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Abstract: This paper conducts sentiment analysis of the IMDB movie reviews dataset utilizing the traditional and Transformer-based machine learning methods. A TF-IDF using Logistic Regression baseline is applied, and a light-weight Transformer model, namely DistilBERT, is implemented. The requirements of both models are analysed in accordance with such standard measures as accuracy, precision, recall, and F1-score. It demonstrates results that DistilBERT is superior to the traditional model because it is able to capture contextual information in text successfully, but it has increased demands on computational resources. Moreover, the interpretability methods, including SHAP, are used to discover the importance of features. This paper identifies the trade-offs involved in learning and communication of performance, efficiency, and interpretability of sentiment analysis tasks.
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1. Introduction
1.1 Background and Context

Sentiment analysis is now one of the most important applications of Artificial Intelligence (AI) as it allows organisations to process large amounts of textual information, including customer feedback, social media posts, and online feedback. The modern data-driven world requires awareness of public opinion to enhance the level of customer satisfaction, develop products and services, and promote strategic decision-making. Nevertheless, the study of human language is always complicated because of its contextual elements, ambiguity, and differences in expression. 
In the sentiment classification problem, the traditional machine learning methods, which include Term Frequency Inverse Document Frequency (TF-IDF) and classifiers including the Logistic Regression, have been popularly used. Although effective, these strategies fail to provide contextual meaning in text very often. Groundbreaking developments in the NLP domain (though not entirely exterior to feature-equivalent data processing), most memorably the Transformer-based frameworks like BERT, have been shown to perform better due to their construction of deep contextual encodings of data.

1.2 Problem Statement

Comparison of traditional and Transformer-based methods of sentiment analysis along with their performance, interpretability, and computational efficiency is the given issue of the current report.

1.3 Objectives and Structure of the Report

The purpose of this report will be to build and analyse two sentiment analysis models on the IMDB data: TF-IDF with Logistic Regression analysis model, and a model based on transformers (DistilBERT). Evaluation of the models is done based on typical classification metrics such as accuracy, precision, recall, and F1-score. The article further looks into model interpretability and implications. The report is presented in the following way: an informative literature review will be followed by the methodology section, in which data processing will be described, as well as the model design. The result and discussion sections then provide findings and critical analysis, and make conclusions and recommendations on their applicability in the real world.
2. Related Work
2.1 Traditional Machine Learning Approaches

Initial sentiment analysis research used mainly traditional machine learning algorithms that transform textual information into numerical features using methods such as Bag-of-Words (BoW) and Term Frequency-Inverse Document Frequency (TF-IDF). Such representations are presented to classifiers such as the Logistic Regression, Naive Bayes, and the Support Vector Machine (SVM). Articles like [1] indicate that TF-IDF with linear classifiers offers good baseline properties because it is simple and effective. In addition, [2] is keen to point out that Logistic Regression is double that (1) it is an excellent regression model when dealing with text of very high dimensions and sparsity, and (2) it is commonly used in most sentiment classification early systems. These methods, although successful, succumb to treating words independently without understanding the relationship of words in contexts.
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Figure 1: Text Sentiment Analysis based on BERT

2.2 Limitations of Traditional Methods

Conventional models cannot comprehend semantic meaning and contextual latitude. As explained in [3], these models have problems with polysemy and have difficulty dealing with word-range dependencies of words in a sentence. In response to this, scholars proposed the use of distributed representations of words, including Word2Vec and GloVe, that place words in continuous vectors. Although these embeddings are effective in semantic representation, they do not have the capacity to model the entire context of a sentence [4]. As a result, the working capabilities of conventional techniques are limited in the case of complex linguistic situations.
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Figure 2: Sentiment Analysis of Text Reviews Using LeBERT

2.3 Deep Learning-Based Approaches

With the advent of deep learning, the sentiment analysis study has taken a major change in direction. To capture sequential dependencies in text, recurrent neural networks (RNNs), especially Long Short-Term Memory (LSTMs) networks, were used. As evident in [5], LSTMs perform better than the classical machine learning models because it has the capability of capturing temporal relationships in sentences. The models, however, are limited by slow training time and the inability to parallelize, which limits the ability to scale the models when dealing with high amounts of data.
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Figure 3: Sentiment Analysis Classification System using Hybrid BERT
2.4 Transformer-Based Models

One big leap in NLP happened after the recent development of Transformer architectures, introduced in [6]. Transformers can be applied to whole sequences in self-attention mode, which allows effective calculation and higher performance. Sentiment analysis was further advanced with the help of the Bidirectional Encoder Representations of Transformers (BERT) model that is offered in [7], and that adds the use of bidirectional context. This enables the model to comprehend the meaning of words depending on the words that come before and those that follow in a sentence. According to [7], BERT is significantly more effective than earlier models of the state-of-the-art in a variety of NLP tasks, sentiment classification being one of them.
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Figure 4: Fine-Tune BERT Model
2.5 Lightweight Transformer Variants

Transformer-based models are expensive to compute, although they perform better. In order to overcome this drawback, lightweight versions, including DistilBERT, have been created. A smaller version of the original BERT model is introduced in [8] as DistilBERT, which preserves most of the performance of the original version. This renders it more applicable to real-life use where computational efficiency is highly important. It has been shown that DistilBERT is as accurate as BERT with even fewer training resources and less training time [8].

2.6 Model Interpretability in Sentiment Analysis

Interpretability is a valuable factor when it comes to sentiment analysis, especially when it is deployed in the real world. The traditional models like the Regression of Logistics are inherently interpretable, and the importance of features can be analysed by understanding feature coefficients of the model [9]. Transformer-based models, on the other hand, are said to be black boxes. To overcome it, models like SHAP (Shapley Additive exPlanations) and attention visualisation have been offered to interpret model predictions. These approaches assist in uncovering powerful words or phrases, making AI systems more transparent and trustworthy, as presented in [10].
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Figure 5: Sentiment Analysis with Deep Learning Using BERT
2.7 Comparative Analysis of Approaches

According to comparative studies, the trade-offs between traditional and Transformer-based tools are always pointed out. It is because traditional models are computationally efficient and can be easily interpreted, and are appropriate to smaller datasets, but they do not provide contextual understanding. Transformer-based models, on the other hand, are more accurate and elegant, and flexible at capturing intricate linguistics at the cost of large computational resources, and are less interpretable. According to [3] and [7], the model used is dependent on the application needs, such as performance, scalability, and explainability.

2.8 Summary

In general, the reviewed literature shows that there is a distinct transition of plain feature-based models to complex deep learning architectures. Although the traditional methods are useful in comparison to the baseline, and the resources are limited, Transformer-based models are the latest state-of-the-art in sentiment analysis. This paper builds on these innovations as it has developed and compared the two approaches to analyse their performances, readability, and relevance in real life.

3. Methodology
3.1 Research Design and Approach

The current research follows a comparative experimental research method to help test the effectiveness of two sentiment analysis models, namely, a traditional machine learning model (TF-IDF and Logistic Regression) and a Transformer-based model (DistilBERT). This aim is the systematic comparison of these methods in the context of accuracy, efficiency, and interpretability. A supervised learning model is used, in which both models are trained and evaluated on labelled data. This method concurs with the existing studies that accentuate the benchmarking of various models to determine their efficacy in the sentiment classification exercise [11].

3.2 Dataset Description

The experiments are done based on the IMDB movie reviews dataset, which comprises 50000 labelled reviews equally split between positive and negative sentiments. The dataset is popular in sentiment analysis studies because the number of classes is even, and the textual information is realistic [12]. The data will be subdivided into pre-designed training and testing samples, and thus, they will be consistent and comparable with other past research.

3.3 Data Preprocessing

The two models have different preprocessing of data to meet the different needs of the models. In the conventional TF-IDF model, the text is run through the typical text cleaning systems, which are as follows: lower case, tokenization, Stopword removal, and Lemmatization. The steps are used to diminish noise and dimensionality to enhance the performance of the model [13]. This is followed by TF-IDF vectorisation that converts the cleaned content into numerical features, i.e., the words are given weights according to their significance in the document.

Conversely, little preprocessing is used in the case of the Transformer-based model. DistilBERT also employs a pre-trained tokenizer that works with subword tokenisation and therefore allows the transmission of contextual information and unseen words [14]. Removal of stopwords and stemming is also avoided, as it might compromise the performance of the model by eliminating the contextual tabs.

3.4 Feature Engineering and Representation

In the case of the classical model, textual data are converted to high-dimensional sparse vectors by means of TF-IDF. The features per instance are set to 5,000 at most to be able to trade off between performance and computational resources. N-gram representation is believed to capture short phrases, thereby improving the model's ability to identify sentiment patterns [15].

In the case of the Transformer model, an internal feature extractor is the DistilBERT. The model produces contextual embeddings of every token, which helps it to reproduce the semantic associations of the text. This does not require manual feature engineering and predisposes the possibility of a deeper understanding of linguistics [16].

3.5 Model Development

The two models are created to compare them:

TF-IDF + Logistic Regression: Logistic Regression will be chosen based on its effectiveness and good results in text classification assignments. Training of the model is done through L2 regularisation to help avoid overfitting and generalisation [17].
DistilBERT: This is the fine-tuning of a pre-trained DistilBERT on IMDB to binary classification. Fine-tuning enables the model to tune its pre-trained knowledge to the task at hand and increases the accuracy of classification [14].

3.6 Hyperparameter Tuning and Optimisation

Key hyperparameters are chosen to maximise the model's performance. The maximum features, regularisation strength, and the maximum number of iterations are parameters that are tuned to the TF-IDF model. In the case of DistilBERT, such training parameters as batch size, epochs, and learning rate are varied. A smaller training matter (2,000 training samples and 1,000 testing samples) and one training step are employed because of the limitations of the computer. The trade-off allows effective training and, at the same time, makes the performance evaluation reliable [18].

3.7 Model Evaluation Metrics

Both of the models are assessed by standard classification measures: accuracy, precision, recall, and F1-score. Performance in classification is also visualised using a confusion matrix. These are measures that give the overall level of effectiveness of the model, especially when there is a need to classify the binary task [11].

3.8 Comparative Framework

A framework of comparative structures is used to compare the models on various levels, such as predictive performance, computational efficiency, and interpretability. The traditional model will perform well, having lower computational expense, whereas the Transformer-based model will perform at a high accuracy as a result of its contextual knowledge API [16].

3.9 Interpretability Techniques

In order to improve model transparency, interpretability is used. In the case of the Logistic Regression model, model coefficients are used to analyse the importance of features. In the case of DistilBERT, the attention mechanisms and model output are investigated to find strongly influential words used to make predictions. Such methods give information about model behaviour and enable critical analysis [17].

3.10 Summary

In short, this paradigm incorporates conventional and recent NLP procedures in a constrained experiment. With the help of an appropriate preprocessing, feature engineering, and optimisation strategies, the study delivers a reasonable and fair comparison of the two models. The methodology corresponds to the existing research procedures and gives solid grounds to appraise the approaches to sentiment analysis.

4. Results and Discussion
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Figure 6: Import Libraries
There are necessary libraries imported into this code to analyse the sentiments. It has data management (NumPy, pandas) and data visualisation (Matplotlib, Seaborn), machine learning (scikit-learn), and pre-processing of text (NLTK). It also loads Transformer components (DistilBERT) for deep learning. It will also download necessary NLTK libraries such as stopwords, text cleaning, and lemmatisation of WordNet.
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Figure 7: Extract and Load Dataset
This code encodes the IMDB data into a compressed tar.gz file and loads the information into the computer memory. It specifies a function of reading text reviews on the positive and negative folders and labelling them (1 positive, 0 negative). Data is then partitioned into a training set and a testing set, and their size is printed.
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Figure 8: EDA
The operation of this code is to do the Exploratory Data Analysis (EDA) through visualisation of the class distribution of the dataset, with the help of a count plot. It is the indication of positive (1) and negative (0) reviews. The bar heights are almost the same, which means that the data sets are balanced, which is significant to learn a model without any bias and conduct a valid analysis.
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Figure 9: Pre-processing
This code conducts text pre-processing of the TF-IDF model. It transforms text to lower case, stopwords are eliminated, and lemmatisation is used to reduce them to their root. An imaginary preprocessing function is designed and applied to both the training and the test databases, which results in clean text that enhances model efficiency and eliminates noise during feature extraction.
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Figure 10: Train Model with TF-IDF 
It is on this code that the traditional sentiment analysis model is constructed. It transforms cleaned text to numerical features based on TF-IDF up to 5000 features. These characteristics are then fed to a Logistic Regression model that has 200 iterations. This model acquires patterns in the data to determine whether a review is positive or negative.
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Figure 11: Evaluate TF-IDF Model
This code is a model appraisal of the TF-IDF + Logistic Regression model. It makes predictions with regard to the mood labels of the test data and computes performance measures such as accuracy, precision, recall, and F1-score. A heatmap is also used to visualise a confusion matrix. The findings indicate that there is a balance in performance in both classes, which means that the model is successful in differentiating between negative and positive reviews.
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Figure 12: Confusion Matrix for TF-IDF Model
The results of the performance of the TF-IDF + Logistic Regression model are visualised in the given confusion matrix. The model properly categorises 10,956 negative and 11, 017 positive reviews. False positives and false negatives are also 1,544 out of 1, 483, respectively. The relatively high diagonal coefficients mean that the model predicts very well, whereas the balanced errors indicate that the model works very well across the two classes of sentiment.
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Figure 13: Tokenization of the DistilBERT Model
This code does the tokenisation with the DistilBERT tokenizer. It will encode the raw text and convert it to token identifiers that can be comprehended by the model, as well as do padding and truncation in order to provide equivalent input length. This stage will use the contextual meaning and prepare the data to be processed by Transformers, as opposed to the classical preprocessing methods.
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Figure 14: Model Loading
This code then loads the pre-trained DistilBERT model of sequence classification, whose two-output labels are positive and negative. It loads the weights of the models and initialises the architecture. There are newly added some layers of classifiers have been added that are randomly initialised, and this means that the model will be fine-tuned on the data to make it suited to classifying sentiments.
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Figure 15: Training Model
The DistilBERT is trained on this code with the Trainer API. It executes the training data per a single epoch, whereby the model weights are updated in order to reduce training loss. The output displays the training progress, runtime, and loss value that demonstrate whether the model is learning or not. The pin_memory caution may be disregarded and is pertinent to the CPU usage, other than the usage of the GPU.
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Figure 16: Distilbert Evaluation
In this code, the model of DistilBERT is analysed by creating predictions regarding the test data. It computes performance metrics of accuracy, precision, recall, and F1-score, and it presents a confusion matrix. Very high accuracy (approximately 1.0) is obtained by the results and it means that there are excellent performance in the classification, but it can be taken to imply potential overfitting because of the smaller dataset.
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Figure 17: Final Comparison
This code establishes a comparison table of the accuracy of each of the models: TF-IDF using Logistic Regression and DistilBERT. The outcomes reveal that DistilBERT is more accurate than the classical model. This serves to indicate the benefit of Transformer-based models to capture contextual data and enhance sentiment classification gains.
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Figure 18: Feature with SHAP Value Plot
This SHAP bar plot is used to present how various TF-IDF features contribute to a certain prediction. The red lines indicate that positive values of SHAP (red) indicate that the prediction is drawn towards positive, whereas negative values of SHAP (blue) indicate that the prediction is drawn towards negative. As depicted by the plot, there are a few critical features that affect the decision heavily, and numerous features together act in a collective manner, which has led to the importance of features in the model.
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Figure 19: Feature Value with SHAP Value Plot
This SHAP summary plot indicates the general effect of keywords on the predictions of the model. The words such as great, best, and excellent possess the positive SHAP value and tend to push the predictions towards positive emotion, whereas words such as worst and bad possess negative SHAP value. The colour gradient represents the intensity of feature values, thus showing the degree to which each word affects the sentiment classification in many samples.
5. Conclusion
The paper has compared a classic TF-IDF with a Logistic regression model and a Transformer-based DistilBERT version of sentiment analysis. The findings show that the conventional method offers effective and explainable predictive tools, but they fail to take into account contextual meaning. DistilBERT was contrastingly better performing with the help of deep contextual comprehension of text, but with a higher cost of computation. The results bring about the trade-off between performance and simplicity. On the whole, Transformer-based models can be better adopted in complex language tasks, whereas traditional approaches will be useful in resource-constrained settings and baseline comparisons.
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