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1. [bookmark: _Toc226375054]Abstract
Sentiment analysis is an essential natural language processing task, widely used in customer feedback analysis and social media monitoring. This paper compares a conventional machine learning method (TF-IDF with Logistic Regression) with a transformer-based model (DistilBERT) for sentiment classification on the IMDB Reviews dataset. The dataset was obtained through the Hugging Face library, which provides a structural representation of the authentic ACL IMDB dataset [1]. 
Conversely, the DistilBERT model achieved the best accuracy of 0.892 after two epochs of fine-tuning, demonstrating better contextual perception of textual information. Nonetheless, this improvement in performance came at much higher training time (3.73 minutes), suggesting a trade-off between cost-efficiency and predictive performance. It was found that words with strong positive and negative impacts were semantically meaningful, such as great and worse, respectively, indicating that the model aligned with human linguistic intuition. These results show that although transformer-based models can offer slight performance gains, classic models also have a place in terms of competitiveness, especially in resource-constrained settings. Moreover, the research finds the need for interpretability, as models with lower complexity are more transparent than deep learning systems. The findings underscore the importance of balancing performance, computational cost, and explainability when choosing models for real-world sentiment analysis [2].
2. [bookmark: _Toc226375055]Introduction
Opinion mining or sentiment analysis is a fundamental task of natural language processing (NLP) that aims at selecting and classifying subjective content that is conveyed in textual forms. It has lost its main role due to the high rate of increasing user-generated content on social media platforms, online reviews and e-commerce systems. Companies use sentiment analysis to obtain information about customer preferences, enhance their services, and facilitate the data-based decision-making process [3]. 
The conventional machine learning sentiment analysis methods often use feature extraction algorithms like Terms Frequency-Inverse Document Frequency (TF-IDR) with classification systems such as Logistic Regression, Support Vector Machine, and Naïve Bayes. They can be easily computed and interpreted, although they tend to fail to detect contextual and semantic phenomena of text data [4], [5]. This leads to a performance constraint as they all may have in dealing with complex linguistic structures like sarcasm, negation and contextual polarity.
Over the past few years, deep learning models, especially transformer-based ones, have done a substantial amount of work in terms of NLP. Such models as BERT (Bidirectional Encoder Representations from Transformers) and its light implementation version DistilBERT have been shown to be more successful at most language understanding tasks [6], [7]. The models take advantage of self-attention processes to learn contextual dependency in text, which allows a more advanced analysis of language as opposed to the traditional methods. Furthermore, such enhanced performance usually comes at the expense of increased computation and limited understandability [8].
The inability to explain decisions made by machines has become a key issue in recent machine learning, especially in those areas where it is important to know how the model made the decision. Some methods, like SHAP (SHapley Additive explanation), give a means of interpretation of model predictions, by counting the contribution of individual features [9]. Although these methods work well with a classic model, the description of transformer models is more complicated, which is the main drawback of this method compared to its explanation.
The paper will compare an old-fashioned model of machine learning (TF-IDF with Logistic Regression) and a transformer-based model (DistilBERT) to classify sentiments with the help of the IMDB Reviews dataset. The study aims to analyse three major factors, including predictive performance, computational efficiency, and interpretability. Through the analysis of these dimensions, the study is aims to identify whether the performance improvements that transformer models present to their complexity are worth the complexity in real-life usage.
2.1 [bookmark: _Toc226375056]Problem Statement
Sentiment analysis has also been applied to lexicon-based shallow machine learning models to be developed into a task in NLP that is more strongly influenced by deep contextual language models. Recent research on review has concluded that the research field has come to encompass the more traditional machine learning, the deep learning and hybrid or ensemble techniques, with a selection of which model to apply, often a trade-off between the predictive performance, computational efficiency and interpretability. In contemporary research, it is further emphasised that even without a solid analytical foundation in sentiment analysis, it remains of some practical use as this analysis is discernible in the concept of customer feedback analysis, business opinion monitoring and business decision support [10], [11].
2.1.1 [bookmark: _Toc226375057]Traditional sentiment classification 
Traditional sentiment pipelines typically consist of reaching the point of text normalisation and sparse techniques like TF-IDF, then a linear classification model like Logistic Regression or Support Vector machines. The heuristics have continued to be pertinent, and more recent surveys concur that the heuristics continue to be useful in the vast majority of text classification work as they are straightforward to code, computationally cheap, and, to some degree, decipherable. This is formatted by the fact that they can be deciphered in specific instances during sense making, where weights of the features can be directly linked with the sentiment words that can be read to establish the type of words that are moving the predictions to the negative or, rather, the positive classes [12]. 
Even though these may appear to be the positive ones, classic models do have drawbacks established. TF-IDF is not an adequate model of adjacent context or heavy semantic overlaps, as it represents the text as bags of weighted words. The recent literature reviews thus have long-term shortcomings in the processing of context information grounded in negativity, irony and the textual generation of complex sentiments. The practical consequences of this are that a model may learn very polar words through good practise, but learn sentiment are not yet learned when sentiments are either changeable in a fluctuating structure of phrases or circumstantially fluctuate [13].
2.1.2 [bookmark: _Toc226375058]Transformer-based models for sentiment analysis
Initiating the transformer architectures influenced the NLP space. BERT recommended deep bidirectional pre-training, implying that the models can instantiate contextual representations depending on the manner in which the right and left contexts were trained, and in the near future, it was demonstrated that the models can be used as a downstream BLM on various tasks such as sentiment classification. The performance of BERT was then reused by DistilBERT at a smaller size and inference cost and therefore has greater appeal in tasks where computation is significant. These developments are the core of the modern sentiment analysis as they aim at making amends with one of the largest weaknesses of the traditional pipelines, which is little contextual knowledge.
Recent comparative performance and survey outcomes do substantiate the general result on the use of pretrained transformer models in the majority of NLP issues, but in certain circumstances, they may be context-specific. But this excellence is not always in every respect. Because it has been experimentally compared, the pretrained transformers, it can now be seen that the only comparison metric between the performance enhancement and the inference collapse is the enhancement of performance. This renders transformation-versus-baseline mode of comparison methodologically substantial and not simply technically substantial since the optimum model may be conditional to the deploying environment and the score of metric measure.
2.1.3 [bookmark: _Toc226375059]Evaluation and Comparison
In recent reviews of sentiment analysis, it is consistently stated that accuracy, precision, recall, F1-score, and confusion matrices are essential evaluation metrics for a classification study. Although accuracy as a high-level measure can still be useful, a balance between false positives and false negatives, Precision, and Recall are especially useful when attempting to analyse a balance between false positives and false negatives, and F1-score is more likely to give a more balanced summary of predictive quality. The confusion matrix complements these scalar metrics by revealing the form of errors rather than the overall number of errors produced by a model.

.
2.1.4 [bookmark: _Toc226375060]Interpretability and explanation
Interpretability has recently become a central issue in NLP, especially when models are used to make consequential decisions or where the models are applied in areas where transparency is a requirement. SHAP offers a theoretically supported framework to attribute local features and has become one of the most frequently utilised methods of explaining machine learning models. In the text-classifier SHAP can show what words contribute positively or negatively to a prediction, hence allowing analysts to tell whether the model is making use of meaningful sentiment-bearing indicators or artefacts.
Interpretability has less agreement in the case of transformer-based models. The issue of attention visualisation is commonly examined to check in which tokens stronger focus is placed through inference, although the literature does not consider attention as a universally applicable explanation process. This discussion is also quite applicable to the current work, as it favours a more delicate analogy: transformer models might be more effective in their performance, yet their explanations are not so straightforward or as robust as the feature-attribution explanations that can be made in the context of the linear models.
2.1.5 [bookmark: _Toc226375061]Synthesis
Collectively, the current literature allows a balanced interpretation as opposed to a one-sided interpretation. Nevertheless, the traditional TF-IDF-based models are also significant due to their efficiency, interpretability, and unexpectedly high baseline performance, whereas transformer models are often preferred due to their better contextual modelling and often great empirical improvement. Whether one family of models has been superseded by the other is thus not the key research problem, but in what circumstances the increased complexity of transformers is worth the paid price. This gives the justification to the current research, which compares TF-IDF to Logistic Regression with DistilBERT, not just based on predictive accuracy, but also in terms of computational efficiency and compliance.
3. [bookmark: _Toc226375062]Methodology 
This research has used a comparative experimental approach to compare two sentiment classification systems, one using a conventional machine learning pipeline with TF-IDF and Logistic Regression, and the other one a transformer-based deep learning pipeline with DistilBERT, on IMDB Reviews data. The design fits the assessment brief perfectly, as it presupposes the preparation of data, the creation of two models, the assessment of these through standard classification measures, and the analysis of the interpretability.

[bookmark: _Toc226375063]3.1     Dataset and experiment setup
The IMDB Reviews dataset, which is a popular binary sentiment classification benchmark that consists of movie reviews labelled as positive or negative, was used to run the experiments. In this package, the dataset was loaded via the Hugging Face datasets library instead of loading the original archive by manually downloading it, which enhanced reproducibility and decreased file-handling problems in Google Colab. The dataset gives pre-resolved splits of the train and test, hence making similar comparisons of models within the same experimental setup.
[bookmark: _Toc226367506]Figure 1 Dataset loading and structured in Google Colab and imported into Pandas Dataframes
[image: ]
The figure above indicates that the dataset was successfully loaded and structured for analysis 

3.2 [bookmark: _Toc226375064]    Data pre-processing
Preprocessing was also intentionally different in the two modelling models since both traditional and transformer-based modelling models have very different input representations. In the case of the TF-IDF pipeline with the Logistic Regression pipeline, preprocessing was devoted to converting raw text to sparse features in the form of numbers. The English stop word removal was applied to the TF-IDF vectorizer and the text converted to weighted term representations with a maximum feature limit of 5,000. This method can focus on the term significance and dimensionality, and computation can be kept under control.
In the case of the DistilBERT pipeline, the processing was preprocessed in line with pretrained transformer models. Raw text tokenising replaces manual feature engineering. Raw text was tokenised with the model-specific DistilBERT tokeniser, which transforms each review into token IDs that are interpreted by the pretrained model. Truncation and padding were used to get inputs of equal size (length of 256 tokens), and attention masks were created to differentiate between real tokens and padded tokens. This comes because the models of transformers are run on sequences of contextual tokens and not on weighted independent terms.
One of the methodological principles used in this research is that non-artificial preprocessing was not standardised in both models. Rather, the individual models of the family were pre-processed based on the relevant representational assumptions. This guaranteed an equal comparison by comparing each of the methods under conditions that corresponded to established practice, as opposed to subjecting both techniques to an unsuitable common pipeline.
[bookmark: _Toc226367507]Figure 2 TF-IDF preprocessing pipeline for the traditional model
[image: ]
The figure above shows how the raw text was transformed into machine-readable form for the Logistic Regression classifier.

3.3 [bookmark: _Toc226375065]    TF-IDF + Logistic Regression
The choice of the traditional baseline was Logistic Regression, as it is a powerful and popular sparse text representation classifier. Combined with TF-IDF, it is also an effective and understandable method to identify sentiment, which is why it can also be used as a baseline against which a transformer model could be evaluated. The training set was transformed by the TF-IDF, and then the classifier was trained and tested against the test set with the standard binary classification metrics.
 The Logistic Regression was set to max_iter=1000 to make sure that it has converged during optimisation. The methodology seems to be suitable as the problem of text classification based on TF-IDF is frequently the problem of high-dimensional sparse features, and when the number of iterations is not sufficient, the solver will never reach a stable point in the solution. This model was also tuned in a stable way, rather than being optimistically determined to optimise most.

3.4 [bookmark: _Toc226375066]  Transformer model: DistilBERT
The model selected as a transformer to be used is DistilBERT since it provides an optimal compromise between language understanding and computation. DistilBERT, compared to the original BERT architecture, has preserved a significant part of the representational power of discrete-time bidirectional transformers, but scales much smaller and has lower-cost inference. This rendered it especially appropriate to run on Google Colab using a T4 GPU. 
To achieve the practicality of the task with limited computational resources, DistilBERT was trained using a smaller sample of the entire IMDB dataset of 4,000 training samples and 1,000 testing samples. Such a decision had a methodological sense since the aim of the experiment was the comparative evaluation and not the exhaustive maximisation of the transformers. Balanced sub-set enabled the model of a transformer to be trained efficiently yet generated valid comparative evidence in terms of predictive performance, runtime and trade-offs. 
Training and evaluation Fine-tuning was done through the Hugging Face Trainer API at a batch size of 8 and a learning rate of 2e-5, weight decay of 0.01, and two training epochs. Two epochs were taken because it is a moderate number to provide an opportunity to work with the pretrained model and adapt it successfully to the sentiment classification task, and to avoid one model being over-optimised in comparison with the other one, so that it can be overfit on a rather small sample. This assists in a more reasonable approach in comparison to model families.
[bookmark: _Toc226367508]Figure 3 DistilBERT fine-tuning process in Google Colab,
[image: ]
The figure above shows evidence that the transform models were successfully fine-tuned under the selected hyperparameters.

3.5 [bookmark: _Toc226375067]  Evaluation Metrics 
The two models were tested based on accuracy, precision, recall, F1-score, and confusion matrix. The accuracy was employed as the general measure of predictive correctness whereas precision and recall were added to reflect the trade-off between false positives and the false negatives. The measure of combined performance in terms of precision and recall was the F1-score, which is a balanced performance measure. The confusion matrices have been considered to show the organisation of errors in the classification in more detail. These measures form part of standard sentiment classification measures and enable a direct comparison of the conventional and transformer methodologies. 
Runtime was included as one more comparison factor; this aspect of the methodology had importance. One of the research objectives was to draw the efficiency and predictive performance comparison, documentation of the DistilBERT training time, and compare it to the insignificant cost of the Logistic Regression, which facilitated a more general search of model suitability to practical application.
3.6 [bookmark: _Toc226375068] Interpretability procedure
Interpretability was a deliberately added feature, as opposed to an optional feature. In the classical paradigm, SHAP was utilised in the post-training stage in order to extract the words that made the greatest contribution to positive or negative sentiment predictions. This enabled feature-level analysis of the model behaviour and direct evidence of semantically meaningful reliance of a given classifier. SHAP was chosen since it is among the most steadfast post-hoc clarification models of machine learning, and it would fit feature-based models, particularly Logistic Regression. 
[bookmark: _Toc226367509]Figure 4 SHAP summary plot for the TF-IDF + Logistic Regression model
[image: ]
The figure above shows the advantages of a traditional model. It indicates what the classifier relied on for positive and negative predictions. 
3.7 [bookmark: _Toc226375069]   Methodology summary
In general, the methodology was tested in such a way that it allowed making a moderate and controlled comparison between the traditional interpretable baseline and a more sophisticated contextual language model. The study has favoured methodological balance, reproducibility and explainability over the maximisation of a single model, which is disproportionate. It is in line with the more general goal of determining not just which of the two models is more effective, but also whether the increased complexity of the transformer-based sentiment analysis is warranted in practice.
4. [bookmark: _Toc226375070]Results and Evaluation 
In this section, the empirical performance of the two sentiment classification models constructed within the framework of this paper may be presented: TF-IDF with the aid of the Logistic Regression and DistilBERT. The findings are presented in terms of the evaluation criteria of the assessment brief, i.e. accuracy, precision, recall, F1-score, and confusion matrix analysis. Moreover, computational efficiency is also considered by a comparison of training time as this constitutes an essential component of the practical trade-off between the traditional and the transformer-based methods [14].
4.1 [bookmark: _Toc226375071]  Logistics Regression performance 
The TF-IDF model with the Logistic Regression generated a good baseline performance on the IMDB test data. It achieved an accuracy of 0.878, with a precision of 0.875, a recall of 0.882, and an F1-score of 0.878. The values refer to equal classification performance, where there are no significant deviations between precision and recall. This is an indication that the model was more effective in characterising negative and positive sentiment, even though its feature-based design was very simplistic. 
The confusion matrix of the Logistic Regression model revealed 10,978 true negatives and 10,974 true positives, 1,522 false positives and 1,526 false negatives. This approach to the error situation almost establishes a picture that the model did not seem to favour any single class. Evaluation-wise, this is a significant finding since it implies that the conventional baseline generalised uniformly in both categories of sentiments as opposed to attaining its score through biased class behaviour.
[bookmark: _Toc226367510]Figure 5 Performance of the TF-IDF + Logistic Regression model on the IMDB test set, including classification metrics and confusion matrix output.
[image: ]
The image above shows that Logistic Regression generated a good baseline performance on the IMDB test data and a well-balanced sentiment classification performance. 

4.2 [bookmark: _Toc226375072]   DistilBERT performance 
In this experiment, the highest overall performance in predicting was that of the DistilBERT model. With two epochs of fine-tuning on 4,000 training samples and 1,000 test samples, the applied model reached an accuracy of 0.892, precision of 0.901, recall of 0.875 and F1-score of 0.888. Such outcomes suggest that DistilBERT was better in all respects than the usual baseline in accuracy and precision, as well as had a somewhat improved F1-score. 
The contents of the DistilBERT confusion matrix were 464 true negatives, 428 true positives, 47 false positives and 61 false negatives. This means that this model made 892 right predictions on 1,000 instances that were evaluated. The transformer model also exhibited good precision, with more of its positive predictions being more accurate, compared to the Logistic Regression benchmark. 
[bookmark: _Toc226367511]Figure 6 Evaluation metrics for the DistilBERT model after fine-tuning for two epochs on a subset of the IMDB dataset.
[image: ]
[image: ]
The images above show that DistilBERT achieved the strongest overall predictive performance, implying that contextual language modelling improved classification quality. 
[bookmark: _Toc226367512]Figure 7 Confusion matrix and classification report for the DistilBERT model on the evaluation subset.
[image: ]
The image above indicates a more detailed view of DistilBERT’s behaviour. The balance of true and false predictions indicates that the model performed robustly across both classes 

4.3 [bookmark: _Toc226375073] Comparative performance analysis 
The table indicates that DistilBERT had the highest general predictive performance with an increase in the baseline of 0.014 in terms of accuracy and an increase of 0.010 in terms of F1-score. These gains are not dramatic but are still significant as they were acquired based on the contextual language representations as opposed to sparse word-frequency features. Simultaneously, the table also reflects that the improvement of the performance came with a significantly greater computational cost, since the training time of the Logistic Regression was negligible compared to the fine-tuning of the DistilBERT, which took place on the GPU machinery in 3.73 minutes. 
This comparison is significant as it demonstrates the superiority of models to be dependent on the evaluation criterion of priority. DistilBERT is better, in case updating maximum predictive performance is the objective. Nevertheless, when the aim is efficiency, transparency and quick deployment, the Logistic Regression base is still very competitive. This puts a higher charge of analysis into the comparison than a mere statement that transformer models are always better.
[bookmark: _Toc226367513]Figure 8 Comparative performance of TF-IDF + Logistic Regression and DistilBERT on IMDB sentiment classification.
[image: ]
The table indicates that DistilBERT achieved the highest overall predictive performance, while Logistics Regression remained competitive despite requiring far fewer resources.

[bookmark: _Toc226375074]4.4 Interpretability results 
The SHAP analysis performed on the Logistic Regression model was a clear indication that there was feature-level interpretability. As demonstrated in the SHAP summary plot, the words that carry a sentiment like great, best, and love positively influenced the results of classification, and the words like worst, awful, and bad had a negative influence on the results. Other words like plot, just and bit were found to have relatively lower effects, which showed that the model was designed using semantically meaningful terms of sentiment and not arbitrary or irrelevant tokens. This interpretability outcome reinforces the usefulness of the Logistic Regression baseline, especially in situations where one needs to explain and trust the predictive performance as well.
[bookmark: _Toc226375075]4.5 Results Summary
By and large, the findings indicate that the two models have been useful in sentiment classification, but they presented varying advantages. The performance of Logistic Regression was strong, with a well-balanced and easily interpretable baseline performance with low computational cost. The best predictive performance, though by only a small margin, was found with DistilBERT at a much higher computational cost. This trend establishes the critical discourse that ensues, especially with respect to whether the extra complexity of transformer models is worthwhile in the real-world sentiment analysis context [15].

5 [bookmark: _Toc226375076]Discussion 
The findings of this work indicate that the traditional and transformer-based methods were effective in classifying sentiments, though they had dissimilar strengths. The overall predictive performance of DistilBERT was the highest, reaching 0.892 in terms of accuracy and 0.888 in terms of F1-score as opposed to TF-IDF with its tests of 0.878 and 0.878, respectively. Even though this agrees with the overall perception in the literature of the general observation that transformer-based models usually perform better compared to traditional baselines, the magnitude of the increase in this research was not huge but rather modest. The significance of this finding lies in the fact that it implies that more fundamental models need to be adopted, based not only on the performance benefits but also on the feasibility of the benefits in comparison to their cost [16].
5.1 [bookmark: _Toc226375077]   Performance and contextual performance 
The better results of DistilBERT can be attributed to the contextualising ability of words between one another, rather than to the weighted terms applied to various words on an individual basis. Unlike TF-IDF, which considers a document as a sparse array of the importance of the terms, DistilBERT processes language using contextual and attention interactions. This allows it to capture phrase-level meaning to a better extent. This is especially helpful in sentiment classification, where sentiment can be context-based and not necessarily because a single keyword appears. The increase in accuracy and precision, as observed, is thus in line with the architectural properties of transformer models in earlier studies. 
Nevertheless, the outcomes also suggest that the conventional baseline was also very competitive. The Balanced precision and recall of the Logistic Regression produced a balanced mistake and recall confusion matrix, whereby the error was reasonably distributed among the two categories. It implies that an optimally set TF-IDF pipeline is a viable choice of sentiment classification, given that the sentence patterns in the dataset are sufficiently covered by sentiment-carrying words. That is, although DistilBERT was doing better, the baseline was not pathetic.
5.2 [bookmark: _Toc226375078]   Interpretability and SHAP analysis
Among the biggest differences between the two approaches is that of interpretability. In the SHAP analysis of the Logistic Regression model, it was determined that the classifier used meaningful words with sentiment like great, best and love as positives and worst, awful and bad as negatives to make its predictions. This means that the decision-making process in the model was transparent and related well to human linguistic intuition. With this kind of behaviour, one develops confidence in the model since by doing so one can confirm that the reason behind the predictions is the presence of semantically relevant features, rather than haphazard correlations.
[bookmark: _Toc226367514]Figure 9 SHAP-based feature importance for the TF-IDF + Logistic Regression model, showing words with the strongest positive and negative influence on sentiment predictions.
[image: ]
[image: ]
The images above demonstrate that traditional models rely on meaningful and interpretable sentiment-bearing words.

The interpretability strength of the traditional model is particularly significant in professional and organisational situations where exposure might be necessitated in validation, auditing or user trust. Even a model that is a little less accurate and explains more in such an environment can be better. SHAP thus will not just be adding visual interest to the analysis; it will be evidence that the model is reasoning in a manner that can be inspected and justified. This specifically fulfils one of the assignment requirements, which is the interpretation of model results and analysis of the significance of words. 
In comparison, DistilBERT has a smaller interpretability. Even though attention mechanisms applied in transformer models can reveal which tokens are given more attention, the literature warns that attention weights cannot be considered a full description of model reasoning. Thus, though attention-based discussion may have limited information about how to pay attention to the context, it lacks the same direct transparency of features as SHAP does to a linear model. It brings a definite trade-off to the problem: DistilBERT has a better predictive accuracy, whereas Logistic Regression has a better interpretation score.
5.3 [bookmark: _Toc226375079]   Computational efficiency and scalability 
The trade-off between the two models was also obvious in the computation. Logistic Regression was noted to have significantly low training time and effective performance on TF-IDF features, hence suited well to quick experimentation and small resource deployment. Instead, DistilBERT took 3.73 minutes of fine-tuning on a T4 GPU, even when trained on a subset of the entire dataset. Although this is a decent runtime in a research environment, it is also an enormous amount of resource usage in contrast with the traditional baseline. This observation follows up on previous research that transformer-based models can frequently be trained and inferred upon more cheaply, but only if higher performance is desired. 
5.4 [bookmark: _Toc226375080]   Robustness, bias and methodological limitations 
Consideration of robustness, generalisation, and limitations in the data is also the subject of reflection in the study. Both models were evaluated on a standard set of benchmarks containing equal amounts of positive and negative sentiment labels, which mitigated the threat of a critical case of class imbalance. Nonetheless, the IMDB data set is only a particular area of movie reviews and thus may not be a true reflection of the linguistic diversity of other sentiment-analysis applications like social media, finance, or customer support. Consequently, high scores of the models in IMDB cannot be informatively transferred to other fields. 
Another weakness is related to the design of the transformer experiment. DistilBERT was trained on a smaller subset of the training corpus than was the full corpus, mostly to preserve computational sensitivity, but also to permit a controlled comparison. This implies that the performance of the model might be short of the highest performable outcome on the IMDB dataset of DistilBERT. That, however, does not undermine the study but goes to strengthen the practical judgment of the comparison, demonstrating how a transformer model performs in realistic resource constraints and not under optimisation in full scale. 
The contextual depth and simplicity are another serious problem to consider. The findings indicate that the more simplified version was still competitive even with its drawbacks related to representativeness. This is a useful lesson to learn that as the complexity of a model increases, it may not similarly proportionally result in large practical benefit. In this research, DistilBERT was able to enhance the overall performance, but this increase was not transformative. This comparison comes in handy, as it points to the situations in which a simpler model can still be the more rational decision.
5.5 [bookmark: _Toc226375081]   Practical implications 

According to these results, the best deployment recommendation is determined by organisational priorities. TF-IDF with Logistic Regression would be a well-founded and powerful option when sentiment detection should be completed in a transparent and resource-efficient way, e.g., when revenues need constant tracking during review analysis, or when computational means are limited. DistilBERT would be more appropriate where the optimal attainable predictive quality is more essential, and ample computer resources are available. It applies especially in cases where subtle sentiment sensitivity is likely to be more significant than bare processing velocity. 
6 [bookmark: _Toc226375082]Conclusion and Recommendations
In this work, the authors aimed to compare a conventional machine learning model, TF-IDF and Logistic Regression, to a transformer-based model, DistilBERT, in sentiment classification with the IMDB Reviews data. The results indicate that both models worked, yet they presented various benefits. DistilBERT came with the best general predictive accuracy of 0.892 and a F1-score of 0.888, whereas the TF-IDF using Logistic Regression as the baseline reached 0.878 as well as 0.878. The findings affirm that the model based on transformers can enhance the sentiment classification performance by means of enhanced understanding of contextual language. Simultaneously, the magnitude of the improvement in this research was not dramatic, but it was moderate, which is a significant conclusion by itself. 
A key input of the work is that it illustrates the importance of testing model comparisons on a multi-dimensional basis instead of basing it on accuracy. Though DistilBERT was generally more successful, it offered significantly greater computational demands, such as fine-tuning with a T4-GPU and 3.73 minutes to train on a part of the data. In comparison, Logistic Regression needed training time not very much, was very competitive in terms of predictive performance, and had much better transparency due to the SHAP-based interpretation of features. This implies that the traditional model was no mere weak baseline, but it was a workable and explicable alternative. 
This conclusion was further reinforced by the interpretability analysis. SHAP also indicated that the Logistic Regression model used semantically meaningful words like great, best, and love as positive sentiment and worst, awful, and bad as negative sentiment. This provided direct evidence that the model's behaviour aligns with human linguistic intuition and helped support the argument that simpler models may be more transparent and more justified in practice. By contrast, whereas DistilBERT uses the advantage of contextual modelling, its choice mechanism is less interpretable, which solidifies the trade-off between predictive accuracy and explainability. 
The above results, therefore, lend credence to sentiment analysis model choice, which should be informed by the context of deployment. DistilBERT is a better option where maximum predictive performance and contextual sensitivity are the priority factors. In cases where transparency, computational efficiency, scalability, and ease of implementation are considered most important, TF-IDF based on Logistic Regression remains highly appropriate. This is particularly relevant in organisational settings, where models must be explainable, cost-effective, and easy to maintain [17] [18]. 
This study has several recommendations. To begin with, organisations that are implementing sentiment analysis must not presume that transformer-based models will always be the most appropriate option to use in each situation. Second, explainable tools like SHAP are to be incorporated into sentiment-analysis processes wherever conventional models are utilised, since they will raise the confidence level and aid justification. Third, work in the future should consider the transformer experiment on the widening of the subset utilised here to determine whether the larger-scale fine-tuning lets go of even higher gains. Lastly, the validity of future studies might include the issue of cross-domain generalisation through the comparison of performance on other sentiment data like product reviews or social media data to determine how well it can be generalised. 
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