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Abstract— A comparison of the conventional machine learning and transformer-based approaches to binary sentiment classification on the IMDB movie review data is presented in the study. There are 50,000 balanced reviews in the data set half of which are training and other half is testing with label negative and positive. A baseline model based on TF-IDF vectorization with Logistic Regression is fine-tuned to identify contextual representations of text, and the lightweight transformer-based architecture of DistilBERT is likewise fine-tuned. According to the experimental findings, the two models are very good in classification. The TF-IDF + Logistic Regression model had an accuracy of 88.04 per cent and the values of precision, recall and F1-score are well balanced. The DistilBERT model, however, is superior to the traditional one and achieved 91.05% accuracy and better preciseness, recall, and F1-score. The better performance can be explained by the fact that self-attention mechanisms that DistilBERT uses are effective to extract contextual relationships and semantic nuances in the text.
Transformer-based models demand more computational resources but offer better predictive ability. The results indicate that the contextual deep learning strategies are more reliable and robust in large-scale sentiment analysis tasks than the traditional feature-based techniques.
Keywords— Sentiment Analysis, Natural Language Processing, Transformer Models, DistilBERT, Logistic Regression, TF-IDF, Machine Learning, Deep Learning
[bookmark: _owxq5fke26vk]I. INTRODUCTION AND PROBLEM STATEMENT
	The fast growth of online platforms produces huge amounts of textual information, especially online reviews. These reviews have useful sentiment information, which organisations make use of to determine customer satisfaction, brand perception and product performance. Significant textual data is inefficiently analyzed manually and subject to inconsistency. As a result, Natural Language Processing (NLP) has grown in significance, which is an automated sentiment analysis.
Sentiment analysis refers to the process of categorizing textual material into a limited set of predetermined categories, which are normally positive or negative sentiment. Classical machine learning architectures such as the Logistic Regression with TF-IDF vectorisation depend on hand-crafted features and statistical learning concepts. These models are computationally efficient and interpretable but tend to fail to capture contextual associations among words.
Recent developments in transformer-based architectures, especially DistilBERT, enhance contextual representation with the help of self-attention mechanisms. DistilBERT is a small-size BERT variant, which has about 97 percent of the language comprehension ability, but the model size is 40 percent smaller. This enables it to be computationally light compared to BERT and provide high performance.
A classic TF-IDF + Logistic Regression model and transformer based DistilBERT model with the IMDB movie review dataset that has 50K labelled samples is compared in this analysis. The aim is to assess the accuracy of classification, precision, recall, F1-score and confusion matrices in order to find out the most productive method of binary sentiment classification.
[bookmark: _wk6v5g57wnyc]II. METHODOLOGY
[bookmark: _kiwvsybh57c4]A. Dataset Description
The IMDB movie review dataset used in the study consists of 50,000 labelled reviews split into the training and testing samples. The training set includes 25,000 reviews, and the testing set includes 25,000 reviews. All subsets contain 12500 positive and 12500 negative reviews, which means that there is a perfect balance in classes.
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Fig. 1. Dataset extraction and folder structure
The dataset is extracted, the structure checked is shown in figure 1. The training and testing data are in the separate folder which is divided into the pos and neg folder. It is a well-organized structure that has prominent classes of sentiments. The hierarchical format allows automated loading of reviews by directory traversal to prepare data sets efficiently and assign correct labels [13].
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Fig. 2. Number of training and testing samples
The total samples per data partition are shown in figure 2. The training set consists of 25, 000 reviews and the testing set consists of 25, 000 reviews. The partitions have 12,500 positive and 12,500 negative samples. This is an ideal balance that removes bias that can happen due to the imbalance of classes and offers credible model evaluation metrics [15].
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Fig. 3. Samples of training data
Five sample training reviews and the corresponding labels are shown in figure 3. The samples have a considerable range of different length reviews and writing styles, as it can be short and informal to long and analytic reviews. The complexity of the text underlines the necessity of intensive preprocessing and contextual modelling methods that would be able to process various linguistic patterns [1].
[bookmark: _efgodbku2q23]B. Data Preprocessing
Preprocessing of the text is done to improve the performance of the model by decreasing noise and standardization of the textual data [5]. The preprocessing pipeline consists of:
· Conversion to lowercase
· Removal of HTML tags
· Removal of punctuation and numeric characters
· Tokenization
· Stopword removal
· Lemmatization
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Fig. 4. Data cleaning and preprocessing
The preprocessing pipeline implementation is presented in figure 4. The data cleaning pipeline is used to eliminate non-alphabetic characters and makes vocabularies smaller. The stopword removal provides high-frequency words that are non-informative such as the, is, etc. Lemmatisation transforms words into the base forms, which decreases feature sparsity. The process improves the quality of the input features of the TF-IDF model greatly [4].
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Fig. 5. Samples of training data after cleaning
Training data samples after cleaning are presented in figure 5. The text is cleaner and the punctuation and unnecessary words are eliminated. As an example, long sentences get shortened into semantic items such as film, character, and performance. The transformation shows the elimination of noise at the expense of information carrying sentiment.
[bookmark: _yhivkw9w3e06]C. Exploratory Data Analysis
Exploratory analysis is performed in order to gain an insight into the data and determine trends and patterns in the data.
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Fig. 6. Class distribution count plot
The distribution of the classes is illustrated in figure 6. The training data proves exactly 12,500 good and bad samples in the data chart. The similarity of the classes in representations avoids the inherent artificial improvement of the performance measures of the model such as accuracy and F1-score, which are caused by the biased proportion of classes [11].
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Fig. 7. Top 20 frequent words
The 20 most common words post processing are shown in figure 7. The terms that are used are common such as film, movie, character and story. High frequency distribution denotes command of the language. Stopwords are removed to ensure that words of feature-relevant sentiment are salient, which helps enhance feature separation among classification models [3].
[bookmark: _8vd7g5qqt318]D. Traditional Machine Learning Model
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Fig. 8. TF-IDF + Logistic Regression
The application of TF-IDF vectoriser and Logistic Regression is shown in figure 8. The TF-IDF vectoriser converts textual information into numerical vectors with a maximum of 10,000 features [8]. The maximum number of iterations that is used to train Logistic Regression is 1,000 in order to achieve convergence. This model offers a sentiment analysis baseline classifier with a highly computational efficiency [10].
[bookmark: _kc0sbaa50ia6]E. Transformer-Based Model (DistilBERT)
	DistilBERT is a transformer-based repository based on self-attention systems.
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Fig. 9. Tokenization function
The tokenisation feature of the DistilBERT is  in figure 9. The tokenizer converts raw text to input IDs, attention masks, pads and truncates to a maximum length of 256 tokens [6]. This ensures consistency in the input dimensions and simultaneously, it preserves contextual relations between words [14].
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Fig. 10. TrainingArguments configuration
The training configuration parameters are shown in figure 10. The model is trained using 3 epochs using a batch size of 16. The learning rate is 5e-5, and the evaluation is performed at the evaluation of every epoch. The option of GPU acceleration is to streamline the efficiency of calculations.
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Fig. 11. Training progress output
The training results shown in Figure 11 indicate that the model achieves stable learning and performance stabilization within three epochs. The substantial reduction in training loss to 0.27796, accompanied by an increase in validation accuracy to 91.05%, demonstrates successful optimization and strong model convergence. The findings show that the fine-tuned DistilBERT model has good generalization performance and optimization [12].
[bookmark: _v0f3mq131mce]III. RESULTS AND EVALUATION
[bookmark: _mqufko770z4u]A. Logistic Regression Performance
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Fig. 12. TF - IDF + Logistic Regression evaluation results
The evaluation metrics of the Logistic Regression model are shown in figure 12. The 89 percent accuracy indicates that the model identifies the right number of the 25, 000 samples of testing. The relative balance between the precision (0.88) and recall (0.90) indicates that the classifier does not favour any of the classes significantly. The recall is slightly higher, which means that the model is slightly more effective at recalling positive reviews than false positives [9]. The F1-score (0.89) is used as evidence of the general consistency of the predictive performance in each of the sentiment categories.
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Fig. 13. TF - IDF + Logistic Regression confusion matrix
The confusion matrix of the Logistic Regression model is shown in figure 13. The classifier accurately predicts some 11,250 positive reviews (true positives) and 11,000 negative reviews (true negatives). The model, however, misclassifies approximately 1,500 negative reviews as positive (false positives) and 1,250 positive reviews as negative (false negatives). These are flaws that are rooted in the nature of bag-of-words representations, in which contextual meaning and word order are not entirely reflected. The confusion matrix suggests that some subtle or context-specific expressions are not correctly understood, although the performance is strong.
[bookmark: _423tapn5r5ou]B. DistilBERT Performance
The DistilBERT model has achieved strong classification performance on the testing dataset with an accuracy of 0.91052. The model has a precision score of 0.91200, recall score of 0.90872 and F1-score of 0.91036. These findings imply that the predictive ability is very high in the two sentiment categories. The increased accuracy over recall implies that the model is a little more successful in reducing false positive prediction but is still highly successful in detecting positive reviews. The values of balanced metrics validate the strong and stable performance of classification [2].
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Fig. 14. DistilBERT evaluation results
The evaluation results of the DistilBERT model are presented in Figure 14. The accuracy score of 0.91200 of the precision score means that the majority of times that the model forecasts a positive review. It is reflected by the value of the recall 0.90872 showing that 90.87 percent of the real positive reviews are correctly recognized. The F1-score of 0.91036 validates the existence of a strong balance between recall and precision, which means the predictive performance is maintained [7].
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Fig. 15. DistilBERT confusion matrix
The confusion matrix of DistilBERT is shown in figure 15. The matrix indicates that the number of classifications as true positive and true negative are high with comparatively lower misclassifications. False positive and false negative are less as compared to previous findings. The balanced precision and recall values demonstrate that the model effectively separates positive and negative sentiment classes while maintaining minimal classification bias.
[bookmark: _pi1pypm1ts41]C. Model comparison
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Fig. 16. Model comparison
The performance comparison of DistilBERT and TF-IDF + Logistic Regression models are presented in figure 16. Logistic Regression has an accuracy of 0.88036, whereas DistilBERT has a higher accuracy of 0.91052, which is an improvement of about 3.02 percentage points. DistilBERT also has better accuracy (0.91200 vs 0.87930), recall (0.90872 vs 0.88176) and F1-score (0.91036 vs 0.88053) compared to Logistic Regression.
The results indicate that the transformer-based DistilBERT model shows superior results by all the assessment indicators, and this defines the advantages of contextual embeddings and self-attention mechanisms in the sentiment classification exercises.
[bookmark: _fqqo3wc8npr4]IV. DISCUSSION
The results of the present study indicate the comparative merits of the traditional machine-learning and transformer-based models in sentiment analysis. DistilBERT model has an accuracy of 0.91052 which is higher than the accuracy of the TF-IDF + Logistic Regression model of 0.88036. The rise in accuracy is used to demonstrate the effectiveness of contextual embeddings during the performance of text classification. This is a moderate difference, however, in large-scale applications, the gain in accuracy of a small amount can lead to the gain in the reliability of the decision-making process by a considerable margin.
DistilBERT performed better regarding measures of precision, recall, and F1-score. This model is highly reliable with an accuracy of 0.91200 indicating that it can be used to determine positive sentiment with fewer false positives than the Logistic Regression, which has the precision of 0.87930. Similarly, the recall score of 0.90872 is greater than the Logistic Regression recall of 0.88176 which shows that DistilBERT is more predictive of true positive reviews and fewer false negatives. The F1-score of 0.91036, as compared to 0.88053 in the traditional model, shows that the transformer-based model is better in balance between precision and recall.
The better results of DistilBERT can be explained by its transformer-based structure. In contrast to TF-IDF representations, which only represent the words separately and disregard the sequence in which it appear in a sentence, DistilBERT uses contextual associations between words in a sentence, intending to do so through the self-attention mechanisms. This allows the model to recognize fine semantic differences, multilayered sentence structure, and implicit sentimental expression that bag-of-words methods might lack the capability to capture the semantic differences. As a result, DistilBERT proves to be more capable of specific and context-sensitive language patterns as found in movie reviews sentiment analysis.
The enhanced predictive performance however, increases the costs of computer computation. DistilBERT is a deep-based architecture with a large number of parameters, which makes it more expensive to run and train on a GPU. Logistic Regression, in contrast, is computationally inexpensive, can be trained on conventional hardware, and does not need as much memory. Hence, an operationally constrained model selection must be put in place with regard to performance measures.
The results revealed that fine-tuned transformer-based models have obvious benefits in sentiment classification. Although traditional machine learning can still be used effectively, contextual deep learning models such DistilBERT can provide a high level of predictive accuracy where sufficient computational resources are present.
[bookmark: _jfvd6qcoevzw]V. CONCLUSION AND RECOMMENDATIONS
[bookmark: _bg8dw4j62rr]A. Conclusion
Comparison of the performance of a classic machine learning model, TF-IDF with Logistic Regression with a transformer-based model, DistilBERT in binary sentiment classification on the IMDB movie review data is presented in this paper. The dataset provided comprises 50,000 balanced reviews, half of which are positive sentiment and the other half negative sentiment reviews, to provide unbiased consideration.
The experimental results reveal that both the models perform well in terms of classification. Accuracy of the TF-IDF + Logistic Regression model is 0.88036, which has precision of 0.87930, recall of 0.88176 and F1-score of 0.88053. These findings validate the fact that the old feature-based approaches are still useful, in terms of structured and balanced sentiment analysis tasks.
The DistilBERT model however shows better overall performance with an accuracy of 0.91052, precision of 0.91200, recall of 0.90872 and F1-score of 0.91036. The DistilBERT model has performed better than TF-IDF + Logistic Regression. The higher accuracy shows a better decrease of false positive classification, whereas the vigorous recall shows a better search of positive cases of sentiment. The balanced F1-score also proves strong predictive ability in the two classes.
	The findings reveal that contextual embeddings and self-attention mechanisms give DistilBERT the ability to learn semantic relationship and word order, and other linguistic nuances better than the bag-of-words representation available in TF-IDF. This benefit of performance demands more computation, such as GPU acceleration and more training time. Conversely, Logistic Regression is fast to train, uses less memory and is simple to operate.
	Classical machine learning models remain competitive and computationally efficient, transformer-based models can be used to predict better and understand the context in sentiment classification tasks.
[bookmark: _dbwfmgai96ri]B. Recommendations
Recommendations of the findings of this study are as follows:
· Transformer-based models, like DistilBERT are recommended to be used in the scenarios where a high degree of classification is crucial, particularly in large-scale sentiment monitoring systems.
· Traditional models TF-IDF using Logistic Regression are suggested to be used in resource-starved situations where the speed of computation and rapid implementation are the most important factors.
· It has been proposed that additional fine-tuning of DistilBERT, e.g. additional training epochs and hyperparameter optimization, can be performed to achieve even better performance.
· It is suggested that future research cannot but include the hybrid designs that would entail the combination of contextual embeddings with the traditional classifiers so that the performance and efficiency could be balanced.
· It is recommended that more evaluation measures, such as ROC-AUC, and cross-validation techniques need to be involved to provide more specific model evaluation.
· It is suggested that the selection of the model must be shaped by the performance needs, the computing power, and the issues of feasibility of deployment.
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Shouing 5 sample training reviews:

Sample 1

Label: 1 (Positive)

Review Text:

Hardly a masterpiece. Not so well written. Beautiful cinematography i think not. This movie wasn't too terrible but it wasn't that much better than average. The main story

Sample 2

Label: 1 (Positive)

Review Text

Will and Ted's Bodacious journey is an existential trip through themes of mortality, religion, time, Heaven and Hell, man's quest for fame and his fears of the body being c

Sample 3

Label: 1 (Positive)

Review Text:

I have to say that this is one of the best movies I have ever seen! I was bored and looked through the t.v. and found "Home Room” and it was already in about 5 min., but I

Sample 4

Label: 1 (Positive)

Review Text:

There's never a dull moment in this movie. Wonderful visuals, good actors, and a classical story of the Fight of good and evil. Mostly very funny, sometimes even scary. A t

Sample 5

Label: 1 (Positive)

Review Text:

This movie made me very happy. It's impossible not to love the smart and sweet orphan girl who changes the heart of a selfish lawyer only interested in pursuing success in
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stop_words = set(stopuords.words('english'))
Iemnatizer - orduetLenmatizer()

def clean_text(text):

# Converting to lowercase
text - text. lower()

# Removing HTHL tags
text = resub(ric. 2, T, text)

# Removing punctuation and nunbers
text = re.sub(r'["a-zA-2\], *, text)

# Tokenize
tokens - word_tokenize(text)

# Renove stopuords
tokens = [word For word in tokens 5f word not in stop_words]

# Lenmatization
tokens = [lemmatizer. lemnatize(word) for word in tokens]

return

Join(tokens)

# Applying cleaning
X_train_clean = [clean_text(text) for text in X_train]
X_test_clean = [clean_text(text) for text in X_test]
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Showing 5 cleaned training reviews:

Sample 1

Label: 1 (Positive)

Cleaned Review Text:

hardly masterpiece well written beautiful cinematography think movie wasnt terrible wasnt much better average main story dealing highly immoral teen focused forbidden roman

Sample 2

Label: 1 (Positive)

Cleaned Review Text:

ted bodacious journey existential trip theme mortality religion time heaven hell man quest fame fear body overcome soulless machine intelligent work fiction since paradise

Sample 3

Label: 1 (Positive)

Cleaned Review Text:

say one best movie ever seen bored looked tv found home room already min got hooked interesting moving show happen anyones life give possible director writer actor amazing

Sample 4

Label: 1 (Positive)

Cleaned Review Text:

there never dull moment movie wonderful visuals good actor classical story fight good evil mostly funny sometimes even scary true classic movie everybody see

Sample 5

Label: 1 (Positive)

Cleaned Review Text:

movie made happy impossible love smart sweet orphan girl change heart selfish lawyer interested pursuing success career optimistic movie sincerely believe need film like cu
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# Converting text to numerical features
Vectorizer - TFidfVectorizer(nax_features-10060, stop_words='english’)

X_train_tFidf - vectorizer.fit_transforn(x_train)
X_test_tfidf - vectorizer.transforn(x_test)

# Training Logistic Regression model
1r_model = LogisticRegression(max_iter=1260)
1r_model. Fit(x_train_tFidf, y_train)

# Waking predictions
y_pred_Ir = 1r_model.predict(x_test_tFidf)

print("Logistic Regression Accuracy:”, accuracy_score(y_test, y_pred_Ir))

Logistic Regression Accuracy: 0.88036
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def tokenize_function(example):
return tokenizer(
example["text"],
padding="max_lengt!
truncation=True,
max_length=256

# Applying tokenization
train_dataset = train_dataset.nap(tokenize_function, batched=True)
test_dataset = test_dataset.map(tokenize_function, batched=True)

# Setting format for PyTorch
train_dataset. set_format (type="torch”, columns=["input_id:
test_dataset.set_format (type="torch”, columns=["input_ids",

wap: 100% [ 25000125000 [00:21<00:00, S76.09 exarplesis]
wap: 100% [ 25000125000 [00:24<00:00, 911,60 examplesis]

attention_mask”, "label”])
attention_mask”, "label"])
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def compute_metrics(eval_pred):
logits, labels = eval pred
predictions = np.argmax(logits, axis=-1)
return {"accuracy”: accuracy_score(labels, predictions)}

training_args = TrainingArguments(
output_dir="./results",
num_train_epochs=3,
per_device_train_batch_size=15,
per_device_eval_batch_size=16,
eval_strategy="epoch”
save_strategy="no",
logging_steps=260,
load_best_model_at_end=False
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trainer = Trainer(
model=nodel,

trainer. train()

—— (58 9/1689 33:29, Epoch 3/3]

Epoch Training Loss Validation Loss Accuracy

1 0277955 0234274 0.908560
2 0.161851 0323626 0.908440
3 0.059637 0.412150 0.910520

“train_runtime’: 2370.9366, "train_samples_per_second': 31.633,
: 3.0))

TrainOutput (global_step=4689, training_loss=0.18028065966384866, metric:
“train_steps_per_second': 1.978, ‘total flos': 4967527449600000.0, 'train_loss': @.18028065960384866, 'epocl
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TF-IDF + Logistic Regression Results
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DistilBERT Results

0.91052

Accuracy
Precision: 0.9120032115616218
Recall : 0.90872

Fl-score : 0.9103586455620116
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comparison
“Model
"Accuracy’

pd.DataFrame({
"TF-IDF + Logistic Regression”,
[1r_accuracy, bert_accuracy],
[1r_precision, bert_precision],
"Recall”: [1r_recall, bert_recall],
“"F1-Score™: [Ir_f1, bert_f1]

DistilBeRT"],

n
comparison
Model Accuracy Precision Recall F1-Score

0 TF-IDF + Logistic Regression ~ 0.88036  0.879298 0.88176 0.880527

1 DIStIBERT ~ 0.91052 0912003 090872 0910359
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dataset_path = "aclIndb_vi.tar.gz"

# Extracting the tar.gz file
with tarfile.open(dataset_path, 'r:gz’) as tar:
tar.extractall (path="/content/")

print("Dataset extracted successfully!”)

# Checking extracted folder
os.listdir("aclIndb")

Dataset extracted successfully!
[indb.vocab’, *imdbEr.txt', 'README', ‘train’, 'test’]
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# Function to read reviews from a folder
Gef 1oad_reviews(folder_path, label):
texts = [1
tabels = (1

for file in os.listdir(folder_path):
with open(os.path. Join(folder_path, file),
texts.append (F.read())
Iabels. append (label)

+ encoding="utf-5") a5 £:

return texts, labels

# Loading training data
train_pos, train_pos_labels
train_neg, train_neg_labels

1oad_revieus("
- load_reviews("

clindb/train/pos”, 1)
clIndb/train/neg”, )

# Loaging test data
test_pos, test_pos_labels - load_reviews("aclindb/test/pos”, 1)
test_neg, test_neg_labels - load_reviews("aclindb/test/neg”, @)

# Combining data
X_train = train_pos + train_neg
y_train - train_pos_labels + train_neg_labels

X_test = test_pos + test_neg
y_test - test_pos_labels + test_neg_labels

print(*Training sample:
print(*Testing samples:

Len(x_train)
J Len(x_test))

Training samples: 25608
Testing samples: 25000





