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ABSTRACT
Context: Ensuring that requirements are adequately covered in test
cases represents a challenge in the software industry. Specifically, a
Software Institute maintains a testing team that continuously ana-
lyzes the requirements to ensure their implementation in test cases.
Problem: However, requirements analysis is a human-dependent
process and faces a large volume of requirements received by the
testing team. In addition, other activities compete with require-
ments analysis, requiring effort and allocation to ensure that a
requirement is analyzed and incorporated into the test case. Goal:
In order to automate the requirements analysis process, we devel-
oped a tool based on XLNet, a pre-trained model for classifying and
determining if the requirement is part of the scope of the testing
team. Method: To evaluate this tool, we conducted a study with a
team of 4 members who analyze requirements, in which the partic-
ipants conducted the requirements analysis manually and with the
aid of the tool. The study consisted of two analyses: (1) quantitative,
aimed at evaluating effectiveness (correctly classified requirements)
and efficiency (requirements analysis time), and (2) qualitative, in
which we developed a questionnaire to obtain feedback from the
participants on the use of the tool. Results: In quantitative terms,
the statistical tests indicated that there was no significant difference
in terms of efficiency between manual and automated classifica-
tion, with a p-value of 0.8824. Regarding effectiveness, a p-value
of 0.0177 was obtained, however, the results showed that manual
sorting is still more effective than tool-assisted sorting. Despite
this, the qualitative results showed that 100% of the participants
agreed that using the tool could improve their performance in the
requirements analysis activity and identified positive points about
its use, such as accuracy, speed of analysis, and a reduction in the
effort dedicated to this activity. Conclusions: The results show
that using the tool can bring benefits by automating the analysis
and classification of requirements.
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1 Introduction
Software testing is an essential step in the software development life
cycle. It is during this step that the software is verified to meet the
expected results according to the defined requirements, ensuring
that it contains no defects [15, 30]. However, the effectiveness of
testing depends directly on the correct identification and analysis
of requirements, as they define the scope of what must be validated
and, consequently, form the basis for constructing test cases [32].

Requirement analysis is a phase of testing in which software
requirements are defined, analyzed, and documented [37]. This
phase includes the following activities: defining the scope of the re-
quirement, identifying and classifying the stakeholders, classifying
the requirements, analyzing the requirements, and documenting
the requirements [15]. One of the main challenges of this phase is
the classification of requirements because, when performed cor-
rectly, it determines which testing team is responsible for validation.
Failures in this activity can lead to problems such as validation by
teams lacking knowledge of the requirement’s scope, insufficient
requirement coverage, and an increased risk of production failures
due to incorrectly validated requirements [5].

Several studies have been conducted to address the challenges
of the requirement classification activity using traditional Machine
Learning algorithms, such as Naive Bayes [36] and Random For-
est [35], as demonstrated in the studies by Fadhlurrohman et al. [16]
and Surana et al. [42].

Among the most recent approaches, some authors have inves-
tigated the use of pre-trained language models for this task. For
example, Kici et al. [26] explored models such as BERT [41], Dis-
tilBERT [39], ALBERT [27], and XLNet [48] to classify functional
requirements, while Subahi [41] and Khan et al. [25] applied mod-
els such as BERT [41], ELECTRA [10], and RoBERTa [28] to the
classification of non-functional requirements, including green soft-
ware requirements. The results of these studies showed notable
improvements in metrics such as accuracy and F1-score compared
with traditional approaches, highlighting the potential of PLMs for
automatic classification tasks. Despite these advances, few studies
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have focused on using Pre-trained Language Models (PLMs) to auto-
mate this activity in real-world case studies involving professionals
directly engaged in requirements analysis.

In the context of a testing team responsible for performing func-
tional tests at a software institute, requirements are received daily,
and the team must analyze them to determine whether they fall
within one of the team’s scopes so that validation can be carried
out during testing. Within the testing team, certain members, re-
ferred to as requirement analysts, are responsible for performing
this activity, analyzing and classifying whether each requirement
applies to the team. This requirement analysis process ensures that,
if a requirement is part of the team’s scope, the corresponding test
cases and databases are updated, guaranteeing that it will be vali-
dated during the test execution stage. Analysts are responsible for
updating the databases and requesting changes to the test cases. If
a requirement is not analyzed, it will not be validated by the testing
team, which may lead to project costs such as delivery delays or
untested issues. Therefore, it is crucial that the process is performed
both quickly and accurately.

However, given the large volume of requirements received by the
team, manual execution demands significant effort and time, com-
peting with other activities. To automate the analysis and classifica-
tion of requirements, a tool was developed based on the fine-tuning
of a pre-trained model, specifically, the XLNet model [48]. With this
tool, requirements are automatically classified as applicable or not
to the testing team, reducing the workload of team members, who
can then focus only on relevant requirements, thereby optimizing
time and resources.

This experience report presents the results of applying a tool for
analyzing and classifying requirements within a testing team in a
real industrial setting. To evaluate the tool, we conducted a study
in which it was used by four testing team members responsible
for performing requirements analysis and classification, using a
sample of ten requirements. The study compared manual and auto-
mated approaches, focusing on the time required to perform the
classification (efficiency) and the accuracy rate of correct require-
ment classification (effectiveness). We also conducted a quantitative
analysis supported by statistical testing, and to complement our
findings, participants answered a seven-question survey, which was
followed by a qualitative analysis of their responses.

The remainder of this paper is organized as follows: Section 2
presents the theoretical foundation and related work. Section 3 de-
scribes the requirements classification tool and Section 4 describes
the Study Design. Section 5 presents the obtained results, which
are discussed in the same section. Finally, Section 7 presents the
conclusions of the study.

2 Theoretical Reference
2.1 Requirements Engineering and Traceability
In Requirements Engineering (RE), requirements are documents,
usually written in natural language [2], that specify what a system
should do or how it should behave [8]. They play a key role in
facilitating communication among stakeholders, as successful RE
depends on understanding the needs of users, customers, and other
parties involved [8].

In the context of a software institute, where projects often in-
volve innovation, applied research, andmultiple stakeholders, by en-
suring the clarity and traceability of requirements becomes an even
more challenging task [3, 12]. This difficulty arises because, during
the RE process, issues such as ambiguity [24], redundancy [20], or
inconsistency [17] often emerge, which can directly compromise
the accurate association of requirements with their respective test
scopes [49].

This association is fundamental for defining an adequate test
scope, as it allows the precise identification of which functionality,
module, or category each requirement belongs to [18]. With this
categorization, it becomes possible to direct tests to the appropriate
areas of the system, ensuring that each requirement is covered by
the most suitable test cases [40]. This promotes traceability between
requirements and tests, improves functional coverage, and makes
the verification process more efficient and aligned with the system’s
objectives [11].

Conversely, the absence of this association can lead to confusion
between developers and testers, resulting in incomplete or mis-
aligned verifications with the project’s objectives [23]. This directly
undermines traceability, functional coverage, and the final quality
of the product [34].

To mitigate these problems, it is important to adopt approaches
that automate the categorization and association of requirements
with their respective test scopes. Emerging research highlights that
the use of Pre-trained Language Models (PLMs) has proven promis-
ing for analyzing natural language texts, such as software require-
ments [13, 45]. Because they are trained on large volumes of data,
these models are capable of understanding textual context, classi-
fying relevant information, and extracting patterns with greater
precision [14]. Their application in Requirements Engineering has
contributed to improving traceability, increasing development effi-
ciency, and enhancing the quality of delivered systems [13, 45].

2.2 Pre-Trained Language Models
In general, pre-trained models are algorithms that have already
undergone an initial learning phase using large volumes of data [19,
47]. This phase enables the model to learn general linguistic repre-
sentations, such as syntax, semantics, and contextual relationships
between words [19, 47].

These models employ the transfer learning technique [22, 29], in
which a model previously trained on a large dataset is later refined
(through a process known as fine-tuning) using a smaller and more
specific dataset targeted to particular tasks [21, 22]. This approach
allows the reuse of previously acquired knowledge, resulting in
more efficient training and improved performance [21, 29].

With the advancement of transformer-based architectures, which
use attention mechanisms to capture contextual relationships be-
tween words, pre-trained models have become even more effective
for transfer learning [44]. Models such as BERT [14], GPT [1], and
T5 [33] have demonstrated significant results across various Natu-
ral Language Processing (NLP) tasks, highlighting the potential of
this approach for text analysis and understanding [1, 14, 33].
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Themain tasks addressed by Pre-trained LanguageModels (PLMs)
include text classification, question answering, named entity recog-
nition (NER), text generation, automatic translation, summariza-
tion, and dialogue construction [9, 38]. These capabilities have been
widely explored in diverse domains such as healthcare [46], law [6],
and finance [7], and more recently, in Requirements Engineering
(RE) [25, 26, 41]. In this last context, the application of PLMs extends
beyond simple textual analysis—enabling the automation of critical
tasks and improving the quality of artifacts produced throughout
the software development life cycle [43].

2.3 Pre-Trained Models for Requirements
Classification

Building on the consolidation of pre-trained models in the NLP
field, several studies have demonstrated their effectiveness in iden-
tifying types of requirements and quality attributes in specifica-
tion documents. For example, Khan et al. [25] proposed a transfer
learning–based approach using XLNet [48] for the identification
and classification of Non-functional Requirements (NFRs) accord-
ing to quality attributes. The model outperformed others, such
as BERT [14], ELECTRA [10], and DistilBERT [39], achieving an
F1-score higher than 0.91. The proposed approach also showed
significant gains in practical applications—for instance, a financial
institution reported improvements in the stability and usability of
its application after applying the model to analyze quality require-
ments.

Similarly, Kici et al. [26] conducted a comparative study of trans-
former basedmodels, including BERT, RoBERTa [28], DistilBERT [39],
ALBERT [27], and XLNet [48], for the task of classifying require-
ments in Software Requirements Specification (SRS) documents.
Their work highlights the feasibility of using pre-trained models
for textual classification in software engineering, even without
domain-specific data.

Subahi [41], in turn, proposed a solution focused on sustainability
in requirements engineering, using the BERT model to map non-
functional requirements to sustainability dimensions (eco-technical
and socioeconomic). The study reinforces the importance of fine-
tuning with task-specific data to achieve strong performance in
specialized domains and demonstrates how combining NLP and
requirements engineering can support more sustainable design
decisions from the early stages of the software life cycle.

The approaches proposed in these studies achieved performance
metrics such as accuracy and F1-score above 80%, reinforcing the
potential of pre-trained language models to support the automatic
classification of requirements, whether by type or quality attribute.
Collectively, these works demonstrate that, with appropriate adjust-
ments, such models are capable of effectively processing natural
language texts and generating consistent classifications.

In contrast to these approaches, the present work aims to evalu-
ate the practical application of a pre-trained model in the task of
classifying requirements using real world data. The objective is to
investigate the feasibility of this method within an organizational
context and to identify its potential limitations.

3 A Tool for Automated Requirement
Classification

3.1 Contextualization
The testing team in which this research was conducted is organized
by work front. For example, one group is responsible for analyzing
requirements that arrive to be validated in tests, another group
implements test cases, another group manages defects, and so forth.
Thus, the testing team has several groups specializing in specific
tasks. Our article describes only the participation of the group that
analyzed the requirements. The requirements refer to carrier fea-
tures implemented in software projects embedded in smartphones
or tablets. Thus, the requirements are constantly updated according
to the client’s needs.

Regarding the nature of the requirements, the testing team con-
stantly deals with changing demands. We identified two main types
of complexity: (1) low complexity, associated with similar and rou-
tine requirements (e.g., recurring app version updates), and (2) high
complexity, associated with disruptive and unprecedented require-
ments (e.g., the inclusion of an AI-based functionality). It is also
important to highlight that, within the context of the team and
the projects assessed by the testing team, once a high-complexity
requirement becomes familiar to the team, it becomes known and
is therefore considered low complexity. The occurrence of high-
complexity requirements is quite rare in the team, as they only arise
when there is a major change in the business rules of the project.

3.2 Description and Features
To achieve the goal of automating the analysis and classification
of requirements, a tool was developed based on a pre-trained and
fine-tuned version of the XLNet model [48]. This tool receives
the title and description of a requirement as input, processes the
data, and outputs its classification. The tool is available online1 and
operates internally within the Software Institute. However, due to
a non-disclosure agreement, we cannot provide the source code or
implementation details.

XLNet [48] is a pre-trained language model based on the trans-
former architecture. It was selected after conducting a viability
study that compared different PLMs, including BERT [14] and
ELECTRA [10]. In our context, XLNet demonstrated superior per-
formance, achieving 93.16% AUC (Macro), while BERT reached
91.28% and ELECTRA 90.17% in the task of classifying require-
ments within the testing team evaluated in this study. The details
about this results are described in our previous work [31].

3.3 Structure of Inputs and Outputs
The requirements received by the testing team contain various fields
of information; however, for input to the tool, only the following
text-based fields are used:

• Title: A brief summary of the requirement.
• Description: A detailed explanation of the requirement,
including all information that needs to be validated during
test execution.

1Due to non-disclosure agreement, the tool is not available for external users. It works
only into the institute.
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The tool then produces an output in text format that represents
the classification assigned to the submitted requirement. In this
tool, two classification categories are available:

• Applicable: The requirement is applicable to the scope of
the testing team. The requirement falls within the testing
scope; therefore, the testing team must analyze it to ensure
that it is properly covered by the test cases.

• Not Applicable: The requirement is not applicable to the
scope of the testing team. In this case, another technical team
is responsible for analyzing the requirement and ensuring
its coverage in the corresponding test cases.

3.4 Tool Usage
Figure 1 illustrates the steps involved in the interaction between a
user and the tool to perform the automatic classification of require-
ments. The step-by-step process of this interaction is as follows:

(1) The user enters the title and description of the requirement
into the tool’s text input field.

(2) The tool sends the text to the XLNet model [48] for inference,
where the model determines whether the requirement is
applicable to the testing team’s scope.

(3) The model performs the inference.
(4) The tool displays the model’s output to the user.
In the next section, we discuss the details of this study’s design,

based on the tool described above.

4 Study Design
In this section, we describe how the study was conducted, present-
ing its planning, instruments, and execution process.

4.1 Planning
4.1.1 Goal. We defined the goal of this study using the goal defi-
nition template of the Goal Question Metric (GQM) [4] paradigm
as follows:

“Analyze the process of using an automated tool to classify
requirements compared to the manual processWith the pur-
pose of evaluating With respect to efficiency and effectiveness
From the researchers point of view In the context of practitioners
from a testing team in a Software Institute”.

4.1.2 ResearchQuestions. To achieve our goal, we aim to answer
the following research questions:

RQ1: How effective and efficient is the use of a tool for automat-
ically classifying requirements?

RQ2: What are the perceptions of testing team members regard-
ing the use of a tool that automatically classifies requirements?

4.1.3 Context. The context of this study involves professionals
from a testing team working at a Software Institute. The team
receives requirements on a daily basis and must analyze and classify
them in two categories (applicable and not applicable). The team
is composed exclusively of software testing professionals, with no
additional roles such as software developers, scrum masters, or
designers. Their main activities include analyzing new incoming
requirements, creating or updating test cases to ensure coverage,
executing test cases, and reporting defects.

4.1.4 Variables. For this study, we have defined the following in-
dependent and dependent variables:

• Independent Variables: The method of requirement clas-
sification, which in this study was conducted in two ways:
manually and automatically.

• Dependent Variables:
– Efficiency Indicator, computed by the ratio between the
number of classified requirements and the time spent on
classification. The unit of analysis for this variable is re-
quirements per minute.
Efficiency is computed according to the equation below:

Efficiency =
Total of Requirements Classified

Total of Time Spent for Classification
(1)

– Effectiveness Indicator, computed by the ratio between
the total number of correctly classified requirements and
the total number of requirements used for classification.
In this way, effectiveness is computed as follows:

Effectiveness =
Total of Requirements Classified Correctly

Total of Requirements Classified
(2)

4.1.5 Hypotheses. For this study, we have the following hypothe-
ses:

• Null Hypothesis (H01): There is no difference in the classi-
fication of requirements manually and using a tool regarding
the efficiency indicator.

• Alternative Hypothesis (H𝐴1): There is a difference in
the classification of requirements manually and using a tool
regarding the efficiency indicator.

• Null Hypothesis (H02): There is no difference in the classi-
fication of requirements manually and using a tool regarding
the effectiveness indicator.

• Alternative Hypothesis (H𝐴2): There is a difference in
the classification of requirements manually and using a tool
regarding the effectiveness indicator.

4.1.6 Participant Selection. The participants selected for the study
were software testers responsible for analyzing and classifying
requirements within the testing team. In total, four participants
took part in the study. The sampling method adopted was non-
probabilistic and based on convenience, as only members of the
testing team who perform requirement analysis and classification
were included. Furthermore, all participants had more than one
year of experience with the activity of requirements classification.

4.2 Instrumentation
For this study, the following instruments were developed:

• Informed Consent Form (ICF): To ensure the ethical in-
tegrity of the research, participants were provided with a
consent form through which they agreed to take part in the
study. In addition, the Software Institute has an ethics com-
mittee that ensures all research follows established ethical
guidelines. Thus, before any study is conducted, internal
approval is required to confirm that no ethical standards are
violated.

• Presentation: A slide presentation designed to explain to
participants how the study would be conducted and its ob-
jectives.
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Figure 1: Process of the user interacting with the system

• Spreadsheet with requirements: A spreadsheet contain-
ing ten requirements to be analyzed both manually and using
the tool. The spreadsheet included fields for participants to
record the start and end times of each analysis, as well as
a field to classify each requirement as “Applicable” or “Not
Applicable”.

• Post-experiment form: A form used for the final evaluation
of participants’ intention to use the tool. It consisted of five
open-ended questions and two statements rated on a five-
point Likert scale to assess participants’ level of agreement.

• Notebook: Each participant used a notebook with Wi-Fi
access to connect to the internet and interact with the re-
quirement classification tool.

4.3 Execution
4.3.1 Pilot Study. First, a pilot study was conducted to evaluate the
quality of the research instruments. The pilot study was carried out
with a tester responsible for requirements analysis during test case
development. Since this tester possessed the relevant expertise, the
participant was considered representative for assessing the study’s
instruments.

4.3.2 Study Implementation. After the pilot study, a meeting room
was scheduled for all participants. All invited participants attended
the session, bringing their own notebooks used for their regular
work activities. Following this preparation, the studywas conducted
as described in Table 1. In total, the study lasted 85 minutes.

4.3.3 Analysis and Interpretation. To support this study, we con-
ducted two types of analysis: (1) quantitative and (2) qualitative.
The quantitative analysis involved measuring efficiency and effec-
tiveness indicators. First, we tested the normality of the data using
the Shapiro–Wilk test, followed by a statistical test. We then calcu-
lated the p-value and analyzed the results based on the proposed
null and alternative hypotheses. Subsequently, we carried out a
qualitative analysis based on participant feedback, consolidating
the main points raised by the participants into the study’s research
findings.

5 Results
5.1 Quantitative Analysis
To address RQ1, we conducted a quantitative analysis. First, we
collected all the responses entered in the requirements spreadsheet
and then calculated the efficiency and effectiveness metrics.

Table 2 presents a summary of the distribution of efficiency and
effectiveness for each participant. Figure 2 shows the effectiveness
boxplot comparing manual and automated classifications, while
Figure 3 displays the efficiency boxplot, likewise comparing manual
and automated classifications.

Regarding the effectiveness indicator, the boxplot in Figure 2
shows that the manual classification process is more effective than
the automated classification process, which is only represented by a
“line” in the boxplot, indicating the values are concentrated in only
one value. This result indicates that, for the requirements selected
in this study, the tool was not able to correctly classify the require-
ments for the testing team. To better understand these results and
obtain statistical validation, we conducted a statistical test. First, we
applied the Shapiro–Wilk test, which indicated that the data did not
follow a normal distribution. Consequently, we proceeded with a
non-parametric test for independent samples. The Mann–Whitney
test, performed with a significance level of 0.05, yielded a p-value
of 0.0177, confirming a statistically significant difference in effec-
tiveness between manual and automated classification using the
tool. Thus, we conclude that manual classification was significantly
more effective than automated classification and that, statistically,
the tool did not contribute to improving the effectiveness of the
classification process.

Regarding efficiency, Figure 3 shows that the manual classi-
fication process presents a visual distribution similar to that of
the automated classification. To confirm this observation, we con-
ducted a statistical analysis. First, we verified whether the efficiency
data followed a normal distribution using the Shapiro–Wilk test,
which indicated that it did not. Consequently, we applied the non-
parametric Mann–Whitney test with a significance level of 0.05.
The test yielded a p-value of 0.8824, indicating no statistically sig-
nificant difference in efficiency between the manual and automated
classification processes. Therefore, we conclude that the use of the
tool does not affect the speed of the classification process, that is,
the number of requirements analyzed per minute remains the same
regardless of whether the tool is used.
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Table 1: Table with Activities Performed in the Study

Activities Performed Objective Duration
1. Completion of the ICF All participants read the ICF and agreed to participate in the study. 5 min

2. Presentation
The facilitator, whose role was played by one of the researchers
explained on a slide the next steps of how the study would be conducted. 10 min

3. Manual Execution

In this step, the participants manually analyzed all
10 requirements that were present in the requirements spreadsheet,
recording the start and end time of the analysis, and also informing
the classification of the requirement: “Applicable” or “Not Applicable”.

25 min

4. Automated Execution
Similar to the previous step, the participants had to record
the start and end time of the analysis, but this process now
involved the support of the classification tool.

25 min

5. Post-Experiment
Form

After the experiments, the participant was invited to fill
out the post-experiment form in order to provide feedback
about their usage experience.

20 min

Table 2: Efficiency and Effectiveness by Participant

Efficiency -
Requirements per Minute Effectiveness

Participant Manual Automated Manual Automated
P1 5.00 3.33 0.80 0.70
P2 1.67 1.67 1.00 0.70
P3 2.00 1.43 1.00 0.70
P4 1.67 2.50 1.00 0.70

Considering the results obtained for the efficiency and effective-
ness indicators, and following the statistical analyses, we cannot
reject the H01 hypothesis and, therefore, cannot draw conclusions
regarding the efficiency indicator. However, we can reject the H02
hypothesis and accept the H𝐴2 hypothesis concerning the effective-
ness indicator. Although we rejected the null hypothesis for effec-
tiveness, the results indicate that automated requirement classifica-
tion is less effective than manual classification, as the effectiveness
metric decreases when using the automated process. Furthermore,
there is no significant difference in efficiency between the two clas-
sification methods, as confirmed by the statistical test results for
this indicator.

Figure 2: Boxplot of Effectiveness using Manual and Auto-
mated Classification

Figure 3: Boxplot of Efficiency using Manual and Automated
Classification

5.2 Qualitative Analysis
After the experiment, participants completed a feedback form on
the use of the tool for analyzing and classifying requirements. This
qualitative feedback was then used to answer RQ2.

5.2.1 Experience of Use: The feedback comparing the use of the
tool with the manual process was positive. Participants described
the experience as good and noted that using the tool was pleasant,
simple, and particularly useful when dealing with complex require-
ments. As stated by P2: “It was a good experience. The result of the
analysis by the tool was almost 100% correct...” and complemented
by P4: “Pleasant... The use of the tool helps to simplify the process of
identifying requirements, being specially useful in cases of complex
requirements”.

5.2.2 Contributions of the Tool: Regarding the potential contribu-
tions of the tool to the team, participants stated that it could assist
in the analysis process by performing a preliminary classification
of requirements. They also suggested that the tool could generate
a statement about the requirement’s impact on the team, which
would then be reviewed by the members responsible for the activ-
ity. After this review, the team could update their database with
the new requirement and subsequently submit the corresponding
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Figure 4: Participants’ Perceptions on the Use of the Tool for Requirements Classification

changes to the test cases, as stated by P3: “The tool can help provid-
ing a verdict in advance for each requirement, so the members of the
requirement analysis team can follow up with the remaining tasks,
such as updating the database, communicating the team and etc.”.
Participants perceived another contribution that can come from a
future version of the tool, which is to indicate the test cases that are
impacted by the requirement, as mentioned by P2: “I believe that it
can help by performing the analysis in advance, then classifying and,
in the future, by indicating the impacted test cases”.

5.2.3 Positive Aspects: Participants identified the following posi-
tive aspects of the tool during the classification process: precision,
speed, coherent analysis, reduced effort for requirements not yet
applied, and the ability to provide faster analyses for complex re-
quirements that would otherwise require more time to analyze
manually. As mentioned by P2: “I found the tool to be precise and
very quick...” e complemented by P4: “The analysis of complex re-
quirements can become easier, thus allowing for quicker answers”.

5.2.4 Intention of Use: To verify the participants’ intention to use
the tool, Figure 4 shows the participants’ consolidated answers,
which were scored by the participants in a 5-point Likert scale.
As can be seen in Figure 4, 100% of participants agree that the
tool can improve the performance of requirement analysis. When
questioned about the possible increase in productivity, 75% of par-
ticipants agreed and 25% strongly agreed that the tool can increase
the productivity of requirement analysis. When questioned if the
use of the tool can improve the effectiveness of requirement anal-
ysis, 50% of participants agreed with the statement, 25% strongly
agreed and 25% were neutral. Regarding the use of the tool for
requirement analysis, 50% agree and 50% strongly agree that they

would use the tool. In regards to the sentence “I intend to use the
tool in the following months to analyse requirements”, 75% agree and
25% strongly agree.

6 Threats and Limitations of The Study
It is important to highlight a few threats and limitations of this
study:

• The study was conducted within a software institute that
operates under confidentiality policies and a specific de-
velopment environment; therefore, the findings cannot be
generalized to other testing teams.

• The study involved only four participants, all of whom were
members of the requirements analysis team; thus, they rep-
resent a small but relevant sample for the study.

• The requirements analyzed were specific to the institute in
which the study was conducted.

• A total of ten requirements were considered in the analysis;
consequently, the measured execution time may vary for
other sets of requirements.

7 Conclusions
This paper reports on the application of a tool based on a pre-trained
model (XLNet) [48] to support the requirement classification pro-
cess within a testing team at a Software Institute. To this end, we
conducted a study with four participants responsible for identifying
if the requirement is within the team’s scope. The experiment was
structured so that participants first performed manual classification
of the requirements and then used the automated requirements clas-
sification tool. Through this study, we collected data on bothmanual
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and automated classification times, as well as the corresponding
classification results. To complement the analysis, participants also
provided feedback through a post-experiment questionnaire.

We analyzed the collected data using both quantitative and qual-
itative approaches. In the quantitative analysis, we evaluated effi-
ciency and effectiveness indicators and found that: (1) with respect
to efficiency, there was no statistically significant difference be-
tween manual and automated classification using the tool, leading
us to retain the null hypothesis H01; and (2) with respect to ef-
fectiveness, we obtained a p-value of 0.0177, allowing us to reject
the null hypothesis H02, although the results indicated that man-
ual classification was more effective than automated classification.
Therefore, in response to RQ1, we conclude that the tool achieves
efficiency comparable to the manual classification process but lower
effectiveness.

The qualitative analysis, addressing RQ2, revealed that partic-
ipants viewed the tool positively, as a means to support the clas-
sification of complex requirements, facilitate early classification,
increase agility, and reduce effort in cases where the requirement
is not applicable. Moreover, participants expressed that the tool
could enhance the performance and productivity of the require-
ments classification activity and indicated their intention to use it
in future requirements analysis tasks.

For futurework, in addition to verifyingwhether a requirement is
applicable to the testing team, we plan to investigate the automatic
identification of test cases that should be updated based on each
requirement, aiming to establish automated traceability between
requirements and test cases. Further studies are also needed to
explore the lessons learned from applying this new approach.
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