Malik – code

1️⃣ Introduction
Say:
In this project, sentiment analysis was performed on the IMDB movie review dataset to classify movie reviews as either positive or negative.
Two different approaches were implemented and compared. The first approach used a traditional machine learning model based on TF-IDF feature extraction combined with a Linear Support Vector Machine classifier.
The second approach used a transformer-based model called DistilBERT, which is a lightweight version of the BERT architecture designed for natural language processing tasks.
The aim of this study was to compare the performance of these two approaches and analyse their effectiveness for sentiment classification.

2️⃣ Libraries and Environment
Scroll to the import section.
Say:
The first section of the code imports the required Python libraries. These include libraries for data processing such as NumPy and Pandas, machine learning tools from Scikit-learn, and deep learning libraries such as PyTorch and Hugging Face Transformers.
The experiment was conducted in Google Colab using an NVIDIA T4 GPU to support training of the transformer model.

3️⃣ Dataset Loading
Scroll to where the dataset loads.
Say:
The IMDB movie review dataset is then loaded. This dataset contains labelled movie reviews that are classified as positive or negative.
The dataset is split into training and testing sets. The training data is used to train the models, while the test data is used to evaluate their performance on unseen examples.

4️⃣ Text Preprocessing
Scroll to preprocessing.
Say:
Before training the models, the text data must be prepared. This includes basic preprocessing and transforming the text into a format suitable for machine learning algorithms.

5️⃣ TF-IDF Feature Extraction
Scroll to TF-IDF section.
Say:
For the traditional machine learning model, TF-IDF vectorisation is applied to convert text into numerical feature vectors.
TF-IDF stands for Term Frequency–Inverse Document Frequency and measures the importance of words in a document relative to the entire dataset.
This representation allows machine learning algorithms to analyse textual information.

6️⃣ Training the SVM Model
Scroll to SVM training.
Say:
A Linear Support Vector Machine classifier is then trained using the TF-IDF features.
SVM is a supervised learning algorithm that identifies a decision boundary separating positive and negative sentiment classes.

7️⃣ SVM Results
Show results.
Say:
The trained SVM model is then evaluated using the test dataset.
The model achieved an accuracy of approximately 0.87 and an F1 score of around 0.87.
This strong performance suggests that the IMDB dataset contains clear lexical polarity cues, meaning that sentiment is often expressed through explicit words such as “excellent” or “terrible”, which traditional models can capture effectively.

8️⃣ Transformer Model (DistilBERT)
Scroll to DistilBERT section.
Say:
The second model implemented in this project is DistilBERT, which is a transformer-based architecture that captures contextual relationships between words using attention mechanisms.
The text is first tokenised using the DistilBERT tokenizer so that it can be processed by the model.

9️⃣ Fine-Tuning DistilBERT
Scroll to training code.
Say:
The DistilBERT model is then fine-tuned on the IMDB dataset.
Due to computational constraints, the training process was performed on a reduced subset of the dataset and for only one training epoch.

🔟 DistilBERT Results
Show evaluation results.
Say:
After training, the DistilBERT model was evaluated on the test dataset.
The model achieved an accuracy of approximately 0.77 with an F1 score of around 0.77.
The lower performance compared to the SVM model is mainly due to the limited training data and computational resources rather than weaknesses in the model architecture.

1️⃣1️⃣ Model Interpretability
Scroll to SHAP.
Say:
To improve interpretability, SHAP values were used to analyse feature importance.
SHAP helps explain how individual words influence the model’s predictions by assigning importance scores to features.

1️⃣2️⃣ Final Conclusion
Finish with this:
In conclusion, this project compared traditional machine learning and transformer-based approaches for sentiment analysis.
The SVM model achieved higher accuracy in this experiment due to its efficiency and the lexical characteristics of the dataset.
However, transformer models such as DistilBERT have greater potential when trained on larger datasets and with greater computational resources.
This comparison highlights the trade-off between model complexity, computational cost, and performance in real-world machine learning applications.

