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Abstract 

Text classification has wide applications in domains such as spam identification, news 
categorization, and real-time applications working. The task of software requirements 
classification can be categorized into Functional Requirements (FRs) and Non-Functional 
Requirements (NFRs), making it a subset of the text classification problem. The automated 
software requirements classifiers are more reliable (less prone to errors) and faster over large text 
datasets than human experts. Most of the current state-of-art methods using machine learning 
algorithms perform pre-processing or vectorization methods to derive useful hand-crafted features. 
The precisely extracting the features from the text dataset is challenging and critical to the 
automated classifiers. Hence, a better solution can be to automatically derive useful features from 
text data to make the process less prone to human errors. This paper proposes the possible solutions 
to perform attentive automated text feature extraction and software requirement classification by 
addressing the limitations or issues of the current state-of-art methods. Additionally, we can 
perform sentiment prediction for each software requirement to consider user sentiments in the 
software requirement classification process. 

 
1. Introduction 

The text classification problem has been a widely explored research area over the decades. 
It is directly connected with the working of many domains [1-5], such as spam identification, news 
categorization, and real-time applications working. The text classification is generally termed a 
supervised learning task, where we have text documents data and are also provided with the labels 
for these documents. In Text classification, we perform classification of text documents among 
different categories, similar to the typical classification task. However, the text classification over 
a large corpus of text data can be challenging due to difficulties extracting features from 
unstructured format [6] for using machine learning algorithms. The vectorization techniques are 
beneficial to extract hand-crafted features needed for machine learning algorithms to perform 
classification using unstructured text documents. Vectorization is a method to convert the text 
input data to numerical vectors (preferred by machine learning algorithms) to extract distinct 
features from the text. 

The task of software requirements classification can be termed a subset of text 
classification problems and demands identifying the category for a given software requirement. 
Usually, the software requirements are categorized among two types: Functional Requirements 
(FRs) and Non-Functional Requirements (NFRs). The FRs describe a particular system's behavior, 
services, or functions, and NFRs focus on user expectations such as usability, quality, security, 
and privacy [7]. For example, Software loading a webpage when the user clicks on some button 
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falls under the Function Requirements category as the developer predefined the system’s action. 
However, the non-functional requirement is concerned with webpage loading time. The above 
example helps us understand the importance of both FRs and NFRs in software working. 

Automating the software requirements classification can fast-track the process and improve 
the classification accuracy, particularly on complex projects that demand more requirements 
classification [8]. Although the difference between the software requirements (FRs and NFRs) is 
well theorized in previous works, automatic software requirements identification and classification 
is still a challenge [9-13]. The possible explanation for the difficulties in automated software 
requirements classification can be due to the inconsistencies in similar requirements terms used by 
different stakeholders and engineers [14, 15]. These high-level inconsistencies in software 
requirement terms make automated software requirements classification more prone to errors and 
realize a need for accurate automatic classification.  

To overcome these challenges, researchers have been proposed using machine learning 
algorithms to effectively extract the differentiative features for software requirement classification 
[16, 17]. The machine learning algorithms primarily use text features extracted from vectorization 
techniques, which is critical for automating software requirement classification. The main focus 
of this paper is to explore different vectorization techniques, the most frequently used machine 
learning algorithms for the task, and propose possible future work directions to address some of 
the issues/challenges of the current state-of-art methods for automated software requirement 
classification. 
 

2. Background 

This section will briefly introduce the popular vectorization methods, commonly used Machine 
Learning algorithms, and finally, the evaluation metrics for the task.   

2.1 Vectorization: 

The machine learning algorithms expect the input in numerical feature space, so we need to 
transform all the text documents into numerical features to use a machine learning algorithm. 
The transformation of text documents to numerical features is known as vectorization [18]. We 
perform initial preprocessing of text using tokenization before performing vectorization to 
extract numerical features from the text. The tokenization process involves breaking the 
words/phrases/symbols in a sentence into separate tokens [19, 20]. For Example, after 
tokenization, the tokens for the sentence “The vectorization techniques are handy to extract 
hand-crafted features needed for machine learning algorithms to perform classification using 
unstructured text documents” would be {“The” “vectorization” “techniques” “are” “very” 
“useful” “to” “extract” “features” “needed” “for” “machine” “learning” “algorithms” “to” 
“perform” “classification” “using” “unstructured” “text” “documents”}. 

Bag of Words (BoW): 

The bag of words method is one of the simplest yet most effective vectorization methods. In this 
method, the text documents are viewed as a bag of words, i.e., the grammar or meaning of the 
sentence is ignored, and we care about only words. We use tokenization to process the text 
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document to divide the text documents into words and then calculate the frequency of each word. 
From our last example, we have tokens as {“The” “vectorization” “techniques” “are” “very” 
“useful” “to” “extract” “features” “needed” “for” “machine” “learning” “algorithms” “to” 
“perform” “classification” “using” “unstructured” “text” “documents”}. Now, the frequency is 
calculated for each unique word in the tokens list as follows: BoW Feature = {1, 1, 1, 1, 1, 1, 2, 1, 
1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1}. 

Term Frequency-Inverse Document Frequency: 

The TF-IDF method is an upgraded version of the Bag of Words (BoW) method. In this method, 
we first calculate the frequency of words in the sentence (similar to BoW) and also consider the 
inverse of each word’s document frequency to reduce the effect of the common words in the 
sentence like “the,” “a,” “and,” “to,” etc. The following formula can calculate the inverse of the 
word’s document frequency: 

𝐼𝑛𝑣𝑒𝑟𝑠𝑒	(𝑖𝑑𝑓! 	) = log
𝑡𝑜𝑡𝑎𝑙	𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠

𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠	𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔	𝑖 

So, the TF-IDF can be mathematically written as: 

𝑇𝐹 − 𝐼𝐷𝐹>𝑡𝑒𝑟𝑚!,#? = 𝑡𝑓(!,#) ∗ 𝑖𝑑𝑓! 	 

Here, 𝑖𝑑𝑓! 	is the inverse term frequency, 𝑡𝑓(!,#) is the number of occurrences of “i” in “j” (where 
“i” is the term and “j” is the document).  

The TF-IDF method overcomes the use of common terms problem in the document, still couldn’t 
consider the similarity between different words in the document as each word is considered a 
separate token. For example, words such as “aeroplane,” “aircraft,” “plane,” “airplane,” etc., have 
the same meaning; still, they are considered separate words. 

Word2Vec (Word Embedding): 

To overcome the limitations of previous methods, the word embedding method each token (word 
or phrase) is mapped to an N-dimensional vector of real numbers. Notably, in the Word2Vec 
method [21, 22], the shallow neural networks having two hidden layers are used to create an N-
dimensional vector for each word, where the goal is to maximize the mathematical expression: 

argmax E[ E 𝑝(𝑐/𝑤; 𝜃)
&	∈	&())

]
)	∈	*

 

Here, θ is a parameter of 𝑝(𝑐/𝑤; 𝜃), and T represents Text. 

Chi2 

Chi2 [23] is the method to measure the divergence of the expected distribution by assuming that 
the feature occurrences are independent of the class value. In simple terms, we measure the 
independence between term (t) and class (c). The formula for computing Chi2 can be formulated 
as follows: 
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𝐶ℎ𝑖+(𝑡, 𝑐) = 	
𝑁(𝐴𝐷 − 𝐶𝐵)+

(𝐴 + 𝐶)(𝐵 + 𝐷)(𝐴 + 𝐵)(𝐶 + 𝐷) 

Here, N represents the total documents number, A represents total times t and c occur together, B 
represents total times t occurs without c, C represents total times c occurs without t, and D 
represents total times both t and c does not occur. 

2.2 ML Algorithms 

The previous studies (discussed in the related works section) on automated software requirement 
classification have adopted the supervised learning approach for training machine learning text 
classification models. The text documents data and associated labels are provided for training 
machine learning models in supervised learning. The general methodology used by the Machine 
Learning (ML) algorithms for text classification using the supervised learning approach is 
represented in Figure 1. We split the Text Dataset into train, test dataset and use train data to 
perform training of ML model. Finally, we use the test dataset for evaluation of our trained ML 
model to perform final classification. This section summarizes the popular machine learning 
algorithms commonly used for software requirement gathering. 

 

Figure 1. The General methodology for the Machine Learning (ML) algorithms for text 
classification (e.g., FRs/NFRs) using a supervised learning approach. 

 

Logistic Regression (LR) 

The Logistic Regression (LR) [24] is the simplest yet widely used machine learning algorithm for 
binary classification problem tasks such as determining spam or not spam. The Logistic Regression 
uses logistic function (also called sigmoid function) represented in the mathematical equation 
below, which takes numeric feature values and maps them to a value between 0 and 1 (where 0 
and 1 are two classes). 

𝑆𝑖𝑔𝑚𝑜𝑖𝑑	𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛	(𝑦) = 	
1

1 +	𝑒,- 

The Logistic regression model relies on a linear equation as input then uses the logistic function 
to perform a binary classification task. The graph of the logistic regression is represented in Figure 
2. 

Raw Text 
Dataset
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Test Dataset

Text Preparation ML Model 
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Evaluation Classification
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Figure 2. Logistic Regression for a sample 2D data text data features. 

Support Vector Machine (SVM)  

The Support Vector Machine (SVM) [25] algorithm can be used for both binary and multi-class 
classification tasks. The critical aspect of the SVM is the decision boundary, which it uses to 
perform the classification of two classes. When the data points are not linearly separable, kernel 
function is used, which measures the similarity between the input features to identify the decision 
boundary for classification. Figure 3 represents the linear and non-linear separable SVM for the 
two-dimensional dataset.  

 

Figure 3. Linearly and Non-Linear Support Vector Machine (SVM) for a sample 2D text data 
features. 

k-Nearest Neighbors (kNN) 

The k Nearest Neighbors (kNN) [26] algorithm is the classification algorithm widely used for text 
classification. The main concept of kNN is that the class of an arbitrary data point can be 
determined by the data points surrounding it. For example, consider a text document xi. The kNN 
algorithm looks for similar documents to xi in the training dataset, and determines the class of 
document x based on k nearest neighbors (where is the hyperparameter set during training). Figure 
4 illustrates kNN (where k = 5) architecture for the two-dimensional dataset.  
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Figure 4. k-Nearest Neighbors (kNN), where k = 5 for a sample 2D text data features. 

2.3 Evaluation metrics 
The Evaluation metrics are used to evaluate the performance of the machine learning classifier. 
Previous studies use different evaluation metrics to evaluate the different aspects of the classifier. 
Some of the popular examples of evaluation metrics include Accuracy, Precision, Recall, and F1-
Score. Each of these evaluation metrics can be calculated using True Positives (TP), True 
Negatives (TN), False Positives (FP), and False Negatives (FN) from the confusion metrics [27]. 
The accuracy measures the fraction of correct predictions over total predictions. The fraction of 
correctly predicted positive overall positives is called Precision, and Recall is the proportion of 
positive instances correctly identified by the classifier. Whereas F1-Score is the harmonic mean of 
Precision and Recall, i.e., the F1-score will be high only if the classifier has high Precision and 
Recall. 

𝐴𝑐𝑐𝑢𝑎𝑟𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 

𝑅𝑒𝑐𝑎𝑙𝑙 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 	
2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 = 	

2𝑇𝑃
2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 

3. Related Works and Discussion 

This section discusses the previous works on the requirement analysis classification using 
machine learning algorithms, summarizes the key findings, and presents the limitations or issues 
of the current state-of-art methods.  

In the study [28], the SVM machine learning algorithm was used to perform requirements 
classification between Functional requirements (FR) and Non-Functional requirements (NFR). 
Furthermore, the subclassification of the requirement was conducted under the sub-categories of 

Xi

5 Nearest Neighbor

NFRsFRs

Unknown Sample
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NFR. The authors used the PROMISE repository’s [29] Amazon database and performed data pre-
processing to deal with the imbalance classes problem. Finally, they achieved precision and recall 
up to 92% to perform automatic classification between FRs and NFRs.  

Lima et al. [30] worked mainly on balancing the classes in the PROMISE database, which 
is among the few public databases used for software requirements classification. Lima et al. 
searched for additional requirements engineering documents by using the google search engine 
and were validated by the experts before including them in the PROMISE database to form the 
PROMISE_exp database repository. Further, the popular machine learning algorithms such as 
SVM, Decision Tree, kNN, and Multinomial Naïve Bayes validate the influence of increasing the 
database for the training process. The results mostly concluded that the additional database in the 
PROMISE_exp repository helps to improve the performance for automatic application 
requirement classification.  

Jindal et al. [31] also conducted automated software requirement analysis on the PROMISE 
database repository. The study considered preprocessing of document text using tokenization, 
stemming, and stop word removal method before performing vectorization using TF-IDF method. 
Jindal et al. performed training of the J48 Decision Tree machine learning algorithm using four 
models with varying rules for binary classification, i.e., FRs and NFRs classification. The results 
showed that model 4 was best performing with an AUC of 0.83 and the corresponding sensitivity 
value of 80%. 

Further, Lu et al. [32] worked on performing automatic classification of over 4 million user 
ratings on app stores (Apple, Google, Windows) among four NFRs classes: reliability, usability, 
performance, and portability. The study proposes a novel vectorization method AUR-BoW, which 
extends the existing BoW method and performed training using Naïve Bayes, J48 Decision Tree, 
and Bagging machine learning algorithms. The results demonstrated that the Bagging algorithm 
with AUR-BoW vectorization outperformed existing vectorization methods such as BoW, TF-
IDF, and Chi2.   

The machine learning algorithms in the previous studies have done a decent job for the 
automatic software requirements classification between FRs and NFRs, particularly in the 
deficient or imbalanced labeled dataset. The study [33] achieved a precision and recall of up to 
92% for automatic software requirements binary classification (FRs and NFRs), which is faster 
and more accurate than manual classification on a large database. Also, the machine learning 
algorithms usually used the pre-processing or vectorization methods to derive the useful hand-
crafted features from the text dataset for improving the machine learning model's performance 
[28-33].  

However, precisely extracting the features from the text dataset is challenging as the text 
data comes up with unique challenges like unstructured data. The extraction of less relevant 
features can cause the number of false positives/false negatives to increase, resulting in the poor 
performance of the machine learning classifiers. Although the vectorization process helps extract 
useful features from raw text, these features are still hand-crafted, which requires tedious feature 
engineering to obtain good performance for classification. Also, the process becomes difficult to 
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generalize with new tasks as the method relies on manual intervention such as selecting pre-
processing and vectorization methods identifying the best machine learning algorithms (which 
may differ with the feature or task). The existing works only considered high-level binary 
classification (FRs, NFRs). They lacked consideration of another important aspect of software 
requirement analysis, i.e., sentiment analysis, which gives information on the requirements if 
they belong to feature requests, bug reports, or impose positive/negative impact on software 
analysis.  

5. Proposed Improvements 

This section discusses the possible solutions to overcome the above-mentioned limitations 
or issues of the previous studies. This work does not perform experiments or implementations of 
the proposed improvements, but we validate them with theoretical evidence from the literature.  

The Deep Convolutional Neural Networks maps the text data into low dimensional 
continuous feature vectors using embedding models, which do not need the hand-crafted feature 
extraction. Thus, deep learning methods have the ability to overcome the hand-crafted feature’s 
limitation of machine learning. The recent development of the word2vec [34] models, trained on 
a six-billion-word dataset, became popular for Natural Language Processing tasks (i.e., text 
analysis). Several studies [35-38] performed further advancement for extracting automated 
features from the text by working on aspects not covered in the word2vec methods, such as 
including contextual information, focusing on large-scale model training, and training with the 
deeper model having more parameters to improve the performance of the text classification 
models. Although these methods have provided a notable boost for Natural Language Processing 
tasks, they may still not be well-suited for automated software requirement classification tasks 
because of the following reasons. Firstly, most text datasets currently available for software 
requirement classification are imbalanced and unstructured [29, 30, 9, 10]. The automatic feature 
extraction for imbalanced or unstructured text data can be challenging with the commonly used 
word2vec models because they didn’t consider contextual informativeness for the extracted 
features. Secondly, there is a lack of distinction between standard Functional Requirements (FRs) 
and Non-Functional Requirements (NFRs) [9-13], which makes them precisely extracting useful 
features significant for classifiers.  

The potential solution to the non-trivial problem of automated software requirements can 
be the Attention mechanism in combination with Deep Neural Networks. The concept of the 
attention mechanism mimics how humans pay attention to words during reading to understand the 
meaning of a sentence. The main idea is that instead of focusing on each sentence, equally pay 
more attention to a few keywords in a sentence that are relevant for the task. The attention 
mechanism helps to consider the contextual informativeness of the text and can extract more 
specific text pertinent features for the classification task. The attention mechanism has been 
increasingly popular for Image Classification [39], Object Detection [40], Multimodal Fusion [41], 
and Natural Language Processing tasks [42, 43]. However, to my knowledge, there are no previous 
studies using attention mechanisms for automated software requirement classification among 
Functional Requirements (FRs) and Non-Functional Requirements (NFRs). The use of the 
attention mechanism in combination with Deep Neural Networks can help avoid time-consuming 
preprocessing or vectorization methods. Moreover, the proposed method would mitigate the hand-
crafted features problem of machine learning methods and the limitations of Deep Convolutional 
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Neural Networks in context with software requirement classification by extracting automated 
features using an attention mechanism. The proposed methodology for Software Requirement 
Classification (e.g., FRs/NFRs) and Sentiment Prediction using the Deep Learning (DL) model 
and Pre-trained Sentiments Analyzer is represented in Figure 5. 
 

 
Figure 5. The proposed methodology for Software Requirement Classification (e.g., FRs/NFRs) 

and Sentiment Prediction using the Deep Learning (DL) model and Pre-trained Sentiments 
Analyzer. 

To further strengthen the automated software requirement analysis, the sentiment analysis 
can be provided along with requirements classification results. Most of the unstructured software 
requirements text data comes from users’ reviews on social media. The sentiment analysis 
associated with classification results provides more meaning by interpreting if the classified 
requirements are feature requests, bug reports, or positive/negative impact. However, the main 
challenge will be to generate sentiments without explicitly training on the labeled dataset because 
we would not have sentiments labels associated with the software requirement classification 
dataset. We can use a separate Sentiment Analyzer model pre-trained over the social media Q&A 
posts similar to [44, 45] to address this challenge. After Pre-training, a sentiment analyzer model 
can predict sentiments on the unknown text (test dataset). We can use this model in conjunction 
with the existing model to provide additional feedback about sentiments without being explicitly 
trained on our initial text dataset.  
 

7. Conclusion 

The automated software requirements classifiers are more reliable and faster over large text 
datasets. Most of the current state-of-art methods using machine learning algorithms perform pre-
processing or vectorization methods to derive the useful hand-crafted features but lacked in 
precisely extracting the features from the text dataset. Hence, in this paper, the possible solutions 
were proposed based on theoretical evidence from the literature to perform automated software 
requirement classification using an attention mechanism, which overcomes the limitations or 
issues of the current state-of-art methods. Finally, we propose using the pre-trained sentiment 
analyzer without explicitly training on the same dataset to provide user sentiments prediction and 
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the software requirement classification into Functional Requirements (FRs) and Non-Functional 
Requirements (NFRs). 
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