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1 Project Overview 
 

This project performs a comprehensive Aspect-Based Sentiment Analysis on product review 

data. It involves: 

• Data Preprocessing: Cleaning and preparing raw text data. 

• Embedding Generation: Converting text into numerical representations using 

DistilBERT. 

• Dimensionality Reduction: Reducing the complexity of embeddings using PCA and 

UMAP. 

• Clustering: Grouping similar reviews into aspects using MiniBatchKMeans. 

• Aspect Labeling: Assigning meaningful names to clusters using KeyBERT and 

spaCy. 

• Sentiment Classification: Training a DistilBERT model to classify review sentiment 

(positive, neutral, negative). 

• Business Cause Identification: Pinpointing specific issues or praise within reviews 

using rule-based pattern matching. 

• Visualization: Presenting sentiment distributions and business causes per aspect. 

 

2 Prerequisites 
 

 To run this notebook, you will need: 

• Google Colab Environment: The notebook is designed to run in Google Colab. 

• GPU Access: A GPU runtime is highly recommended for faster embedding 

generation and model training (Runtime > Change runtime type > GPU). 

• Google Drive Access: The project assumes the dataset is located in your Google 

Drive, mounted at /content/drive. 

 

3 Setup Instructions 
 

a. Mount Google Drive: 

• Ensure your Google Drive is mounted to access the dataset. The relevant code is in 

the cell that executes drive.mount('/content/drive'). 

b. Install Libraries: 

• All necessary Python libraries (keybert, wordsegment, sentence-transformers, spacy, 

etc.) are installed directly within the notebook using !pip install commands. These 

will run automatically when their respective cells are executed. 

c. Download SpaCy Model: 

https://colab.research.google.com/drive/1pIBmWHOU3DR-Ia0NETOOVB5lyyWypK5C
https://colab.research.google.com/drive/1pIBmWHOU3DR-Ia0NETOOVB5lyyWypK5C
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• The English spaCy model (en_core_web_sm) is downloaded using !python -m spacy 

download en_core_web_sm. 

 

4 Data Configuration 
 

• Dataset Path: The project uses a CSV file located 

at /content/drive/MyDrive/Colab Notebooks/jenat /1429_1.csv. To use a different 

dataset, update the path in the pd.read_csv() cell. 

• Relevant Columns (keep_cols): The analysis focuses 

on reviews.text, reviews.title, reviews.rating, reviews.doRecommend, brand, categorie

s, and asins. If your dataset has different column names for these types of information, 

you will need to adjust the keep_cols list accordingly. 
 

5 Key Adjustable Parameters 
 

Several parameters throughout the notebook can be adjusted to fine-tune the analysis: 

a. Embedding Generation (Phase 1): 

• batch_size (in get_embeddings_in_batches function): Controls the number of texts 

processed simultaneously during embedding generation. Default: 16. Adjust based on 

GPU memory. 

• max_length (in tokenizer for embeddings): Maximum sequence length for 

DistilBERT. Default: 128. Longer sequences capture more context but require more 

memory. 

b. Clustering and Dimensionality Reduction (Phase 2): 

• PCA(n_components): Number of principal components to retain. Default: 30. 

• UMAP(n_neighbors, n_components, n_epochs): 

o n_neighbors: Controls local vs. global structure preservation. Default: 15. 

o n_components: Final dimensionality after UMAP. Default: 25. 

o n_epochs: Number of iterations for UMAP optimization. Default: 400. 

• K_values (for Silhouette Score evaluation): Range of cluster numbers to test for 

MiniBatchKMeans. Default: range(10, 35, 2). 

• MiniBatchKMeans(batch_size, n_init, max_iter): 

o batch_size: Batch size for k-means. Default: 1024. 

o n_init: Number of times the k-means algorithm is run with different centroid 

seeds. Default: 30. 

o max_iter: Maximum number of iterations for a single run. Default: 1000. 

c. Aspect Labeling (Phase 2): 

• SAMPLE_PER_CLUSTER: Number of representative texts sampled from each 

cluster for keyword extraction. Default: 200. 

• KEYBERT_TOP_N: Number of keywords to extract per sample using KeyBERT. 

Default: 10. 

• MMR_DIVERSITY: Diversity parameter for KeyBERT's Max Marginal Relevance 

(MMR). Default: 0.6. 

• w_tf, w_cent, w_spec: Weights for the combined scoring mechanism (TF-IDF, 

semantic centrality, corpus specificity) for aspect label selection. 

Defaults: 0.45, 0.40, 0.15 respectively. 

d. Business Cause Identification (Phase 2): 

• BUSINESS_RULES: This dictionary contains regular expression patterns used to 

identify specific issues. You can add, modify, or remove entries to tailor the cause 

detection to your specific needs. 

https://colab.research.google.com/drive/1pIBmWHOU3DR-Ia0NETOOVB5lyyWypK5C
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• TOP_N_CAUSES: Number of top business causes to display in visualizations. 

Default: 5. 

e. Sentiment Classification (Phase 3): 

• test_size (for train/validation split): Proportion of data used for validation. 

Default: 0.15. 

• num_train_epochs: Number of training epochs for the DistilBERT sentiment model. 

Default: 3. 

• learning_rate: Learning rate for the sentiment model. Default: 2e-5. 

• per_device_train_batch_size, per_device_eval_batch_size: Batch sizes for training 

and evaluation. Defaults: 16 and 32 respectively. 
 

6 Workflow Phases 
 

The project is structured into three main phases: 

• Phase 1 (25%): Data Loading, Initial Exploration, Preprocessing, and DistilBERT 

Embedding Generation. 

• Phase 2 (50%): Dimensionality Reduction, Clustering, Dynamic Aspect Labeling, 

and Business Cause Identification. 

• Phase 3 (50%-100%): Sentiment Model Training, Evaluation, Prediction, and 

Aspect-wise Sentiment Visualization. 

Each phase builds upon the previous one, ensuring a logical progression through the analysis. 

It is recommended to execute cells sequentially. 

 

7 Expected Outputs/Results 
 

The successful execution of this notebook will produce a variety of analytical outputs and 

models: 

1. Transformed Data (df DataFrame): A cleaned and enriched DataFrame containing 

original review data, augmented with features 

like clean_text, brand_clean, combined_text, sentiment_label, embedding, aspect_clus

ter IDs, aspect_label, and predicted_sentiment. 

2. Embeddings (embeddings NumPy array): High-dimensional (768D) and reduced-

dimensional (30D PCA, 25D UMAP) numerical representations of the reviews. 

3. Clustering Results (aspect_cluster column): Cluster assignments for each review, 

grouping semantically similar texts into 12 distinct aspects. 

4. Aspect Labels (aspect_label column): Descriptive, human-interpretable labels (e.g., 

'computers', 'wireless speakers') assigned to each cluster. 

5. Fine-tuned Sentiment Classification Model: A 

trained DistilBertForSequenceClassification model, saved to disk 

(./phase3_best_model), capable of predicting 'negative', 'neutral', or 'positive' 

sentiment. 

6. Sentiment Predictions (predicted_sentiment column): Granular sentiment 

predictions for every review, as determined by the fine-tuned model. 

7. Aggregated Sentiment Summaries (aspect_summary DataFrame): Tabular 

summaries detailing the distribution of predicted sentiments and the positive_ratio for 

each identified aspect. 

8. Business Cause Aggregations (bc_agg, aspect_tables DataFrames): Detailed tables 

showing the counts of specific business causes within each aspect, sentiment, and 

brand category. 
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9. Data Visualizations (Matplotlib & Seaborn plots): Numerous plots illustrating: the 

overall distribution of aspects, their positive sentiment ratios, and the top business 

causes for negative, neutral, and positive sentiments within various key aspects. 
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