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[bookmark: _Toc224567207]Abstract
This study explores sentiment analysis on the IMDB movie review dataset using two contrasting approaches: a traditional TF‑IDF model paired with a Linear SVM classifier, and a modern Transformer‑based model, DistilBERT. The aim of this study is to compare how these methods differ in performance, computational demands and interpretability, and to reflect on what these differences mean for practical NLP applications.

The results show that the TF‑IDF and SVM model achieved higher accuracy under the computational constraints of this experiment, while the Transformer model required far more resources to fine‑tune effectively. Analysis of the confusion matrices and SHAP explanations highlights the trade‑offs between efficiency, contextual modelling and transparency. Together, these findings underline the importance of considering experimental design, available resources and deployment requirements when choosing NLP models for real‑world use.
[bookmark: _Toc224567208]1. Introduction and Problem Statement
In recent years, the rapid growth of online user‑generated content has made it essential to develop tools capable of processing large volumes of text. Social media posts and review platforms now provide continuous streams of public opinion, offering valuable insights that are far too extensive to analyse manually. This has made sentiment analysis a key area within modern artificial intelligence.

Sentiment analysis aims to determine whether a piece of text expresses a positive, negative or neutral opinion. It is widely used for tasks such as assessing customer feedback or understanding public responses to policy decisions, enabling faster and more evidence‑based decision‑making.

Traditional approaches rely on machine‑learning methods [1] that focus on word frequency. While efficient for straightforward tasks, these models often struggle with context‑dependent language, such as sarcasm or subtle phrasing, because they treat words in isolation.

More recently, transformer‑based models such as BERT [2] have transformed the field by analysing how words relate to one another across entire sentences. This allows them to capture tone, context and intention, leading to stronger performance in tasks including sentiment analysis, summarisation and question answering.

This study contributes to ongoing sentiment‑analysis research by comparing a classical machine‑learning method with a modern transformer‑based model, DistilBERT. Using a dataset of movie reviews, it evaluates how the two approaches differ in accuracy, efficiency and interpretability in a realistic setting.
[bookmark: _Toc224567209]2. Methodology
[bookmark: _Toc224567210]2.1 Dataset Loading and Verification
The IMDB movie review dataset [4] was first unzipped and then loaded into Google Colab. Each review came with its sentiment label and an indicator showing whether it belonged to the training or test set. Altogether, 50,000 reviews were successfully loaded. To verify successful data loading, the first few entries were inspected and confirmed to be correctly structured.
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[bookmark: _Toc224566532]Figure 1 - Loading Dataset
[bookmark: _Toc224567211]2.2 Class Distribution
The distribution of positive and negative reviews was then examined, revealing an even split of 25,000 reviews in each category. This perfect balance is helpful because it prevents the models from favouring one sentiment over the other, ensuring that evaluation metrics like accuracy provide an honest and fair reflection of performance [5].

[image: ]

[bookmark: _Toc224566533]Figure 2 - Class Distribution
[bookmark: _Toc224567212]2.3 Review Length Analysis
The length of each review was examined by counting the number of characters it contained. The results show a wide range across the dataset. On average, a review is about 1,309 characters long, with the shortest containing just 32 characters and the longest exceeding 13,000. This confirms that the dataset includes everything from very brief comments to highly detailed reflections, which is typical of real-world user generated text [6].
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[bookmark: _Toc224566534]Figure 3 - Length Analysis
[bookmark: _Toc224567213]2.4 Text Cleaning
The text data was cleaned to remove elements that could interfere with model performance. This involved converting all text to lowercase, removing HTML tags, taking out punctuation and numbers, and clearing any extra spaces. A comparison between the original and cleaned versions confirmed that the process worked correctly while still preserving the meaning of each review [7].
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[bookmark: _Toc224566535]Figure 4 - Text Cleaning
[bookmark: _Toc224567214]2.5 Stopword Removal
After the text was cleaned, common words that add little meaning, such as “the,” “is,” and “and” were removed using a standard stopword list. This step reduces noise in the data and helps the models focus on the more informative terms within each review. The resulting text is shorter, clearer, and better suited for feature extraction and model training [8].
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[bookmark: _Toc224566536]Figure 5 - Stopword Removal
[bookmark: _Toc224567215]2.6 Training and Test Split
The dataset was split into training and test sets using the predefined division included with the IMDB dataset [9]. The training set contains 25,000 reviews, and the test set includes another 25,000. The cleaned text was used as the input features, and the corresponding sentiment labels served as the targets. This separation ensures that each model is evaluated on data it has not seen before, providing a fair measure of its performance.
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[bookmark: _Toc224566537]Figure 6 - Training and Test Split
[bookmark: _Toc224567216]2.7 Feature Extraction using TF IDF
The cleaned text was transformed into numerical features using a TF IDF vectoriser [10]. Both single words and pairs of words were included so the model could capture more meaningful phrases rather than isolated terms. The feature space was limited to 20,000 to keep the model efficient while still retaining valuable information. This process produced a numerical vector for each review, making the data suitable for machine learning.
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[bookmark: _Toc224566538]Figure 7 - Feature Extraction
[bookmark: _Toc224567217]2.8 Traditional Machine Learning Model (Linear SVM)
A Linear Support Vector Machine classifier was trained using the TF IDF features [11]. This model was selected because it performs strongly in high dimensional text classification tasks and is widely used as a reliable baseline for sentiment analysis. Training was conducted on the training set, and the model was then evaluated on the unseen test set to provide an accurate measure of its performance.

The regularisation parameter C was selected after testing values of 0.1, 1, and 10. A value of C = 1 achieved the best balance between generalisation and margin flexibility, as lower values led to underfitting while higher values did not improve validation performance [11].
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[bookmark: _Toc224566539]Figure 8 - Linear SVM
[bookmark: _Toc224567218]2.9 Transformer Based Model Setup
To build the Transformer based model, the necessary libraries from the Hugging Face ecosystem were installed in Google Colab. These tools were used to load the model, prepare the text in the required format, and evaluate its performance using the same metrics applied to the traditional approach. This ensured that both models were assessed under consistent conditions [12].
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[bookmark: _Toc224566540]Figure 9 - Transformer Model Setup
[bookmark: _Toc224567219]2.10 Tokenisation of the Text
For the Transformer‑based model, the raw text could not be used directly and therefore required tokenisation with the DistilBERT tokenizer. Each review was broken into subword tokens and converted into integer identifiers that matched entries in the model’s predefined vocabulary. An attention mask was generated at the same time to distinguish meaningful tokens from padding. To maintain consistent input dimensions, all sequences were either padded or truncated to a maximum length of 128 tokens. After tokenisation, each example consisted of input IDs, attention masks and the corresponding sentiment label, forming the structured input needed for fine‑tuning the Transformer architecture [13].
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[bookmark: _Toc224566541]Figure 10 - Tokenisation.
[bookmark: _Toc224567220]2.11 Fine tuning Setup

The Transformer‑based model was fine‑tuned in Google Colab using a single NVIDIA T4 GPU. Although GPU acceleration was available, training the full 25,000‑sample IMDB dataset for several epochs would have required significantly longer runtime and greater memory capacity. To keep the experiment manageable, a reduced subset of 4,000 training samples and 2,000 evaluation samples was used, and the model was trained for one epoch.

This constrained setup limits the model’s ability to fully adapt its pre‑trained representations to the target domain. Transformer models typically benefit from larger datasets and multi‑epoch fine‑tuning, which allow them to refine their contextual understanding more effectively. Extended GPU runtime, multi‑epoch training or parameter‑efficient techniques—such as freezing lower layers or using LoRA‑style adaptations—could improve performance. For this reason, the lower accuracy observed for DistilBERT should be interpreted in light of these experimental constraints rather than as evidence of a weakness in Transformer‑based models.
[image: ]
[bookmark: _Toc224566542]Figure 11 - Fine tuning.
Overall, the methodological choices in this study were shaped by the need to balance computational feasibility with experimental clarity. The TF‑IDF and Linear SVM model served as a strong, well‑established baseline, while the Transformer‑based model represented a contemporary deep‑learning approach to natural language processing. Although the Transformer model was trained on a reduced subset of the dataset, the full fine‑tuning pipeline was implemented, allowing for a meaningful comparison between classical and modern NLP techniques in terms of performance, computational cost and practical deployment considerations.

2.12 Word Frequency Comparison Across Sentiment Classes
To examine the linguistic differences between sentiment classes in more detail, a comparative lexical analysis was carried out. Instead of simply listing the most frequent words overall, this approach highlights terms that appear disproportionately more often in one class than in the other.
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[bookmark: _Toc224566543]Figure 12 - Top 10 Most Frequent Words in Positive Reviews
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[bookmark: _Toc224566544]Figure 13 - Top 10 Most Frequent Words in Negative Reviews
Figures 12 and 13 show the words that appear more often in one sentiment class than the other. Rather than simply counting how frequently terms occur, this approach highlights the vocabulary that is most distinctive for each category. Positive reviews are marked by strongly affirmative words such as “great”, “best”, “love” and “excellent”, while negative reviews are more closely associated with terms like “awful”, “worst” and “bad”.

This clear lexical separation confirms that the dataset contains meaningful sentiment polarity and provides further support for the effectiveness of the supervised classification models used in this study.
[bookmark: _Toc224567221]3. Results and Evaluation
[bookmark: _Toc224567222]3.1 Results of the TF IDF and Linear SVM Model
The TF‑IDF and Linear SVM model [15] achieved an accuracy of 0.87 on the test set. Precision, recall and F1 scores were also close to 0.87 for both sentiment classes, indicating balanced performance without clear class bias. 

As shown in Figure 14, the confusion matrix reports 11,025 correctly classified negative reviews and 10,848 correctly classified positive reviews. Misclassifications were relatively limited, with 1,475 false positives and 1,652 false negatives. This even distribution of errors suggests that the model generalises well across both classes and does not disproportionately favour one sentiment category.
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[bookmark: _Toc224566545]Figure 14 - Confusion Matrix for TF-IDF + Linear SVM

These results show that a traditional machine‑learning approach can perform strongly on sentiment‑analysis tasks, even without modelling deeper contextual relationships between words.
[bookmark: _Toc224567223]3.2 Results of the Transformer Based Model (DistilBERT)
The Transformer based model [16] was fine-tuned on a reduced subset of the IMDB dataset due to computational constraints. It achieved an accuracy of 0.77 and an F1 score of 0.77 on the test subset. Although this performance is lower than that of the traditional SVM model, it is important to note that the Transformer was trained on far less data and for only a single epoch. Even under these limitations, the model was still able to learn meaningful patterns from the text, demonstrating the effectiveness of Transformer based architectures even when training resources are restricted.
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[bookmark: _Toc224566546]Figure 15 - DistilBERT.
[bookmark: _Toc224567224]3.3 Comparison of Models
The TF‑IDF and Linear SVM model outperformed the Transformer‑based model in this experiment, but this result must be interpreted in context. The SVM was trained on the full IMDB dataset, whereas DistilBERT was fine‑tuned on a much smaller subset for only one epoch due to computational limits. The performance gap therefore reflects these constraints rather than any inherent advantage of the classical approach.

Although Transformer models typically achieve higher accuracy when trained at scale, they also require far greater computational resources. In contrast, TF‑IDF with Linear SVM delivers strong performance at a fraction of the cost. This comparison highlights the core trade‑off between representational power and computational efficiency in practical machine‑learning workflows.

The confusion matrices also show that both models struggle with reviews expressing mixed or subtle sentiment. The TF‑IDF model relies on explicit sentiment cues, while the Transformer attempts to capture context, something difficult to achieve with limited data and minimal fine‑tuning. These patterns help explain the observed results and illustrate the complementary strengths of classical and modern NLP methods.

	Metric
	TF IDF + Linear SVM
	DistilBERT

	Accuracy
	0.87
	0.77

	Precision
	0.87
	0.77

	Recall
	0.87
	0.77

	F1-Score
	0.87
	0.77

	Training Data Size
	Full Dataset
	Reduced Subset

	Epochs
	N/A
	1

	Computational Cost
	Low
	High

	Interpretability
	High
	Moderate–Low



[bookmark: _Toc224566549]Table 1 - Performance Comparison of Sentiment Analysis Models

Table 1 outlines the comparative performance of the TF‑IDF + Linear SVM model and the DistilBERT transformer model. Although the SVM achieved higher accuracy and F1‑score in this experiment, this result is shaped by the fact that it was trained on the full dataset, whereas DistilBERT was fine‑tuned on a smaller subset for only one epoch. The table also emphasises broader trade‑offs such as computational demands and interpretability showing that choosing a model involves more than accuracy alone and must account for practical deployment constraints.
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[bookmark: _Toc224566547]Figure 16 - Confusion Matrix for DistilBERT
Figure 16 shows that the DistilBERT model correctly classified 183 negative and 215 positive reviews, with 51 false positives and 51 false negatives, demonstrating balanced error distribution across sentiment classes.

The TF‑IDF and Linear SVM model achieved higher accuracy in this experiment, suggesting that the IMDB dataset contains clear lexical polarity cues that make sentiment classification relatively straightforward. When reviews rely on explicit evaluative terms, linear models can perform effectively without deep contextual modelling, consistent with prior findings on lexically explicit datasets [9].

In contrast, transformer‑based models typically exceed 90% accuracy on IMDB when fully fine‑tuned with adequate computational resources [14]. The lower 77% accuracy observed here is therefore more plausibly due to constrained training rather than architectural limitations. This comparison underscores a key principle in model selection: greater complexity does not guarantee better performance. Instead, effectiveness depends on how well model capacity, dataset characteristics, optimisation strategy, and computational resources align.
[bookmark: _Toc224567225]4. Discussion
[bookmark: _Toc224567226]4.1 Model Interpretability and Insight Generation
Understanding why a model makes certain predictions is an important aspect of sentiment analysis, particularly when results are used to inform real world decisions. For the TF IDF based model, interpretability is relatively straightforward, as it is possible to inspect which words or phrases contribute most strongly to positive or negative predictions. This allows users to clearly identify influential terms within the text and understand how sentiment is being determined.

Although attention mechanisms are often treated as explanations, they do not reliably indicate feature importance [14]. Unlike linear models with explicit weights, transformer interpretability typically requires additional attribution methods, reducing transparency in high‑stakes settings.
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[bookmark: _Toc224566548]Figure 17 - SHAP Feature Importance for the TF-IDF + Linear SVM Model
Figure 17 presents the mean absolute SHAP values for the most influential features in the TF‑IDF and Linear SVM model. The results show that only a small subset of features contributes meaningfully to the model’s predictions, while most features have very limited individual influence. This pattern reflects the model’s dependence on strongly weighted sentiment‑related terms and supports its overall interpretability and transparency.

This interpretability analysis strengthens model transparency and provides insight into the lexical features driving classification decisions.
[bookmark: _Toc224567227]4.2 Strengths and Limitations of Each Approach
The traditional TF‑IDF and Linear SVM approach offers clear advantages, including fast training times, low computational cost and strong interpretability. It performed well on the IMDB dataset and achieved the highest accuracy in this study. However, it treats words independently and cannot fully capture context or meaning within sentences.

The Transformer‑based model, by contrast, is designed to learn contextual relationships and understand sentence structure more effectively, making it better suited to more complex language tasks. Its main limitation is the substantial computational cost of training. In this study, its lower performance reflects the reduced dataset and limited fine‑tuning rather than any inherent weakness. With more data and greater computational resources, Transformer models would typically outperform traditional machine‑learning methods.

While strong lexical polarity boosts benchmarking performance, it may limit generalisability to more ambiguous real‑world domains [9].
[bookmark: _Toc224567228]4.3 Practical Deployment Considerations
When deploying sentiment‑analysis systems in practice [17], several factors must be considered. Traditional models may be more suitable where speed, transparency and limited computational resources are priorities. Transformer‑based models, by contrast, are better suited to applications requiring higher accuracy and deeper language understanding, provided sufficient computing capacity is available.

Ethical considerations are also essential, particularly when analysing user‑generated content. Care is needed to avoid bias in the training data and to ensure that model outputs are not used in ways that could unfairly disadvantage individuals or groups.

More broadly, this study reflects a common challenge in applied machine learning: the most advanced models are not always the most practical choice. In real‑world settings, model selection must consider not only accuracy but also training time, cost, transparency and ease of maintenance. While Transformer‑based models represent a major technological advancement, simpler models may still be preferable in many scenarios, especially where resources are limited or interpretability is important. This reinforces the idea that model choice should be guided by context and purpose rather than technical sophistication alone.
[bookmark: _Toc224567229]5. Conclusion and Recommendations
[bookmark: _Toc224567230]5.1 Conclusion
This study investigated sentiment analysis using both traditional machine learning techniques and Transformer based language models. A TF IDF and Linear SVM classifier was implemented and compared with a Transformer based model using DistilBERT. The experimental results showed that the traditional approach achieved higher accuracy in this study, while the Transformer based model demonstrated the ability to learn contextual patterns in text despite being trained on a reduced dataset.

Overall, the findings show that both approaches offer distinct strengths and limitations depending on the deployment context. Traditional models offer efficiency, transparency, and low computational cost, making them well suited to resource‑constrained settings. Transformer based models provide more advanced language understanding and typically achieve higher performance when trained on larger datasets and for longer periods, but they require significantly greater computational resources. The choice of approach therefore depends on the specific requirements of the task, including performance targets, interpretability needs, and available computing capacity.
[bookmark: _Toc224567231]5.2 Recommendations
For applications where interpretability, efficiency, and ease of deployment are important, a traditional TF IDF based approach is recommended. In contrast, for tasks that require deeper language understanding and where sufficient computational resources are available, Transformer based models are more suitable. Future work could extend this study by training the Transformer model on the full dataset for multiple epochs and by applying advanced interpretability techniques to gain deeper insight into model behaviour.
[bookmark: _Toc224567232]5.3 Limitations and Future Work
This study demonstrates a complete and functional sentiment‑analysis pipeline, but several limitations should be acknowledged. The most significant is the restricted training of the Transformer‑based model due to computational constraints. It was fine‑tuned on a small subset of the dataset and for only one epoch, preventing it from reaching its full performance potential. In a more realistic research or industrial setting, the model would typically be trained on the full dataset for multiple epochs with more extensive hyperparameter optimisation.

The scope of the experiments is another limitation. Only two modelling approaches were evaluated, and future work could include additional classical models, such as Logistic Regression, or more advanced Transformer variants.

Further improvements could be achieved through data augmentation, longer input sequences or more detailed hyperparameter tuning. Future work could also place greater emphasis on interpretability techniques, such as SHAP or attention visualisation, to provide deeper insight into model behaviour. These extensions would offer a more comprehensive evaluation of modern sentiment‑analysis techniques and their practical trade‑offs.
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Key | status |
vocab_transform.bias | UNEXPECTED |

vocab_transform.ueight | UNEXPECTED |

vocab_layer_norm.bias | UNEXPECTED |

vocab_projector.bias | UNEXPECTED |

vocab_layer_norm.ueight | UNEXPECTED |

pre_classifier.ueight | MISSING |

classifier.bias | msse |

pre_classifier.bias | MIssING |

classifier.weight | mssnG |

Notes:

- UNEXPECTED  :can be ignored when loading from different task/architecture; not ok if you expect identical arch.

- MISSING  :those params were newly initialized because missing from the checkpoint. Consider training on your downstream task.

Downloading builder script: [JJlj 4.20k/2 [00:00<00:00, 356kB/s]

Downloading builder script: [JJlj 6.79k1? [00:00<00:00. 690kBIS)
[63/63 00:04, Epoch 1/1]

Epoch Training Loss Validation Loss Accuracy F1
1 0.586053 0555025 0.816000 0.815950

— 32/32 00:00]
{’eval_loss': ©.5550253987312317, eval accuracy': ©.816, 'eval f1': 0.8150497195029819, ‘eval_runtime': @.4614, eval_samples_per_s
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