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ABSTRACT

Classification of software requirement is very important in the software development field. Categorization
of non-functional and functional requirements at early stage help to improve the design phase, quality of the
software and reduce the probability of risks. Manual classification of software requirement is cumbersome
due to huge volume of data and customer requirements that lead to error & delay in the development of the
software. To resolve this issue, feature selection techniques such as Chi2 and PCA combined with feature
extraction techniques such as TF-IDF, BOW, Fast-Text, GLOVE and WORD-2-VEC have been simulated
with machine learning models such as NB, SVM, LR, D-Tree, Stacking, K-NN, Voting, GB, RF and
AdaBoost to automatically classify the software requirements. In multi-class classification, Fast-Text and
Chi2 simulated with Stacking and Voting classifiers achieves an accuracy of approximately 90%. In binary
classification, TF-IDF simulated with SVM, Stacking and Voting classifiers reached an accuracy of 98%.
Hence, supremacy of ensembles models like Stacking and Voting classifiers has been observed in automated
software requirements classification task.

Keywords: Functional Requirements, Non-Functional Requirements, Feature Extraction, Feature Selection,

Software Requirements Classification

1. INTRODUCTION

software such as about website, behaviors of the
software such as login credentials are correct or not
and functions of the software such as printing the
bill. It provides the developer a clear idea about what
needed to be developed and helps the customer to
validate whether software meets the requirements or
not. A proper SRS document with accurate
classification of functional and non-functional
requirements leads to reduction of error in the later
phases of software development.

Software requirement classification has a crucial role
in software development. This research is focused on
categorization of user requirements into functional
and non-functional given in Software Requirements
and Specification [SRS]. Functional requirements
represent “what a system software should do”
whereas non-functional requirements represent
“Quality aspects of software system”. Software
requirement act as interface between developer and
customer [1]. It helps to optimize the gap between
developer and customer and also provide support to Non-functional Requirements represents the
the developer for clearly understanding the “System quality and performance”. It checks
requirements. Furthermore, it helps in creating the  various qualitative aspects of the software such as
correct test cases, for software verification and speed, flexibility, scalability, maintainability etc.
validation accurate classification of requirements [3]. Basically, non-functional requirements are
helps in tracking the progress of the project and helps  classified into 12 categories of the software system
in ensuring that final software meets the customer such as  Security, Reliability, Portability,
requirements. Performance, Efficiency, Usability, Supportability,
Scalability, Availability, Maintainability,

Functional  requirements  represent System Operability, and Compatibility.

behaviors”. It deals with the system particular
features, tools and tasks [2]. It describes the input to In this paper, the authors investigate the impact
the software such as login module, output of the of both binary classification and multi-class
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classification of Non-Functional Requirements
[NFRs] and Functional requirements [FR] in three
datasets. To resolve the challenges of manual
classification, the automated classification has been
performed by using text vectorization tools such
Fast-text, Bag of Words [BOW], WORD-2-VEC,
TF-IDF and GLOVE with feature extraction tools
such as Principal Component Analysis [PCA] and
Chi-Squared [Chi2] simulated with machine
learning models. Moreover, two new datasets have
been used, on which no work has been done till now
in the literature. This enhances the novelty of this
work.

The main contribution of this research work as
follows:

e ML classifier such as LR, NB, GB, D-Tree,

K-NN, Stacking, RF, Voting, AdaBoost
and SVM with feature extraction
techniques such as Tf-Idf, Glove, Bow,
Word-2-Vec and Fast Text combined with
feature selection techniques such as PCA
and Chi2 has been used for binary
classification and multi-class classification
of NFR and FR.
Three datasets such as
‘Software Requirement.csv’ that
consists of 977 rows and 2 columns,
‘Software Risk Prediction.csv’ that
consists of 299 rows and 14 columns,
‘New_Software Requirement.csv’ that
consists of 53 rows and 2 columns has been
used where two datasets, ‘software risk
prediction.csv’ and
‘new_software requirement.csv’ have not
been used in any research work till now,
which highlights the nobility of this paper.
Performance of the ensemble models such
as SVM, Stacking and Voting classifiers
was recorded to be higher than the other
classifiers. Also, achievement of 99%
accuracy in binary classification and 87% in
multi-class classification, is also recorded
as higher than the other similar works in the
literature.

The rest of the paper is structured as follows:
Section-2 demonstrates about the previous research
works named as “Related Work”. Section-3
demonstrates about the feature extraction methods,
feature selection techniques and ML classifiers used
in this paper, named as “Materials and Methods”.
Section-4 demonstrates about the derived results
named as “Result and Discussion”. Section-5 named
as “Conclusion and Future work” demonstrates
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about the future research work followed by
references.

2. LITERATURE REVIEW

This section reviews various works in the
field of categorization of Non-Functional and
Functional Requirements. Binkhonain and Zhao [4]
(2023) investigated HC4RC, a hierarchical ML
model technique used to categorize software
requirements while looking into two major issues
such as high-dimensional low-sample size data and
class imbalance which can be optimized by using
hierarchical classification, semantic-role-based
feature selection and dataset decomposition.
Muhammad bin Saleem et al. [5] (2025)
demonstrated about a comparative investigation of
three few-shot learning algorithms such as MAML,
Matching Networks and Prototypical Networks to
automate the software requirement classification by
using promise dataset. By analyzing the result, it was
found that MAML achieved an accuracy of 77%
whereas Matching Network gave poor result with an
accuracy of 49% only. Highest accuracy of 89% was
given by Prototypical Network. Similarly, Alhoshan
etal. [6](2023) used a Zero-Shot Learning technique
for binary and multi-class classification of software
requirements and achieved an accuracy of 66% to
80%. It used the concept of complex label
configuration and domain particular LLMs.

Vincenzo De Martino and Fabio Palomba [7]
2024 represented the “Graph-Mix” approach that
was very effective semi-supervised method for
categorizations in software requirements. It used two
types of datasets i.e. ‘security requirement.csv’
which achieved an accuracy of 88% whereas
‘promise dataset’ achieved an accuracy of 55%.
Also, Rajat Izhar et al. [8] (2025) investigated a new
technique in classification of software requirements
i.e. machine learning model combined with
hybrid-rule to reduce the ambiguity and to increase
the accuracy. In this, ‘promise dataset’ was used and
TF-IDF combined with Random Forest gave a good
performance with an F1-score of 92%, recall of 89%
and accuracy of 93%. Canedo and Mendes [9] (2020)
used feature extraction and feature selection
technique such as TF-IDF, CHI2 and BOW with
machine learning models for software requirements
classification. TF-IDF combined with RF gave best
accuracy of approximately 90% in classification of
FR and NFR. Similarly, Jindal et al. [10] (2021)
also demonstrated an idea about mining of
non-functional requirement from NLP SRS
document.
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Rahman and Nayem [11] (2023) used four
vectorization methods such as TF-IDF, Chi2, Bow
and Hashing vectorizer combined with fifteen ML
models for non-functional requirement
classification. The TF-IDF combined with Linear
support vector classifier achieved best result of F1-
score of approximately 82%. Similarly, K. kaur and
P.Kaur [12] (2023) used the concept of deep learning
methods such as CNN-BiLSTM for categorization of
functional and non-function requirement using
‘promise dataset’. Recurrent and convolutional
architectures were merged to catch the clear local
range and local patterns semantics easily. The
algorithm reached an accuracy of 95%.

Vrutik Patel et. al [13] (2023) compared the
vectorization techniques such as TF-IDF and BOW
with four ML models such as NB, SVM, D-Tree and
K-NN for classification of software requirements.
TF-IDF combined with SVM which achieved an
accuracy of approximately 90%. Also, Gaith Y Quba
et. al [14] (2021) suggested an idea to classify
software requirements by using feature extraction
techniques such as Bow combined with ML models
such as K-NN and SVM by using ‘promise dataset’.
This method achieved Fl-scores of 72% in multi-
class and 90% in binary classification. This paper
also investigated that SVM combined with BOW
provided the best result in the classification of NFR
and FR. The Table-1 represents the literature survey
of the work has been done earlier.

Table 1: Review of literature survey

Year Method/Model Dataset Used Performance
2023 [4] Hierarichical ML model such as Promise_exp dataset used | Accuracy:63%
high-dimensional low sample size F1-score:51%[10-fold]
and class imbalance Accuracy:64%
F1-score:50%[p-fold]
2025 [5] Shot learning algorithm such as Promise_exp dataset used | Accuracy:77% [MAML]
MAML, Matching Networks and Accuracy:49% [Matching
Prototypical Networks Network]
Accuracy:89%
[Prototypical Networks]
2023 [6] ML/DL both classifier is used Custom Non-Functional | Accuracy: 66%
named Zero-Shot Learning Requirements dataset (20
Technique NFR groups)
2024 [7] Graph-Mix approach Security requireemnt.csv | Accuracy: 88%
2025 [8] Machine Learning model combined | Promise exp dataset used | F1-Score: 92%
with Hybrid-rule based model Recall: 89%
Feature Extraction Technique: TF- Accuracy: 93%
IDF ML Classifier: Random Forest,
Clustering and Sentimental Analysis
2020 [9] K-NN, MNB, LR, SVM Promise_exp dataset used | Fl-score:0.91(binary),
Feature Extraction: BOW, TF-IDF 0.78(general),0.74(NF)
Feature Selection: CHI2
2021 [10] Seven ML Classifier such as D- | Promise datasets (11 NFR | Recall:61%,
Tree, GNB, MNB, K-NN, BNB, categories, Precision:66%,
SGDSVM, and SVM + four feature 625SRSstatements) Accuracy:76%,
techniques TF-IDF, BOW, CHI2 & Fl-score:61%
Hashing
2023 [11] Machine Learning such as SVM, Custom datasets of 625 Accuracy:71.3%
LR, K-NN, D-Tree, NB with TF- | software requirements (12
IDF & BOW NEFR subclasses +FR)
2023 [12] Custom CNN architecturCHI2 +TF- 1,400 manually labelled | F1-Score:74%,
IDF, RF, AdaBoost, XGBoost, SRS requirements Recall:65%,
LR +Word2Vec Precision:79%
2021 [13] Seven ML Classifier such as D- Promise datasets (11 NFR | Accuracy:76%,
Tree, GNB, MNB, KNN, MNB, categories Fl-score:61%
SGDSVM, and SVM + four feature | ,625SRSstatements) Recall:61%,
techniques TF-IDF, BOW, CHI2 & Precision:66%,
Hashing
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2023 [14] | Machine Learning such as with K- Custom datasets of 625 | Accuracy: 77%
NN, D-Tree, MNB, LR & SVM software requirements (12
Vectorization Technique such as NFR subclasses +FR)
BOW & TF-IDF
3. MATERIALS AND METHODS Word-2-Vectorization (Word-2-Vec):It transform

This section gives a complete explanation of
the technologies and plans used in this research
work.

3.1 Dataset Description
In this paper three datasets have used
‘Software_Requirement.csv’ that consists of 977

rows and 2 columns [15],
‘Software Risk Prediction.csv’ that consists of 299
rows and 14 columns [16],

‘New_Software Requirement.csv’ that consists
of53 rows and 2 columns [17]. All the datasets have
been used for the categorization of non-functional
requirements (NFR) and Functional Requirements
(FR). In this work two types of classification have
been done. First one is binary classification where
the requirements have been classified as FR and
NFR requirements. Second one is multi-class
classification where the requirements have been
classified as FR and multiple classes of NFR.

3.2 Feature Extraction Technique

Bag of Words (BOW): It is a word-presentation
methods that transform phrases into numerical
vectors based on text frequency [18]. It can be
calculated by the formula given in Equation 1 where
doc represents documents and wd represents word:

Fr(wd;,doci) = Zu=i/% ||(doci[k] =wd})) (1)

Term Frequency-Inverse Document Frequency
(TF-IDF): It calculates how crucial a word present in
SRS document is with respect to the whole
documents. IDF optimize the weightage of similar
words and improves the weightage of unique words
[19]. It can be calculated by the formula given in
Equation 2 where frr represents frequency, wd
represents word, WDoc represents Whole
documents, doc represents documents and fm
represents term of Words.

fr(wd,doc)
St€dfr(tm,doc)

TF-IDF(wd,Doc)=| ()

oe (

1+WDoc ) +1 ]
1+DF (wd)
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text into continuous numerical vector and catches
context and semantic ambiguity in a document [20].
It can be calculated by the given formula in

Equations 3, 4 and 5 where ED represents
embedding dimensions and VS  represents
Vocabulary size.
Win€ RNED* VS) 3)
Wout€ RNED*VS) “4)
Word Vector = row of Win (5)

Glove: It is a text-extraction technique that
absorbs term embeddings using global term
occurrence frequency from the entire documents
[21]. It can be calculated by the given in Equations
6 and 7 where Yjj represents occurrence frequency,
Bi and B’ represents Bias term, Wdi represents word
vector and Wd’ represents context vector.

Prob; =Y/ Yi (6)

GloveFr=Wdi" Wd; + B;+ Bi=log(Y;) (7)

Fast-Text: It is similar to Word-2-Vec and also
increases text vectorization by using sub-word data
breaking the terms into letter n grams [22]. It can be
calculated by the given Equation 8 where evg
represents embedding Vector, Avgw represents sum
of all n gram vector and ng represents n-gram.
AVgy=Z nge Gwd) €Vg ®)

3.3 Feature Selection Technique

Chi-Squared (Chi2): It evaluates whether the
frequency of a class and terms are independent or not
[23]. It can be calculated by the given Equation
9. D is doc where word fe appears and belong to class
B, C doc where fe appears but class is not B, B is doc
where ¢ does not appear but class is B, 4 doc where ¢
does not appear, class is not B and doc is entire
requirements and co denotes the category.

#*(te,co)= doc(DA-CB)? (D+B)(C+A)(D+C) (9
)

Principal Component Analysis [PCA]: It reduces a
dimension of a features that convert high to low
dimension of datapoints by using the concept of
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variance [24]. It is calculated by given Equation 10
where pm is projection matrix, D is number of
features, o is standard deviation and u is mean.
PCA.p =D-p/c * pm (10)

3.4 Machine Learning Algorithm

Support Vector Machine (SVM): It helps to
identify an optimum decision boundary that
increases the line between dissimilar groups and it
also gives the best result with the high
dimensionality data points [25].

Logistic Regression (LR): It helps to investigate
the probability of a group in categorization of sub-
groups [26].

Stacking: It combines the results of multiple
models and predict the final result, that’s why it is
known as Ensemble models [27].

Decision Tree (D-tree): It breaks datapoints into
a smaller part by taking the feature as input and
predict the output [28]. It is also known as tree-based
group and it calculate entropy and gini index for the
best result.

K-Nearest Neighbour (K-NN): It investigate new
feature points by using a most important features by
calculating its K-value [29]. It can be calculated by
using Euclidean distance metrics.
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Voting: It combines the result of soft and hard
computing to give the best result [30] and it is also a
robust algorithm.

Naive Baye’s (NB): It gives the result on the basis
of datapoints are independent or not [31]. It
calculates the result by using the concept of
probability.

Random Forest: It gives the result by merging
more than one decision tree in which all trees are
with random subgroups to resolve the issue of
overfitting and increases the accuracy [32].

Gradient Boost (GB): It merge several weak
learners sequentially to make a strong predictive
classifier [33].

Adaptive Boost (AdaBoost): It enhances
classification accuracy and performs well with HD
data [34].

3.5 Flow-Chart

Figure-1 represents architecture diagram of
classification of NFR and FR of software
requirements. Performance measure is used to
evaluate the performance of classification. Several
ML classifiers, feature extraction technique and
feature selection techniques can be used.
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Figure 1: Architecture diagram of classification of non-Functional and Functional software Requirements
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4. RESULTS AND DISCUSSION

The experiments were carried out on a
workstation running Windows 11 Home OS and
with an Intel 12th Gen Intel(R) Core (TM) i7-1255U
1.70 GHz CPU and 16 GB RAM. Scikit-Learn
modules allowed for the usage of Python 3 with
Anaconda Spyder. The results and the discussion are
represented in this segment followed by short
description. Several ML algorithms such as Logistic
Regression (LR), Naive Bayes (NB), Decision-Tree
(D-Tree), Support Vector Machine (SVM),
Gradient-Boost (GB), Adaptive Boost (AdaBoost),
K-Nearest Neighbour (K-NN), Stacking, Random
Forest (RF) and Voting were used. K-NN, Stacking,
Random Forest (RF) and Voting were used.

Table-2 demonstrates the categorization of Multi-
Class NFR and FR with dataset-1
‘Software_Requirement.csv’. In this, Fast-Text
combined with PCA & Chi2 provides best
performance combined with SVM, Voting, RF, and
Stacking with a recall of 89%, accuracy of 88%, F1-
score of 87%, and precision of 89%. AdaBoost, NB,
D-Tree were poor performers due to weak nature,
dense vectors and overfittings. Word-2-Vec and
Glove gave average performance with Fl-score of
86%. Though some classifiers are having 90%
accuracy but their precision, recall and F1-score is
low, that’s why SVM, Voting, RF and Stacking have
been chosen as best classifiers.

Table-2: Results obtained after simulation with datasets-1 for multi-class classification of FR AND NFR.

Feature Extraction Feature Selection | ML F1- Recall | Accuracy | Precision
Classifier Score
BOW Voting 0.77 0.78 0.90 0.76
SVM 0.77 0.78 0.90 0.76
BOW +CHI2 Voting 0.77 0.78 0.90 0.76
BAG OF WORDS GB 0.77 0.78 0.90 0.76
BOW+PCA LR 0.70 0.71 0.90 0.69
Voting 0.70 0.71 0.90 0.69
SVM 0.70 0.71 0.90 0.69
TF-IDF LR 0.71 0.70 0.90 0.69
TERM-FEREQUENCY-INVERSE SVM 0.71 0.70 0.90 0.69
DOCUMENT FREQUENCY TF-IDF +CHI2 Voting 0.77 0.78 0.90 0.76
GB 0.77 0.78 0.90 0.76
TF-IDF+PCA LR 0.71 0.70 0.90 0.69
Voting 0.71 0.70 0.90 0.69
GB 0.71 0.70 0.90 0.69
WORD-2- Stacking 0.84 0.83 0.85 0.84
WORD-2-VECTORIZATION VEC
WORD-2-VEC Stacking 0.85 0.84 0.86 0.85
+CHI2
WORD-2- Stacking 0.85 0.84 0.86 0.85
VEC+PCA
Glove Stacking 0.85 0.84 0.86 0.85
GLOVE GLOVE +CHI2 Stacking 0.86 0.85 0.87 0.86
GLOVE +PCA Stacking 0.86 0.85 0.87 0.86
FASTTEXT Stacking 0.87 0.86 0.88 0.87
FASTTEXT FASTTEXT +CHI2 | Stacking 0.88 0.87 0.89 0.88
FASTTEXT +PCA | Stacking 0.88 0.87 0.89 0.88

Graphical analysis has also been used to demonstrate
this research. Figure 2.1 demonstrates about the
BOW combined with two feature selection methods
such as PCA & Chi2 simulated with ML classifier to
evaluate the performance in  multi-class
categorization of NFR & FR in software
requirements. Figure 2.2 demonstrates about the TF-
IDF combined with two feature selection methods
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such as PCA & Chi2 simulated with ML classifier to
evaluate the performance in  multi-class
categorization of NFR & FR in software
requirements. Figure 2.3 demonstrates about the
Word-2-Vec combined with two feature selection
methods such as PCA & Chi2 simulated with ML
classifier to evaluate the performance in multi-class
categorization of NFR & FR in software
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requirements. Figure 2.4 demonstrate about the classifier to evaluate the performance in multi-class
Glove separately combined with two feature categorization of NFR & FR in software
selection methods such as PCA & Chi2 simulated requirements. It mainly shows the graphical analysis
with ML classifier to evaluate the performance in  with all feature extraction techniques with feature
multi-class categorization of NFR & FR in software  election techniques simulated with ML classifiers for
requirements. Figure 2.5 demonstrates about the  the clarification of software requirement.

Fast-text combined with two feature selection

methods such as PCA & Chi2 simulated with ML
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Figure 2.1 Result of BOW in Multi-Classification of FR & NFR with Dataset-1
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Figure 2.2 Result of TF-IDF in Multi-Classification of FR & NFR with Dataset-1
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Figure 2.3 Result of WORD-VEC in Multi-Classification of FR & NFR with Dataset-1
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Figure 2.5 Result of FAST-TEXT in Multi-Classification of FR & NFR with Dataset-1

also achieved an accuracy of approximately 77%.
Average performing models like TF-IDF combined
8 with PCA an SVM has an accuracy of 63% whereas
Word-2-vec combined with RF provides the best Bow merged with SVM also reached an accuracy of
performance with Fl-score and accuracy of 78%.  64%. Fast-Text combined with PCA & Chi2 gave

Word-2-Vec combined with ensemble classifiers poor performance.

e ————
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Table-3 demonstrates the categorization of
Multi-Class NFR and FR with dataset-2
‘Risk Prediction.csv’. We have investigated that




Journal of Theoretical and Applied Information Technology
30 September 2026.

"
Vol.104. No.18 ~J

© Little Lion

Scientific

AT

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195 |

Table-3 Results obtained afier simulation with datasets-2 with multi-class classification of FR AND NFR.

Feature Extraction Feature Selection | ML F1- Recall | Accuracy | Precision
Classifier Score
BOW SVM 0.64 0.68 0.68 0.66
BOW +CHI2 D-Tree 0.51 0.63 0.63 0.56
BOW+PCA SVM 0.51 0.54 0.54 0.57
BAG OF WORDS
TF-IDF SVM 0.57 0.60 0.60 0.58
TERM FEREQUENCY-INVERSE | TF-IDF +CHI2 SVM 0.46 0.51 0.51 0.52
DOCUMENT FREQUENCY TF-IDF+PCA SVM 0.63 0.65 0.65 0.67
WORD-2-VEC Stacking 0.75 0.76 0.76 0.76
WORD-2-VECTORIZATION WORD-2-VEC RF 0.77 0.78 0.78 0.78
+CHI2
WORD-2- Voting 0.76 0.77 0.77 0.77
VEC+PCA
Glove LR 0.56 0.62 0.62 0.56
GLOVE GLOVE +CHI2 LR 0.56 0.62 0.62 0.56
GLOVE +PCA GB 0.53 0.61 0.61 0.50
FASTTEXT SVM 0.47 0.51 0.51 0.46
FASTTEXT FASTTEXT +CHI2 | GB 0.08 0.20 0.20 0.05
FASTTEXT +PCA | RF 0.55 0.58 0.58 0.62

Graphical analysis has also been used to demonstrate
this research. Figure 3.1 demonstrates about the
BOW combined with two feature selection methods
such as PCA & Chi2 simulated with ML classifier to
evaluate the performance in  multi-class
categorization of NFR & FR in software
requirements. Figure 3.2 demonstrates about the TF-
IDF combined with two feature selection methods
such as PCA & Chi2 merged with ML classifier to
evaluate the performance in  multi-class
categorization of NFR & FR in software
requirements. Figure 3.3 demonstrates about the
Word-2-Vec combined with two feature selection
methods such as PCA & Chi2 simulated with ML
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classifier to evaluate the performance in multi-class
categorization of NFR & FR in software
requirements. Figure 3.4 demonstrates about the
Glove with two feature selection methods such as
PCA & Chi2 simulated with ML classifier to
evaluate the performance in  multi-class
categorization of NFR & FR in software
requirements. Figure 3.5 demonstrates about the
Fast-text combined with two feature selection
methods such as PCA & Chi2 simulated with ML
classifier to evaluate the performance in multi-class
categorization of NFR & FR in software
requirements.




Journal of Theoretical and Applied Information Technology

30 September 2026.

Vol.104. No.18

© Little Lion Scientific

AMinn

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195 |

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

o

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

o

Ada Boost
K-NN

Stacking

D-Tree

Voting

SVM

BOW

BOW COMPARISION

Stacking
Voting
Ada Boost
K-NN

D-Tree

SVM
Stacking

BOW +CHI2

Voting

B F1-Score 0.58 0.08 0.59 0.57 W Recall 0.65 0.06 0.66 0.64

M Accuracy 0.65 0.06 0.66 0.64 m Precision 0.61 0.04 0.65 0.59

Ada Boost
K-NN
D-Tree

BOW+PCA

Figure 3.1. Result of BOW in Multi-Classification of FR & NFR with Dataset-2

[aa]
O

K-NN
D-Tree

-
wv
o
o

o
©

o
<

TF-IDF

TF-DIF COMPARISION

W W oy oz W
% %5*5 8x"T 7z
o > o
©
0 5]
<<
TF-IDF + CHI2

B F1-Score M Recall

W Accuracy M Precision

Stacking

Voting

[aa]
O

Ada Boost
K-NN
D-Tree

TF-IDF + PCA

Figure 3.2. Result of TF-IDF in Multi-Classification of FR & NFR with Dataset-2

106

SVM

SVM




Journal of Theoretical and Applied Information Technology
30" September 2026. Vol.104. No.18

© Little Lion Scientific T
ISSN: 1992-8645 WWw jatit.org E-ISSN: 1817-3195 |

WORD-2-VEC COMPARISION

0.8
0.75
0.7
0.65
0.6
0.55
S EEB5ZYESSTEPPBIZEESIT 2B EE LT3
S © 2 ¥ K n S © 2 ¥ K n S © 2 v K n
& > p o 8 > p o 8 > s o
) oS " kel « o
<< << <<
WORD-2-VEC WORD-2-VEC + CHI2 WORD-2-VEC + PCA
B F1-Score MRecall ® Accuracy  Precision
Figure 3.3. Result of WORD-2-VEC in Multi-Classification of FR & NFR with Dataset-2
GLOVE COMPARISION
0.7
0.6
0.5
0.4
0.3
0.2
01 ‘ ‘
0
S © ,:% v B n % ) 2 % K n % ) 2 ¥ K “»
o > s [a) s > s () & > p =)
" b wn b wn b
< < <
GLOVE GLOVE + CHI2 GLOVE + PCA

B F1-Score MRecall ™ Accuracy @ Precision

Figure 3.4. Result of GLOVE in Multi-Classification of FR & NFR with Dataset-2

e ————
107




Journal of Theoretical and Applied Information Technology
30" September 2026. Vol.104. No.18

N

© Little Lion Scientific

AMinn

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195 |

FAST-TEXT COMPARISION

0.7

0.6

0.5

0.

IS

0.

w

0.

N

0.

=

0 |
o
—

LR

Stacking
GB

Voting
GB
Ada Boost
K-NN
D-Tree
RF

SV
Stacking ==
Voting
Ada Boost

FASTTEXT

B F1-Score M Recall

FASTTEXT + CHI2

o)
O

K-NN
D-Tree

SV
Stacking
Voting
Ada Boost
K-NN
D-Tree

SV

FASTTEXT + PCA

Accuracy Precision

Figure 3.5. Result of FAST-TEXT in Multi-Classification of FR & NFR with Dataset-2

Table-4 demonstrates the categorization of Multi-
Class NFR & FR with dataset-3
‘New_Software Requirement.csv’. It has been
observed that Glove combined with chi-squared and
merged with RF that achieved the best precision of
77%, Fl-score of 74% and accuracy of 77%. Fast-

Text combined with PCA & Chi2, Bow with PCA
have given poor performance with F1-score of 35%
and 30%. Word-2-vec has also poorly performer
classifier with F1-score of 37%. TF-IDF combined
with Chi2 gives an average performance with an
accuracy of 69% and F1-score of 64%.

Table- 4 Results obtained after simulation with datasets-3 with multi-class classification of FR AND NFR.

Feature Extraction Feature Selection | ML F1- Recall | Accuracy | Precision
Classifier | Score
BOW RF 0.61 0.69 0.69 0.57
BOW +CHI2 GB 0.61 0.69 0.69 0.57
BOW+PCA SVM 0.46 053 | 053 0.42
BAG OF WORDS
TF-IDF SVM 0.48 0.53 0.53 0.46
TERM FEREQUENCY-INVERSE | TF-IDF +CHI2 SVM 0.64 0.69 0.69 0.61
DOCUMENT FREQUENCY TF-IDF+PCA SVM 0.64 0.69 0.69 0.61
WORD-2- SVM 0.33 0.31 0.46 0.38
WORD-2-VECTORIZATION VEC
WORD-2-VEC SVM 0.41 0.46 0.46 0.40
+CHI2
WORD-2- RF 0.42 0.46 0.46 0.41
VEC+PCA
Glove LR 0.46 0.53 0.53 0.43
GLOVE GLOVE +CHI2 RF 0.74 0.77 0.77 0.77
GLOVE +PCA D-Tree 0.55 0.61 0.61 0.52
FASTTEXT SVM 0.57 0.61 0.61 0.60
FASTTEXT FASTTEXT +CHI2 | LR 0.42 0.53 0.53 0.37
FASTTEXT +PCA | SVM 0.57 0.61 0.61 0.60
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Graphical analysis has also been used to
demonstrates this research. Figure 4.1 demonstrates
about the BOW combined with two feature selection
methods such as PCA & Chi2 simulated with ML
classifier to evaluate the performance in multi-class
categorization of NFR & FR in software
requirements. Figure 4.2 demonstrates about the TF-
IDF combined with two feature selection methods
such as PCA & Chi2 simulated with ML classifier to
evaluate the performance in  multi-class
categorization of NFR & FR in software
requirements. Figure 4.3 demonstrates about the
Word-2-Vec combined with two feature selection
methods such as PCA & Chi2 simulated with ML

classifier to evaluate the performance in multi-class
categorization of NFR & FR in software
requirements. Figure 4.4 demonstrates about the
Glove combined with two feature selection methods
such as PCA & Chi2 simulated with ML classifier to
evaluate the performance in  multi-class
categorization of NFR & FR in software
requirements. Figure 4.5 demonstrates about the
Fast-text combined with two feature selection
methods such as PCA & Chi2 simulated with ML
classifier to evaluate the performance in multi-class
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Figure 4.1. Result of BOW in Multi-Classification of FR & NFR with Dataset-3
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The table-5 demonstrates the categorization of Binary Classification of NFR & FR with dataset-1
‘Software_requirement.csv’. It has been investigated that TF-IDF combined with Chi2 simulated with ML
classifier such as SVM, Voting, LR, Stacking and NB have achieved an accuracy of 98% but SVM achieved
the best Fl-score, recall, accuracy and precision of 98%. Bow combined with Chi2 simulated with LR,
stacking & NB reached an accuracy of 97%. Word-2-VEC, Glove and Fast-Text combined with SVM and

Stacking has also given a significant F1-score of 88% to 89%.

B ——————————————
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Table-5 Results obtained after simulation with datasets-1 with Binary classification of FR AND NFR.

Feature Extraction Feature Selection | ML F1- Recall | Accuracy | Precision
Classifier Score
BOW LR 0.96 0.98 0.96 0.95
BOW +CHI2 Stacking 0.97 0.98 0.97 0.96
BOW-+PCA LR 0.92 0.92 0.92 0.92
BAG OF WORDS
TF-IDF SVM 0.98 0.98 0.98 0.98
TERM FEREQUENCY-INVERSE | TF-IDF +CHI2 SVM 0.98 0.98 0.98 0.98
DOCUMENT FREQUENCY TF-IDF+PCA SVM 0.89 0.89 0.89 0.89
WORD-2- SVM 0.87 0.88 0.88 0.87
WORD-2-VECTORIZATION VEC
WORD-2-VEC SVM 0.88 0.88 0.88 0.88
+CHI2
WORD-2- Stacking 0.89 0.89 0.89 0.89
VEC+PCA
Glove Stacking 0.89 0.89 0.89 0.89
GLOVE GLOVE +CHI2 Stacking 0.89 0.89 0.89 0.89
GLOVE +PCA Stacking 0.89 0.89 0.89 0.89
FASTTEXT Stacking 0.89 0.90 0.90 0.89
FASTTEXT FASTTEXT +CHI2 | Stacking 0.90 0.90 0.90 0.90
FASTTEXT +PCA Stacking 0.89 0.89 0.89 0.89

Graphical analysis has also been used to

demonstrate this research. Figure 5.1 demonstrates
about the BOW separately and combined with two
feature selection methods such as PCA & Chi2
merged with ML classifier to evaluate the
performance measures in Binary-class
categorization of NFR & FR in software
requirements. Figure 5.2 demonstrates about the TF-
IDF combined with two feature selection methods
such as PCA & Chi2 simulated with ML classifier to
evaluate the performance measures in multi-class
categorization of NFR & FR in software
requirements. Figure 5.3 demonstrates about the
Word-2-Vec combined with two feature selection
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methods such as PCA & Chi2 simulated with ML

classifier to evaluate the performance measures in
multi-class categorization of NFR & FR in software
requirements. Figure 5.4 demonstrates about the
Glove combined with two feature selection methods
such as PCA & Chi2 simulated with ML classifier to
evaluate the performance measures in multi-class
categorization of NFR & FR in software
requirements. Figure 5.5 demonstrates about the
Fast-text combined with two feature selection
methods such as PCA & Chi2 simulated with ML
classifier to evaluate the performance measures in
multi-class categorization of NFR & FR in software
requirements.
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Figure 5.4. Result of GLOVE in Binary-Classification of FR & NFR with Dataset-1
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Table-6 demonstrates the categorization of
binary classification of NFR & FR with dataset-2
‘Risk prediction.csv’. It has been investigated TF-
IDF combined with Chi2 and simulated with LR has
achieved the best accuracy of 92%. Fast-Text with
PCA provides poor performance with an accuracy of
58% to 63% and D-Tree also gave worst

performance with all ML classifier in the range of
48% due to concept of overfitting. Glove provides an
average performance with an accuracy of 86 % with
AdaBoost and 83% with RF. Word-2-Vec is also
similar to Glove that achieved an accuracy of 81% to
83%.

Table-6 Results obtained after simulation with datasets-2 with Binary-class classification of FR AND NFR.

Feature Extraction Feature Selection | ML F1- Recall | Accuracy | Precision
Classifier | Score
BOW Stacking 0.83 0.83 0.83 0.83
BOW +CHI2 NB 0.92 0.92 0.92 0.92
BOW+PCA Stacking 0.84 0.84 0.84 0.84
BAG OF WORDS
TF-IDF Voting 0.92 0.92 0.92 0.92
TERM FEREQUENCY-INVERSE | TF-IDF +CHI2 LR 0.92 0.92 0.92 0.92
DOCUMENT FREQUENCY TF-IDF+PCA NB 0.89 0.89 0.89 0.89
WORD-2- LR 0.83 0.83 0.83 0.83
WORD-2-VECTORIZATION VEC
WORD-2-VEC LR 0.83 0.83 0.83 0.83
+CHI2
WORD-2- RF 0.83 0.83 0.83 0.83
VEC+PCA
Glove RF 0.83 0.83 0.83 0.83
GLOVE GLOVE +CHI2 LR 0.81 0.81 0.81 0.81
GLOVE +PCA Stacking 0.86 0.86 0.86 0.86
FASTTEXT RF 0.73 0.73 0.73 0.73
FASTTEXT FASTTEXT +CHI2 | Voting 0.76 0.76 0.76 0.76
FASTTEXT +PCA | D-Tree 0.66 0.66 0.66 0.66
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Graphical analysis has also been used to
demonstrate this research. Figure 6.1 demonstrates
about the BOW combined with two feature selection
methods such as PCA & Chi2 simulated with ML
classifier to evaluate the performance in binary-class
categorization of NFR & FR in software
requirements. Figure 6.2 demonstrates about the TF-
IDF combined with two feature selection methods
such as PCA & Chi2 simulated with ML classifier to
evaluate the performance in  multi-class
categorization of NFR & FR in software
requirements. Figure 6.3 demonstrates about the
Word-2-Vec separately and combined with two
feature selection methods such as PCA & Chi2

simulated with ML classifier to evaluate the
performance in multi-class categorization of NFR &
FR in software requirements. Figure 6.4
demonstrates about the Glove with two feature
selection methods such as PCA & Chi2 simulated
with ML classifier to evaluate the performance in
multi-class categorization of NFR & FR in software
requirements. Figure 6.5 demonstrates about the
Fast-text combined with two feature selection
methods such as PCA & Chi2 simulated with ML
classifier to evaluate the performance in multi-class
categorization of NFR & FR in software
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Table-7 demonstrates the categorization of
Binary Classification of NFR & FR with dataset-3
‘New_Software Requirements.csv’. It has been
investigated that AdaBoost combined with PCA and
achieved an accuracy of 92% and highest

precision of 94%. Glove combined with K-NN, D-
Tree and RF gave average performance precision of
92%. Fast-Text combined with PCA and SVM also
gave average performance in precision of 91%.

Table-7 Results obtained after simulation with datasets-3 with Binary-class classification of FR AND NFR.

Feature Extraction Feature Selection | ML F1- Recall | Accuracy | Precision
Classifier | Score
BOW NB 0.92 0.92 0.92 0.92
BOW +CHI2 NB 0.92 0.92 0.92 0.92
BOW+PCA RF 0.91 0.92 0.92 0.92
BAG OF WORDS
TF-IDF Voting 0.91 0.92 0.92 0.92
TERM FEREQUENCY-INVERSE | TF-IDF +CHI2 Ada Boost 0.91 0.92 0.92 0.92
DOCUMENT FREQUENCY TF-IDF+PCA Ada Boost 0.92 0.92 0.92 0.94
WORD-2- LR 0.92 0.92 0.92 0.92
WORD-2-VECTORIZATION VEC
WORD-2-VEC Stacking 0.91 0.92 0.92 0.92
+CHI2
WORD-2- Stacking 0.91 0.92 0.92 0.92
VEC+PCA
Glove RF 0.91 0.92 0.92 0.92
GLOVE GLOVE +CHI2 RF 0.91 0.92 0.92 0.92
GLOVE +PCA Stacking 0.91 0.92 0.92 0.92
FASTTEXT RF 0.92 0.92 0.92 0.91
FASTTEXT FASTTEXT +CHI2 | Stacking 0.92 0.92 0.92 0.91
FASTTEXT +PCA | GB 0.92 0.92 0.92 0.91

Graphical analysis has also been used to
demonstrate this research. Figure 7.1 demonstrates
about the BOW combined with two feature selection
methods such as PCA & Chi2 simulated with ML
classifier to evaluate the performance in Binary-class
categorization of NFR & FR in software
requirements. Figure 7.2 demonstrates about the TF-
IDF combined with two feature selection methods
such as PCA & Chi2 simulated with ML classifier to
evaluate the performance in  multi-class
categorization of NFR & FR in software
requirements. Figure 7.3 demonstrates about the
Word-2-Vec combined with two feature selection
methods such as PCA & Chi2 simulated with ML

classifier to evaluate the performance in multi-class
categorization of NFR & FR in software
requirements. Figure 7.4 demonstrates about the
Glove combined with two feature selection methods
such as PCA & Chi2 simulated with ML classifier to
evaluate the performance in  multi-class
categorization of NFR & FR in software
requirements. Figure 7.5 demonstrates about the
Fast-text combined with two feature selection
methods such as PCA & Chi2 simulated with ML
classifier to evaluate the performance in multi-class
categorization of NFR & FR in software
requirements.
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Some works on dataset-1 have been found in the
literature. The  Table-VIII  represents the
comparative performance study of binary and multi-
class classification of NFR and FR with datasets-1
‘software_requirement.csv’ with other works. In
this, performance is evaluated on applying ML
classifier with different feature extraction and
feature selection method such as Tf-Idf, BOW, Chi2
and also some research papers have used the concept
of deep learning such as BiLSTM that achieves an
accuracy of 90%, Zero-Shot learning has achieved
an accuracy in the range of 72% to 80%. On dataset-
2 and dataset-3 no other works could be found in the
literature. This proves novelty of this research. In

this research work we have used three datasets such
as

‘software_requirement.csv’,‘software risk predictio
n.csv’  and ‘new_software requirement.csv’ thatis
nobility of my work. In recent research papers all
work is done on only dataset-1. It has been found that
in multi-class categorization of NFR & FR, dataset-
1 achieved an accuracy of 90%, dataset-2 achieved
an accuracy of 78%, and dataset-3 achieved an
accuracy of 77%. In binary-classification of NFR &
FR, it has been investigated that dataset-1 achieved
an accuracy of 98%, dataset-2 achieved an accuracy
of 92% and dataset-3 achieved an accuracy of 92%.

Table-8 Comparative Analysis of Binary and Multi-Class Categorization of NFR and FR with Dataset-1

(2024)

Work Details Models used Results of  Binary | Results of Multi-Class
Classification Classification
Binkhonain and Zhao | HierarchicalML models Accuracy  :63%, F1- | NIL
[1] (2023) score:51% [10-cross fold]
Accuracy: 64%, Fl-score:
50% [P-fold]
Muhammad bin | MAML, Prototypical, | MAML :77% NIL
Saleem et al. [2] (2025) | Networks Proto-Net: 82%
Alhoshan et al. [3] | GPT based Zero-Shot Accuracy:66% Accuracy: 72 to 80%
(2023)
Vincenzo De Martin | Hybrid-rule based method | Accuracy :93% NIL
and Fabio Palomba [4] | using RF, SVM, K-NN,
NLP, LR, D-Tree, NB
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Canedo and Mendes

SVM, NB, LR, K-NN

Accuracy: 91%

Accuracy: 78%

[7] (2023)

MNB, SVC, CNB, D-Tree,
K-NN, Bagging, RF, Ada-
Boost & GB

[5] (2020)

Jindal [6] RF, Logit-Boost, MLP, Ada- | NIL Accuracy: 77%
(2021) boost, NB, J48, Bagging

Rahman and Nayem | Ridge, LR, SGD, PA, BNB, | NIL Accuracy: 82%

(2023)

NN

K. Kaur and P.Kaur [8] | Deep-learning such as CNN- | Accuracy: 95% NIL
(2023) BiLSTM
Vrutik Patel et. al [9] | NB, SVM, D-Tree and K- | Accuracy: 90% NIL

Gaith Y Quba et. al
[10] (2021)

K-NN & SVM

Accuracy: 90%

Accuracy: 72%

My work
[work-11]

SVM, LR, NB, GB, Ada-
Boost, Stacking, RF, K-NN,

Accuracy: 99%

D-Tree, Voting

Accuracy: 89%

5. CONCLUSION AND FUTURE WORK

This research demonstrated about the
several feature selection, feature extraction and
ML models for software requirement
categorization in NFR & FR from the SRS
Documents. Through investigation the overall
results represented that Fast-Text merged with
stacking and Chi2 gives the best results across
all feature extraction and selection techniques
which reached an accuracy of 89% and FI1-
Score of 88% in the multi-class classification of
FR & NFR in software requirements
classification by using the ‘promise dataset’. In
binary classification of FR & NFR across all
experiments, TF-IDF is the best feature
extraction method that gave an accuracy of 99%
and F1-score is 98 %. It is also best option when
TF-IDF combined with CHI2 and simulated
with SVM & Stacking which also achieved an
accuracy of 97%. PCA is found not much
useful.

In the future, deep learning concept like
GPT based techniques, Distil-Bert, Roberta, S-
Bert and transformer classifier could also be
used for automation of software requirements.
The concept of other feature extraction and
selection techniques like mutual-information,
genetic models and particular domain datasets
could be used for increasing the performance of
the model. The research could also move
towards hybrid feature methods like POS tags
that automate the FR and NFR classification in
more powerful manner.
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