Subject: Automated classification of software requirements using Natural Language Processing (NLP)

[bookmark: OLE_LINK1]Shreda et al. [1] presented an automatic approach to identify and classify non-functional requirements (NFRs) using semantic and syntactic analysis with Machine Learning (ML) approaches. The authors used the PURE dataset, which contains 79 requirements documents and 34,268 sentences. Text preprocessing steps were used, such as tokenization and Normalization. The second step was to extract representative features using syntactical-based methods: Term Frequency (TF), Term Frequency-Inverse Document Frequency (TF-IDF), and semantically based methods: Word to Vector (word2Vec) and Bidirectional Encoder Representations from Transformers (BERT). These methods were tested using machine learning classifiers like Naïve Bayes (NB), Support Vector Machine (SVM), and logistic regression (LR), along with a Convolutional Neural Network (CNN) as a deep learning (DL) model. The experiment showed that simple statistical methods, TF and TF-IDF, work well with traditional classifiers, while semantic methods, word2Vec and BERT, gave better results. The accuracy is between 84%-87% while using the statistical vectorization method. However, the accuracy increased to 88%-92% using word embedding semantic methods. Moreover, the fusion model scored a better result by 2.4% compared with the best individual methods.


Canedo et al.[2] Investigated text feature extraction techniques and ML algorithms to determine which achieves the best performance: Bag of Words (BoW), TF-IDF, or Chi-Squared (CHI2), to classify software requirements into functional requirements (FR) and NFR, and then apply different ML algorithms, for instance, K-Nearest Neighbors (KNN), LR, SVM and  Multinomial Naïve Bayes. PROMISE_exp dataset was used; it consists of 969 requirements, 444 as FRs and 525 NFRs. The experiment tested three classification cases: first, binary classification between FR and NFR. Second, multi-classification for NFR consists of eleven classes. Third, the general classification of eleven NFR Classes plus FR as a total of twelve Classes.
The data was divided into 10-folds. Nine folds for training, one fold for testing. Evaluated using recall, F-measure, and precision
In the first case, TF-IDF with LR achieved an F-measure of approximately 91% in binary classification. Same as with SVM and 
Second case, it was complex to test due to a lack of data in some classes; the performance was an F-measure of 74%.
In the third case, the F-measure was 78%.



Izhar et al. [3] presented NLP Requirements Classifier (NLPReqClassifier), a lightweight automated classifier  that integrates TF-IDF and Cosine Similarity. It was applied to the PROMISE dataset, which comprises 624 software requirements distributed across 11 categories in the first iteration; however, the dataset expanded to include 826 requirements in the third iteration, including  FRs and NFRs.
Different evaluation metrics were used, which are Recall, Precision, and F1-score. As a result, the performance highly improved in each iteration due to feeding the model with more data and feedback corrections, especially with F1-score and recall. F1-score was 0.800 in the beginning and increased to 0.927; recall reached 0.905; however, in the first iteration, it achieved 0.699. On the other hand, precision slightly decreased from 0.984 to 0.962.  


Binkhonain et al. [4] addressed two related problems that have been challenging real-world applications of Machine learning approaches: class imbalance and High Dimensionality with Low Sample Size data (HDLSS). The paper presented Hierarchical Classification for Requirements Classification (HC4RC), a new machine learning approach to classify requirements into multiple categories. 
The dataset used was PROMISE-exp, which contains 969 requirements collected from 47 documents with 2133 features.
For text pre-processing, the authors mentioned the implementation of techniques such as Tokenization, Lowercase conversion, Lemmatization, and stop word removal. Moreover, 
HC4RC was compared with the Kurtanović & Maalej Approach (K&M), the Yin approach, and NoRBERT, by applying Linear Support Vector Classification (LinearSVC)
NoRBERT achieved the best result in 10-fold cross-validation, with an F1-score of 0.76, and in the project-specific fold, it was an F1-score of 0.81.


Talele, Pratvina, et al [5] investigated two prominent feature extraction techniques and their effectiveness in automating the classification of requirements. The PURE dataset included  a compendium of 79 Software Requirement Specification (SRS) documents in PDF and HTML formats. NLP methods were used in text pre-processing, followed by TF-IDF and Word2Vec for feature extraction. Furthermore, ML algorithms have been assessed, including Decision Tree (DT), Random Forest (RF), LR, Neural Network (NN), KNN, and SVM.
Accuracy and precision were employed as metrics for measurement and assessment.
As a result, TF-IDF with SVM attained the best performance with an accuracy of 91.2%. On the other hand, RF was 3.84% lower, with an accuracy of 87.36%.


Kici, Derya, et al. [6] assessed the effectiveness of DistilBERT for multi-class text classification on SRS data using different fine-tuning methods. Then, compare its performance with other DL methods, such as Long Short-Term Memory (LSTM) and Bidirectional Long Short-Term Memory (BiLSTM). These methods were investigated with two datasets: the first one, the DOORS Next Generation dataset, which consists of 83,837 instances and 213 features. Second was the PROMISE-NFR dataset, which contains 626 instances describing functional and non-functional requirements. In regard to performance measurements, different metrics were used, such as recall, precision, accuracy, and F1-score. The results for the DOORS dataset on classification of SRS type confirmed that DistilBERT achieved better performance compared to  LSTM and BiLSTM; the scores were accuracy: 80.79%, precision: 80.00%, recall: 80.79%, and F1-score: 80.00%. Meanwhile, DistilBERT achieved a similar F1-score of 74%, the same as BiLTSM + Embeddings from Language Models (ELMo)  in FR and NFR classification using the PROMISE-NFR dataset.
 


Luo, Xianchang, et al.[7] presented an approach of prompt learning, which is called Prompt Learning for Requirement Classification (PRCBERT), based on BERT. It applied flexible prompt templates to achieve accurate requirement classification. In this experiment, three datasets have been used: the PROMISE dataset, which consists of 255 FR and 370 NFR samples with 11 NFR categories, and the NFR-Review dataset, which contains 1278 NFR user review sentences with 5 NFR categories: security, portability, performance, reliability, and usability. and collected a large-scale requirement dataset, NFR-SO, that includes 17434 samples. For preprocessing, the Byte Pair Encoding (BPE) algorithm was applied. 
PRCBERT was evaluated against three baseline models: NoRBERT, BERT-Masked Language Modeling (BERT-MLM) , and Trans_PRCBERT. PRCBERT achieved higher results in classification performance. For measurement, different metrics were used, such as recall, precision, and F1-score. On the PROMISE dataset, a recall of 0.94% in FR and 0.96% in NFR. On the other hand, Trans_PRCBERT performed better with a tiny difference weighted F1-score of 0.90%, while PRCBERT was 0.89% on the NFR-Review dataset. For the last dataset, Trans_PRCBERT achieved a weighted F1-score of 0.866%, and PRCBERT achieved 0.862%.  In zero-shot performance on the unlabeled NFR-Review and NFR-SO datasets, Trans_PRCBERT achieved F1-scores of 53.27% and 72.96%, respectively, when a self-learning strategy was employed.



Li, Gang, et al.  [8] presented an automatic requirements classification based on BERT and a graph attention network (GAT) called Dependency-parse-enhanced BERT and Graph Attention Network (DBGAT). Two datasets were used in this experiment: the PROMISE dataset, which has 625 statements of requirements, including 255 FRs and 370 NFRs, and the Concordia RE corpus, which consists of 3064 annotated sentences. Techniques used for preprocessing and text representation were dependency parsing, dependency graph construction, and BERT embeddings.
The model was compared to different ML and DL models, including NB, DT, SVC, RF, and NoRBERT. The presented model outperformed other models with an average F1-score of 94% for FR /NFR, 91% in four NFR subclasses, and 83% for all NFR subclasses. 

Aldhafer et al. [9] To ‌deal with the twin problems of limited labeled data and uneven class frequencies in automated software requirements classification, adaptive data augmentation approaches have been put forward. In the suggested framework, synthetic examples are created on the fly, guided by how each category is distributed and by the target text length, and the design works for both single-label and multi-label, multi-category settings. Several pieces are combined into one pipeline: a dictionary-driven semantic augmentation step , an augmentation stage built on a transformer model RoBERTa , a BERT-based semantic filter to screen candidates, and a BiGRU classifier to perform the final prediction. The techniques were tested on the PROMISE and Electronic Health Record (EHR) datasets under binary, multiclass, and multilabel scenarios. Across experiments, the adaptive strategy raised performance where it mattered most, boosting F1 by as much as 9.3% for minority classes and lifting macro-average F1 by 6.7% on PROMISE’s 10-class task. On PROMISE multilabel classification, the transformer-driven augmentation produced the strongest outcome, reaching an F1-score of 84.1% versus 77.5% without any augmentation. For EHR multilabel classification, the dictionary-based method increased F1 by 5.2%. Taken together, these results support adaptive augmentation as a practical way to improve software requirements classification.

Kadhim and Azeez [10] introduced A hybrid method to automatically sort software requirements into FRs and NFRs, blending deep learning with classic machine learning. In this setup, BERT handled contextual feature extraction, while Multi-Head Attention and a BiLSTM network worked together to pick up the order and longer-range links within requirement statements. After that, the resulting feature set was fed into an ensemble made up of SVM and RF models, where decisions were combined through weighted voting. Evaluation relied on two benchmarks: the PROMISE dataset with 625 requirements and the PURE dataset with 969 requirements. The experiments reported 94.2% accuracy and a 94.1% F1-score for the binary FR/NFR task. For multi-class prediction across six NFR types, Security, Performance, Usability, Reliability, Portability, and Maintainability, the model reached an average F1-score of 89.7%. Statistical significance testing also indicated that this hybrid approach did better than existing state-of-the-art methods, showing gains between 2.1% and 14.4%. These results support its value for automated requirements classification, especially when applied to large software engineering efforts.
Ben Ammar and Almatrafi [11] Text Attack ‌Oversampling ‌(TAOS) ‌was introduced as a new NLP-driven text augmentation method aimed at tackling class imbalance in fine-grained software requirements classification. Instead of relying heavily on additional expert annotation, TAOS creates extra requirement examples that stay faithful to the original context by using the Text Attack framework, then feeds these augmented samples into a BERT-based classifier. The goal is straightforward: give minority classes a stronger presence during training without paying the usual labeling costs. To test the idea, the method was applied to a 12-class software requirements dataset with 1,534-labeled items. From these, 1,073 requirements were set aside for training and 461 for testing. The results were clear, TAOS lifted performance substantially, with the weighted F1-score moving from 0.75 up to 0.93, a 24% gain. Beyond the headline number, it also improved recognition of minority requirement categories that the baseline model struggled with, pointing to context-aware augmentation as a practical way to make automated requirements analysis and management tools more reliable and resilient.
Tahir et al. [12] presented an automated approach for the multiclass classification of FRs based on the Easy Approach to Requirements Syntax (EARS) framework. The authors introduced a comprehensive dataset containing 9,529 functional requirements collected from 315 software projects, which were categorized into five classes: ubiquitous, event-driven, state-driven, unwanted behavior, and optional capabilities. The requirements were preprocessed using normalization techniques, and features were extracted using TF-IDF. Several ML and DL models were evaluated, including DT, RF, SVM, LR, LSTM, and CNN. Experimental results showed that the CNN model achieved the highest classification performance with 93% accuracy, followed by LSTM with 92% accuracy, outperforming traditional decision-tree-based methods. The study provides a valuable benchmark dataset and demonstrates the effectiveness of deep learning techniques for automated functional requirements classification.
Khan et al. [13] presented a deep learning-based approach for the automatic classification of software requirements into FRs and NFRs. The authors evaluated five prominent DL models and further improved their performance by developing two ensemble voting classifiers based on the five DL algorithms. The experiments were conducted using the PURE repository, from which a dataset containing 4,661 software requirements was created, including 2,617 functional requirements and 2,044 non-functional requirements. Experimental results demonstrated that all deep learning models achieved satisfactory classification performance, while the proposed voting ensemble methods consistently outperformed the individual deep learning models, confirming the effectiveness of ensemble learning for automated software requirements classification.
Hey et al. [14] proposed NoRBERT, a transfer learning approach based on BERT for automatic software requirements classification. The proposed model was fine-tuned to classify FRs and NFRs and to identify NFR subclasses while improving generalization across unseen software projects. The experiments were conducted on the PROMISE NFR dataset, including a relabeled version for evaluating unseen projects. Experimental results showed that NoRBERT achieved an F1-score of up to 94% for binary FR/NFR classification on both seen and unseen projects. For NFR subclass classification, the model achieved an average F1-score of 87%, outperforming recent state-of-the-art approaches by 10 percentage points in unseen project settings. Additionally, the authors introduced a new classification task for functional requirements based on function, data, and behavior concerns, where NoRBERT achieved an F1-score of up to 92%, demonstrating the effectiveness of transfer learning for robust software requirements classification.
Saqib et al. [15] proposed a Hierarchical Transfer Learning (HTL) framework for the automatic classification of FRs and NFRs to overcome the challenges of limited labeled data, domain-specific datasets, and the high computational cost of DL models. The proposed framework combines pre-trained Global Vectors for Word Representation (GloVe) embeddings with a BiLSTM network to capture both semantic and syntactic information. The model was evaluated on both small and large datasets using Precision, Recall, F1-score, and Area Under the Receiver Operating Characteristic Curve (AUC-ROC). Experimental results demonstrated substantial improvements over traditional approaches. For small datasets, the model improved FR classification by 26% in Precision, 9% in Recall, and 18% in F1-score, while NFR classification achieved improvements of 20%, 38.8%, and 31.8%, respectively. On large datasets, the proposed method improved FR classification by 25% in Precision, 7% in Recall, and 15% in F1-score, whereas NFR classification showed gains of 24% in Precision, 39.8% in Recall, and 41.8% in F1-score. The results indicate that the HTL framework significantly enhances software requirements classification while reducing the dependency on large labeled datasets and improving model generalization.















	Paper
	Models
	Datasets
	Link
	Limitation
	Best Bodel
	Results

	Identifying Non-Functional Requirements From
Unconstrained Documents Using Natural
Language Processing and Machine
Learning Approaches (2021) [1]
	CNN- Naïve Bayes, SVM, LR, TF ,TF-IDF, BERT, Word2Vec
	PURE
	https://zenodo.org/records/1414117
	Fixed model was applied, suggestion to apply RNN, limited NFR categories.

	CNN-Bert
Fusion model
	CNN-Bert
91.4%

Fusion model 94.3%

	Software Requirements Classification Using Machine Learning Algorithms (2020) [2]
	BoW, TF-IDF, Chi-Squared,
KNN, logistic regression, SVM, Multinomial Naïve Bayes
	PROMISE_exp
	https://tinyurl.com/PROMISE-exp

	Imbalanced data could be a key factor to have worse performance for automated classification
	LR with TF-IDF
	1st case :0.91
2nd case:0.74
3rd case0.78

	An Efficient Methodology for the Categorization
of Software Requirements Using Natural
Language Processing and
Similarity Analysis (2025)  [3]
	NLPReqClassifier,
TF-IDF, Cosine Similarity
	PROMISE dataset
	Not available
	Performance depends on dataset quality
	NLPReqClassifier
	F1-score = 0.927
Recall = 0.905
Precision= 0.984

	A machine learning approach for hierarchical classification of software requirements (2023)  [4]
	SVM, LinearSVC, K&M Approach, Yin approach and Norbert
	PROMISE-exp
	https://tinyurl.com/PROMISE-exp
	The expermint was on one dataset that may affect the general results
	Norbert
	F1-score 10-fold = 0.76
P-fold = 0.81

	Semi-automated Software Requirements
Categorisation using Machine Learning
Algorithms (2023)  [5]
	TF-IDF, Word2Vec, decision tree,KNN, and SVM
	PURE dataset
	
http://nlreqdataset.isti.cnr.it
https://zenodo.org/records/1414117
	The experiment used only machine learning with no evaluation of DL
	SVM + TF-IDF
	Accuracy = 91.2%

	A BERT-based transfer learning approach to text classification
on software requirements specifications(2021)   [6]
	LSTM, BiLSTM,GLOVE,ELMo

	DOORS Next Generation dataset
PROMISE-NFR dataset

	https://zenodo.org/records/268542
	The study focused only on DistilBERT, and did not examine other BERT-based models.
	DistilBERT

	Accuracy: 80.79%
Precision: 80.00%
Recall: 80.79%
F1-score: 80.00%
F1-score of 74%,


	PRCBERT: Prompt Learning for Requirement Classification using
BERT-based Pretrained Language Models (2022)  [7]
	BPE, PRCBERT, NoRBERT, BERT-MLM, Trans_PRCBERT
	PROMISE, NFR-Review, NFR-SO
	Not available
	the study used BERT and NoRBERT only, without testing other models
	PRCBERT
Trans_PRCBERT
	0.94% in FR and 0.96% in NFR
Trans_PRCBERT weighted F1-score of 0.866%, 
PRCBERT weighted F1-score of 0.862%.
F1-scores of 53.27%
F1-scores 72.96%

	Automatic Requirements Classification Based on
Graph Attention Network (2022) [8]
	NB, DT, SVC, RF, and NoRBERT، DBGAT
	PROMISE
	Not available
	The study was on small imbalanced data.
	DBGAT
	F1-score 94% FR /NFR

F1-score 91% 
four NFR subclasses

F1-score  83% all NFR subclasses


	Adaptive Data Augmentation Techniques for Software Requirements Classification Using Deep Learning (2026) [9]
	BiGRU, WLLB (Weighted Label-Length-Based Augmentation), Dictionary-based Augmentation, RoBERTa, BERT Semantic Filtering, Transformer-based Augmentation
	PROMISE (625 requirements), EHR (723 requirements)
	Not available
	Evaluated only on the PROMISE and EHR datasets. The approach relies on synthetic data generation, and its effectiveness on other software domains and larger industrial datasets remains to be validated.
	 Transformer-based Augmentation + WLLB + BiGRU
	 Improved F1-score by up to 9.3% for minority classes, increased macro F1 by 6.7% on the PROMISE 10-class task, achieved 84.1% F1-score in PROMISE multilabel classification (vs. 77.5% without augmentation), and improved EHR multilabel F1-score by 5.2%.

	Enhancing Software Requirements Classification Using AI-Based Text Processing Techniques (2026) [10]
	BERT, Multi-Head Attention, BiLSTM, Support Vector Machine (SVM), Random Forest (RF), Weighted Voting Ensemble
	PROMISE (625 requirements), PURE (969 requirements)
	https://zenodo.org/records/1414117
	Evaluated only on the PROMISE and PURE benchmark datasets. The approach focuses on English requirements and does not validate its performance on multilingual or large-scale industrial datasets.
	Hybrid BERT + Multi-Head Attention + BiLSTM + SVM + RF (Weighted Voting)
	Accuracy: 94.2%
Binary F1-score: 94.1%
Average Multi-class F1-score: 89.7% (Security, Performance, Usability, Reliability, Portability, and Maintainability). The proposed model outperformed state-of-the-art methods by 2.1%–14.4%.

	Classification of Requirements from Software Requirement Specification Documents: TAOS: A Novel TextAttack Oversampling Approach for Fine-Grained Classification of Software Requirements (2025) [11]
	TextAttack Oversampling (TAOS), BERT-base Uncased, WordNetAugmenter, EmbeddingAugmenter, CharSwapAugmenter, DeletionAugmenter, EasyDataAugmenter, CheckListAugmenter, CLAREAugmenter
	12-class Software Requirements Dataset (1,534 requirements: 1,073 training, 461 testing)
	https://doi.org/10.5281/zenodo.268542
https://github.com/boulbaba1981/TAOS


	The evaluation was conducted on a single dataset only. Training time increased nearly fourfold due to augmentation, and synthetic augmentation may introduce semantic drift. Further validation on larger and more diverse datasets is required
	TAOS + Fine-tuned BERT
	Weighted F1-score improved from 0.75 to 0.93 (24% gain). Macro F1-score increased from 0.44 to 0.89, and four previously undetectable minority classes achieved meaningful classification performance (0.50–1.00).

	Cross-Project Multiclass Classification of EARS-Based Functional Requirements Utilizing Natural Language Processing, Machine Learning, and Deep Learning (2025) [12]
	TF-IDF, Decision Tree (DT), Random Forest (RF), Support Vector Machine (SVM), Logistic Regression (LR), Long Short-Term Memory (LSTM), Convolutional Neural Network (CNN)
	9,529 Functional Requirements collected from 315 software projects (5 EARS categories)
	https://zenodo.org/records/15834954
	The study focuses only on EARS-based functional requirements and does not include non-functional requirements or multilingual datasets.
	CNN
		



	CNN achieved 93% accuracy, while LSTM achieved 92% accuracy, outperforming traditional ML models for multiclass functional requirements classification.




	Deep Learning Methods for Software Requirement Classification: A Performance Study on the PURE Dataset (2025) [13]
	DNN, CNN, LSTM, BiLSTM, GRU, Hard Voting Ensemble, Soft Voting Ensemble
	PURE (4,661 requirements: 2,617 FRs and 2,044 NFRs)
	Not available
	The evaluation was limited to the PURE dataset and binary FR/NFR classification without testing cross-project or multilingual requirements.
	Voting Ensemble (Soft/Hard Voting)
	The ensemble voting classifiers achieved the best performance, outperforming all individual deep learning models for FR/NFR classification on the PURE dataset.

	NoRBERT: Transfer Learning for Requirements Classification (2022) [14]
	BERT (NoRBERT), Transfer Learning, Fine-Tuning
	PROMISE NFR Dataset (including a relabeled version for unseen-project evaluation)
	https://doi.org/10.5281/zenodo.268542

	The approach was evaluated only on the PROMISE dataset and focuses on English requirements. Performance may depend on the availability of pretrained BERT models and sufficient computational resources
	NoRBERT (Fine-tuned BERT)
	F1-score up to 94% for FR/NFR classification, 87% average F1-score for NFR subclasses, 92% F1-score for functional concern classification, and 10% improvement over previous methods on unseen projects.

	Deep-Transfer Learning Inspired Natural Language Processing System for Software Requirements Classification (2025) [15]
	GloVe, BiLSTM, Hierarchical Transfer Learning (HTL)
	Benchmark datasets for Functional Requirements (FRs) and Non-Functional Requirements (NFRs) (small and large datasets)
	Not available
	Model interpretability needs improvement, potential data bias, and hyperparameter tuning is still required to further enhance performance.
	HTL (GloVe + BiLSTM)
	HTL significantly outperformed traditional methods. For small datasets, FR classification improved by 26% Precision, 9% Recall, and 18% F1-score, while NFR classification improved by 20% Precision, 38.8% Recall, and 31.8% F1-score. For large datasets, FR classification improved by 25% Precision, 7% Recall, and 15% F1-score, whereas NFR classification improved by 24% Precision, 39.8% Recall, and 41.8% F1-score.
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