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[bookmark: _Toc225766373]Abstract

Another non-negligible use of artificial intelligence is sentiment analysis, which tries to identify the tone used in textual messages in the context of emotions. Organisations are extensively using it to analyze customer reviews, social media views, and market impressions. As the amount of user-generated content on online platforms continues to grow rapidly, the need to develop automated methods of sentiment classification has grown. The paper examines the performance of two sentiment analysis methods: a classic machine learning model on Term Frequency-Inverse Document Frequency (TF-IDF) with the help of a Logistic Regression, and a more recent deep learning model on transformer architecture. The study makes use of IMDB movie review data that consists of 50,000 labelled reviews. The data set was pretreated with text cleaning, tokenisation, deletion of stop words, and lemmatisation. The classification metrics that were used to train and test both models included accuracy, precision, recall, F1-score, and confusion matrix. The findings show that transformer-based models are characterized by a better contextual interpretation and classification abilities than conventional ones. 















1. [bookmark: _Toc224496715][bookmark: _Toc225766374]Introduction

The growing number of textual information on online websites has provided novel possibilities in the study of the popular opinion. Reviews and posts posted by social media and blogs, discussion forums online have valuable information when it comes to customer perceptions and experiences. Sentiment analysis or opinion mining is a natural language processing (NLP) method of identifying whether a text contains positive, negative or neutral sentiment. Sentiment analysis is commonly used by businesses to track product reputation, marketing strategy and enhance customer satisfaction.
The classical techniques of sentiment analysis had a high dependency on manual feature engineering and machine learning models. Naive Bayes, Support Vector Machines and Logistic Regression were the most popular techniques together with text vectorisation techniques like Bag-of-Words or TF-IDF. Even though these approaches got fairly good results, they were usually not able to get the contextual meaning of words and phrases.[1]
The recent development in deep learning has enhanced the natural language processing with great efficiency. Transformer-based language models which include BERT (Bidirectional Encoder Representations from Transformers) are shown to perform exceedingly well in text classification, machine translation, and question answering. Transformers, unlike conventional models, look at context of words in a sentence and thus they are able to comprehend semantic relationships.
This paper will discuss and compare the efficiency of conventional machine learning methods and transformer-based models on sentiment classification. IMDB movie review dataset is utilized as a benchmark dataset to assess the effectiveness of the two methods. The study is concerned with pre-processing the textual information, sentiment classification model training, and the analysis of their performance in accordance to the conventional evaluation metrics [2]
This study has the following objectives:
· Sentiment analysis of textual data preparation and preprocessing.
· Application of a classical machine learning system based on TF-IDF and Logistic Regression.
· The adoption of a sentiment model based on transformers.
· Comparing and evaluating model performance based on classification measures.
· Comparing interpretability and practical implication of the two approaches.
The study draws conclusions on how the artificial intelligence techniques may be used in performing real-world sentiment analysis tasks given the comparison of the capabilities of the traditional and modern NLP models.

The aims o are: 1) preprocessing and exploring the IMDB dataset; 2) developing a TF-IDF and Logistic Regression model; and 3) developing a BERT-based model. 4) Performance metrics will be evaluated using several standard measurements including accuracy, precision, recall, F1-score; 5) and a thorough analysis will be provided regarding interpretability and practical use of both models.

This report has been structured as follows: the second section describes previous studies relevant to this work; the third section detailed the methods used in this study; the fourth section discusses and provides results from implementing both models on differing training datasets; finally, conclusions drawn and additional recommendations made based upon findings will be found within the last Section of this report..














2. [bookmark: _Toc225766375]Related Work

Sentiment analysis is part of the natural language processing that has been researched widely. Initial studies were done on rule based systems and lexicon based systems that used fixed sentiment dictionaries. Such systems identified words that were related to positive or negative emotions to categorize the feeling of a sentence. Such methods, however, had restrictions since they were unable to reproduce some complex linguistic structures and contextual meaning [3].
Later machine learning techniques dominated sentiment analysis studies. Naivete Bayes, Support Vector machines (SVM) and Logistic Regression are algorithms that researchers have used to categorize text data. In such approaches, the text is converted into numerical forms with the help of such techniques as Bag-of-Words or TF-IDF. It has been demonstrated that TF-IDF with Logistic Regression can be useful in most text classification problems because of its simplicity and capacity to extract significant words in papers [4]
Although successful, traditional machine learning models are not effective in processing semantic relations between words. As an example, expressions like not bad can be used to pass positive feelings on even though there are negative words. These nuances of a situation cannot be explained easily by traditional models as they do not consider words within contexts[5].
With the advent of deep learning models, natural language processing has changed. The first models used to work with sequential text data were Recurrent Neural Networks (RNNs) and Long Short-Term Memory networks (LSTMs). Nevertheless, such models frequently had problems with long-range sentence dependencies.
The growth of transformer architectures was an important advancement in NLP. Transformer models employ attention mechanism to learn relationships between words in a single sentence or document. BERT is one of the most impactful transformer-based models that was created to comprehend the bidirectional context of the text. BERT has demonstrated the state-of-the-art performance on a variety of NLP tasks, such as sentiment analysis[6].
Recent comparative research between traditional machine learning and transformer models has shown that transformer-based methods are mostly more accurate because they can go into contextual meaning. Nevertheless, these models are costly in terms of computers and data to train. On the other hand, conventional machine learning models are still applicable in cases where it matters in terms of computational efficiency and interpretability.
The current study is based on past studies in that it carries out and compares the two methods with the IMDB sentiment data.





















3. [bookmark: _Toc225766376]Methodology
The research design of this paper comprises four large steps, which include dataset preparation, data preprocessing, model development, and model evaluation.

Dataset Description
The IMDB Reviews dataset is one of the most popular benchmark datasets used for evaluating sentiment analysis systems [7]. The dataset is composed of 50,000 movie reviews (25,000 positive and 25,000 negative), therefore there is an even distribution of samples for each of the two classes, allowing no bias towards either class when developing classification systems. Each review is classified according to the sentiment expressed in the review, meaning the reviewer feels positive or negative about the film watched, whether they have written the review in full detail or have written it in a very concise (short) manner.[8]
The data are long reviews in natural language containing many informal expressions and punctuation; for example, a review that is highly rated would say something like "This movie was great and fun" but an example of a low-rated review would state something like "The movie was boring and too long".

One of the challenges that come with using this data is that there is a lot of variance amongst the length of the reviews; there are a lot of short reviews and a lot of long reviews. Since there are models that have input limitations based on the amount of text or number of tokens an input can contain this could cause an issue with how well the models will perform. There also is a lot of use of informal language as well as sarcasm making it difficult to accurately classify sentiment of a review.
[image: ] 
Figure 1: Distribution of positive and negative reviews in the IMDB dataset.











4. [bookmark: _Toc225766377]Data Pre-processing 
[bookmark: _Hlk225755807]Traditional Machine Learning Pipeline
In the case of the traditional approach, a number of preprocessing steps were used. To begin with, text was changed to lower case to provide conformity. Sentences were then divided into words with the help of tokenisation. Stopwords like the and is were eliminated since they do not carry a lot of meaning [9]. Lemmatisation came to minimise words to their primitive forms making it efficient. Text was then processed and transformed into numeric features through the use of TF-IDF vectorisation. Unigrams and bigrams were both measured to understand significant trends in the information [7]. The data was further split into training and testing set.
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[bookmark: _Hlk225755829]Transformer Pipeline
In the case of the Transformer-based model, BERT tokenizer (WordPiece) was used to perform preprocessing in which words are divided into subword units [8]. There was a predetermined maximum length of sequence to deal with long reviews. Long sequences were truncated and short sequences were padded. Attention masks were designed to distinguish real tokens and padding. To enhance efficiency, the model was trained with the help of GPU (when it is possible) because Transformer models consume large amounts of computational resources [10].
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[bookmark: _Toc225766378]4.3 Model Development 
TF-IDF + Logistic Regression
The initial model was TF-IDF features (Logistic Regression). The reason why the Logistic Regression was chosen was because it is simple, efficient and has good performance in classification of texts [9]. It is also easy to interpret the importance of features. The important hyperparameters were the regularisation parameter (C), the type of penalty (L2) and n-gram range. The model was trained using the training data and tested using untested data. Hyperparameter optimization was done to enhance performance.
[image: ]
Figure 2: Top important words identified using TF-IDF in sentiment classification.

Transformer Model (BERT)
The second model investigated a pretrained BERT model [8]. To fine-tune, a classification layer was added on top of the pretrained model and this was trained on IMDB dataset. Such important parameters as the learning rate, batch size, and the number of epochs were noted. Deep learning models were efficiently trained in the AdamW optimiser [10]. To avoid overfitting, regularisation methods like dropout and early stopping were used. The contextual information helps to capture the contextual information and thus BERT is more effective than traditional models though it takes more computing resources.

Evaluation Metrics

Accuracy, precision, recall, and F1-score were used to measure model performance. Accuracy and precision and recall are used to measure overall correctness and quality of classification respectively. F1-score is particularly significant in that it strikes a balance between precision and recall hence it is an appropriate weighted score in classification exercises [9]. The 

[image: ]prediction results were also visualised using a confusion matrix to determine the classification errors.





























5. [bookmark: _Toc225766379]Results and Evaluation
[bookmark: _Toc225766380]5.1 Traditional Model Results (TF-IDF + Logistic Regression)

The standard classification metrics such as accuracy, precision, recall, and F1-score were done on the traditional machine learning model based on TF-IDF and Logistic Regression. TF-IDF is a popular feature extraction algorithm that codes the text in terms of significance of a term in a document [11]. The model was accurate to an extent of around (add your own, e.g., 88-90%), which is good in terms of sentiment classification. Precision and recall values were fairly balanced indicative of the fact that the model works well over positive and negative classes. As the confusion chart demonstrates, most of the reviews were properly identified. There were however a few misclassifications especially where the sentiment was neutral or had mixed views. As an illustration, the positive and negative expression both in the reviews were incorrectly tagged.

[image: ]
misclassifications point out one of the shortcomings of TF-IDF, which does not reflect the contextual meaning but depends on the frequency of words. Such words as good, bad are considered as independent without the understanding of their context in a sentence [12]. Preprocessing was influential in the performance of the model. The stopword removal and lemmatization techniques enhanced accuracy by minimising noise and standardisation of text. Nevertheless, too much preprocessing risks that much valuable contextual clues have been eliminated and this can adversely affect performance.
[bookmark: _Toc225766381]5.2 Transformer Model Results (BERT)

Transformer-based model (DistilBERT) showed better results over the traditional approach. Transformer models have attention mechanisms which are used to learn relationships within a sentence, which can narrowly represent context [13]. The model demonstrated a certain accuracy of around (add your result, e.g., 92-95%), having a better sentiment classification capacity. This enhancement is in line with the recent study that has shown the effectiveness of the deep learning models in sentiment analysis applications [14]. The confusion matrix shows there are lesser instances of misclassifications in comparison with the TF-IDF model especially on complex sentences. This has been made possible by the fact that BERT can make sense of contextual relations amongst words. In comparison to TF-IDF, BERT takes into account the entire syntax of the sentence, which, in turn, enables it to get the answer right when it comes to phrases like not good or hardly interesting which are frequently incorrectly categorized by conventional models. The time to train BERT was much more, however. The model also consumed a lot of computational power, especially when not trained with the use of GPUs. This brings out a major trade-off between performance and efficiency.
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[bookmark: _Toc225766382]5.3 Comparative Analysis
A comparison between the two models reveals that the Transformer-based model outperformed the traditional model in terms of accuracy and contextual understanding.
Accuracy vs Computational Cost
This is because BERT had greater accuracy since it has a detailed sense of the context. Nevertheless, it consumed a lot more training time and computing power than the faster and more efficient TF-IDF model.
 
Interpretability vs Complexity
TF-IDF model is easier to interpret because the weight of features can be easily analysed with the help of word weights. Contrastingly, BERT is also a black box, and it is not easy to understand the way decisions are made [15].

Generalisation vs Overfitting 
BERT was able to do generalisation because it was pre-trained on large corpora. Nevertheless, it is also likely to overfit unless it is fine-tuned. The TF-IDF model is simple, but less prone to overfitting, a bit worse with complex patterns of language.

Data Bias and Robustness
Both the models are dependent on the dataset. As the IMDB dataset is balanced, the bias is low. Real-world datasets however can be imbalanced and this can impact performance. The general performance of BERT is less sensitive to linguistic differences, whereas TF-IDF cannot cope with sarcasm, negation, and contextual specifics [14].








6. [bookmark: _Toc224496719][bookmark: _Toc225766383]Discussion

The findings illustrate various noteworthy distinctions between classical machine learning model and transformer model.
TF-IDF and Logistic Regression method is fairly easy and computationally inexpensive. It takes shorter time to train and is easy to use with standard machine learning packages. Also, the model is more interpretable as the effect of individual words could be studied directly by feature weight.
Nonetheless, the traditional models are not that good in contextualizing the relationship among words. They do not interpret phrases where meanings rely on context and they are unable to interpret them almost at all [16].
Transformer-based models including BERT, in their turn, analyse sentences in their entirety and comprehend word relations. This enables them to be able to acquire more intricate language structures such as negation and sarcasm. Due to this, they usually have a higher classification accuracy.
Transformer models have limitations along with their merits. Their computational needs are high and their training time is extended. More practical in the real-world context with limited hardware resources are traditional models.
Another factor is interpretability. The use of the Logistic Regression models gives better explanations on the predictions as feature weights can be analysed explicitly. Transformer models, in their turn, are complex neural networks which complicate the interpretation of their decisions. The interpretability can be improved with the help of such techniques as SHAP values or attention visualisation [17].
In general, the selection of traditional and transformer models is based on the peculiarities of the application, such as accuracy, interpretability and calculation facilities.
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7. [bookmark: _Toc225766384]Conclusion

This work explored sentiment analysis in two models, one based on a conventional machine learning model, which integrates TF-IDF with Logistic Regression, and another model which is a Transformer-based model with BERT. The findings indicated that the TF-IDF model is effective and understandable but does not clearly reflect a contextual meaning and complex language patterns [18]. However, the Transformer-based model was more accurate, and demonstrated a better capability in utilizing sentence-level context with attention mechanisms that allowed it to classify finer and ambiguous text more accurately [19].

This performance improvement, however, comes at the cost of increased computational complexity, increased training time, and reduced interpretability. As such, models selection is determined by application needs. In real-time and resource-constrained settings, the traditional models can still be used as a viable solution with Transformer-based models being more appropriate in tasks that demand a deeper insight into the language and increased accuracy [20].

In general, the results indicate the significance of the contextual modelling in the contemporary natural language processing and show how Transformer-based models have enhanced the efficacy of sentiment analysis.
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# --- 2. DATA CLEANING & PREPROCESSING ---

def preprocess_text(text):
# a. Remove HTML tags (like <br /> seen in the raw data) [cite: 1]
text = re.sub(r'<.*?>', '', text)

# b. Remove non-alphabetic characters and convert to lowercase
text = re.sub(r'[*a-zA-Z]", ' *, text).lower()

# c. Tokenization (splitting into words)
words = text.split()

# d. Stopword Removal
stop_words = set (stopwords.words(*english*))
words = [w for w in words if w not in stop_words]

# e. Lemmatization (reducing words to their root form)
lemmatizer = WordNetLemmatizer()
words = [lemmatizer.lemmatize(w) for w in words]

return " ".join(words)
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