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Abstract Effort estimation is a fundamental activity in software development, guiding task prioritization, resource
allocation, and cost planning. Traditional techniques, such as Planning Poker, rely heavily on team subjectivity
and experience, which can compromise their effectiveness in certain contexts. This study explores how machine
learning and natural language processing techniques can increase the accuracy of effort estimation for user stories.
To understand the current state of research in this area, a systematic mapping was conducted to identify the main
databases, techniques, and methods used to estimate effort based on textual requirements. Guided by the mapping, a
comparative experimental study was performed using the FastText and XLNet language models, combined with a
deep neural network, on a dataset of 23,313 user stories. The results indicate that XL Net outperformed FastText
in most evaluation metrics, achieving a Mean Absolute Error (MAE) of 3.77, a Mean Squared Error (MSE) of
79.94, and a Median Absolute Error (MdAE) of 1.93. Furthermore, the proposed approach performed competitively
compared to related works. These findings demonstrate the potential of deep learning models to assist developers by

providing more accurate, consistent, and objective estimates for user story effort.
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1 Introduction

Requirements engineering is a fundamental phase of software
engineering and is responsible for specifying, documenting,
and maintaining the system’s requirements. This phase in-
volves activities such as elicitation, analysis, and modeling.
Software requirements are detailed and specific descriptions
of the functionalities, behaviors, and constraints of a system,
that is, they define what the software must do and how it
should behave under various conditions [SOMMERVILLE,
2004]. This stage plays a critical role in defining the project
scope, planning, and resource allocation. In agile practices,
collaborative techniques such as Planning Poker are widely
used to support effort estimation.

Effort estimation is a key part of requirements engineering,
aiming to predict the amount of effort required to implement
a given requirement. One of the main challenges in software
development is inaccurate effort estimation, which can lead to
poor quality, delivery delays, underqualified staff, and budget
overruns [Bhat et al., 2006].

According to the report [Jobera Editorial Team, 2025], ap-
proximately 52.7% of software projects exceed their original
budgets by at least 89%, and 47% of unsuccessful projects
fail primarily due to poor project management. Furthermore,
ineffective requirements management accounts for 32% of

software project failures.

Effort estimation typically involves collaboration between
project managers and development teams to assess the com-
plexity of software requirements, such as technical tasks or
user stories. Various techniques are used to support this esti-
mation, with the most common being expert judgment (e.g.,
Planning Poker) and algorithmic or parametric approaches
(e.g., COCOMO, Function Points).

Planning Poker is a collaborative technique in which the
development team meets to discuss and assign a score to each
user story. These scores, known as story points, represent the
perceived difficulty of implementing each requirement. The
technique encourages active participation, promoting discus-
sion about the reasoning behind each estimate, particularly
for extreme values. This collaborative dynamic helps align
the team’s understanding of task complexity [Cohn, 2005].

Despite its popularity, Planning Poker has limitations that
may affect its effectiveness. It relies heavily on the individual
knowledge and experience of team members. Accurate esti-
mation requires familiarity with the requirement, which may
not always be the case. This human dependency can result
in inaccurate estimates, particularly in complex projects or
when team experience levels vary [Aranda and Easterbrook,
2005].

In recent years, advances in machine learning (ML) have
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opened new possibilities for automating effort estimation in
user stories. Recent studies have demonstrated the potential
of ML, based models to predict effort based on textual require-
ments, showing promising results [Choetkiertikul et al., 2018;
Gultekin and Kalipsiz, 2020; Ramessur and Nagowah, 2021].
Moreover, the use of pre-trained Natural Language Processing
(NLP) models, such as BERT (Bidirectional Encoder Rep-
resentations for Transformers) [Favero et al., 2022], GPT-3
(Generative Pre-trained Transformer 3) [Baratto, 2022], and
HAN (Hierarchical Attention Network) [Kassem et al., 2023],
has proven to be particularly effective, enhancing the analysis
and interpretation of complex textual data.

To investigate machine learning techniques and models
for effort estimation from textual requirements, this study
follows two complementary research paths.

Conducting an extensive literature search, no previous sys-
tematic mapping has specifically addressed the use of machine
learning techniques for software effort estimation. Although
[Favero et al., 2018] conducted a systematic mapping focused
on analogy-based software effort estimation techniques, the
scope of their study was restricted to approaches that derive
estimates from historical cases (e.g., ANFIS, collaborative
filtering, and radial basis functions). Covering the period
from 2007 to 2017, their work highlighted trends and gaps
exclusively in analogy-based methods, which opened the op-
portunity for a broader mapping focused on machine learning
techniques applied to textual requirements.

Regarding experimentation, previous studies, such as
[Choetkiertikul et al., 2018], [Favero et al., 2022], and
[Kassem et al., 2023], have already applied language models
combined with deep learning architectures to estimate soft-
ware effort. Building on this line of research, the present
study aims to evaluate additional language models, specif-
ically FastText (uncontextualized) and XLNet (contextual-
ized), on large-scale user story datasets. The goal is to investi-
gate whether alternative embeddings can improve predictive
performance, also considering computational cost and fine-
tuning effects.

To guide this research, two levels of research questions
were defined:

* GRQ1: Identify which approaches have applied ma-
chine learning to software effort estimation.

* GRQ2: Assess the potential of using language models
to enhance these approaches.

Specific research questions were defined for each sub-
study. In the systematic mapping, the questions focus on
the characteristics of the datasets used, the algorithms, tech-
niques, and evaluation metrics addressed in the literature. In
the experimental study, the questions are aimed at analyzing
the performance of different textual representation models
combined with effort estimation models. This approach en-
sures that the general objectives of the study are not confused
with the specific objectives of each stage.

The first involves a Systematic Literature Mapping,
through which the main studies, techniques, metrics, and
approaches used in this domain are identified. Specific ex-
ploratory research questions guide this investigation and are
detailed in the section 4.
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The second consists of an Experimental Study that em-
pirically evaluates models based on word embeddings, such
as FastText and XLNet, combined with machine learning
algorithms. The goal is to compare their performance, ef-
fectiveness, and computational cost in estimating effort, as
outlined in the research questions and results presented in the
section 6.

The findings of the systematic mapping highlight the rel-
evance of the topic and the growing interest of the research
community, as evidenced by the number of published stud-
ies. The analysis shows that NLP and machine learning tech-
niques, especially deep learning models, tend to outperform
traditional algorithms such as Random Forest and Support
Vector Machines (SVM). It was also noted that many datasets
used in the literature are derived from open-source projects
and task management platforms such as Jira and Bamboo.

Systematic mapping contributes by providing a broad anal-
ysis of the most effective models and algorithms used in
software effort estimation, offering insights into the current
state of the art. Based on these findings, this study explores
new techniques that may improve results and foster future
research in the area.

The comparative experiment conducted in this work shows
that both FastText and XLNet achieve similar results in esti-
mating user stories. However, XLNet stands out for its ability
to understand words in context, a critical advantage when
dealing with complex textual requirements. This highlights
the importance of contextual language models in scenarios
where semantic understanding is essential.

In addition to these advancements, several factors must
be considered for applying these techniques in real-world
scenarios: (i) the availability of computational resources, as
more sophisticated models require greater processing power;
(i) the length of user stories, since longer texts increase con-
textual complexity and demand more analytical capacity; and
(iii) the language used in the application domain, which may
impact the effectiveness of NLP models.

Machine learning and NLP techniques represent a promis-
ing approach for software effort estimation, helping reduce
subjectivity and improve accuracy in the estimation process.
By highlighting the challenges and opportunities in this field,
this study provides a solid foundation for future work and
practical applications.

The remainder of this paper is organized as follows: Sec-
tion 2 presents the theoretical foundations. Section 3 reviews
related work. Section 4 describes the systematic mapping.
Section 5 details the development process using FastText and
XLNet integrated into a deep learning model. Section 6 out-
lines the experimental design. Section 7 presents the results
obtained. Section 8§ discusses the development and evaluation
of the application. Finally, Section 9 presents the conclusions
of this work.

2 Background

2.1 Software Requirements

Software requirements refer to the specification of the func-
tionalities that the system must meet and can be represented
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in different ways, depending on the methodological approach
adopted in the project. Among the main methodologies are
agile and traditional [Pressman, 2011][Sommerville, 2011],
both applied to software development, but with significant
differences in their stages and forms of execution. In agile
methodology, the main objective is to deliver results quickly,
prioritize frequent deliveries to the customer, and reduce the
complexity of documentation. In contrast, the traditional
approach involves detailed and comprehensive documenta-
tion before starting the actual development. In the context
of agile development, the user story technique is often used
to accelerate the creation and management of requirements.
This approach allows you to describe each requirement in
the format of a simple narrative, facilitating understanding
and speeding up the development process. On the other hand,
traditional methodologies employ more formal techniques,
such as use cases, which present requirements in a detailed
and structured manner. This results in more comprehensive
documentation compared to the practices adopted in agile
development. Traditional approaches follow a structured and
documented process, typically involving a series of steps for
requirements gathering. These processes include requirement
elicitation, analysis (using techniques like use cases, UML
diagrams, and prototypes), and the documentation of require-
ments, adhering to strict documentation standards. [Som-
merville, 2011][Wazlawick, 2010].

2.2 User Story

User stories are an approach used to specify requirements that
describe the functional behavior of a software system. These
requirements are organized hierarchically into four levels:
Epic, Capabilities, Features, and User Stories. Each of these
levels can be defined as follows: 1) Epic: Represents a broad
requirement, generally presented to customers or users, and
usually covers an entire module of the system. Due to its
complexity, it needs to be subdivided into smaller parts to
enable development. ii) Capabilities: These refer to high-
level behaviors that solve system problems. Each capability
is broken down into several features to facilitate implemen-
tation. 1iii) Features: These are specific functionalities or
system resources. Each feature has well-defined hypotheses
or acceptance criteria and is subdivided into User Stories,
which are assigned to development teams during iterations.
iv) User Stories: Directed to the development team, they
describe what a user wants to accomplish with the product
and the reason for this need [Favero et al., 2022]. The main
purpose of a user story is to capture the essential elements
of a [Cohn, 2005] software requirement. The most widely
used format for describing a user story, as proposed by [Cohn,
2005], follows the structure: ”As a type of user, I want to
accomplish something, for that goal or justification.” Table 1
illustrates an example user story using this pattern.

Table 1. example of user stories according to Cohn (2005).
As a seller, I would like to check
US | the stock of a certain product

to offer to a customer.
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2.3 Software Effort Estimation

Effort estimation in software consists of calculating the work
required to develop a specific requirement. Effort, in this
context, is understood as a metric that quantifies the workload
required to complete a task and can be expressed in units such
as man/hour or man/day. In the case of software requirements,
this metric can also consider the financial costs involved in
development [Abdukalykov, 2011].

Several approaches are currently used to estimate effort
in software requirements, which are classified as paramet-
ric/nonparametric algorithms and non-algorithmic methods.
Parametric models use statistical and mathematical techniques
to estimate effort, such as function point analysis [Choi et al.,
2012] or the COCOMO II model [Boehm et al., 2000]. Non-
algorithmic methods are based on machine learning algo-
rithms, which perform estimates by learning from historical
data from previous projects.

As pointed out by [Shepperd, 2007], effort estimation tech-
niques can be grouped into three main categories: i) Human
judgment-based techniques: These techniques are widely
used in agile methodologies, and they rely on the subjective
assessment of participants. However, they can lead to inac-
curate estimates due to factors such as excessive optimism
(e.g., the use of planning poker). ii) Parametric and algo-
rithmic model-based techniques: represent a more objective
alternative to human techniques, employing mathematical
models or algorithms to perform the estimation (e.g., CO-
COMO and Function Points). iii) Machine learning-based
predictive techniques: use algorithms such as linear regres-
sion, neural networks, and analogy-based methods. These
approaches analyze historical data to make more accurate
predictions about new projects.

Points per story represent a metric widely used in agile
development methodologies, with the objective of expressing
the amount of work necessary to develop a specific require-
ment, that is, a functionality of a [Cohn, 2005] system. One
of the common approaches to assigning values to this metric
is the Fibonacci sequence, which includes numbers such as 1,
2,3,5,8, 13,21, 34, 55, and so on.

2.4 Planning Poker

Today, most software projects perform effort estimates on
requirements based on human judgment. This process usu-
ally relies on the developers’ experience and the develop-
ment team’s collective perception. One of the most widely
adopted techniques in this context is Planning Poker [Cohn,
2005; Grenning, 2002], a collaborative method inspired by
the game of poker, which seeks to promote consensus among
team members. In Planning Poker, each developer receives a
set of numbered cards representing different levels of effort,
known as story points. Each member chooses individually
and without external influences for each requirement, a value
that represents their estimate of the effort required for im-
plementation. Then, all cards are revealed simultaneously,
allowing the team to visualize the different perceptions of the
complexity of the task. If there are significant discrepancies
between the estimates, especially at the highest and lowest
values, those responsible for these choices are encouraged to
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justify their decisions. This process facilitates the exchange
of knowledge among developers, leading to a more in-depth
analysis of the technical challenges involved. After this dis-
cussion, a new round of voting can be held, or the team can
choose to define a final value based on consensus. Although
this approach is widely used, it presents challenges, such as
cognitive bias, social influence, and variability between teams,
which can impact the accuracy of estimates in a given con-
text. Thus, recent research has explored automated methods
based on artificial intelligence and machine learning, which
seek to reduce subjectivity and improve the predictability of
estimates [Kassem et al., 2023].

2.5 Natural Language Processing

Natural Language Processing, a subfield of computer science,
is dedicated to developing techniques for understanding and
interpreting human language. Its main objective is to create
computational models capable of performing tasks such as au-
tomatic translation, textual analysis, information retrieval, and
interactions between humans and machines [Russell, 2016].

Among the main applications of NLP, text analysis and in-
terpretation stand out, especially due to the vast amount of tex-
tual data available on the Internet. These analyses have been
improved with the use of machine learning (ML) techniques,
which, by extracting specific characteristics from texts, enable
computational models to perform advanced tasks, such as text
classification and other analyses [Hirschberg and Manning,
2015].

For NLP-based models to be able to manipulate and inter-
pret texts, it is essential to subject them to a training process.
This training requires a substantial set of texts related to the
context of interest, known as a corpus, which allows the
model to learn and perform tasks aligned with the domain
being analyzed [Cambria and White, 2014].

According to [Sinclair and Wynne, 2004], a corpus is de-
fined as a set of texts stored in electronic format. To achieve
efficient performance, NLP models need to access a signifi-
cant amount of texts belonging to the specific domain and in
the language in which they will be applied. However, one of
the limitations of NLP is that many models are developed only
for languages with extensive support for textual data, such as
English, French, Spanish, German and Chinese [Hirschberg
and Manning, 2015].

In order for machine learning algorithms to understand
texts, it is necessary to convert them into a format suitable for
computational interpretation. This conversion occurs during
the preprocessing stage in text mining tasks, which ensures a
more efficient representation of the contents.

2.6 Textual Representation

Textual representation plays a crucial role in text mining.
Various techniques have been developed to capture textual
features in the most effective way, aiming, for instance, to
identify patterns and similarities between text elements. In
the following, we present the word embeddings model, which
served as the foundation for the textual representation tech-
niques adopted in this study.
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2.7 Word Embeddings

Word embeddings models are a reference in the field of Natu-
ral Language Processing (NLP) for textual representation, and
are considered a significant advancement over classical meth-
ods, particularly due to their learning approach and the way
words are represented [Naseem et al., 2021]. These models
stand out for their ability to learn representations automati-
cally by using neural networks to extract features, mapping
words into a space where those with similar meanings are
positioned closer together [Bengio et al., 2013; Jurafsky and
Martin, 2019].

Compared to classical models—which often represent
words using thousands or even millions of dimensions—word
embeddings typically use vectors with only dozens or hun-
dreds of dimensions to represent a word [Goldberg, 2022],
making processing and mapping more efficient. Further-
more, this mapping allows the model to capture semantic
relationships (for instance, between an infinitive verb and
its conjugated forms), enabling words to be represented by
different numerical vectors according to their semantic mean-
ing [Mikolov et al., 2013a; Zhang et al., 2015]. Figure 1
illustrates an example of word mapping and the relationships
between word representations.

Once words are represented as vectors of real numbers,
they can be positioned in an n-dimensional space, allowing
the calculation of distances between them. This enables the
measurement of their semantic proximity — the closer the
vectors, the more similar the meanings; conversely, greater
distances reflect semantic divergence, as illustrated in Fig-
ure 1 [Goldberg, 2022].

According to Haj-Yahia et al. [Haj-Yahia et al., 2019], the
predictive methods used for generating word embeddings can
be broadly classified into two categories: (i) context-free and
(i1) contextualized models. The following sections explain
the concepts and structural distinctions between these two

types.

2.8 Context-Free and Contextualized Word
Embeddings

Traditional word embeddings, often referred to as context-
free embeddings, map each word to a fixed vector regardless
of the sentence in which it appears. This approach presents
limitations, especially for polysemous words, as it fails to
capture variations in meaning depending on context [Jurafsky
and Martin, 2019]. Additionally, these models are typically
unidirectional, they process input text from left to right, which
prevents them from fully understanding the semantics of a
complete sentence. Another limitation is their shallow ar-
chitecture, as they represent words using only a single layer
[Mikolov et al., 2013a].

These drawbacks can be mitigated by contextualized em-
beddings, which adapt a word’s representation based on the
surrounding words in the sentence. As a result, different con-
texts yield different vectors for the same word, addressing
issues such as polysemy and ambiguity [Jurafsky and Martin,
2019].
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Figure 1. Vector representation of word embeddings [Mikolov et al., 2013b].

2.9 BERT and Transformer Models

Among the most significant advances in contextualized word
embeddings is the Bidirectional Encoder Representations
from Transformers (BERT), introduced by Devlin et al. [De-
vlin et al., 2018]. BERT leverages the Transformer archi-
tecture [Vaswani et al., 2017], which is based entirely on
self-attention mechanisms, enabling the model to capture com-
plex dependencies across entire sequences. Unlike traditional
models that process text in a unidirectional manner, BERT
is pre-trained using a masked language modeling (MLM) ob-
jective, allowing it to jointly condition on both left and right
contexts in all layers.

The introduction of BERT marked a turning point in NLP,
setting new benchmarks across a wide range of tasks such as
question answering, sentiment analysis, and text classifica-
tion. Its architecture has inspired the development of several
other powerful models, including RoBERTa, ALBERT, and
XLNet, which introduce improvements in training strategies
and model efficiency.

These Transformer-based models demonstrate superior per-
formance by learning deep contextualized representations,
significantly advancing the capabilities of NLP systems in
understanding semantics, handling ambiguity, and modeling
long-range dependencies in text.

2.10 FastText

FastText is an embedding model developed as an open-source
API (Application Programming Interface) by Facebook. Simi-
lar to other widely used models such as Word2Vec and GloVe
[Pennington et al., 2014], FastText aims to transform textual
features into vector representations (embeddings), facilitat-
ing their use in machine learning models. One of its main
advantages is its speed in learning word representations [Bo-
janowski et al., 2017], which is largely attributed to its ability
to capture the internal structure and morphology of words
independently [Santos ef al., 2017].

The model adopts the skip-gram architecture, a training
objective in which the system attempts to predict surrounding
context words given a target word. This allows the model to
learn how words co-occur within a defined context window
in a corpus [Mikolov ef al., 2013a]. FastText, as an extension
of Word2Vec, is designed to work directly with raw texts. Its
vector representations are constructed by combining character
n-grams, which enables the model to incorporate subword in-

formation. This makes it particularly effective in interpreting
rare, incomplete, or misspelled words, as well as capturing
semantic information based on the sequence and organization
of characters. Moreover, the model considers the context of
adjacent words on both the left and right sides, enhancing its
ability to understand meaning in local contexts.

FastText was selected for textual feature extraction in this
study due to its various advantages, including low computa-
tional cost and robustness to lexical variations. Its use aims
to evaluate its performance in the proposed experiments, em-
phasizing its efficiency and suitability for the task [Ghosal
and Jain, 2023].

2.11 XLNET

XLNet is a generalized autoregressive model widely used in
text classification tasks. Developed as a combination of con-
cepts from ELMO and BERT models [Devlin ef al., 2018],
XLNet is capable of capturing the full context of a piece
of information, considering both sides of the sentence. The
model operates in two main phases: pre-training and fine-
tuning. During pre-training, XLNet rearranges the words
of the sentences to understand and learn the semantic mean-
ing in a bidirectional manner, overcoming the limitations of
traditional linguistic models that perform one-dimensional
analysis.

XLNet’s main approach involves extracting textual features
by reconstructing the input texts through permutations and
combinations, which allows it to explore the text in its entirety
and perform bidirectional predictions. To achieve this, the
model is structured with a self-attention layer that operates in
two streams, as illustrated in Figure 2.

As illustrated in Figure 2, the calculation flow of the con-
tent is shown on the left side, while the guery is shown be-
low. In the calculation process, if the goal is to predict x;
based only on its position, the representation will be KV =
[A1,ha,h3], and Q = g1. If the goal is to predict the surround-
ing tokens, the representation will be KV = [hy,hs,hs, hy]
and Q = hy. On the right side, the calculation of the outputs
is shown, where the weights of h and g are applied to (x;) and
w. From there, a mask is used for both the content and the
query to calculate the outputs [Wang and Zhang, 2022].

XLNet was used in this study due to its ability to capture
contextual information bidirectionally, which aligns directly
with the format of textual requirements, where it is essential
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Figure 2. Representation of the XLNet model [Wang and Zhang, 2022].

to ensure the accuracy of semantic representations of user
stories. Unlike models such as FastText, XLNet understands
complex dependencies between words, enhancing prediction
accuracy when performing effort estimation. Several stud-
ies have demonstrated its effectiveness in natural language
processing tasks [Wang and Zhang, 2022], supporting its
suitability for the present study.

2.12 Deep Learning

Deep Learning (DL) is a type of neural network that has
gained prominence in various fields. Some algorithms in
this subfield, such as Recurrent Neural Networks (RNN) and
Convolutional Neural Networks (CNN), are widely used in
text classification tasks.

One of the limitations encountered in RNNs is the vanish-
ing gradient problem, also known as the disappearing gradient.
This issue arises during the training of deep neural networks
using backpropagation algorithms once the gradients of the
weights in the deeper layers of the network become small as
training progresses. The use of backpropagation algorithms
results in insignificant updates to the weights of these layers,
making the model less efficient than desired.

To deal with this problem, the LSTM (Long Short-Term
Memory) deep learning model was developed, which stands
out from RNNs for its ability to maintain long-term memory.
The main difference between this model and conventional
RNN:s lies in the separation between the output of each node
and its memory and the existence of self-recurrent feedback
connections with a delay of one step. This allows LSTMs to
overcome the vanish gradient problem and capture long-term
dependencies in data sequences, making them more effective
in different ML and NLP tasks [Van Houdt ef al., 2020].

2.13 Machine Learning Models for Effort Es-
timation

The present research aims to develop a model to estimate the
effort in textual requirements. For this, NLP techniques com-
bined with deep learning models are used. Text extraction and
analysis play a key role in the accuracy of the model, ensuring
the representation of words through embedding vectors.

In this research, the XLLNet and FastText models were used,
which have distinct characteristics: the first is a contextual-
ized model, while the second does not consider the context
of the words. These textual representations are processed
by deep neural networks to identify patterns and make more
accurate predictions of the effort required for software devel-
opment.

3 Related Works

Several studies have investigated models and techniques to
improve the accuracy of effort estimation based on textual
requirements.

Choetkiertikul et al. [2018] proposed the Deep-SE model,
composed of an LSTM and Recurrence Highway Network
(RHN), trained on 23,313 issues from 16 open-source projects.
Although the model achieved substantial improvements over
traditional baselines, it relied on non-contextual embeddings
and lacked domain adaptation.

Gultekin and Kalipsiz [2020] expanded estimation to the
sprint level using Gradient Boosting Regression (GBR) on
large open-source datasets. Although effective for aggregated
predictions, their approach did not explore deep learning or
contextualized embeddings, which are capable of modeling
nuanced semantic patterns.

Ramessur and Nagowah [2021] proposed a regression-
based model incorporating contextual variables and exten-
sive preprocessing. However, the study did not employ deep
learning methods, limiting the ability to capture complex
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relationships within user story texts.

More recently, Favero et al. [2022] integrated BERT em-
beddings into Deep-SE and evaluated the model on a unified
repository of software projects. Their results demonstrated
that contextualized transformer embeddings can substantially
improve accuracy, although only a single contextual model
was evaluated.

Kassem et al. [2023] proposed a Hierarchical Attention
Network to capture document-level structure, achieving no-
table improvements in MAE and MdAE. Nonetheless, the
study was restricted to a single dataset and did not compare
multiple embedding strategies, limiting its generalizability.

Although these works have advanced effort estimation, im-
portant limitations remain. As summarized in Table 2, most
studies rely on general pre-trained models without domain-
specific fine-tuning, evaluate only a single textual represen-
tation, or use restricted datasets. Moreover, existing work
rarely compares contextualized and non-contextualized mod-
els under a unified experimental design.

In parallel, Favero et al. [2018] conducted a systematic
mapping focused exclusively on Estimation by Analogy
(EbA) techniques between 2007 and 2017. While the study
identified historical trends, it did not address modern machine
learning or deep learning models applied to textual require-
ments.

No other surveys or systematic mappings were found that
specifically address machine learning for effort estimation
based on user story text, which further highlights the relevance
of the present study.

The present study contributes to the field by evaluating mul-
tiple modern language models, FastText and XL Net, within
a unified deep learning architecture inspired by Deep-SE,
which incorporates domain-specific unsupervised fine-tuning
and integrates systematic mapping with empirical experimen-
tation.

4 Systematic Mapping

This Systematic Mapping was conducted following the guide-
lines proposed by [Petersen et al., 2015]. Additionally, the
systematic literature review guidelines by [Kitchenham and
Charters, 2007] were used when complementary, given the
similarities in the processes of identifying and selecting pri-
mary studies. The SMS followed five main steps [Petersen
et al., 2008], which are described in the following subsections.

4.1 Research Questions (RQs)

This systematic mapping aims to identify studies that apply
machine learning techniques to perform sofiware effort esti-
mation on requirements. Table 3 presents the RQs defined
to guide this SMS.

4.2 Search String

Our research questions guided the identification of the main
search, which included “requirement estimation” and “ma-
chine learning”. We then extracted synonyms and alternative
expressions for each term to build tailored search strings for
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each database. The derived alternatives for both key terms
are summarized in Table 4.

These keywords were chosen mainly because they empha-
size the theme of systematic mapping, and they are present
in several related studies, for exemple [Choetkiertikul ef al.,
2018], [Favero et al., 2022] and [Kassem ef al., 2023]. We
used boolean operators to link the key terms and their syn-
onyms when connecting the search string. As a result, we
formed the following search string:

(“requirements estimation” OR “user story estimation” OR
“story point estimation” OR “estimating story points”’) AND
( “machine learning” OR “deep learning” OR “neural
networks”)

The following online databases were searched: IEEE
Xplorer', ACM Digital Library? and Scopus®. The choice
to use these databases was due to the Scopus base being the
largest database of titles and abstracts [Keele et al., 2007],
and the others being popular digital libraries used in related
studies, as they are the primary search sources, in addition
to being the most used digital libraries for systematic studies
[Britto et al., 2014], [Costa and Salvador, 2015] and [Hussain
etal.,2013].

Each was evaluated article based on its title and abstract
and performed an inclusion criteria (IC) and exclusion criteria
(EC) assessment as shown in Table 5.

In addition to the string-based search, was adopted a hybrid
search strategy that included backward and forward snow-
balling, as recommended by [Wohlin, 2014]. This ensured
the inclusion of relevant studies potentially missed by the
initial query-based search.

4.3 Selection Process

The study was carried outthrough a systematic search in three
electronic databases, following a selection process based on
predefined criteria. Figure 3 illustrates the main steps of this
process.

IEE Explorer ACM

Studies selected from the sources (318)

Scopus

Stage 1
[Removing duplicate studies

and filtering through the
criteria: CI and CE,
title and abstract(45)

Stage 2 l

Filtering through the criteria:
CI and CE,full text(31)

Stage 3 l

—

Figure 3. Search and selection SM process

filtering criteria:(+42)

Final Selection =
73 studies

Backward Snowballing and ’

”In cases of duplicate publications, was considered the
most recent version. Using the search string in the Scopus
database, was recovered 291 studies. In total, the search

Uhttps://ieeexplore.ieee.org/
Zhttps://dl.acm.org/
3https://www.scopus.com
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Table 2. Comparison of related works, identified gaps, and contributions of the present study

Author / Year Technique / Dataset Main Limitations Gaps Addressed by This
Model Study
Choetkiertikul et Deep-SE (LSTM + 23k OSS issues Non-contextual embeddings; Adds contextual (XLNet) vs
al. (2018) RHN) single architecture; no do- non-contextual (FastText)
main adaptation. comparison and domain-
specific fine-tuning.
Gultekin  and GBR (Traditional OSS sprint  No deep learning; limited se- Introduces deep models and
Kalipsiz (2020) ML) datasets mantic modeling; no embed- evaluates multiple textual
ding comparison. representations.
Ramessur and Regression ML Private dataset No DL; shallow features; no  Uses deep neural architecture
Nagowah (2021) contextual modeling. with contextual embeddings
and fine-tuning.
Favero et al. BERT + Deep-SE  Unified OSS  Single contextual model; no  Performs multi-embedding
(2022) repository contrast with non-contextual evaluation and integrates
baselines. mapping + experimentation.
Kassem et al. HAN (Attention) Single OSS dataset  Dataset-specific; no multi- Evaluates two distinct mod-
(2023) model comparison; no do- els; tests generalization; ap-
main tuning. plies domain adaptation.
Favero et al. Systematic Map- Multiple datasets  Focus on Estimation by Anal- Expands scope with ML/DL
(2018) ping ogy (EbA); no ML/DL for models and updates system-
textual estimation. atic evidence.
Table 3. Research Questions
ID | Questions Rationale
RQ1 | How many publications have performed software | Identify the number of studies developed over the
effort estimation on requirements using machine | years
learning?
RQ2 | Which datasets used in the selected studies? Identify the data sets used in the studies and how
frequently they are used will be analyzed.
RQ3 | What machine learning algorithms were used in | Identify and verify which algorithms have been
these studies? used in the context of effort estimation in software
requirements.
RQ4 | What evaluation metrics were used in these studies? | Identify which metrics were used in the analyzed
studies, highlighting how frequently they are used.

Table 4. List of keywords and their synonyms

Table 5. List of inclusion and exclusion criteria

Keywords

Synonyms

Inclusion Criteria

requirement estima-

tion

user story estimation, story
point estimation, estimating
story points.

machine learning

deep learning, neural net-
works

IC1 - The study concentrates estimation in requirements,

answers;

IC2 - The study contributes to at least one of the research

questions; and

IC3 - The study was published between 2005 and 2023.

returned 318 publications: 8 from IEEE, 19 from the ACM
Digital Library, and 291 from Scopus. Below, it describes
how each stage of the selection was carried out.

Stage 1: In the Ist stage, was removed duplicate stud-

ies and applie

d the selection criteria on title, abstract, and

keywords, resulting in 45 selected studies.

Stage 2: In the 2nd stage, the selection criteria were applied
considering the full text, resulting in a set of 31 studies.

Stage 3: Over these 31 studies that remained in 2nd stage,

we performed

backward snowballing in 3rd stage. In the

snowballing process, we looked at all the references from the
31 studies selected and was applied the selection criteria in
the title, abstract, and keywords, leading to 54 new studies.

The selection

criteria were again applied to the 54 studies

considering the full-text analysis, resulting in 42 studies.

Exclusion Criteria

EC1 - Abstract or extended abstract without full text
EC?2 - The manuscript does not have sufficient bibliograph-
ical information, for instance, the publisher

EC3 - Study is not written in English;

EC4 - Study is a copy or an older version of another publi-
cation already considered. In these cases, the most current

version is considered

ECS - No access to the full study
EC6 - Study is not a primary Study.

As a result, we had 73 studies to analyze (31 from the
sources and 42 from backward snowballing). Figure 3sum-
marizes the stages and their results, showing the progressive
reduction of the number of studies throughout the selection

stages.



User Story Estimation using Natural Language Processing and Deep
Learning: A Comparative Study

4.4 Data Collection and Analysis

There were several meetings between the authors to decide on
what information to extract from each of the selected studies.
A shared Excel document* was created, and each paper was
given a unique ID. Was extracted publication details that in-
cluded: publication venue, year, country, type of publication
(conference, workshop, or journal), and authors. We further
extracted the title, algorithms, metrics, and databases used.
Next, we listed the publication date for each paper to deter-
mine if there was a trend in the number of publications per
year on related research.

4.5 Results Analysis

Based on the previously defined research questions, this sec-
tion presents the results of the systematic mapping study. The
analysis focuses on the selected studies, with emphasis on the
datasets and techniques used, in order to answer the proposed
questions.

RQ1: How many publications have performed soft-
ware effort estimation on requirements using machine
learning? This research question aims to analyze the num-
ber of studies related to the topic in order to demonstrate its
relevance and how it has evolved over time.

Figure 4 presents a graph showing the distribution of pub-
lications from 2005 to 2023, all of which address effort es-
timation for software requirements using machine learning
techniques.

Figure 4. Number of studies published between 2005 and 2023.

The graph reveals a clear upward trend in the number of
published studies over the years, indicating growing academic
interest and the potential for continued research in the field
of software effort estimation using machine learning. This
progression suggests that the topic is gaining increasing rele-
vance and visibility within the software engineering research
community.

Additionally, Figure 5 presents the distribution of publica-
tion types among the selected studies, categorized as journal
articles, conference papers, and book chapters. This classifi-
cation highlights the diversity of publication venues and the
multidisciplinary nature of the research.

4An abbreviated version of this form is available at
https://docs.google.com/spreadsheets/d/1-2nJd-I_
mmJw2sA5stId1LScBnwnusnX/edit?usp=sharing&ouid=
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Conference

Journal

Figure 5. Types of publication.

The analysis shows that the majority of the selected studies
were published in journals (55.7%), followed by conference
proceedings (42.9%), and a small portion in books (1.4%).
This distribution reflects a strong preference for disseminat-
ing research findings through peer-reviewed journals and
conferences, which are the primary channels for scientific
communication in the area.

Figure 6 displays the distribution of studies by country,
aiming to identify the nations that have contributed most to
the research domain. The data reveal that India (29.04%)
and the United States (11.8%) are the leading contributors in
terms of publications related to software requirements effort
estimation using machine learning. This suggests a strong
research interest in these countries, possibly driven by aca-
demic, industrial, or governmental initiatives.

Turkey

Estonia

Jordan
singapore

0 H 10 15 20

Figure 6. Distribution of studies by country.

R@Q2: What are the datasets used in the selected stud-
ies?

In response to RQ2, the analysis of the selected articles
revealed the recurring use of several datasets across different
studies. Most of these datasets are publicly available and
are commonly used in empirical research on software effort
estimation. Since the focus is on the application of machine
learning techniques, training models typically involve data
from various types of software projects. Table 6 provides a
brief description of each identified dataset.

It is essential to highlight that open-source projects typi-
cally use different criteria for effort estimation than commer-
cial projects, which tend to evaluate effort and time based on

108975222690704602861&rtpof=true&sd=tru
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Table 6. Description of datasets used in the selected studies.

Dataset

Description

Studies that used the dataset

Ziaetal.

Dataset used for requirement-based effort estimation us-
ing NLP techniques.

[Sanchez et al., 2022], [Rodriguez Sanchez et al., 2023],
[Ramessur and Nagowah, 2021], [Choetkiertikul et al.,
2018], [Scott and Pfahl, 2018], [Satapathy and Rath,
2017] [Bilgaiyan et al., 2019], [Prasada Rao et al., 2018],
[Khuat and Le, 2016],[Kaushik et al., 2020], [Sharma
and Chaudhary, 2020], [Hemrajani and N, 2021], [Arora
et al., 2021], [Khuat and Le, 2016], [Bilgaiyan et al.,
2019], [Khuat and Le, 2018], [Khan and Qureshi, 2014]

Choetkiertikul et al.

Real project data for training ML models in effort predic-
tion.

[Tawosi et al., 2022] [Phan and Jannesari, 2022b] [Kumar
et al., 2022] [Gupta and Mahapatra, 2022] [Kassem e al.,
2023] [Fu and Tantithamthavorn, 2022] [Abadeer and
Sabetzadeh, 2021] [Turic et al., 2023] [de Morais, 2021]
Kanmani et al., 2007] [Braga et al., 2007]

Tawos Includes user stories and estimated effort annotations. Tawosi et al., 2022]

Private Proprietary datasets from internal company projects. Sarro et al., 2020], [Zakrani et al., 2018], [Gultekin and
Kalipsiz, 2020], [Soares, 2018], [Scott and Pfahl, 2018],
[Najm et al., 2019], [Moharreri et al., 2016], [Choetkier-
tikul et al., 2018] [Sudarmaningtyas and Mohamed, 2021]

COCOMO Classic dataset based on Boehm’s cost estimation model. [Kanmani et al., 2007] [Hussein et al., 2017] [Nassif et al.,
2013] [Araujo et al., 2017] [Azzeh et al., 2015]

NASA Historical project data from NASA, often using CO- | [Praynlin and Latha, 2013],[Kultur et al., 2008], [Yousef

COMO. et al., 2017], [Khuat and Le, 2018], [Minku and Yao,

2013]

China Dataset from Chinese software projects. [Hussein et al., 2017], [Nassif et al., 2013]

Jira

Extracted from Jira systems: user stories, tasks, and
logged effort.

[Malgonde and Chari, 2019], [Zakrani et al., 2018]

Open source projects

Various datasets from OSS repositories with effort data.

[Arora et al., 2021],[Malgonde and Chari, 2019], [Porru
et al., 2016], [Abrahamsson et al., 2011], [Suresh Kumar
et al., 2022]

Desharnais Contains function points and productivity metrics. [Abnane et al., 2019], [Nassif et al., 2013], [Srinivasan
and Fisher, 1995], [Singh and Kumar, 2020], [Araujo
etal., 2017], [Azzeh et al., 2015]

Maxwell Projects from the telecom domain with effort info. [Abnane et al., 2019], [Nassif et al., 2013]

PROMISE Public repository with SE datasets, including effort data. [Kumar et al., 2020],[Kaushik and Singal, 2022],
[Hamouda, 2014]

Albrecht Early dataset using Function Points for estimation. [Nassif et al., 2013], [Araujo et al., 2017]

Kemerer Size and effort data from business applications. [Nassif et al., 2013],[Najm et al., 2019] , [Araujo et al.,
2017], [Azzeh et al., 2015]

Kitchenham Dataset from systematic reviews on cost estimation. [Nassif ez al., 2013]

ISBSG Industrial repository with anonymized project data. [Srinivasan and Fisher, 1995], [Pospieszny ef al., 2018],
[Hamouda, 2014]

Bamboo Data from CI/CD pipelines, including deployment effort. [Marapelli ef al., 2020]

delivery deadlines and contractual commitments. As a result,
using diverse datasets during model training is essential to
improving the generalization and applicability of the effort es-
timation models, regardless of the project context (Figure 7).
However, this practice,training with heterogeneous datasets,
was not commonly observed in the reviewed studies.

Figure 7. Datasets used

RQ3: What machine learning algorithms were used in
these studies?

The analysis of the selected studies revealed the use of
various machine learning algorithms for effort estimation. To
identify which algorithms are most commonly adopted in this
context, Table 7 provides a summary that lists each study

alongside the specific algorithms applied. This overview
allows for a comparative understanding of the algorithmic
preferences and trends within the research community.

Figure 8 presents a summary of the main algorithms used in
the analyzed works. Several studies have employed multiple
algorithms to perform the same estimation, with the aim of
investigating different approaches and identifying those that
offer the best results. An example of this is the study by
[Malgonde and Chari, 2019], which applies machine learning
algorithms to predict the effort required in agile software
development.

The analysis of the studies revealed that the most com-
monly adopted machine learning algorithms for software
requirements effort estimation were Artificial Neural Net-
works (ANN), Support Vector Machines (SVM), and decision
tree—based methods such as Random Forest and AdaBoost.
Among them, ANN/NN stood out as the most frequently used,
appearing in 20 studies, followed by SVM and Random For-
est, each cited in 10 studies. This pattern suggests a clear
preference within the research community for these models,
likely due to their effectiveness in capturing complex rela-
tionships within the data. In contrast, more recent algorithms
such as XGB, CatBoost, and GRB were seldom explored,
indicating opportunities for further investigation.”

RQ4: What evaluation metrics were used in these stud-
ies? In response to RQ4, several studies also reported con-
cerns regarding the evaluation process, particularly the choice
and application of performance metrics. These metrics play
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Table 7. Use of algorithms in effort estimation of software requirements

Algorithm Study

KNN Abnane et al., 2019]

Sanchez et al., 2022], [Malgonde and Chari, 2019], [Sarro et al., 2020], [Malgonde and Chari, 2019], [Suresh Kumar ez al., 2022]

AR

Rodriguez Sanchez et al., 2023], [Ramchurreetoo and Hurbungs, 2022], [Ramessur and Nagowah, 2021], [Arora et al., 2021],
Malgonde and Chari, 2019], [Satapathy and Rath, 2017], [AG et al., 2021], [Nassif et al., 2013], [Suresh Kumar et al., 2022], [Moharreri et al., 2016]

Random Forest

Rodriguez Sanchez et al., 2023], [Sarro et al., 2020], [Arora et al., 2021], [Satapathy and Rath, 2017], [AG et al., 2021],
Singh and Kumar, 2020], [Moharreri et al., 2016], [Sree et al., 2017], [Suresh Kumar et al., 2022], [de Morais, 2021]

SVM
Pospieszny et al., 2018]

Tawosi et al., 2022], [Ramchurreetoo and Hurbungs, 2022], [Ramessur and Nagowah, 2021], [Malgonde and Chari, 2019],
Soares, 2018], [Abrahamsson et al., 2011], [Scott and Pfahl, 2018], [Hidmi and Sakar, 2017], [AG et al., 2021],

ANN /NN

Suresh, 2022], [Gupta and Mahapatra, 2022], [Phan and Jannesari, 2022a], [Ramessur and Nagowah, 2021],
Malgonde and Chari, 2019], [Khuat and Le, 2016], [Yousef et al., 2017], [Kumar et al., 2020], [AG et al., 2021],

[
[
[
[
[
[
AdaBoost [Rodriguez Sanchez et al., 2023], [Arora et al., 2021], [Suresh Kumar et al., 2022]
[
[
[
[
[
[Bilgaiyan et al., 2019], [Sree et al., 2017], [Dhir et al., 2017], [Praynlin and Latha, 2013], [Kultur ef al., 2008],

Azzeh et al., 2018], [Azzeh et al., 2015], [Kanmani ef al., 2007], [Kaushik and Singal, 2022], [Khan and Qureshi, 2014], [Kocaguneli et al., 2011]
NB Sarro et al., 2020], [Ramchurreetoo and Hurbungs, 2022], [Moharreri et al., 2016]
GNN Phan and Jannesari, 2022b]
RHN Favero et al., 2022], [Abadeer and Sabetzadeh, 2021], [Choetkiertikul et al., 2018]
DBN Kaushik et al., 2020], [Gupta and Mahapatra, 2022]

Kassem et al., 2023], [Fu and Tantithamthavorn, 2022], [Marapelli et al., 2020], [Panda et al., 2015], [Hussein et al., 2017],

[
[

RNN [de Morais, 2021]

MLP [Fu and Tantithamthavorn, 2022], [Gultekin and Kalipsiz, 2020], [Singh and Kumar, 2020], [Pospieszny et al., 2018],
[Minku and Yao, 2013], [Hamouda, 2014], [Araujo et al., 2017], [Braga et al., 2007]

RL [Ramessur and Nagowah, 2021], [Arora ef al., 2021], [Abrahamsson et al., 2011], [Sharma and Chaudhary, 2020],
[Hemrajani and N, 2021], [Fedotova et al., 2013], [Singh and Kumar, 2020], [Kocaguneli ef al., 2011]

LSTM [Favero et al., 2022], [Choetkiertikul et al., 2018], [Abadeer and Sabetzadeh, 2021], [Marapelli ef al., 2020], [de Morais, 2021]

XGB [Arora et al., 2021],

CatBoost [Arora et al., 2021]

BN Malgonde and Chari, 2019], [Porru et al., 2016], [Turic et al., 2023], [Dragicevic et al., 2017]

GRNN Panda et al., 2015], [Prasada Rao et al., 2018]

SVR Zakrani et al., 2018],

GRB Suresh Kumar et al., 2022],

a crucial role, as they directly influence both the interpreta-
tion of results and the selection of the most suitable machine
learning technique.

Figure 9 summarizes the evaluation metrics used across
the analyzed studies. The most common metrics include:
Accuracy, Mean Square Error (MSE), Mean Relative Error
(MRE), Variance, Coefficient of Determination (R?), Mean
Magnitude of Relative Error (MMRE), Root Mean Square
Error (RMSE), and Percentage of Estimates within a thresh-
old (PRED). Other metrics also identified include Median
Absolute Error (MdAE), Standardized Accuracy (SA), R?
Score, Mean Balanced Error (MBE), Median Magnitude of
Relative Error (MdMRE), SPPercentage, Precision, Recall,
F-Measure, Magnitude of Relative Error (MER), Standard
Deviation (SD), Receiver Operating Characteristic (ROC)
Curve, Relative Root Square Error (RRSE), Relative Abso-
lute Error (RAE), and Mean Absolute Error (MAE).

The diversity of metrics observed highlights the lack of
standardization in evaluation approaches, reinforcing the need
for greater consistency in future studies to enable more reli-
able comparisons between models.

Observing the results, it is possible to conclude that the
three most used metrics are: MAE (15.5%), MRE (15.5%),
and MMRE (12.5%). Furthermore, it is important to mention
that different metrics are used to evaluate the performance of
a single model and that it would be difficult for a model to be
evaluated using just one evaluation metric.

4.6 Discussion of Systematic Mapping

This section provides a critical analysis of the findings ob-
tained from the research questions RQ1 through RQ4. The
goal is to identify patterns, gaps, and opportunities in the lit-
erature on effort estimation based on requirements using ma-
chine learning techniques, thereby supporting the relevance

and scope of the present study.

RQ1: How many publications have performed software ef-
fort estimation on requirements using machine learning? The
gradual increase in the number of publications over the years
demonstrates a growing interest in effort estimation through
machine learning. However, the concentration of studies in
specific regions (mainly North America, Europe, and Asia)
reveals a lack of geographical diversity in contributions. This
concentration has implications for the generalizability of find-
ings, since most of the datasets and case studies originate from
contexts with specific development practices, team structures,
and project management approaches. The relative absence
of studies from regions such as Latin America and Africa
also limits the exploration of challenges faced in emerging
software industries, where resources, cultural factors, and
development methodologies may differ substantially. Conse-
quently, although the field shows signs of growth, it remains
geographically uneven and potentially biased toward domi-
nant research ecosystems, highlighting the need for broader
participation from underrepresented communities to achieve
more comprehensive and inclusive progress.

RQ2: What are the datasets used in the selected studies?
The majority of studies analyzed rely on datasets from open-
source projects, likely due to their public availability and stan-
dardized format. While this facilitates reproducibility and
access, it limits the variety of contexts being assessed—par-
ticularly commercial environments. Although addressing
dataset diversity is beyond the scope of this study, this issue
is acknowledged as a promising direction for future research.
The reliance on open-source datasets, while beneficial for
comparability and reproducibility, raises critical concerns
about external validity. Industrial projects differ significantly
from open-source initiatives in terms of requirements com-
plexity, development practices, and team dynamics. As a
result, models validated solely on open-source data may fail
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to generalize to commercial environments, restricting their
practical utility. This highlights the pressing need for broader
dataset diversity, which remains an open challenge for future
research.

RQ3: What machine learning algorithms were used in
these studies? Artificial Neural Networks (ANNs), including
variants such as Recurrent Neural Networks (RNNs), appear
most frequently in the reviewed literature, followed by mod-
els like Random Forest and Support Vector Machines (SVM).
This trend suggests a preference for algorithms capable of
learning complex patterns from textual data. Although the
mapping primarily focused on algorithms, a qualitative anal-
ysis of the reviewed studies indicates limited integration of
advanced text representation techniques, such as NLP-based
embeddings. While this was not quantitatively measured, the
observation highlights a potential gap in the literature, which
can be explored in future work.

RQ4: What evaluation metrics were used in these stud-
ies? The analysis reveals a wide range of evaluation metrics
across studies, with the most prevalent being Mean Absolute
Error (MAE), Mean Relative Error (MRE), and Mean Magni-
tude of Relative Error (MMRE). This diversity highlights a
lack of standardization in assessment methodologies, which
complicates benchmarking and prevents cumulative knowl-
edge building across studies. Additionally, metrics such as
RMSE, R?, and others—including Precision, Recall, and F-
measure—are often used in combination to evaluate model
performance, reflecting the complexity of measuring accuracy
in this domain. While regression-based metrics are predomi-
nant, classification-oriented metrics remain underexplored,
suggesting an opportunity for alternative modeling strategies.
The current work follows the regression perspective, in align-
ment with the dominant approaches in the literature.

Key Findings from the Systematic Mapping

* Growing interest in the field: there has been a steady
increase in the number of publications on effort estima-
tion using machine learning, highlighting that the topic
has been attracting increasing attention over the years.

* Geographical concentration: most studies were con-
ducted in North America, Europe, and Asia, revealing
significant gaps in regions such as Latin America and
Africa, which limits the diversity and generalizability of
the findings.

* Dependence on open-source datasets: a large portion
of the works relied on open-source datasets, which fa-
vors the reproducibility of experiments. However, the
lack of data from commercial projects may compromise
external validity in industrial environments. Even when
commercial datasets are available, they are often en-
crypted, making access and reproducibility difficult.

* Predominance of neural networks: ANNs and their
variations (such as RNNs) were the most frequently
used algorithms, followed by Random Forest and SVM.
Nonetheless, qualitatively, there is a lack of adoption of
more sophisticated language models.

* Heterogeneous metrics: a wide diversity of evaluation
metrics (MAE, MRE, MMRE, RMSE, R?, among oth-
ers) was observed, without standardization of evaluation
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criteria, which hinders consistent comparisons across
studies.

* Research gaps: the literature still lacks (i) more studies
in industrial contexts, (ii) greater geographical diversity,
(iii) standardization of evaluation metrics, and (iv) ex-
ploration of modern text representation techniques —
the latter being precisely the central contribution of the
present work.

4.7 Threats to validity

To conduct this systematic mapping study, was followed the
protocol proposed by [Petersen et al., 2015], which ensures
a research process aligned with principles of generality and
descriptive validity. Despite this structured approach, some
threats to validity must be acknowledged, particularly those
related to the search terms and the inclusion and exclusion
criteria applied.

A single search string was used across all selected
databases. However, due to the unique characteristics and
search mechanisms of each database, variations in the results
may have occurred if customized search strings had been
employed for each platform. This uniformity, while ensur-
ing consistency, may have limited the retrieval of potentially
relevant studies.

Another significant limitation involves the availability of
time and resources. The mapping was conducted by a single
researcher and reviewed solely by their supervisor. This
limited involvement may have introduced bias in the study
selection process and in the quality assessment of the included
articles. The absence of a broader review team reduces the
likelihood of detecting selection errors or inconsistencies,
thereby impacting the overall reliability of the findings.

4.8 Conclusion of Systematic Mapping

The objective of this systematic mapping study was to an-
alyze research that applies machine learning techniques to
software effort estimation based on requirements. The analy-
sis focused on the number of published studies, the machine
learning approaches adopted, the primary datasets used for
training and testing, and the evaluation metrics employed to
assess model performance. To conduct this investigation, was
used a hybrid search strategy, consulting the SCOPUS, IEEE,
and ACM Digital Library databases. Additionally, was ap-
plied the backward snowballing technique to the references of
each selected study, resulting in a total of 73 publications ana-
lyzed. The main contributions of this mapping include: (i) the
synthesis of existing knowledge on the use of machine learn-
ing for effort estimation, covering key algorithms, datasets,
and evaluation metrics while also highlighting the growing
volume of research in recent years and (ii) the identification of
research gaps that point to opportunities for future exploration
and advancement in the field. Moreover, this study offers a
historical perspective on how the state of the art has evolved
with the introduction and refinement of new techniques and
methodologies. One of the central challenges in conducting
this mapping lies in the careful definition of selection crite-
ria. Distinguishing between studies with similar scopes yet
based on requirements with distinct characteristics demands
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particular attention. A technique that performs well for a
specific type of requirement may not yield satisfactory results
for another, underscoring the need for contextual sensitivity
in model evaluation. As a natural continuation of this work, it
is suggested to expand the study to include newly published
research and emerging techniques. This would allow for an
updated and comprehensive overview of the current state of
the art in software effort estimation, with a focus on machine
learning approaches applied to software requirements.

5 User story estimations using NLP
and DL

This section describes the model development process using
the FastText and XLNET algorithm for feature extraction
and model deep learning for inferring user story estimates.
The process is divided into five stages: (1) data collection,
(2) data pre-processing, (3) feature extraction, (4) modeling
and inference, and (5) model evaluation. Figure 10 presents
a summary of the role of the model proposed here. Subse-
quently, each stage of the process is briefly presented.

5.1 Data Colletion and Preprocessing

The dataset used in this study was originally proposed by
[Choetkiertikul et al., 2018] and consists of 23,313 user sto-
ries collected from 16 open-source projects. These textual
requirements, generally managed through Jira, include a title,
description, and effort estimation, the latter expressed as story
points. Figure 11illustrates an example of the dataset used.

The effort estimates do not follow a fixed scale, such as the
Fibonacci sequence commonly used in Planning Poker (e.g.,
1,2,3,5,8, 13, 21, 40, 100). Instead, they reflect the actual
time and work required to complete a requirement, measured
from the “in progress” to the “resolved” state. Thus, this study
approaches the estimation as a regression problem rather than
a classification.

Two corpus were used:

* Corp_SE: composed of the labeled dataset with 23,313
user stories, used for training and evaluating the infer-
ence model.

» CorpPret_SE: consists of 302,962 unlabeled textual soft-
ware requirements, used for unsupervised fine-tuning of
the language model.

Table 8 provides an overview of the corpus.

Table 8. Corpora used in the experiments [Favero et al., 2022]

Corpus Specification Application La-

beled

Corp_SE 23,313 user stories from 16
large open-source projects
(e.g., Apache, Atlassian,

Moodle, Spring).

Training and testing Yes

Corp- 302,962 software requirements
Pret_SE from various open-source
projects (e.g., Apache, Moodle,
Mesos).

Fine-tuning No

The data was preprocessed to ensure textual consistency
and reduce noise. The following steps were performed:
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* Removal of HTML tags, special characters, stopwords,
and numbers;

« Conversion to lowercase;

» Tokenization of user stories.

This preprocessing was applied to both corpus. Addition-
ally, to align this study with related works such as [Favero
et al., 2022] and [Kassem et al., 2023], no normalization of
story point values was applied.

Figure 12 shows the distribution of story points in
Corp_SE, which is concentrated at lower values (1 to 8),
with higher points occurring less frequently.

5.2 Features Extraction

This step aims to apply language models to textual require-
ments, aiming to generate a vector representation of each
requirement in the form of embeddings.

To carry out this activity, the FastText and XLNet models
will be used in two versions: with the suffix base, which
corresponds to a model pre-trained with generic data, and
with the suffix S F, which will go through pre-training and
tuning using a corpus specific to the software requirements
context, called corpPret SE, as shown in Table 8.

With this, both models will be used to extract textual fea-
tures, allowing the generation of the vector representation of
each word as embeddings. As a result, each textual require-
ment in the corpus will be represented in matrix format, with
dimensions adjusted according to the language model used.

The FastText model will be applied in its 300-dimensional
version, while XLNet will use, by default, 768 dimensions.
The textual representation in the format of embeddings will
be used as input to the inference model during the training
and testing stages and, subsequently, in inference.

5.3 Textual representation model

The process of extracting textual features is one of the most
important steps before sending the data to the model, as there
is a need to represent textual data in embedding formats so
that the model can recognize the real meaning of each textual
requirement. In order to compare context-free and contextual-
ized models, the FastText and XLNET models were selected,
which were explained in the Background session. FasText
is a context-free model, that is, it represents words statically,
ignoring the context in which they appear, unlike the XLNET
model, which uses a contextualized approach. However, Fast-
Text is known for being a computationally efficient model
both during training and testing, in addition to being simple
to use and implement. In addition, it is a model that works
with skip-grams, that is, while the standard model focuses
on representing words as static vectors, skip-grams capture
neighboring words from a central word [Bojanowski et al.,
2017]. In this work, we used the FastText model with the
skip-gram technique, previously trained on Wikipedia data
in more than 157 languages, provided by the Hugging Face
platform.

On the other hand, the contextualized XLNet model, also
available on Hugging Face, assigns meaning to words consid-
ering the general context of the sentence, using a permuted
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autoregressive learning mechanism. This makes XLNet more
robust compared to traditional models, although also more
demanding in terms of computational cost. [Yang, 2019].

5.4 Fine-tuning process

The fine-tuning process consists of subjecting the language
model to unsupervised training on a specific corpus, in the
case of software requirements, so that the model learns the
words used in the context. To carry out this process, the
corpusPret SE database was used, as described in Table 8.
Table 9 presents the configurations used for each type of
model. The training and testing of both models were selected
in a tested way, without using optimization methods.

5.5 Modeling and Inference

After pre-processing and feature extraction, this stage incor-
porates training and testing data into the model. For this, a DL
architecture was used (Figure 13 and Figure 14) that makes
point predictions per story, following the same architecture
proposed by Favero et al. [Favero et al., 2022].

Table 9. Specification of fine-tuning process

Model FastText XLNET
. Pre-trained on
Pre-trained on large corpora such
Base Model Wikipedia data in
over 157 languages as Boo}( Corp}l s
and Wikipedia
Fine-tuning Corpus CorpPret_SE CorpPret_SE
Fine Tuning Technique | Unsupervised Unsupervised
Ir=1e-5 Ir=1le-5
epochs=1 batch_size=16
Model parameters vforngrams:2 maxjcn: 128
dim=300 epochs=1
. transformers
Library used fasttext torch
Generated Model fasttext SE XLNET_SE

Figure 13. DL architecture with pre-trained embedding layer using XLNET

The model’s input layer receives a vector of words from
extracting textual features. We use the LSTM layer to rep-
resent texts in sequence. Afterward, the sentences will be
subjected to two dense layers with non-linear activation func-
tions, containing between 50 and 100 hidden layers, ending
with a linear regression layer [Favero et al., 2022]. After the
story point prediction has been carried out, the result will be
evaluated based on the evaluation metrics presented in the
next section.

The cross-validation technique was used to conduct this
experiment, which aims to divide the database into & distinct
parts to carry out tests and validations. In this execution,
the value k=10 was adopted, where the training and testing
process is repeated ten times. In each iteration, nine parts are
used for training, while one part is reserved for testing.

5.6 Model Evaluation

To evaluate software effort estimation models based on re-
gression models, some studies, such as [Choetkiertikul ef al.,
2018], [Favero et al., 2022], [Kassem et al., 2023], suggest
the use of the metrics MAE, MdAE, and MSE. Equation 1
represents the MAE metric, where N represents the textual
requirement, in this case, the user story. Actual eff repre-
sents the current effort already represented, and estimated_eff
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represents the estimate made by the model.

N
1
_ 1 o . |
MAE =N ;:1 lactual. f f — estimated,. f fi| (1)

Equation 2 presents the MAAE metric, similar to the previ-
ous metric, but calculating the median. Finally, Equation 3
presents the MSE metric.

MdAAE = median|actual. f f — estimated. f fi| (2)

N
1 . 2
MSE =— — i 3
S N ;:1 (actual_ef f — estimated_ef f;)"  (3)

Briefly, the MAE metric calculates the average error be-
tween the model estimate and the correct value labeled in
the testbed. The MdAE metric follows the same principle
but aims to calculate the median error between the estimate
and the expected value. Lastly, the MSE metric calculates
the mean squared error between the predicted value and the
expected value[Favero et al., 2022].

6 Experimental Study

This section details the experiment conducted to evaluate the
accuracy of the FastText and XLNet models for estimating
user stories from a real database. In this study, the guidelines
recommended by [Wohlin ez al., 2012] were used.

6.1 Objective

The Goal-Question-Metric (GQM) model [Basili and Weiss,
1986] was used to define the objectives of the experiment,
summarized as follows: “Analyze the FastText and XLNet
pre-trained models for the purpose of evaluating their effec-
tiveness in software effort estimation, from the perspective
of the experimenter, in the context of a large real-world user
story dataset.”

6.2 Research Questions

To achieve the goal, we seek to investigate the following RQs:
RQ1: Would embedding models generated by context-
less methods (i.e. FastText) be effective as models gener-
ated by contextual- ized methods (i.e. XLNET)?
RQ2: Can a pre-trained embedding model, in a generic
way, achieve the same efficiency as a model pre-trained
using a specific corpus?
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R@3: In terms of computational cost, which of the
two models was faster and more computational efficient
during the fine-tuning process?

RQ4: The developed inference model achieves better
results than related work?

The evaluation metrics are directly aligned with each re-
search question: MAE, MdAE, and MSE address RQ1 and
RQ4 by measuring prediction accuracy, differences in MAE
and MdAE before and after domain-specific fine-tuning ad-
dress RQ2, and training time and memory consumption ad-
dress RQ3. This mapping ensures full coherence with the
GQM model.

6.3 Variables

* Independent Variable: Type of pre-trained model
(FastText, XLNet).

* Dependent Variables: Prediction accuracy (measured
by MAE, MdAE, MSE), computational efficiency (train-
ing time, memory usage).

6.4 Evaluation Metrics

The metrics used to evaluate the prediction accuracy of the
models were: Mean Absolute Error (MAE), Median Ab-
solute Error (MdAE) and Mean Squared Error (MSE).
These metrics were selected due to their effectiveness in eval-
uating continuous prediction results, in addition to being the
most used in related works, in addition to using computa-
tional cost and training time metrics to analyze the model’s
performance.

The choice of FastText and XLNet is grounded in their
complementary nature: FastText represents non-contextual
embeddings widely used in effort estimation studies, while
XLNet provides contextualized representations capable of
capturing long-range semantic dependencies. Their inclusion
allows a direct comparison between contextualized and non-
contextualized embeddings within the same architecture. The
metrics MAE, MdAE, and MSE were selected because they
are the most widely adopted in the effort estimation literature
and allow comparison with related work, while also providing
complementary perspectives on absolute and squared error
behavior.

6.5 Experimental Procedure

To address the RQs, the experiment was conducted in the
following stages:

1. Dataset Selection: The dataset used in this study was
provided by Favero et al. [Favero et al., 2022], compris-
ing 23,313 real-world user stories.

2. Preprocessing: The user stories underwent a series of
preprocessing steps, including:

* Removal of HTML tags, special characters, and
stopwords;

¢ Conversion to lowercase;

» Tokenization of textual content.

3. Model Configuration: To ensure a fair comparison
between embeddings, both FastText and XLNet were
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integrated into the same neural architecture based on
Long Short-Term Memory (LSTM) networks.

4. Training: The model training followed the same con-
figuration as described in [Favero et al., 2022], ensuring
that results could be compared under equivalent experi-
mental conditions.

* A 10-fold cross-validation procedure was adopted
to ensure robust evaluation;

* The embedding layer was initialized with pre-
trained vectors specific to each experiment (Fast-
Text or XLNet);

* Models were trained for 30 epochs with a batch
size of 128;

* The Adam optimizer was used with a Mean
Squared Error (MSE) loss function, and Mean Ab-
solute Error (MAE) was the primary evaluation
metric;

* An early stopping mechanism with a patience of
10 epochs was employed to prevent overfitting,
restoring the best weights obtained.

The main hyperparameters used in the experiments were
as follows: FastText embeddings were trained with 300
dimensions, window size 5, and negative sampling of
10. XLNet (base) was fine-tuned with a learning rate
of 2e—5, batch size 16, and 3 epochs. The LSTM ar-
chitecture employed 256 units, dropout of 0.3, ReLU
activation, and the Adam optimizer with a learning rate
of 1e—3. These settings follow established practices in
the literature and were defined based on preliminary
tuning to ensure stable training.

5. Evaluation: Model performance was assessed through
multiple regression metrics, including MAE, Median Ab-
solute Error (MdAE), and MSE. Computational resource
consumption was also recorded.

6. Comparison: The results were compared to evaluate the
effectiveness and efficiency of each embedding strategy
in terms of prediction accuracy and resource usage.

6.6 Execution Environment

Experiments were run on a machine with an Intel Core i7-
11800H CPU, NVIDIA RTX 3070 GPU, 32GB RAM, using
Ubuntu 24.04.

7 Results

In this section, the results obtained when carrying out the
experiment with each type of algorithm will be presented, in
addition to also comparing them with related works, such as
[Favero et al., 2022] and [Kassem ef al., 2023].

RQ1: Would embedding models generated by context-
free methods (e.g., FastText) be as effective as embedding
models generated by contextualized methods (e.g., XL-
NET)?

To address this question, we analyzed the results obtained
by integrating embeddings generated by both context-free
and contextualized methods into the same deep learning ar-
chitecture. Specifically, the FastText and XLNET models
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were compared under equivalent conditions, considering their
generic versions (FastText Base and XLNET Base).

Table 10. Evaluation of the inference model using FastText and
XLNet (without fine-tuning))

Abordagem | Modelo MAE MSE MJAE | Tempo
Context-less | FastText Base | 4.04 +2.15 | 97.05+127.09 | 2.19 94 min
Context XLNET Base | 3.77+0.15 | 79.94+11.88 | 1.93 94 min

The results, presented in Table 10, indicate that the con-
textualized model (XLNET Base) consistently outperformed
the context-free model (FastText Base) across all evaluation
metrics. Specifically, it achieved approximately 6.7% bet-
ter performance in terms of Mean Absolute Error (MAE), a
17.6% improvement in Mean Squared Error (MSE), and an
11.9% reduction in Median Absolute Error (MdAE).

These findings are consistent with previous studies high-
lighting the effectiveness of contextual embeddings in tasks
that require deeper semantic understanding [Devlin et al.,
2018; Yang, 2019]. However, they also reinforce the notion
that lightweight models, when properly tuned, can achieve sat-
isfactory performance in more narrowly scoped applications,
such as story point estimation.

In summary, models such as XLNET offer greater capa-
bility to capture the complexity of natural language found in
user stories. However, lighter approaches based on models
such as FastText can be considered, when trained on a spe-
cific corpus. To address this issue, RQ2 aims to investigate
the behavior of each model when subjected to a fine-tuning
process.

RQ2: Would embedding fine-tuned models in user sto-
ries improve effort estimation results compared to their
generic versions?

To investigate the impact of fine-tuning on embedding
models in the context of story point estimation, we compared
the performance of each model in its generic version and in
its fine-tuned version trained on user stories. The goal was
to determine whether adapting pre-trained embeddings to the
software requirements domain would increase their effective-
ness when integrated into a deep learning architecture.

Table 11. Evaluation of the inference model using FasText and
XLNET

Approach Model MAE MSE MJAE | Time
Context.less | FastText Basc | 4.04:£2.15 | 97.05 +127.09 219 | 94 min
FastText_SE | 3.84=0.16 | 81.86 +8.81 ,
- 1.86 36 min
Contoxt XLNET Base | 3.77£015 | 79041188 | 193 | 94 min
* | XLNET SE | 3.94+0.15 | 813341053 | 1.94 | 95min

The results, summarized in Table 11, show that fine-tuning
had a positive effect on the context-free model (FastText).
After fine-tuning on user stories (FastText SE), the model
showed performance gains across all metrics, including a
6.9% reduction in MAE, 13.4% in MSE, and 15.6% in MdAE.
These improvements suggest that adapting word vectors to
the vocabulary and stylistic patterns of user stories allows for
better semantic representation, which positively impacts the
model’s ability to predict story points.

In contrast, the contextualized model (XLNET) showed
minimal or no improvements after fine-tuning. The fine-
tuned version (XLNET _SE) performed slightly worse than
its generic counterpart (XLNET Base) in terms of MAE and
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MSE, with equivalent performance in MdAE. This behavior
may indicate that contextualized models, due to their richer
semantic structure and exposure to a large-scale corpus, are
already well-suited for general tasks, including story point
estimation. As a result, fine-tuning may offer limited bene-
fits and even introduce slight overfitting when applied to a
relatively small domain-specific dataset. From these obser-
vations, it follows that fine-tuning is particularly effective
for context-free models such as FastText, while for powerful
contextual models such as XLNET, the gains are marginal
and may not justify the additional computational cost in this
context. This distinction is important for practitioners choos-
ing between pre-trained embeddings and those tailored to
specific software engineering domains.

RQ3: In terms of computationally cost, which of the
two models was faster and more computational efficient
during the fine-tuning process?

To assess the computational efficiency of the models dur-
ing fine-tuning, metrics such as CPU and GPU usage, memory
consumption, and total training time were recorded, as sum-
marized in Table 12. The results indicate that FastText had a
substantially lower computational cost, completing the fine-
tuning process in 48 minutes, while XLNET required 132
minutes, almost three times longer.

Table 12. Computational resources during the fine-tuning process

Resource FastText(CPU) | XLNET(GPU)
Time 48m18s 132m0s
Initial CPU Usage 7.1% 8.8%

CPU Usage After 92.9% 7.4%

Initial Used Memory | 13.39 GB 3.89 GB
Memory Used After 18.17 GB 3.90 GB
Initial GPU Usage 0.0% 12.0 MB

GPU Usage After 0.0% 4187.0 MB

FastText operated entirely on the CPU, utilizing a larger
share of RAM (up to 18.17 GB), but without GPU consump-
tion. This is in line with the model design, which favors
lightweight execution and efficiency on limited hardware,
making it suitable for infrastructure-constrained scenarios
(e.g., on-premises servers, edge devices). On the other hand,
XLNET has offloaded most of the computation to the GPU,
consuming over 4 GB of GPU memory, which, while alle-
viating CPU and RAM usage, requires access to specialized
hardware and increases energy and financial costs.

While XLNET has demonstrated improved predictive per-
formance (as discussed in RQ1 and RQ2), this improvement
comes at the expense of significantly higher computational
overhead. Therefore, in real-world applications, especially
in industrial environments where models need to be trained
or retrained frequently, or deployed at scale, the trade-off
between performance and cost becomes critical.

In this context, FastText may represent a more cost-
effective option, especially when high-frequency updates,
rapid iteration, or deployment in low-power environments are
required. Even with slightly lower predictive performance,
the gain in speed and accessibility may outweigh the ben-
efits of a marginal increase in accuracy provided by more
computationally intensive models such as XLNET.

Therefore, the results of RQ3 not only reveal which model
is computationally cheaper, but reinforce the importance of
aligning model selection with practical constraints such as
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infrastructure availability, energy efficiency, and deployment
environment.

RQ4: Does the developed inference model achieve bet-
ter results than related work?

To answer this question, we evaluated the proposed infer-
ence model against approaches from related works. First, we
compared the model, based on the XLNET language model,
with the architecture proposed by [Favero et al., 2022], which
used BERT embeddings in a similar deep learning setting.
As shown in Table 13, the proposed model achieved supe-
rior performance, reducing MAE by 11%, MSE by 7%, and
MJAAE by 16%. These improvements suggest that, among
contextualized language models, XLNET-based embeddings
provide better representations for the user story estimation
task.

Table 13. Evaluation of the inference model using XLNET and
BERT

Approach | Model MAE MSE MdAE
Context XLNET Base | 3.77+0.15 | 79.94+11.88 1.93
Context BERT_SE 425+0.17 | 86.15+1.66 2.3

The proposed model was also compared with the approach
proposed by [Kassem et al., 2023], which used GloVe em-
beddings (a non-contextual model) and a HAN (Hierarchical
Attention Network) architecture. As shown in Table 14, the
HAN model obtained a substantially lower MAE (1.86) and
MAJAE (0.69) result than the one proposed in this research,
outperforming the results in these metrics.

Table 14. Evaluation of the inference model using XLNET and
HAN

Approach Model MAE MdAE
Context XLNET Base | 3.77+0.15 1.93
Context-less | HAN(GloVe) 1.86 0.69

These results indicate that, although the proposed model
outperforms previous contextualized approaches, it still does
not outperform the context-free HAN(GloVe) model. This
result can be attributed to several factors: (i) the HAN ar-
chitecture is particularly effective in capturing hierarchical
relationships in text, which can be crucial in modeling user
stories; (i1) GloVe embeddings, although non-contextual, can
better align with the hierarchical encoding strategy; and (iii)
the architecture used, although based on deep learning and
contextual embeddings, may require additional adjustments
or structural improvements to better leverage the full potential
of contextualized representations.

Despite these limitations, the proposed model remains com-
petitive because it integrates contextual embeddings capable
of generalizing different text scenarios and can benefit from
additional improvements. Furthermore, the use of contextual
embeddings allows for better interpretability and adaptability
in downstream tasks, which is valuable in real agile estimation
contexts. Future work could investigate hybrid approaches
that combine the strengths of hierarchical architectures with
contextual embeddings to further improve performance.
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8 ESApp Web Application

To improve the applicability of the tool developed in this
project, a web interface called ESApp was implemented. The
goal is to assist software developers during the effort estima-
tion phase of user stories, providing a second opinion, even if
the model does not achieve 100% accuracy in its predictions.

To make this possible, the predictive model was serialized
using the joblib library, and the user interface was devel-
oped with the Streamlit framework. Figure 15 presents
the architecture of the web application, while Figure 16 illus-
trates the tool’s home screen.

ing layer

d story point

Figure 15. Architecture of web application

The architecture illustrates how the application performs
effort estimation. Initially, the user inputs a user story descrip-
tion through the web interface and submits it for estimation.
The input is then processed by the proposed model: the text
is first embeddable through the embedding layer, followed by
sequential processing using an LSTM layer. Subsequently,
the output passes through two dense layers to generate the
final effort estimate, which is then returned to the user.

The application supports both individual and batch esti-
mations. Figure 16 demonstrates the individual estimation
mode, where a single user story is input and the model returns
the estimated story points. Figure 17 shows batch mode,
where multiple user stories are submitted via a CSV file, and
the application returns estimated values for each entry.

The application is publicly accessible and can be tested via
the following link: ESApp Web Application.

8.1 Tool Validation with Software Developers

This section presents a validation study of the ESApp tool
conducted with software developers. Unlike the quantitative
experiments described in the previous sections, this evaluation
focuses on the practical applicability, usability, and perceived
usefulness of the tool in real-world scenarios.

Participants and Methodology Seven software developers
from different software houses participated in the study. The
selection criteria aimed to include professionals with diverse
levels of experience to gather a broad perspective on the tool’s
applicability. Among the participants, 28.6% identified as
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junior, 42.9% as mid-level, and 28.6% as senior developers.
All participants currently work in software development.
Before starting, participants were informed about the study
objectives and gave their consent to participate by answering
the questionnaire, ensuring ethical considerations were met.

Procedure Each developer was asked to use the ESApp
tool to estimate at least three user stories. After completing
the estimation tasks, participants answered a structured ques-
tionnaire designed to capture their experience and opinions
regarding the tool. The questionnaire included the following
points:

1. Confirmation of their work in software development.

2. Their level of experience.

3. Previous use of effort estimation tools for textual require-
ments.

4. Perceived accuracy of the estimates produced by ESApp
(rated on a 1 to 5 scale).

5. Usefulness of the tool in their daily work.

6. Positive aspects of the tool.

7. Suggestions for improvements.

The estimation activity took approximately 10 minutes,
followed immediately by questionnaire completion.

Results

+ Experience and Background: All participants work in
software development. The experience levels were dis-
tributed as described above, as presented in Figure 18.

* Previous Tool Usage: 71.4% of the participants had
never used effort estimation tools for textual require-
ments, indicating a mostly fresh user base, as presented
in Figure 19.

* Tool Accuracy Rating: On a scale from 1 (lowest) to 5
(highest), the average accuracy rating given by partici-
pants was 3.57, with most ratings between 3 and 5 (see
Figure 20).

* Perceived Usefulness: All participants (100%) agreed
that the tool could be useful in their daily work.

+ Positive Feedback: Users highlighted the tool’s simplic-
ity, speed, agility, and ease of use as its main strengths.

* Improvement Suggestions: Participants suggested sev-
eral enhancements, such as:

— Providing explanations for the estimates generated
to improve transparency.

— Avoiding decimal values in story points, aligning
with the common use of the Fibonacci sequence.

— Adding support for the Portuguese language.

— Making the underlying basis of the estimates more
transparent.

These insights are valuable for guiding future iterations
and improvements of the tool.

Discussion Although this validation study is limited by the
small number of participants, it provides an initial positive
indication of the acceptance and potential usefulness of the
tool in software development environments. The feedback
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highlights both strengths and areas for improvement, espe-
cially regarding interpretability and adaptation to practical
workflows.

Future studies could expand the participant pool, include
qualitative interviews, and conduct more rigorous statistical
analyses to deepen understanding of the tool’s impact and
user satisfaction.
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8.2 Reproducibility

Reproducibility is a fundamental aspect in the development of
research projects, as it allows other researchers to reproduce
the study and use its results as a basis for future work. As
mentioned in previous sections, all databases used in this
project were obtained from open source projects, including
those originated by the work of [Favero et al., 2022] and
[Choetkiertikul et al., 2018].

The pre-processing techniques were previously detailed
and, for this experiment, the FastText and XLNet language
models were used. These models were chosen due to their
ability to generate robust semantic representations for Por-
tuguese text.

The development of the deep learning model, as well as
the training and testing methods, were implemented using the
Python language and the Visual Studio Code IDE. To ensure
reproducibility, all necessary files and scripts are available in
a public repository on GitHub, accessible via the following
link: GitHub Repository.

8.3 Threats to Validity

Several threats to the validity of this study should be consid-
ered:

Construct Validity: The effort estimation model was
trained using textual descriptions of user stories. Any in-
consistencies, ambiguities, or lack of detail in these texts may
affect the quality of the extracted features and, consequently,
the prediction performance. Furthermore, the use of story
points as ground truth, which is inherently subjective, may
introduce variability into the model training process.

Internal Validity: Although care was taken in preprocess-
ing the data and evaluating the model, biases may still exist
in the way the data was labeled or divided into training and
testing sets. For example, the distribution of story points is un-
balanced and developers may not have followed a consistent
estimation process, especially across different projects.

External Validity: The dataset used for training and val-
idating the model was collected exclusively from 16 open
source projects. While this contributes to reproducibility,
it limits the generalizability of the results. Open source en-
vironments often differ from commercial projects in terms
of scope, development processes, resource availability, and
stakeholder demands. Therefore, further validation is needed
in industrial settings to assess the effectiveness of the model
in real commercial scenarios.

Conclusion Validity: Due to the limited number of par-
ticipants (seven software developers) in the evaluation of the
application, the feedback may not be representative of the
developer community at large. Furthermore, the evaluation
relied on subjective assessments of the accuracy and useful-
ness of the model, which, while valuable, are no substitute
for large-scale empirical validation.

Despite these limitations, this study lays the foundation
for the application of deep learning to effort estimation and
demonstrates promising results that warrant future research
and refinement of the approach.
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9 Conclusion

This paper presented a comparative study between the XL-
NET and FastText language models, using the same deep
learning architecture for the automatic estimation of user
stories. The experiments demonstrated that, although both
models presented similar performances in the MAE, MSE,
and MdAE metrics, XLNET outperformed FastText, as evi-
denced by the results. Despite the minimal difference in the
numbers, this similarity suggests that, for the specific task
of estimating effort in user stories, XLNET’s more robust
contextual understanding can be a differentiator compared to
other deep learning approaches, especially when applied to
varied requirements and different projects. In this context, the
XLNET model, even in its generic version, stood out as an
important tool due to its contextualized nature and the robust-
ness provided by the large volume of data on which it was
trained. Furthermore, it is essential to consider that the choice
between XLNET and FastText for software requirements ef-
fort estimation should take into account not only the accuracy
of the estimates, but also practical factors, such as the avail-
able computational resources, the size and complexity of the
user stories, and the language context of the application.

As perspectives for future work, it is suggested to explore
the application of different machine learning algorithms and
other inference models, including, for example, the HAN
model [Kassem et al., 2023]. In addition, it would be valu-
able to compare the results of these models with estimates
performed by experts in order to evaluate the accuracy and
effectiveness of each approach. It is also recommended to
expand the application of the developed model to commer-
cial project databases, enabling a more in-depth analysis of
its effectiveness and performance in different contexts and
types of projects. This would allow a more comprehensive
evaluation of the model’s generalizability and its ability to
adapt to real situations in software development.

This research contributes to software engineering by pro-
viding a comparative basis between two NLP techniques using
deep learning, expanding the understanding of how they can
be applied to improve effort estimates in software develop-
ment. The use of the XLNET model proves to be a promising
alternative when applied to software effort estimation based
on textual requirements. However, this work highlights the
importance of continuing research in this area, especially in
exploring models in languages other than English, such as
Brazilian Portuguese, which has a more complex grammati-
cal structure. In addition, it highlights the need for practical
validation of the model in industrial environments, ensuring
that its predictions can be effectively applied to real projects.
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