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Abstract: Software requirements engineering is one of the most critical and time-consuming phases
of the software development process. The lack of communication with stakeholders and the use of
natural language for communicating leads to misunderstanding and misidentification of requirements
or the creation of ambiguous requirements, which can jeopardize all subsequent steps in the software
development process and can compromise the quality of the final software product. Natural Language
Processing is an old area of research, however, it is currently undergoing strong and very positive
impacts with recent advances in the area of Machine Learning (ML), namely with the emergence of
Deep Learning and, more recently, with the so-called transformer models such as Bidirectional Encoder
Representations from Transformers (BERT) and Generative Pre-trained Transformer (GPT). Software
requirements engineering is also being strongly affected by the entire evolution of ML and other areas
of Artificial Intelligence (Al). In this article we make a systematic review on how Al, ML and Natural
Language Processing (NLP) are being used in the various stages of requirements engineering, includ-
ing requirements elicitation, specification, classification, prioritization, requirements management,
requirements traceability, etc. Furthermore, we identify which algorithms are most used in each of
these stages.

Keywords: Artificial Intelligence; Machine Learning; Natural Language Processing; Requirements
Engineering; Software Engineering

1. Introduction

Requirements engineering is one of the most critical phases of the Software development life-cycle
(SDLC), or software development process, since an error in this phase can generate rework, additional
costs and even compromise the success of the entire project. However, requirements engineering
faces many challenges such as the difficulty in obtaining the correct and unambiguous information
from stakeholders, the complexity in identifying all the actors involved, the software features they
may access, domain relevant entities, the impact of a requirement’s change, among many others. This
difficulties arise from the ambiguity of natural language and misalignment of thought.

After collecting the requirements information, it is necessary to document, in an organized manner,
all the information collected, that is, the Software Requirement Specification (SRS) must be created.
SRS is a document that serves as a working basis for the rest of the software development process,
including testing [1]. Ambiguous or incomplete descriptions of requirements can be problematic for
the whole software project or solution.

Requirements can be classified into Functional Requirements (FR) and Non-Functional Require-
ments (NFR). FR describe what the system should do, that is, its functionalities and expected behaviors.
NER specify how the system should operate, encompassing aspects such as performance, scalability,
security and usability.

Requirements Engineering (RE) tasks, being an important part of the software engineering
discipline, have long been "promoted" to their own discipline. Requirements engineering deals with
the elicitation, analysis, formalization, specification, documentation and validation of requirements,
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among other activities, in any software or system project. In this context, a system will always involve
software, but may also have non-software components, such as sensors and actuators, in addition, of
course, to different types of human users.

Al, despite having a long history, has undergone significant developments in recent times, espe-
cially in its machine learning aspect. Al can be defined as the use of technologies to create machines
that are capable of imitating cognitive functions associated with human intelligence, such as the ability
to see, understand and respond to spoken or written language, analyze data, make recommendations
and much more. Al typically uses a set of technologies implemented to enable them to reason, learn,
and act together to solve complex problems [2]. ML is the area of Al that allows a machine, or a system,
to learn based on experience. To do this, ML uses algorithms to analyze large volumes of data, learn
and make decisions based on that analysis.

The increasing number and diversity of algorithms used by ML has driven the evolution of this
area. These new algorithms, especially Deep Learning algorithms, have also allowed for significant
progress in the treatment of natural language. The study of NLP also has a long history. NLP has been
studied since the 1940s, for example in automatic translation between languages. The evolution of
NLP has followed the evolution of Al paradigms, symbolic, statistical, neural networks, etc. More
recently, algorithms called Transformers, such as BERT or GPT, which are Deep Learning algorithms
with the ability to process large volumes of data and capture complex relationships, have enabled even
more surprising advances in the field of NLP [3].

Requirements collection, analysis and processing are closely related to NLP, so it is natural
that the evolution felt in the area of NLP is also felt in the area of RE. However, requirements
engineering involves other tasks, such as requirements classification and prioritization, etc., to which
more traditional ML algorithms, such as classification and regression algorithms, can also contribute
positively.

In this article we will carry out a comprehensive literature review of the ML strategies used
in RE. We leverage all the ML algorithms currently used in each of the stages of the requirements
engineering process. After summarizing the main requirements engineering activities and presenting
some concepts and the evolution of ML algorithmes, this article reviews the Al techniques used for RE.
The analysis developed seeks to identify the techniques described in scientific literature in the last five
years and the first months of 2024, between 2019 and 2024, to support Requirements Engineering tasks
or solve problems that occur during these tasks.

1.1. Requirements Engineering Tasks and Issues

This subsection provides a summary of the main tasks of requirements engineering, and problems
that exist when these tasks are developed by humans in large projects, or with a large number of
requirements, and problems that arise when we try to automate these tasks, even partially.

Any systems project begins with a necessity from its users, typically a business need [4]. A
systems project team needs to identify, contextualize and understand this necessity, before being
able to formalize, prioritize and document requirements. This process involves some requirements
engineering activities and tasks [4-6]:

*  Inception: This first activity involves, basically, the identification of a necessity, which will trigger

a new project to develop a system capable of provisioning the necessity.
¢ Requirements Elicitation: Involves identifying the sources of requirements, and gathering require-

ments using various available techniques, such as interviews, observation of the environment

and work processes that the system will support, etc.

¢  Requirements Elaboration: Entails the analysis of the previously gathered requirements, their
contextualization in the problem domain, and the identification of ambiguous, contradictory, or
meaningless requirements. It also involves the classification of requirements into Functional and
non-Functional, as well as in the latter case their classification into an NFR category.
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e  Requirements Negotiation: In this phase, candidate requirements, resulting from the previous
activities, are negotiated, regulating divergences and adopting prioritization techniques [4].

*  Requirements Documentation: Requirements documents, namely SRS documents, serve as the
main reference for the subsequent software engineering phases. These documents must display
a set of requirements with a formalized structure, and the respective quality and verifiability
criteria. At this stage, requirements are typically organized according to two perspectives: user
requirements, which describe users’ needs; and, system requirements, which describe how the
system should behave in different situations [4]. Both these perspectives may include FR and
NFR.

*  Requirements Validation: This activity includes examining the documented requirements and
evaluate if they describe the system desired by the client. This may involve technical inspections
and reviews and its main goal is to prevent defects in requirements from propagating to the
following phases of the SDLC. Errors detected in this phase have much lower costs than errors
detected in subsequent phases [4].

*  Requirements Management: This activity runs throughout the whole system development process.
Its main goal is to manage requirements and their changes. Requirements traceability is a tool
for keeping track of requirements aspects. For example, it may be used for tracing requirements
change (each requirement is linked back to its previous version), requirements dependability (each
requirement is linked to the requirements on which it depends), system features and requirements
(each feature is linked to a set of logically related requirements).

In Figure 1, the types and dimensions of requirements are illustrated, leveraging FR and NFR.

Relation between
input and output Functional or Non-functional Requirement:
variables
o What is a requirement of the new system-to-be
o Who will benefit from that requirement
o Why is this a requirement... (business or contextual
justification for the requirement) \

Requirement

r Al
System Software
Requirements Requirements Stating Functional Requirements: \/

o Descriptive statements: Domain properties and
definitions;

o Prescriptive statements: System requirements,
Software requirements, Assumptions on
contextual behavior

Environmental Software

Phenomena Phenomena Stating Non-functional Requirements:

o Prescriptive statements: state constraints on how
the software should be developed, how it should
' behave when satisfying functional requirements,
Shared etc.
Phenomena

Figure 1. Types and dimensions of Requirements (the figure aggregates and summarizes information taken from
[4,6]) and reflects the authors’ viewpoint.

1.2. Main Aim and Research Questions

This article’s main contributions include: the identification of RE activities that can most benefit
from the use of Al techniques; the identification of Al approaches to help in better concluding RE
activities; determining which techniques are most used for each RE activity or group of activities; and,
the identification of which Al techniques yield the best results in achieving each RE activity or group
of activities.

The goal of this research is to answer the following research questions:
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RQ1 Which Requirements Engineering activities take most advantage of the use of Artificial Intelli-
gence techniques?

RQ2 Which Artificial Intelligence techniques are most used in each Requirements Engineering activity?

RQ3 Which Artificial Intelligence techniques have the best results in each Requirements Engineering
activity?

1.3. Structure of the article

Te rest of this article is organized as follows. The next section presents the methodology used in
the literature review. Section 3 summarizes the machine learning techniques, organizing them into
different categories and methods. In section 4 a synthesis of previous literature reviews in this area is
made. The results obtained in this work’s literature review are detailed in Section 5. Section 6 presents
a discussion on the results obtained, and conclusions are presented in Section 7.

2. Materials and Methods

The state-of-the-art literature of the last five years on Al approaches to RE tasks and issues is
reviewed in this article. For answering the previously defined research questions, a search query has
been defined and cast on Scopus and on Web of Science (WoS) on May 315, 2024, having our research
work been conducted between May and October 2024.

The research methodology used for this study follows the protocol defined in [7]. The search
strategy (databases, search query, criteria for inclusion or exclusion) and the full screening method
used for the literature review is depicted in Figure 2.

TITLE-ABS-KEY(
(Al*tools OR "Artificial Intelligence" OR ML*tools OR "Machine Learning" )
AND Software
AND ("requirements engineering" OR "requirements elicitation" OR
"requirements analysis" OR "requirements specification" ) )
AND PUBYEAR > 2018 AND PUBYEAR < 2025
AND ( LIMIT-TO ( LANGUAGE,"English" ) )

Definition of Search
Query

L J
n=615
\ 4
( U)\
c
8=
33
5:% g Removing duplicates and screening title and abstract for determining eligibility
=
532
[
. J
n =343
Y
( 7
2
:-g) Reading and assessing text articles for eligibility
Z
L J
n=172
A
( Y
28 . . ) ) .
% = Articles included in the literature review full text analysis:
= n=134
< £
L J

Figure 2. Prisma Flow diagram for the methodoly used in this survey.

The search query has been defined to find indexed journal articles and conference papers, pub-
lished between 2019 and 2024, on the usage of Al-based techniques and technologies to help with
activities of the requirements engineering process. After removing duplicates, the articles were further
selected by screening through title and abstract. In this phase, articles on software engineering tech-
niques for Al applications have been removed, as the goal is to address Al techniques for software
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engineering focusing on requirements engineering. In this phase, previous surveys and literature
reviews have also been removed. Further analysis has allowed to eliminate some more articles, which
weren't also aligned with the defined goal. Finally 134 articles have been selected for a more thorough
analysis.

3. Machine Learning Techniques

In this section, the main ML concepts and algorithms are summarized.

For decades, and especially in recent years, Al and its subfields of ML and NLP have received
major investments worldwide, which has driven its rapid evolution. This evolution is reflected in the
daily lives of each person and in almost all areas of business, in industry, commerce, finance, etc. [8].
Software development, including the areas of requirements engineering, is also positively influenced
by this evolution.

Machine Learning is a branch of Al that allows computers to detect patterns in data and, based on
that, make decisions to solve problems for which they were not explicitly programmed [9]. To do this,
it is necessary to use complex algorithms that can be grouped into four broad categories, according to
the way they learn from data [8-10]:

*  Supervised Learning - The model learns from labeled data, where input features are already
associated with the correct outputs. These types of algorithms can be used in predictions such
as price prediction, correct/incorrect classification, medical diagnosis. Within this group we can
further separate the algorithms between classification algorithms (used to classify yes/no) and
regression algorithms (used to predict continuous values, such as prices or temperatures). In this
group we have algorithms such as Linear Regression, Logistic Regression, Decision Tree (DT),
Random Forest (RF), Support Vector Machines (SVM), Multilayer Perceptron (MLP), Artificial
Neural Networks (ANN)s, K-Nearest Neighbors (KNN), Gradient Boosting (XGBoost, LightGBM,
CatBoost), etc.

¢  Unsupervised Learning - The model learns without labeled data, identifying hidden patterns in
the data. These algorithms can be used for clustering, anomaly detection, etc. In this group there
are algorithms such as K-Means, which groups data into K clusters; Hierarchical Clustering, that
creates a hierarchical structure of clusters; or, DBSCAN, which identifies dense groups of points,
useful for unstructured data.

¢  Reinforcement Learning - in this group, algorithms learn through trial and error, receiving rewards
or punishments. This type of algorithms are used in games, robotics, optimization of financial
strategies. This group includes algorithms such as Q-Learning, a table-based algorithm for finding
the best action, Deep Q-Networks (DQN), which uses neural networks for deep learning; Proximal
Policy Optimization (PPO), an advanced algorithm used by OpenAl, etc.

*  Deep Learning - Algorithms that use artificial neural networks with multiple layers to learn
complex representations of data. These algorithms are especially used in image recognition,
natural language processing, speech and audio processing [10]. In this group there are algoritms
such as ANN, Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), Long
Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU). Pre-trained Language Models
(PLM) algorithms, such as BERT and GPT, also belong to this group.

ML algorithms can be grouped into different categories depending on how they learn, the type
of architecture they use, or the type of problem they solve. Figure 3 groups the most common ML
algorithms based on the type of learning. The most commonly used algorithms in NLP are represented
in bold letters in the figure.
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Figure 3. Summary of Machine Learning Algorithms (adapted from [9]).

The strong advances in ML are having a very positive impact in NLP, having revolutionized the
area. Natural language is complex, subject to many rules and, at the same time, can be ambiguous,
context-dependent, and involving inferences and intentions, such as irony, sarcasm and metaphors.
Furthermore, natural language itself is constantly changing and evolving. This makes processing
human language a difficult task.

NLP has a long history. Since 1980, researchers have been working to automate requirements
engineering tasks using NLP techniques [11]. NLP uses algorithms to analyze, understand, and
generate human language [11].

NLP includes tasks like document classification, paraphrase identification, text similarity identifi-
cation, summarization, translation, etc. [10]. To do that, most of the NLP models involve steps like
tokenization, where the text is broken down into words, and representation, where these words are
represented in the form of vectors or n-grams (used to analyze sequences of n words to understand the
context). Deep Learning (DL) algorithms are those that have been most successful in performing these
tasks, which is why they are the most used in NLP [10]. DL has paved the way for the emergence of
PLM. PLM such as BERT and GPT have given NLP a huge boost [3].

Thus, NLP may use models such as LSTM, for processing long texts, machine translation, Trans-
formers, which are models that allow parallelization and deeper contextual understanding, among
other models. The transformer model is a natural language processing model proposed by Google in
2017, which can include algorithms such as BERT, GPT, Text-To-Text Transfer Transformer (T5), and
others [12].

NLP also makes use of more traditional algorithms such as Naive Bayes (NB), for Text Classifica-
tion; SVM, for Sentiment Analysis and Text Categorization; Random Forest and DTs, for Classification
and entity extraction; among others.
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Most solutions do not just use one algorithm, but use several algorithms that complement each
other and, together, present a better solution.

4. Previous Literature Reviews

There are several publications of literature reviews that address the topic of the use of Al in
requirements engineering [13,14], and thus have appeared in the search results of this research work.
Some reviews are more comprehensive and study the use of Al in the various stages of the software
development process, from the modeling and design phase to the testing phase [15-18]. Others
are more specific and study the use of Al in one of the requirements engineering stages, such as
prioritization [19,20], classification [21-23], specification [1], or requirements traceability [24]. Others
attempt to resolve the problem of ambiguity in identification and specification of requirements [25].
Others try to solve common problems for all projects and use Al to generate requirements that have to
be verified in a large majority of projects, such as the case of [26], which deals with requirements that
ensure compliance with the General Data Protection Regulation (GDPR).

Prioritizing requirements is an important task, especially in large projects with many requirements,
where the work can be tedious for humans. So in [19] the authors have systematically reviewed articles
that deal with the use of Al tools and algorithms in prioritizing requirements. They also survey the
state of the art on approaches that use ML to prioritize requirements and identify the advantages of
ML over other Al techniques.

The article [24] reviews articles that use ML techniques for requirements traceability. More pre-
cisely the authors carry out a study on which ML technologies are most frequently used in requirements
analysis and traceability and which datasets are most frequently used. The authors conclude that
different algorithms are used at different stages of the analysis and traceability process. The require-
ments traceability process was divided into three main stages: pre-processing stage, link generation
stage, and link refinement stage. In the pre-processing stage the algorithms most frequently used are
Word2vec and doc2vec. To predict new connections and implement requirements traceability, link
generation stage, the most frequently used algorithms are algorithms such as Random Forest, DT and
NB. In terms of the dataset used, the authors conclude that about 50% do not identify the dataset
and that, among those who identify the dataset, open-source datasets are more frequently used than
closed-source datasets.

In [15], the authors analyze articles published between 2015 and 2021 that use ML techniques in
any of the stages of the software development process: from requirements elicitation, through design,
implementation, testing and maintenance. They conclude that ML algorithms are useful in all stages
of the software development process. For each phase, there are algorithms that best adapt (or are
more suitable). Regarding the requirements elicitation phase, the authors conclude that the most used
algorithms were Supervised ML algorithms, such as SVM, NB, DT, KNN, or RF.

In [27], the authors conducted a systematic review with the aim of identifying the main existing
problems in requirements engineering, as well as which techniques have been used to solve those
problems. The authors conclude that one of the main problems is the lack of communication be-
tween stakeholders accompanied by insufficient knowledge about the problem to be solved. Thus,
requirements are often classified as ambiguous, incomplete, inconsistent, or incorrect. Prioritizing
requirements and difficulty in maintaining documentation are also some of the problems identified.
The authors identify artificial intelligence as a very promising area to help solve known requirements
engineering problems.

Many authors propose tools and methods for generating software models based on information
contained in the requirements specification, usually specified in Natural Language (NL) [16]. The
authors, in [28], conducted a systematic literature review on approaches to transform natural language
text into Unified Modeling Language (UML) diagrams. There are approaches to generating practically
all types of UML diagrams: class diagram, use case diagram, object diagram, sequence diagram,
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activity diagram and others. Several solutions are heuristic-rule-based and, according to the authors, it
appears to be a solution with strong potential for future work in this area.

The ability to extract model elements from requirements, increases the responsibility of require-
ments engineering considering that some of the following steps in the SDLC can be automated. The
authors in [16] analyze proposals for works and tools that generate software models in UML based
on software requirements, namely class models. The authors conclude that the approaches studied
are complex and have many limitations, being most of them able to identify classes, some of them
redundant, but they are not able to identify the relationships between the classes.

In [22], the authors survey the state-of-the-art articles that use ANN to classify software require-
ments. They conclude that the most used algorithms in requirements classification are NB, SVM and
ANN, and PROMISE was the most popular database for those studies. Some of the studies classify
functional requirements, but most of them focus on non-functional requirements, namely security and
usability requirements.

NLP is receiving significant attention and yielding considerable technological advances. Software
requirements are typically documented in natural language, which can raise ambiguity problems.
Requirements ambiguity is one of the main problems in requirements specification, as it can derail the
following steps in software development. Therefore, NLP-based tools are also being used in RE to
disambiguate requirements. In [25] the authors study and compare automated and semi-automated
disambiguation tools. They conclude that the studied tools cannot completely eliminate ambiguities,
but some show promising results.

In [13] the authors conduct a study on ML techniques and approaches for automating RE activities.
The authors conclude that automating RE analysis tasks helps in reducing the cost and time for carrying
out these activities. The study presented in [13] concludes that there are no defined standards or
guidelines for selecting the most appropriate ML and NLP techniques, and that most approaches
combine several ML techniques to achieve better results. The same applies to the selection of the
dataset to use. There is no consensus on criteria for deciding which dataset to use.

In [17] the authors carry out a more comprehensive study on the use of Al techniques in the
different phases of the SDLC, to identify the ML techniques that are most used in each of the phases,
from requirements gathering, design, implementation and testing.

The work in [20] provides a systematic review of the ML algorithms used in the prioritization of
requirements. The study attempts to identify the ML algorithms that are most efficient in classifying
and prioritizing requirements. The authors conclude that the most used algorithms are SVM, DT,
KNN, NB, Linear Regression (LR) and Multinomial Naive Bayes (MNB), in this order [20].

The study presented in [29] is more detailed and focuses on the representations used in NLP as
input for ML techniques. The way requirements are represented influences the way NLP algorithms
behave and can be decisive for their performance and success. The authors presented a survey of the
state of the art on the representations used in the various stages of RE, and conclude that this area has
undergone enormous changes in recent years with advanced embedding representations that have
greatly improved the effectiveness of tasks such as requirements analysis and requirements extraction.
However, more traditional representations based on lexical and syntactic features are still widely used
in tasks such as modeling and quality tasks at the syntax level [29].

In [14] the authors present a state-of-the-art analysis of articles published between 2015 and 2021
on how Al is used in RE. The authors conclude that the application of NLP techniques and supervised
learning in the requirements documentation stages, more specifically in the elicitation, specification
and validation stages, is a growing trend [14].

In [18] the study is more generic and focuses general trends in Al techniques at all stages of
software engineering. The authors conclude that RE and testing phases are those that present the most
research proposals using Al techniques, but it is also very promising in other stages, such as software
design [18].
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Classifying requirements into their different categories can be a very tedious, time-consuming and
error-prone phase. In [23] the authors review the literature on the application of ML techniques in the
classification of software requirements. The results indicate that the most commonly used classification
algorithms are: NB, DT and NLP.

The systematic review presented in [26] focuses on the GDPR and how NLP can be used to
automate the process of identifying requirements to ensure GDPR compliance. The GDPR was created
by the European Union (EU) with the aim of protecting the personal data and privacy of European
citizens. Therefore, all software operating in the EU must take into account a set of requirements
to achieve GDPR compliance. Several possibilities for using NLP and NLP-based ML techniques to
perform RE tasks, and thus achieve GDPR compliance, have been identified.

The study presented in [30] systematically reviews the literature on tools and techniques used in
requirements validation. The authors grouped validation techniques into six categories: prototyping,
inspection, knowledge-oriented, test-oriented, modeling and evaluation, and formal models, and
conclude that knowledge-oriented techniques such as ML methods are the most frequently mentioned.
The authors also conclude that it is necessary to standardize the quality characteristics of require-
ments and that the most frequently mentioned quality characteristics were correctness, completeness,
consistency, and ambiguity. Other characteristics also mentioned are understandability, reusability,
unexpected dependencies, variability, and testability [30].

In [31] the authors study the use of NLP techniques in Crowd-Based Requirements Engineering
(CrowdRE), i.e., in the analysis of online user feedback about software products. The authors conclude
that ML is frequently used in CrowdRE and that the most widely used ML algorithms are NB followed
by SVM.

In [32] the authors conduct a study to identify and classify the type of ML algorithms used
to identify software requirements on Stack Overflow. The authors conclude that Latent Dirichlet
Allocation (LDA) associated with Bag of Words (BoW) are the most widely used ML algorithms. The
authors also conclude that ML algorithms still face some problems in identifying requirements.

5. Results

For the purpose of this study, the surveyed literature has been categorized in the following five
categories of RE tasks:

¢  C(lassification of Requirements according to their Functional /Non-Functional nature
*  Supporting Requirements Elicitation

* Improving the Quality of Requirements and Software

¢  Extracting Knowledge from Requirements

*  Supporting Requirements Management and Validation, and Project Management

This section presents the results of the developed literature review, and is divided into two
subsections. In subsection 5.1, the five categories of RE’s tasks are further explained. In subsection 5.2,
references that address each of the task categories are examined. The aim is to later, in section 6, be able
to identify common ML approaches and techniques used in the development of the task in question.

5.1. RE Categories of Tasks

The five identified RE categories of tasks, used to categorize the surveyed literature, are further
explained in the following subsections.

5.1.1. Classification of Requirements according to their Functional /Non-Functional nature

A requirement expresses a user need or some constraint imposed on a system. According to the
IEEE 610.12-1990 standard, a requirement is a condition or capability that must be verified or possessed
by a system to satisfy a contract, standard, or specification; a documented representation of a condition
or capacity, within the scope of the previous point [4].

Each requirement must be written in a form that:
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e  isclear, unambiguous and easy to interpret;
*  expresses objective intentions and not subjective opinions.

Requirements may be divided into Functional (FR) and Non-functional (NFR) requirements. FR
express functionalities that the system should exhibit to its users, whilst NFR impose restrictions to the
system as a whole.

NEFR may be further classified into several subcategories, such as [4]:

*  Appearance, which is about the visual aspect of the system’s graphical user interface;

e  Usability or User Experience (XP), which has to do with the system’s easiness of use and the
friendliness of the user experience;

*  Performance, related to characteristics of speed, storage capacity, ability to scale to greater
numbers of simultaneous users, among other aspects;

®  Security, having to do with authentication and authorization access to the system and to the data,
data protection and integrity, etc.;

¢ Legal, namely standards, laws and rules that apply to the system or to its domain of application.

Many other NFR categories may be considered, and these are easily found in any Software
Engineering book, such as [4,5].

5.1.2. Supporting Requirements Elicitation

Requirements elicitation involves identifying the sources for requirements and the actual gather-
ing of the requirements, to form a set of candidate requirements. This can be done by recurring to a
range of requirements elicitation techniques. This range includes techniques such as interviews, focus
groups, surveys, introspection, observation of workers while doing their work, to understand the way
they work and where and how the system can improve it [4,5].

5.1.3. Improving the Quality of Requirements and Software

Elicited requirements are considered as candidate requirements because they lack further analysis,
elaboration, negotiation and acceptance by the stakeholders. For this, a requirements engineer must
further elaborate the requirements to ensure that there are no [4,5]:

*  contradictory requirements;

e ambiguous requirements;

¢ incoherent or senseless requirements;

e  complex requirements, or requirements that need to be further divided into several requirements.

After elaboration and negotiation, requirements accepted by the stakeholders form the body of
the SRS document.

5.1.4. Extracting Knowledge from Requirements

After establishing a set of accepted stable requirements, the system analysis modeling follows.
This RE activity yields a set of models, each representing a different perspective of the system being
conceptualized and, together, comprising a technology free model of the system. These different model
perspectives are based on the requirements in the SRS. Examples of knowledge that may be extracted
from the requirements are, among others, the following:

®  Rewriting requirements in a standard form;

*  System features;

*  Types of system users;

e  System Structural Entities;

*  Dependency between Requirements;

*  Related requirements, enabling requirements traceability.
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5.1.5. Supporting Requirements Management and Validation, and Project Management

Requirements management is an activity that spans the entire SDLC and includes tasks such as
assessing the impact of changing requirements.

Requirements validation helps ensuring that the established requirements define the system
desired by the client [4].

5.2. ML Techniques used in RE Tasks

As mentioned before, the reviewed literature has been categorized into the five RE task categories
presented in the previous subsection. The specific references found in the reviewed literature, for
each category, have been organized in tabular form and are depicted in Table 1. Some references may
appear in more than one category, in the cases they address several RE tasks.

In this section the main ML techniques used in the reviewed literature, for each of the RE categories
of tasks, are analyzed.

5.2.1. Classification of Requirements according to their Functional /Non-Functional nature

Several ML techniques may be used for classifying Requirements, from natural language text in
SRS documents, according to their Functional /Non-Functional nature. In Table 1, we have separated
references that address a binary classification of each requirement as a "Functional Requirement" or a
"Non-Functional Requirement", or a ternary classification, where non-requirements are also identified,
from the ones that look for a more detailed classification of NFR into their subcategories, or also try to
identify Architecturally Significant Functional Requirements (ASFR), which are requirements with
important information for taking architectural decisions.

Classifying requirements into functional, non-functional and other categories involves several
steps, from preprocessing and feature extraction to model training and evaluation. At its early stage,
NLP is the main issue. For this, techniques such as tokenization and lemmatization may be used to
preprocess the requirements text and transform it to numerical feature values. Once the requirements
text is preprocessed and transformed into numerical feature vectors, a classification algorithm can be
applied.

In Table 2, the main approaches for the early NLP phase, and the main ML-based approaches to
the classification of Requirements according to their Functional/Non-Functional nature, are presented.
As depicted in the table, several techniques are reported in the reviewed literature. In this section, the
techniques used in each reference reviewed, which are present in Table 2, are summarized.

The authors in [33] studied several ML approaches to distinguish between FR and NFR. Their
approach included data cleansing, normalization and text preprocessing and vectorization steps,
in which BoW, Term frequency-inverse document frequency (TF-IDF), Featurization and Machine
Learning Models, ROC and AUC curves, Bi-Grams and n-Grams in Python, Word2Vec, and confusion
matrix were used. According to the authors, the combination of BoW and MNB provided the best
performance for binary classification.

The authors in [34] argue that existing techniques for classifying FR and NFR consider only one
feature at a time, thus not being able to consider the correlation of two features, and so they are
biased. In their study, they compare and extend ML algorithms to classify requirements, in terms of
precision and accuracy, and have observed that DT algorithm can identify different requirements and
outperform existing ML algorithms. As the number of features increases, the accuracy using the DT is
improved by 1.65%. To address DT’s limitations, they propose a multiple correlation coefficient based
DT algorithm. This approach, when compared to existing ML approaches, improves classification
performance. The accuracy of the proposed algorithm is improved by 5.49% compared to the DT
algorithm.
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Table 1. Categorization of the reviewed literature, according to the Requirements Engineering Phase and Activity

addressed.
RE Category RE Activity References
Classification of Binary FR/NFR Classification, and ternary [33-58]

Requirements according
to their Functional/
Non-Functional nature

Classif. FR/NFR/Non-Req

Classification of NFR, in further
subcategories, and Classification of ASFR

[36,39-41,43,45,47-49,52,57,59—61]

Supporting Require-
ments Elicitation

Categorize and Classify Business Rules (as a

source for RE) [62]
Predicting/recommending Techniques for [63]
Req. elicitation

Generating questions for Requirements [56,64]

elicitation

Identifying /Generating new Requirements
from existing Requirements or from User
Feedback; Identification of ASFR;
Classification of User Feedback

[35,51,55,65-79]

Improving Quality of
Requirements and Software

Requirements itemization, simplification,
disambiguation; Detecting incompleteness,
ambiguity, inaccuracy, implicit requirements,
semantic similarity, and other risks (smells)
in Requirements Specification; Coping with
ambiguity through the use of controlled
vocabulary and Ontologies

[35,58,80-93]

Verification of Quality Characteristics in
NEFR (e.g., usability, UX, security,
explainability) and user feedback; Ensuring
security of Requirements; GDPR; Assessing
the SRS quality by ISO 25010; Test case
generation / Automate the quality
checking/analysis of a Req./user story

[94-100]

Identify potential effects on Sustainability;
Assess Transparency and Sustainability as
NFR

[101-103]

Verification of pre-/post-conditions of
Requirements; Requirements to Test Cases
Traceability; Predicting probability of defects
using design-level attributes

[96,104-110]

Classification of requirements in two classes:
“Integration Test” and “Software Test” using
Machine Learning approaches

1]

Extracting Knowledge
from Requirements

Requirements Formalization;

Extracting/ Associating Features (Feature
Extraction) or Model Elements from/to
Requirements; Extract domain vocabulary
from requirements for Feature Modeling or
ontology construction

[43,58,81,83,112-134]

Detecting or Extracting Requirements
Dependencies / Requirements Traceability
(forward and backward)

[105,120,121,135-143]

Supporting Requirements
Management and Validation,
and Project Management

Requirements Prioritization

[77,144-149]

Requirements allocation to software
versions (considering as criteria:
requirement development time, priority
levels, and dependency relationships);
Predicting if a software feature will be
completed in its planned iteration

[150-152]

Project Management Risks Assessment /
Req. Change Impact analysis on other
requirements and on planned test cases

[153-155]
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Table 2. Main ML-based approaches to the classification of Requirements according to their Functional/Non-
Functional nature.

Main approaches used for NLP and feature extraction from NL Text, and for dataset

RE Category RE Activity preparation, and Main ML approaches used for achieving the RE activity
Classification of Binary FR/NFR TF; BoW; TF-IDF; Word2Vec; FastText; Doc2Vec; SMOTE; PCA; RST; DT; SVM; KNN; NB;
Requirements Classification, and ternary | MNB; NN; RF;

according to their Classif. FRINFR/Non-Req | K-means; Hierarchical Clustering; SVC; Bagged KNN; Bagged DT; Bagged NB; ExtraTree;
Functional/ Non- GNB; SGD;

Functional nature GB; XGBoost; AdaBoost;

ANN; RNN; LSTM; Bi-LSTM; MLP; CNN;

BERT; PRCBERT; NoRBERT; MLM-BERT; GPT;

BoW + MNB; TF-IDF + SVM; Doc2Vec + MLP + CNN; BoW + SVM; BoW + KNN; TF-IDF +
Classification of NFR, in SGD;

further subcategories, and | my(tiple correlation coefficient-based DT; Bi-LSTM-Att (Bi-LSTM + Attention Model);
Classification of ASFR Ensemble Grid Search classifier using 5 models (RF, MNB, GB, XGBoost, AdaBoost);
Self-attention Bidirectional-RNN Deep Model (SABDM);

Bidirectional Gated Recurrent Neural Networks (BiGRU);

Bidirectional Encoder-Decoder Transformer Convolutional Neural Network (BERT-CNN);
Trans_PRCBERT (PRCBERT fine-tuned on PROMISE); TPOT;

Ensemble classifier combining 5 models (NB, SVM, DT, LR, SVC).

In [36], the authors have used a zero-shot learning (ZSL) approach for classifying requirements
into Functional and Non-Functional requirements, and to identify NFR categories, including security
non-functional requirements, without using any labeled training data. The study shows that the
ZSL approach achieves an F1 score of 0.66 for the FR/NEFR classification task. For the NFR task, the
approach yields a Fl-score between 0.72 and 0.80, considering the most frequent classes.

In [37], TF-IDF and Word2Vec were the feature extraction techniques used after the NL text
pre-processing phase. The study then compared different ML algorithms to assess their precision
and accuracy in classifying software requirements, namely DT, RF, LR, Neural Networks (NN), KNN
and SVM. The results showed that the TF-IDF feature selection algorithm performed better than the
Word2Vec algorithm, in subsequent classification algorithms.

The study in [38] implemented an ensemble technique using Grid Search classifier that can
automatically tune the best parameters of the low performed classifier. The objective was to use a
fine-tuned Ensemble technique combining five different models, namely RF, MNB, Gradient Boosting,
XGBoost, and AdaBoost, to classify software requirements into FR or NFR.

The study in [40] used a RNN based model, namely Bidirectional Long Short-Term Memory
(Bi-LSTM). This algorithm combines the forward and backward hidden layers to solve the sequential
task better than LSTM. By combining Bi-LSTM and self-attention mechanism, the authors noticed
an improved requirements classification accuracy. The Bi-LSTM model has been trained with the
GloVe model. The architecture proposed in [40], named Self-attention based Bidirectional-RNN Deep
Model (SABDM), integrates NLP, Bi-LSTM, and self-attention mechanism, and has been developed for
improving the performance of deep learning in classifying requirements, both FR/NFR categorizations
and within NFR categories.

Most studies deal with requirements classification as binary or multiclass classification problems
and not as multilabel classification, which would allow a requirement to belong to multiple classes
at the same time. As a way of minimizing preprocessing and to enable multilabel classification of
requirements, in [41] a recurrent neural networks-based deep learning system has been used, namely
Bidirectional Gated Recurrent Neural Networks (BiGRU). The authors have investigated the usage
of word sequences and character sequences as tokens. Using word sequences as tokens has achieved
results similar to the state-of-the-art, effectively classifying requirements into functional and different
non-functional categories with minimal text prepossessing and no feature engineering.

The authors in [43] propose an automated non-exclusive approach for classification of functional
requirements from the SRS, using a deep learning framework. They found that domain-specific terms,
used in requirements specification, cause a number of issues with requirements engineering methods.
An NLP pipeline is proposed, for categorizing functional requirements from the SRS into several types.
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They have used MLP and CNN in the classification model’s development, after using Word2Vec and
FastText word embeddings from SRS documentation. Along with the word vectors inferred from
the pre-trained Word2Vec and FastText word vectorizers, the Doc2Vec model was used to vectorize
the sentences in the used SRS documents. The word vectors were produced using pre-trained online
embedding and re-training the current embedding model using internal data. The impact of data
trained with Word2Vec and FastText was compared to pre-trained word embeddings models, available
online. The retrained vector classifier models outperformed an initial vector model in terms of accuracy.
The best accuracy was achieved by the retrained vector CNN classifier model (77%).

In [44], the authors have used Term Frequency, BoW and TF-IDF, together with four supervised
and two unsupervised machine learning algorithms for classifying requirements specifications into
FR and NFR. When using BoW, the authors observed an accuracy of 0.725 with K-Nearest Neighbors
(K-NN), 0.835 with Support vector machines (SVM), 0.849 with Logistic Regression (LR), 0.543 with
K-means, 0.839 with multi-naive bayes, and 0.560 with Hierarchical clustering. Accuracy achieved with
agglomerative clustering using TF-IDF was 0.797 with K-NN, 0.876 with SVM, 0.845 with LR, 0.470
with K-means, 0.856 with Multinominal Naive bayes. The authors conclude that, for better results,
it is best to combine SVM algorithm with TF-IDFE. The authors also conclude that ML algorithms are
suitable for classifying requirements on simple problems, but that for addressing larger problems it is
necessary to apply rules-based Al models.

The research reported in [45] presents a Bidirectional Encoder-Decoder Transformer-Convolutional
Neural Network (BERT-CNN) model for requirements classification. The convolutional layer is stacked
over the BERT layer for performance enhancement. In order to extract features from requirement state-
ments the study employs CNN in task-specific layers of BERT. Experiments using the PROMISE dataset
evaluated the solution’s performance through multi-class classification of four key classes: Operability,
Performance, Security, and Usability. Results showed that the BERT-CNN model outperformed the
standard BERT approach when compared to existing baseline methods.

The studies in [46,53] use five distinct word embedding techniques for classifying FR and NFR
(quality) requirements. Synthetic Minority Oversampling technique (SMOTE) is used to balance
classes in the dataset used. Some dimensionality reduction techniques are also used, namely Principal
Component Analysis (PCA), which is used for reducing dimension, and Rank-Sum test (RST), which
is used for feature selection, to eliminate redundant and irrelevant features. Then, the vectors resulting
from the word embedding techniques used have been provided as inputs to eight different classifiers
for requirements categorization: Bagged k-Nearest Neighbors, Bagged Decision Tree, Bagged Naive-
Bayes, Random Forest, Extra Tree, Adaptive Boost, Gradient Boosting, and a Majority Voting ensemble
classifier, with DT, KNN, and Gaussian Naive Bayes (GNB). The authors conclude that the combination
of word embedding and feature selection techniques with the various classifiers are successful in
accurately classifying functional and quality software requirements [46,53].

In [47], the use of PRCBERT, or Prompt learning for Requirement Classification using BERT, is
proposed. This approach applies flexible prompt templates to classify software requirements from
small-sized requirements datasets (PROMISE and NFR-Review), and then adopts it to auto-label
unseen requirements’ categories of their collected large-scale requirement dataset NFR-SO. Experi-
ments conducted on PROMISE and NFR-Review datasets and on a large-scale requirement dataset
collected by the authors, enables to conclude that PRCBERT exhibits moderately better classification
performance than NoRBERT and MLM-BERT (BERT with the standard prompt template). On the
de-labeled datasets, Trans_ PRCBERT (a PRCBERT version fine-tuned on PROMISE) has a zero-shot
performance with 53.27% and Fl-score of 72.96%, when enabling a self-learning strategy.

In [48], the authors propose applying ML and active learning (AL) to classify requirements in a
given dataset, introducing the MARE process, which utilizes Naive Bayes as the classifier. AL employs
uncertainty sampling strategies to determine which data points should be labeled by the "oracle".
Three AL strategies are explored: Least Confident (LC), Margin Sampling (MS), and Entropy Measure
(EM). Experiments using two datasets were conducted to evaluate the performance of the MARE
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process. The findings suggest that better organization and documentation of requirements improve
classification results. However, significant progress is still needed to develop a system capable of
categorizing requirements with minimal human intervention at different levels of abstraction.

The work in [49] presents a proposal for the automated classification of quality requirements. The
study involved the training and hyperparameter optimization of different ML models, with the user
feedback classification. The study leverages the inherent knowledge of software requirements to train
various ML algorithms using NLP techniques for information reuse, extraction, and representation.
The Tree-based Pipeline Optimization Tool (TPOT), an AutoML library developed by Olson et al.
[156], which uses genetic algorithms, was employed to optimize ML models, improving fitness scores
by up to 14%. TPOT achieved the highest weighted geometric mean (0.8363), followed by Random
Forest (0.82). However, applying these models to informal text requirements proved challenging, as
automated classifiers struggled to achieve results above 0.3, highlighting the gap between machine
and human classification performance.

The authors in [50] propose a technique to automatically classify software requirements using ML
to represent text data from software requirements text and classify them as FR or NFR, based on BoW
followed by SVM or KNN algorithm for classification. They experimented with the PROMISE_exp
dataset, which includes labeled requirements, and observed that the use of BoW with SVM is better
than to use KNN algorithms with an average F-measure of all cases of 0.74.

The study in [51] looks for the automatic categorization of user feedback reviews into functional
requirements and non-requirements. The study evaluates ML based models to identify and classify
requirements from both formally written SRS documents and free text App Reviews written by users.
Similarly to other approaches, the work uses ML algorithms (SVM, SGD, and RF) to identify and
classify requirements, combined with NLP techniques, namely TF-IDF, to pre-process the requirements
text.

In [52], an analysis of supervised ML models combined with NLP techniques is proposed to
classify FRs and NFRs from large SRS. Experiments were conducted on the PROMISE dataset, in two
phases: first, the focus was on distinguishing between FRs and NFRs; then, the aim was to classify
NEFRs into nine specific subcategories. The results show that SVM with TF-IDF achieved the best
performance for FR classification, while SGD with TE-IDF was most effective for NFR classification.
For subclassifying NFRs, SVM with TF-IDF yielded the best results for Availability, Look & Feel,
Maintainability, Operational, and Scalability. Meanwhile, SGD with TF-IDF performed best for
Security, Legal, and Usability, whereas RF with TF-IDF excelled in classifying Performance-related
NFRs.

In [54], a new ensemble ML technique is proposed, combining different ML models and using
enhanced accuracy as a weight in the weighted ensemble voting approach. The five combined models
were NB, SVM, DT, LR, and Support Vector Classification (SVC). When using the ML based classifiers
with the highest accuracies (SVM, SVC, and LR) these yielded the same accuracy of 99.45% with the
proposed ensemble, only the time improved when using a smaller number of classifiers.

In [55], the authors propose Requirements-Collector, a tool for automating the identification and
classification of FRs from requirements specification and user feedback analysis. The Requirements-
Collector approach involves ML and DL computational mechanisms. These components are intended
to extract and pre-process text data from datasets of previous works, containing requirements, and
then classify FR and NFR requirements. Preliminary results have shown that the proposed tool is able
to classify RE specifications and user review feedback with reliable accuracy.

The work in [60], proposes an approach for classifying ASFRs, which are FR that contain compre-
hensive information to aid architectural decisions, and thus have a significant impact on the system’s
architecture. ASFRs are hard to detect, and if missed, can result in expensive refactoring efforts in later
stages of software development. The work presents experiments with a deep learning-based model
for identifying and classifying ASFRs. The approach (Bi-LSTM-Att) applies a Bi-LSTM to capture the
context information for each word in the software requirements text, followed by an Attention model
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to aggregate useful information from these words in order to get the final classification. For ASFR
identification, the Bi-LSTM-Att model yielded an f-score of 0.86, and for ASFR classification an f-score
of 0.83, on average [60]. The authors also noted that Bi-LSTM-Att outperformed the baseline RAKEL
NB classifier for all the labels, with industrial size datasets, although RAKEL NB seems to perform
well on less data.

In [56], the authors propose an intelligent chatbot for keeping a conversation with stakeholders in
NL and automating the requirements elicitation and classification yielding formal system requirements
from the interaction. Afterwards, a classifier classifies the elicited requirements into FR and NFR.
The collected requirements are written in unstructured free flow English sentences, which are pre-
processed to identify requirements, through the use of NLP and Dialogue Management, Rasa-NLU
and Rasa-Core opensource frameworks. After requirements elicitation by the Chatbot, two classifiers
have been implemented, MNB and SVM, to categorize the elicited requirements into FR and NFR. The
results show that MNB has better Accuracy, Precision, Recall and F1-Score than SVM (0.91 vs 0.88 in
all performance indicators) [56].

The authors in [61] research the application of two types of neural network models, an ANN and
a CNN, to classify NFRs into five categories: maintainability, operability, performance, security and
usability. The authors have evaluated their work on two widely used datasets with approximately
1,000 NFRs. The results show that the implemented CNN model can classify NFR categories with
a precision ranging between 82% and 94%, a recall indicator between 76% and 97%, and an F-score
between 82% and 92%.

In [57], RF and gradient boosting algorithms are explored and compared, to determine their
accuracy in classifying functional and non-functional requirements. RF and gradient boosting are
ensemble algorithms in ML. These combine the results from multiple base or weak learners to produce
a final prediction, enabling to improve accuracy and other indicators of prediction performance.
Experimental results show that the gradient boosting algorithm has improved prediction performance
better than random forest, when classifying NFR. However, the random forest algorithm is more
accurate in classifying FR.

In [58], the efficacy of ChatGPT in several aspects of software development is assessed. For
requirements analysis, the ChatGPT’s proficiency in identifying ambiguities, distinguishing between
FR and NFR, and generating use case specifications, has been evaluated. The assessment, which has
been qualitative and subjected to the authors’ opinion, revealed that ChatGPT has potential in assisting
various activities throughout the SDLC, including requirements analysis, domain modeling, design
modeling, and implementation. The study also identified non-trivial limitations, such as a lack of
traceability and inconsistencies among produced artifacts, which require human involvement. Overall,
the results suggest that, when combined with human developers to mitigate the limitations, ChatGPT
can serve as a valuable tool in software development [58].

5.2.2. Supporting Requirements Elicitation

Requirements Elicitation is a Requirements Engineering Phase, or set of activities, that deals with
capturing, identifying and registering requirements. It helps to derive and extract information from
stakeholders or other sources. It is an essential phase in building commercial software.

Table 3, presents the main approaches for the NLP phase, along with the main ML-based ap-
proaches for supporting Requirements Elicitation. The table illustrates the techniques reported in the
reviewed literature. Each literature reference reviewed, for the "Supporting Requirements Elicitation"
category, is summarized in this section.
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Table 3. Main ML-based approaches to Supporting Requirements Elicitation.

RE Activity Main approaches used for NLP and feature extraction from NL Text, and for
RE Category dataset preparation, and
Main ML approaches used for achieving the RE activity
Supporting Categorize and Classify Business TF; BoW; TF-IDF; Word2Vec; FastText; Doc2Vec; Rasa-NLU; Rasa-Core;
Requirements Rules (as a source for RE) MNB; SVM; Multi-dataset training; zero-shot approaches;
Elicitation Having a perturbator and a classifier positively influencing each other;

Predicting/recommending
Techniques for Req. Elicitation

Generating questions for
Requirements elicitation

Multimodal Autoencoder and Multimodal Variational Autoencoder methods;
Supervised ML models;

BERT; GPT; DL; NN; Transformer-based DL models;

Neural Language Models; Hierarchical cluster labeling;

Speech-acts based analysis technique; Part-of-Speech (POS) Tagging;

NLP + ML techniques leveraging the concept of requirement boilerplate;

d0i:10.20944/preprints202503.2259.v1

Trained LSTM RNN model (based on Rasa) + MNB or SVM;
NLP4ReF; NLP4ReF-NLTK; NLP4ReF-GPT;
BERT-based transformer + static preference linker.

Identifying/Generating new
Requirements from existing
Requirements or from User
Feedback; —-Identification of ASFR;
Classification of User Feedback

Business rules, which give body to the description of the business processes, can be an important
source of software requirements specifications. The authors in [62] propose an approach to categorize
and classify business rules based on Witt’s approach, which classifies business rules into four main
categories: definitional (or structural) rules, data rules, activity rules, and party rules [62]. They
conclude that the proposed approach showed good accuracy, recall, and Fl-scores values, when
compared to the state-of-art approaches [62].

The elicited requirements list resulting from the requirements elicitation phase is used as input
for requirements analysis and management activities. Multiple elicitation techniques may be applied
alternatively or in conjunction with other techniques to accomplish the elicitation. The prediction
or recommendation of the best technique for requirements elicitation influences the requirements
engineering approach. The authors in [63] analyze the current practices of requirements elicitation
techniques application in practical software development projects, and define factors influencing the
technique selection based on the two-classification ML model, and predict the usage of a particular
elicitation technique depending on the project attributes and business analyst background. They
conducted a survey study involving 328 specialists from Ukrainian Information Technology (IT)
companies. Gathered data was used to build and evaluate the prediction models.

According to the authors in [64], integrating advanced models like GPT-3.5 into RE remains
largely unexplored. With the goal of exploring the capabilities and limitations of GPT-3.5 in software
requirements engineering, the research presented in [64] investigates the effectiveness of GPT-3.5
in automating key tasks within RE. The authors identify the limitations of using GPT-3.5 in the
requirement-gathering process and conclude that GPT-3.5 demonstrates proficiency in aspects like
creative prototyping and question generation, but has limitations in areas like domain understanding
and context awareness. The authors offer recommendations for future research focusing on the seam-
less integration of GPT-3.5 and similar models into the broader framework of software requirements
engineering [64].

As previously mentioned in [56], an approach to automate requirements elicitation and classi-
fication is proposed. The idea is to use an intelligent conversational chatbot. The chatbot converses
with stakeholders in Natural Language and elicits formal system requirements from the interaction,
and then a classifier classifies the elicited requirements into FR and NFR. Rasa-NLU and Rasa-Core
opensource frameworks are used in the chatbot for natural language processing. For the dialogue
management, a Rasa Core model is trained with a training data file consisting of several sample user
and bot conversations, where the user response is represented by its intent, and the bot response is rep-
resented by the bot’s utterance and actions taken [56]. The result is a trained LSTM RNN model capable
of interpreting dialogue history and converting raw dialogue data into a probability distribution over
system actions. These actions are defined either as the bot’s textual responses to the user or as code
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that identifies system requirements from the user’s input, extracts relevant entities, requests additional
information if needed, writes the requirement to file, and maintains a natural language conversation
with the user. The elicited system requirements are subsequently classified into FR and NFR categories
using a text classification model trained on over eight hundred labeled samples from multiple domains.
The input data is represented as feature vectors using the BoW method and TF-IDF frequency, which
are then employed by text classification models developed using MNB and SVM algorithms [56].
The authors note that the chatbot has been trained to capture a limited set of requirements within
a single domain and requires further extensive training data to recognize a complete set of system
requirements. In what respects the MNB and SVM classifiers, the authors conclude that the first has
better performance (Accuracy, Precision, Recall, and F1-Score) than the second in classifying FR and
NER [56].

Addressing requirements defects during the RE phase is more cost-effective than during devel-
opment of after project delivery. In [35], the use of Natural Language Processing for Requirements
Forecasting (NLP4ReF) is introduced. The authors’ goal is to reduce missing and incorrectly expressed
requirements, in order to minimize the number of requirement changes during the SDLC, and ensuring
that requirements accurately reflect stakeholder needs. The NLP4ReF approach enables enhancing
the process of requirements elaboration using ML and NLP, including the initial requirements orga-
nization, their classification as FR or NFR, the identification of system classes, and the generation of
forgotten or unforeseen requirements [35]. The paper explores using NLP4ReF algorithms, namely
NLP4ReF-NLTK and NLP4ReF-GPT, in the RE process, to evaluate their efficacy in requirements
generation and classification, and to analyze their practical application. The algorithms were able
to generate many new relevant requirements, and to effectively classify requirements into FR/NFR.
The research highlights the importance of Model-Based Systems Engineering (MBSE) in guiding the
development and optimization of algorithms, providing a logical framework for future research in the
field of Natural Language Processing for Requirements Engineering (NLP4RE). The authors conclude
that the systematic integration of MBSE, through the incorporation of various diagrams that underpin
the development of the algorithms, provides comprehensive insights into the study. MBSE contributed
to a deeper understanding of the capabilities and implications of NLP4ReF and NLP4RE tools and
techniques in RE.

Besides addressing requirements classification between FR/NFR, as seen in section 5.2.1, the
authors in [51] also seek to automate the process of extracting functional requirements and filtering
out non-requirements from user app reviews. Their proposal evaluates ML-based models to identify
and classify software requirements from both, formal Software SRS documents and Mobile App User
Reviews. Initial evaluation of the ML-based models show that they can help classify user app reviews
and software requirements as FR, NFR, or Non-Requirements.

The research in [55], already mentioned before when addressing requirements classification,
also intends to automatically identify, extract and pre-process text containing requirements and user
feedback, to generate requirements specification. The proposed Requirements-Collector tool uses ML
and DL based approaches to automatically classify requirements discussed in RE meetings (stored in
the form of audio recordings) and textual feedback in the form of user reviews. The authors argue that
the Requirements-Collector tool has the potential to renovate the role of software analysts, which can
experience a substantial reduction of manual tasks, more efficient communication, dedication to more
analytical tasks, and assurance of software quality from conception phases [55].

Developers frequently elicit requirements from user feedback, such as bug reports and feature
requests, to help guide the maintenance and evolution of their products [65]. By linking feedback
to their existing documentation, development teams enhance their understanding of known issues,
and direct their users to known solutions. The authors in [65] apply deep-learning techniques to
automatically match forum posts with related issue tracker entries, using an innovative clustering
technique. Strong links between product forums, issue trackers, and product documentation, have
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been observed, forming a requirements ecosystem that can be enhanced with state-of-the-art techniques
to support users and help developers elicit and document the most critical requirements [65].

Studies to elicit stakeholder preferences have been developed in [66], using scenarios where
users describe their goals for using directory services to find entities of interest, such as apartments,
hiking trails, etc. The article’s results reveal that feature support for preferences varies widely among
directory services, with around 50% of identified preferences unmet. The study also explored automatic
preference extraction from scenarios using named entity recognition across three approaches, with a
BERT-based transformer achieving the best results (81.1% precision, 84.4% recall, and 82.6% F1-score
on unseen domains). Additionally, a static preference linker was introduced, linking extracted entities
into preference phrases with 90.1% accuracy. This pipeline enables developers to use the BERT model
and linker to identify stakeholder preferences, which can then inform improvements and new features
to better address gaps in service.

In [67], ML classifiers are used to classify bug reports and feature requests using seven datasets
from previous studies. The authors evaluate classifiers” performance on users’ feedback from unseen
apps and entirely different datasets, and they assess the impact of channel-specific metadata. They
find that using metadata as features in classifying bug reports and feature requests rarely improves
performance, and while classification is similar for seen and unseen apps, classifiers struggle with
unseen datasets. Multi-dataset training or zero-shot approaches can somewhat alleviate this issue,
with implications on user feedback classification models for extracting software requirements.

In [68], the authors propose an approach to creatively generate requirements candidates via the
adversarial examples resulted from applying perturbations to the original requirements descriptions.
In the presented architecture, the perturbator and the classifier positively influence each other. Each
adversarial example is uniquely traceable to an existing feature of the software, instrumenting explain-
ability. The experimental evaluation has used six datasets, and shows that around 20% adversarial
shift rate is achievable [68].

Several works investigate which techniques and ML models are most appropriate for detecting
relevant users feedback and reviews, and for classifying, embedding, clustering, and characterizing
those reviews for generating requirements across multiple feedback platforms and data domains
[69-74,76].

The study in [69] explores unimodal and multimodal representations across various labeling
levels, domains and languages to detect relevant app reviews using limited labeled data. It introduces
a one-class multimodal learning method requiring labeling only relevant reviews, thus reducing the
labeling effort. To enhance feature extraction and review representation with fewer labels, the authors
propose the Multimodal Autoencoder and the Multimodal Variational Autoencoder methods, which
learn representations that combine textual and visual information based on reviews’ density. Density
information can be interpreted as a summary of the main topics or clusters extracted from the reviews
[69]. The studied methods achieved competitive results using just 25% of labeled reviews compared to
models trained on complete datasets, with multimodal approaches reaching the highest F1-Score and
AUC-ROC in twenty-three out of twenty-four scenarios.

In [70], the authors investigate whether enterprise software vendors can elicit requirements from
their sponsored developer communities through data-driven techniques. The authors collected data
from the SAP Community and developed a supervised machine learning classifier for automatically
detecting feature requests of third-party developers. Based on a manually labeled data set of 1,500
questions, the proposed classifier reached a high accuracy of 0.819. Their findings reveal that supervised
machine learning models may be an effective means for the identification of feature requests.

In [71], the authors propose using the state-of-the-art transformer-based DL models for auto-
matically classifying sentences in a discussion thread. The authors propose a benchmark to ensure
standardized inputs for training and testing for this problem. They conclude that their transformer-
based classification proposal significantly outperforms the state-of-the-art [71].
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The approach presented in [73] proposes a hierarchical cluster labeling method for software
requirements that leverages contextual word embeddings. This method addresses previous issues
such as duplicate requirements from user reviews and the challenges of handling different granularity
levels that obscure hierarchical relationships between software requirements. The authors use neural
language models to create semantically rich representations of software requirements, clustering them
into groups and subgroups based on similarity in the embedding space. Representative requirements
are then selected to label each cluster and sub-cluster, effectively managing duplicate entries and
different granularity levels [73].

Within the RE process of defining, documenting, and maintaining software requirements, the
authors in [74] focus on the problem of automatic classification of CrowdRE into sectors. CrowdRE
involves large scale user participation in RE tasks. The authors proposal involves three different
approaches for sector classification of CrowdRE, based on supervised ML models, NN, and BERT,
respectively. Classification approaches have been applied to a CrowdRE dataset, comprising around
3000 crowd-generated requirements for smart home applications. The obtained performance is similar
to several other classification algorithms, indicating that the proposed algorithms can be very useful
for categorizing crowd-based requirements into sectors [74].

Although initial progress has been made in using mining techniques for requirements elicitation,
it remains unclear how to extract requirements for new apps based on similar existing solutions and
how practitioners would specifically benefit from such an approach.

In [76], the authors focus on exploring information provided by the crowd about existing solutions
to identify key features of applications in a particular domain. The discovered features and other
related influential aspects (e.g. ratings) can help practitioners to identify potential key features for new
applications [76]. The authors present an early conceptual solution to discuss the feasibility of their
approach.

User reviews from tweets, app forums, etc. are processed by applying NL techniques to filter out
irrelevant data, followed by text mining and ML algorithms to classify them into categories like bug
reports and feature requests. The research in [77] explores a linguistic technique based on speech-acts
for the analysis of online discussions with the goal of discovering requirements-relevant information.
A revised version of the speech-acts based analysis technique, previously presented by the same
authors, is proposed together with a detailed experimental characterization of its properties. Datasets
used in the experimental evaluation were taken from an open source software project (161120 textual
comments) and from an industrial project in the home energy management domain. On these datasets,
the proposed approach is able to successfully classify messages into Feature/Enhancement and Other,
with F-score of 0.81 and 0.84 respectively. The authors conclude that evidence of an association between
types of speech-acts and categories of issues, has been found, and that there is correlation between
some of the speech-acts and issue priority.

To advance software creativity, several techniques have been proposed, such as multi-day work-
shops with experienced requirements analysts and semi-automated tools that support focused creative
thinking. The authors in [75,78] propose a novel framework for providing an end-to-end automation
to support creativity in both new and existing systems. The framework reuses requirements from
similar software freely available online, uses advanced NLP and ML techniques, and leverages the
concept of requirement boilerplate to generate candidate creative requirements. The framework has
been applied on three application domains: Antivirus, Web Browser, and File Sharing, and further
report a human subject evaluation. The results exhibit the framework’s ability to generate creative
features even for a relatively matured application domain, such as Web Browser, and provoke creative
thinking among developers irrespective of their experience levels.

Software companies need to quickly fix reported bugs and release requested new features, or
they risk negative reviews and reduced market share. The sheer volume of online user feedback
renders manual analysis impractical. The authors in [79] note that online product forums are a rich
source of user feedback that may be used to elicit product requirements. The information contained in
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these forums often include detailed context to specific problems that users encounter with a software
product. By analyzing two large forums, the study in [79] identifies 18 distinct types of information
(classifications) relevant to maintenance and evolution tasks. The authors found that a state-of-the-art
App Store tool cannot accurately classify forum data, underlining the need for specialized techniques
to extract requirements from product forums. In an exploratory study, they developed classifiers
incorporating forum-specific features, achieving promising results across all classifiers, with f-scores
ranging from 70.3% to 89.8%.

5.2.3. Improving Quality of Requirements and Software

Most software requirements are written using natural language, which has no formal seman-
tics and has a high risk of being misunderstood due to its natural tendency towards ambiguity and
vagueness. Improving the quality of requirements and software involves reducing the ambiguity, in-
completeness, non-uniqueness and coverage (in terms of users’ needs) of the requirements specification.
It also involves, identifying requirements that may have effects of sustainability, security and usability
of the future system, besides other quality characteristics. Another way of improving the requirements
quality is registering and monitoring their inter-dependencies and pre- and post-conditions.

The quality of the software, and the adherence of planned or developed software features to the
stated requirements, may also be addressed through validation tests. These may be, at least partially,
drawn from the SRS. And, the probability of defects can also be predicted.

Table 4, presents the main approaches for the NLP phase, along with the main ML-based ap-
proaches for improving the quality of requirements and software. The table shown the main techniques
reported in the reviewed literature. Each of the references reviewed is summarized in this section.
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Table 4. Main ML-based approaches to Improving the Quality of Requirements and Software.
RE Category  RE Activity Main approaches used for NLP and feature extraction from
NL Text, and for dataset preparation, and
Main ML approaches used for achieving the RE activity
Improving Requirements itemization, Tokenization; Part-of-Speech (POS) Tagging; Dependency Parsing;
Quality of simplification, disambiguation; Data balancing techniques such as SMOTE, RUS, ROS, and Back
Requirements | Detecting incompleteness, translation (BT); LLM; GPT; Ambiguity Classification Model (ACM);
and Software | @ambiguity, inaccuracy, implicit BASAALT / FORM-L; NLP4ReF-NLTK and NLP4ReF-GPT;
requirements, semantic Fault-Prone Software Requirements Specification Detection Model
similarity, and other risks (smells) | (FPDM) using Adaptive Boosting, Gradient Boosting, and Extreme
in Requirements Specification; Gradient Boosting;

Coping with ambiguity through the | NLP techniques with features extracted using TF-IDF and BoW +
use of controlled vocabulary and | Various classifiers (LR, NB, SVM, DT, KNN); TF-IDF + LR achieved
Ontologies highest performance for requirement smells classification; TF-IDF +
SVM outperformed other algorithms;

BERT’s masked language model to generate contextualized
predictions + ML-based filter to post-process BERT’s predictions;
Text classification technique;

Sentence embedding and Antonym-based approach for detecting
Requirements Incompleteness;

BERT-based and clustering approach for detecting intra- or cross-
domain ambiguities;

ULMFIT (Transfer learning approach where the model is pre-trained
to a general-domain corpus and then fine-tuned to classify
ambiguous vs unambiguous requirements);

Verification of Quality
Characteristics in NFR (e.g.,
usability, UX, security,
explainability) and user feedback;
Ensuring security of
Requirements;

GDPR; Assessing the SRS quality
by ISO 25010; Test case
generation / Automate the quality
checking/analysis of a Reg./user

story ULMFiT achieved higher accuracy than SVM; SVM; LogR; MNB;
Identify potential effects on ML approach to extract UX characteristics from requirements (RF);
Sustainability; Assess COTIR (integrates Commonsense knowledge, Ontology and Text
Transparency and Sustainability | mining for early identification of Implicit Requirements); COTIR
as NER outperforms other IMR tools.

BERT + knowledge graphs integrating information from various
Verification of pre-/post- sources on security and vulnerabilities + Transfer learning is
conditions of Requirements; applied to reduce the expensive training demands of ML and DL
Requirements to Test Cases models;
Traceability; Predicting probability | ML algorithms to predict vulnerabilities for new requirements;
of defects using design_level KnOWledge engineering—based architecture to create a traceability
attributes matrix using NLP and ML techniques, using an ontology and

optimization algorithm, which does not require a lot of data and
Classification of requirements in | includes real world knowledge;

two classes: “Integration Test” | Test case generation using text classification with NB algorithm and
and “Software Test” using Scikit-learn and NLTK, to identify preconditions and postconditions
Machine Learning approaches within requirements;
Combining NLP and ML to automate software requirement-to-test
mapping;

Supervised ML classifiers to classify user stories according to
Valuable and Testable metrics;

Adaboost ensemble method; ML-based defect prediction models
using design-level metrics and data sampling techniques.

The work in [58], mentioned above, also targets the quality improvement of requirements and
software. The efficacy of ChatGPT on identifying ambiguities and generating accurate use case
specifications, and on fixing errors encountered during the software implementation, has been assessed.
As mentioned before, the study also identified a lack of traceability and inconsistencies among
produced artifacts, which to not dispense human involvement.

One recurrent difficulty in requirements analysis is requirements itemization, or simplify-
ing/subdividing requirements. This difficulty arises due to the inherent ambiguity and redundancy
of requirements described in natural language. It is very important to determine the list of itemized
requirements from the requirements document. The work in [80] proposes a method to automatically
extract requirement entries from requirement text by leveraging a set of NLP techniques and machine
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learning models. The approach tries to imitate the human expert process of extraction of itemized
requirements, which consists of three main processes: identifying requirement locations and bound-
aries, building models, and extracting fine-grained requirement semantics. The authors performed
evaluations in the field of military arguments, and the results showed a nearly 80 percent accuracy.
The approach can be used to industry practitioners extract requirements items faster and easier.

In [81], a ML-based approach to formalize requirements written in natural language text is
proposed. The approach targets critical embedded systems, and extracts information to assess the
quality and complexity of requirements. The authors have used the open source NLP framework
spaCy for tokenization, Part-of-Speech (PoS) tagging and dependency parsing based on a pre-trained
English language model. Then, a phase for identifying text chunks follows, whuch uses a rule-based
exploration approach in contrast to domain-specific training alternative. According to the authors, this
is to ensure independence of a specific engineering domain. Text chunks are then put into a normalized
order. If this is not possible, a quality issue may be detected. The normalized sequence of chunks can
be used for "building test oracles, for the implementation of software, and for applying metrics so that
requirements may be compared for similarity or be evaluated" [81].

In [82], the authors propose a model to detect fault-prone software requirements specifications,
consisting of two main components: (1) an Ambiguity Classification Module (ACM); and, (2) a
Fault-Prone Detection Module (FPDM). The ACM selects the best deep learning algorithm to classify
requirements as ambiguous or clean, identifying various types of ambiguity (lexical, syntactic, semantic,
and pragmatic). Then, the FPDM uses key SRS components, such as title clarity, description, intended
users, and the ambiguity classification, to detect fault-prone requirements. The ACM achieved an
accuracy of 0.9907 and the FPDM 0.9750. To further enhance detection, particularly for edge/cloud
applications, the authors applied boosting algorithms (Adaptive Boosting, Gradient Boosting, and
Extreme Gradient Boosting), improving accuracy by leveraging SRS features. They also propose a
fault-prone severity scale that categorizes ambiguity as low, moderate, or high based on a calculated
score from key SRS elements [82].

The use of NLP4ReF, proposed in [35], also targets the disambiguation of requirements specifica-
tions. It uses ML and NLP to identify duplicate, incomplete and hidden requirements. NLP4ReF-NLTK
and NLP4ReF-GPT algorithms are used to classify requirements and generate new relevant require-
ments.

Software programs require rigorous testing and verification to prevent defects, and the same ap-
plies to requirements, whether elicited or assumed. This involves analyzing both form and semantics.
The study in [83] highlights that fully automating requirement disambiguation is impossible, as human
intervention remains crucial. Using the BASAALT method and FORM-L language, the authors formal-
ized requirements to support behavioral simulation, which helps detect issues such as inadequacy
(unsuitable requirements), over-ambition (unnecessary requirements with undue complexity and risks),
and contradiction (conflicting requirements). This approach involves creating semantically precise and
simulable models while integrating missing contextual details. Stakeholders can review these models
and simulation results to ensure alignment with intended requirements. BASAALT /FORM-L models
represent system requirements, environmental assumptions, and proposed solutions, with verification
ensuring that these solutions satisfy specified requirements. However, defects in requirements and
assumptions are a common reason for system failures. Beyond ambiguity, inadequacy is a key concern,
as unsuitable requirements can lead to undesirable outcomes. FORM-L models support verification
through modeling and simulation, leveraging tools like Stimulus for test case generation. A noted
limitation of the study is the manual application of BASAALT and FORM-L for identifying ambiguities
and formalizing corrected requirements.

To identify and correct poor quality software requirements, the work in [84] proposes a set of
ML models for detecting different kinds of requirement smells and prioritizing them. Requirements
smells are characteristics identified in requirements that function as an indicator of ambiguity and
vagueness problems in requirements [84]. The authors discovered that previous approaches to de-
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tecting requirement smells face scalability and flexibility issues, and they do not prioritize smells for
ordered action. The proposed method identifies ten classes of requirement smells and ranks them
based on severity and the importance of the requirements. They used a dataset of 3,100 expert-labeled
requirements for both classification and prioritization. Textual requirements were preprocessed with
NLP techniques, with features extracted using TF-IDF and BoW. Various classifiers, namely LR, NB,
SVM, DT, and KNN, were evaluated, and an additional sorting method was applied for project-specific
smell prioritization. As a result, LR with TE-IDF achieved highest performance with 94% accuracy
for requirement smells classification. For requirement smells prioritization, SVM outperformed other
algorithms with 99% accuracy.

Detecting incompleteness in NL requirements is a major challenge. One approach is to compare
requirements with external sources. Given the rise of Large Language Model (LLM)s, the work in [85]
has addressed the question: Are LLMs useful external sources of knowledge for detecting potential
incompleteness in NL requirements? The authors explore this question by using BERT’s masked
language model to generate contextualized predictions for filling masked slots in requirements. To
simulate incompleteness, some content from requirements has been withhold, and BERT’s ability to
predict terminology that is present in the withheld content but absent in the disclosed content, has been
assessed. BERT can produce multiple predictions per mask. The work contributes to determine the
optimal number of predictions per mask, balancing effective identification of omissions in requirements
with noise reduction. It also contributes with a a ML-based filter to post-process BERT’s predictions
and further decrease noise. An empirical evaluation on 40 requirements specifications from the PURE
dataset shows that BERT’s predictions successfully highlight missing terminology, outperforming
simpler baselines, while the proposed filter enhances its effectiveness for completeness checking of
requirements [85].

The problem with natural language is that it can easily lead to different understandings if it is not
expressed precisely by the stakeholders involved [86]. This may result in building a product that is not
aligned with the stakeholders expectations.

The work in [86] tries to improve the quality of the software requirements by detecting language
errors based on International Standards Organizations (ISO) 29148 requirements language criteria.
The proposed solution is based on previous existing solutions, which apply classical NLP approaches
to detect requirements’ language errors. In [86], the authors seek to improve the previous work by
creating a manually labeled dataset and using ensemble learning, DL and other techniques, such as
word embeddings and transfer learning to overcome the generalization problem that is tied with
classical NLP and improve precision and recall metrics using a manually labeled dataset.

The work in [87] also addresses duality and incompleteness in NL software requirements specifica-
tion. Different from previous approaches, in [87] the authors focus on the requirements incompleteness
implied by the conditional statements, and propose a sentence embedding and antonym-based ap-
proach for detecting the requirements incompleteness. The guiding idea is that when one condition is
stated, its opposite condition should also be there, or else the requirements specification is incomplete.
Hence, the proposed approach starts by extracting the conditional sentences from the requirements
specification, and eliciting the conditional statements which contain one or more conditional expres-
sions. Then, conditional statements are clustered using the sentence embedding technique, and the
conditional statements in each cluster are further analyzed to detect potential incompleteness, by using
negative particles and antonyms [87]. The results of the proposed approach have shown a recall of
68.75%, and a F1-measure of 52.38%.

Ambiguity in Requirement Engineering document may lead to disastrous results thereby ham-
pering the entire development process and ending up compromising on the quality of a system. In
[88], the authors discuss the types of ambiguity found in the RE document, and approaches to handle
and providing a level of automatic assistance in reducing ambiguity and improving requirements.
The study also confirms the use of text classification technique to classify a text as “ambiguous” or
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“Unambiguous” at the syntax level. The objectives of the work were mainly to identify the presence of
ambiguity in any RE document with the help of ML Techniques and finally minimizing or reducing it.

The application of neural word embeddings for detecting cross-domain ambiguities in software
requirements has recently gained significant attention. Several methods in the literature estimate how
meaning varies for common terms across domains, but they struggle to detect terms used in different
contexts within the same domain, i.e., intra-domain ambiguities or those in a requirements document
of an interdisciplinary project. The work in [89] introduces a BERT-based and clustering approach
to identify such ambiguities. For each context in which a term appears, the approach provides a list
of similar words and example sentences illustrating its context-specific meaning. Applied to both a
computer science corpus and a multi-domain dataset covering eight application areas, the approach
has proven highly effective in detecting intra-domain ambiguities [89].

In [90], the authors have used transfer learning by using ULMFiT, where the model has been
pre-trained to a general-domain corpus and then fine-tuned to classify ambiguous vs unambiguous
requirements (target task). Back translation (BT) has also been used as a text augmentation technique,
to see if it improved the classification accuracy. The proposed model has then been compared with
machine learning classifiers like SVM, Logistic Regression (LogR) and MNB, and the results showed
that ULMFiT achieved higher accuracy those classifiers, improving the initial performance by 5.371%.
The authors conclude that the proposed approach provides promising insights on how transfer learning
and text augmentation can be applied to small data sets in requirements engineering.

The work in [91] addresses identification of implicit requirements (IMRs) in SRS. Implicit require-
ments are not specified by users, but may be crucial to the success of a software project. A software
tool has been developed, called COTIR, which integrates Commonsense knowledge, Ontology and
Text mining for early identification of Implicit Requirements. In [91] the authors demonstrate the tool
and conclude that it relieves human software engineers from the tedious task of manually identifying
IMRs in huge SRS documents. Performed evaluation shows that COTIR outperforms existing IMR
tools [91].

Semantic similarity information supports requirements tracing and helps to reveal important
requirements quality defects such as redundancies and inconsistencies [92]. The authors in [92] created
a large dataset for analyzing the similarity of requirements, through the use of Amazon Mechanical
Turk, a crowd-sourcing marketplace for micro-tasks. Based on this dataset, they investigate and
compare different types of algorithms for estimating semantic similarities of requirements, covering
both relatively simple bag-of-words and machine learning models. After experiments on their dataset,
they conclude that the best performances were obtained by a model which relies on averaging trained
word and character embeddings as well as an approach based on character sequence occurrences and
overlaps, achieve the best performances.

In [93], the authors present techniques of NLP which work out greatly to extract information
properly and minimizing the bugs that may generate in later parts of Software Development. Using
techniques of NL Interpretation, Software Engineers can outline the most accurate requirements of
customers, which can improve the quality of requirements, and ultimately of the resulting software
product.

There are also several works in the certification of quality characteristics, such as usability, user
experience or security. In [94], a set of system UX Key Performance Indicator (KPI) is predicted based
on a list of initial textual requirements. This helps assessing an application’s UX KPI in the first phases
of software requirements engineering, without having to develop a UX-oriented prototype at early
software requirements elicitation phase. User Experience (UX) reveals users’ product impressions when
using or planning to use a software product. The suggested ML approach extracts UX characteristics
from textual requirements to categorize them as UX scales, which are then used to forecast the total
UXKPI of any software application. The UX predictions should be as reliable as a real case study of
different application prototypes. Several machine learning models have been trained on a benchmark
dataset of software requirements, showing a f1-measure performance of 0.91, for the RF Algorithm.
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The authors also observed that the UX KPIs calculated based on outputs from ML models were highly
interrelated with those calculated based on developed UX-oriented software prototypes, allowing to
conclude that the proposed model can evaluate UX instantly without interventions from end-users or
UX designers [94].

In [99], a benchmark dataset is built for UX, based on textual software requirements crowdsourcing
several UX experts. The paper develops a machine learning model to measure UX based on the dataset.
The research describes the dataset characteristics and reports its statistical internal consistency and
reliability. Results indicate a high Cronbach Alpha and a low root mean square error of the dataset,
which leads the authors to conclude that the new benchmark dataset could be used to estimate UX
instantly without the need for subjective UX evaluation. The dataset will serve as a foundation of UX
features for machine learning models.

The work in [95] focuses on ensuring system security is addressed in the requirements manage-
ment phase rather than leaving it for later phases in the software development process. The authors
propose an approach to combine useful knowledge sources like customer conversation, industry best
practices, and knowledge hidden within the software development processes. BERT is used in the
proposed architecture to utilize its language understanding capabilities. The work also investigates the
use of knowledge graphs to integrate information from various industry sources on security practices
and vulnerabilities, ensuring that the requirements management team stays informed with critical
data. Additionally, transfer learning is applied to reduce the expensive training demands of ML and
DL models. The proposed architecture has been validated within the financial domain and agile
development models. The authors propose that this approach could effectively integrate software re-
quirements management with data science practices by leveraging the extensive information available
in the software development ecosystem.

Software security is also a major concern in the work presented in [96]. Based on the principle that
the root of a system security vulnerability can often be traced back to the requirements specification,
the authors advocate a novel framework to provide an additional measure of predicting vulnerabilities
at earlier stages of the SDLC. In the study in [96], the authors build upon their proposed framework
and leverage state-of-the-art ML algorithms to predict vulnerabilities for new requirements, together
with a case study on a large open-source-software (OSS) system, Firefox, evaluating the effectiveness of
the extended prediction module. The results show that the framework could be a viable complement
to the traditional vulnerability-fighting approaches.

Complying with the EU GDPR can be a challenge for small and medium-sized enterprises. The
work reported in [97] considers GDPR-compliance as a high-level goal in software development that
should be addressed at the beginning of software development, that is, during RE. The authors argue
that NLP can be used to automate this process, and present initial work, preliminary results, and the
current state of art on verifying requirements” GDPR-compliance.

In [98] the authors present a user feedback classifier based on ML for the classification of user
reviews according to software quality characteristics compliant with the ISO 25010 standard. The
proposed approach has been achieved by testing several ML algorithms, features, and class balancing
techniques for classifying user feedback on a data set of 1500 reviews. The maximum F1 and F2 scores
obtained were 60% and 73%, with recall as high as 94%. The authors conclude that the proposed
approach does not replace human specialists, but helps in reducing the effort required for requirements
elicitation.

The study in [100] reports on the development of a method of activity of ontology-based intelligent
agent for evaluating initial stages of the software lifecycle. Based on the developed method, the
intelligent agent evaluates whether the information in the SRS is sufficient or not. It provides a
numerical assessment of the sufficiency level for each non-functional feature individually and for
all features overall, along with a list of attributes (measures) or indicators that should be added to
improve the SRS’s completeness or level of sufficiency [100]. In experiments, the agent analyzed the
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SRS for a transport logistics decision support system and determined that the information was not
sufficient for assessing the quality by ISO 25010 and for assessing quality by metric analysis.

Software developers are gradually becoming aware that their systems have effects on sustainability
[101]. Researchers are currently exploring approaches which strongly make use of expert knowledge
to identify potential effects. In the work in progress research reported in [101], the authors looked at
the problem from a different angle: they have worked on the exploration of a ML-based approach
to identify potential effects. Such an approach allows to save time and costs but increases the risk
that potential effects are overseen. First results of applying the ML-based approach in the domain of
home automation systems are promising, but also indicate that further research is needed before the
proposed approach can be applied in practice.

The growing complexity and ubiquity of software systems increase user reliance on their correct
functioning, which in turn demands that these systems and their decision processes become more
transparent. To achieve this, transparency requirements must be clearly understood, elicited, and
refined into lower-level requirements [102]. However, there is still limited understanding of how the
requirements engineering process should address transparency, including the roles and interactions
among UX designers, data scientists, and other stakeholders. To address this gap, the work in [102]
investigates the requirements engineering process for transparency through empirical studies with
practitioners and other stakeholders. Preliminary findings indicate that further research is needed to
develop effective solutions that support transparency in requirements engineering.

It is very important to deliver a defect free product that matches all the requirements specified by
the client and must pass all the test cases [103]. To do this systematically, a requirement traceability
matrix is used. A Requirement traceability matrix relates two items’ lists in two dimensions. In this
case, it shows the relations of all the requirements and the test cases, thus allowing to track the relation
between the customer’s requirements for the system and the test cases for validating the requirements.
There are many approaches to create an efficient traceability matrix using Language processing and ML
techniques but these approaches require a lot of data and do not take care of the real world knowledge
and may lead to errors. In [103], the authors propose a knowledge engineering-based architecture to
this problem with the use of ontology, machine learning and optimization algorithm which produces
a dependability and steadiness of 97% and 95% respectively and the performance of the proposed
model is compared with baseline approaches.

The authors in [104] propose an approach for test case generation using text classification, using
the NB algorithm to identify preconditions and postconditions within software requirements. The
approach categorizes software requirements into two categories: "none" and "both", which indicate
the presence or absence of preconditions and postconditions in software requirements. The research
employs the NB algorithm, a widely used probabilistic classification algorithm in text classification
tasks [104]. It uses two libraries, namely Scikit-learn and Natural Language Toolkit (NLTK). The
best accuracy score, which was obtained by the Scikit-learn model, was 0.86, which demonstrates
the feasibility of reducing the effort and time required for classifying test case components based on
software requirements. The proposed approach not only streamlines the identification of essential
components in software requirements but also opens up possibilities for further automation and
optimization of the testing process [104].

Accurate mapping of software requirements to tests is critical for ensuring high software reliability
[105]. The dynamic nature of software requirements demands that these are traceable and measurable
throughout the SDLC, in order to be able to plan software tests and integration tasks, during the
development phase, and the evaluation and verification tasks, or the application of patches, during
the operation phase. To address these challenges, a novel method is proposed in [105], combining
NLP and ML to automate software requirement-to-test mapping. The proposed method formalizes the
process of reviewing the recommendations generated by the automated system, enabling engineers to
improve software reliability, and reduce cost and development time [105].
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In Agile software project management methodologies, user requirements are frequently stated
in the form of user stories, the smallest semi-structured specification units of user requirements. In
[106], two metrics are applied in validating user stories: Testable and Valuable criteria from INVEST
checklist'. The authors have applied supervised machine learning classifiers to automatically classify
user stories according to those metrics. They have used industrial collected data for their dataset
and applied the developed classifiers, having observed good values of accuracy and precision. After
balancing the dataset, using data balancing techniques such as SMOTE, RUS, ROS, and Back translation
(BT), the authors observed that, despite not seeing significant improvements in accuracy and precision,
a significant improvement has been obtained in recall values across all the classifiers [106]. The research
provides some promising insights into how the analysis of user stories can be used by the software
industry to improve the quality of the software produced.

Providing automatic requirement analysis techniques for modeling and analyzing requirements
is a must for saving manpower. In [107], a cloud service method for automated detection of quality
requirements in SRS is proposed. The study also presents a novel approach for processing automatic
classification of software quality requirements based on supervised machine learning techniques
applied for the classification of training document and predict target document software quality
requirements.

Approaches aiming to minimize the vulnerabilities in the software have been dominated by static
and dynamic code analysis techniques, often using machine learning (ML). These techniques are
designed to detect vulnerabilities in the post-implementation stage of the SDLC [96]. Accommodating
changes after detecting a vulnerability in the system in later stages of the SDLC is very costly, sometimes
even infeasible as it may involve changes in design or architecture. In [96], a framework to provide
additional measures of predicting vulnerabilities at earlier stages of the SDLC is proposed.

In [108], a method for automatically generating test cases, for system testing and acceptance
testing, from requirements is studied. The authors propose training data selection quality improvement
technique in the cosine similarity with the test data, and have confirmed the effectiveness of the
methods. A second method has also been proposed that adds the application judgment technique by
the standard deviation value. The proposed methods have obtained the maximum value of accuracy
with less training data.

Software used in communication systems is increasingly becoming more complex and larger in
scale to accommodate various service requirements. Since telecom carrier networks serve as basic
social infrastructures, it is important to maintain their reliability and safety as a critical lifeline [109].
The implementation of numerous quality improvement measures, however, has resulted in prolonged
development periods and higher costs. To address these issues, the authors in [109] have been working
on the automation of software testing, as this process has great influence in software quality. Typically,
test cases are written by skilled engineers and are decided after multiple reviews, requiring a large
amount of manpower in preparing them. The study in [109] has used the knowhow of skilled engineers
in writing test cases as training data to automate the generation of homogeneous test cases through
machine learning. The proposed method automatically extracts homogeneous test cases that are not
dependent on skills and knowhow of the engineer writing the test cases from requirements specification
documents. However, the required accuracy cannot be obtained by applying simple machine learning.
To improve learning efficiency per unit of training data, without having to expand the training data,
as the available quantity of requirements specifications is limited, and this would increase cost, the
authors propose a method to increase accuracy through the preparation of training data inputted into
the machine learning process, and conclude on the effectiveness of the method [109].

Model analytics for defect prediction allows quality assurance groups to build prediction models
earlier and to predict the defect-prone components before the testing phase for in-depth testing [110].
In [110], it is shown that ML-based defect prediction models using design-level metrics in conjunction

1 https:/ /scrum-master.org/en/ creating-the-perfect-user-story-with-invest-criteria/
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with data sampling techniques are effective in finding software defects. The study shows that design-
level attributes have a strong correlation with the probability of defects and the SMOTE data sampling
approach improves the performance of prediction models. When design-level metrics are applied, the
Adaboost ensemble method provides the best performance to detect the minority class samples [110].

For quality assurance and maturity support of the final products, requirements must be verified
and validated at different testing levels. To achieve this, requirements are manually labeled to indicate
the corresponding testing level. The number of requirements can vary from few hundreds in smaller
projects to several thousands in larger projects. Their manual labeling is time consuming and error-
prone, thus sometimes incurring an unacceptable high cost. In [111], the initial results on an automated
requirements classification approach proposal are reported. Requirements are automatically classified
into two classes, using machine learning approaches: ‘Integration Test’ and "Software Test’. The
proposed solution may help the requirements engineers by speeding up the requirements classification
and thus reducing the time to market of final products.

5.2.4. Extracting Knowledge from Requirements

The extraction of knowledge from requirements specifications enables getting semantically rich
objects and concepts for building more formal models of such requirements or of the intended system.
Several reviewed references target this goal, either for formalizing requirements, generating feature
models, domain models or use case models, or to build domain vocabularies or ontologies that may
help in further tasks towards designing and building the intended system.

In table 5, the main NLP and ML-based approaches for extracting knowledge from requirements
are presented. As seen in the table, several techniques are reported in the studied literature, and these
are addressed in this section, along with each studied reference.

Table 5. Main ML-based approaches to Extracting Knowledge from Requirements

Main approaches used for NLP and feature extraction from NL Text, and for

RE Category RE Activity dataset preparation, and
Main ML approaches used for achieving the RE activity
Extracting Requirements Natural Language Processing (NLP) techniques; Information Extraction (IE);
Knowledge from | Formalization; GPT; BASAALT/FORM-L approach;
Requirements Extracting/Associating TextRank (NLP techniques and ML algorithms);
Features (Feature Ontology learning method (the ontology is semi-automatically constructed) + Information
Extraction) or Model Entropy and CCM method;
Elements from/to Combining matching with automated requirements analysis and model transformation by-

example (MTBE) techniques;

Rule-Based Ontology Framework (ROF); LLM; NLP techniques and ML algorithms;

Extension of the Siemens toolchain for Application Lifecycle Management (ALM) that creates
creates trace links between requirements and models;

Requirement Engineering Analysis Design (READ);

DL-based, non-exclusive classification approach for functional requirements, using
Word2Vec and FastText, and a CNN;

MNB; GNB; SVM; Name Entity Recognition (NER); SyAcUcNER (System Actor Use-Case
Named Entity Recognizer);

Requirements; Extract
domain vocabulary from
requirements for Feature
Modeling or ontology
construction

Detecting or Extracting SRXCRM (System Requirement eXtraction with Chunking and Rule Mining); NB; Linear SVM;
Requirements KNN; RF;
Dependencies / ReqVec (Semantic vector representation for requirements); NLP + WSL+ (RF or SVM or NB);
Requirements Traceability | BILSTM neural network to identify relationships and patterns among clusters of sentences
(forward and backward) around domain concepts;
DoMoBOT; Automated E-R Diagram Generation (AGER) System; OpenReqg-DD dependency
detection tool (NLP + ML);

DF4RT (Deep Forest for Requirements Traceability); Cascade deep forest model integrating
information retrieval (IR), query quality (QQ), and distance metrics; ML + Logical reasoning;
TLR-ELtoR (Evolutionary Learning to Rank for Traceability Link Recovery); Combination of
evolutionary computation and ML techniques to recover traceability links between
requirements and models; S2Trace (Unsupervised requirements traceability approach).

Natural Language Processing (NLP) techniques have demonstrated their effectiveness in analyz-
ing technical specification documents. One such technique, Information Extraction (IE), enables the
automated processing of SRS by transforming unstructured or semi-structured text into structured


https://doi.org/10.20944/preprints202503.2259.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 March 2025 d0i:10.20944/preprints202503.2259.v1

30 of 53

data. This allows requirements to be converted into formal logic or model elements, enhancing their
clarity and usability.

In [114], the authors introduce an IE method specifically designed for SRS data, analyze the
proposed technique on a set of real requirements, and exemplify on how information obtained using
their technique can be converted into a formal logic representation.

ChatGPT has also shown the potential in assisting software engineers in extracting model elements
from requirements specification. In [58], ChatGPT is used, among other things, to requirements analysis
and domain and design modeling. The study identifies lack of traceability and inconsistencies among
produced artifacts as the main drawbacks. This demands human involvement in RE activities, but can
serve as a valuable tool in the SDLC, enhancing productivity.

User demand is the key to software development. The domain ontology established by artificial
intelligence can be used to describe the relationship between concepts in a specific domain, which can
enable users to agree on conceptual understanding with developers [112]. The study in [112] uses the
ontology learning method to extract the concept, and the ontology is constructed semi-automatically
or automatically. Because the traditional weight calculation method ignores the distribution of feature
items, the authors introduce the concept of information entropy, and the CCM method is further
integrated [112]. This method allows improving the automation degree of ontology construction, and
also make the user requirements of software more accurate and complete.

The BASAALT/FORM-L approach, seen before, can also be used to extract knowledge from
textual requirements [83]. The approach creates semantically precise and simulable models while
integrating missing contextual details. These models can then be reviewed by stakeholders to ensure
alignment with intended requirements.

In [81], a machine learning-based approach is proposed to formalize NL requirements for critical
embedded systems. Using spaCy’s pre-trained NLP model, the method performs tokenization, PoS
tagging, and dependency parsing. A rule-based strategy extracts text chunks, ensuring domain
independence. These chunks are reordered into a standardized format, with deviations signaling
quality issues. The structured output supports test oracle generation, software implementation, and
requirement assessment through similarity and complexity metrics.

In [113], the authors address how the production of model transformations (MT) can be accelerated
by automating transformation synthesis from requirements, examples and metamodels. A synthesis
process is introduced, based on metamodel matching, correspondence patterns between metamodels,
and completeness and consistency analysis of matches [113]. The authors also address how to deal
with the limitations of metamodel matching by combining matching with automated requirements
analysis and model transformation by-example (MTBE) techniques [113]. In practical examples, a large
percentage of required transformation functionality can usually be constructed automatically, thus
potentially reducing development effort. The efficiency of synthesized transformations is assessed
[113].

The authors in [115], elaborate on previous work and propose a Rule-Based Ontology Framework
(ROF) for Auto-Generating Requirements Specification. ROF covers the processes of requirements
elicitation and of requirements documentation. The output of the elicitation process is a list of final
requirements that are stored in an ontology structure, called Requirements Ontology (RO) [115].
From the RO, the documentation process automatically generates two outputs: process model, in the
Business Process Model and Notation (BPMN) standard; and, SRS documents, in the IEEE standard
[115]. The authors analyze the feasibility of implementing ROF in Information System (IS) projects
through a case study on lecturer workload calculation at an Indonesian university. Using qualitative
and quantitative methods, they assess each output and conclude that ROF effectively minimizes effort
in generating requirements specifications [115].

Given the rise of LLMs, the authors in [116] investigate their potential for extracting domain
models from agile product backlogs. They compare LLMs against (i) a state-of-practice tool and
(ii) a specialized NLP approach, using a dataset of 22 products and 1679 user stories. This research
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marks an initial step toward leveraging LLMs or tailored NLP for automated model extraction from
requirements text [116].

Model-Based Software Engineering (MBSE) offers various modeling formalisms, including do-
main models, which capture key concepts and relationships in class diagrams, in early design stages.
Domain modeling transforms informal NL requirements into concise, analyzable models. However,
existing automated approaches face three key challenges: insufficient accuracy for direct use, lim-
ited modeler interaction, and a lack of transparency in modeling decisions [117]. To address this,
the authors in [117] propose an algorithm that enhances bot-modeler interaction by identifying and
suggesting alternative configurations. Upon modeler approval, the bot updates the domain model.
Evaluations show the bot achieves median F1 scores of 86% for Found Configurations, 91% for Offered
Suggestions, and 90% for Updated Models, with a median processing time of 55.5 ms.

In [118], the authors employ NLP techniques and ML algorithms to automatically extract and rank
the requirements terms to support high-level feature modeling. For that, they propose an automatic
framework composed of noun phrase identification technique for requirements terms extraction and
TextRank combined with semantic similarity for terms ranking. The final ranked terms are organized as
a hierarchy, which can be used to help name elements when performing feature modeling [118]. In the
quantitative evaluation, the proposed extraction method performs better than three baseline methods
in recall with comparable precision. Their adapted TextRank algorithm can rank more relevant terms
at the top positions in terms of average precision compared with most baselines [118].

Feature models (FM) provide a visual abstraction of the variation points in the analysis of Software
Product Lines (SPL), which comprise a family of related software products. FMs can be manually
created by domain experts or extracted (semi-)automatically from textual documents such as product
descriptions or requirements specifications [119]. In [119] a method to quantify and visualize whether
the elements in a FM (features and relationships) conform to the information available in a set of
specification documents is proposed. Both the correctness (choice of representative elements) and
completeness (no missing elements) of the FM are considered.

Requirements traceability helps to ensure that the developed system fulfills all requirements
and prevents failures. For safety-critical systems, traceability is mandatory to ensure that the system
is implemented correctly. Establishing and maintaining trace links are hard to achieve manually in
today’s complex systems [120]. In [120], the authors propose a tool for establishing bi-directional
traceability links between requirements and model-based designs using Artificial Intelligence (Al).
The tool is an extension of the Siemens toolchain for Application Lifecycle Management (ALM),
systems engineering, and embedded software design. The proposed tool creates trace links between
requirements written in natural language and CapitalTM software, AUTOSAR, SysML, UML, or
Arcadia models for system/software design. The authors describe the implemented use-cases of
tracing system/SW/HW requirements to system architecture models and provide an overview of the
tool architecture.

Retrieving and extracting software information from SRS is crucial for SPL development. While
NLP techniques like information retrieval and machine learning have been proposed for optimizing
requirements specifications, they remain underutilized due to the complexity of organizational in-
formation and subsystem inter-dependencies [43]. A simple multi-class classification framework is
insufficient to address these challenges. To overcome this, the work in [43] proposes a deep learning-
based, non-exclusive classification approach for functional requirements. It utilizes Word2Vec and
FastText word embeddings to represent documents and train a convolutional neural network (CNN).
The study uses manually categorized enterprise data (AUTOSAR) for training and compares the
impact of Word2Vec and FastText embeddings with pre-trained models available online.

The problems associated with the requirement analysis and class modeling can be overcome by
the appropriate employment of ML. In [121], the authors propose a system, requirement engineering
analysis design (READ) to generate UML class diagram using NLP and domain ontology techniques.
They have implemented the READ system in Python and it successfully generates the UML class
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diagram i.e., class name, attributes methods, and relationships from the textual requirements written
in English. To assess the performance of the proposed system, it was evaluated on publicly available
standards, and the experimental results show that it outperforms the existing techniques for object-
oriented based software designing.

The research reported in [122] applies NB classifiers — Multinomial and Gaussian over different
SRS documents and classify the software requirement entities (Actors and Use Cases) using ML based
methods. The study used SRS documents of 28 different systems, and labels for the entities "Actor’
and 'Use Case” have been defined. MNB is a popular classifier because of its computational efficiency
and relatively good predictive performance [122]. Several classifiers have been tried out. The MNB
recognizes Actors and Use Cases with an accuracy of 91%. Actors and Use Cases can be extracted with
high accuracy from the SRS documents using MNB, which then can be used for plotting the Use Case
diagram of the system [122]. Automated UML model generation approaches have a very prominent
role in an agile development environment where requirements change frequently.

Existing NLP approaches for processing requirements documents are often limited to specific
model types, such as domain or process models, and fail to reflect real-world requirements. To address
this, in [123] a conceptual-level pre-processing pipeline is proposed, for automatically generating
UML class, activity, and use case models. The pipeline consists of three steps [123]: (1) entity-based
extractive summarization to highlight key requirement sections, (2) rule-based bucketing to categorize
sentences for different UML models, and (3) sequence labeling to identify classes and attributes for
class modeling. Since labeled datasets for this task are scarce, the authors have labeled the widely
used PURE dataset, by tagging classes and attributes within the texts, on a word level, to train their
supervised machine learning model [123].

In [124] a named entity recognition method called SyAcUcNER (System Actor Use-Case Named
Entity Recognizer) is presented, with the goal of extracting the system, actor, and use case entities from
unstructured English descriptions of user requirements for the software. SyAcUcNER uses SVM as
an effective classifier, and uses a semantic role labeling process to tag the words in the text of user
software requirements. SyAcUcNER is able to define the structure of a requirements engineering
specialized Named Entity Recognizer (NER), and uses a specialized NER model as an approach for
extracting actor and use case entities from the requirements description. Also, WEKA’s SVM has been
used to specify the semantic meanings of words in a certain domain of discourse, that is the SRS. The
performance of SyAcUcNER is evaluated using a binomial technique, and the results from running it
on text corpora from assorted sources gave weighted averages of 76.2% for precision, 76% for recall,
and 72.1% for the F-measure [124].

The process of testing industrial systems, integrating highly configurable safety-critical compo-
nents, is highly time-consuming and may require associations between product features and require-
ments demanded by customers [125]. ML has been used to help engineers in this task, by automating
the extraction of associations between features and requirements. However, when requirements are
written in NL, several additional difficulties arise. In [125], a NLP-based model, called SRXCRM
(System Requirement eXtraction with Chunking and Rule Mining), is presented, which is able to
extract and associate components from product design specifications and customer requirements,
written in NL, of safety-critical systems. The model has a Weight Association Rule Mining framework
that defines associations between components, generating visualizations that can help engineers in the
prioritization of the most impactful features [125]. Preliminary results show that SRXCRM can extract
such associations and visualizations [125].

ReqVec, a semantic representation for functional software requirements, is presented in [126].
ReqVec is a semantic vector representation for the requirements, that can be used different requirement-
related applications, such as, requirement categorization or dependency, among others. ReqVec uses
semantic dimensions, such as ‘main actor’, ‘main action” and "affected element’, but the same approach
can be applied using any improved set of dimensions [126]. ReqVec is calculated based on three main
phases [126]: (1) a set of lexical and syntactic steps are performed to analyze textual requirements; (2)
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semantic dimensions for requirements are calculated based on a words classifier and the well-known
word embedding model Word2vec; (3) ReqVec is constructed based on the representations of these
dimensions. Two experiments have been conducted to assess how ReqVec can capture meaningful
semantic information to solve two well-known Requirements Engineering tasks: detecting semantic
relation between requirements, and requirements categorization. The proposed representation was
efficient enough to detect related requirements with 0.92 F-measure and to categorize requirements
with 0.88 F-measure [126].

In [127], the authors develop an approach to extract domain models from problem descriptions
written in NL by combining rules based on NLP with ML. First, they present an automated approach
with an accuracy of extracted domain models higher than existing approaches. In addition, the
approach generates trace links for each model element of a domain model. These trace links enable
novice modelers to execute queries on the extracted domain models to gain insights into the modeling
decisions taken for improving their modeling skills [127]. Preliminary results are positive.

Use Case Analysis is a graphical depiction used to explain the interaction between the user and
the system for the given user’s task, and it also denotes the extension/dependency of one use case to
another. It is often used to identify, clarify, and categorize system requirements. Generating use cases
from inherently ambiguous NL description of requirements may be a hard work, that can be automated
using data-driven techniques [128]. The work in [128] presents an initial approach for the automated
identification of use case names and actor names from the textual requirements specification using
a NLP technique called Name Entity Recognition (NER), and extracts the named entity mentions in
unstructured texts into predefined categories such as person names, organizations, locations, etc.

Model-Driven Software Engineering promotes using models and transformations to enhance
system understanding. Domain modeling helps convert informal natural language requirements into
concise, analyzable models but is time-consuming and requires expertise. Many approaches have
been proposed to automatically extract domain concepts and relationships using extraction rules.
However, relationships and patterns often remain hidden within sentences in a problem description
[129], making their automatic recognition challenging due to the lack of contextual information and
external knowledge about the domain concepts. To address these limitations, the authors in [129]
propose a novel technique inspired by recent work on domain model extraction. Their approach
customizes sentence boundaries to create clusters of sentences around domain concepts and employs
a BiLSTM neural network to identify relationships and patterns among them. Additionally, they
introduce a classification strategy for these relationships and patterns to implement the technique.
Preliminary results indicate that this approach is promising and deserves further research [129].

In [130], a domain modeling bot called DoMoBOT is introduced, and implemented it in the form
of a web-based prototype. According to the authors, DoMoBOT automatically extracts a domain
model from a problem description written in NL with an accuracy higher than existing approaches.
The bot also enables modelers to update a part of the extracted domain model and, in response, the bot
re-configures the other parts of the domain model pro-actively. To improve the accuracy of extracted
domain models, techniques of Natural Language Processing and Machine Learning are combined
[130].

The work in [131] proposes an Automated E-R Diagram Generation (AGER) System that can
generate an E-R Diagram from a given text in Natural Language. The AGER System parses an input text
in natural language, semantically analyzes it and internally uses some domain specific databases and
POS tagging to detect Entity and Relations from the given passage and builds a graph that represents
the E-R Diagram [131]. During a project’s requirements analysis phase, software engineers often
engage in discussions with clients about the intended use cases. The conclusion of this process may
yield a comprehensive E-R diagram, which serves as the blueprint for implementing and materializing
the database relationships in later stages. The AGER system is aimed to assist in creating E-R Diagram
directly from client’s requirements in natural language [131].
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With the widespread use of online forums and social media, gathering user feedback has become
common, though such data is often fragmented and contains multiple viewpoints expressed over
various messages. In [132], an argumentation-based CrowdRE approach is proposed to model these
conversations as user argumentation models while preserving their original structure. Leveraging
argumentation theory, the approach identifies new features and issues along with their supporting and
opposing arguments. To achieve this, the study adopts abstract argumentation, bipolar argumentation,
and coalition-based meta argumentation frameworks [132]. Moreover, automated support is provided
through algorithms for bipolar argumentation, coalition-based meta argumentation, and an end-user
voting mechanism. Various machine learning algorithms are employed to classify user comments
into rationale elements and to identify conflict-free features or claims based on their supporting and
attacking arguments. Initial results indicate that the approach effectively identifies features, issues,
and their associated arguments with acceptable performance [132].

Some challenges have arisen in processing and analyzing user data for conversion into UML
diagrams [133]. In response, the work in [133] introduces a novel approach that primarily aims to
improve accuracy, shorten the time required to generate use cases from natural language descriptions,
and address shortcomings in current technologies. The authors goal is to create a smart, precise system
that not only saves time but also enhances user trust in the software.

In [134], the authors propose an approach in which users provide exemplary behavioral descrip-
tions rather than explicit requirements. They reduce the problem of synthesizing a requirements
specification from examples to one of grammatical inference, applying an active coevolutionary learn-
ing approach [134]. While such an approach typically requires numerous user feedback queries, the
authors extend active learning by incorporating multiple oracles, known as proactive learning [134].
In this framework, the "user oracle" supplies input from the user, and the "knowledge oracle" provides
formalized domain knowledge. Their two-oracle method, called the "first apply knowledge then
query” (FAKT/Q) algorithm, is benchmarked against standard active learning, resulting in fewer
required user queries and a faster inference process.

The work in [105], addressed in section 5.2.3, also proposes a method, combining NLP and ML,
to automate extracting semantic elements for software requirement-to-test mapping. It formalizes
recommendation reviews, enhancing traceability, reliability, and efficiency throughout the SDLC.

The paper in [135] summarizes the approach of the OpenReq-DD dependency detection tool
developed at the OpenReq project, which allows an automatic requirement dependency detection
approach. The core of this proposal is based on an ontology that defines dependency relations between
specific terminologies related to the domain of the requirements. Using this information, it is possible
to apply NLP techniques to extract meaning from these requirements and relations, and Machine
Learning techniques to apply conceptual clustering, with the major purpose of classifying these
requirements into the defined ontology [135].

Requirement dependencies affect many activities in the SDLC and are the basis for various soft-
ware development decisions. Requirements dependencies extraction is, however, an error-prone and a
cognitively and computationally complex problem, since most of the requirements are documented in
natural language [136]. A two-stage approach is proposed in [136] to extract requirements dependen-
cies using NLP and Weakly supervised learning (WSL). In the first stage, binary dependencies (basic
dependent/independent relationships) are identified, and in the second stage, these are analyzed to
determine the specific dependency type. An initial evaluation on the PURE dataset, using RF, SVM
and NB was conducted. These three machine learners showed similar accuracy levels, although SVM
required extra parameter tuning. The accuracy was further improved by applying weakly supervised
learning to generate pseudo-annotations for unlabeled data [136]. The authors have defined a re-
search agenda for assessing the use of their approach in different domains. To increase the semantic
foundations, they intend to use evolving ontologies.

In [137], the authors present an approach to automatically identify requirement dependencies of
type “requires” by using supervised classification techniques. The results indicate that the implemented
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approach can detect potential “requires” dependencies between requirements (formulated on a textual
level). The approach has been evaluated on a test dataset and the conclusion is that it is possible to
identify requirement dependencies with a high prediction quality. The proposed system has been
trained and tested with different classifiers such as NB, Linear SVM, KNN, and RF. RF classifiers have
correctly predicted dependencies with a F1 score of 82%.

Ignoring requirements inter-dependencies can adversely impact the design, development and
testing of software products. In [138], a proposal addressing three main challenges is made: (1)
NLP is studied to automatically extract dependencies from textual documents. Verb classifiers are
used to automate elicitation and analysis of different types of dependencies (e.g: requires, coupling);
(2) representation and maintenance of changing requirement dependencies from designing graph
theoretic algorithms is explored; (3) the process of providing recommendations of dependencies is
studied. The results, still preliminary, are aimed at assisting project managers to evaluate the impact of
inter-dependencies and make effective decisions in software development life cycle [138].

Many supervised learning methods have been applied to requirements traceability recovery
(RTR), yet their performance remains unsatisfactory, prompting the need for more effective models.
In [139], a new cascade deep forest model for RTR, called DF4RT (Deep Forest for Requirements
Traceability), is proposed with a novel composition aimed at enhancing performance. The model
integrates three feature representation methods: information retrieval (IR), query quality (QQ), and
distance metrics [139]. Additionally, it employs a layer-by-layer training approach to harness the
benefits of DL while incorporating IR, QQ, and distance features to promote input diversity and
enhance model robustness [139]. DF4RT was evaluated on four open-source projects and compared
against nine state-of-the-art tracing approaches, showing average improvements of 94% in precision,
58% in recall, and 72% in F-measure [139]. The proposed approach is effective for RTR with good
interpretability, few parameters, and good performance in small-scale data.

The traceability links between requirements and code are fundamental in supporting change
management and software maintenance. Automatic trace retrieval can be performed via various tools
such as Information retrieval or ML techniques [140]. These tools have, however, a low precision
problem, which is primarily caused by the term mismatches across documents to be traced. The
study in [140] proposes an approach that addresses the term mismatch problem to obtain the greatest
improvements in the trace retrieval accuracy. The approach uses clustering in the automated trace
retrieval process and, in an experimental evaluation against previous benchmarks, it showed results
that allow one to conclude that the approach improves the trace retrieval precision [140].

Traceability Link Recovery (TLR) has been a topic of interest for many years within the software
engineering community, and recently it has gained even more attention from both fundamental and
applied research. However, there remains a significant gap between industry needs and the academic
solutions proposed [141]. The work in [141] proposes an approach called Evolutionary Learning to
Rank for Traceability Link Recovery (TLR-ELtoR), which combines evolutionary computation and
machine learning techniques to recover traceability links between requirements and models by gener-
ating a ranked list of model fragments capable of fulfilling the requirement. TLR-ELtoR was evaluated
in a real-world railway domain case study and compared against five TLR approaches (Information
Retrieval, Linguistic Rule-based, Feedforward Neural Network, Recurrent Neural Network, and
Learning to Rank). The results demonstrate that TLR-ELtoR achieved the best performance on most
indicators, with a mean precision of 59.91%, recall of 78.95%, a combined F-measure of 62.50%, and a
MCC value of 0.64 [141].

Many information retrieval-based approaches have been proposed to automatically recover soft-
ware requirements traceability links. However, such approaches typically calculate textual similarities
among software artifacts without considering specific features of different software artifacts, leading to
less accurate results [142]. In [142], the authors present a hybrid method for recovering requirements
traceability links by combining ML with logical reasoning to analyze both use case and code features.
The approach first extracts semantic features from use cases and code, which are then used to train a
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classifier through supervised learning. Simultaneously, it examines the structural aspects of code to
incrementally uncover traceability links using a set of defined reasoning rules. Experiments comparing
this method to state-of-the-art techniques show that the proposed approach outperforms existing
methods.

Supervised automated solutions to generate trace links use machine learning or deep learning
techniques, but require large labeled datasets to train an effective model. Unsupervised solutions as
word embedding approaches can generate links by capturing the semantic meaning of artifacts and are
gaining more attention. Despite that, the authors in [143] argue that, besides the semantic information,
the sequential information of terms in the artifacts would provide additional assistance for building the
accurate links. In that sense, they propose an unsupervised requirements traceability approach (named
S2Trace) which learns the Sequential Semantics of software artifacts to generate the trace links. Its core
idea is to mine the sequential patterns and use them to learn the document embedding representation.
Evaluation has been conducted on five public datasets, and results show that the proposed approach
outperforms three typical baselines. The modeling of sequential information in [143] provides new
insights into the unsupervised traceability solutions, and the improvement in the traceability accuracy
further proves the usefulness of the sequential information.

5.2.5. Supporting Requirements Management and Validation, and Project Management

Requirements prioritization, assessing risk, namely the impact of requirements’ change requests
on the project outcomes, allocating requirement to software versions, among other activities, are
important topics in supporting project management and requirements management and validation.
Table 6, lists the main NLP and ML-based approaches for supporting requirements management
and validation, and project management. These approaches, together with the reviewed literature
references that use them, are addressed in this section.

Table 6. Main ML-based approaches to Supporting Requirements Management and Validation, and Project

Management.
Main approaches used for NLP and feature extraction from
RE Category RE Activity NL Text, and for dataset preparation, and
Main ML approaches used for achieving the RE activity
Supporting Requirements Prioritization Adam algorithm; ARPT (Automated Requirement Prioritization
Requirements Technique);
Management and Decision Tree, Random Forest, and K-Nearest Neighbors; NLP + ML;

Requirements allocation to
software versions (considering as
criteria: requirement development
time, priority levels, and
dependency relation-

Validation, and
Project
Management

Combination of NLP techniques and Machine Learning algorithms;
Adapted genetic K-means algorithm for software requirements
engineering (GKA-RE), which automatically identifies the optimal
number of clusters by dynamically readjusting initial seeds for
improved quality;

ships); Predictingif a software Al Task Allocation tool (ATA');
feature it be completedinits | Tree-Family Machine Learing (TF-ML);
planned teration Credal Decision Tree (CDT).

Project Management Risks
Assessment/ Req. Change Impact
analysis on other requirements and
on planned test cases

The study in [144] proposes an optimization algorithm that aims to select features to give mean-
ingful information about requirements. These features can be used to train a model for prioritizing
requirements. The study examines how optimization algorithms select features and assign requirement
priorities. It reveals that the Adam algorithm struggles with accurately prioritizing requirements due
to the sparse matrix generated for the text dataset and high computational cost, and it fails to consider
requirement dependencies. To address these issues, the paper introduces the Automated Requirement
Prioritization Technique (ARPT) [144]. Compared to the Adam algorithm, ARPT achieves a much
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lower mean squared error of 1.29 versus 6.36, and its execution time is only 1.99 ms compared to 3380
ms [144].

Prioritizing software requirements for a release is complex, especially when requested features
exceed development capacity. This challenge grows with multiple product and business lines, involv-
ing diverse stakeholders. The study in [145] applies ML to optimize release planning by analyzing
key parameters influencing requirement inclusion. Five models were tested using accuracy, F1 score,
and K-Fold Cross Validation. While most models achieved 80% accuracy, further investigation led
to improved results. DT, Random Forest, and K-Nearest Neighbors performed best, with optimized
Random Forest reaching 100% accuracy in some metrics but at high computational cost. Future work
may refine other models through hyperparameter tuning.

The authors in [146] found thirteen Requirements Prioritization (RP) methods applying Al
techniques such as ML, or genetic algorithms, 38% of which seek to improve the scalability problem,
whereas 15% of them aim to improve the lack of automation issues along the RP process. In order
to address the issues of scalability and lack of automation in RP, the study in [146] proposes a semi-
automatic multiple-criteria prioritization method for functional and non-functional requirements of
software projects developed within the Software Product-Lines paradigm. The proposed RP method is
based on the combination of NLP techniques and ML algorithms, and empirical studies will be carried
out with real web-based geographic information systems (GIS), for its validation [146].

Similar to standard systems, the identification and prioritization of the user needs are relevant to
the software quality and challenging in SPL due to common requirements, increasing dependencies,
and diversity of stakeholders involved [147]. As prioritization process might become impractical when
the number of derived products grows, recently there has been an exponential growth in the use of Al
techniques in different areas of RE. In [147], a semi-automatic multiple-criteria prioritization process is
proposed, for functional and non-functional requirements (FR/NFR) of software projects developed
within the SPL paradigm for reducing stakeholder participation.

The clustering stakeholder problem for system requirements selection and prioritization is con-
sidered inheritance in the area of requirements engineering. In [148], the authors apply clustering
techniques from marketing segmentation to determine the optimal number of stakeholder groups.
They introduce an adapted genetic K-means algorithm for software requirements engineering (GKA-
RE) that automatically identifies the optimal number of clusters by dynamically readjusting initial
seeds for improved quality. The method was tested on two RALIC system requirements datasets using
various evaluation metrics, and its performance was compared with that of the standard K-means
approach. The experimental results indicate the superiority of GKA-RE over K-means approach in
obtaining higher values of evaluation metrics [148].

There are many fundamental prioritization techniques available to prioritize software require-
ments. In automating various tasks of software engineering, ML has shown useful positive impact. The
work in [149] discusses the various algorithms used to classify and prioritize software requirements.
The results in terms of performance, scalability and accuracy from different studies are contradictory
in nature due to variations in research methodologies and the type of dataset used. Based on the
literature survey conducted, the authors have proposed a new architecture that uses both types of
datasets, i.e. SRS and user text reviews to create a generalized model. The proposed architecture
attempts to extract features which can be used to train the model using ML algorithms. The ML
algorithms for classifying and prioritizing software requirements will be developed and assessed
based on performance, scalability and accuracy.

The study in [77], addressed above, explores a speech-act-based linguistic technique to analyze
online discussions and extract requirements-relevant information, also for RP. By applying NLP and
ML, user reviews from various sources are filtered and classified into categories like feature requests
and bug reports. The authors refine their prior speech-act analysis approach and evaluate it on datasets
from an open-source and an industrial project. The method achieves F-scores of 0.81 and 0.84 in
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classifying messages as Feature/Enhancement or Other. Results indicate a correlation between certain
speech acts and issue priority, supporting automated RP.

The work in [150] introduces the AI Task Allocation tool (ATA’) for distributing software re-
quirements across different versions using an Al planning approach. The authors propose a model,
expressed in an Al planning language, that represents a software project with a set of requirements
and one or more development teams. The generated plan assigns requirements based on development
time, priority levels, and dependency relationships [150]. A case study was conducted to evaluate
the ATA’ tool, and preliminary results show that the generated plans allocate requirements according
to the specified criteria. These findings suggest that ATA’ can effectively support the planning of
incremental development projects by facilitating the allocation of requirements among teams.

In [151], the authors address the challenge of predicting whether a high-level software requirement
will be completed within its planned iteration, a key factor in release planning. While prior research
focused on predicting low-level tasks like bug fixes, this study analyzes iteration changes across
three large IBM projects, revealing that up to 54% of high-level requirements miss their planned
iteration. To tackle this, the authors develop and evaluate an ML model using 29 features derived from
prior research, developer interviews, and domain knowledge. The model, tested at four requirement
lifecycle stages, achieves up to 100% precision. Feature importance analysis shows that some factors are
project-specific or stage-specific, while others, such as time remaining in the iteration and requirement
creator, consistently influence predictions.

The success of NL interfaces in interpreting and responding to requests is, to a large extent,
dependent on rich underlying ontologies and conceptual models that understand the technical or
domain specific vocabulary of different users [152]. The effective use of NL interfaces in Software
Engineering (SE) requires dedicated ontology models for software-related terms and concepts [152].
Although there are many SE glossaries, these are often incomplete and focus on specific sub-fields
without capturing associations between terms, limiting their utility for NL tasks. To address this, the
authors in [152] propose an approach that starts with existing glossaries and their defined associations,
and uses ML to dynamically identify and document additional relationships between terms. The
resulting semantic network is used to interpret NL queries in the SE domain and is enhanced with user
feedback. Evaluated in the sub-domain of Agile Software Development, focusing on requirements-
related queries, the approach shows that the semantic network significantly improves the NL interface’s
ability to interpret and execute user queries.

Risk prediction is critical in the SDLC, and can determine a project’s success, so early risk
prediction is essential. In [153], a new model based on a requirement risk dataset uses Tree-Family
Machine Learning (TF-ML) approaches to predict requirements’ risks. Ten different TF-ML techniques
were evaluated to achieve minimal error and maximum accuracy, with Credal Decision Tree (CDT)
outperforming the others. In 10-fold cross-validation, CDT achieved a Mean Absolute Error (MAE) of
0.0126, Root Mean Squared Error (RMSE) of 0.0888, Relative Absolute Error (RAE) of 4.498%, and Root
Relative Squared Error (RRSE) of 23.741%, while accuracy, recall, and F-measure each reached 0.980
and Matthews Correlation Coefficient (MCC) was 0.975, corresponding to 98% overall accuracy. These
results lead to recommend CDT for risk prediction in software requirements. Moreover, these findings
can serve as a benchmark for future research, which should also address class imbalance and explore
feature selection and ensemble learning strategies [153].

Software requirements Change Impact Analysis (CIA) is crucial in RE since changes are inevitable.
When a requirement change is requested, its effects on all software artifacts must be evaluated to decide
whether to accept or reject it. The research in [154] proposes a prediction model using a combination
of ML and NLP techniques to forecast the impact of a requirement change on other requirements in
the SRS document. This on-going work will evaluate the proposed model with relevant datasets for
accuracy and performance. The resulting tool may be used by project managers to perform automated
change impact analysis and make informed decisions about requirement change requests [154].
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Incomplete requirements elicitation and elaboration often leads to functional requirements
changes, which need to be controlled. Each function in a functional requirement includes its name,
description, input/output specifications, and error messages. These specifications detail input and
output names, data types, and constraints, and may or may not be linked to the database schema.
Therefore, when changes occur in inputs or outputs that impact the database schema, both the schema
and the corresponding test cases can be affected. The work in [155] presents an approach for analyzing
the impact on test cases when inputs or outputs of functional requirements are modified. This method
provides a structured change process to manage updates to functional requirements, test cases, and
the database schema, and it also includes a rollback feature to reverse changes if necessary.

6. Discussion and Conclusions

In this section, the reviewed literature’s results, presented in the previous section as belonging to
five categories of RE tasks, is further discussed.

The main discussion topics aim to provide the answers to the previously stated research questions,
namely:

RQ1 Which Requirements Engineering activities take most advantage of the use of Artificial Intelli-
gence techniques?

RQ2 Which Artificial Intelligence techniques are most used in each Requirements Engineering activity?

RQ3 Which Artificial Intelligence techniques have the best results in each Requirements Engineering
activity?

Figure 4 shows the percentage of references in the reviewed literature for each of the identified
categories. One may see that 26% of the works reviewed have been categorized as "Classification of
Requirements according to their Functional /Non-Functional nature” and another 26% as "Extracting
Knowledge from Requirements". These are the RE activities with most Al-based proposals for au-
tomation or semi-automation of tasks. Then, there is "Improving the Quality of Requirements and
Software", with 24% of the articles reviewed, "Supporting Requirements Elicitation" with 15%, and
"Supporting Requirements Management and Validation, and Project Management" with 9%. Recall
that some references may appear in more than one category, in the cases they address several RE tasks.

m Classification of Requirements according to their Functional / Non-Functional nature
m Supporting Requirements Elicitation

= Improving Quality of Requirements and Software

m Extracting Knowledge from Requirements

W Supporting Requirements Management and Validation, and Project Management

Figure 4. Categories of RE tasks found in the reviewed literature.

In the previous section, the main ML-based approaches for each of the five RE categories being
considered in this article have been presented. In this section, an attempt is made to identify the most
used and the ones that seem to yield better results.

Most of the studied approaches have used for text preprocessing and feature extraction, at the
early phase of dealing with requirements written in NL, techniques for tokenization, normalization,
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lemmatization, and vectorization, in order to convert raw text into structured numerical feature vector
representations. Examples of such techniques are Bag of words (BoW) [39], which quantifies the
frequency of words in text documents, yielding a vector where each dimension corresponds to the
frequency of a word, and TF-IDF [35,37,59], which weighs the word frequencies by how unique or
important they are across documents. With standard BoW model, any word can have the highest term
frequency, regardless of its semantic relevance. TF-IDF, which is a variation of the BoW, accounts
for the word’s prevalence throughout every document in a text set or corpus of documents. Once
the requirements text is preprocessed and transformed into numerical feature vectors, a classification
algorithm can be applied.

Besides BoW and TF-IDF, other used NLP techniques for data preprocessing and extracting
syntactic and semantic features from natural language text, in preparation for any of the mentioned RE
activities are Word2Vec, FastText, Doc2Vec and GloVe, which are able to capture semantic relationships
between words. Tools like spaCy and NLTK also facilitate these steps. These techniques can be
combined in a pipeline to convert raw NL text into structured numerical representations that an ML
classifier can then use to learn patterns and make predictions.

To improve the accuracy and efficiency in classifying FR, NFR, and other specialized NFR require-
ments, after addressing the challenges posed by unstructured natural language data, many studies
propose traditional ML algorithms, such as NB, DT, SVM, and Logistic Regression. The main ML
approaches to classifying requirements as FR, NFR, or non-requirements, and for sub-categorizing
NER into their subcategories, are , SVM, NB, RF, KNN, among others (refer to table 2).

To identify preconditions and postconditions within requirements and categorize them into
groups (e.g., “none” vs. “both”, indicating the presence or absence of preconditions and postconditions
in requirements), for test case generation, the used technique was NB with text preprocessing using
libraries such as Scikit-learn and NLTK [104].

Supervised classifiers have also been used to automatically assess user stories against criteria (e.g.,
Testable and Valuable from the INVEST checklist) [106], and for automatically label requirements into
testing levels (e.g., ‘Integration Test’ vs. ‘Software Test’) [111].

The results also show that the selection of the feature extraction techniques used after the NL text
pre-processing phase, and before the ML classifiers entering into action, is important, as the chosen
techniques influence the performance of the classifiers. For instance, selecting TF-IDF before different
ML algorithms for classifying software requirements, namely DT, RF, LR, NN, KNN and SV, yielded
better performance than using Word2Vec before the same algorithms [37].

Some researchers further enhance these models using ensemble methods such as Bagging (Bagged
KNN, Bagged DT, Bagged NB), RF, Gradient Boosting, AdaBoost, and majority voting ensembles.
Some of the proposed ensemble techniques that have been proposed, and that seem to have yielded
satisfactory results, are Bagged KNN, Bagged DT, and Bagged NB, which are ensemble methods
where the respective classifiers (KNN, DT, and NB) are trained on different bootstrapped subsets of
the training data [46,53]. This process, known as bagging (bootstrap aggregation), involves building
several models and obtain several outputs, before combining and aggregating their predictions to
enhance overall performance.

Other proposed ensemble methods, are Ensemble Grid Search classifier using 5 models (RF, MNB,
GB, XGBoost, AdaBoost) [? ] or Ensemble classifier combining 5 models (NB, SVM, DT, LR, SVC) [54].
These also work several solutions before aggregating results to obtain a better prediction.

Active Learning approaches, based on Strategies (e.g., uncertainty sampling) were used in the
selection of the most informative data points for labeling, reducing manual effort in building high-
quality training sets.

Ensemble Techniques such as boosting (Adaptive Boosting, Gradient Boosting, Extreme Gradient
Boosting) have been applied to combine multiple models and enhance accuracy, particularly in
identifying fault-prone requirements [82].
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Supervised ML and Ensemble Methods, combining information retrieval, query quality, and dis-
tance metrics using cascade deep forest models (DF4RT) for traceability [139], have also been proposed
to automate the generation of traceability links between requirements and other artifacts. Hybrid and
Unsupervised Approaches, use sequential semantics (S2Trace) to mine patterns in requirements for
more accurate link generation, have also been used for the same purpose [143].

Multiple ML classifiers (e.g., DT, RF, KNN) have been employed to predict requirement inclusion
for releases [145,149]. Ensemble approaches and hyperparameter tuning further improve accuracy,
addressing the complexity of prioritizing features when stakeholder demands exceed development
capacity.

In [154], a combined NLP and ML model predicts how changes in requirements affect other
parts of the SRS, supporting automated change impact analysis and aiding project managers in
decision-making.

NLP techniques for extracting structured information (e.g., function names, I/O specifications)
from functional requirements have also been used [155], followed by an ML-based approach to assess
how changes affect test cases and database schemas, offering a structured change process and rollback
features.

Some advanced Deep Learning approaches have also been proposed, including RNN-based
models (Bi-LSTM, Bi-GRU) often combined with self-attention mechanisms and transformer-based
architectures (BERT, BERT-CNN, PRCBERT) [40,41,45,60]. These models are designed to better capture
contextual and sequential information in requirements texts. RNN and Variants, such as Bi-LSTM
and Bi-GRU, capture sequential dependencies in requirements text, and have also been proposed for
improving quality of requirements. Some of them incorporate self-attention mechanisms to better
aggregate contextual information [40,60]. CNN has also been used, sometimes in hybrid models (e.g.,
BERT-CNN), to extract task-specific features from preprocessed text [45].

More advanced Transformer-based models, such as BERT, GPT-3.5, and PRCBERT are integrated
for tasks like sentence classification, prompt-based learning, and even generating requirements,
exploiting their contextual understanding. In fact, using Deep Learning transformer models such as
BERT and GPT, and several variations (e.g., PRCBERT)), is also becoming more common in classifying
requirements as FR, NFR, or non-requirements, sub-categorizing NFR into their subcategories [45,47].
These type of models are, however, more demanding in terms of training data, and are more common
for more complex RE activities, such as supporting requirements elicitation [66,74] or improving
quality of requirements and software [85,89,95], as can be seen in tables 3 and 4, respectively.

For identifying requirements’ ambiguities and generating use case specifications to zero-shot
classification, the most used models have been BERT, GPT-3.5, and PRCBERT, due to their superior
contextual understanding [64].

Other techniques, such as Zero-shot learning, have also been proposed to classify requirements
without extensive labeled data.

Rasa-NLU and Rasa-Core open-source frameworks have been used for building conversational
agents that can elicit requirements from stakeholders through natural language interactions [56].
The chatbot leverages an LSTM-based model for dialogue interpretation, followed by ML-based
classification of the elicited requirements.

Large Language Models (LLMs), such as ChatGPT, have been used for generating model elements
from natural language, in requirements analysis and domain and design modeling tasks [58,85,116].
These, however, have shown some issues with traceability and consistency, which indicate that human
oversight remains necessary. To extract domain models from agile product backlogs, two approaches
have been attempted, namely, the use of LLMs with specialized NLP tools [116], and bot-modeler
interaction models for updating domain models [117].

In [144], an optimization algorithm is used to select meaningful features from requirements data.
These features are used to train a model for prioritizing requirements. The Automated Requirement
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Prioritization Technique (ARPT) improves on the Adam algorithm by reducing error (lower mean
squared error) and execution time.

GKA-RE, a genetic K-means algorithm, is applied n [148] to group stakeholders. By dynamically
readjusting initial seeds, the technique determines the optimal number of clusters, which aids in
selecting and prioritizing requirements based on stakeholder segmentation.

Specialized Techniques for improving requirements quality have also been proposed.

NLP for linguistic feature extraction and , is used in [77]

Speech-Act Analysis, an NLP technique for extracting linguistic features, combined with ML-
based classification, has been used to analyze online discussions by categorizing messages according
to their speech acts. This approach enables filtering and categorizing user reviews (e.g., as feature
requests or bug reports) and even issue priorities [77].

Approaches that combine textual and visual features (using autoencoders), called Multimodal
Representations, are explored for processing user reviews with limited labeled data [69].

Clustering and hierarchical labeling techniques, for contextual word embeddings, have been
proposed to group similar requirements, for identifying duplicates or handle multi-granularity issues.
To creatively generate candidate requirements, by applying perturbations to original requirement
descriptions, Adversarial Example Generation has been proposed [68].

Combining information from various sources in Knowledge Graphs (e.g., security practices) has
also been used to enhance requirements management.

Ontology-based and Formal Methods, such as BASAALT and FORM-L were proposed for formal-
izing requirements, by generating semantically precise and simulable models, and support behavioral
simulation, ensuring that ambiguities and inconsistencies are addressed [83].

Integrating ontologies with ML and optimization algorithms have been proposed for creating a
traceability matrix, relating requirements and test cases while incorporating real-world knowledge,
thus achieving high dependability and stability [103].

To extract domain concepts and relationships to build domain vocabularies or ontologies, methods
that integrate information entropy and the CCM method have been proposed [112]. These methods
help to improve the automation of ontology construction, enhancing the precision of user requirements.

The Rule-Based Ontology Framework (ROF) has been used to automatically generate require-
ments specifications and process models (BPMN, IEEE SRS) from elicitation outputs stored in an
ontology [115].

In [152], ML is applied to extend existing SE glossaries, automatically identifying additional rela-
tionships between terms. This semantic network enhances natural language interfaces by improving
domain understanding.

Other approaches used in improving requirements quality were Active Learning and AutoML,
with techniques such as uncertainty sampling and tools such as TPOT [49]. These have been used to
optimize model performance and reduce manual labeling efforts. And also, Transfer Learning and
Text Augmentation techniques (e.g., ULMFiT and back translation) have been applied to improve
classification performance, especially when data is limited [90].

Using cosine similarity and standard deviation-based methods for selecting and improving
training data quality, in order to automatically generate test cases from requirements specifications
with higher accuracy using fewer training data points, has also been used [108].

Converting SRS data into formal representations using Information Extraction (IE) techniques,
to automatically transform unstructured or semi-structured SRS text into structured data that can be
converted into formal logic or model elements, has also been proposed [114].

The combination of metamodel matching with transformation-by-example techniques, to acceler-
ate model transformations from requirements by matching metamodels and analyzing consistency,
has been used in [113].

To extract and hierarchically organize key requirement terms, a technique that combines noun
phrase identification with TextRank and semantic similarity to rank terms has been used [118].
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To extract domain-specific entities (e.g., system, actor, use case) from textual requirements, in
[124] the SyAcUcNER approach has been proposed. It uses semantic role labeling and SVM to identify
entities, aiding UML diagram generation.

To identify and map associations between features and requirements, especially for safety-critical
systems, SRXCRM has been proposed. It applies weight association rule mining combined with NLP
to visualize dependencies [125]. Additionaly, techniques like ReqVec have been used to generate
semantic vector representations to capture relationships and dependencies among requirements [126].

In [150], an AI Task Allocation tool utilizes an Al planning language to distribute requirements
across software versions based on development time, priority, and dependency relationships, support-
ing incremental project planning.

In [151], an ML model predicts whether high-level requirements will be met within planned
iterations by using a set of 29 features, improving release planning through precise predictions of
requirement completion.

In [153], a requirement risk prediction model uses various tree-family ML techniques, with the
Credal Decision Tree (CDT) showing superior performance in terms of accuracy, error metrics, and
overall precision. This helps forecast risks early in the SDLC.

7. Conclusions

In this article, the main Al techniques for Requirements Engineering, from the last five years,
have been comprehensively reviewed, grouped in five RE tasks’ categories: Classification of Require-
ments; Supporting requirements elicitation; Improving requirements and software quality; Extracting
knowledge from requirements; and, Supporting requirements management and validation, and Project
Management.

From the review, one can conclude that for supporting requirements classification, for identifying
FR/NER or for other purposes, the integration of traditional ML classifiers (NB, SVM, DT, RF, KNN)
with effective NLP feature extraction techniques (BoW, TF-IDFE, word embeddings) are the most used
approaches.

Conversational agents and chatbots, built with frameworks like Rasa, combined with active
learning strategies, have been proposed to facilitate the elicitation of requirements directly from
stakeholders. This approach not only reduces manual effort but also minimizes errors by dynamically
capturing and classifying requirements during stakeholder interactions.

For improving the quality of requirements, techniques such as the BASAALT/FORM-L approach
and NLP4ReF leverage both rule-based and ML methods to formalize natural language requirements.
By transforming unstructured text into precise, simulable models, these techniques support behavioral
simulation and early detection of ambiguities, inconsistencies, and other quality issues, thereby
ensuring that the requirements accurately reflect stakeholder needs.

The use of NLP techniques like Named Entity Recognition (NER), text chunking, and rule-based
extraction, along with ML-based classification, has enabled the automated identification of domain-
specific entities, such as classes, attributes, and relationships. This capability supports the generation
of UML diagrams and domain models, thereby improving traceability and facilitating efficient system
design.

And, the combination of NLP and ML techniques, by incorporating methods for traceability link
recovery, risk prediction using tree-based ML approaches, and Al planning for requirement allocation,
has been used to support requirements management. These methods support human decision-making
across the SDLC by ensuring accurate change impact analysis, prioritization, and alignment with
project goals.

Author Contributions: This research article is the result of research and findings of both authors, being
the individual contributions as follows: Conceptualization, A.M.R.d.C.; methodology, AM.R.d.C. and EEC,;
investigation, AM.R.d.C. and E.EC.; resources, A.M.R.d.C.; formal analysis, A.M.R.d.C.; writing—original draft


https://doi.org/10.20944/preprints202503.2259.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 March 2025

44 of 53

preparation, AM.R.d.C. and E.EC.; writing—review and editing, A.M.R.d.C.. All authors have read and agreed
to the published version of the manuscript.

Funding: This research received no external funding.

Acknowledgments: In this section you can acknowledge any support given which is not covered by the author
contribution or funding sections. This may include administrative and technical support, or donations in kind
(e.g., materials used for experiments).

Conflicts of Interest: The authors declare no conflict of interest.

Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

ASFR Architecturally Significant Functional Requirement
BPMN Business Process Model and Notation

CNN Convolutional Neural Network

DL Deep Learning

DT Decision Tree

FR Functional Requirement
GDPR General Data Protection Regulation
GNB Gaussian Naive Bayes

KNN K-Nearest Neighbors

LLM Large Language Model

LR Linear Regression

LogR Logistic Regression

ML Machine Learning

MLP Multilayer Perceptron

MNB Multinomial Naive Bayes

NB Naive Bayes

NFR Non-Functional Requirement
NL Natural Language

NLP Natural Language Processing
NN Neural Networks

PMBOK Project Management Body of Knowledge
RE Requirements Engineering
RF Random Forest

RNN Recurrent Neural Network

SDLC Software development life-cycle

SRS Software Requirements Specification
SVM Support Vector Machines

UML Unified Modeling Language
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