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Abstract

Requirements traceability is a vital component in software
engineering to ensure the final product aligns with initial specifications and
to facilitate change management. However, traditional manual methods
suffer from challenges related to efficiency, accuracy, and scalability,
especially with increasing project complexity and the volume of unstructured
textual data. This work aims to develop and improve the requirements
traceability process by automating the creation of traceability links between
"textual requirements' and 'source code" using advanced techniques in
Natural Language Processing (NLP) and Machine Learning (ML).

The methodology involved representing requirements and source
code (from the eTour dataset, after translation) in a semantic space using
vectorization techniques such as TF-IDF and Word2Vec, aiming to enhance
the semantic matching accuracy between them. Emphasis was also placed
on improving the quality of training data by exploring the impact of adding
and removing different features and applying various data balancing
strategies to address the imbalance between valid and invalid links.
Undersampling using Tomek Links yielded the best results.

The performance of five common machine learning algorithms
was evaluated: Random Forest, Logistic Regression, Decision Tree, K-
Nearest Neighbors (KNN), and Gradient Boosting Classifier (GBC), using
Precision, Recall, and F]1-Score metrics.

The final experimental results demonstrated the overall superiority
of the Random Forest model, which achieved the best balance among the
metrics, attaining the highest F1-Score of (.59, along with good Precision
(0.60) and Recall (0.59). This indicates its balanced ability to reduce false

positives while maintaining a good capability for detecting actual positive
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cases. Although Logistic Regression achieved the highest Recall (0.89), its
very low Precision (0.20) limited its overall effectiveness (F1=0.32) for
applications requiring high precision. The Decision Tree showed moderate
performance (F1=0.45). While the Gradient Boosting Classifier provided the
highest Precision (0.69), it suffered from low Recall (0.31), resulting in a
moderate F1-Score (0.43). The performance of K-Nearest Neighbors was

relatively limited (F1=0.36), especially due to its low Recall.(0.29)

It is noteworthy that the highest F1-Score achieved in this work
(0.59 by Random Forest) may surpass results reported in some previous

studies using the same dataset or similar approaches.
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