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Abstract
In this report, a traditional machine learning pipeline and a modern transformer-based deep learning model are compared with each other based on the sentiment classification of movie reviews using artificial intelligence. The authors of the study use the IMDB Reviews data set consisting of 50,000 labelled reviews and create two different models: the Term Frequency-Inverse Document Frequency (TF-IDF) vectorisation with Logistic Regression and a fine-tuned DistilBERT transformer model. The experimental results indicate that the DistilBERT model results in an F1- score of 0.9107, which is a 1.87 percentage point higher than the Logistic Regression baseline of 0.8920 when tested on a general test set. Analysis of interpretability through SHAP values and attention weight visualisation shows internal differences in the process of making each architecture arrive at its predictions. The traditional model has straightforward, coefficients-based descriptions, and transformer represents more contextual semantics at the expense of diminished explanations. The practical suggestions are made regarding the implementation of the sentiment analysis systems, finding the balance between the accuracy, computational cost, and the transparency demands.


1. Introduction and Problem Statement
Sentiment analysis, the process of recognizing subjective opinion in text using computation, has become an essential part of the contemporary artificial intelligence use in commerce, governance, and the health of people (Wankhade, Rao and Kulkarni, 2022, p. 2). With an increased use of digital tools in the interaction with customers, the possibility to automatically determine the positive or negative sentiment of textual information allows monitoring the overall opinion of the masses, which cannot be done by hours of analysis history.
Conventional methods of classifying sentiments have generally been based on hand-written feature extraction algorithms like TF-IDF coupled with linear feature classifiers like the Logistic Regression classifier and the Support Vector machine. Although they are computationally efficient and interpretable, these approaches view text as an unstructured set of words and thus they do not consider word sequence, context, and distant interdependence (Yadav and Vishwakarma, 2020, p. 4). Transformer architectures and especially Bidirectional Encoder Representations from Transformers (BERT) have offered a solid basis that has dramatically changed the natural language processing landscape by including self-attention mechanisms that encode two-way context cultural connections among tokens (Vaswani et al., 2023, p. 3).
The understanding that is discussed in this report is whether there is any meaningful improvement in performance of transformer-based models over traditional machine learning methods in binary sentiment classification at what cost in terms of computation power and understanding. The following are the objectives of the study: to preprocessing and prepare the IMDB Reviews dataset to the two modelling paradigms; to implement and optimize a TF-IDF with Logistic Regression model and a fine-tuned DistilBERT model; to evaluate and compare the models based on standard classification metrics; to interpret the model related to SHAP values and attention visualisation; and to draw the possible recommendations related to the deployment of sentiment analysis systems.
2. Related Work
Sentiment analysis has adopted a significant level of methodological development over the last ten years. Wankhade, Rao and Kulkarni (2022, pp. 5-12) give an exhaustive overview of sentiment analysis algorithms, which point out that the classic machine learning algorithms, like Naive Bayes, Logistic Regression, and SVM, played the traditional role of the foundation of text classification systems. Such methods generally use a bag-of-words or TF-IDF model, in which the documents are represented as sparse numeric vectors in terms of the frequency statistics of the terms. Although useful in most cases, these representations automatically lose sequential and context information.
The launch of the transformer architecture by Vaswani et al. (2023, pp. 1-5) changed the game changer of natural language processing. The self attention scheme allows models to assign importance of each of the tokens in a sequence with respect to all other tokens in that sequence and hence the depiction of both local and global reliance without duplication. this was extended by Bert which was proposed by Devlin et al. (2019, p. 2) whereby it trains bidirectionally on large corpora, enabling the use of large-scale corpora to achieve state-of-the-art in a wide range of NLP tasks. Later efforts by Sanh et al. (2020, pp. 1-4) proposed a DistilBERT, a distilled version of BERT with preserves more or less of its performance, but with its model size of 40 percent smaller and inference speed 60 percent faster, which is more resource-appropriate.
The latest comparison works have always shown that, sentiments analysis models based on transformer outperforms the traditional models. A comparison between BERT variants and traditional classifiers was made by Abas et al. (2022, pp. 8-10) and it was found that the accuracy of BERT variants outperformed traditional classifiers by far, especially with a negation, sarcasm, or complex syntax text. Speaking of interpretability, Jain and Wallace (2021, pp. 3-6) advised that attention weights do not always represent faithful interpretations of model predictions, which is why they should be used complemented with SHAP. Formalising SHAP Lundberg and Lee (2020, pp. 2-5) based SHAP on a single network of interpretability, based on cooperative game theory Shapley values.
Maas et al. (2021, p. 1) dataset containing the IMDB Reviews data is one of the most popular ones as a benchmark in binary sentiment classification. It has 50,000 movie reviews divided by training and testing partitions in a balanced number of positive and negative categories. Its extensive use makes it easy to compare it with published baselines, as well as guarantees reproducibility of methods.
3. Methodology
3.1 Data Preparation and Exploration
The IMDB Reviews dataset was loaded through the Hugging Face Datasets library which gave a 25,000 training and a 25,000 test sample of perfect balance in class distribution consisting of 12,500 positive and 12,500 negative reviews per partition. When using exploratory data analysis, the mean length of the review was found to be 233.8 with a standard deviation of 173.7 with a median value of 174 and maximum of 2,470 words. The class balance as expressed in figure 1 shows that there was no class imbalance remediation which was required.
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Figure 1. Class distribution across training and test partitions of the IMDB Reviews dataset.
Figure 2 will show the distribution of the lengths of the reviews and the change of these lengths with sentiment categories. The distributions are skewed to the right where most of the reviews do lie between 100 and 300 words. There is no difference in length distinctions of positive and negative reviews indicating that the length of the review is not a valid discriminative item.
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Figure 2. Distribution of review word counts (left) and comparison by sentiment class (right).
As demonstrated in Figure 3, word cloud visualisation and frequency analysis of words indicated specific lexical pronouncing in the classes of sentiments. The frequency of terms like great, love, best in the positive reviews was higher and the terms like bad, waste, and boring prevailed in negative reviews. These trends give us first indications that lexical characteristics have favorable meaning cues.
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Figure 3. Top 20 words and word clouds for positive (left) and negative (right) reviews.
3.2 Preprocessing
Two separate pipelines of preprocessing were adopted so as to match the needs of each modelling paradigm. To the standard ML pipeline text had been made lowercase, HTML tags had been stripped, non-alphabetic characters had been stripped, stopwords had been removed with the NLTK English stopwords list and the rest of the tokens were lemmatised with the WordNet lemmatiser. TF-IDF was also then used to clean up the text with the following set of parameters: a vocabulary limit of 20,000 features, unigram and bigram features, scaling term frequencies with sublinear frequency, minimum document frequency of 5 and a maximum document frequency of 0.95 to eliminate overly common words.
In the case of the transformer-based pipeline, only simple preprocessing was done that only involves deletion of HTML tags. The design choice is based on the accepted best practice in BERT-family models, as the original casing, punctuations, and grammatical constructions are retained in the further models because the subword division is performed within the WordPiece tokeniser (Sanh et al., 2020, p. 2). DistilBERT tokeniser was set with 256 tokens as its maximum sequence length, truncation was used to truncate the long reviews and padding was used to pad short reviews.
3.3 Model Design and Training
The former had TF-IDF vectorisation and Logistic Regression. Five-fold cross-validation through the GridSearchCV optimisation was performed on the values of regularisation strength of 0.1, 1.0, and 10.0 with L2 regularisation penalty and Solver LBFGS-optimisation. The best values detected were C=1.0 and L2 regularisation which gave a cross-validated F1-score of 0.8695. The model has been trained based on the entire training partition of 25, 000 samples.
In the second model, a binary sequence classification probing model, DistilBERT (distilbert-base-uncased) with 66.9 million parameters was used in a binary fashion. Because of the limitations of the Google Colab platform with Tesla T4 GPU, a stratified sample of 10,000 training samples and 5,000 test samples was used, with equal class representation. Three epochs were used to train the model with AdamW and a learning rate of 2x10-5, weight decay of 0.01, gradient clipping to a maximum norm of 1.0, a batch size of 16, and linear learning rate schedule with 10% warm up steps. These are the hyper parameters based on a set of policies of BERT fine-tuning (Devlin et al., 2019, p. 13).
4. Results and Evaluation
4.1 Logistic Regression Performance
TF-IDF with Logistic Regression model got an accuracy, precision, recall and F1-score at 0.8896, 0.8875, 0.8922 and 0.8898 respectively, on the entire 25,000 sample test data. The confusion matrix provided in Figure 4 shows the relatively balanced distribution of the errors, with 1,384 and 1375 cases of false negative and false positive respectively, showing that there is no significant bias in favor of any of these two sentiments.
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Figure 4. Confusion matrix for the TF-IDF + Logistic Regression model on the full test set.
The coefficient results of the model, as portrayed in Figure 5, indicate the most meaningful features of every category of sentiment. Strongly positive features consist of the terms of great, excellent and perfect, and the strong negative features are waste, worst, and awful. The fact that such coefficients can be interpreted makes up one of the strongest points of the linear modelling technique, since the impact of a feature in the prediction can be easily viewed directly.
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Figure 5. Top 20 most influential TF-IDF features for positive (left) and negative (right) sentiment.
4.2 DistilBERT Performance
The fine-tuned DistilBERT represented the continuous improvement in the three training epochs. The drop in training loss went down as shown by the difference between 0.3729 in epoch one and 0.1121 in epoch three and an increase in training accuracy as it went up to 96.75 as compared to 82.67. The validation accuracy increased to 91.06% and the difference between the training and validation performance slightly increased during the last epoch indicating the beginning of slightly mild overfitting. The training and validation curves are shown in figure 6 depending on the epochs.
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Figure 6. DistilBERT training and validation loss (left) and accuracy (right) across three epochs.
On the test subset of size 5000, DistilBERT obtained accuracy of 0.9106, precision of 0.9098, recall of 0.9116 and F1-score of 0.9107. Figure 7, whose confusion matrix demonstrates the confusion, further indicates that the number of false negatives and the number of false positives are equal at 226 and 221, respectively.
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Figure 7. Confusion matrix for the fine-tuned DistilBERT model on the test subset.
4.3 Comparative Analysis
The two models were put to test on the same 5,000-sample test subset in order to make a fair comparison. The comparison is presented in table 1.
	Metric
	Logistic Regression
	DistilBERT

	Accuracy
	0.8914
	0.9106

	Precision
	0.8869
	0.9098

	Recall
	0.8972
	0.9116

	F1-Score
	0.8920
	0.9107


Table 1. Performance comparison of both models on the common 5,000-sample test subset.
DistilBERT showed the highest results in all the four measures, the biggest change being among precision, which improved by +2.29 percentage points, and accuracy, which improved by +1.92 percentage points. The bar chart comparison as groups is available in Figure 8, whereas the confusion matrices are shown side by side in Figure 9.
[image: ]
Figure 8. Grouped bar chart comparing classification metrics across both models.
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Figure 9. Side-by-side confusion matrices for Logistic Regression (left) and DistilBERT (right).
5. Discussion
5.1 Interpretability Comparison
One of the most important aspects that can be compared critically to the two models is their interpretability. The inherently transparent predictive model of Logistic Regression model delivers the feature weight: the coefficient of each TF-IDF model feature is an ultimate measure that objectively quantifies the effect of this factor on the sentiment choice. These relationships were also further confirmed in SHAP analysis displayed in Figure 10 that involves the calculation of the Shapley values, which hypothetically assigns the contribution of prediction to the individual features (Lundberg and Lee, 2020, p. 3). The SHAP analysis has validated that all of the words that have a negative connotation, like the word worst, the word bad, the word great, the word excellent, and the word excellent have the greatest influence on the models predictions which is expected considering the intuitive belief of a word that carries a negative connotation.
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Figure 10. SHAP feature importance analysis for the Logistic Regression model (top 20 features).
DistilBERT model on the other hand encodes sentiment in distributed contextual representations in 6 transformer layers plus 12 attention heads per layer. Although attention weight visualisation gives some understanding of what tokens the model in question considers when drawing predictions, Jain and Wallace (2021, pp. 4-5) have found that the distribution of attention does not consistently reflect the importance of features. However, attention visualisation has still been useful as a qualitative method of getting to know the behaviour of models. Transformer models have the ability to learn the contextual dependencies, i.e. patterns of negation where not good is negatively connoted in spite of the behaviourally positive word good; this is a core strength of transformer models over bag-of-words representations.
5.2 Computational Efficiency and Scalability
The two models are radically different in terms of computational requirements. When trained, the milliseconds required to predict thousands of samples using the Logistic Regression model are considerably low, it has lower memory needs, and the model can be run on standard, no specialised, CPU hardware. Despite being significantly smaller than the BERT on which it is based, having 66.9 million parameters against BERTs 110 million, DistilBERT nevertheless necessitates GPU acceleration to be practical as well as fine-tuning and has significantly lower inference throughput. It took about 14.6 minutes (877 seconds) to do the 10,000 samples with a T4 Tesla card in three epochs, which is compared to less than a second (14.6) to run the otherwise 15-configuration GridSearchCV on the full 25,000-sample training set with the Logistic Regression model. The implications of these differences in efficiency are quite important in being deployed in resource-constrained or latency-sensitive settings (Sanh et al., 2020, p. 3).
5.3 Overfitting, Robustness, and Data Bias
The training curves of DistillBERT show that it training accuracy (96.75) versus validation accuracy (91.06) I got a bigger difference between the two, which is the 3rd epoch and is the manifestation of overfitting. This is known to be a difficulty of training large pre-trained models with relatively small datasets (Devlin et al., 2019, p. 14). The possible mitigation strategies involve early termination, dropout regularisation, data augmentation as well as larger training subset. The IMDB dataset per se is not very diverse in terms of both demographic and domain, as it contains only the review of the movies in one language on a sole platform, which can limit its generalisation to other areas, such as product reviews, social media posts, or the multilingual corpora (Wankhade, Rao and Kulkarni, 2022, p. 18).
5.4 Comparison with Prior Studies
Findings in this research are widely in line with the published standards. Abas et al. (2022, p. 9) described BERTApplication of BERT-based models with an average of F1-scores of 0.90-0.93 on the IMDB dataset, compared to classifiers of 0.86-0.89 on average. The DistilBERT F1-score of 0.9107 of the current study is in the range that can be expected, especially considering that fewer training subset occurred as a result of computational considerations. The F1-score of the Logistic Regression of 0.8920 also fits the known baselines indicating the validity of the experimental approach.
6. Conclusion and Recommendations
This paper has shown that, transformer-based models, namely DistilBERT can achieve quantifiable performance gains with regards to traditional TF-IDF using Logistic Regression to classify binary sentiment on IMDB Reviews data. The DistilBERT model had F1 -score of 0.9107 and 0.8920 by traditional approach which shows an improvement in all evaluation metrics. Nevertheless, such a performance improvement incurs the cost of much higher computational needs, a lower inference rate, and lower interpretability.
As a result of these discoveries, the developed suggestions can be offered in the context of implementing AI-based sentiment analysis systems. In use-cases where transparency and explainability are central (e.g. regulated financial services or health care monitoring), the classical TF-IDF based on Logistic Regression approach is an attractive option in regards to sufficient performance, fast inference and complete model transparency. To achieve the highest level of accuracy, as in the case of an application that aims at a high degree of social media monitoring or brand perception monitoring, DistilBERT gives a better performance in terms of classification and is useful due to its distilled structure. Hybrid methods, where a fast traditional model is to be used to screen the initial component, and a transformer one to process ambiguous or high-stakes cases in need of more contextual information should also be considered, in organisations.
Such ethical considerations as sentiment models that are regularly audited on the basis of demographic and cultural bias in training data, communicating to the end-users the limitations in models, and using automated sentiment categories as the basis of consequential decisions that affect individuals are part of ethical considerations of deployment (Wankhade, Rao and Kulkarni, 2022, p. 20). Cross-domain transfer learning, multilingual sentiment analysis, finding and applying more complex interpretability systems like integrated gradients should be studied in the future to bridge the gap between model performance and explainability.
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