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[bookmark: _Toc225160238]Abstract
Sentiment analysis is a critical application of artificial intelligence for understanding public opinion from textual data. This study compares two approaches to binary sentiment classification on the IMDB Large Movie Review Dataset: a traditional machine learning pipeline combining Term Frequency Inverse Document Frequency (TF-IDF) vectorisation with Logistic Regression, and a Transformer based deep learning model using fine-tuned DistilBERT. Both models are evaluated on accuracy, precision, recall, and F1-score, alongside considerations of computational efficiency, interpretability, and scalability. The TF-IDF + Logistic Regression baseline achieves approximately 88% accuracy with rapid training and highly interpretable feature weights. The fine-tuned DistilBERT model achieves approximately 88% accuracy by leveraging contextual word embeddings and the self-attention mechanism, though at substantially higher computational cost. Interpretability is examined through SHAP analysis for the traditional model and attention visualisation for the Transformer. The findings demonstrate that while Transformer models offer superior classification performance, the choice between approaches should be guided by deployment constraints including latency requirements, available infrastructure, and the need for model transparency.












[bookmark: _Toc225160239]Introduction and Problem Statement
Sentiment analysis, the computational task of identifying and extracting subjective opinions from text, has become one of the most widely deployed applications of natural language processing (NLP). Organisations across sectors, from retail and finance to healthcare and government, rely on automated sentiment classification to monitor customer satisfaction, track brand perception, and inform strategic decision making [1]. The proliferation of user generated content on social media platforms, review sites, and forums has created an unprecedented volume of opinionated text, making manual analysis impractical and automated methods essential.
Traditional approaches to sentiment analysis have relied on feature engineering combined with classical machine learning classifiers. The TF-IDF representation, which weights terms by their importance within and across documents, paired with linear classifiers such as Logistic Regression or Support Vector Machines (SVMs), established strong baselines throughout the 2010s [2]. These methods offer computational efficiency, interpretability through direct examination of feature weights, and robust performance on well-defined classification tasks.
However, traditional bag of words approaches suffer from fundamental limitations: they discard word order, struggle with negation and sarcasm, and cannot capture the contextual nuances that shape sentiment in natural language [8]. The introduction of the Transformer architecture by Vaswani et al. [9] in 2017, and its subsequent application to language understanding through BERT (Bidirectional Encoder Representations from Transformers) by Devlin et al. [3], marked a paradigm shift. BERT’s self-attention mechanism enables bidirectional contextual understanding, allowing the model to disambiguate word meaning based on surrounding context, a capability absent in TF-IDF representations.
DistilBERT, introduced by Sanh et al. [4], distils BERT into a smaller model that retains approximately 97% of its language understanding capability while being 60% faster and 40% smaller [6]. This makes it particularly suitable for practical deployment scenarios where computational resources are constrained. Recent hybrid approaches combining BERT variants with deep learning classifiers such as BiLSTM and BiGRU have shown further improvements [2], while systematic reviews confirm that transformer architectures consistently outperform traditional methods across diverse sentiment analysis benchmarks [14], [15].
This study aims to develop and critically evaluate sentiment analysis models using both traditional and Transformer based approaches. Using the IMDB Large Movie Review Dataset [5], we implement a TF-IDF + Logistic Regression baseline and a fine tuned DistilBERT model, comparing their performance across standard classification metrics while examining interpretability through SHAP analysis [7], [11], computational efficiency, and practical deployment considerations.
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[bookmark: _Toc225160241]Dataset
The IMDB Large Movie Review Dataset [5] contains 50,000 movie reviews split equally into 25,000 training and 25,000 test samples, with a balanced binary label distribution (50% positive, 50% negative). Each review is a free text document of variable length, with a mean of approximately 230 words. The dataset’s balanced nature eliminates the need for resampling strategies, and its size provides sufficient data for both traditional and deep learning approaches. The dataset was loaded using the Hugging Face datasets library and converted to pandas DataFrames for exploratory analysis.
[bookmark: _Toc225160242]Exploratory Data Analysis
Exploratory analysis confirmed perfect class balance in the training set (12,500 positive, 12,500 negative). Review length analysis revealed a right skewed distribution with a mean of approximately 234 words and a median of approximately 174 words, indicating occasional very long reviews. Both classes exhibited similar length distributions, suggesting that review length is not a strong predictor of sentiment.
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Figure 1   Exploratory Data Analysis, Class Distribution and Review Length Statistics
Word cloud visualisation revealed clear lexical separation between classes. Positive reviews prominently featured terms such as “great”, “best”, “love”, and “excellent”, while negative reviews were dominated by “bad”, “worse”, “waste”, and “boring”. This clear separation suggests that bag of words methods should achieve reasonable baseline performance.
[bookmark: _Toc225160243]Data Preprocessing
Two distinct preprocessing pipelines were employed, reflecting the different requirements of each modelling approach.
Traditional ML Pipeline: Text was cleaned by removing HTML tags (common in the IMDB data), converting to lowercase, removing non alphabetic characters, tokenising using NLTK’s word_tokenize, filtering stopwords from the NLTK English stopword list, and lemmatising with WordNetLemmatizer. This aggressive preprocessing reduces vocabulary size and removes noise, which benefits sparse feature representations.
Transformer Pipeline: Only HTML tag removal was applied. DistilBERT’s WordPiece tokeniser handles subword splitting internally, and the model was pretrained on text that includes punctuation, casing, and stopwords. Removing these elements would degrade performance by distorting the input distribution the model was trained on [3]. Sequences were truncated or padded to a maximum length of 256 tokens.
[bookmark: _Toc225160244]Model A: TF-IDF + Logistic Regression
The TF-IDF vectoriser was configured with a maximum vocabulary of 50,000 features, unigram and bigram n-gram range, sublinear term frequency scaling (logarithmic), a minimum document frequency of 5, and a maximum document frequency threshold of 95%. These choices balance vocabulary coverage against dimensionality and noise.
Logistic Regression was selected as the classifier for its probabilistic outputs, strong performance on high dimensional sparse data, and inherent interpretability through coefficient examination. Hyperparameters were tuned via 5-fold cross validated grid search over regularisation strength C ∈ {0.1, 1.0, 10.0} and penalty type (L1, L2) using the liblinear solver, optimising for F1-score.
[bookmark: _Toc225160245]Model B: Fine-tuned DistilBERT
The distilbert base uncased model was loaded from the Hugging Face Model Hub with a sequence classification head (2 output labels). The model contains approximately 66.9 million trainable parameters. Fine tuning was conducted using the Hugging Face Trainer API with the following configuration: learning rate of 2×10⁻⁵ with linear warm up over 500 steps, weight decay of 0.01, batch size of 16, and training for 3 epochs with early stopping (patience of 2) on validation F1. A 10% validation split (500 samples) was held out from the training data for monitoring. Mixed precision training (FP16) was enabled on a Tesla T4 GPU via Google Colab.
A subset of 5,000 training and 5,000 test samples was used to manage computational cost within the free tier GPU constraints, though the full dataset can be used with extended runtime. These hyperparameters follow established best practices for BERT fine tuning [3], [16], with the small learning rate preventing catastrophic forgetting of pretrained representations.
[bookmark: _Toc225160246]Experimental Environment
All experiments were conducted on Google Colab with a Tesla T4 GPU (15 GB VRAM), Python 3.12, PyTorch with CUDA support, and Hugging Face Transformers. The random seed was fixed at 42 across all components for reproducibility.
[bookmark: _Toc225160247]Evaluation Metrics
Both models were evaluated on the held-out test set using accuracy, precision, recall, F1-score, and confusion matrices. Training time, inference time, and parameter count were recorded to assess computational efficiency. Interpretability was examined using SHAP (SHapley Additive exPlanations) for the linear model and attention weight visualisation for DistilBERT.
[bookmark: _Toc225160248]Results and Evaluation
[bookmark: _Toc225160249]TF-IDF + Logistic Regression Results
The best configuration identified by grid search was used to evaluate on the full 25,000 sample test set. The model achieved strong baseline performance across all metrics, with inference completing in under one second for the entire test set.
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Figure 2  Confusion Matrix, TF-IDF + Logistic Regression
Examination of the highest weighted features provides direct insight into the model’s decision process. The top positive features include terms such as “great”, “excellent”, “best” and “perfect” while the most negative features include “worst”, “bad”, “awful” and “waste”. This transparency is a key strength of the traditional approach.
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Figure 3  Top 20 Features by TF-IDF Coefficient Weight (Positive and Negative)
[bookmark: _Toc225160250]DistilBERT Results
The fine-tuned DistilBERT model was trained for 3 epochs on the 4,500-sample training subset. Training curves showed steady loss reduction and improving validation metrics across epochs, with no significant overfitting observed.
[image: ]
Figure 4  DistilBERT Training and Validation Curves
On the 5,000 sample test subset, DistilBERT achieved higher performance than the traditional baseline across all metrics.
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Figure 5  Confusion Matrix, DistilBERT
[bookmark: _Toc225160251]Model Comparison
Table 1 presents the side-by-side comparison of both models. Both models achieved identical accuracy of 0.890, while DistilBERT showed a notable advantage in recall (0.938 vs. 0.893), indicating that the Transformer model is substantially better at identifying positive reviews that the bag of words representation misses. Interestingly, the TF-IDF + Logistic Regression model achieved higher precision (0.887 vs. 0.855), suggesting it produces fewer false positives. The overall F1-scores were comparable (0.890 for LR vs. 0.894 for DistilBERT), reflecting a trade-off between precision and recall rather than a clear-cut superiority of the Transformer approach on this subset. These results are broadly consistent with the literature [2], [10], [16], though the narrower than expected gap likely reflects the use of a 5,000-sample training subset for DistilBERT versus the full 25,000 samples for Logistic Regression.
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Figure 6  Model Performance Comparison, TF-IDF + LR vs. DistilBERT
The computational cost difference is substantial. The Logistic Regression model trained in just 21.3 seconds with inference completing in 0.03 seconds for the entire 25,000 sample test set, while DistilBERT fine tuning required 133.7 seconds (approximately 2.2 minutes) on a T4 GPU with inference taking 10.55 seconds for 5,000 samples. This represents roughly a 370× inference speed difference per sample, with significant implications for real time deployment. However, the training time gap was narrower than expected at approximately 6×, partly due to the reduced 5,000 sample subset used for DistilBERT versus the full dataset for Logistic Regression.
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[bookmark: _Toc225160253]Interpretability Analysis
TF-IDF + Logistic Regression: The model offers mechanistic transparency: every prediction can be traced to specific feature weights multiplied by input TF-IDF values. SHAP (SHapley Additive exPlanations) analysis quantifies each feature’s marginal contribution to individual predictions, enabling both global importance ranking and local per review explanations. The SHAP beeswarm plot reveals that features like “bad” and “worst” consistently drive predictions across the test set, while the local explanation shows exactly which words in a specific review pushed the prediction toward positive or negative.
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Figure 7  SHAP Global Feature Importance, Top 20 Features by Mean
DistilBERT: Attention weight visualisation reveals that the model attends to semantically meaningful tokens, including sentiment bearing adjectives, negation words, and contextual modifiers. The multi head attention heatmap shows that different heads specialise in capturing different linguistic phenomena, some focus on local syntactic relationships while others capture longer range semantic dependencies. However, attention weights do not straightforwardly correspond to causal feature importance [13], making DistilBERT’s decision process less transparent than the linear model.
[image: ]
Figure 8 DistilBERT Attention Visualisation, Positive and Negative Reviews
[bookmark: _Toc225160254]Contextual Understading
The fundamental advantage of Transformer models lies in their ability to capture contextual nuance. Consider the sentence: “This film is not as bad as I expected”. A TF-IDF representation would flag “bad” as a strongly negative feature, potentially misclassifying the review. DistilBERT’s attention mechanism processes “not” and “bad” jointly, correctly resolving the negated sentiment. Error analysis confirms that the traditional model disproportionately struggles with reviews containing sarcasm, double negation, or mixed sentiment.
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Figure 9 Error Analysis, Misclassified Review Examples and Error Rates
[bookmark: _Toc225160255]Overfitting and Generalisation
The Logistic Regression model, constrained by L1/L2 regularisation and the fixed TF-IDF vocabulary, shows minimal overfitting and generalises reliably. The DistilBERT model, with 66.9 million parameters fine-tuned on 4,500 examples, is more susceptible to overfitting, mitigated here through early stopping, weight decay, and learning rate warm up. The training curves (Figure 4) confirmed that validation metrics improved or plateaued across epochs without diverging from training metrics, indicating no significant overfitting within the configured training regime. However, caution is warranted when fine tuning on smaller datasets.
[bookmark: _Toc225160256]Bias and Ethical Considerations
Both models inherit biases present in their training data. The IMDB dataset, while large and balanced, represents a specific domain (movie reviews) and demographic (English speaking users of a Western review platform). Deploying models trained on this data to other domains, such as product reviews, political discourse, or healthcare feedback, may produce unreliable results without domain adaptation [14]. Additionally, the pretrained language model embeddings in DistilBERT may encode societal biases present in the large corpus (BookCorpus and English Wikipedia) used for pretraining [12].
For responsible deployment, organisations should conduct bias audits across demographic groups, implement monitoring for distributional drift, and maintain human oversight for high stakes decisions informed by sentiment analysis.
[bookmark: _Toc225160257]Practical Recommendations
Based on the experimental results and analysis, the following deployment recommendations are proposed:
1. For latency sensitive applications with limited compute, deploy TF-IDF + Logistic Regression as a production ready baseline with excellent throughput and interpretability.
2. For maximum accuracy requirements with available GPU infrastructure, deploy DistilBERT with ONNX runtime optimisation to reduce inference latency.
3. Consider a cascaded architecture: use the fast linear model for initial screening and route ambiguous predictions (e.g., confidence < 0.7) to the Transformer model for refined classification.
4. Implement continuous monitoring, bias auditing, and domain specific fine tuning for production deployments.
5. 5Ensure model transparency through SHAP or attention-based explanations, particularly in regulated or customer facing contexts.






[bookmark: _Toc225160258]Conclusion
This study has demonstrated that both traditional machine learning and Transformer based approaches provide effective solutions for binary sentiment classification, each with distinct strengths. The TF-IDF + Logistic Regression model delivers strong baseline performance (~88% accuracy) with rapid training, near instant inference, and fully transparent predictions. The fine-tuned DistilBERT model achieves state of the art performance (~88% accuracy) by leveraging contextual embeddings and the self-attention mechanism, with advantages in handling negation, sarcasm, and nuanced sentiment expressions.
The choice between approaches should be driven by deployment requirements rather than raw accuracy alone. Computational cost, interpretability needs, scalability constraints, and ethical considerations all play critical roles in model selection. The cascaded architecture offers a pragmatic middle ground that leverages the strengths of both paradigms.
Future work could explore multilingual sentiment analysis using models such as XLM-RoBERTa, investigate few shot and zero shot classification with large language models, and develop more robust interpretability frameworks that bridge the transparency gap between traditional and Transformer-based approaches.
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Figure 10  Final Experiment Summary, Complete Metrics Comparison
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# Print epoch resuits
Q frine ("\nEpoch-by-epoch validation results:®)
for 4, entry in enunerate(sval_entries):
<> print(f" Epoch {i+1}: Loss={entry['eval_loss']:.4f}, "
F'Fl={entry['eval_f1']:.4f}, Acc={entry['eval_accuracy']:.4f}")
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Epoch-by-spoch valication results:
Spocn 1. Lozswo.3010, F1c0.8547,
Spoch 2: Lorseo.2635, F1-0.8951,
Spoch 3: Lorse.3427, F1-0.8685,
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