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Abstract. Context and motivation: Machine Learning (ML) algo-
rithms and Natural Language Processing (NLP) techniques have effec-
tively supported the automatic software requirements classification. The
emergence of pre-trained language models, like BERT, provides promis-
ing results in several downstream NLP tasks, such as text classification.
Question/problem: Most ML /DL approaches on requirements classifi-
cation show a lack of analysis for requirements written in the Spanish
language. Moreover, there has not been much research on pre-trained
language models, like fastText and BETO (BERT for the Spanish lan-
guage), neither in the validation of the generalization of the models.
Principal ideas/results: We aim to investigate the classification per-
formance and generalization of fastText and BETO classifiers in compar-
ison with other ML /DL algorithms. The findings show that Shallow ML
algorithms outperformed fastText and BETO when training and testing
in the same dataset, but BETO outperformed other classifiers on pre-
diction performance in a dataset with different origins. Contribution:
Our evaluation provides a quantitative analysis of the classification per-
formance of fastTest and BETO in comparison with ML/DL algorithms,
the external validity of trained models on another Spanish dataset, and
the translation of the PROMISE NFR dataset in Spanish.

Keywords: Spanish requirements - automatic classification requirements
- fastText - BETO

1 Introduction

Requirements specifications are significant activities that contribute to the suc-
cess of a software project [16]. Manual classification of requirements is a complex
and time-consuming task due to a large number of requirements, the unavail-
ability of experts, or the lack of specification documents [3]. This complexity can
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be reduced using automatic text classification techniques, whose application has
increased rapidly in recent years due to the emergence of ML algorithms [19]
and NLP techniques [46]. However, it is the recent expansion of the Deep Neural
Networks and the introduction of the Transfer Learning concept that has allowed
the creation of pre-trained models, i.e. models with a pre-training phase to cap-
ture knowledge from several tasks that can be used later for target task with
limited data [13]. Pre-trained language models, pre-trained models for NLP, have
become beneficial for downstream NLP tasks, e.g. question answering, sentiment
analysis, and summarization [31].

Several studies have used and analyzed various ML techniques for classifying
software requirements. For instance, Abad et al. [1] proposed a pre-processing
approach for improving the performance of some existing ML algorithms. Kur-
tanovic and Maalej [22] investigated how accurately they can automatically clas-
sify requirements employing lexical and syntactical features, and how to han-
dle the imbalanced classes employing sampling strategies. fastText and BERT,
pre-trained language models, have been used also in requirements classifica-
tion [15,23,39], with optimistic results. Despite this interest in the use of ML
techniques for classifying requirements, there is still a lack of analysis for the re-
quirements written in Spanish. Spanish is currently the second native language
of the world by the number of speakers, the second language by published sci-
entific documents, and the third language by Internet usage after English and
Chinese [17]. In the literature, we have found scarce research exploiting require-
ments written in Spanish. For example, Apaza et al., [4] propose a hybrid model
for requirements elicitation, and De Arriba et al., [6] created a Spanish Twit-
ter dataset for applying sentiment analysis). Moreover, standards like ISO/TEC
25010 are also available in Spanish. These initiatives suggest the increasing im-
portance of the Spanish language in RE.

In this paper, we investigate the performance and generalization of two pre-
trained language models, fastText and BETO, in comparison with ML and Deep
Learning (DL) algorithms for classifying Spanish requirements. We also analyze
the impact of the use of fastText and BETO embeddings in combination with
the Convolutional Neural Networks (CNN) algorithm. Two Spanish datasets
were used in the experiments: first, the PROMISE NFR dataset [38] translated
into Spanish, and second, a Spanish requirements dataset presented in [27]. We
used this last dataset to confirm the external validity of the models trained on
translated PROMISE NFR. The main contributions of this paper are:

A quantitative analysis of performance metrics to compare the fastText and
BETO classifiers with ML/DL algorithms for requirements classification.
Analyzing the external validity of trained models with a translated version
of PROMISE NFR on another Spanish dataset.

The translation of the PROMISE NFR dataset in Spanish.

— The use of fastText and BETO embeddings for the CNN algorithm.

The paper has been organized in the following way. Section 2 presents the
related works on automatic requirements classification. Section 3 presents the
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research questions and the corresponding methodology used in this research. Sec-
tion 4 reports the experiments carried out and their results. Section 5 discusses
the results from the previous section. The most relevant threats to validity are
presented in Section 6. Finally, we conclude the paper in Section 7.

2 Related Work

Previous studies have described the use of ML algorithms to classify require-
ments. Many ML algorithms have been used for the classification of functional
and non-functional requirements (FR/NFR) [12,15,22]. Table 1 shows the re-
sult of a review that we have performed of several studies related to FR/NFR
classification. We found that some studies reported the use of the Shallow ML
algorithms?, like Naive Bayes (NB), Decision Tree (DT), and Logistic Regres-
sion (LR); and the use of DL algorithms. Dias and Cordeiro (2020) [12] present
a comparison to determine the best combination of some Shallow ML algorithms
with text vectorization techniques like Bag of Words (BoW), Chi-Squared (x?),
and Term Frequency and Inverse Document Frequency (TF-IDF), to classify
requirements. For FR/NFR classification, the combination of TF-IDF and LR
gave the best results. Support Vector Machine (SVM) gets an fl-score of 0.93
and 0.92 for FR/NFR classification in [22]. A decision tree algorithm was used
for FR/NFR classification in [1], with a processed dataset (i.e. using Part of
Speech and Regular Expressions for identifying features instead of using of text
vectorization). A comparison between the Random Forest algorithm and the
gradient boosting algorithm was performed in [24],

Algorithms based on Neural-networks also have been used recently in the Re-
quirements Engineering (RE) process. Some of them are Recurrent Neural Net-
works (RNN), CNN, and pre-trained models, e.g. Transformers. CNN achieves
an fl-score of 0.77 [30] for FR/NFR classification. Hey et al. (2020) [15] introduce
NoRBERT, a language model based on Transformers, which fine-tunes BERT
(a pre-trained model used for transfer learning). NoRBERT achieves an fl-score
of 0.90 and 0.93 for FR/NFR classification. Tiun et al.(2020) investigate the
performance using a complex neural classifier, finding an fl-score value of 0.928
using fastText [39]. The DBGAT model, a combination of BERT and graph at-
tention network, was presented in [23]. In comparison with several algorithms,
DBGAT achieved fl-scores of up to 0.91. A BiGru model obtained an fl-score of
0.94 in [2]. Finally, an ensemble of some DL algorithms was presented in [33].

In this review, we found that there is a lack of automatic classification and
labeled datasets in other languages different from English. Even though some
studies have presented methods to generate classification models trained in En-
glish for use in a target language, (e.g. Cross-Language Text Classification [45]),
some studies show that models trained and tested in native language outperform
better in text classifications [5,44]. However, no relevant research on the auto-
matic F/NF classification of requirements written in Spanish has been found.

* defined by [18]: The Shallow ML contains simple artificial neural networks and other
ML algorithms such as Support Vector Machine, Logistic Regression
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Table 1: Summary of studies related to FR/NFR Classification
Ref. Algorithms D. NLP techniques Best results
[12] f/{\;\]l\g’ Iﬁgl\L B 5;))\7V/TF—IDF LR with TF-IDF achieve an fl-score of 0.91.
(1] C4.5 DT A POS and Processed dataset: average precision of 0.95 and
(J48 in Weka) entity tagging recall of 0.94.
[22] SVM A Useof SVM achieve an fl-score of 0.93 (FR) and 0.92 (NFR).
lexical features
(32] SVM, KNN B  BoW SVM achieve an fl-score of 0.90 and KNN an
fl-score of 0.82.
Random Forest, o . i
[24] Gradient Boosting - RF achieves an accuracy of 0.826
. CNN achive an average fl-score of 0.77, precision
[30] CNN A Word Embedding 0.81 and recall 0.785 for all classes (12).
NoRBERT BERT .
[15] (Transfer Learning) A (Transformers) BERT achive an fl-score of 0.90 (FR) and 0.93 (NFR).
CNN achieves an fl-score of 0.93. The ensemble
Ensemble DL del achi 1 £0.96 per cl
[33] (LSTM, BiLSTM, A Word Embedding :;Oa ‘zvjch‘:‘éissgﬁble‘szgf 5) 94 ne per class
GRU, and CNN) g ’ :
mean ensemble.
NB, LG, SVM, Doc2Vec and .
[39] CNN, fastText A Word2Vec fastText achieves an fl-score of 0.928.
[23] BERT and GAT A,C - DBGAT achieve an fl-score of 0.92 (FR) and 0.96 (NFR)
[2] BiGRU A Word Embedding BiGRU with word model achieve an fl-score of 0.94

Legend: Ref: Reference, D: Datasets, A: PROMISE, B: PROMISE_exp [26], C: Others

Another finding is that considering pre-trained models are still new, their use is
increasing in RE due to their promising results. Moreover, we found that most
of the studies use the PROMISE NFR dataset, or a newer version, for training
and testing, which does not allow us to determine the level of generalization that
these approaches have.

3

Research Design

This section explains the research design used in this work. The goal of this paper
is to compare the classification performance and generalization of fastText and
BETO models with conventional algorithms using two Spanish datasets.

3.1 Research Questions and Metrics

RQ1: How do the fastText and BETO classifiers with other ML/DL algo-
rithms compare in performance using the PROMISE NFR dataset translated
into Spanish?

RQ2: How does the use of fastText and BETO embeddings in combination
with the CNN algorithm affect the classification results?
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— RQ3: To which extent the performance of our classification models trained
with a Spanish version of PROMISE NFR differ from those trained with the
original PROMISE NFR dataset?

— RQ4: Is the classification performance of the models trained using the trans-
lated PROMISE NFR preserved when tested on another dataset?

From our research questions (RQs), we identified the classification perfor-
mance as our dependent variable and the requirements in the datasets as the
independent variable. The most commonly used performance metrics for classi-
fication problems are accuracy (A), precision (P), recall (R), and fl-score (F}).

3.2 Datasets

Datasets are an essential component of any ML experiment. In our research, we
used two datasets: the PROMISE NFR dataset translated into Spanish, and a
Spanish requirements dataset (called the second dataset).

PROMISE [38] is a repository used in most requirements classification re-
search. It has 84 datasets, and the one used for requirement classification is
NFR, with 625 requirement sentences, 255 requirements identified as functional
and 370 as non-functional. For this research, we downloaded the PROMISE NFR
dataset from [8] and translated it into Spanish. We decided to perform a trans-
lation of this dataset for two main reasons. First, this dataset has been used
as a benchmark by many classification approaches. And second, even if there
is a certain imbalance of sub-classes at the level of NFR, the classes are better
balanced only considering a binary classification (FR/NFR). The translation of
the PROMISE NFR dataset into Spanish was performed with the help of the
Google Translate tool®, a state of art machine translation software, through the
Python library deep-translator®. Google Translate was chosen as a translation
tool because it is free, one of the most popular, and is more accurate when both
languages are similar [43]. Then the translation was reviewed, line by line, by
the first author, performing some adjustments. In this translation process, the
appearance of the English language in some requirements was changed to the
Spanish language. However, the proper names and acronyms were preserved.
For example, “MDI form” was translated as “Formulario MDI”, and “Dr Susan
Poslusny” as “La Dra. Susan Poslusny”. Punctuation was also added to some
requirements where it was missing. Finally, the labels were preserved, like some
names and versions of some browsers, identified as old (e.g. “Internet Explorer
57). Of the 625 records, one was removed due to duplication, resulting in 254
functional requirements and 370 non-functional. The translated dataset and the
code used in this research are published in Zenodo”.

The second dataset is the one presented in [27], and consists of 389 require-
ments, collected from final degree projects from the University of A Coruna,

® https://translate.google.es/
5 https://github.com/prataffel /deep_translator
" https://doi.org/10.5281/zenodo.7311148
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and has 300 requirements labeled as functional and 89 requirements labeled as
non-functional.

3.3 fastText and BETO models

The pre-trained language models have presented a promising performance in the
Text Classification domain. The BERT model [11], provided by Google, is a pre-
trained model and one of the state-of-art NLP tasks. It has been previously used
for requirements classification (NoRBERT [15], [36] ) with a good classification
performance and generalization. We selected BETO [7], a BERT-based model, to
take advantage that it was pre-trained on a big Spanish corpus (i.e., Wikipedia,
Wikinews, ParaCrawl, EUBookshop, and OpenSubtitles) and in several NLP
tasks. Moreover, BETO is one of the oldest monolingual models and therefore
most used. BETO has been utilized in several Spanish text classifications (e.g., in
the classification of radiological reports [41] and for detecting anorexia in social
media [29]), in sentiment analysis [6,10] as a support for several RE tasks such as
requirements elicitation or prioritization, and recently for Spanish requirements
classification [27]. Two models (cased and uncased) of BETO are available. Since
the requirements to be analyzed are written in formal language, case model® was
used for this analysis.

fastText [20] is an open-source library developed by Facebook Research for
text classification and word embedding. fasText has been successfully used in
various text classification tasks. Recently, it has been also applied in FR/NFR
classification [39]. Umer et al. [42] reported good results with the combination of
fastText and CNN on the automatic text classification process. fastText has the
advantage of handling out-of-vocabulary words through the use of n-gram char-
acters. It also allows the training of a supervised classifier with labeled data and
provides automatic hyperparameter optimization. Besides that, fastText pro-
vides pre-trained word embedding libraries for 157 languages, including Spanish.
The pre-trained model for Spanish used in this paper is cc.es.300.bin”, trained
using CBOW with dimension 300 and character n-grams of length 5.

3.4 Research Method

In order to answer our research questions, two different experiments were per-
formed. In the following, we explain the two experiments conducted:
Experiment 1. We used a similar procedure to the one proposed by Dalal
and Zaveri (2011) [9]. The procedure consists of four steps: a) document pre-
processing, b) feature extraction, ¢) ML selection, and d) training and testing
the classifier. As a first step, a pre-processing of the requirements was performed.
For text management, some Natural Language Processing (NLP) techniques
were used. A tokenization task, a stopword removal, and a stemming task were
carried out for each requirement, only for the Shallow ML algorithms. The NLTK

8 https://huggingface.co/dccuchile/bert-base-spanish-wwm-cased
9 https://fasttext.cc/docs/en/crawl-vectors.html
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library'® was used for these three tasks. The second step is feature extraction,
which was used to process the text on quantities and frequencies. Two groups
of techniques were implemented: frequency-based and embedding-based. The
frequency-based one includes the BoW and TF-IDF techniques. The scikit-learn
library was used for text vectorization (i.e., the CountVectorizer tool for BoW
and TfidfVectorizer for TF-IDF). Both techniques were tested with different
values of n-grams: Unigram, Bigram, and Trigram, for every Shallow ML algo-
rithm. The embedding-based one includes the fastText and BETO embeddings,
transforming words into their corresponding word embeddings, using with the
CNN algorithm. Regarding the third step, we selected four Shallow ML algo-
rithms: Naive Bayes (NB), Gaussian Naive Bayes (GNB), Logistic Regression
(LR), Support Vector Machine (SVM), and three DL algorithms: CNN, BETO,
and fastText. The CNN architecture of our model is based on [21], consisting
of a Word embedding Layer as an input layer, a One-dimensional Convolutional
Layer, a Dropout Layer, a Polling Layer, a Dense Layer with a ReLU action
function, and a Dense Layer with a sigmoid activation function as an output
layer. The Transformer library!! was used to obtain the BETO Tokenizer and
the BETO pre-trained Model. We used (i) an architecture of four layers: an
Input Layer, a BERT Encoder Layer, a Dropout Layer, and a Dense Layer for
classification; and (ii) a set of hyperparameters. The library fastText!? allows
the training of a supervised classifier and provides an automatic hyperparameter
optimization.

Finally, as a last step, the classifiers were trained and tested. This experi-
ment was performed with the translated PROMISE NFR dataset, using only
the binary classification (FR/NFR). We used the default hyperparameters for
the Shallow ML algorithms, but use a set of several combinations for the DL
algorithms (epochs, dropout, learning rate). Google Colaboratory'?, a platform
for programming and executing Python and with free access for GPUs, was used
to train BETO, due to the necessity of major capacity. A GPU with 12.68GB of
RAM was used. fastText was also trained in Colaboratory, even not needing the
GPU, but for the facility in installation. The other algorithms were performed on
a laptop computer with Intel(R) Core(TM) i5-1135G7 with 2.40GHz and 8GB
of RAM. We saved the models (i.e. the outputs of the ML algorithms run on
datasets) for later use. We calculated an average accuracy, precision, recall, and
fl-score for each class (FR and NFR) using 10-fold cross-validation to evaluate
the models’ performance.

Experiment 2. In the second experiment, the models with the best fl1-score
values for each algorithm on experiment 1 were selected and used for testing on
the second dataset. This provided a new set of metric values to evaluate whether
these models can be generalized. To ensure the performance comparison among
ML/DL models has statistical significance, we conducted a multiple hypotheses

10 https://www.nltk.org/

"1 https://github.com/huggingface /transformers
12 https://fasttext.cc/

13 https://colab.research.google.com/
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testing [34], performing first a Cochran’s Q test (omnibus test) and later a
McNemar test statistics (post hoc tests). We considered a significance level («)
of 0.05 for Cochran’s Q test and applied a Bonferroni’s correction for the post
hoc test. We used the library MLxtend that implements both tests in Python.

4 Experiments and Results

4.1 FR/NFR Classification using PROMISE NFR dataset
(RQ1/RQ2)

Our analysis focuses on a comparison of fastText and BETO classifiers with
a set of Shallow ML algorithms (i.e. NB, GNB, LR, and SVM) and one DL
algorithm (CNN) to validate the classification performance in functional (F)
and non-functional (NF) requirements. Regarding the Shallow ML algorithms
in combination with the two text vectorization techniques (BoW, TF-IDF) and
n-gram, 24 metrics set were obtained. All classification performance metrics are
published in Zenodo'4 and the highest values for each algorithm are presented
in Table 2. Table 3 shows the same results for the CNN, fastText, and BETO
classifiers, and CNN in combination with fastText and BETO embedding.

When analyzing the results we found that NB with BoW, LR with BoW,
and SVM with TF-IDF combinations gave the highest fl-score for the non-
functional classification (0.93), and the combination of NB with BoW achieved
a better fl-score value for functional classification (0.9). Regarding the use of
n-gram with the frequency-based text vectorization, almost all models obtained
the best fl-score values using Bigram over Unigram and Trigram, except the
NB algorithm that improves using Trigram. The use of n-gram with the NB
algorithm has reported an increase in the classification accuracy for text classi-
fication in other domains [40]. The use of fastText embeddings with the CNN
algorithms outperforms the other DL algorithms with an fl-score of 0.87 for
functional classifications and 0.92 for non-functional classification, followed by
the fastTest classifier with a slight difference. The BETO classifier and the CNN
with BETO were outperformed by the fastText classifier and the Shallow ML
algorithms. In terms of time processing in training, the Shallow ML algorithms
took less than 2 seconds for each one, the lowest time for all algorithms, but
they need a longer pre-processing step. The CNN and the BETO algorithms
took approx. 2 and 35 minutes respectively, but considering the combination of
several hyperparameter values that were tested, the time was greater. The time
processing of fastText to perform the automatic hyperparameters optimization
was approx. 7 minutes.

Table 4 shows the hyperparameters that provided the best results in perfor-
mance for the DL algorithms, after performing several tests with various combi-
nations. CNN algorithm reduces its number of epochs by combining with fast-
Text embedding but increases with BETO embedding. These values suggest that
classification models based on Shallow ML algorithms have a good capacity for

4 https://doi.org/10.5281/zenodo.7602116
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Table 2: Results of Shallow ML algorithms in combination with text vectorization
techniques for FR/NFR classification using translated PROMISE NFR dataset
(RQ1)

10-fold
NB GNB GNB LR LG SVM SVM
BoW BoW TFIDF BoW TFIDF BoW TFIDF

Trigram | Bigram | Bigram | Bigram | Bigram | Bigram | Bigram
F [NF[F [NF| F [NF[ F [NF[F [NF|F [NF| F [NF
0.92 0.90 0.89 0.91 0.88 0.89 0.91
0.90 [0.93 [0.87]0.93]0.86[0.92[0.90 [ 0.92]0.94[0.86{0.86/0.90| 0.91 [ 0.91
0.91 [0.92 [0.91]0.90[0.89[0.90|0.88 {0.94|0.77[0.97[0.86[0.91| 0.87 | 0.94
110.90]/0.930.88[0.91]0.87[0.91{0.89[0.93[0.84[0.91[0.85[0.91{0.89]0.93

o 7| T >

Table 3: Results of DL algorithms for FR/NFR classification using translated
PROMISE NFR dataset (RQ1/RQ2)

10-fold
CNN+fastText|[ CNN+BETO CNN fastText BETO
F | NF F | NF F [ NF F ] NF F | NF
0.90 0.83 0.88 0.9 0.86

0.90 | 0.91 0.81 | 0.85 | 0.88 | 0.88 | 0.89 | 0.90 | 0.84 | 0.89
0.86 | 0.93 0.78 | 0.87 | 0.82 | 0.92 | 0.85 | 0.93 | 0.80 | 0.88
1| 0.87 | 0.92 0.79 | 0.86 | 0.85 | 0.90 | 0.87 | 0.91 | 0.81 | 0.89

| | | >

classifying Spanish requirements (especially the non-functional label). However,
it is also necessary to validate whether these models can be generalized.

4.2 Classification performance comparison between models trained
in translated PROMISE and original PROMISE (RQ3)

To answer RQ3, we compared the results of our first experiment with other
empirical studies that used PROMISE NFR in its original language (English).
Seven studies from the list shown in Table 1 were chosen because they used the
same algorithms and a similar dataset, and most of them reported results of
well-known performance metrics. As our comparison was carried out in terms
of the macro fl-score metric, we contacted the authors of two studies [12, 32]
to clarify how the fl-score metric presented in their works had been calculated.
Other studies reported the fl-score metric, and we calculated and obtained the
corresponding values from other performance measures for those that did not
report it. Table 5 presents the macro fl-score values and the difference between
the results of the studies compared with our results. The column “Own” means
the results of our experiment.

We found slight differences between our results and other studies concerning
Shallow ML algorithms. Regarding the DL algorithms, the DL ensemble model
proposed by [33] obtained an fl-score value of 0.94, a higher value for our CNN
models (CNN and CNN+fastText). We compared the architecture of the CNN
model with ours, finding a main difference in the use of two dropout layers,
one before the convolutional layer and the other before the last dense layer;
while in our model only one dropout layer after the convolutional layer. Finally,
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Table 4: Best Hyperparameters for DL algorithms

Dropout Rate|Feature Maps|Optimizer|Learning Rate|Epochs
CNN-+fastText 0.75 100 Adam 0.01 10
CNN+BETO 0.75 100 Adam 0.001 300
CNN 0.75 100 Adam 0.001 20
BETO 0.2 - Adam le-05 15
fast Text - - - 0.101 100

Table 5: Metrics Comparison between previous studies

Reference|Dataset | Algorithm|Macro Fi|Own|Difference| Own** [Dif**
12 B NB 0.91 0.92 -0.01

12 B LR 0.91 0.91 0

12 B SVM 0.91 0.91 0

22 A SVM 0.93 0.91 0.02

32 B SVM 0.90 0.91 -0.01

30 A CNN 0.77 0.89 -0.12 0.90 [-0.13
33 A CNN 0.93 0.89 0.06 0.90 | 0.03
33]* A CNN 0.94 0.89 0.07 0.90 | 0.04
39 A fastText 0.92 0.89 0.03

15 A BERT 0.92 0.85 0.07

Legend: A: PROMISE (English), B: PROMISE_exp (English), *ensemble model, **CNN+fastText

fastText [39] and NoRBERT [15] (developed with some custom code) get better
results for FR/NFR classification than our models.

4.3 Testing trained models on the second dataset (RQ4)

Models Performance. We tested the trained models derived from the first
experiment on the second dataset. The results are shown in Table 6 for Shallow
ML algorithms and Table 7 for DL algorithms. Contrary to the results obtained
in the previous experiment, the BETO model gave the best results, with an f1-
score of 0.84 for functional and 0.65 for non-functional classification, followed
by the CNN with fastText model, with an fl-score of 0.77 and 0.51. In general,
we found that the values for accuracy and the fl-score were lower than those
obtained in experiment 1. It can be seen from the data in both Tables that the
precision values for the functional class are above 0.85 in most of the models,
but with a value below 0.51 for the non-functional class. This result indicates a
problem in the prediction of NFR since less than 50% of the requirements that
the models predict as non-functional are really non-functional. An analysis of
several cases containing a false value of the non-functional class was performed
to understand and identify the possible causes of these misclassifications.

The use of some specific technical words in FR could lead to confusion for
the models. The word “servidor” (“server” in English) is a word normally used
in NFR, such as server availability, server failure, etc. In the PROMISE NFR
dataset, 15 requirements mention this word and they are all non-functional. But
in the second dataset, one of the projects includes some requirements (considered
functional by the author) that contain also the word “server” with other technical
words (API, PC), which are incorrectly predicted as non-functional. Another
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Table 6: Results of testing the Shallow ML algorithms of experiment 1 on the
second dataset (RQ4)

NB + BoW [GNB+BoW| NDE | LR4Bow | URE - svmgsow| SVALE
Trigram Bigram Bigram Bigram Bigram Bigram Bigram
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7
F | NF F [ NF F [ NF F [ NF F [ NF F [ NF F [ NF

A 0.64 0.65 0.58 0.66 0.46 0.64 0.64

P 1093|037 |0.85|0.35|0.83]|0.30|0.92|0.39|0.98]0.30|0.89 | 0.36 | 0.93 | 0.38
R |[0.58|0.85|0.66 | 0.61|0.57 | 0.62|0.61 | 0.83 | 0.31 | 0.98 | 0.60 | 0.75 | 0.58 | 0.85
Fi] 0.71 | 0.52 [ 0.74 | 0.44 | 0.68 | 0.40 | 0.73 | 0.53 | 0.47 | 0.45 | 0.72 | 0.49 | 0.71 | 0.52

Table 7: Results of testing the DL algorithms of experiment 1 on the second
dataset (RQ4)

CNN BETO fastText CNN+fastText[ CNN+BETO
Model 8 Model 9 Model 10 Model 11 Model 12
F [ NF F [ NF F [ NF F [ NF F [ NF

0.61 0.78 0.61 0.68 0.60

0.76 | 0.20 | 0.97 | 0.51 | 0.96 | 0.36 | 0.89 | 0.40 0.93 | 0.35
0.72 1 0.24 | 0.74 | 0.91 | 0.52 | 0.92 | 0.67 | 0.73 0.53 | 0.87
1| 0.74 | 0.22 | 0.84 | 0.65 | 0.68 | 0.52 | 0.77 | 0.51 0.67 | 0.50

| | |

example is the word “autenticar” (“authenticate” in English). Ten requirements
in the second dataset contain that word (or similar) and are labeled as functional,
but the models classify them as non-functional. Other examples are “base de
datos” and “archivo” (“database” and “file” in English, respectively). Another
cause could be the lack of detail in the second dataset for NFR, in comparison
with the PROMISE NFR dataset. In a previous analysis of this dataset [27],
some ambiguity in the requirements specification was identified as another cause
for misclassifications of the NFRs.

Models Comparison. We performed Cochran’s Q and McNemar’s test statis-
tics to ensure the performance metrics comparison has statistical significance,
testing the null hypothesis (all the model performance are similar), and the al-
ternative hypothesis (all the model performance has significance difference). We
combined some models from Table 6 and Table 7 to generate interesting groups
for testing. The Cochran’s Q test statistics for model groups are shown in Ta-
ble 8. These results show that there is a statistical significance in the difference
between all the models’ performance, between the performance of the models
based on Shallow ML algorithms, and between the performance of the models
based on DL algorithms.

We performed some pair-wise McNemar’s tests on the models based on DL
algorithms, shown in Table 9. We calculated a significance level of 0.001 using the
Bonferroni alpha adjustment: considering k = 10, then the new value is 0.05/ [k (k-
1)/2] = 0.05/[10(9)/2] = 0.001. The comparison of BETO with each of the other
DL models demonstrated there are significant differences in the performance
between BETO and these models. However, others pair-wise of CNN, fastText,
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CNN with fastText, and CNN with BETO obtained a p-value greater than 0.001,
showing that these models did not show significant differences among them.

Table 8: Cochran’s q test statistics

Models Groups Q value P value
All models shown in Table 6 (Models 1 - 12) 122.677 <0.05
Models based on Shallow ML algorithms (Models 1 - 7) 78.935  <0.05
Models based on DL algorithms (Models 8 - 12) 42.559  <0.05

Table 9: McNemar’s test statistics

Models Pairs x2 value P value
BETO and fastText 34.018 <0.001
BETO and CNN 23.141 <0.001
BETO and CNN+fastText 10.208 <0.001
BETO and CNN+BETO 33.767 <0.001
CNN and fastText 0.004 0.945
CNN and CNN+fastText 4.148 0.041
fastText and CNN+fastText 6.318 0.019
CNN and CNN+4+BETO 0.005 0.943

5 Discussion

Several studies have shown that Shallow ML algorithms, like SVM, present good
performance when the training is carried out in small and homogeneous datasets.
We found Shallow ML algorithms give better results than DL algorithms (includ-
ing fastText and BETO) using a translated PROMISE NFR (RQ1). This finding
supports the work of other studies [25,28] that have demonstrated a better per-
formance of Shallow ML algorithms in small datasets. Although the datasets
used in this research are considered Large-Scale Requirements Engineering (i.e.,
more than 100 and until 1000 requirements [35]), they are still considered small
in comparison to other datasets used in text classification with ML techniques,
like the IMDb reviews and Reuters dataset presented in [25]. Structured data
is another factor that also influences these results since it is easier to train a
Shallow ML model. In this research, the requirements specifications from the
PROMISE NFR dataset are (semi-) structured.

The fastText classifier was not only the easier algorithm to implement, but
also one of the most effective DL algorithms. Besides, it was the fastest algo-
rithm among the DL algorithms. In comparison, BETO was the one with the
longest time, due to its architecture and computation complexity, expressed as a
limitation in [13,31]. In general, in experiment 1 the f1-score values are higher in
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the non-functional over the functional classification, which confirms other sim-
ilar studies that use PROMISE NFR in its original language [1,15]. A possible
explanation for these results is that the PROMISE NFR, dataset has a detailed
requirement description, especially the use of some cardinal numbers for the
NFRs. Kurtanovic and Maalej [22] found that cardinal numbers are the best
single informative feature.

We also validate the impact of the use of fastText and BETO embeddings
(RQ2). The fast Text embedding increments the performance when used as weights
in the embedding layer in the CNN architecture and decreases the number of
epochs in training. It is therefore likely that the use of fastText embedding is an
influential factor in classification performance when using with CNN, according
to other results in text classifications [37,42].

Regarding the multi-language aspect in requirements classification, we found
some differences between the English and Spanish languages in the classification
process itself. The dataset search was the more challenging. We had to expand
the search for research papers on both languages, consider other not well-known
repositories, and a translation process had to be carried out, due a dataset
of labeled requirements in the Spanish language was not found. Even though
the techniques were the same, some resources for the Spanish language (e.g.
the Snowball stemmer for Spanish from NLTK library) had to be investigated.
Furthermore, a comparative review of our metrics’ values was performed with
previous studies that used the same algorithms and the same dataset in its
original language (RQ3). The metrics values of the shallow ML algorithms are
observably close, but with higher values for the DL algorithms in the English
language. We suspect that different architectures of the DL models could be
one of the factors explaining these gaps. Considering these differences, it can
be assumed that the process used in this study can be used for other languages
similar to Spanish (Romance languages).

A second dataset in Spanish with different origins was used to validate the
generalization of the models obtained in experiment 1 (RQ4). All the models
decrease the fl-score values for a functional classification except for the BETO
classifier. According to these results, we can claim that the BETO classifier,
even trained with a semi-structured and balanced dataset, can offer a better
capability to classify unseen data (generalization). These results reflect those of
Hao et al. (2019) [14] and Hey et al. (2020) [15], who also came up with the best-
generalized models using BERT. Cochran’s Q test and McNemar’s test results
confirm the higher performance of BETO over others models is statistically
significant. Without considering BETO, the DL algorithms performed equally,
but significantly less than BETO. It would be interesting to test our obtained
BETO classifiers with other Spanish software repositories to confirm our results.

Finally, the results from experiment 2 also showed that the performance
values are much lower in the non-functional classification, similar to the results
obtained in [27]. This was mainly due to the low precision values. There may be
several possible explanations for this result. One is that some technical words
are used in the definitions of FR, misclassifying FR as NFR. Another factor
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could be the lack of detail in the definition of the requirements, compared with
PROMISE NFR. The use of n-grams could also make the shallow ML models
more restrictive, even the DL models also present the same problem.

6 Threats to Validity

In this section, we present the threats to the validity of our research as well as
the actions that were taken for their reduction or (partial) mitigation.

1. Internal validity: A common problem in automatic requirements classifi-
cation is the lack of high-quality labeled datasets. Given that the PROMISE
NFR dataset has been already used in previous works, we considered a trans-
lation to Spanish using Google Translate. However, this translation process
can introduce some bias (e.g. gender bias), which can not be mitigated. For
instance, in the English Language, the word “user” is applied for both gender,
but in our translation, “usuario”’represents only a neutral/masculine gender.
Furthermore, it’s being considered in the future to use other translators such
as DeepL'®, and perform comparisons to ensure greater consistency in the
translation.

2. Construct validity: The classification performance was evaluated by means
of very well-known metrics (i.e., precision, recall and fl-score). However,
working with ML models and small datasets like the PROMISE NFR dataset,
there is a risk of overfitting the models. To avoid this risk, we used the 10-fold
cross-validation technique and tested with different parameters. The code
and dataset were shared in Zenodo, so other developers and/or researchers
can emulate this work.

3. External validity: To increase the external validity of our results obtained
from the first experiment, a second dataset created with different software
projects to PROMISE was used to validate our obtained models. The re-
quirements specifications from this dataset represent three project types
(web, android, and broker) and several domains (e.g. Education, Media,
Medical, Finance, etc.) to validate the generalizability of the trained mod-
els on PROMISE NFR. The experiment has shown that BETO (and to a
lesser extent CNN+fastTest) can achieve a good generalization performance
on classifying requirements for different project types and domains. How-
ever, considering the diversity of the Spanish language in Spanish-speaking
countries, more tests in these models need to be undertaken to ensure the
generalization to other Spanish variants and other languages.

7 Conclusions

The purpose of the current study is to investigate the performance of the pre-
trained models fastText and BETO in comparison with other traditional algo-
rithms for automatic functional and non-functional requirements classification in

!5 https://www.deepl.com /translator
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Spanish datasets, through two experiments. Our findings from our first experi-
ment, using the translated PROMISE NFR dataset, reveal that most of the Shal-
low ML outperform the DL algorithms. However, BETO performed significantly
better on the second dataset (second experiment). This suggests that pre-trained
language models can obtain better generalizability, i.e., can have a better capa-
bility for classifying new requirements, even when their specifications could not
be very well detailed. Finally, even though the BETO classifier obtained the best
performance in generalizability, the fastText classifier overperformed the others
DL algorithms in time processing. Further research might continue to explore
requirements classification in the Spanish language. As our results found that
BETO offers the best generalized model, we plan to replicate the experiment
but including other Spanish BERT-based algorithms. Another natural progres-
sion of this work is expanding our Spanish dataset with requirements from the
industry. However, in order to identify potential companies interested in sharing
their data (if exist), we plan to conduct some interviews in order to understand
the actual practices regarding requirements documentation in Spanish-speaking
organizations.
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