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[bookmark: _Toc225708312]Abstract
Sentiment analysis is an important Natural Language Processing (NLP) task used to identify opinions and emotions from text data. With the increasing availability of online reviews and social media content, accurate sentiment classification has become essential for organisations to understand public opinion and improve decision-making. This study aims to develop and compare traditional and transformer-based sentiment analysis models using the IMDB movie review dataset.
Two models were implemented: a traditional machine learning model using TF-IDF with Logistic Regression and a transformer-based model using DistilBERT. Both models were trained and evaluated using standard classification metrics, including accuracy, precision, recall, and F1-score. The results showed that the traditional TF-IDF with Logistic Regression model achieved higher accuracy and precision, while the DistilBERT model achieved higher recall and better contextual understanding.
However, the DistilBERT model required higher computational resources and longer training time compared to the traditional model. In contrast, the traditional model was computationally efficient and easier to implement.
Overall, the findings indicate that traditional models are efficient and suitable for baseline sentiment analysis, whereas transformer-based models provide improved contextual understanding for complex sentiment classification tasks. The choice of model depends on application requirements and available computational resources.


[bookmark: _Toc225708313]Introduction 
Sentiment analysis is a Natural Language Processing (NLP) technique used to identify opinions, emotions, and attitudes expressed in text data such as customer reviews, social media posts, and online comments. It helps determine whether the sentiment expressed is positive, negative, or neutral. With the growth of online platforms, large volumes of textual data are generated daily, making sentiment analysis an important Artificial Intelligence (AI) application for understanding public opinion and user behaviour (Kumar & Sebastian, 2020). Businesses, governments, and organisations use sentiment analysis to improve decision-making, monitor customer satisfaction, and analyse market trends (Zhang et al., 2021).
Sentiment analysis has become increasingly important because manual analysis of large datasets is time-consuming and inefficient. AI-based sentiment analysis can process thousands of reviews quickly and accurately. For example, companies use sentiment analysis to understand customer feedback, improve products, and enhance user experience (Das and Singh, 2023). Similarly, healthcare organisations and policymakers use sentiment analysis to analyse public opinions and improve services (Devlin et al., 2020).
Traditionally, sentiment analysis was performed using machine learning techniques such as TF-IDF combined with classifiers like Logistic Regression or Support Vector Machines. These methods rely on word frequency and simple statistical features, which often fail to capture context and meaning in text (Minaee et al., 2021). In contrast, modern transformer-based models such as BERT and DistilBERT use deep learning and attention mechanisms to understand contextual relationships between words, leading to improved performance in sentiment classification tasks (Garrido and Barra, 2025).
The aim of this assignment is to develop and compare two sentiment analysis models: a traditional machine learning model using TF-IDF and Logistic Regression, and a transformer-based model using DistilBERT. The objectives include preprocessing textual data, building both models, evaluating performance using standard metrics, and comparing their effectiveness for sentiment classification.
[bookmark: _Toc225708314]Related Work / Literature Review 
Sentiment analysis has been widely studied in Natural Language Processing (NLP) due to its ability to extract opinions and emotions from text data. Early sentiment analysis research focused on lexicon-based approaches and traditional machine learning algorithms. However, recent advancements in deep learning and transformer-based models have significantly improved performance in sentiment classification tasks. Sentiment analysis is widely used in various domains such as business, healthcare, education, and social media analysis to understand public opinion and support decision-making processes. For example, organisations use sentiment analysis to evaluate customer feedback, monitor brand reputation, and improve services (Cui et al., 2023; Malik et al., 2024). With the increasing availability of large-scale textual data, sentiment analysis has become an important research area in Artificial Intelligence.
Traditional machine learning approaches such as TF-IDF, Bag-of-Words, and n-gram models have been commonly used for sentiment analysis. TF-IDF is particularly effective in converting textual data into numerical features by assigning importance to words based on their frequency and relevance across documents. This method helps reduce the impact of common words while highlighting important terms that contribute to sentiment classification (Reusens et al., 2024). TF-IDF is widely used due to its simplicity, efficiency, and effectiveness in text classification tasks. However, TF-IDF-based approaches rely heavily on word frequency and cannot fully capture contextual relationships in text. As a result, these methods may struggle with understanding sarcasm, negation, or complex sentence structures (Li et al., 2022).
Logistic Regression has also been widely used for sentiment analysis because of its simplicity, efficiency, and strong baseline performance. Studies have shown that Logistic Regression combined with TF-IDF produces reliable results for sentiment classification tasks. For example, research has shown that TF-IDF with Logistic Regression provides satisfactory performance in sentiment analysis but struggles with sarcasm, contextual understanding, and linguistic ambiguity (Minaee et al., 2021). Logistic Regression performs well with high-dimensional textual data and provides fast training time, making it suitable for baseline models and real-time applications. However, recent research has demonstrated that Logistic Regression may not capture semantic meaning effectively, particularly when dealing with complex language structures (Riswawan, 2025). Therefore, although traditional methods remain useful, they have limitations in understanding contextual meaning.
Recent developments in deep learning have introduced transformer-based models such as BERT, DistilBERT, and RoBERTa, which have significantly improved sentiment analysis performance. Transformer models use attention mechanisms to understand contextual relationships between words, leading to better classification accuracy. BERT-based models are pre-trained on large datasets and then fine-tuned for specific tasks such as sentiment classification. This allows the model to understand contextual meaning and improve prediction accuracy (Cavus, 2025; Nasiopoulos et al., 2025). Additionally, DistilBERT is a lightweight version of BERT that reduces computational cost while maintaining high performance. These transformer models have become widely used in modern sentiment analysis applications.
Several studies have compared traditional machine learning models and transformer-based approaches. Comparative research has shown that transformer models generally achieve higher accuracy, particularly when handling complex or ambiguous text due to their contextual understanding capabilities (Das, 2025; Campino, 2024). However, traditional models remain computationally efficient and easier to implement. For example, comparative studies reported that BERT models provide better contextual understanding, while traditional models such as Logistic Regression offer faster training and lower computational cost (Masih et al., 2025; Deori et al., 2026; Wang, 2024). This highlights the trade-off between performance and computational efficiency in selecting appropriate NLP models (El Khatib & Alkhatib, 2025; Campino, 2024).
Furthermore, hybrid and comparative research continues to explore combining traditional and transformer-based approaches to improve performance. Recent studies indicate that integrating transformer models with traditional methods can produce more balanced and scalable sentiment analysis systems (Kaur et al., 2025; Sharma et al., 2025). Hybrid approaches aim to leverage the strengths of both models while reducing their limitations.
Overall, previous research suggests that traditional machine learning models remain useful for baseline sentiment analysis due to their efficiency and simplicity. In contrast, transformer-based models provide improved accuracy and contextual understanding. Therefore, comparing both approaches is important to identify the most suitable method for sentiment classification tasks and to evaluate their strengths and limitations in practical applications.

[bookmark: _Toc225708315]Methodology
This section describes the dataset, preprocessing steps, and models used to perform sentiment analysis. Two approaches were implemented: a traditional machine learning model using TF-IDF with Logistic Regression and a transformer-based model using DistilBERT. The overall methodology follows standard Natural Language Processing (NLP) workflows, including data preparation, feature extraction, model training, and evaluation (Minaee et al., 2021).

[bookmark: _Toc225708316]Dataset 
The IMDB movie review dataset was used in this study to perform sentiment analysis. The dataset contains 50,000 movie reviews labelled as positive or negative, with an equal distribution of 25,000 reviews for training and 25,000 for testing. The dataset is widely used in sentiment analysis research because it provides balanced classes and high-quality labelled text data (Maas et al., 2011). The reviews vary in length and include informal language, making the dataset suitable for evaluating both traditional and deep learning models. The dataset was accessed using the Hugging Face datasets library, which allows easy loading and preprocessing of text data (Wolf et al., 2020).

[bookmark: _Toc225708317]Data Preprocessing
Data preprocessing is an important step in sentiment analysis to improve model performance and remove noise from textual data. First, all text was converted to lowercase to ensure consistency. Then, punctuation, special characters, and unnecessary symbols were removed to reduce irrelevant information. Stopwords such as "the", "is", and "and" were removed because they do not contribute significantly to sentiment classification (Jurafsky and Martin, 2021). Removing stopwords helps reduce dimensionality and improve model efficiency.
Lemmatization was applied to convert words into their base form. For example, "running" was converted to "run" and "better" to "good". This process improves model performance by reducing word variations (Bird et al., 2009). The Natural Language Toolkit (NLTK) library was used to perform stopword removal and lemmatization. These preprocessing steps help improve classification accuracy and reduce computational complexity in traditional machine learning models (Minaee et al., 2021).

[bookmark: _Toc225708318]Traditional Model
The traditional machine learning model used in this study combines TF-IDF feature extraction with Logistic Regression classification. TF-IDF converts text data into numerical form by calculating the importance of words in each document. Words that appear frequently in a document but rarely across the dataset receive higher weights. This helps highlight words that contribute to sentiment classification (Ramos, 2003; Li et al., 2022).
After feature extraction, Logistic Regression was used as the classifier. Logistic Regression is widely used for text classification because it performs well with high-dimensional data and provides fast training time (Jurafsky and Martin, 2021). The model was trained using the training dataset and evaluated using the testing dataset. Default hyperparameters were used for the classifier. This approach provides a strong baseline model for comparison with the transformer-based model.

[bookmark: _Toc225708319]Transformer Model 
A transformer-based model, DistilBERT, was used for advanced sentiment classification. DistilBERT is a lightweight version of BERT that maintains high performance while reducing computational requirements. Transformer models use attention mechanisms to understand relationships between words in a sentence, allowing better contextual understanding compared to traditional models (Devlin et al., 2020; Sanh et al., 2020).
The dataset was tokenized using the DistilBERT tokenizer. Tokenization converts text into smaller units called tokens, which are then converted into numerical representations. The tokenizer also adds special tokens such as [CLS] and [SEP], which help the model understand sentence structure (Wolf et al., 2020). Padding and truncation were applied to ensure consistent input length.
The DistilBERT model was fine-tuned using the labelled IMDB dataset. The training process included setting parameters such as batch size, learning rate, and number of epochs. The Hugging Face Trainer API was used to train and evaluate the model. Fine-tuning allows the pre-trained model to adapt to the sentiment classification task, improving performance (Sanh et al., 2020). This transformer-based approach enables better contextual understanding and improved sentiment classification accuracy.
[bookmark: _Toc225708320]Results and Evaluation 
This section presents the evaluation results of the traditional machine learning model (TF-IDF with Logistic Regression) and the transformer-based model (DistilBERT). The models were evaluated using standard classification metrics including accuracy, precision, recall, and F1-score. These evaluation metrics are commonly used in sentiment analysis to measure classification performance and provide a balanced assessment of model effectiveness. Accuracy measures overall performance, while precision, recall, and F1-score provide deeper insight into classification behaviour and model reliability (Sokolova and Lapalme, 2009; Minaee et al., 2021).
The traditional TF-IDF with Logistic Regression model achieved an accuracy of 0.884, indicating that the model correctly classified approximately 88.4% of the reviews. Accuracy measures the overall correctness of model predictions and is widely used in binary classification tasks such as sentiment analysis (Jurafsky and Martin, 2021). The precision score for the traditional model was 0.882, meaning that most predicted positive reviews were correctly classified. The recall score was 0.886, showing that the model successfully identified most actual positive reviews. The F1-score of 0.884 indicates a good balance between precision and recall. These results suggest that the traditional model provided stable and consistent performance for sentiment classification tasks (Minaee et al., 2021).
[image: The confusion matrix displays a TF-IDF + Logistic Regression model's performance with 10,000 instances, showing the number of actual and predicted positive and negative cases.
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Figure 1:Confusion Matrix – TF-IDF + Logistic Regression   
Figure 1 shows the confusion matrix for the TF-IDF with Logistic Regression model. The results indicate strong classification performance with a high number of correctly classified reviews and fewer misclassifications.
The transformer-based DistilBERT model achieved an accuracy of 0.849, which is slightly lower than the traditional model. However, DistilBERT achieved a higher recall score of 0.913, indicating that it identified more positive reviews compared to the traditional model. The precision score of DistilBERT was 0.803, suggesting that some predictions included false positives. The F1-score of 0.855 demonstrates that the model maintained good overall performance.   
[image: ]
Figure 2:Confusion Matrix – DistilBERT
Figure 2 shows the confusion matrix for the DistilBERT model. The results indicate higher recall with improved detection of positive reviews, although slightly more misclassifications are observed compared to the traditional model.
Transformer models often achieve higher recall due to their ability to capture contextual relationships between words and understand semantic meaning more effectively than traditional models (Devlin et al., 2020; Sanh et al., 2020).
[image: The image displays a table comparing the performance metrics of two machine learning models, TF-IDF + Logistic Regression and DistilBERT, across accuracy, precision, recall, and F1-score.
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Figure 3: Model Performance Comparison
Figure 3 presents the performance comparison between the traditional TF-IDF with Logistic Regression model and the transformer-based DistilBERT model. The results show that the traditional model achieved higher accuracy and precision, while DistilBERT achieved higher recall.
The confusion matrix was also used to visualise the classification performance of both models. The confusion matrix displays true positives, true negatives, false positives, and false negatives. The traditional model showed fewer false predictions, indicating stable and reliable performance. In contrast, the DistilBERT model produced slightly more false positives but fewer false negatives. This suggests that DistilBERT was more effective at identifying positive sentiment but occasionally misclassified negative reviews as positive. These findings highlight the trade-off between precision and recall when comparing the two models (Minaee et al., 2021).
Overall, the performance comparison shows that the traditional TF-IDF with Logistic Regression model achieved higher accuracy and precision, while the DistilBERT model achieved higher recall and better contextual understanding. Traditional models are computationally efficient, easier to implement, and suitable for baseline sentiment analysis. In contrast, transformer models provide deeper language understanding and improved performance in complex text classification tasks but require more computational resources. Therefore, both models have strengths and limitations depending on the application and dataset requirements (Garrido and Barra, 2025).

[bookmark: _Toc225708321]Discussion
This section discusses the performance of the traditional machine learning model and the transformer-based model, focusing on model comparison, interpretability, limitations, and computational cost. Both models showed strong performance in sentiment classification, but each model demonstrated different strengths and weaknesses. Comparing these approaches helps identify which model is more suitable for specific applications and highlights the trade-offs between performance, interpretability, and computational efficiency.
The traditional TF-IDF with Logistic Regression model achieved higher accuracy and precision compared to the DistilBERT model. This result suggests that traditional models can still perform effectively for sentiment classification tasks, particularly when the dataset is clean and balanced. Traditional machine learning models rely on statistical representations of text, such as word frequency and document frequency, which makes them efficient and reliable for simple classification tasks (Minaee et al., 2021). In contrast, the transformer-based DistilBERT model achieved higher recall, indicating that it was better at identifying positive sentiment reviews. Transformer models use attention mechanisms that capture contextual relationships between words, allowing them to understand meaning more effectively than traditional models. This ability to understand context helps transformer models perform better in complex language scenarios such as sarcasm, negation, and ambiguous text (Devlin et al., 2020; Sanh et al., 2020).
Interpretability is another important factor when comparing models. Traditional machine learning models such as Logistic Regression are easier to interpret because feature importance can be directly extracted from model coefficients (Molnar, 2022). This allows researchers to identify influential words contributing to sentiment classification. For example, words such as "excellent" and "terrible" can be identified as key sentiment indicators. This transparency makes traditional models useful in applications where explainability is important, such as healthcare and financial decision-making. In contrast, transformer-based models such as DistilBERT are more complex and difficult to interpret because they use deep neural networks and attention mechanisms. Although attention visualisation and interpretability tools such as SHAP can be used, transformer models generally remain less transparent compared to traditional approaches (Garrido and Barra, 2025).
Interpretability tools such as SHAP and attention visualization can help identify influential words contributing to sentiment classification. These tools provide insight into how models make predictions and improve transparency. For example, SHAP values can highlight important words influencing predictions in traditional models, while attention visualization helps understand how transformer models focus on specific words. These techniques improve model trust and explainability, which is important when deploying AI systems in real-world applications (Minaee et al., 2021; Danilevsky et al., 2020).
Traditional and transformer-based models also differ in computational requirements. Traditional models require less computational power and can be trained quickly using standard hardware such as CPUs. This makes them suitable for real-time applications, small datasets, and environments with limited computational resources. In contrast, transformer-based models require significant computational resources, including GPUs, and longer training time. Training transformer models can be computationally expensive and time-consuming. Despite this, transformer models often achieve better contextual understanding and improved performance on complex datasets, making them suitable for advanced sentiment analysis tasks (Islam et al., 2024; Li et al., 2022).
However, both approaches have limitations. Traditional models struggle with context understanding, sarcasm, and long-range dependencies between words. For example, phrases such as "not bad" may be misclassified due to the presence of negative words. Transformer-based models address this issue but may suffer from overfitting, high computational cost, and difficulty in interpretation (Minaee et al., 2021; Perikos et al., 2024). Additionally, transformer models may require large amounts of labelled data to achieve optimal performance, which may not always be available (Aitim, 2023).
Overall, the comparison shows that traditional models are efficient, interpretable, and suitable for baseline sentiment analysis, while transformer-based models provide better contextual understanding and improved recall. Therefore, the choice between models depends on application requirements, computational resources, and performance needs. A hybrid or combined approach may also provide improved results by leveraging the strengths of both models and reducing their limitations.

[bookmark: _Toc225708322]Conclusion and Recommendations
This study aimed to develop and compare two sentiment analysis models using the IMDB movie review dataset: a traditional machine learning model (TF-IDF with Logistic Regression) and a transformer-based model (DistilBERT). Both models were evaluated using standard classification metrics, including accuracy, precision, recall, and F1-score. The results showed that both approaches performed well for sentiment classification, but each model demonstrated different strengths. This comparison helped identify the advantages and limitations of both traditional and transformer-based approaches for sentiment analysis tasks.
The traditional TF-IDF with Logistic Regression model achieved higher accuracy and precision, indicating stable and reliable performance. This model was efficient, easy to implement, and required less computational power. These characteristics make traditional models suitable for real-time applications and environments with limited computational resources. On the other hand, the DistilBERT model achieved higher recall and demonstrated better contextual understanding of text. Transformer-based models can capture word relationships and semantic meaning more effectively, which makes them suitable for complex sentiment classification tasks involving ambiguous or context-dependent language.
Based on the findings, the traditional TF-IDF with Logistic Regression model performed slightly better overall in this study due to its higher accuracy and computational efficiency. However, DistilBERT showed advantages in understanding context and identifying sentiment more effectively in complex sentences. Therefore, the best model depends on application requirements. Traditional models are suitable for fast and lightweight applications, while transformer models are better for advanced sentiment analysis tasks requiring deeper contextual understanding.
This study also has some limitations. The models were trained using default parameters with limited hyperparameter tuning. Additionally, only one dataset was used, which may affect generalisation to other domains. Transformer models also required higher computational resources and longer training time, which may limit their use in some environments.
Future work could improve performance by using larger datasets, applying hyperparameter tuning, and testing additional transformer models such as BERT and RoBERTa. Furthermore, combining traditional and transformer-based models may provide improved performance and more robust sentiment classification results.
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1 DistlBERT ~ 0.84900  0.803604 0.913934 0.855225
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