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COMPARATIVE SENTIMENT ANALYSIS USING TF-IDF-BASED MACHINE LEARNING AND TRANSFORMER-BASED LANGUAGE MODELS ON THE IMDB DATASET

Abstract
Sentiment analysis is popularly applied to derive popular opinion of large amounts of textual data, yet it is difficult to choose a suitable modelling method because of the accuracy, computational cost, and interpretability trade-off. This paper examines sentiment classification on the IMDB dataset of 50,000 labelled movie reviews and compares a standard TF-IDF with Support vector machine model and transformer-based BERT. The two models were compared in terms of accuracy, precision, recall, F1-score and confusion matrix. SVM model attained excellent results of 0.88 accuracy whereas BERT attained 0.85 accuracy under low training conditions. Findings reveal that classical models are efficient in resource constrained settings, but transformer models provide more contextual knowledge but demand more computation.
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[bookmark: _Toc224563279]Introduction and Problem Statement
Sentiment analysis is one of the applications of Artificial Intelligence to the Natural Language Processing (NLP) where organisations can process large amounts of textual information that is generated online automatically. The number of internet users and posts on social media sources and online stores has exceeded 5 billion and million per day, respectively; therefore, it is no longer feasible to assess the opinion of people manually. An outcome of this is that automated sentiment classification finds vast uses in business intelligence, customer experience analysis, and policy monitoring to aid information-based decision-making. This is however changing as the scale and complexity of textual information keeps rising and therefore demands a model that can comprehend contextual meaning instead of just basing its interpretation on word frequency.
The classical NLP tools like Term Frequency-Inverse Document Frequency (TF-IDF) followed by such classifiers as Support Vector Machines have demonstrated good performance on binary text-classifying tasks due to their processing of high-dimensional information. However, these methods consider words separately and they do not tend to recognize semantic links in sentences. Transformer-based models like Bidirectional Encoder Representations of Transformers (BERT) aim to overcome this weakness with attention mechanisms to learn contextual dependencies but have higher computational costs and are less interpretable.
In this paper, the researcher assesses the relevance of better performance of transformer models in the cost increase by comparing TF-IDF to SVM and fine-tuned BERT on IMDB data, through performance metrics and interpretability analysis.
[bookmark: _Toc224563280]Literature Review
[bookmark: _Toc224563281]Sentiment Analysis Research
Sentiment analysis has evolved rule-based text processing into more advanced machine learning and deep learning models which can process large-scale opinion data. Initial Natural Language Processing (NLP) models had been based on bag-of-words representations, in which documents were viewed as independent tokens that do not have contextual meaning. Balanced labelled datasets including the IMDB 50K review corpus (balanced) can be used to confidentially assess classification models in conditions of controlled variables (Palomo et al., 2023). Studies indicate that the accuracy of sentiment classification has risen, with almost 70% in the initial phase of machine learning methods, compared to over 90% with current neural systems (Li et al., 2022). Nevertheless, a compromise between accuracy, interpretability and cost of computation is still needed in practical applications (Gosai et al., 2026).
[bookmark: _Toc224563282]TF-IDF and Machine Learning Methods
Commonly used machine learning algorithms like Support Vector Machines, Logistic Regression and Naive Bayes are used to identify traditional sentiment classification using TF-IDF feature extraction. These are effective due to their ability to work with high-dimensional sparse texts data with low computational power (Pala Palanivinayagam, El-Bayeh and Damaševicus, 2023). Support Vector Machines are also most effective when dealing with text classification, with accuracies of above 85 percent on balanced data being very common because of their capability to create optimal decision boundaries. Even though Naive Bayes can train fast, Logistic Regression offers interpretable probabilistic results, and it might also be ineffective with complex sentences (Ali et al., 2024). Nevertheless, these methods cannot get contextual relationships in long reviews.
[bookmark: _Toc224563283]Deep Learning Approaches in NLP
Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM) and Convolutional Neural Networks (CNN) deep learning models were created to address the shortcomings of traditional machine learning by learning the consequences of sequences and context in a text. These architectures enhance the classification of sentiments by modelling word order and long-range dependencies, especially in long reviews (Bharadiya, 2023). There are also hybrid models, which are a combination of CNN and LSTM, that are capable of accuracy exceeding 90 per cent in controlled experiments on the IMDB dataset (Islam et al., 2024). All these models are, however, large in training datasets and are expensive to compute and can be deployed in real time.
[bookmark: _Toc224563284]Transformer-Based Models
Transformer architecture has greatly enhanced the performance of NLP through the application of self-attention mechanisms that consider contextual relationships between the entire sentences. Bidirectional Encoder Representations from Transformers (BERT) is a bidirectional language representation model that facilitates accurate language classification at a higher accuracy on test sets (Artetxe et al., 2022). Transformer-based models have frequently been found to be more effective when trained on domain-specific data than previous deep learning methods (Kokab, Asghar and Naz, 2022). But the models are more resource consuming and slow to train, and their architecture is less interpretable, which makes them less useful in cases where interpretability is needed (Zhang and Shafiq, 2024; Patwardhan et al., 2023).
[bookmark: _Toc224563285]Explainable AI in NLP
The more intricate NLP models get, the more interpretability has become a research issue. SHAP and attention visualisation are explainable Artificial Intelligence methods that are applied to determine the words that have the most significant influence on the model predictions. SHAP explains linear models at the feature level, and attention mechanisms point out the relationships in the context of transformer models (Naeem, Raza, and Farooq, 2022). Such techniques are needed in issues that demand the clarity of the decisions made, however high precision models are not always easy to interpret.
[bookmark: _Toc224563286]Research Gap
Current research demonstrates that machine learning, deep learning and transformer-based models are all beneficial in sentiment classification, though few studies have compared TF-IDF-based methods with transformer architectures as well as interpreted interpretability and cost of computation. Most studies focus on accuracy, and not on deployment efficiency, which leads to the necessity to have comparative analysis through explainable methods.
[bookmark: _Toc224563287]Methodology
[bookmark: _Toc224563288]Dataset Description
The IMDB Large Movie Review dataset was used in this study, which is a conventional benchmark of binary sentiment classification with 50,000 labelled reviews split into 25,000 training and 25,000 testing equally. The sample size is homogeneous, and the ratio of positive and negative reviews is equal, which decreases the bias of classification and allows comparing the results of performance reliably. All reviews are presented in raw text, giving complete freedom to preprocess and extract features. IMDB data is popular in the analysis of both machine learning and transformer models as it is a collection of long, context-important reviews that cannot be analyzed relying on key-matching but instead on semantic interpretation (Wang et al., 2024).
[bookmark: _Toc224563289]Data Preprocessing
The text preprocessing was used to convert unstructured reviews into more machine learned and transformer-based model friendly structure. Everything was transformed to lowercase, and noises were eliminated in the form of punctuation, numbers, and non-alphabetic characters by regular expression. High frequency but low-information words were eliminated by deleting the stopwords and the text was tokenised to break it down into individual words. In the traditional model, the text was transformed into numerical dimensions of term significance with the help of TF-IDF vectorisation. The sentiment classification requires effective preprocessing since the noisy data may lower the accuracy and complicate the computational process.
[bookmark: _Toc224563290]Exploratory Data Analysis
The analysis of the data was conducted through exploration data analysis to analyze the data prior to the model training. The distribution analysis of the classes proved that there were equal positive and negative reviews, and the assessment was not biased. The frequency of words revealed that the word movie, film, good, was used a few times in both classes meaning that the raw frequency cannot be used to conclude the sentiment polarity. These results are reasons why TF-IDF weighting is applicable. Model interpretation was supported with the help of visualisations of class balance and confusion matrices.
[bookmark: _Toc224563291]Model 1 – TF-IDF with Support Vector Machine
The first model applied TF-IDF features extraction an LSVM classifier. TF-IDF transforms a text into a sparse numerical array in which each of the features characterizes the significance of a word in comparison to the whole dataset. Linear SVM was chosen since the algorithm is effective on high-dimensional text data and can be used effectively with high-dimensional data as well as it is computationally efficient in comparison to deep learning models. C is the regularisation parameter that was optimised through grid search to find the optimal tradeoff between the margin maximisation and the classification error. Hyperparameter tuning revealed that lower C value enhanced generalisation and minimised overfitting without compromising the accuracy. Legal machine learning models are still competent in sentiment classification since they take less time to train and still perform well in structured datasets (Tan et al., 2022).
[bookmark: _Toc224563292]Model 2 – BERT Transformer Model
The second model employed transformer-based architecture with the BERT base uncased model, which is fine-tuned to binary sentiment classification. Transformers have the use of self-attention to extract relational contexts between words to facilitate improved semantic interpretation as compared to frequency-based approaches. The IMDB dataset was fine-tuned on a pretrained BERT model using the Hugging Face Transformers library and transfer learning on the dataset. Because of hardware constraints, a smaller data sample was utilized with a learning rate of 2×10⁻⁵, a batch size of 8 and one epoch. Fine-tuning can make low-data performance better (Qasim et al., 2022; Galal et al., 2024), whereas transformer models are more expensive (Tay et al., 2022).
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Figure 1: BERT Training loss curve
(Source: Jupyter notebook)
[bookmark: _Toc224563293]Evaluation Metrics
Accuracy, precision, recall and F1-score were used to evaluate model performance, which are the full set of measures of quality of classification. The analysis of the number of correct and incorrect predictions of each class was also determined by developing a confusion matrix. These measures can compare the two models to each other based on the correctness, balance and generalisation ability.
[bookmark: _Toc224563294]Interpretability Methods
Interpretability analysis was done to know the way each model predicts. The SVM model was fitted on SHAP values to determine the most influential words in creating a sentiment classification. In the transformer model, attention mechanisms have been studied with the aim of observing how the model attaches relevance to various sections of the sentence. To be used in the real world, interpretability is required since even highly accurate models can be inappropriate when their decisions are not explainable (Bouassida and Meerabali, 2025).
[bookmark: _Toc224563295]Results and Evaluation
[bookmark: _Toc224563296]Dataset Balance
Exploratory analysis ensured that the IMDB data was balanced consisting of 25,000 positive and 25,000 negative reviews with equal amounts in training and testing sets. This even distribution avoids bias of the model and gives good assessment based on accuracy and F1-score. With equal number of classes in the training, SVM and BERT models can be treated equally because the class imbalance in binary classification may skew the accuracy score artificially without a corresponding improvement in the actual predictive performance.
[bookmark: _Toc224563297]TF-IDF + SVM Results
The TF-IDF model with the linear Support Vector machine reached a precision of 0.88 and the accuracy of 0.88 as well as the precision and recalls of both sentiment classes also were near to 0.88. The confusion table presented below indicated that majority of reviews were correctly predicted with few being wrong. This result suggests that SVM is a successful sentiment classification method in sparse high dimensional text data. The model also needed much less training compared to deep learning methods, yet it was equally competitive in accuracy, which is indicative of its effectiveness in large scale sentiment classification tasks.
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Figure 1: EDA Plot
(Source: Jupyter notebook)
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Figure 2: Confusion Matrix
(Source: Jupyter notebook)
[bookmark: _Toc224563298]BERT Transformer Results
The BERT model with the fine-tuning feature scored around 0.85 on the test set. Despite the overall expectation of an advantageous result compared to classical models, the fact that less accuracy was achieved in this experiment could be attributed to the smaller training sub-set used as a result of hardware limitations. Only fine-tuning was done on a small part of the original dataset to ensure it could be trained in a CPU-based environment. Transformer models are generally very data-intensive and numerous training episodes are necessary to achieve the best performance, and a lack of training may restrict learning complex contextual patterns. Although less accurate, the BERT model was highly recalling positive reviews, which means that the model could capture contextual sentiment information, which cannot be easily identified by frequency-based methods.
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Figure 3: load BERT
(Source: Jupyter notebook)
[bookmark: _Toc224563299]Model Comparison
	Model
	Accuracy
	F1-Score

	SVM
	0.88
	0.88

	BERT
	0.85
	0.85


The comparison reveals that the traditional SVM model performed marginally better than the transformer model in the experimental conditions that existed. This finding underscores the importance of getting more model complexity to ensure better performance, especially in situations where there are limited computational resources and training data.
[bookmark: _Toc224563300]Hyperparameter Effect
Tuning of the SVM model revealed that the regularisation parameter C = 0.1 gave the best results and enhanced generalisation and minimised overfitting. Reduced values of C made the margin between classes higher, which enabled the model to operate more reliably on unknown data. This shows the significance of parameter optimisation when making a comparison between machine learning and the deep learning approaches.
[bookmark: _Toc224563301]Discussion and Insight Generation
[bookmark: _Toc224563302]Performance Comparison
These findings indicate that TF-IDF with Support Vector Model was more accurate (0.88) compared to the fine-tuned BERT model (0.85) in the existing experimental conditions. Transformer architecture typically offers better performance, but they use large training data and need to consume more computational resources. In this paper, BERT was trained on a smaller dataset because of the hardware constraints and as such; its capacity to acquire contextual patterns was limited. SVM on the other hand is efficient on sparse high dimensional data with fewer samples and thus it can be applied in limited resource setting. Similar results indicate that classical models are still competitive in case of training conditions in limitation (Zhang et al., 2023).
[bookmark: _Toc224563303]Computational Cost
It was observed that there was a stark difference in the efficiency in computation between the two models. The SVM model was fast to train with the help of the CPU process, whereas the BERT model took a lot of time to train with a smaller amount of data. Transformer models store millions of parameters and make use of self-attention, which grows in computational complexity as the sequence length increases. This makes sentiment analysis that depends on transformers frequently require the use of GPUs. Transformers enhance contextual understanding, but they are expensive, restricting their application in the real-time (Chen, Zhang and Yang, 2024).
[bookmark: _Toc224563304]Interpretability
There were definite differences in the models as indicated by the interpretability analysis. SHAP values would be used to explain the SVM model, and an important word ranking was found to have an impact on the prediction, therefore, the model can be applied to the problem where transparency is needed like customer feedback analysis. Conversely, BERT is based on more difficult to interpret attention mechanisms since the importance is shared among many layers. Though the visualisation of attention reveals the relationship between contexts, it is not always easy to explain the phenomenon, which is a trade-off between the accuracy and interpretability (Han et al., 2022).
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Figure 3: SHAP values 
(Source: Jupyter notebook)
[bookmark: _Toc224563305]Robustness and Generalisation
Transformer models typically tend to be stronger in the face of large datasets because they learn semantic relationships between whole sentences and not just the frequency of words. Transformer models that have been trained on one domain can be adapted to another domain to enable improved generalisation across text sources (Agbesi et al., 2023). Yet, with little training data, classical models like the SVM might generalise better as they have few parameters and they are not prone to overfitting.
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Figure 4: Word frequency
(Source: Jupyter notebook)
[bookmark: _Toc224563306]Bias and Overfitting
The two models are both sensitive to bias in training data. IMDB dataset has subjective opinions that can be biased by preference of reviewers, and this can affect predictions made by the model. Transformer models are more prone to overfitting when trained on small subsets as seen in the reduced accuracy in the current study. Effective parameter tuning and adequate amounts of training data are necessary to ensure stable performance.
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Figure 5: train data 
(Source: Jupyter notebook)
[bookmark: _Toc224563307]Practical Recommendations
The results indicate that TF-IDF with SVM can be used when there are high interpretability, low computation cost, and fast processing requirements as is the case in real-time sentiment monitoring. Transformer models, e.g. BERT, are more suitable to large-scale analytics, where contextual insight and greater accuracy are needed.
[bookmark: _Toc224563308]Ethical Considerations
The sentiment analysis type that is based on AI evokes issues concerning transparency, bias, and abuse. Decision-making may be influenced by the models being trained on subjective data, which will yield biased output. Transformer models are complex to understand and, as a result, make people less trustful of automated systems, which is why explainability is a prerequisite to being a responsible deployer (Chan et al., 2022).
[bookmark: _Toc224563309]Conclusion and Recommendations
In this paper, the researchers compared the performance of classical machine learning and transformer-based methods in the sentiment classification of the IMDB 50,000 review dataset. The findings have indicated that TF-IDF and Support Vector Machine model has the highest accuracy of 0.88 that is better than the fine-tuned BERT model that has the highest accuracy of 0.85 under limited training conditions. The results show that increasing the complexity of the model does not necessarily imply an improvement of the performance, especially in cases where the computational resources and training data are limited. An apparent trade-off was seen between the speed and contextual insight: SVM was more quickly trained and interpretable, whereas BERT was more powerful at semantic modelling but much more expensive to run.
In the context of practical implementation, the traditional models are suggested to be used with real-time or resource-constrained applications, as compared to transformer models that are appropriate in the setting of large-scale analytics. Future research needs to investigate larger training subsets, longer fine-tuning, and efficient variants of transformers including DistilBERT. It is also suggested to incorporate explainable AI methods to enhance transparency and responsible utilization of sentiment analysis systems.
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