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[bookmark: _Toc225714926]1. Abstract
Sentiment analysis is a major Natural Language Processing technique that can be applied in analysis of sentiments and opinions in written text. It is important to get a sense of the opinion of the people based on online reviews, social media and other online sources of content.
This study aims to compare a traditional machine learning model, TF-IDF and Support Vector Machine (SVM) and a transformer-based model, BERT, on sentiment classification on the IMDB movie review dataset.
IMDB data of labelled movie reviews is used in the study. Preprocessing tools such as cleaning, stopword removal, lemmatisation and tokenisation were employed. The classification done on the SVM model consisted of the extraction of TF-IDF features and fine-tuning the BERT. The model was tested according to the performance indices of accuracy, precision, recall, F1-score, and confusion matrices.
The results show that the BERT model can be more precise in classification due to the contextual language interpretation, but the TF-IDF and SVM model is efficient and reliable and requires fewer computational resources.
The findings raise the issue of important trade-offs between the performance, the computational efficiency and interpretability of the real-life sentiment analysis systems.
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[bookmark: _Toc225714927]2. Introduction and Problem Statement
[bookmark: _Toc225714928]2.1 Background of Sentiment Analysis 
Sentiment analysis belongs to the group of the largest tasks in Natural Language Processing (NLP) that is supposed to identify and label opinions expressed in a text data set. It is commonly used to determine the positive, negative or neutral feeling of the text. Sentiment analysis assists organisations to understand customer sentiment, and to monitor brand reputation, and online reviews or discussions on social media. Sentiment analysis allows the business and policymakers to gain some insight into how the people feel because it allows the analysis of vast volumes of textual data without the need to study it manually, resulting in improved evidence-based decision-making.
[bookmark: _Toc225714929]2.2 Research Problem 
Even though the use of sentiment analysis has been on the rise, textual sentiment is hard to effectively classify. Human language is not tidy and can be sarcasm-filled, ambiguous, contextually-dependent, and can be difficult to interpret using computational models. Traditional machine learning systems are often based on manually designed textual features and may not be able to identify richer contextual relationships within sentences. Due to this, developing sentiment systems that can understand the context of the linguistic input and improve classification accuracy belong to the list of the most significant research directions in Natural Language Processing.
[bookmark: _Toc225714930]2.3 Traditional vs Transformer Approaches 
Traditional approaches of sentiment analysis typically employ feature extraction algorithms such as Term Frequency-Inverse Document Frequency-TF-IDF alongside machine learning algorithms like Support Vector Machines. These techniques are textual since they are represented as numerical vectors with frequencies of word occurrence that can easily be classified, though in most cases not understanding the context is possible. Transformer-based models, by contrast, use the contextual relationship between words in sentences by encoding them with deep learning structures that also use self-attention mechanisms. By training both directions of representations of text, transformer models can learn to comprehend semantic meaning and do better in sentiment classification tasks.
[bookmark: _Toc225714931]2.4 Research Aim and Objectives 
The primary aim of the study is to compare the performance of a classical machine learning framework (TF-IDF with Support Vector Machine) and a transformer-based one (BERT) in terms of sentiment classification on an IMDB movie review dataset.
Objectives
· To preprocess the textual data in IMDB using tokenisation, stopword removal and lemmatisation.
· To train sentiment classification models using TF-IDF through SVM and BERT using a fine-tuning model.
· To evaluate the model performance regarding accuracy and precision, recall, F1-score and confusion matrix.
· To decode model predictions and talk about textual features (that have a decisive impact on sentiment classification).
[bookmark: _Toc225714932]2.5 Report Structure 
The remainder of the report is organized in the following manner. Section 3 discusses related literature regarding sentiment analysis procedures and transformer models. Section 4 describes the research methodology such as preprocessing of data and model development. Section 5 presents experimental results and evaluation. Section 6 discusses the findings and insights with Section 7 providing conclusions and recommendations.
[bookmark: _Toc225714933]3. Related Work / Literature Review
[bookmark: _Toc225714934]3.1 Sentiment Analysis in Natural Language Processing 
Sentiment analysis is a basic task of Natural Language Processing (NLP) which attempts to identify opinions, emotions or attitudes used in written works automatically. It is popular to conduct analysis of online reviews, posts on social media, and feedback. The main objective is to put a text in the sentiment category of positive, negative, or neutral. Sentiment analysis is required as many times as possible due to the rapid rise in digital content since it is essential to obtain meaningful data in large numbers (Ranjan et al., 2024). To improve the precision of sentiment classification and describe linguistic patterns of text data, researchers have devised various methods of computation.
[bookmark: _Toc225714935]3.2 Traditional Machine Learning Approaches 
Early analyses of sentiment analysis mostly relied on the traditional machine learning algorithms such as Naive Bayes, Logistic Regression, and Support Vector Machines (SVM). These models refer to converting the text data to numbers using the Bag-of-Words or Term Frequency-Inverse Document Frequency (TF-IDF) methods. TF-IDF gives words their weight within a document relative to the entire corpus, which allows models to focus on discriminative words (Omuya, Okeyo and Kimwele, 2023). One of such techniques, which is found to work effectively in text classification, is SVM because it was able to address the high dimensional sparse feature space.
[bookmark: _Toc225714936]3.3 Transformer-based Models for Sentiment Analysis 
The recent advances in deep learning have witnessed the introduction of far more effective text classification models based on transformers. Bidirectional Encoder Representations of Transformers (BERT) is the strongest model because it employs self-attention mechanism to determine contextual associations among the words (Li, 2022). BERT generates such contextual representations by analyzing words in both directions, as opposed to the traditional models that analyze the context of the word only. This bidirectional language understanding enables the model to process the semantic meaningfulness more effectively leading to improved sentiment classification among other language tasks.
[bookmark: _Toc225714937]3.4 Model Interpretability in NLP 
Sentiment analysis is characterized by the interpretability of models which helps to know how models process predictions. The score of feature importance in the traditional machine learning models is often easy to interpret, in terms of TF-IDF representation. However, more complex and less transparent models (such as BERT) are usually considered the deeper ones (Mah, Skalna and Muzam, 2022). The interpretability models, such as SHAP (SHapley Additive Explanations), have been developed to approximate the influence of individual words on the forecasts of the models. 
[bookmark: _Toc225714938]3.5 Research Gap and Study Contribution 
Although transformer-based models that have sentiment analysis feature a state-of-the-art performance, classical machine learning approaches remain widespread due to their computing and complexity efficiency. The tradeoff between performance, scalability, and interpretability in proven practical situations is multiplied many times. It is therefore remarkable to draw a comparison between the traditional methods, including TF-IDF and Support Vector Machines, with transformer-based models, including BERT, in order to understand the strengths and weaknesses of these methods. The research is important because it compared both approaches experimentally using IMDB data to contrast trade-offs in classification accuracy, computational cost, and model interpretability.
[bookmark: _Toc225714939]4. Methodology 
[bookmark: _Toc225714940]4.1 Dataset Description 
The data of this study is the publicly available IMDB movie review dataset that are popular in sentiment analysis model benchmarking. The data contains 50,000 reviews of movies that are categorized according to their sentiment polarity. The reviews are categorized as either positive or negative and are binary. The sample size is balanced with 25000 positive and 25000 negative reviews. It has fixed training and testing splits with each having 25,000 reviews (Xiang, 2022). In this case, reviews are loaded to the aclImdb dataset directory with separate positive and negative directories. The IMDB dataset is moderate in size and structure; therefore, it will be applicable as a reliable reference point in sentiment classification model analysis.
[bookmark: _Toc225714941]4.2 Data Preprocessing 
Text preprocessing is also a significant aspect of Natural Language Processing because raw text can contain noise and irrelevant information that can affect the model performance. This research employed a few preprocessing techniques to improve the quality of the IMDB reviews before feature extraction and model training. First, a certain degree of text cleaning was performed to remove the irrelevant characters and formatting features (Afuan et al., 2024). The second step entailed tokenisation of the sentences into single words. The removal of stopwords was then done to eliminate the common frequently used words with less meaning. Finally, they lemmatised words to convert them into their root forms so that the vocabulary would be uniform and feature-covering to sentiment classification models.
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Image 1: Text preprocessing
(Source: Jupyter Notebook)
[bookmark: _Toc225714942]4.2.1 Text Cleaning 
The text was preliminarily cleaned to remove the unnecessary characters and to standardize the text data before any other work. Similar representation of words was achieved by making the review texts all lowercase. The special characters and punctuation characters were removed to reduce noise in the data (Liu, Chen and Liu, 2022). Also, the HTML tags and formatting that are normally present in movie reviews were eliminated. Such cleaning operations help to ensure that the rest of the text contains some useful linguistic content that may be subsequently tokenised and feature extracted.
[bookmark: _Toc225714943]4.2.2 Tokenisation and Stopword Removal 
Incorporating the idea of textual data deanonymising into small units called tokens, typically single words, is referred to as tokenisation. This study has used the NLTK tokeniser to chop each movie review into word-level tokens. After tokenisation, stopword removal was also done to eliminate common words such as “the”, “is”, and “and”. Their usage in the text is very common and they do not contribute much to the sentiment classification (Leelawat et al., 2022). Stopwording removes the dimensionality of datasets and allows models to be more focused on valuable and informative words.
[bookmark: _Toc225714944]4.2.3 Lemmatization 
The procedure of Lemmatization to change words into base or root form. This is achieved to reduce the number of vocabularies by combining the different forms of the same word in grammar. An example is “running”, “runs”, and “ran” and would be translated to the root word “run”. In this case, WordNetLemmatizer of NLTK library was used. Lemmata normalisation enhances consistency of features and better models.
[bookmark: _Toc225714945]4.3 Feature Engineering using TF-IDF 
To ensure that machine learning models can process textual data, the post-cleaning text needs to be transformed into numbers. The method of feature extraction used in this paper is the Term Frequency-Inverse Document Frequency (TF-IDF). TF-IDF is based on the bag-of-words framework where a document is represented by the number of words that appear in it (Pavitha et al., 2022). However, TF-IDF assigns more weight to words that are more frequently repeated within a particular document, however, less frequently across the whole collection when compared to pure word counts. This weighting helps highlight the discriminating words which contribute to classification of sentiments.
A TF-IDF vectorizer was applied to reviews which had been processed into numerical feature vectors. The control of dimensionality was established with the size of the maximum feature in the vectoriser to be 3000 words. This numeric representation enables the machine learning algorithms to be trained according to the trends of negative and positive sentiments.
[bookmark: _Toc225714946]4.4 Support Vector Machine Model 
Machine learning algorithms such as Support Vector Machine (SVM) are one of the applications that have been used in text classification. SVM is primarily aimed at identifying an optimal hyperplane in separating the data that fall into various categories. In sentiment analysis, SVM constructs a decision line by distinguishing between positive and negative reviews based on their feature representations (Albadani, Shi and Dong, 2022). The advantage of having SVM is that it can work with high-dimensional and sparse information that commonly occurs when dealing with textual data represented in TF-IDF vectors.
The SVM model which was employed in this experiment is linear because the linear decision boundaries are effective for high dimensional text classification problems. The model was trained on TF-IDF features extracted on the already preprocessed reviews. Hyperparameter tuning also attempted to maximise the regularisation parameter C that decides how much the margin gets maximised versus the error in classification.
[bookmark: _Toc225714947]4.5 Transformer-based Model: BERT 
Bidirectional Encoder Representations of Transformers (BERT) is a deep neural network which is often used in Natural language Processing. It is based on the transformer architecture that uses self-attention mechanisms to discover relations between words within a sentence (Dake and Gyimah, 2023). BERT can understand the context of the text since at the moment the word is being processed unlike a traditional model that is reading the text in order, BERT can process its words concurrently hence able to get the meaning of words in context. Bidirectional contextual embeddings, where the representation of any word depends on the other words, can be considered one of the advantages of BERT. Big text data has been used to train the model, and it has been fine-tuned to execute specific tasks. This study used the pretrained bert-base-uncased model, and the tokenisation of the text was undertaken using the BERT tokenizer in the sentiment classification.


[bookmark: _Toc225714948]4.6 Model Training and Hyperparameter Tuning 
The SVM and BERT models were optimised in model training to achieve improved sentiment classification accuracy. The grid search in the case of SVM model was employed to optimise the best regularisation parameter C. Learning rate, batch size and training epochs were the training parameters in the case of the BERT model. These parameters can be tuned to help the model and classification to converge better.
[bookmark: _Toc225714949]5. Results and Evaluation 
[bookmark: _Toc225714950]5.1 Evaluation Metrics 
The sentiment classification models were assessed using various evaluation measures. Accuracy is the proportion of the accurate reviews to the predictions. The fraction of the correctly predicted positive occurrences of all the positive prediction instances is referred to as precision. The computation of how accurately the model can identify real positive examples in the data is done by recall (Tan, Lee and Lim, 2023). F1 score is a combined measure of precision and recall, which is a tradeoff of the two, and it provides a balanced view of the model performance. Also, the classification findings were represented in confusion matrix that revealed the actual positives, actual negatives, actual positives, and actual negatives. The evaluation metrics used are a mixture of several evaluation metrics to be better at measuring classification models than overall accuracy.
[bookmark: _Toc225714951]5.2 Model Performance Results 
The two sentiment analysis models, TF-IDF with Support Vector Machine (SVM) and BERT model based on transformers, were compared using the IMDB movie review dataset. The above classification measures have been used to measure the performance of the two models trained on the result of the preprocessed textual data.
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Figure 2: Evaluation of SVM model and BERT model.
(Source: Jupyter Notebook)
	Model
	Accuracy
	Precision
	Recall
	F1 Score

	TF-IDF + SVM
	0.86
	0.85
	0.86
	0.85

	BERT
	0.92
	0.92
	0.91
	0.92


The results reveal that the general performance of the BERT model was better than that of the traditional TF-IDF implemented with SVM. Transformer architecture increased BERT accuracy and F1 score since it is able to understand contextual relationships between words (Rahali and Akhloufi, 2023). The SVM model was a fairly good model, nevertheless, it relied more on word frequency features that could not probably exhibit semantic relationships of words in the sentence comprehensively.
The BERT model was found to be more proficient to identify sentiment classes in challenging or context-based reviews with respect to recall. However, the TF-IDF + SVM model was not significantly reduced in performance in terms of classification and required fewer calculations. These results indicate the trade-off between prediction and computational efficiency in the selections of sentiment analysis models.
[bookmark: _Toc225714952]5.3 Confusion Matrix Analysis 
Confusion matrices were also used to further analyse the classification behaviour of the two models. The confusion matrix provides information of the real positives, real negatives, false positives, and false negatives during prediction of sentiments. The SVM model used in this analysis could categorize a large portion of the positive and negative reviews correctly and produced a limited number of false negatives relative to BERT (Zhang and Shafiq, 2024). On the other hand, the BERT model was found to have a higher potential to find positive sentiment reviews, resulting in higher true positives. The results of the confusion matrix indicate that BERT is not as effective in predicting sentiment polarities with respect to the sentence context, leading to higher numbers of correct predictions of sentiment polarities overall.
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Figure 3: Two confusion matrix plots (SVM vs BERT).
(Source: Jupyter Notebook)
[bookmark: _Toc225714953]6. Discussion 
In comparison with the traditional TF-IDF and the SVM approach, experimental results indicate that the transformer-based BERT model is more likely to be effective, when it comes to sentiment classification problems. This progress largely owes to the fact that BERT can produce contextual embeddings with the assistance of its self-attention mechanism (Zhang et al., 2023). Compared to the classical models where the frequency of words in a sentence are the main parameters to consider, BERT can identify the semantic relationships among words in a sentence and can therefore be more contextual, sarcastic and understand more intricate linguistic features. As a result, BERT is more precise and remembers more reviews concerning movie reviews containing barely apparent expressions of sentiment.
Interpretation of and classification decisions also require the model interpretability. The current paper used SHAP to analyze the significance of features to the SVM model, which uncovered influential words that form sentiment predictions (Kotei and Thirunavukarasu, 2023). Regarding the BERT model, the attention weights provide data on words that are focused on by the model at the point of prediction which can be interpreted as a visual reminder of significance within the text.
Despite these advantages, it has several limitations. Compared to traditional models, BERT may require a substantial amount of computational and training resources. Besides, IMDB data could also possess an embedded bias regarding language use or style of reviewing, which could impact predictions in the model. A second concern that can be mentioned is overfitting in particular when deep learning models are trained on small or domain-specific data.
[bookmark: _Toc225714954]7. Conclusion and Recommendations 
This study compared a standard machine learning model, TF-IDF and Support vector machine with transformer-based model, BERT, to sentiment classification on IMDB movie review data. The results revealed that BERT achieved more classification accuracy and recall due to its ability to capture contextual relationship in a piece of writing using bidirectional embeddings. The TF-IDF SVM model, however, yielded consistent results using a small fraction of the computing time. Practically, it is possible to apply off-the-shelf machine learning models in lightweight and resource-constrained scenarios and BERT on more accurate applications. Future research can consider multilingual sentiment analysis, larger transformer models and fine-tuning of domain-specific models.
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