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ABSTRACT
Analyzing software requirements is a complex task, particularly for
projects with a large volume of requirements, and when conducted
manually, this task is time-consuming and prone to human errors.
Moreover, once the software implements the requirements, it is
essential to conduct tests to ensure the correct validation. Within
a software institute, each new requirement can be assigned to a
test team (teams 1 and 2) responsible for ensuring coverage by
updating or creating test cases. There are instances in which a
requirement is not assigned to either the team or is assigned to
both. Each test team is tasked with validating a specific scope of
requirements, making it crucial that each requirement is analyzed
and validated by an appropriate test team. If a test team fails to
validate a requirement within its scope, it can result in software
vulnerability. To mitigate these issues, this paper described the use
of pre-trained models, such as BERT, XLNet, and ELECTRA, to auto-
mate the process of requirement classification, thereby determining
which test team should validate each new requirement. We com-
pared the models based on accuracy, precision, recall, F1-Score, and
Area Under Curve (AUC) macro metrics. Notably, the XLNet model
demonstrated superior performance among the models, achieving
93.16% AUC Macro, while the BERT model achieved 91.28% AUC,
and the ELECTRAmodel achieved 90.17% AUC. We also applied the
non-parametric Friedman test to statistically validate the results,
followed by the Conover squared rank test, with a significance level
of 0.05. The results indicate that XLNet outperformed the BERT
and ELECTRA models, exhibiting a superior capacity for assigning
requirements to the correct test teams. Given the promising results
of this research, this study aims to demonstrate the viability of us-
ing pre-trained models as a solution to optimize the testing process
in the software industry.
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1 Introduction
To develop software, the following phases of the Software Develop-
ment Life Cycle (SDLC) [17] are applied: requirement elicitation,
project and analysis, development, testing, and maintenance [26].
The test phase is essential in the software development process,
as it is in this phase that the quality, reliability, and conformity
of a system with specified requirements is verified [2, 26]. In this

phase, the software requirements are validated and used as a refer-
ence for the development of test cases. The process of analysis and
validation of requirements already requires considerable human
effort, and in cases where there is a large volume of requirements,
the process becomes even more complex, consequently raising the
occurrence of mistakes and inconsistencies [6, 29–31].

In the context of software testing teams within a software insti-
tute, it is crucial that the analysis and validation of the requirements
might be conducted by the appropriate test team. Each team is
tasked with a specific testing scope to ensure that the requirements
are validated accurately. This process is currently executed man-
ually by each team, necessitating the involvement of at least two
analysts (one from each team) to analyze and manually assign the
requirements to the responsible test team. Given the large volume
of requirements, this process is time-consuming and susceptible
to errors. Moreover, inaccuracies in the analysis and validation
of requirements significantly contribute to the failure of software
products [14].

To facilitate the process of assigning requirements for each test
team, this paper proposes an investigation of the use of the pre-
trained models, such as: BERT (Bidirectional Encoder Represen-
tations from Transformers) [7], XLNet [33] and ELECTRA (Effi-
ciently Learning an Encoder that Classifies Token Replacements
Accurately) [4]. The use of pre-trained models aims to automate
the process of classifying software requirements, with the goal of
identifying which test team must be responsible for the validation
of the requirement. For this investigation, we built a dataset with
692 real requirements from the test teams, and then, we applied text
processing techniques to the dataset, and finally, we trained the
models (BERT, XLNet and ELECTRA). After training, we tested the
models and evaluated based on metrics such as Accuracy, Precision,
Recall, F1-Score and AUC. Lastly, aiming to statistically validate
the results of this study, we performed the Friedman test [11] and
Conover squared ranks test [5], with a significance level of 0.05.

2 Theoretical Reference
2.1 Requirement Classification
A requirement can be defined as a demand, feature, or attribute of a
system. It can be an obligation or a necessary skill for a user to solve
a problem or reach a goal, or something that needs to be accom-
plished or maintained by a system or part of a system to conform to
a contract, standard, specification, or other mandatory document
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[8]. Requirement Engineering activity involves collecting, docu-
menting, approving, analyzing, and controlling requirements [22],
which is essential for the effectiveness of the software development
process [30]. This activity has a considerable hurdle: the manual
classification of software requirements, which can require plenty
of effort owing to the subjectivity of comprehending and managing
many requirements [30].

To overcome this obstacle, Fadhlurrohman et al. [9] presented
the categorization of software requirements as a new strategy for
generating test cases through text classification. The proposal is to
classify the requirements in two categories: “none" and “both", this
way demonstrating the existence or nonexistence of preconditions
in software requirements. The Naive Bayes algorithm, a probabilis-
tic classification algorithm, was used to achieve this goal, obtaining
a result with 0.86 precision [9].

In another approach, Surana et al. [29] proposed an intelligent
conversational chatbot that uses Machine Learning (ML) and Arti-
ficial Intelligence (AI) to talk with people involved in the software
development process, collect requirements based on interaction,
and classify these requirements into Functional Requirements (FR)
and Non-Functional Requirements (NFR) [22]. To perform the clas-
sification, they used the algorithms Multinomial Naïve Bayes [24]
and Support Vector Machine [20]. The Multinomial Naïve Bayes
presented a relatively better performance, satisfying the need to
classify requirements into Functional and Non-Functional [29]. To
solve this problem, Tasnim et al. [30] proposed an Long Short-Term
Memory (LSTM) model [35] based on attention. The results con-
firm that the model is efficient in classifying requirements, with a
precision of 98% for the test dataset [30].

2.2 Pre-trained Models
A pre-trained model is characterized by a model trained with a
large volume of non-labeled data for one or more tasks, so that later
on, this model can be adjusted or subjected to Transfer Learning
for specific tests using a considerably smaller volume of data for
training [3]. Many natural language models have been pre-trained
and used for applications in many fields within AI, specifically for
Natural Language Processing (NLP) [19]. BERT [7] is an example
of a natural language model known for being trained by masked
token prediction. BERT is designed to pre-train deep bidirectional
representations from unlabeled text by jointly conditioning on both
the left and right contexts in all layers. The pre-trained BERT model
can be fine-tuned with only one additional output layer to create
state-of-the-art models for a wide range of tasks, such as question
answering and language inference [7].

In contrast to the BERT model, the ELECTRA model [4] corrupts
this by replacing some tokens with plausible alternatives sampled
from a small generator network instead of masking the input. In
this manner, the model becomes discriminative, predicting whether
each token in the corrupted input is replaced by a generator sample
[4]. Another natural language model is XLNet [33], which enables
learning bidirectional contexts and has an autoregressive formula-
tion that incorporates concepts from Transformer-XL [33].

Zhang et al. [36] applied BERT and XLNet to perform the task of
sentiment analysis for software engineering. The results indicate
that fine-tuning these models allows them to surpass the existing
tools for this task by 6.5-35.6% in terms of macro/micro-averaged
F1 score [36]. Fikriansyah et al. [10] evaluated the performance of
ELECTRA for sentiment analysis after fine-tuning. These results

highlight the importance of fine-tuning the ELECTRA model for
text classification [10].

2.3 Pre-trained Models for Requirements
Classification

With the emergence of pre-trained natural language models, it
was possible to reduce manual effort in requirement classification
tasks within Requirements Engineering. Previous research has in-
vestigated many pre-trained models destined for text classification
tasks in the Software Engineering field [16]. In particular, Kici et al.
[16] performed an empirical analysis of multilabel classification of
software requirements using the BERT, DistilBERT, ALBERT, and
XLNet models. The results reveal that the five models can classify
requirements [16].

Subahi [27] presents an approach based in the fine-tuning of
the BERT, aiming to classify non-functional software requirements.
The results proved that this approach is efficient for classifying
software requirements [27].

Khan et al. [15] proposed fine-tuning of the models XLNet, BERT,
Distil BERT, Distil Roberta, ELECTRA-base, and ELECTRA-small
to automate the identification and classification of Non-Functional
Requirements. The study analyzed these models and concluded
that the XLNet model presented a better performance, reaching
0.91489 in Accuracy, Precision, Recall and F1-Score, highlighting
the importance of performing fine-tuning in the XLNet model,
facilitating the process of software development, and optimizing
the use of resources [15].

3 Requirements Analysis Process
This Section describes the workflow for receiving, analyzing, and
classifying the requirements within the software institute. This
process is conducted by 2 test teams, each of which is responsible
for a specific group of requirements. It is possible that both teams
validate the same requirement, as a team may validate it in a re-
gression test, whereas the other team validates the requirement in
an acceptance test. Team 1 validates the requirements of sanitation
and regression test scopes. Team 2 validates the requirements of
the acceptance tests. The requirements analysis process occurs in
the following manner:

(1) The client communicates the requirement for the software
institute.

(2) The requirement is documented via an internal tool for con-
trolling requirements.

(3) One analyst from each of the test teams performs the analysis
and determines if the requirement is applicable for their
team’s test scope. The requirements are then classified and
assigned according to the following labels:
• Team 1: Requirements that are validated by the test scope
of team 1 (in the sanity and regression test scopes);

• Team 2: Requirements that are validated by the test scope
of team 2 (in the acceptance test scope);

• None: Requirements that are validated by neither team;
• All: Requirements that are validated at the same time by
the test scopes of team 1 and team 2.

(4) If the classification is “Team 1”, “Team 2” or “All”, the analyst:
• Identifies an existing test case that is associated to the
validation of the requirement and updates the test case, or

• Creates a new test case for validation.
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(5) Lastly, the analyst adds to the documented requirement a
comment indicating which technical team is responsible for
validating the requirement.

This workflow presents the following problems:
• Errors due to the subjectivity of the interpretation of the
requirement;

• Time spent analyzing manually;
• Dependence of the analyst’s expertise.

To solve these problems, this study proposes the automation of
the requirement classification step (item 3) through the fine-tuning
of pre-trained models (BERT, XLNet, and ELECTRA). The next
section details how this automation was performed.

4 Methodology
With the goal of validating the proposition of using pre-trained
models, in this section we present the necessary steps to evaluate
the viability of the use of these models for classifying requirements
in the software institute. The objective of this study is to identify
the most adequate model for correctly assigning the requirement
for the test team responsible for its validation.

In Figure 1, the steps for evaluating the training of the models are
presented, including the development of the dataset, preprocessing
of data, training of the models with the data, evaluation and testing
of the models, and planning of the experimental design.

Figure 1: Step-by-Step of the Pre-Trained Model Evaluation

4.1 Dataset
As a first step in the methodology, we built a dataset. This dataset
was built based on real requirements from the software institute,
which were already analyzed and validated by the test team. In
summary, 692 requirements1 are collected from 2023 to 2024. These
requirements were then labeled among the 4 classes, as presented
in Section 3. Table 1 presents the number of requirements divided
by class.

Table 1: Requirements Class by Teams

Class Quantity
All 205

Time 1 190
None 177
Time 2 120

1Due to non-disclosure agreement, we can not share the list of requirements.

4.2 Data Preprocessing
In the second step, the dataset was preprocessed. In particular, we
applied regular expression techniques to remove accents and stop
words and stemming [23], as well as to normalize the dataset.

4.2.1 Data Cleaning. Regular expressions were applied to remove
special characters, line breaks, punctuation, digits, double spaces,
and hyperlinks, ensuring that only the relevant tokens remained for
the model’s learning. We removed stop words to reduce words that
did not make sense of the text. Stemming implements a reduction of
words to their roots, helping to compare morphologically associated
words [15].

4.2.2 Data Balancing. Regarding the number of requirements by
class, we have an unbalanced dataset. To solve this issue, synthetic
data were generated based on the synonyms of the original ba-
sis and added. These synonyms are generated using the WordNet
framework [18]. With the balancing of the base, a new number
of requirements by class was obtained, as shown in Table 2. For

Table 2: Requirements Class by Teams after Balancing

Class Quantity
Time 1 727
Time 2 727
None 727
All 727

these classes, it was necessary to perform integer coding using the
LabelEncoder framework [1]. Then, we started the training of the
model by dividing the dataset into 80% for training and 20% for
validation through stratification [21], and the tokenizers of each
model were used [4, 7, 33].

4.3 Training
After stratification and codification, we organized and stored the
data samples and their respective labels in the dataset. The variants
of each model were loaded as shown in Table 3. The following
settings were defined for the training parameters: 13 epochs, batch
size of 16 for training and 32 for validation, and learning rate of 5e-5.
To avoid overfitting the models, we applied Early Stopping [34]
during training whenever 5 epochs went by without improvements
in the validation loss.

The approach employed in this study was the fine-tuning of the
pre-trained models, that is, adjusting the weights in the multilabel
classification task. This approach consists of adding a linear layer
and updating the weights of the model and layer [28].

Table 3: Pre-trained Models Settings

Model Settings
bert-base-uncased2 12-layer, 768-hidden, 12-heads, 110M parameters
xlnet-base-cased3 12-layer, 768-hidden, 12-heads, 110M parameters

electra-base-discriminator4 12-layer, 768-hidden, 12-heads, 110M parameters

2https://huggingface.co/google/electra-base-discriminator
3https://huggingface.co/xlnet/xlnet-base-cased
4https://huggingface.co/google/electra-base-discriminator

https://huggingface.co/google/electra-base-discriminator
https://huggingface.co/xlnet/xlnet-base-cased
https://huggingface.co/google/electra-base-discriminator
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4.4 Model Evaluation
The performance of the models was measured using the following
metrics: accuracy, precision, Recall, F1-Score and AUC (Area Under
the Curve) [8, 13]. In particular, the accuracy measures the number
of correct classifications, whereas precision measures the propor-
tion of correct classifications among all positive classifications [8].
Accuracy is calculated through Equation 1. Precision is calculated
using Equation 2.

Accuracy =
(𝑇𝑃 +𝑇𝑁 )

(𝑇𝑃 +𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 ) (1)

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 (2)

Recall measures the proportion of positive samples correctly
identified [8], as illustrated in Equation 3.

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 (3)

The combination of the Precision and Recall metrics can be mea-
sured through the F1-Score metrics, which is the harmonic average
of Precision and Recall, identifying all positives and avoiding false
positives [8]. F1-Score is calculated using Equation 4.

F1-score = 2 ×
(
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

)
(4)

The AUC metric calculates the performance of the models and
refers to the probability that the classifier assigns a higher score
to a positive example when compared to a negative example when
both are chosen randomly. The AUC is calculated using the area
under the ROC curve (Receiver Operating Characteristic), which
correlates the performance of classifiers in many classes [13]. With
the macro-average, it is possible to calculate the ROC curve for each
class individually and then take the simple average of the curves.
Using these metrics, it was possible to evaluate the performance of
each model in the task [32]. The formula that calculates the AUC
metric is represented in Equation 5.

Macro-AUC(𝑓 ) = 1
𝐾

𝐾∑︁
𝑘=1

1
|𝑆+
𝑘
| |𝑆−
𝑘
|

∑︁
(𝑝,𝑞) ∈𝑆+

𝑘
×𝑆−
𝑘

I(𝑓𝑘 (𝑥𝑝 ) > 𝑓𝑘 (𝑥𝑞 ) ) (5)

Onde:
• 𝑇𝑃 : quantity of true positives.
• 𝑇𝑁 : quantity of true negatives.
• 𝐹𝑃 : quantity of false positives.
• 𝐹𝑁 : quantity of false negatives.
• 𝐾 : total number of classes.
• 𝑆+

𝑘
: set of indexes of the positive examples for class 𝑘 .

• 𝑆−
𝑘
: set of indexes of the negative examples for class 𝑘 .

• 𝑥𝑝 : example of input with index 𝑝 , positive for class 𝑘 .
• 𝑥𝑞 : example of input with index 𝑞, negative for class 𝑘 .
• 𝑓𝑘 (𝑥): probability assigned by the model to example 𝑥 for
class 𝑘 .

• I(·): indicator function, that returns 1 if the condition is true
and 0 if the condition is false.

4.5 Model Test
In this step, we performed the test of the models with requirements
not yet known by them. Thus, the models saved after training were
loaded with their respective tokenizers. The new requirements
were consulted and extracted for the test, and their classes were
processed.

To ensure that the dataset was balanced, only 25 requirements
from each class were randomly chosen, i.e., a total of 100 require-
ments. The prediction in this base reproduced the same processing
environment as the training. We calculated the metrics and gener-
ated a classification report by using the metrics calculated for each
class.

4.6 Study Planning
4.6.1 Hypothesis. In this step we developed the hypothesis, con-
text, variable selection and subject selection:

• H0: There is no difference between the models BERT, XLNet
and ELECTRA in regards to the probability assigned to the
correct class.

• H1: There is a difference between the models BERT, XLNet
and ELECTRA in regards to the probability assigned to the
correct class.

4.6.2 Context. We performed tests with models BERT, XLNet, and
ELECTRA, and 100 new requirements were collected aiming achieve
this. The goal is to evaluate how well the three models can assign
the correct class for each requirement; that is, whether the model
can determine which test team must validate each requirement. To
achieve this, we performed an experiment to compare the prob-
abilities of each model assigning the correct class (the test team
responsible for the requirement), with the goal of checking whether
there are any significant differences between them.

4.6.3 Variable selection. The independent variable is the model
used in the study (BERT, XLNet and ELECTRA), and the dependent
variable is the distribution of the probability5 for assigning the
correct class. For this experiment, the probabilities were calculated
as follows:

(1) The models predicted the probabilities of a requirement be-
longing to each class for the 100 requirements used in the
test dataset.

(2) The probabilities predicted for each model were stored.
These probabilities characterize how sure each model was when

correctly classifying the requirement. The set of probabilities were
employed during statistical tests.

4.6.4 Subject selection. The subjects of the experiments were 100
new requirements collected and stored in the test dataset, with each
requirement is associated with the corresponding class.

5 Experiments and Results
In this section, we describe the experiments performed after the
training of the BERT, XLNet, and ELECTRA models, as detailed
in Section 4. The evaluation of the performance of each model in
the training, validation, and test sets is also presented, as well as
comparisons between them and the application of a statistical test
to check the difference in performance among the models.

5.1 Performance by Dataset
As mentioned in Section 4, the dataset was divided into 80% for
training and 20% for validation with 100 new requirements for
testing the models. Table 4 summarizes the results for each model
in the training and validation sets using accuracy, precision, recall

5Available at https://doi.org/10.5281/zenodo.15484550

https://doi.org/10.5281/zenodo.15484550
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and F1-Score metrics. Table 5 shows the performance of the models
with the test set using the AUC Macro-average metric.

Table 4: Models Performance Results

Model Dataset Accuracy Precision Recall F1-score
BERT Training 97.33% 97.39% 97.33% 97.34%
BERT Validation 94.32% 94.39% 94.33% 94.33%
XLNet Training 98.49% 98.53% 98.49% 98.50%
XLNet Validation 95.18% 95.33% 95.18% 95.21%

ELECTRA Training 98.53% 98.57% 98.53% 98.54%
ELECTRA Validation 94.84% 94.86% 94.84% 94.84%

Based on these results, the three models present satisfactory
results in the training and validation steps, indicating their capacity
to identify and learn patterns in the requirements. When evaluated
in the test set with new data, the models displayed a small differ-
ence when compared to the results obtained in the validation step.
As shown in Table 4, the XLNet model achieved 98.49% Accuracy
and Recall metrics, 98.53% Precision, and a 98.50% F1-Score when
considering the training set. For the validation set, the model ob-
tained 95.18% Accuracy and Recall, 95.33% Precision, and a 95.21%
F1-Score.

The BERT and ELECTRA models showed lower performance
when compared to XLNet; however, their results were very close
to each other. The BERT model obtained 97.33% Accuracy and Re-
call, 97.39% Precision, and 97.43% in F1-Score in the training set.
In the validation set, the model obtained 94.32% Accuracy, 94.39%
Precision, and 94.33% Recall and F1-Score. Meanwhile, for the train-
ing set, the ELECTRA model obtained 98.53% Accuracy and Recall,
98.57% Precision, and a 98.54% F1-Score. In the validation set, the
ELECTRA model obtained 94.84% Accuracy, Recall and F1-Score
and 94.86% Precision.

Table 5: Performance of models on the Test Dataset

Model Accuracy Precision Recall F1-score AUC Macro
BERT 70.62% 74.34% 70.63% 70.63% 91.28%
XLNet 85.00% 87.04% 85.00% 85.18% 93.16%

ELECTRA 71.88% 74.06% 71.88% 71.66% 90.17%

In the test set, the BERT and ELECTRA models displayed similar
performance. As shown in Table 5, the BERT model obtained 70.62%
Accuracy and Recall, 74.34% Precision, 70.63% F1-Score, and 91.28%
in the AUC Macro metric. The ELECTRA model obtained 71.88%
Accuracy and Recall, 74.06% Precision, 71.66% F1-Score and, 90.17%
in AUC Macro. However, the XLNet model obtained a better score
in the metrics when compared to the BERT and ELECTRA models,
with 85.00% Accuracy and Recall, 87.04% Precision, 85.18% F1-Score
and 93.16% in AUC Macro.

To illustrate the performance of the three models, we generate
the ROC curve presented in Figure 2. These curves represent the
AUC metrics for each model. When observing Table 5, the XLNet
model obtained 93.16% in the AUC Macro metric, which allows us
to observe that this model is slightly better at distinguishing the
requirements when compared to the BERT and ELECTRA models,
which obtained 91.28% and 90.17% in the AUCMacro metric, respec-
tively, demonstrating that these models make the correct decisions
most of the time. However, we still can not conclude which model
has better performance only looking for ROC curve or AUC metric.

Figure 2: ROC curve produced on the test set for the BERT,
XLNet and ELECTRA models

Similarly, we implemented a boxplot to illustrate the distribution
of probabilities for each model’s accurate class prediction. As de-
picted in Figure 3, the boxplot alone does not allow us to ascertain
the superiority of one model over the other. Consequently, it is
crucial to employ statistical tests to interpret the results thoroughly.
The boxplot was implemented using JASP6 in version 0.19.1.

Figure 3: Boxplot of probability distribution to predict the
right class

5.2 Statistical Test
The goal of the statistical test was to investigate whether there is
a significant difference between the BERT, XLNet, and ELECTRA
models with regard to the probability assigned to the correct class of
each requirement. For the statistical test, we used a set of probability
distribution to the model classify correctly each class.

Initially, we used the Shapiro-Wilk test7 [25] to verify the normal-
ity of the probability distribution, where the test’s null hypothesis
refers to the population having a normal distribution. The results
of the test showed 𝑝 < 0.001 for the pairs of models, indicating
that the probabilities do not have a normal distribution. Thus, the
non-parametric Friedman test [11] was chosen, with 𝛼 = 0.05 sig-
nificance level, to determine whether or not there is significant
difference between the probabilities assigned to the correct class
by each model. The test was applied to the three grouped models,

6https://jasp-stats.org/
7Performed at JASP

https://jasp-stats.org/
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obtaining 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.000000001, demonstrating that there is a
significant difference between the models.

To verify and identify which model presents a significant differ-
ence after the Friedman test, the Conover squared ranks test was
applied [5] for each pair (BERT and XLNet, XLNet and ELECTRA,
BERT and ELECTRA), and the Holm method [12]. We performed
the statistical tests (Friedman and Conover) using Python 3.12.58.

The result of the Conover test is presented in Table 6. Thus, it
can be concluded that between the models BERT and ELECTRA,
there is no significant difference indicated through 𝑝 − 𝑣𝑎𝑙𝑢𝑒 =

0.412 however, between the pairs BERT and XLNet and XLNet and
ELECTRA, there is a significant difference, with 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.002
and 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.02 respectively. Therefore, with this result, we
can reject H0 and conclude, based on the Conover test, that the
XLNet model is more self-assured when classifying requirements
correctly.

Table 6: Result of the Conover Test

Model BERT XLNet ELECTRA
BERT 1.000000 0.002928 0.412158
XLNet 0.002928 1.000000 0.025255

ELECTRA 0.412158 0.025255 1.000000

6 Discussion
Previous studies [15, 16, 27] employed pre-trained models, but with
a focus on nonfunctional requirements, performing transfer learn-
ing or fine-tuning for general software specification classification
[15, 16, 27]. In our study, the focus was on the real requirements of
a software institute to determine the testing team to which the re-
quirement should be directed for validation. This objective demon-
strates how pre-trained models can be adapted to an industrial
scenario, enabling the automation of real-world activities.

After fine-tuning, the model that performed best in all evaluation
stages was XLNet [33], outperforming the other models in terms
of Accuracy, Precision, Recall, F1-score, and AUC-macro. This re-
sult suggests that for specific linguistic features of requirements,
which include the business rules of developed software, the model
succeeded in mastering the particularities and properties of text,
implying a more assertive classification. Thus, the XLNet model
is the most suitable for identifying and assigning requirements
to the testing team to validate it. To prove the significance of the
results and discard the possibility that the superiority of one model
occurred by chance, a statistical test was performed, which statisti-
cally confirmed the outstanding performance of XLNet compared
with other models.

This study makes significant contributions to potential industrial
use when adjusting these models to the context of requirements.
The automation of the requirement classification process provides
the following:

• Acceleration of assignment: the requirement is automati-
cally and quickly signaled to the responsible team.

• Reduction of manual errors: with the reduction of hu-
man intervention, the possibility of incorrect classification
is minimized.

8https://www.python.org/downloads/release/python-3125/

• Resource optimization: by knowing exactly which team
is responsible, it is possible to better plan the allocation of
professionals and deadlines.

7 Remarks and Future Works
This study presented an approach to requirement classification
using three pre-trained models: BERT, XLNet, and ELECTRA. The
main goal was to automate the process of software requirement
classification in an industrial environment, directing each require-
ment to the responsible team between the two software testing
teams. By fine-tuning each model on a set of requirements, it was
found that XLNet outperformed the other models in terms of met-
rics such as accuracy, precision, recall, F1-score, and AUC macro.
These results were confirmed through the Friedman test, which
discarded the possibility of similar performance among the three
models, and then through the Conover test, which identified XLNet
as the best-performing model.

Regarding its use in the industry, the automation of the require-
ment classification process makes important contributions to its
potential use in this environment, such as through the reduction of
manual errors and speed in assigning requirements to responsible
teams. The application of this solution in a real-world industrial con-
text reinforces the potential of model-based methods in Software
Requirements Engineering.

Some points should be considered for the threats to validity of
this study: 1) Research was conducted at a software institute with a
specific development scenario and confidential policies; 2) Models
were trained based on requirements met by the testing team where
this study was carried out, making it impossible to generalize to the
context of the entire institute; and 3) The research does not allow
generalizations because it relied on a limited dataset containing 100
requirements in the model’s test set, specific to the context of the
software teams at the institute where this study was conducted.

In future research, we plan to incorporate new requirements
that have emerged since the last training of the model to expand
the dataset, thereby integrating more recent information into the
knowledge base of the model. Furthermore, we aim to address the
requirements currently classified as None, which has not yet been
evaluated by any testing team, by assigning them for validation
to one of the two teams. Finally, we plan to conduct a controlled
experiment with both testing teams to assess the advantages and
disadvantages of implementing the fine-tuned model within the
two teams, and we can explore the integration of this technology
with real-world scenario to evaluate, for example, the analysis of
hours saved.
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