 2, the training and validation data
were split using 3-fold cross-validation. Before splitting,
the data was shuffled to ensure randomness, and a fixed
random seed was applied to maintain reproducibility. The
process iterated through the training and validation
indices, creating distinct subsets for each fold.

This method enables the use of cross-validation for model
evaluation while also serving a key purpose of this study,
enhancing synthetic data generation. By providing varied
training scenarios across folds, this approach improves the
robustness and general applicability of the generated
synthetic data.

As seen in Figure 3, to ensure validity, each fold in the 3-
fold cross-validation originated its own set of synthetic
data, as the training composition differed across folds.
Only the training data from each fold was used as input
for the LLM to generate synthetic examples.

Synthetic augmentation was applied exclusively to the
training dataset, with new examples created to balance
minority classes. This ensured that all synthetic data
remained strictly confined to training, preventing any
contamination of the test set.
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As a result, three independent rounds of synthetic data
generation were conducted, one for each fold. This
approach maintains the integrity of training data
variability while ensuring that the test data remains an
unbiased benchmark for evaluating model performance.

Prompting Strategy

In the existing literature, there is no universally accepted
methodology for generating synthetic data using LLMs
across different domains. Nevertheless, this process
typically begins by selecting authentic data examples that
accurately represent specific classes, in this -case,
descriptions  that  correspond to  subchapters
(Vongthongsri, 2024). These examples serve as a
foundational context from which the LLM can generate
new, synthetic descriptions.

To facilitate this process, batches of context are created
and fed into the LLM for synthetic data generation
(Vongthongsri, 2024). In the batching strategy illustrated
in Figure 4, task descriptions were grouped based on
cosine similarity, ensuring that each batch contained
semantically related tasks. Within these similarity-based
batches, random selection was employed to choose
specific chunks for processing.
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Figure 3: Three-fold LLM augmentation
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Figure 4: Synthetic Data Generator Model Architecture. Adapted from (Vongthongsri, 2024)



This method mitigates biases by promoting diversity in
queries, preventing the model from generating repetitive
or overly similar outputs. By randomizing context inputs
within semantically similar groups, the approach
enhances the variety of synthetic data, thereby improving
the robustness and utility of the generated dataset. The
synthetic data, when combined with its original context,
forms the complete augmented dataset.

The version at the time of writing, of the ChatGPT-40
mini API operates by utilizing pairs of roles and content
to determine the responses from the LLM. These pairs are
typically assigned to establish the role of the system (the
model's role) and to define its behaviour through specified
content.

To define the model's behaviour, the system content
(translated from Portuguese) in Figure 5 was specified
after analysing the quality of the outputs during an
iterative process.

You're an expert in Civil Engineering and Construction, with in-depth knowledge of bill of quantities and
technical task descriptions. Your task is to create detailed, clear and precise task descriptions that belong
to a bill of quantities

The descriptions must:

1. Varyin length.
New descriptions should be diverse, realistic and in line with existing examples and technical
context.

B Ensure that each description is complete, clear and uninterrupted.

4. Donot use numbers at the beginning of descriptions

5. Bewritten in European Portuguese, using appropriate technical terminology for the context

6. The writing style is professional and consistent with use in engineering and construction documents.

To create variations between descriptions you can:

Specify relevant details to make the descriptions vary, such as including different equipment, or the
materials used or places of application or execution

Cover a wide range of possibilities, including different scenarios and methodologies applicable to the
task in question.
vary the descriptions by including, if appropriate, references to technical documents, specific

materials, technical specifications, laws, standards, measurement methods and brands.

Mention complementary works or additional context, where relevant, but it is acceptable to omit
them if they are not necessary.

Use synonyms, shorten or lengthen sentences, rewrite, reorganise.

#a# Example 1 of task resolution ####
subchapter_name: Construction Yard

Descriptions: Installation, maintenance and dismantling of the building site in accordance with article 350
of the CCP (public procurement code), CE (specifications), Installation, dismantling and maintenance of
the building site with removable constructions with a neat appearance, in order to fence off the entire
area of the work, create facilities for supervision, personnel...

Generated text descriptions =

1. Installation of temporary office facilities, including the placement of prefabricated modules,
connection of energy and water services, and installation of office equipment, as specified in the
specifications and in compliance with applicable safety standards.

2. Preparation and organisation of the site, including site clearance

3. Assembly, installation, maintenance and dismantling of the construction site close to the site,
including facilities for the Superintendent/Owner of the Works, connection to existing
infrastructures, opening of access roads, fencing and deforestation if necessary.

itit# Example 2 of task resolution ##it

You must be careful to only create descriptions that fit into the Subchapter creating new data and that
don't fit into any of the other subchapters.

The list of Subchapters is as follows:
Construction Site,

siding and Protection Wall,
Permanent Safety on Site,

Screens,

Restoring existing pavements

Figure 5: System Role (translated from Portuguese)

After defining the content for the model's role, the content
for the user's role is specified. This content varies
depending on the subchapter being addressed, the task
descriptions chunked according to cosine similarity, and
the number of tasks to be created based on the deficit from
the minority subchapter to the majority subchapter class.

The prompt provided to the generator incorporates several
crucial elements:

e subchapter name: which identifies the specific
subchapter.

e descriptions: which are chunks of text grouped by
cosine similarity to form a comprehensive context.

e deficit: which quantifies the deficit in the number of
examples needed between the minority and majority
subchapter classes.

The following prompt, defining the user's role, was
provided to the LLM generator, as seen in Figure 6.

“Here are the task descriptions for the subchapter
{subchapter_name}': \n\n{descriptions\n\n"

“Based on these examples, create {deficit} new task
descriptions for this subchapter in European Portuguese.”

Figure 6. User’s Role (translated from Portuguese)

Finally, each generated task description was manually
reviewed to ensure alignment with the master BOQ
format classification and to confirm its validity within the
corresponding construction theme. An example of this
process can be found in the " Example of LLM-Generated
Task Descriptions" section of this paper.

Results

Data Description

The dataset presented in this paper was collected from the
Portuguese public procurement contract repository and
includes contractual BOQ files from 2015 to 2022. The
data is structured in tabular form, consisting of
construction activity/task descriptions followed by a
multilabel, one-hot encoded classification.

The dataset is pre-split into three folds, each containing
separate training and testing data. The main directory
includes three subfolders, each corresponding to one of
the folds. Within each fold’s folder, there are two files:
one containing the training data and the other containing
the testing data.

Each text description in the dataset is classified into three
hierarchical levels: Chapter, Subchapter, and Item. The
Chapter level comprises 12 classes, the Subchapter level
includes 58 classes, and the Item level contains 72 classes.
For instance, the hierarchical classification for a
construction task can be represented as:

"Reinforced Concrete Structures — Slabs — Solid Slabs",
where:

e Chapter: Reinforced Concrete Structures
e Subchapter: Slabs
e [tem: Solid Slabs

Each chapter typically links to multiple subchapters, and
each subchapter can connect to various items.



However, some subchapters do not descend to the item
level, creating gaps in the hierarchical structure required
by multi-output classification algorithms. To address this
and still respect our master format, we introduced a
“throwaway item” class (see Figure 7). This ensures that
every hierarchical output (chapter, subchapter, and item)
can be labelled consistently for both training and
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without altering the semantic content derived from the
original dataset. Consequently, while they uphold the
classification framework’s requirement for fully labelled
hierarchies, they do not diminish the quality or realism of
the remaining dataset.

Data Distribution

Regarding class distribution, as previously mentioned,
synthetic data augmentation was applied to balance the
dataset at the subchapter level. This means that the
number of underrepresented subchapter classes was
extended until the same number of examples in the most
frequent subchapter class was reached. As a result, each
subchapter class contains an equal number of instances
(e.g., Fold 1: 427 examples per class).

Since the dataset follows a multilabel classification
structure, it is inherently challenging to achieve perfect
balance across all hierarchical levels. The interconnected
nature of the hierarchy means that some labels appear
more frequently than others due to the natural distribution
of data. Figure 8 illustrates the distribution of chapter
classifications, which remains relatively balanced.

At the item level, as seen in Figure 9, the dataset is
significantly imbalanced. Many subchapters lack
corresponding item classes, leading to a strong bias
toward the "Throwaway Item" class.

Researchers utilizing this dataset for classification models
should be mindful of this imbalance when designing and
evaluating their models. The severe class imbalance at the
item level, as shown in Figure 9, poses a significant
challenge for classification models, as the dominance of
the "Throwaway Item" class can lead to biased predictions
and reduced generalization to less frequent item classes.

Class Distribution for
[tems

Others = Throwaway - Item

Figure 9: Item level classifications distribution

Example of LLM-Generated Task Descriptions

Our model architecture, combined with batching
strategies and detailed prompt engineering, enabled the
LLM to generate semantically similar task descriptions
while preserving technical accuracy and adhering to
construction-specific terminology. By structuring inputs
around contextually relevant task groupings, our model
maintained consistency with the original data while
introducing meaningful variations aligned with the master
BOQ classification.

For instance, consider the following real task description
extracted from the dataset (it is important to note that, as
the following descriptions were originally generated in
Portuguese and translated into English, some linguistic
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nuances and variations may not be as impactful in this
version as in Portuguese):

“Dismantling of external metal staircases for
replacement, including the safe disconnection of
associated electrical or hydraulic connections, and the
transportation of removed components for reprocessing
or disposal in accordance with current regulations.”

Based on this context, our model generated the following
alternative task descriptions:

e “Disassembly and removal of metal staircases in
public access areas, with separation of materials for
recycling and transportation of waste to an
appropriate final destination, in accordance with
construction industry regulations.”

® “Removal and dismantling of external metal
staircases, including material treatment for reuse in
a new location according to project guidelines, as
well as loading and transportation of metal waste to
an authorized waste management operator.”

These examples illustrate how the synthetic task
descriptions maintain alignment with the original while
introducing subtle variations in phrasing and additional
contextual details.

Notably, the generated descriptions rephrase tasks (e.g.,
"Dismantling" — "Disassembly and removal") while
preserving their intended meaning. They also incorporate
additional process details, such as material handling and
disposal procedures. Furthermore, some descriptions
introduce project-specific considerations, such as "reuse
in a new location according to project guidelines",
enhancing variability within the task descriptions of a
given class.

Limitations

Although the authors are domain experts, the dataset may
still be subject to bias due to the manual classification of
tasks into chapters. Since classification was performed
manually, subjective interpretations could have
influenced the labelling process.

Additionally, given the large volume of text data, some
degree of human error in data processing may have
occurred. Despite efforts to ensure accuracy,
inconsistencies or misclassifications might still be
present. These factors should be considered when using
the dataset for Al applications, as they negatively impact
model performance and generalization.

Conclusion

The use of ML and NLP in the AEC sector remains in its
early stages, largely due to difficulties in accessing
relevant and reliable data. Although construction projects
generate vast amounts of information, the unstructured
nature of these records poses a substantial barrier to Al-
driven applications. In Portugal, where procurement files

are mandatorily submitted to online repositories,
opportunities exist to harness these publicly accessible
datasets for innovative Al research.

This study addresses the data-sourcing challenge by
developing a web-scraping algorithm that successfully
extracted 5,253 public procurement contracts, yielding a
large, diverse dataset containing labelled BOQs tasks.
Beyond simply providing a new dataset, we introduce a
novel framework for synthetic text data augmentation in
Construction that combines real BOQ data with LLMs.
By leveraging LLMs to generate diverse synthetic
examples, our approach effectively mitigates the issue of
data scarcity in Construction research and lays the
groundwork for more robust classification algorithms.
This framework, which remains relatively unexplored in
the sector, can be adapted for various applications with
text data for Construction.

Our dataset is structured under a master format with three
hierarchical levels (Chapters, Subchapters, and Items). It
includes Portuguese-language BOQ tasks classified in a
multi-labelled manner, thus reflecting the inherent
ambiguity of real-world Construction BOQ translation.
This openly available corpus is a valuable resource for
domain-specific NLP applications, such as automated
contract analysis and intelligent search systems. It
facilitates further development of Al models trained on
Portuguese-language corpora.

Future research can capitalise on this dataset for text-
classification tasks specific to the Construction industry.
Additionally, refinement of the classification structure
through clustering algorithms could produce more
granular or optimised task groupings. Another promising
avenue involves integrating an Al agent to automatically
verify the suitability of new synthetic examples, further
improving dataset reliability. Finally, translating the
dataset into other languages would broaden its
applicability and enable cross-linguistic Al applications
within the AEC sector.

All data and code for synthetic data generation are
publicly accessible through the provided channels in this
paper and the author's GitHub page:
https://github.com/LuisJSousa/PORTUGUESE-
CONSTRUCTION-DATASET-FOR-AI
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