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Abstract: Cost, time, and development effort can increase due to errors in 

analyzing functional and non-functional software requirements. To minimize 

these errors, previous research has tried to classify software requirements, 

especially non-functional requirements, on the PROMISE dataset using the 

Bag of Words (BoW) feature extraction and the Support Vector Machine 

(SVM) classification algorithm. On the other hand, the unbalanced 

distribution of class labels tends to decrease the evaluation result. Moreover, 

most software requirements are usually functional requirements. Therefore, 

there is a tendency for classifier models to classify test data as functional 

requirements. Previous research has performed class balancing on a dataset 

to handle unbalanced data. The study can achieve better classification 

evaluation results. Based on the previous research, this study proposes to 

combine the class balancing method and the SVM algorithm. K-fold cross-

validation is used to optimize the training and test data to be more consistent 

in developing the SVM model. Tests were carried out on the value of K in k-

fold, i.e., 5, 10, and 15. Results are measured by accuracy, f1-score, 

precision, and recall. The Public Requirements (PURE) dataset has been used 

in this research. Results show that SVM with class balancing can classify 

software requirements more accurately than SVM without class balancing. 

Random Over Sampling is the class balancing method with the highest 

evaluation score for classifying software requirements on SVM. The results 

showed an improvement in the average value of accuracy, f1 score, precision, 

and recall in SVM by 22.07%, 19.67%, 17.73%, and 19.67%, respectively. 

 

Keywords: Class balancing; classification; random over sampling; software 

requirements; support vector machine 

 

INTRODUCTION 

Software development enables a comprehensive development process, beginning with the analysis 

of software requirements and ending with the selection of technology to use or develop in order to ensure 

the efficiency of the software produced. According to(Vogelsang & Borg, 2019)(Aminu Umar, 

2020)(Yanmin Yang et al., 2020), software requirements analysis is an important concern because 

software development begins with requirements analysis; if an error occurs in the analysis, it can 

increase cost, time, and effort, and affect software function and quality. Software requirements consist 

of two categories, functional and non-functional. There are several categories of non-functional 
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requirements: Security, Usability, Reliability, Portability, Performance, Compatibility, and 

Maintainability (Mulyawan et al., 2021). 

In contrast to the traditional approach, which relies on a detailed process and comprehensive 

planning, determining software requirements with an Agile approach can still be obtained in stages by 

a Product Owner (Aminu Umar, 2020). Still, given the relatively large and changeable Product Backlog, 

as well as reduced levels of concentration and human focus when doing repetitive work, more significant 

effort is needed to determine the needs of the software. Therefore, we need a model that can provide 

information about label descriptions of software requirements, both functional and non-functional 

requirements. 

In this study, we investigated how to improve the quality of software requirements classification by 

analyzing the use of Bag of Words (BoW) vectorization techniques, class balancing techniques (Ao et 

al., n.d.), and the number of folds in cross-validation used by SVM. The main contributions to this 

research are a comparison of feature extraction techniques, a comparison of the use of several class 

balancing techniques, as well as the number of folds in cross-validation as measured by accuracy scores, 

f1-scores, precision, and recall (Canedo & Mendes, 2020). Based on these problems, we conducted 

research on the classification of software requirements as a tool for system analysts and developers to 

analyze software requirements.  

 

 LITERATURE REVIEW 

Bag of Words (Bow)  

One of the vectorization techniques used in this study is Bag of Words (BoW) (Shreda & Hanani, 

2021)(Md. Ariful Haque et al., 2019). This vector space model represents unstructured text as a 

numerical vector, where it determines the presence of feature words from the words of an instance. The 

software requirements are converted into numerical vectors so that each document is represented by a 

vector (row). 

 

SMOTE  

The process of the SMOTE algorithm is to generate new data in the classes that are under-

represented. The SMOTE algorithm generates new data by connecting new data to its nearest neighbors 

(Gazali Mahmud et al., 2023). However, this algorithm causes the data to overlap. See Figure 1 for an 

illustration of data distribution using SMOTE. 

 

 
Fig. 1. The illustration of SMOTE class balancing 

 

Borderline SMOTE  

The Borderline SMOTE algorithm process generates new data in underrepresented classes. 

Borderline SMOTE generates new data by connecting new data to nearest neighbors based on line 

boundaries (Majzoub & Elgedawy, 2020). Line boundaries are defined for each data in order to reduce 

data overlapping. An illustration of data distribution using Borderline SMOTE is shown in Figure 2. 
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Fig. 2. The illustration of Borderline SMOTE class balancing 

 

Random Over Sampling (ROS)  

The process of the ROS algorithm is to generate new data in underrepresented classes. The result is 

the majority class does not take over the minority class, so all classes are represented during training. 

An illustration of class balancing using ROS can be seen in Figure 3. 

 

 
Fig. 3. The illustration of ROS class balancing 

 

Random Under Sampling (RUS)  

Unlike ROS, the RUS algorithm reduces the data with the majority class in the data set so that the 

amount of distribution of the majority data becomes equal to the amount of data with the minority class. 

Figure 4 shows the class distribution using RUS. 

 

 
Fig. 4. The illustration of RUS class balancing 
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Support Vector Machine  

Support Vector Machines are a particularly powerful and flexible class of supervised algorithms for 

classifying and regressing (Canedo & Mendes, 2020). SVM can perform linear or nonlinear 

classification, regression, and even outlier detection, making it a powerful and versatile machine 

learning model. The algorithm performs the classification by creating a linear hyperplane of maximum 

margin separating two classes. Due to this margin, there is little chance of misclassifying new instances 

because there are few possibilities to separate the data from the sample. 

 

K Fold Cross Validation  

The actual samples are divided into k subsamples of equal size in the k-fold cross validation method. 

The process is repeated k times, with each sub-sample used as validation data for testing the 

classification model. The benefit of this method is that compared to repeated random subsamples, each 

sample is trained and validated at least once (Pralienka et al., 2017)(Srujan Raju et al., 

2018)(Muhammad Asrol et al., 2020). Where k is the user-selected fixed parameter. 

 

Performance Measure  

A visualization tool commonly used in supervised learning is the confusion matrix. Each column in 

the matrix represents the prediction classes, while each row represents the events in the real classes. 

Actual and predicted information about the classification system is contained in the confusion matrix 

(Riansyah et al., 2023). 

 

METHOD 

This section describes the research methodology used. In general, these studies have been carried out 

through several major phases, i.e., data collection, data preprocessing, feature extraction, class 

balancing, and classification through training and test data distribution. An overview of the software 

requirements classification research steps is shown in Figure 5. 

 

 
 

Fig. 5. The research phase of the proposed software requirements classification method 

Data Training 
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Dataset  

Data collection in this paper uses public datasets. The most common one is the PURE (Public 

Requirement) dataset, which has been in use by several previous researchers (Khayashi et al., 

2022)(Shreda & Hanani, 2021)(Ferrari et al., 2017). The list of software requirements obtained from the 

PURE dataset was initially unlabeled, so at this stage experts applied labels to each of these 

requirement’s statements. For example, Table 1 shows the software requirement statements that 

represent each software requirement category. 

 

Table 1. Software requirements statement and its labeling 

Statement Category 

The user interfaces should be designed to make them user intuitive. Usability 

To prevent interruptions in the data transfer, the communication system shall allow 

for redundant communication channels. Processing of data may be carried out 

simultaneously on more units. Automatic procedures for detection of communication 

faults and for managing redundancy of system components shall be established. The 

physical transport media should possibly be redundant to a certain degree depending 

on the conditions at the specific plant. 

Reliability 

The system shall encrypt all customer data in database. 
Security 

The system shall be able to handle 1000 customers logged in concurrently at the same 

time. 
Performance 

Maintainability is a primary goal for this project. For example, using appropriate 

subscenes in the main Flash game to split up the code will allow for easy alteration at 

a later date. 

Maintainabilit

y 

Web application should be available to run on browsers like IE, Firefox, Chrome, 

Opera or Safari. 
Portability 

Citizens can register their complaints with police and then based on the evidence, 

facts and following investigation, police shall take the complaint forward. The 

Registration module acts as an interface between the police and citizens, and it eases 

the approach, interaction and information exchange between police and complainants. 

Functional 

 

This dataset contains seven class labels for software requirements: usability, reliability, security, 

performance, maintainability, portability, and functional requirements. The record consists of 885 

requirement statements, half of which are labeled functional requirements. Referring to previous 

research, the unbalance distribution of the data can affect the non-optimality of a classifier in providing 

classification results (Tiun et al., 2020). Table 2 is a comparison of the number and percentage of 

manually labeled software requirements in the dataset. 

 

Table 2. Software requirements label comparison 

Category Total Statements Percentage 

Usability 102 12% 

Reliability 53 6% 

Security 106 11% 

Performance 109 12% 

Maintainability 35 4% 

Portability 41 5% 

Functional Requirement 439 50% 

Total 885 100% 

 

https://doi.org/10.33395/sinkron.v8i2.12415


 

 

Sinkron : Jurnal dan Penelitian Teknik Informatika 

Volume 7, Number 2, April 2023 

DOI : https://doi.org/10.33395/sinkron.v8i2.12415  

e-ISSN : 2541-2019 

 p-ISSN : 2541-044X 
 

 

*Author 
  

 
This is an Creative Commons License This work is licensed under a Creative 

Commons Attribution-NonCommercial 4.0 International License. 1201 

 

Preprocessing  

Once the requirements statement has been labeled by experts, the next step is preprocessing. This 

process includes punctuation removal, tokenization, case folding, stop words, stemming, and text 

merging or joining text. Punctuation removal is a process to clean sentences from punctuation marks or 

perform replacements on the target string based on the specified pattern. The Remove Punctuation 

process is used to remove punctuation marks and numbers (Hickman et al., 2022). 

After removing the punctuation and numbers, this step changes the font to lowercase or standard 

letters. This ensures that the sentence or word being edited has the same appearance or uniform character 

(Rahimi et al., 2020). The next step after case folding is tokenization. At this stage, text from sentences, 

paragraphs, or documents is broken down into specific smaller pieces. These chunks are known as 

tokens. The separation of the text is based on the amount of space in the text (Hickman et al., 2022). 

The auxiliary verbs, prepositions, pronouns, adverbs, and conjunctions of the following tokenization 

results are removed at this stage. For example, the, be, to, in, is, and others. This is done so that the data 

to be processed is only data that has meaning or essential information (Hickman et al., 2022). The output 

of the stop word results is then mapped and decomposed into its basic word forms or root words or stems 

(Binkhonain & Zhao, 2019). For example, the words "creative", "creating", "created", and "creates" are 

mapped to "create. The previously split words into tokens were then combined into a sentence. This is 

done to group words based on the initial sentence. 

 

Feature Extraction  

This step converts the pre-processed requirements document into a format that the machine learning 

model can understand (Ramos et al., 2018). In this step, the document is represented as a vector, where 

the value of this word is weighted by different techniques, such as binary methods (Dharma & Saragih, 

2022). One of the vectorization techniques used in this study is Bag of Words (BoW) (Shreda & Hanani, 

2021)(Md. Ariful Haque et al., 2019). This vector space model represents unstructured text as a 

numerical vector, where it determines the presence of feature words from the words of an instance. The 

software requirements are converted into numerical vectors so that each document is represented by a 

vector (row). 

 

Class Balancing  

This stage starts with the input of the data, which is performed by feature extraction. Class balancing 

is performed to balance the amount of distribution of each class or category so that the classification 

results can be more optimal. Several techniques for performing class balancing include SMOTE, 

Borderline SMOTE, Random Over Sampling (ROS), and Random Under Sampling (RUS) (Susan & 

Kumar, 2021)(Chakraborty et al., 2021). Each method of class balancing has different characteristics. 

An overview of the data distribution performed by class balancing is shown in Table 3. 

 

Table 3. Data distribution comparison 

Category Raw SMOTE 
Borderline 

SMOTE 
ROS RUS 

Usability 102 439 439 439 35 

Reliability 53 439 439 439 35 

Security 106 439 439 439 35 

Performance 109 439 439 439 35 

Maintainability 35 439 439 439 35 

Portability 41 439 439 439 35 

Functional Requirement 439 439 439 439 35 
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Classification 

After class balancing on the dataset, the next step is to divide the data equally into several training 

and testing sets. The data partitioning is done using the K-fold cross validation technique, so that each 

data can be used as test data and training data in different folds. The Support Vector Machine (SVM) 

method is also used to classify software requirements at this stage. The parameters of accuracy, F1-

score, precision, and recall from the previous research are used to evaluate the results (Shreda & Hanani, 

2021). 

 

RESULT 

This section describes the test scenario of this study and the results obtained. The test scenario is 

performed after the feature extraction stage is completed. It consists of class balancing, cross validation, 

classification, and evaluation. The illustration of the test scenario is shown in Figure 6. 

 

 
Fig. 6. Test scenario 

 

Preprocessing Implementation  

Punctuation removal is the first process performed in the preprocessing phase. Figure 7 shows that all 

punctuation and digits have been removed. The next step is tokenization and case folding. The process 

is performed sequentially, which is used as a single step. The results of this process are shown in Figure 

8. Meanwhile, Figure 9 shows the results of stopwords, which removes auxiliary verbs, prepositions, 

pronouns, adverbs, and conjunctions. The last preprocessing step is stemming. At this stage, all words 

are converted into root words. The results of stemming are shown in Figure 10. 

 

 
 

Fig. 7. Punctuation removal result 

 

 
 

Fig. 8. Tokenizing dan case folding results 
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Fig. 9. Stopwords result 

 
Fig. 10. Stemming result 

 

Feature Extraction Implementation  

The bag of words method is used to extract features. This approach gives word weighting by providing 

three indicators: the word's description from the sentence's order (0), the word's index (444), and the 

number of times the word appears in the dataset (1). The results of applying the bag of words method 

are shown in Figure 11. 

 

 
Fig. 11. Bag of words (Bow) methods implementation 

 

Class Balancing Implementation  

This section describes the results of implementing the class balancing method: SMOTE, borderline 

SMOTE, ROS, and RUS. Sequentially, the class balancing implementation recapitulation can be seen 

in Table 3. The class balancing methods SMOTE, Borderline SMOTE, and ROS produced 3073 rows 

of data. Meanwhile, RUS has only 245 rows of data. Next, the results of each class balancing method 

are combined with the Support Vector Machine (SVM) classification method. 

 

DISCUSSIONS 

Each result of the class balancing method consisting of SMOTE, Borderline SMOTE, ROS and RUS 

are used as input for classification. Experiments were conducted using the K-Fold cross validation 

method, 5-fold, 10-fold, and 15-fold, respectively. Each experimental result is evaluated by calculating 

the average accuracy, F1 score, precision, and recall. After the evaluation, the next step is to perform a 

classification experiment on the five labeled requirement statements (Table 4). The five requirement 

statements are made manually and do not refer to the PURE or other data sets. 
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Table 4 Experimental requirements for performing classification 

No Requirements Category 

1 The system should give a notification after finishing the calculation. Functional 

2 The software should prevent another user to access another user data. Security 

3 The system should provide any additional instruction in every step of a transaction. Usability 

4 The system shall be ready for receiving any request from user 24 hours a day. Reliability 

5 The software should have facilities to balance the load, so that it can be available 24 

hours a day. 

Performance 

 

5-Fold  

Based on the 5-fold test results, it was found that the ROS-SVM combination produced the highest 

average accuracy, F1 score, precision, and recall among the other method combinations (Table 5). The 

results of the comparison of the scores are presented in a graph, which can be seen in Figure 12. 
 

Table 5 Comparison of 5-fold SVM average scores 

Class Balancing Method 
SVM Average Score (5-Fold) 

Accuracy F1-Score Precision Recall 

SMOTE 0.739 0.745 0.774 0.739 

Borderline SMOTE 0.750 0.755 0.778 0.750 

ROS 0.986 0.985 0.986 0.986 

RUS 0.514 0.526 0.607 0.514 

None (SVM without class balancing) 0.719 0.790 0.806 0.791 

 

 
Fig. 12. Graph of the comparison results of the average SVM score (5-Fold) 

 

After the best evaluation value is known, a classification test is performed using the five statements 

in Table 4. Based on the test results, it is found that the SMOTE-SVM, ROS-SVM, and SVM 

classification models without class balancing can correctly determine two categories of software 

requirements according to the classification label (see Table 6). Meanwhile, other classification models 

can only correctly determine one category at most, i.e., borderline SMOTE-SVM and RUS-SVM. 
 

Table 6. Evaluated classification model experiments (5-fold) 

Req 

No 

Requirements 

Category 

SMOTE – 

SVM 

Borderline 

SMOTE – SVM 
ROS – SVM RUS – SVM 

SVM without 

class balancing 

1 Functional Reliability Reliability Usability Portability Usability 

2 Security Security Security Security Security Security 

3 Usability Reliability Reliability Usability Portability Usability 

4 Reliability Security Security Functional Functional Functional 

5 Performance Performance Portability Functional Portability Functional 

TOTAL 2 1 2 1 2 
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10-Fold  

Similar to the 5-fold experiment, in the 10-fold scenario it was concluded that the ROS-SVM 

combination produced the highest average accuracy, F1 score, precision and recall values (Table 7). 

However, compared to 5-fold, the combination of ROS-SVM with 10-fold produces a higher evaluation 

value. The comparison of the results of the 10-fold evaluation, presented as a graph, can be seen in 

Figure 13. 

 

Table 7. Comparison of 10-fold SVM average scores 

Class Balancing Method 
SVM Average Score (10-Fold) 

Accuracy F1-Score Precision Recall 

SMOTE 0.744 0.749 0.778 0.774 

Borderline SMOTE 0.760 0.766 0.791 0.760 

ROS 0.987 0.987 0.987 0.987 

RUS 0.527 0.525 0.635 0.527 

None (SVM without class balancing) 0.787 0.787 0.809 0.787 

 

 
Fig. 13. Graph of the comparison results of the average SVM score (10-Fold) 

 
At this point, a classification test was performed using a model evaluated using the five sentences in 

Table 4. Based on the test results, only Borderline SMOTE-SVM combination correctly classified one 

software requirement category. In addition, each combination of methods correctly predicted two 

categories of software requirements according to their classification labels (Table 8). 

 

Table 8. Evaluated classification model experiments (10-fold) 

Req 

No 

Requirements 

Category 

SMOTE – 

SVM 

Borderline 

SMOTE – 

SVM 

ROS – SVM RUS – SVM 
SVM without 

class balancing 

1 Functional Reliability Reliability Usability Portability Usability 

2 Security Security Security Security Security Security 

3 Usability Reliability Reliability Usability Portability Usability 

4 Reliability Security Security Functional Security Functional 

5 Performance Performance Portability Functional Portability Functional 

TOTAL 2 1 2 1 2 
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15-Fold  

Similarly, to the 5-fold and 10-fold experiments, in the 15-fold scenario, it was concluded that the 

ROS - SVM combination produced the highest average accuracy, F1 score, precision and recall values 

(Table 9). There is an increase in value of about 0.001 in each evaluation indicator. The comparative 

graph of the 15-fold evaluation results can be seen in Figure 14. 

 

Table 9. Comparison of 15-fold SVM average scores 

Class Balancing Method 
SVM Average Score (15-Fold) 

Accuracy F1-Score Precision Recall 

SMOTE 0.749 0.755 0.785 0.749 

Borderline SMOTE 0.760 0.766 0.792 0.760 

ROS 0.988 0.987 0.988 0.988 

RUS 0.547 0.550 0.660 0.547 

None (SVM without class balancing) 0.793 0.792 0.814 0.793 

 

 
Fig. 14. Graph of the comparison results of the average SVM score (15-Fold) 

 

In the case of 15-fold, the testing of the classification model with the software requirement data in 

Table 4 gives no different results than in the case of 10-fold. The details of the test results of the 15-fold 

classification model are shown in Table 10. 

 

Table 10. Evaluated classification model experiments (15-fold) 

Req 

No 

Requirements 

Category 

SMOTE – 

SVM 

Borderline 

SMOTE – 

SVM 

ROS – SVM RUS – SVM 
SVM without 

class balancing 

1 Functional Reliability Reliability Usability Portability Usability 

2 Security Security Security Security Security Security 

3 Usability Reliability Reliability Usability Portability Usability 

4 Reliability Security Security Functional Security Functional 

5 Performance Performance Portability Functional Portability Functional 

TOTAL 2 1 2 1 2 

 

Result Experiment Comparison  

This section compares the classification results of combining the best class balancing method (ROS) 

with SVM and SVM without class balancing. Referring to Figure 16-18, it was found that in the 5-fold 

experiment, there was an increase in accuracy of 26.7%, f1 score of 19.5%, precision of 17.73% and 

recall of 19.5%. Meanwhile, in the 10-fold experiment, accuracy, F1 score, precision and recall 

increased by 20%, 20%, 17.8% and 20%, respectively. For the 15-fold test, the increase was no greater 
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than 5-fold or 10-fold, namely 19.5%, 19.5%, 17.4%, and 19.5%, respectively. Table 11 shows the 

details of the improvement of SVM results with ROS class balancing. 

 

Table 11. Details of SVM score improvement using ROS 

K-Fold 
Accuracy 

Improvement 

F1 Score 

Improvement 

Precision 

Improvement 

Recall 

Improvement 

5-Fold 26.7% 19.5% 18% 19.5% 

10-Fold 20% 20% 17.8% 20% 

15-Fold 19.5% 19.5% 17.4% 19.5% 

Average 22.07% 19.67% 17.73% 19.67% 

 

CONCLUSION 

This study aims to analyze the comparative effect of using several combinations of class balancing 

methods with classifier models, especially SVM, in classifying software requirements. Based on several 

test results, SVM has generally classified software requirements better than the combination of SMOTE, 

Borderline SMOTE, and RUS class balancing methods. However, when SVM is combined with ROS, 

the accuracy, F1 score, precision, and recall values increase significantly, i.e., 22.07%, 19.67%, 17.73%, 

and 19.67%, respectively. However, based on the results of the classification experiment for the five 

new requirements, the best classification model (ROS-SVM) still shows no difference with SVM. The 

following research can be done on the Indonesian language software requirements dataset. 
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