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Abstract1:
In this experiment, Shreda et al. investigated different representation methods such as TF, TF-IDF, Word2Vec, and BERT. These methods were tested using machine learning classifiers like Naïve Bayes, SVM, and logistic regression, along with CNN as a deep learning model. The experiment showed that simple statistical methods, TF and TF-IDF, work well with traditional classifiers, while semantic methods, word2Vec and BERT, gave a better result. The authors used the PURE dataset, which contains 79 requirements documents and 34,268 sentences. 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.

	Paper
	Models
	Datasets
	Link
	Limitation
	Best Bodel
	Results

	Shreda et al.
	CNN- Naïve Bayes, SVM, LR, TF ,TF-IDF, BERT, Word2Vec
	PURE
	Link

	Fixed model was applied, suggestion to apply RNN, limited NFR categories.

	CNN-Bert
Fusion model
	91.4%

94.3%












Abstract2:
In this paper, Canedo et al. used a dataset named PROMISE_exp, applying text representation methods like BoW, TF-IDF, and Chi-Squared. And tested algorithms such as KNN, logistic regression, SVM, Multinomial Naïve Bayes. 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 test using recall and F-measure
In the first case, the F-measure is approximately 91% with SVM and Logistic regression using TF-IDF.
Second case, it was complex to test due to lack of data in some classes; the performance was F-measure 74%
Third case, the F-measure was 78% 


	Paper
	Models
	Datasets
	Link
	Limitation
	Best Bodel
	Results

	Canedo et al.
	BoW, TF-IDF, Chi-Squared,
KNN, logistic regression, SVM, Multinomial Naïve Bayes
	PROMISE_exp
	Link

	Imbalanced data could be a key factor to have worse performance for automated classification  
	LR with TF-IDF
	0.91
0.74
0.78










Abstract3:
In this paper, Izhar et al. investigated NLPReqClassifier, it is a hybrid approach, combining TF-IDF and Cosine Similarity, it was applied to PROMISE dataset, the authors suggested simple method using similarity analysis instead of deep learning methods.
The paper used different evaluation metrics such as Recall, Precision and F1-score. As a result the performance improved in each iteration due to feeding the model with more data and feedback corrections. The F1-score was 0.80 in the begeining and increaded to 0.927, recall reached 0.905.

	Paper
	Models
	Datasets
	Link
	Limitation
	Best Bodel
	Results

	Izhar et al.
	NLPReqClassifier,
TF-IDF, Cosine Similarity
	PROMISE dataset 
	Link

	Performance depends on dataset quality
	NLPReqClassifier
	F1-score = 0.927
Recall = 0.905

















Abstract4:
Subject : A machine learning approach for hierarchical classification of software
requirements
Binkhonain et al. 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, it is new machine learning approach to classify requirements into multiple categories. 
The dataset used was PROMISE-exp, which contains 969 requirements collected from 47 documents.
For text pre-processing, the author mentioned that implemenatiion of techniques such as Tokenization, Lowercase conversion, Lemmatization, and stop words removal. Moreover, machine learning models were applied: Support Vector Machine (SVM), Linear Support Vector Classification (LinearSVC), Kurtanović & Maalej Approach (K&M Approach), Yin approach, and Norbert as a deep learning algorithm.
As results deep learining approch Norbert achieved the best result in 10-fold  csross validation acuracy 0.76 and in project-specific fold was 0.81.

	Paper
	Models
	Datasets
	dataset
	Limitation
	Best Bodel
	Results

	Binkhonain et al
	SVM, LinearSVC, K&M Approach, Yin approach and Norbert
	PROMISE-exp
	
Data will be made available on request.
	The expermint was on one dataset that may affect the general results
	Norbert
	Accuracy 10-fold = 0.76 

P-fold = 0.81












Abstract5:
Subject : Semi-automated Software Requirements Categorisation using Machine Learning
Algorithms

In this paper, Talele, Pratvina, et al investigated two prominent feature extraction techniques and their efficacy in automating the classification of
Requirements for this expermint the dataset used was the PURE dataset . For text preprocessing, the author used some methods such as noise removal, whitespace removal, Term Frequency-Inverse Document Frequency (TF-IDF), and Word-to-Vector (Word2Vec). For machine learning, there were plenty of models executed, such as : decision tree, random forest, K-Nearest Neighbors (KNN), and Support Vector Machine (SVM), the accuracy for this expermint was 91.2% when using TF-IDF with SVM. In addition, the author mentioned that TF-IDF was better than Word2Vec as it achieved only 87.3%

	Paper
	Models
	Datasets
	dataset
	Limitation
	Best Bodel
	Results

	Talele, Pratvina, et al
	TF-IDF, Word2Vec, decision tree,KNN, and SVM
	PURE dataset
	
http://nlreqdataset.isti.cnr.it

	The experiment used only machine learning with no evaluation of deep learning
	SVM + TF-IDF
	Accuracy = 91.2%













Abstract6:
Subject : A BERT-based transfer learning approach to text classification
on software requirements specifications

Kici, Derya, et al. 




	Paper
	Models
	Datasets
	dataset
	Limitation
	Best Bodel
	Results

	Kici, Derya, et al.

	Tokenization, Stop words removal
LSTM, BiLSTM,GLOVE,ELMO

	1. DOORS Next Generation dataset
2. PROMISE-NFR dataset

	

	
	DistilBERT

	Accuracy: 80.79%
Precision: 80.00%
Recall: 80.79%
F1-score: 80.00%
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