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ABSTRACT 

The evolving complexity of software systems demands smarter Requirements Engineering (RE) methods 
that can uncover both explicit and implicit user needs. Traditional RE techniques often miss latent contextual 
information, leading to incomplete or suboptimal system specifications. This paper introduces an AI-
enhanced framework that integrates Natural Language Processing (NLP), Machine Learning (ML), and 
Knowledge Graphs (KGs) to intelligently extract, and classify requirements. Explicit requirements are 
derived from structured documentation using BERT and TF-IDF, while implicit requirements are inferred 
from behavioral patterns and unstructured data. Class imbalance is mitigated using SMOTE and ADASYN 
techniques, and deep learning via BiLSTM captures bidirectional semantic dependencies. The PROMISE 
dataset is used to train and evaluate the model, with results benchmarked using accuracy, F1-score, and 
ontology completeness. The resulting knowledge graph enables contextual traceability. Our framework 
demonstrates improved requirement visibility, and semantic enrichment, moving RE toward a more 
intelligent, context-aware discipline. 
Keywords: Requirements Engineering RE, Explicit and Implicit Requirements, Knowledge Graphs KG, 

Natural Language Processing NLP, Machine Learning ML, AI-Driven Requirements Analysis. 

1. INTRODUCTION 

In modern software development, the 
success of a system often hinges on the 
completeness, accuracy, and adaptability of its 
requirements. Traditional Requirements 
Engineering (RE) practices primarily focus on 
eliciting explicit requirements, those that are 
clearly articulated by stakeholders or written into 
specifications. However, in many complex and 
user-driven environments, a large portion of the 
requirements exist implicitly, embedded in 
stakeholder behavior, historical documents, 
system logs, and even organizational routines (1). 
Requirements Engineering (RE) serves as the 
critical foundation for building systems that fulfill 
stakeholder expectations. However, traditional 
RE processes often emphasize explicitly stated 
requirements, those gathered through interviews, 
questionnaires, and documented specifications. 
While neglecting implicit requirements embedded 
in stakeholder behavior, historical data, or 

contextual clues. This oversight results in 
information asymmetries that undermine software 
quality and system adaptability (2). However, 
despite the importance of both explicit and 
implicit knowledge in RE, existing practices still 
lack robust mechanisms for systematically 
identifying, classifying, and representing implicit 
requirements at scale. Current methods often treat 
requirement elicitation as a static process, leaving 
a gap in automated discovery, semantic 
understanding, and traceability, particularly when 
requirements are unstructured, ambiguous, or 
evolve over time. This represents a significant 
research problem that the field has yet to fully 
address. 

To tackle this duality, recent research 
has proposed AI-driven approaches that leverage 
Natural Language Processing (NLP), Machine 
Learning (ML), and Knowledge Graphs (KGs) to 
support the intelligent discovery and 
interpretation of both explicit and implicit 
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requirements (3). These methods bring 
automation and reasoning capabilities to RE, 
enabling dynamic requirement identification, 
traceability, and prioritization. With the rise of 
Artificial Intelligence (AI) and Knowledge 
Graphs (KGs), there is a unique opportunity to 
bridge this gap. AI technologies such as natural 
language processing (NLP) and machine learning 
(ML) are now capable of extracting and 
interpreting both explicit and implicit information 
at scale. Simultaneously, knowledge graphs allow 
for the structured, semantic representation of 
complex requirement interrelations, aiding 
prioritization, traceability, and dynamic updates 
(4). 

Knowledge Graphs, in particular, have 
emerged as powerful structures for representing 
complex relationships between requirement 
entities. They facilitate semantic reasoning and 
can support dynamic priority redefinition based 
on the contextual interdependencies of system 
components (5). Combined with deep learning, 
KGs can extract, complete, and reason over both 
structured and unstructured knowledge from 
diverse requirement sources (6). Moreover, 
Knowledge Graphs act as a connective tissue 
between fragmented data formats, transforming 
siloed insights into a semantic network of 
interconnected knowledge (7). They enable both 
explicit representation of requirements and 
implicit inference mechanisms using ontology-
driven reasoning (8). 

Recent studies have also demonstrated 
the use of generative AI and large language 
models to interpret vague or ambiguous 
requirement statements and convert them into 
actionable engineering tasks (9). These models, 
when integrated with knowledge graph backends, 
show promise in supporting requirement 
evolution, real-time conflict detection, and 
informed trade-off analysis (10). Moreover, the 
need for context-aware and adaptive RE systems 
has led to increased research on goal-driven and 
ontology-based models (11), which align well 
with KG-centric approaches. This synergy also 
supports traceability across lifecycle stages, from 
conceptual design to system implementation by 
enabling automated linkage of requirement 
rationale and domain concepts (12). Despite these 
advances, challenges persist in extracting latent 
requirements from unstructured data, modeling 
semantic conflicts among interdependent goals, 
and ensuring that requirement prioritization 
reflects evolving user and business needs (13). 

Addressing these gaps calls for a framework that 
unifies AI-based extraction, KG reasoning, and 
dynamic priority redefinition. 

Therefore, the objective of this study is 
to develop and evaluate an AI-enhanced 
framework that integrates NLP, ML, and KG-
based reasoning to address the research gap in 
identifying and classifying explicit and implicit 
requirements. The proposed approach applies 
BERT-based embeddings, TF-IDF extraction, 
class balancing techniques (SMOTE, ADASYN, 
SMOTE-ENN), and deep learning through 
BiLSTM to improve requirement classification 
accuracy. The classified requirements are then 
transformed into a domain-specific Knowledge 
Graph to support semantic representation and 
reasoning. 

By combining statistical, semantic, and 
graph-based methods, this study aims to 
contribute a unified, intelligent RE framework 
that enhances requirement visibility, contextual 
understanding, and traceability, addressing a 
critical need in both industry and academic RE 
research. 

2. BACKGROUND 

The automation of Requirements 
Engineering (RE) has evolved significantly in 
recent years, driven by advancements in Natural 
Language Processing (NLP), Machine Learning 
(ML), Deep Learning (DL), and semantic 
knowledge representation. However, despite this 
progress, challenges remain in the simultaneous 
extraction of explicit requirements, inference of 
implicit requirements, and semantic structuring of 
requirement knowledge. This section reviews 
prior work across these domains, identifies key 
limitations, and highlights the research gap 
addressed by the proposed framework. 

2.1 Requirements Engineering: Explicit and 
Implicit Knowledge 

Requirements Engineering (RE) serves 
as the foundation for aligning system 
functionality with stakeholder intent. 
Traditionally, RE has focused on gathering 
explicit requirements, those formally articulated 
through interviews, documentation, or 
specifications. However, this approach often 
overlooks implicit requirements, which are 
unspoken assumptions, user expectations, or 
contextual dependencies embedded in 
communication patterns, behaviors, and historical 
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data (1). Recent efforts have focused on 
formalizing implicit knowledge extraction, 
recognizing that unexpressed needs can lead to 
feature gaps or stakeholder dissatisfaction. 
Researchers such as (3) have proposed 
frameworks that integrate implicit cues using AI-
enhanced models for model-driven requirement 
extraction. 

2.2 AI and NLP in Requirements Engineering 

The integration of Natural Language 
Processing (NLP) and Machine Learning (ML) 
into RE has enabled automated parsing of large-
scale documentation and feedback, improving 
both scalability and accuracy (5). NLP-based RE 
tools can extract intent, entities, and relations 
from natural text using pretrained models such as 
BERT or domain-specific transformers. The 
integration of Artificial Intelligence (AI), 
especially Natural Language Processing (NLP) 
and Machine Learning (ML) has facilitated 
automated approaches to capture both explicit and 
implicit requirements. (3) introduced a model-
driven RE framework that uses NLP and semantic 
analysis to detect hidden intents in stakeholder 
documents. Similarly, (14) provide a 
comprehensive review of how ML is transforming 
requirements elicitation, particularly through 
pattern recognition and data-driven refinement. 
Generative approaches using LLMs (Large 
Language Models) are emerging as powerful tools 
for interpreting ambiguous stakeholder inputs, 
transforming them into structured requirement 
artifacts (9). These approaches also support 
summarization, prioritization, and dialog-based 
clarification. 

2.3 Knowledge Graphs in RE 

Knowledge Graphs (KGs) have emerged 
as robust tools for organizing, connecting, and 
reasoning over extracted requirements. By 
structuring domain-specific knowledge into 
nodes and edges, KGs enable traceability, impact 
analysis, and consistency checks (6). They also 
allow inference of implicit links between 
requirements and help identify redundancies or 
conflicts. Research by (10). has shown how KGs 
combined with NLP enhance the adaptability of 
RE artifacts. Similarly, (11). demonstrated KG-
based curriculum design that aligns educational 
goals (a form of requirements) to evolving learner 
data, a method easily translatable to software RE. 
The use of Knowledge Graphs (KGs) offers a 
semantic and scalable method for representing 
interconnected requirement data. KGs encode 

both formal (explicit) and informal (implicit) 
relationships, enabling advanced reasoning and 
prioritization strategies. For example, (15) 
developed a knowledge representation system 
using NLP to map requirements documents to a 
KG structure. 

2.4 Priority Redefinition through AI 
Reasoning 

While conventional RE often fixes 
priorities early, real world systems evolve 
dynamically. Priorities should shift based on new 
dependencies, emerging constraints, or user 
behavior patterns. AI techniques, particularly 
graph reasoning and deep learning-based 
prioritization, have been proposed for these 
challenges (12). A reinforcement learning-based 
KG reasoning framework was introduced by (5), 
enabling intelligent inference of updated priorities 
based on task dependencies and feedback loops. 

2.5 Human-AI Collaboration and Ethical 
Concerns 

Collaborative RE systems that include 
AI agents raise questions of explainability, bias 
detection, and trust. (13) discussed knowledge 
graph-enhanced human-AI teaming systems that 
ensure transparent requirement decisions, 
especially in regulatory contexts. This reinforces 
the need for interpretable AI pipelines in RE 
workflows. 

2.6 Deep Learning enhanced KG models 

Deep Learning enhanced KG models are 
emerging to link knowledge mining with neural 
feature extraction. (16) use NLP and transfer 
learning to model autonomous knowledge mining 
and implicit requirement discovery from 
construction documents. This aligns with the 
work of (17), who developed ontology testing 
techniques powered by knowledge graph 
embeddings. The synergy between Large 
Language Models (LLMs) and KGs is also 
gaining attention. (18) explore this interplay, 
emphasizing how LLMs can inject deep 
contextual reasoning into KGs for requirements 
interpretation. Similarly, (19) discuss challenges 
in aligning symbolic reasoning with neural-based 
systems for better transparency and scalability. 

2.7 Hybrid systems 

Hybrid systems combining logical 
reasoning and ML have also been proposed. (20) 
demonstrated that hybrid reasoning frameworks 
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can assist goal modeling in RE, enabling systems 
to incorporate implicit domain knowledge and 
logical constraints. Likewise, (21) proposed 
leveraging KGs to create a machine learning 
engineering body of knowledge, stressing the 
need to represent tacit engineering practices 
formally. Further extending this, systems like 
those described by (22) classify NLP techniques 
for RE based on the origin of knowledge (explicit 
vs. implicit), suggesting classification pipelines 
that continuously refine requirements from 
various sources. (23) conducted a systematic 
review of KGs in software engineering, 
underlining their role in implicit knowledge 
embedding and semantic enrichment. Some 
systems also embed commonsense reasoning into 
NLP models. (24) combined text mining with 
commonsense knowledge to locate implicit 
requirements in stakeholder narratives. In 
alignment, (25) proposed a model integrating AI 
planning with NLP to balance explicit procedural 
steps and tacit knowledge during system 
specification. 

2.8 Summary of Research Gaps 

Across the literature, several persistent 
limitations are identified: 

 Fragmented Approaches: Existing solutions 
address isolated components, classification, 
implicit detection, or KG construction, rather 
than offering an integrated framework. 

 Difficulty Handling Implicit Requirements: 
Few studies provide robust mechanisms for 
detecting implicit or context-dependent 
requirements from unstructured data. 

 Weak Multi-Class NFR Performance: Many 
models achieve high binary accuracy but 
significantly lower results for full multi-class 
classification. 

 Limited Semantic Integration: Knowledge 
Graphs are underutilized as reasoning tools 
that can enhance classification and 
traceability. 

These gaps highlight the need for a unified, AI-
driven approach that integrates advanced NLP 
models (e.g., BERT), class imbalance solutions 
(SMOTE/SMOTE-ENN), deep learning 
architectures (BiLSTM), and semantic KG 
representation. 

2.8 Contribution of the Proposed Work 

The proposed framework addresses the above 
limitations by: 

 Combining NLP, ML, and DL techniques for 
end-to-end classification of explicit and 
implicit requirements. 

 Integrating class imbalance handling to 
improve NFR subtype recognition. 

 Employing BERT + BiLSTM for superior 
contextual understanding. 

 Constructing a domain-specific Knowledge 
Graph for semantic enrichment, traceability, 
and reasoning. 

 Providing a unified pipeline that bridges the 
gap between extraction, classification, and 
semantic representation. 

3. RELATED WORK 

There have been a few researches done 
on the topic in the past 5 years. In the (Table 1), 
we have summarized the most related papers that 
has a very close relation to the work done in our 
research. The summary table presents a 
comparative analysis of various machine learning 
and deep learning approaches for classifying non-
functional requirements (NFRs) in software 
engineering, highlighting their models, 
methodologies, and performance metrics. (26) 
employed traditional machine learning algorithms 
like Logistic Regression, SVM, Multinomial 
Naive Bayes, and KNN with TF-IDF and Chi-
Squared feature extraction, achieving a solid 91% 
accuracy and 0.91 F1-score for binary 
classification, though performance dropped for 
general classification (0.78 F1-score). (27) 
utilized a Linear Support Vector Classifier with 
TF-IDF vectorization, slightly improving 
accuracy to 91.5% with high precision for NFR 
classification. In contrast, (28) leveraged a CNN 
with a Flower Pollination Optimizer and SMOTE, 
demonstrating superior performance with 
accuracies ranging from 94.48% to 97.13% on 
balanced datasets and 87.45% to 98% on 
unbalanced ones, reflecting robustness across data 
conditions. (29) applied deep learning models 
(CNN, LSTM, GRU), achieving a high 96% 
accuracy with strong precision and F1-scores, 
underscoring the efficacy of deep learning for 
NFR tasks. Lastly, (30) used a Bidirectional GRU, 
achieving 90% accuracy for binary and 85% for 
multiclass classification, with slightly lower 
precision and F1-scores for multiclass tasks. 
Collectively, the table illustrates a trend where 
deep learning models (e.g., CNN, GRU) 
outperform traditional machine learning 
approaches in accuracy and robustness, 
particularly when enhanced by advanced 
optimization and balancing techniques, though 
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traditional methods remain competitive for 
specific binary classification tasks. 

 

Table 1: Related Work Papers from 2020 till 2025 

Paper Model & Methodology Accuracy Precision F1-Score 

[26] 

Logistic Regression (LR), 
Support Vector Machine (SVM), 
Multinomial Naive Bayes 
(MNB), k-Nearest Neighbors 
(KNN) with TF-IDF and Chi-
Squared feature extraction 

91% (binary classification) 
Varied per 
model 

0.91 (binary), 
0.74 (NF 
classification)
, 0.78 (general 
classification) 

[27] 
Linear Support Vector Classifier 
with TF-IDF vectorization 

91.5% 
High precision 
for NF 
classification 

91.5% 

[28] 
CNN with Flower Pollination 
Optimizer (FPO) and SMOTE 
for class balancing 

94.48% - 97.13% (balanced 
dataset), 87.45% - 98% 
(unbalanced dataset) 

High precision High F1-score 

[29] 

Deep learning-based 
classification of non-functional 
requirements using CNN, 
LSTM, and GRU 

96% High precision High F1-score 

[30] 
Bidirectional Gated Recurrent 
Unit (BiGRU) 

90% (binary classification); 85% 
(multiclass). 

89% (binary); 
83% 
(multiclass). 

90% (binary); 
84% 
(multiclass). 

4. METHODOLOGY 

This section describes the proposed AI-
driven framework for classifying software 
requirements and constructing a knowledge graph 
representation. The methodology is designed to 
be reproducible, with a clearly defined sequence 
of stages: data acquisition, preprocessing, feature 
extraction, class imbalance handling, model 
training and evaluation, and knowledge graph 
construction. 

4.1 Data Source 

Requirements classification. The dataset 
contains textual requirement statements labeled 
as: 

 Functional Requirements (FR) 
 Non-Functional Requirements (NFR), 

further divided into subcategories such as 
performance, security, usability, reliability, 
maintainability, and others (see Table 3). 

In our experiments, the PROMISE dataset is used 
for two main tasks: 

 Binary classification: FR vs. NFR 
 Full multi-class classification: FR and NFR 

subtypes (14 classes in total) 

The dataset is split into training (80%) and testing 
(20%), stratified by class to preserve label 
distribution. 

. 

4.2 System Pipeline 

The system pipeline (see Figure 1) consists of 
the following sequential stages: 

1. Data Import: Extraction of raw software 
requirement entries from the PROMISE 
dataset. 

2. Preprocessing: Includes lowercasing, stop-
word removal, and punctuation cleanup. 

3. Tokenization & Embedding: 
a. TF-IDF for keyword-based 

importance. 
b. BERT for context-rich word 

embeddings. 
4. Handling Minority Classes: 

a. SMOTE and ADASYN for 
synthetic oversampling. 

b. SMOTE-ENN for noise reduction 
in boundary samples. 

5. Data Splitting: 80/20 ratio into training and 
testing sets. 
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6. Model Training: Using BiLSTM to capture 
sequential dependencies from both 
directions. 

7. Evaluation: Metrics include precision, recall, 
F1-score, and accuracy. 

8. Knowledge Graph Construction: Labeled 
requirements are semantically structured 
into a KG. 

4.3 Tools & Frameworks 

1. NLP Toolkit: HuggingFace Transformers 
(BERT), Scikit-learn (TF-IDF) 

2. Imbalance Handling: imbalanced-learn 
(SMOTE, ADASYN, SMOTE-ENN) 

3. Modeling: TensorFlow/Keras for BiLSTM 
4. Semantic Modeling: RDFLib, neo4j for KG 

construction and Cypher querying 

 

Figure 1: System Architecture Overview 

 

5. OVERVIEW OF THE EXPERIMENTS  

We developed eight distinct hybrid 
systems and evaluated each based-on accuracy, 
precision, and F1-score. These combinations were 
inspired by prior related studies but were 
enhanced and modified through custom Python 
implementations and libraries. All models were 
tested using the same dataset and executed on a 
consistent hardware environment with the 
following specifications: 

 Processor: AMD Ryzen 7 5700G with 
Radeon Graphics, 3.80 GHz 

 Installed RAM: 32.0 GB (31.4 GB usable) 
 System Type: 64-bit operating system, x64-

based processor 

The experimental methodology incorporated a 
variety of algorithms and techniques for 
tokenization, handling class imbalance, and 

selecting machine learning algorithms. Table 2, 
summarizes the different models and the specific 
algorithmic choices used in each. 

5.1 experiments design 

We conducted eight experiments aimed at 
classifying software requirements into two main 
tasks: (1) binary classification of requirements 
into functional (FR) and non-functional (NFR) 
categories, and (2) multi-class classification of 
NFRs into specific subcategories such as 
performance, security, usability, and reliability. 
Each experiment employed a unique combination 
of tokenization techniques (TF-IDF or BERT), 
class imbalance handling methods (SMOTE, 
ADASYN, SMOTE-ENN, or none), and machine 
learning algorithms (Random Forest, LightGBM, 
Multi-Layer Perceptron Classifier [MLPC], 
BiLSTM using TensorFlow or PyTorch, and 
Random Forest with K-Fold cross-validation). 
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Although the dataset is not explicitly detailed, it 
is presumed to consist of software requirement 
statements and to exhibit class imbalance, 
particularly within NFR subtypes, justifying the 
application of data balancing techniques. Model 
performance was evaluated using standard 
metrics: accuracy, precision, and F1-score for 
both classification tasks. The experimental design 
integrates a variety of approaches, including 
traditional machine learning methods (e.g., 
Random Forest, LightGBM), deep learning 

techniques (e.g., MLPC, BiLSTM), and advanced 
natural language processing strategies (e.g., 
BERT). The use of class balancing methods 
indicates a focus on mitigating the 
underrepresentation of certain NFR categories. 
The overarching objective was to determine the 
most effective model configuration for accurately 
automating both binary and multi-class 
classification tasks in the context of requirements 
engineering. 

 

Table 2: Models Experiment Summary 

Model Tokenization 
Method 

Minority 
class 
handling 
algorithm 

Machine 
Learning 
algorithm  

Classification Accuracy Precision F1-Score 

    Binary Full Binary Full Binary Full Binary 

1 TF-IDF SMOTE 
Random 
Forest 

Yes Yes 90.4 60 92 74 89 

2 TF-IDF SMOTE LGBM Yes Yes 84 56.8 83 44 83 

3 BERT ADASYN 
Random 

Forest + K-
Fold 

Yes Yes 83 68.9 83.6 70 83.3 

4 BERT SMOTE 
MLPC + K-

Fold 
Yes Yes 84.96 73.4 85.3 75.5 84.98 

5 BERT No 
BiLSTM + 

Tensor Torch 
Yes No 72.8 N/A 70 N/A 74 

6 BERT SMOTE 
BiLSTM + 

Tensor Torch 
Yes Yes 97.27 76.0 97.0 76 97.2 

7 BERT SMOTE-ENN 
BiLSTM + 

Tensor Torch 
Yes Yes 97.27 78.4 97.27 78 97.2 

8 BERT SMOTE 
Random 
Forest 

Yes Yes 89.9 48 89.9 48 89.8 

Chart 1: Models Experiment Summary 
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5.2 Analysis of Binary Classification 
Performance (Functional vs. Non-Functional) 

The binary classification task (FR vs. NFR) 
yielded a range of performance metrics across the 
eight experiments, with accuracy ranging from 
72.8% (Model 5) to 97.27% (Models 6 and 7). 
Precision and F1-scores followed similar trends, 
indicating that some models were significantly 
more effective at distinguishing FRs from NFRs. 

 Top Performers (Models 6 and 7): Both 
Models 6 and 7, which used BERT 
tokenization, SMOTE (or SMOTE-ENN), 
and BiLSTM with TensorFlow/Torch, 
achieved the highest accuracy (97.27%), 
precision (97.0–97.27%), and F1-score 
(97.2%). These results suggest that the 
combination of BERT’s contextual 
embeddings, effective minority class 
handling, and BiLSTM’s ability to model 
sequential dependencies in text was highly 
effective. The near-identical performance of 
Models 6 and 7 indicates that SMOTE-ENN 
(which combines oversampling with 
undersampling) provided marginal 
improvement over SMOTE alone, likely by 
reducing noise in the oversampled data. 

 Strong Performers (Models 1, 4, 8): Model 1 
(TF-IDF, SMOTE, Random Forest) achieved 

a solid accuracy of 90.4%, with high 
precision (92%) and F1-score (89%). Model 
8 (BERT, SMOTE, Random Forest) 
performed similarly, with an accuracy of 
89.9%. Model 4 (BERT, SMOTE, MLPC 
with K-Fold) had a slightly lower accuracy 
(84.96%) but maintained strong precision 
(85.3%) and F1-score (84.98%). These 
models demonstrate that Random Forest and 
MLPC, when paired with appropriate 
tokenization and class balancing, can achieve 
robust performance, though they fall short of 
BiLSTM-based models. 

 Lower Performers (Models 2, 3, 5): Model 5 
(BERT, no minority class handling, 
BiLSTM) had the lowest accuracy (72.8%), 
precision (70%), and F1-score (74%). The 
absence of minority class handling likely 
exacerbated the impact of class imbalance, 
leading to poor performance despite using 
BERT and BiLSTM. Model 2 (TF-IDF, 
SMOTE, LightGBM) and Model 3 (BERT, 
ADASYN, Random Forest with K-Fold) also 
underperformed, with accuracies of 84% and 
83%, respectively. LightGBM’s lower 
performance may reflect its sensitivity to 
feature quality, while Model 3’s use of 
ADASYN might have introduced noisy 
synthetic samples, reducing effect

 iveness compared to SMOTE. 

Chart 2: Analysis of Binary Classification Performance (Functional vs. Non-Functional) 
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5.2.1 Key Insights 

 BERT-based models (Models 3–8) generally 
outperformed TF-IDF-based models (Models 
1–2) due to BERT’s ability to capture 
semantic and contextual nuances in 
requirement texts. For example, requirements 
like “The system shall be user-friendly” 
(NFR, usability) benefit from BERT’s 
understanding of context, whereas TF-IDF 
relies on keyword frequency, which may 
miss subtle distinctions. 

 Minority class handling was critical. Model 
5’s poor performance without SMOTE 
highlights the dataset’s imbalance, likely 
with fewer NFRs than FRs. SMOTE and 
SMOTE-ENN consistently improved 
performance across models. 

 BiLSTM models (Models 5–7) excelled 
when paired with SMOTE, suggesting that 
sequential modeling of text is particularly 
effective for requirements classification. 

5.3 Analysis of Full Classification 
Performance (Non-Functional Subtypes) 

The full classification task, which involved 
categorizing NFRs into subtypes, was more 
challenging, with accuracies ranging from 48% 
(Model 8) to 78.4% (Model 7). Precision and F1-
scores mirrored these trends, indicating 
significant variability in the models’ ability to 
distinguish NFR subtypes. 

 Top Performer (Model 7): Model 7 (BERT, 
SMOTE-ENN, BiLSTM) achieved the 
highest full classification accuracy (78.4%), 
precision (78%), and F1-score (78%). This 
model’s success likely stems from its robust 
pipeline: BERT’s contextual embeddings 
captured nuanced differences between 
subtypes (e.g., “The system shall respond 
within 2 seconds” for performance vs. “The 
system shall be intuitive” for usability), 
SMOTE-ENN balanced the dataset while 
reducing noise, and BiLSTM modeled 
sequential patterns effectively. The 78.4% 
accuracy, while lower than binary 

classification, is notable given the 
complexity of multi-class classification with 
potentially overlapping subtypes. 

 Strong Performers (Models 4, 6): Model 6 
(BERT, SMOTE, BiLSTM) achieved a full 
classification accuracy of 76%, closely 
trailing Model 7. The slight performance gap 
suggests that SMOTE-ENN’s noise 
reduction provided a marginal benefit. Model 
4 (BERT, SMOTE, MLPC with K-Fold) also 
performed well, with an accuracy of 73.4%, 
precision of 75.5%, and F1-score of 72.8%. 
MLPC’s ability to model non-linear 
relationships, combined with K-Fold cross-
validation, likely contributed to its 
robustness. 

 Moderate Performers (Models 1, 3): Model 1 
(TF-IDF, SMOTE, Random Forest) and 
Model 3 (BERT, ADASYN, Random Forest 
with K-Fold) had accuracies of 60% and 
68.9%, respectively. Model 1’s lower 
performance may reflect TF-IDF’s 
limitations in capturing semantic differences 
between NFR subtypes, while Model 3’s use 
of ADASYN might have introduced 
synthetic samples that confused the Random 
Forest classifier. 

 Lower Performers (Models 2, 8): Model 2 
(TF-IDF, SMOTE, LightGBM) and Model 8 
(BERT, SMOTE, Random Forest) performed 
poorly, with accuracies of 56.8% and 48%, 
respectively. Model 8’s particularly low 
performance is surprising given its use of 
BERT and SMOTE, suggesting that Random 
Forest struggled with the multi-class nature 
of full classification, possibly due to 
insufficient feature engineering or 
hyperparameter tuning. Model 2’s reliance 
on TF-IDF likely limited its ability to 
differentiate subtle NFR subtypes. 

 Not Applicable (Model 5): Model 5 did not 
perform full classification, focusing only on 
binary classification. This limits its 
applicability for tasks requiring detailed NFR 
categorization.

  
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Chart 3: Analysis of Full Classification Performance (Non-Functional Subtypes) 

 

5.3.1 Key Insights 

 Full classification was significantly harder 
than binary classification, likely due to the 
increased number of classes and potential 
overlap between NFR subtypes (e.g., 
usability and reliability requirements may 
share similar phrasing). 

 BERT-based models consistently 
outperformed TF-IDF-based models, 
highlighting the importance of contextual 
embeddings for multi-class tasks. 

 The best-performing models (6 and 7) used 
BiLSTM, suggesting that sequential 
modeling is critical for distinguishing NFR 
subtypes, which often rely on sentence 
structure and context. 

 The low performance of Model 8 indicates 
that even advanced tokenization (BERT) 
cannot compensate for a suboptimal classifier 
(Random Forest) in complex multi-class 
settings. 

5.4 Comparison Across Experiments 

The (table 2) reveals clear trends and differences 
across the experiments: 

 Tokenization Impact: BERT-based models 
(3–8) generally outperformed TF-IDF-based 
models (1–2) in both binary and full 
classification. For example, Model 6 (BERT, 
SMOTE, BiLSTM) achieved 97.27% binary 
accuracy compared to Model 1’s 90.4% (TF-

IDF, SMOTE, Random Forest). This gap 
widened in full classification (76% vs. 60%), 
underscoring BERT’s superiority for 
capturing semantic nuances. 

 Minority Class Handling: SMOTE and 
SMOTE-ENN were the most effective 
techniques, as seen in Models 6 and 7’s high 
performance. ADASYN (Model 3) yielded 
moderate results, possibly due to noisy 
synthetic samples. The absence of minority 
class handling (Model 5) led to the lowest 
binary classification performance, 
confirming the dataset’s imbalance. 

 Machine Learning Algorithms: BiLSTM 
(Models 5–7) outperformed other algorithms 
when paired with BERT and SMOTE, 
achieving the highest metrics in both tasks. 
Random Forest (Models 1, 3, 8) and MLPC 
(Model 4) were competitive in binary 
classification but struggled in full 
classification, likely due to their limited 
ability to model complex text patterns. 
LightGBM (Model 2) was the least effective, 
possibly due to its reliance on feature quality 
from TF-IDF. 

 K-Fold Cross-Validation: Models 3 and 4 
used K-Fold cross-validation, which likely 
improved their robustness by reducing 
overfitting. However, their performance was 
still lower than Models 6 and 7, suggesting 
that model architecture (BiLSTM) and 
minority class handling (SMOTE-ENN) 
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were more critical than cross-validation 
alone. 

 Consistency: Models 6 and 7 showed 
consistent performance across metrics, with 

near-identical binary classification results 
and close full classification results. This 
stability suggests that BiLSTM-based models 
are robust to variations in minority class 
handling (SMOTE vs. SMOTE-ENN). 

 

Chart 4: Comparison Across Experiments 

5.5 Ontology development 

We develop a domain-specific ontology 
that defines the key concepts, relationships, and 
properties relevant to software requirements 
(PROMISE_exp dataset). This ontology serves as 
the schema for the Knowledge Graph, ensuring 
consistency and semantic clarity. Incorporate 
classes such as "Functional Requirement," "Non-
Functional Requirement" and define relationships 
like " HAS_REQUIREMENT," " 
BELONGS_TO_CLASSIFICATION". 

Table 3: Classification Nodes With Full Names 

Class name Class code 
Functional F 
Availability A 
Legal L 
Look-and-feel LF 
Functional Requirement F 
Maintainability MN 
Operability O 
Performance PE 

Scalability SC 
Security SE 
Usability US 
Fault Tolerance FT 
Portability PO 
Total 14 

 

5.6 Knowledge graph representation 

The preprocessed requirements mapped 
onto the ontology to construct the Knowledge 
Graph. Each requirement becomes a node, and 
relationships between requirements are 
represented as edges. the Knowledge Graph 
Snapshot (figure 2 and figure 3) illustrating the 
semantic structure of requirement relationships in 
the applied framework. Each node is a 
requirement, while edges define relations. This 
snapshot demonstrates how contextual 
dependencies are visually traceable and 
computable. 
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Figure 2: Knowledge Graph Snapshot Of Requirements And Relationships 
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Figure 3: Knowledge Graph Snapshot Of Requirements And Relationships 
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6. CHALLENGES AND LIMITATIONS 

Several challenges and limitations are evident 
from the results: 

 Class Imbalance: The need for minority class 
handling indicates an imbalanced dataset, 
with fewer NFRs or specific NFR subtypes. 
Model 5’s poor performance without 
SMOTE underscores this issue, as the model 
likely overfit to the majority class (FRs). 

 Ambiguity in Requirements: NFR subtypes 
like usability or reliability are often 
ambiguously phrased (e.g., “The system shall 
be efficient” could apply to multiple 
categories), leading to lower full 
classification accuracies. Even BERT-based 
models struggled to achieve above 78.4% 
accuracy, suggesting inherent difficulties in 
the task. 

 Dataset Limitations: The dataset’s size and 
diversity are unknown but likely limited, 
given the reliance on synthetic oversampling. 
Small datasets may not capture the full range 
of requirement types, reducing 
generalizability. 

 Model Complexity: BiLSTM models (6 and 
7) performed best but are computationally 
expensive, which may limit their practical 
deployment in resource-constrained 
environments. Simpler models like Random 
Forest (Model 1) offer a trade-off between 
performance and efficiency. 

 Full Classification Difficulty: The significant 
drop in performance from binary to full 
classification (e.g., 97.27% to 78.4% for 
Model 7) highlights the complexity of multi-
class classification. Overlapping subtypes 
and insufficient training examples for certain 
categories likely contributed to this gap. 

7. IMPLICATIONS FOR SOFTWARE 
ENGINEERING 

The results have significant implications for 
requirements engineering: 

 Automated Classification: Models 6 and 7, 
with 97.27% binary classification accuracy, 
could be integrated into requirement 
management tools (e.g., IBM DOORS, Jira) 
to automatically flag NFRs, reducing manual 
effort and improving requirement elicitation. 

 NFR Subtype Identification: Model 7’s 
78.4% full classification accuracy, while not 
perfect, is sufficient for prioritizing critical 

NFRs (e.g., security, performance) in safety-
critical systems, ensuring they are addressed 
during design and testing. 

 Practical Trade-offs: Simpler models like 
Model 1 (90.4% binary accuracy) may be 
preferred in resource-constrained settings 
due to their lower computational cost, despite 
slightly lower performance. 

 Quality Assurance: Accurate NFR 
classification can enhance traceability and 
validation, ensuring that non-functional 
aspects like usability or reliability are not 
overlooked in development. 

8. FUTURE RESEARCH DIRECTIONS 

To address the identified challenges and improve 
performance, future research could explore: 

 Larger and More Diverse Datasets: 
Collecting larger datasets with balanced 
representation of NFR subtypes could reduce 
reliance on synthetic oversampling and 
improve generalizability. 

 Advanced NLP Models: Fine-tuning 
transformer-based models (e.g., RoBERTa, 
T5) or using domain-specific pre-training on 
software engineering texts could enhance 
performance, particularly for full 
classification. 

 Hybrid Approaches: Combining rule-based 
methods (e.g., keyword matching for 
performance requirements) with machine 
learning could improve accuracy for clear-cut 
cases while leveraging NLP for ambiguous 
cases. 

 Active Learning: Implementing active 
learning to prioritize annotation of uncertain 
or underrepresented requirements could 
reduce labeling costs and improve model 
performance. 

 Explainability: Developing interpretable 
models or post-hoc explanation techniques 
(e.g., SHAP for Random Forest) could 
increase trust in automated classification, 
especially for critical applications. 

 Real-World Evaluation: Testing models on 
real-world projects could validate their 
practical utility and identify deployment 
challenges. 

 KG evolution through continuous learning, 
Link prediction for missing relationships, 
and Integration with domain ontologies to 
improve semantic expressiveness. 

  
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CONCLUSION 

The experiments demonstrate that 
automated classification of software requirements 
is feasible, with Models 6 and 7 (BERT, BiLSTM, 
SMOTE/SMOTE-ENN) achieving exceptional 
binary classification performance (97.27% 
accuracy) and strong full classification 
performance (76–78.4% accuracy). BERT’s 
contextual embeddings, combined with effective 
minority class handling and sequential modeling, 
proved critical for handling the nuanced and often 
ambiguous nature of requirements. However, full 
classification remains challenging due to 
overlapping NFR subtypes and dataset 
limitations. Model 7, with the highest full 
classification accuracy, offers the most promise 
for practical applications, such as automating 
requirement analysis in software engineering 
tools. Future work should focus on larger datasets, 
advanced NLP models, and real-world validation 
to further enhance performance and applicability. 
A distinguishing feature of the framework is its 
use of Knowledge Graphs (KGs) to model 
semantic relationships among requirements. 
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