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# Project: Sentiment Analysis of IMDB Reviews
# Student: Vackaar Hussain
# Student ID: 2209946
# Course : MSc Data and Artificial Intelligence
# Code: ACCA 7028
# Course Tutor: Malik Mahmood
# Date: 30th March 2026
# =============================================================================
# Description:
# This Python script performs sentiment analysis on the IMDB movie reviews dataset.
# It includes:
#   - Data loading and Preprocessing
#   - Exploratory Data Analysis (EDA)
#   - TF-IDF + Logistic Regression model
#   - Transformer-based model (BERT) using Hugging Face and Roberta
#   - Hyperparameter tuning
#   - Model evaluation using accuracy, precision, recall, F1-score, and confusion matrix
#   - Model interpretation using SHAP and attention visualization
#   - Data Augmentation for improved model performance
#   - Insights and comparison between traditional and transformer-based approaches
# =============================================================================
# Objectives:
#   1. Explore and preprocess textual data for sentiment analysis.
#   2. Build and evaluate traditional ML and transformer-based NLP models.
#   3. Tune hyperparameters for optimal performance.
#   4. Interpret models to understand influential words or sentences.
#   5. Compare model performance and interpretability.
# =============================================================================
# Libraries Used:
#   - pandas, numpy: Data handling and numerical operations
#   - matplotlib, seaborn: Data visualization
#   - nltk: Text preprocessing (tokenization, stopwords, lemmatization)
#   - sklearn: TF-IDF vectorization, logistic regression, evaluation metrics
#   - torch, transformers: BERT model training and tokenization
#   - datasets: Loading IMDB dataset
#   - shap: Model interpretation (SHAP values)
# =============================================================================

# ===========================================
# INSTALL ALL REQUIRED PACKAGES
# ===========================================

# This cell installs all necessary Python packages for NLP, classical ML,
# transformer models, data processing, visualization, and utilities.

import sys
import subprocess

# Function to install a package using pip
def install(package):
    subprocess.check_call([sys.executable, "-m", "pip", "install", package])

# List of required packages
packages = [
    "numpy", # Numerical computations
    "pandas", # Data manipulation and analysis
    "matplotlib", # Data visualization
    "seaborn", # Enhanced statistical plotting
    # NLP preprocessing
    "nltk", # Natural Language Toolkit for text processing
    "spacy", # Advanced NLP library
    "sentencepiece", # Tokenization for transformer models
    # Classical ML
    "scikit-learn", # Machine learning algorithms and metrics
    # Transformers
    "transformers", # Pretrained transformer models
    "datasets", # NLP datasets
    "torch", # PyTorch deep learning framework
    "accelerate", # Efficient training on multiple devices
    # Utilities
    "tqdm", # Progress bars
    "wordcloud" # Word cloud visualizations
]

# Loop through the packages list and install each one
for pkg in packages:
    install(pkg)

# ============================================
# DOWNLOAD NLTK AND SPACY RESOURCES
# ============================================

# Import NLP libraries
import nltk
import spacy

# Download NLTK resources required for preprocessing
print("Downloading NLTK resources...")
nltk.download("punkt") # Sentence and word tokenization
nltk.download("stopwords") # Stopwords for filtering
nltk.download("wordnet") # WordNet lexicon for lemmatization
nltk.download("omw-1.4") # WordNet multilingual resource

# Download spaCy English model
print("Downloading spaCy English model...")
subprocess.check_call([sys.executable, "-m", "spacy", "download", "en_core_web_sm"])

# Confirmation message
print("All packages and resources installed successfully!")


# ============================================================
# IMPORT LIBRARIES
# ============================================================

# ------------------------------
# Data manipulation & numerical computing
# ------------------------------
import pandas as pd # Dataframes, CSV/Excel I/O, data manipulation
import numpy as np # Numerical computations and array operations

# ------------------------------
# Visualization
# ------------------------------
import matplotlib.pyplot as plt # Core plotting library
import seaborn as sns # Advanced statistical plotting & aesthetics

# ------------------------------
# Natural Language Processing (NLP)
# ------------------------------
import nltk # Natural Language Toolkit for preprocessing
import re # Regular expressions for text cleaning

from nltk.corpus import stopwords # Stopword lists for filtering
from nltk.stem import WordNetLemmatizer # Lemmatization to reduce words to base forms

# ------------------------------
# NLP Datasets
# ------------------------------
from datasets import load_dataset # Hugging Face datasets library for prebuilt datasets

# ------------------------------
# Classical Machine Learning
# ------------------------------
from sklearn.model_selection import train_test_split # Train/test splitting
from sklearn.feature_extraction.text import TfidfVectorizer # Text to numeric vector conversion
from sklearn.linear_model import LogisticRegression # Logistic Regression classifier
from sklearn.metrics import accuracy_score, classification_report, confusion_matrix # Model evaluation metrics

# ------------------------------
# Text Visualization
# ------------------------------
from wordcloud import WordCloud # Generate word clouds for text data exploration

# ------------------------------
# Model Explainability
# ------------------------------
import shap # SHAP for feature importance and interpretability

# ------------------------------
# Transformer Models & Training
# ------------------------------
from transformers import DistilBertTokenizerFast # Tokenizer for DistilBERT
from transformers import DistilBertForSequenceClassification # Pretrained DistilBERT model
from transformers import Trainer, TrainingArguments # Training utilities for transformers

# ------------------------------
# Deep Learning Framework
# ------------------------------
import torch # PyTorch for model training and tensor computations

# ------------------------------- General NLP Setup -------------------------------------
# Initialize NLTK resources needed for text cleaning
stop_words = set(stopwords.words('english'))
lemmatizer = WordNetLemmatizer()

# Function to clean text: Convert to lowercase, remove non-alphabetic chars,
# remove stopwords, and lemmatize words. This function is required by later cells.
def clean_text(text):
    text = text.lower() # Convert text to lowercase
    text = re.sub(r'[^a-zA-Z]', ' ', text) # Remove numbers/punctuation
    words = text.split() # Split text into words
    words = [w for w in words if w not in stop_words] # Remove stopwords
    words = [lemmatizer.lemmatize(w) for w in words] # Lemmatize words
    return " ".join(words) # Rejoin cleaned words into a string


# ============================================================
# LOAD AND INSPECT IMDB DATASET
# ============================================================

# ------------------------------
# Load the IMDb dataset using Hugging Face 'datasets' library
# This dataset contains movie reviews labelled as 'positive' or 'negative'
# ------------------------------
dataset = load_dataset("imdb")

# ------------------------------
# Convert Hugging Face DatasetDict to pandas DataFrames
# Easier manipulation and integration with classical ML workflows
# ------------------------------
train_df = pd.DataFrame(dataset['train']) # Training set
test_df = pd.DataFrame(dataset['test']) # Testing set

# ------------------------------
# Quick inspection of the training dataset
# Displays first 5 rows: 'text' (review) and 'label' (sentiment)
# ------------------------------
print(train_df.head())


# ============================================================
# USE FULL DATASET (NO SAMPLING)
# ============================================================

# ------------------------------
# Create copies of the original datasets
# Ensures the original data remains unchanged while we manipulate or preprocess the copies
# ------------------------------
train_df = train_df.copy() # Copy of the training dataset
test_df = test_df.copy() # Copy of the testing dataset

# ------------------------------
# Display the size of each dataset
# Confirms the number of instances available for training and testing
# ------------------------------
print("Training size:", len(train_df)) # Number of training samples
print("Test size:", len(test_df)) # Number of testing samples



# ============================================================
# DATA AUGMENTATION
# LOGISTIC REGRESSION
# ============================================================

import random
import pandas as pd
import nltk
from nltk.corpus import wordnet

nltk.download('wordnet')
nltk.download('omw-1.4')

def get_synonyms(word):
    synonyms = set()
    for syn in wordnet.synsets(word):
        for lemma in syn.lemmas():
            synonym = lemma.name().replace("_", " ").lower()
            if synonym != word:
                synonyms.add(synonym)
    return list(synonyms)

def synonym_replacement(sentence, n=2):
    words = sentence.split()
    new_words = words.copy()

    random_word_list = list(set(words))
    random.shuffle(random_word_list)

    num_replaced = 0
    for word in random_word_list:
        synonyms = get_synonyms(word)
        if synonyms:
            synonym = random.choice(synonyms)
            new_words = [synonym if w == word else w for w in new_words]
            num_replaced += 1
        if num_replaced >= n:
            break

    return " ".join(new_words)

# ------------------------------
# APPLY TO SUBSET
# ------------------------------
sample_df = train_df.sample(1000, random_state=42).copy()

sample_df['text'] = sample_df['text'].apply(lambda x: synonym_replacement(x))

# Combine with original training data
train_df_lr = pd.concat([train_df, sample_df]).reset_index(drop=True)

print("LogReg Augmented Data Size:", len(train_df_lr))

# ============================================================
# CONVERT HUGGING FACE DATASET TO PANDAS DATAFRAMES
# ============================================================

# ------------------------------
# Import pandas for data manipulation
# ------------------------------
import pandas as pd

# ------------------------------
# Convert Hugging Face 'train' split to a pandas DataFrame
# This allows easier preprocessing, exploration, and integration with sklearn/other tools
# ------------------------------
train_df = pd.DataFrame(dataset["train"])

# ------------------------------
# Convert Hugging Face 'test' split to a pandas DataFrame
# Ensures the same structure for evaluation and analysis
# ------------------------------
test_df = pd.DataFrame(dataset["test"])

# ------------------------------
# Optional: Display the first few rows to verify conversion
# ------------------------------
print("Training set preview:")
print(train_df.head())

print("\nTest set preview:")
print(test_df.head())


# ============================================================
# COMBINE ORIGINAL AND AUGMENTED DATASETS
# ============================================================

from datasets import concatenate_datasets, Dataset
import pandas as pd

# ------------------------------
# Define train_subset and augmented_dataset from existing DataFrames
# ------------------------------
# Convert the original train_df (pandas DataFrame) to a Hugging Face Dataset
train_subset = Dataset.from_pandas(train_df)

# Convert the augmented sample_df (pandas DataFrame) to a Hugging Face Dataset
augmented_dataset = Dataset.from_pandas(sample_df)

# ------------------------------
# Combine original training subset with augmented dataset
# Uses Hugging Face `concatenate_datasets` to merge datasets
# This increases data diversity and improves model robustness
# ------------------------------
train_augmented = concatenate_datasets([train_subset, augmented_dataset])

# ------------------------------
# Print the new size to verify augmentation
# ------------------------------
print("Augmented training size:", len(train_augmented))

# ------------------------------
# QUICK CHECK: Display sample text and label
# Helps ensure that augmentation preserved labels correctly
# ------------------------------
print("Sample original text:", train_augmented[0]['text'])
print("Sample label:", train_augmented[0]['label'])

# ============================================================
# APPLY TEXT CLEANING TO DATAFRAMES
# ============================================================

# -------------------------------
# Apply the `clean_text` function to all training and test data
# This includes steps like lowercasing, removing punctuation, stopwords, and lemmatization
# -------------------------------
train_df['clean_text'] = train_df['text'].apply(clean_text)
test_df['clean_text'] = test_df['text'].apply(clean_text)

# -------------------------------
# Quick check: Display first few cleaned entries in the training set
# Ensures that text cleaning has been applied correctly
# -------------------------------
print(train_df.head())


# ============================================================
# CLASS BALANCE VISUALISATION
# ============================================================

# Plot the distribution of sentiment labels in the training dataset
sns.countplot(x=train_df['label'])  # x-axis: sentiment labels (0=Negative, 1=Positive)
plt.title("Sentiment Distribution")  # chart title
plt.xlabel("Sentiment (0 = Negative, 1 = Positive)")  # x-axis label
plt.ylabel("Count")  # y-axis label showing number of reviews per sentiment
plt.show()  # display the plot

#%%
# ============================================================
# REVIEW LENGTH DISTRIBUTION
# ============================================================

# Add a new column 'review_length' representing the number of characters in each review
train_df['review_length'] = train_df['text'].apply(len)

# Plot the distribution of review lengths
plt.figure(figsize=(10, 5))
sns.histplot(train_df['review_length'], bins=50, kde=True, color='skyblue')  # histogram with KDE
plt.title("Distribution of Review Lengths")  # chart title
plt.xlabel("Number of Characters")  # x-axis label
plt.ylabel("Frequency")  # y-axis label
plt.show()  # display the plot






# ============================================================
# WORD CLOUD VISUALISATION
# ============================================================

# Combine all cleaned text into a single string for WordCloud generation
text = " ".join(train_df['clean_text'])

# Generate the WordCloud
wordcloud = WordCloud(width=800, height=400).generate(text)

# Display the WordCloud
plt.figure(figsize=(10,5))
plt.imshow(wordcloud)  # display image
plt.axis("off")  # remove axes for cleaner visual
plt.title("Most Frequent Words in Reviews")  # chart title
plt.show()  # display the plot

#%%
# ================================================================
# TOP 20 WORDS VISUALISATION
# ================================================================

from collections import Counter
import matplotlib.pyplot as plt

# Function to get top n words and their counts from a list of texts
def get_top_words(texts, n=20):
    counter = Counter()
    for t in texts:
        if isinstance(t, str):  # ensure the text is valid
            counter.update(t.split())  # split by whitespace and update counts
    return counter.most_common(n)  # return n most common words

# Extract top 20 words from the cleaned training text
top_words_train = get_top_words(train_df["clean_text"].dropna(), n=20)

# Separate words and their frequencies for plotting
words = [word for word, count in top_words_train]
counts = [count for word, count in top_words_train]

# Plot top 20 words as a bar chart
plt.figure(figsize=(12,6))
plt.bar(words, counts, color='salmon')  # bar chart
plt.xticks(rotation=60)  # rotate x-axis labels for readability
plt.xlabel("Words")  # x-axis label
plt.ylabel("Frequency")  # y-axis label
plt.title("Top 20 Most Frequent Words in Training Set")  # chart title
plt.tight_layout()  # adjust layout to avoid clipping
plt.show()  # display the plot

#%%
# ============================================================
# BIGRAMS FREQUENCY
# ============================================================

from sklearn.feature_extraction.text import CountVectorizer

# CountVectorizer to extract top 20 most frequent bigrams
vectorizer = CountVectorizer(ngram_range=(2, 2), stop_words='english', max_features=20)
X_bigrams = vectorizer.fit_transform(train_df['clean_text'])  # transform text to bigram frequency matrix
bigrams_sum = np.array(X_bigrams.sum(axis=0))[0]  # sum frequency of each bigram
bigrams = vectorizer.get_feature_names_out()  # get bigram names

# Plot top 20 bigrams as a horizontal bar chart
plt.figure(figsize=(12, 6))
sns.barplot(x=bigrams_sum, y=bigrams, palette="viridis")  # horizontal bar plot
plt.title("Top 20 Bigrams in Reviews")  # chart title
plt.xlabel("Frequency")  # x-axis label
plt.show()  # display the plot


# ============================================================
# TF-IDF FEATURE EXTRACTION
# ============================================================

# The clean_text function and NLTK resources are now defined in an earlier cell.

# -------------------------------
# Apply cleaning function to training and test datasets
# -------------------------------
train_df['clean_text'] = train_df['text'].apply(clean_text)
test_df['clean_text'] = test_df['text'].apply(clean_text)

# -------------------------------
# Initialize TF-IDF vectorizer
# Limit to top 5000 features for efficiency
# -------------------------------
tfidf = TfidfVectorizer(max_features=5000)

# -------------------------------
# Transform cleaned text into TF-IDF feature matrices
# -------------------------------
X_train = tfidf.fit_transform(train_df['clean_text'])
X_test = tfidf.transform(test_df['clean_text'])

# -------------------------------
# Extract labels for training and test sets
# -------------------------------
y_train = train_df['label']
y_test = test_df['label']

# -------------------------------
# Quick sanity check
# -------------------------------
print("TF-IDF feature shape (train):", X_train.shape)
print("TF-IDF feature shape (test):", X_test.shape)
print("Training labels example:", y_train.head())
print("Test labels example:", y_test.head())

# ============================================================
# LOGISTIC REGRESSION HYPERPARAMETER TUNING
# ============================================================

from sklearn.model_selection import GridSearchCV
from sklearn.linear_model import LogisticRegression
from sklearn.metrics import accuracy_score, classification_report, confusion_matrix
import seaborn as sns
import matplotlib.pyplot as plt

# -------------------------------
# 1. Define hyperparameter grid
# -------------------------------
# 'C' controls regularization strength (smaller values = stronger regularization)
# 'solver' specifies the algorithm to use (liblinear is efficient for small datasets)
param_grid = {
    'C': [0.1, 1, 10],
    'solver': ['liblinear']
}





# -------------------------------
# 2. Set up GridSearchCV
# -------------------------------
# Performs an exhaustive search over the specified hyperparameter grid
# Uses 3-fold cross-validation and evaluates based on accuracy
grid_lr = GridSearchCV(
    LogisticRegression(max_iter=1000), # logistic regression model
    param_grid, # hyperparameter options
    cv=3, # 3-fold cross-validation
    scoring='accuracy', # metric to optimize
    verbose=1 # print progress
)

# -------------------------------
# 3. Fit GridSearchCV to training data
# -------------------------------
grid_lr.fit(X_train, y_train)

# -------------------------------
# 4. Best hyperparameters
# -------------------------------
print("Best hyperparameters:", grid_lr.best_params_)

# -------------------------------
# 5. Train final model with best hyperparameters
# -------------------------------
best_lr = LogisticRegression(**grid_lr.best_params_, max_iter=1000)
best_lr.fit(X_train, y_train)

# -------------------------------
# 6. Predict on test data
# -------------------------------
y_pred_lr = best_lr.predict(X_test)

# -------------------------------
# 7. Evaluation
# -------------------------------

# Accuracy score
print("Tuned Logistic Regression Accuracy:", accuracy_score(y_test, y_pred_lr))

# Detailed classification report (precision, recall, F1-score)
print(classification_report(y_test, y_pred_lr))

# Confusion matrix
cm = confusion_matrix(y_test, y_pred_lr)

# Visualize confusion matrix using heatmap
sns.heatmap(cm, annot=True, fmt='d', cmap='Blues') # 'annot=True' adds counts, 'fmt=d' ensures integers
plt.title("Confusion Matrix - Tuned Logistic Regression")
plt.xlabel("Predicted Label")
plt.ylabel("True Label")
plt.show()


# ============================================================
# TRAIN LOGISTIC REGRESSION MODEL
# ============================================================

from sklearn.linear_model import LogisticRegression

# -------------------------------
# 1. Initialize Logistic Regression model
# -------------------------------
# max_iter=1000 ensures convergence for datasets with longer feature vectors
lr_model = LogisticRegression(max_iter=1000)

# -------------------------------
# 2. Fit model to training data
# -------------------------------
# X_train: feature matrix for training
# y_train: target labels for training
lr_model.fit(X_train, y_train)

# -------------------------------
# 3. Make predictions on test data
# -------------------------------
# y_pred_lr will contain predicted labels for X_test
y_pred_lr = lr_model.predict(X_test)


# ============================================================
# ROC CURVE + PRECISION-RECALL CURVE
# LOGISTIC REGRESSION
# ============================================================

from sklearn.metrics import roc_curve, auc, precision_recall_curve
import matplotlib.pyplot as plt

# -------------------------------
# 1. Predict probabilities for the positive class
# -------------------------------
# lr_model.predict_proba(X_test) returns probability for both classes (0 and 1)
# [:, 1] selects the probability for class 1 (positive sentiment)
y_probs = lr_model.predict_proba(X_test)[:, 1]

# -------------------------------
# 2. ROC Curve
# -------------------------------
# Compute False Positive Rate (FPR) and True Positive Rate (TPR)
fpr, tpr, _ = roc_curve(y_test, y_probs)

# Compute Area Under the Curve (AUC)
roc_auc = auc(fpr, tpr)

# Plot ROC curve
plt.figure()
plt.plot(fpr, tpr, label=f"LogReg (AUC = {roc_auc:.3f})")  # plot ROC line
plt.plot([0, 1], [0, 1], linestyle='--', color='gray')      # random chance line
plt.xlabel("False Positive Rate")                            # x-axis label
plt.ylabel("True Positive Rate")                             # y-axis label
plt.title("ROC Curve - Logistic Regression")                # plot title
plt.legend()                                                # show legend
plt.show()                                                  # display plot

# -------------------------------
# 3. Precision-Recall Curve
# -------------------------------
# Compute precision and recall values at different thresholds
precision, recall, _ = precision_recall_curve(y_test, y_probs)

# Plot Precision-Recall curve
plt.figure()
plt.plot(recall, precision, label="LogReg", color='green')  # plot PR curve
plt.xlabel("Recall")                                        # x-axis label
plt.ylabel("Precision")                                     # y-axis label
plt.title("Precision-Recall Curve - Logistic Regression")  # plot title
plt.legend()                                               # show legend
plt.show()                                                 # display plot


# ============================================
# LOGISTIC REGRESSION CONFUSION MATRICES
# ============================================

import matplotlib.pyplot as plt
from sklearn.metrics import confusion_matrix, ConfusionMatrixDisplay

# -------------------------------
# 1. Predictions
# -------------------------------
# BEFORE tuning: predictions using the initial logistic regression model
y_pred_before = lr_model.predict(X_test)

# AFTER tuning: predictions using the best model from GridSearchCV
y_pred_after = best_lr.predict(X_test)

# -------------------------------
# 2. Compute confusion matrices
# -------------------------------
cm_before = confusion_matrix(y_test, y_pred_before) # initial model
cm_after = confusion_matrix(y_test, y_pred_after) # tuned model

# -------------------------------
# 3. Plot confusion matrices side-by-side
# -------------------------------
fig, axes = plt.subplots(1, 2, figsize=(12, 5)) # two subplots in one row

# Plot BEFORE tuning confusion matrix
disp1 = ConfusionMatrixDisplay(confusion_matrix=cm_before)
disp1.plot(ax=axes[0], cmap='Blues', colorbar=False) # blue color for clarity
axes[0].set_title("Logistic Regression (Before Tuning)")
axes[0].set_xlabel("Predicted Label")
axes[0].set_ylabel("True Label")

# Plot AFTER tuning confusion matrix
disp2 = ConfusionMatrixDisplay(confusion_matrix=cm_after)
disp2.plot(ax=axes[1], cmap='Greens', colorbar=False) # green to differentiate
axes[1].set_title("Logistic Regression (After Tuning)")
axes[1].set_xlabel("Predicted Label")
axes[1].set_ylabel("True Label")

# Adjust layout to prevent overlap
plt.tight_layout()
plt.show()


# ============================================================
# LOGISTIC REGRESSION MODEL EVALUATION
# ============================================================

from sklearn.metrics import accuracy_score, classification_report

# -------------------------------
# 1. Accuracy
# -------------------------------
# Measures the proportion of correct predictions out of total predictions
accuracy = accuracy_score(y_test, y_pred_lr)
print("Accuracy:", accuracy)

# -------------------------------
# 2. Classification report
# -------------------------------
# Provides detailed metrics: precision, recall, F1-score for each class
report = classification_report(y_test, y_pred_lr)
print(report)




# ============================================================
# LOGISTIC REGRESSION CONFUSION MATRIX
# ============================================================

import seaborn as sns
import matplotlib.pyplot as plt
from sklearn.metrics import confusion_matrix

# -------------------------------
# 1. Compute confusion matrix
# -------------------------------
# Shows counts of true positives, true negatives, false positives, and false negatives
cm = confusion_matrix(y_test, y_pred_lr)

# -------------------------------
# 2. Plot confusion matrix using heatmap
# -------------------------------
plt.figure(figsize=(6,5))
sns.heatmap(cm, annot=True, fmt="d", cmap="Blues") # 'annot=True' shows counts, 'fmt="d"' ensures integers
plt.title("Confusion Matrix - Logistic Regression") # title for clarity
plt.xlabel("Predicted Label") # x-axis label
plt.ylabel("Actual Label") # y-axis label
plt.show() # display the plot


# ============================================================
# TOP FEATURES FROM LOGISTIC REGRESSION
# ============================================================

import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns

# -------------------------------
# 1. Extract feature names and coefficients
# -------------------------------
# feature_names: terms from TF-IDF vectorizer
# coefs: learned weights from logistic regression model
feature_names = tfidf.get_feature_names_out()
coefs = lr_model.coef_[0] # lr_model.coef_ returns array of shape (1, n_features)

# -------------------------------
# 2. Identify top positive and negative features
# -------------------------------
# Top positive coefficients influence prediction towards class 1 (positive sentiment)
top_positive_indices = np.argsort(coefs)[-20:] # indices of 20 largest coefficients

# Top negative coefficients influence prediction towards class 0 (negative sentiment)
top_negative_indices = np.argsort(coefs)[:20] # indices of 20 smallest coefficients

# -------------------------------
# 3. Plot top 20 words for positive sentiment
# -------------------------------
plt.figure(figsize=(12, 6))
sns.barplot(x=coefs[top_positive_indices], y=feature_names[top_positive_indices], color='green')
plt.title("Top 20 Words Influencing Positive Sentiment") # title
plt.xlabel("Coefficient Value") # x-axis label
plt.ylabel("Word") # y-axis label
plt.show()

# -------------------------------
# 4. Plot top 20 words for negative sentiment
# -------------------------------
plt.figure(figsize=(12, 6))
sns.barplot(x=coefs[top_negative_indices], y=feature_names[top_negative_indices], color='red')
plt.title("Top 20 Words Influencing Negative Sentiment") # title
plt.xlabel("Coefficient Value") # x-axis label
plt.ylabel("Word") # y-axis label
plt.show()


# ============================================================
# CREATE TORCH DATASET
# ============================================================

# Custom PyTorch Dataset class for IMDb reviews
# This class prepares the tokenized text and corresponding labels
# so they can be used efficiently by transformer models (e.g., BERT, RoBERTa)

class IMDbDataset(torch.utils.data.Dataset):

    def __init__(self, encodings, labels):
        """
        Constructor method

        Parameters:
        encodings - tokenized text (input_ids, attention_mask)
        labels - corresponding sentiment labels (0 = negative, 1 = positive)
        """
        self.encodings = encodings
        self.labels = labels

    def __getitem__(self, idx):
        """
        Retrieves a single data sample at index 'idx'

        - Converts tokenized inputs into PyTorch tensors
        - Attaches the corresponding label
        - This format is required by HuggingFace Trainer
        """

        # Convert each encoding (input_ids, attention_mask) into tensors
        item = {key: torch.tensor(val[idx]) for key, val in self.encodings.items()}

        # Add the label to the item dictionary
        item["labels"] = torch.tensor(self.labels[idx])

        return item

    def __len__(self):
        """
        Returns the total number of samples in the dataset
        This is required for batching and iteration during training
        """
        return len(self.labels)


# ============================================================
# DISTILBERT MODEL INITIALISATION
# ============================================================

from transformers import DistilBertForSequenceClassification

def model_init():
    """
    Initializes the DistilBERT model for sentiment classification.

    - Uses a pre-trained DistilBERT model ('distilbert-base-uncased')
    - Adapts it for a binary classification task (positive vs negative sentiment)
    - This function is used by the HuggingFace Trainer to ensure a fresh model
      is created for each training run (important for fair comparison and tuning)
    """

    return DistilBertForSequenceClassification.from_pretrained(
        "distilbert-base-uncased", # Pre-trained lightweight transformer model
        num_labels=2 # Binary classification (0 = negative, 1 = positive)
    )


# ============================================================
# ULTRA-FAST DISTILBERT HYPERPARAMETER TUNING (FINAL FIXED)
# ============================================================

# Install required libraries (quiet mode avoids unnecessary output)
!pip install transformers datasets torch scikit-learn optuna --quiet

# ----------------------------
# IMPORT LIBRARIES
# ----------------------------
import torch
import numpy as np
from datasets import load_dataset
from transformers import (
    DistilBertTokenizerFast,
    DistilBertForSequenceClassification,
    TrainingArguments,
    Trainer
)
from sklearn.metrics import accuracy_score, precision_recall_fscore_support

# ----------------------------
# DEVICE CONFIGURATION
# ----------------------------
# Automatically selects GPU if available, otherwise falls back to CPU
# This ensures faster training when CUDA is available
device = "cuda" if torch.cuda.is_available() else "cpu"
print("Using device:", device)

# ----------------------------
# LOAD DATA (FAST SUBSET)
# ----------------------------
# Load IMDb dataset from HuggingFace
# A smaller subset is used to significantly reduce training time
dataset = load_dataset("imdb")

# Shuffle and select a subset (6000 samples) for efficiency
train_data = dataset["train"].shuffle(seed=42).select(range(6000))

# Split into training and validation sets (90% train / 10% validation)
split = train_data.train_test_split(test_size=0.1)

train_dataset = split["train"]
val_dataset = split["test"]

# ----------------------------
# TOKENIZATION
# ----------------------------
# Load DistilBERT tokenizer (converts text into numerical input for the model)
tokenizer = DistilBertTokenizerFast.from_pretrained("distilbert-base-uncased")

def tokenize(batch):
    """
    Tokenizes text data:
    - Truncates long reviews to 128 tokens
    - Pads shorter sequences to ensure consistent input size
    """
    return tokenizer(batch["text"], truncation=True, padding="max_length", max_length=128)

# Apply tokenization to datasets
train_dataset = train_dataset.map(tokenize, batched=True)
val_dataset = val_dataset.map(tokenize, batched=True)

# Convert dataset format to PyTorch tensors for model compatibility
train_dataset.set_format(type="torch", columns=["input_ids", "attention_mask", "label"])
val_dataset.set_format(type="torch", columns=["input_ids", "attention_mask", "label"])

# ----------------------------
# MODEL INITIALISATION
# ----------------------------
def model_init():
    """
    Initializes DistilBERT for binary sentiment classification.

    - Uses pre-trained 'distilbert-base-uncased'
    - Fine-tuned for 2 classes (positive / negative)
    - Required for hyperparameter tuning to reset model each trial
    """
    return DistilBertForSequenceClassification.from_pretrained(
        "distilbert-base-uncased",
        num_labels=2
    )

# ----------------------------
# EVALUATION METRICS
# ----------------------------
def compute_metrics(eval_pred):
    """
    Computes evaluation metrics:
    - Accuracy: overall correctness
    - F1-score: balance between precision and recall (important for classification tasks)
    """
    logits, labels = eval_pred
    preds = np.argmax(logits, axis=1)

    precision, recall, f1, _ = precision_recall_fscore_support(
        labels, preds, average="binary", zero_division=0
    )
    acc = accuracy_score(labels, preds)

    return {"accuracy": acc, "f1": f1}

# ----------------------------
# TRAINING ARGUMENTS
# ----------------------------
# Defines how the model will be trained
training_args = TrainingArguments(
    output_dir="./results", # Directory to store results
    eval_strategy="epoch", # Evaluate after each epoch
    save_strategy="no", # Disable checkpoint saving (faster)
    logging_steps=200, # Log progress every 200 steps
    per_device_train_batch_size=32, # Training batch size
    per_device_eval_batch_size=32, # Evaluation batch size
    num_train_epochs=2, # Number of training epochs
    fp16=torch.cuda.is_available(), # Enable mixed precision if GPU available
    report_to="none" # Disable external logging (e.g., WandB)
)




# ----------------------------
# TRAINER SETUP
# ----------------------------
# HuggingFace Trainer handles the full training pipeline
trainer = Trainer(
    model_init=model_init,
    args=training_args,
    train_dataset=train_dataset,
    eval_dataset=val_dataset,
    compute_metrics=compute_metrics
)

# ----------------------------
# HYPERPARAMETER SEARCH SPACE
# ----------------------------
def hp_space(trial):
    """
    Defines the search space for hyperparameter tuning using Optuna:

    - learning_rate: controls how fast the model learns
    - batch_size: affects training stability and speed
    - epochs: number of full passes over the dataset
    """
    return {
        "learning_rate": trial.suggest_float("learning_rate", 2e-5, 5e-5, log=True),
        "per_device_train_batch_size": trial.suggest_categorical("per_device_train_batch_size", [16, 32]),
        "num_train_epochs": trial.suggest_int("num_train_epochs", 1, 2)
    }

# ----------------------------
# RUN HYPERPARAMETER OPTIMISATION
# ----------------------------
# Performs a small number of trials for fast experimentation
best_run = trainer.hyperparameter_search(
    direction="maximize", # Maximise performance (accuracy/F1)
    backend="optuna", # Optuna optimisation framework
    hp_space=hp_space,
    n_trials=3 # Small number for speed
)

# Display best hyperparameters found
print("\nBest Hyperparameters:")
print(best_run.hyperparameters)


# ============================================================
# ULTRA-FAST DISTILBERT TRAINER (GPU OPTIMISED)
# ============================================================

# Install required libraries (quiet mode reduces unnecessary output)
!pip install transformers datasets torch scikit-learn --quiet

# ------------------------------
# IMPORT LIBRARIES
# ------------------------------
import torch
import numpy as np
from datasets import load_dataset
from transformers import (
    DistilBertTokenizerFast,
    DistilBertForSequenceClassification,
    Trainer,
    TrainingArguments,
    DataCollatorWithPadding
)
from sklearn.metrics import accuracy_score

# ------------------------------
# DEVICE CONFIGURATION
# ------------------------------
# Automatically selects GPU (CUDA) if available for faster computation
device = torch.device("cuda" if torch.cuda.is_available() else "cpu")
print("Using device:", device)

# ------------------------------
# LOAD DATASET (FAST SUBSET)
# ------------------------------
# Load IMDb dataset and reduce size to improve training speed
dataset = load_dataset("imdb")

# Speed optimisation: use smaller subsets instead of full dataset
train_dataset = dataset["train"].shuffle(seed=42).select(range(8000))
test_dataset = dataset["test"].shuffle(seed=42).select(range(2000))

# ------------------------------
# TOKENISATION (FAST)
# ------------------------------
# Load pre-trained DistilBERT tokenizer
tokenizer = DistilBertTokenizerFast.from_pretrained("distilbert-base-uncased")

def tokenize_function(examples):
    """
    Converts raw text into token IDs required by the model.

    - Truncation ensures long reviews are cut to model limits
    - Padding is handled dynamically later for efficiency
    """
    return tokenizer(examples["text"], truncation=True)

# Apply fast batched tokenisation
train_dataset = train_dataset.map(tokenize_function, batched=True)
test_dataset = test_dataset.map(tokenize_function, batched=True)

# ------------------------------
# DYNAMIC PADDING (OPTIMISATION)
# ------------------------------
# Pads sequences dynamically within each batch instead of fixed max length
# This significantly reduces memory usage and improves training speed
data_collator = DataCollatorWithPadding(tokenizer=tokenizer)

# Convert datasets into PyTorch tensor format
train_dataset.set_format(type="torch", columns=["input_ids", "attention_mask", "label"])
test_dataset.set_format(type="torch", columns=["input_ids", "attention_mask", "label"])

# ------------------------------
# MODEL INITIALISATION
# ------------------------------
# Load pre-trained DistilBERT and adapt for binary classification
model = DistilBertForSequenceClassification.from_pretrained(
    "distilbert-base-uncased",
    num_labels=2 # Binary sentiment classification (0 = negative, 1 = positive)
).to(device) # Move model to GPU if available

# ------------------------------
# EVALUATION METRICS
# ------------------------------
def compute_metrics(eval_pred):
    """
    Computes model performance:

    - Accuracy is used as the primary evaluation metric
    - Measures overall correctness of predictions
    """
    logits, labels = eval_pred
    preds = np.argmax(logits, axis=1)
    return {"accuracy": accuracy_score(labels, preds)}

# ------------------------------
# TRAINING ARGUMENTS (ULTRA-FAST CONFIG)
# ------------------------------
training_args = TrainingArguments(
    output_dir="./results",

    # ⚡ Speed-focused settings
    num_train_epochs=2, # Small number of epochs for faster training
    per_device_train_batch_size=32, # Larger batch size for efficiency
    per_device_eval_batch_size=32,
    learning_rate=2e-5, # Standard fine-tuning learning rate

    # ⚡ GPU optimisation
    fp16=torch.cuda.is_available(), # Mixed precision for faster GPU performance

    # ⚡ Reduce overhead
    save_strategy="no", # Disable checkpoint saving
    logging_steps=200, # Log progress periodically

    # Compatibility with different transformer versions
    eval_strategy="epoch",

    report_to="none" # Disable external logging tools
)

# ------------------------------
# TRAINER SETUP
# ------------------------------
# HuggingFace Trainer simplifies the full training pipeline
trainer = Trainer(
    model=model,
    args=training_args,
    train_dataset=train_dataset,
    eval_dataset=test_dataset,
    compute_metrics=compute_metrics,
    data_collator=data_collator # Enables efficient dynamic padding
)

# ------------------------------
# MODEL TRAINING
# ------------------------------
# Fine-tunes DistilBERT on the IMDb dataset
trainer.train()

# ------------------------------
# MODEL EVALUATION
# ------------------------------
# Evaluates model performance on the test dataset
results = trainer.evaluate()
print(results)












# ======================================
# ROC CURVE + PRECISION-RECALL CURVE
# DISTILBERT
# ======================================

# ------------------------------
# IMPORT LIBRARIES
# ------------------------------
import torch
import numpy as np
from sklearn.metrics import roc_curve, auc, precision_recall_curve
import matplotlib.pyplot as plt

# ------------------------------
# SELECT DATASET
# ------------------------------
# Use the test dataset for evaluation to measure generalisation performance
# Ensure 'test_dataset' is preprocessed and formatted correctly
eval_data = test_dataset

# ------------------------------
# GENERATE PREDICTIONS
# ------------------------------
# Use the trained model to generate predictions on the evaluation dataset
predictions = trainer.predict(eval_data)

# Extract raw model outputs (logits) and true labels
logits = predictions.predictions
y_true = predictions.label_ids

# ------------------------------
# CONVERT LOGITS → PROBABILITIES
# ------------------------------
# Transformer models output logits, which must be converted to probabilities
# Softmax ensures values are between 0 and 1 and sum to 1
logits_tensor = torch.tensor(logits)

# Handle GPU/CPU compatibility and convert to NumPy
probs = torch.softmax(logits_tensor, dim=1).cpu().numpy()

# Extract probability of the positive class (class 1)
y_probs = probs[:, 1]

# ------------------------------
# ROC CURVE
# ------------------------------
# ROC curve evaluates the trade-off between True Positive Rate and False Positive Rate
fpr, tpr, _ = roc_curve(y_true, y_probs)

# Compute Area Under the Curve (AUC)
# A higher AUC indicates better model discrimination ability
roc_auc = auc(fpr, tpr)

# Plot ROC Curve
plt.figure()
plt.plot(fpr, tpr, label=f"DistilBERT (AUC = {roc_auc:.3f})")

# Diagonal line represents random classifier baseline
plt.plot([0, 1], [0, 1], linestyle="--")

plt.xlabel("False Positive Rate")
plt.ylabel("True Positive Rate")
plt.title("ROC Curve - DistilBERT")
plt.legend()
plt.grid()
plt.show()

# ------------------------------
# PRECISION-RECALL CURVE
# ------------------------------
# Precision-Recall curve is particularly useful for imbalanced datasets
# It shows the trade-off between precision and recall
precision, recall, _ = precision_recall_curve(y_true, y_probs)

# Plot Precision-Recall Curve
plt.figure()
plt.plot(recall, precision, label="DistilBERT")

plt.xlabel("Recall")
plt.ylabel("Precision")
plt.title("Precision-Recall Curve - DistilBERT")
plt.legend()
plt.grid()
plt.show()


# ============================================
# DISTILBERT CONFUSION MATRICES
# ============================================

import numpy as np
import matplotlib.pyplot as plt
from sklearn.metrics import confusion_matrix, ConfusionMatrixDisplay
from transformers import Trainer # Needed for type checking / accessing trainer object

# ------------------------------
# GET PREDICTIONS (SAFE)
# ------------------------------
# Attempt to retrieve the trained DistilBERT trainer and test dataset from global scope.
# This ensures the code can run without manually passing objects and avoids errors.
current_trainer = globals().get('trainer')
current_test_dataset = globals().get('test_dataset')

# Error handling: If trainer or test dataset are not found, notify the user and stop execution.
if current_trainer is None:
    print("Error: DistilBERT trainer object not found. Please ensure the 'ULTRA-FAST DISTILBERT TRAINER' cell has been executed.")
    raise NameError("trainer object not found.")

if current_test_dataset is None:
    print("Error: DistilBERT test_dataset not found. Please ensure the 'ULTRA-FAST DISTILBERT TRAINER' cell has been executed.")
    raise NameError("test_dataset object not found.")

# ------------------------------
# PREDICTIONS EXTRACTION
# ------------------------------
# Generate model predictions using the trainer on the test dataset.
# preds.predictions contains raw logits; preds.label_ids contains true labels.
preds = current_trainer.predict(current_test_dataset)

# True labels
y_true = preds.label_ids

# Predicted labels (using argmax to convert logits to class indices)
# Here, we use the same predictions for 'before' and 'after' as only one model instance exists.
y_pred_before = np.argmax(preds.predictions, axis=1)
y_pred_after = np.argmax(preds.predictions, axis=1) # Placeholder for demonstration



# ------------------------------
# CREATE CONFUSION MATRICES
# ------------------------------
# Compute confusion matrices for before and after tuning scenarios.
# Confusion matrix shows:
# - True Positives (TP)
# - True Negatives (TN)
# - False Positives (FP)
# - False Negatives (FN)
cm_before = confusion_matrix(y_true, y_pred_before)
cm_after = confusion_matrix(y_true, y_pred_after)

# ------------------------------
# PLOT SIDE-BY-SIDE
# ------------------------------
# Display both confusion matrices for comparison
# Even though the same predictions are used here, the structure allows easy extension
# if distinct 'before' and 'after' models are trained.
fig, axes = plt.subplots(1, 2, figsize=(12, 5))

# Plot confusion matrix for 'before' scenario
disp1 = ConfusionMatrixDisplay(confusion_matrix=cm_before)
disp1.plot(ax=axes[0], colorbar=False)
axes[0].set_title("DistilBERT (Current Model)") # Title reflects current model

# Plot confusion matrix for 'after' scenario
disp2 = ConfusionMatrixDisplay(confusion_matrix=cm_after)
disp2.plot(ax=axes[1], colorbar=False)
axes[1].set_title("DistilBERT (Current Model)") # Same here

plt.tight_layout()
plt.show()


# ============================================================
# CONFUSION MATRIX - DISTILBERT
# ============================================================

import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.metrics import confusion_matrix

# ------------------------------
# SAFE PREDICTIONS
# ------------------------------
# Generate predictions using the trained DistilBERT trainer on the test dataset.
# Ensure that 'test_dataset' is defined and corresponds to your evaluation dataset.
preds = trainer.predict(test_dataset)

# Extract true labels and predicted labels
y_true = preds.label_ids # True class labels
y_pred_bert = np.argmax(preds.predictions, axis=1) # Convert logits to predicted class indices

# ------------------------------
# COMPUTE CONFUSION MATRIX
# ------------------------------
# The confusion matrix summarizes classification performance:
# - True Positives (TP)
# - True Negatives (TN)
# - False Positives (FP)
# - False Negatives (FN)
cm = confusion_matrix(y_true, y_pred_bert)



# ------------------------------
# PLOT HEATMAP
# ------------------------------
# Display the confusion matrix as a heatmap for easier interpretation
# 'annot=True' adds the counts on the heatmap, 'fmt="d"' formats as integers
# 'cmap="Greens"' provides a visually clear color scale
plt.figure(figsize=(6, 5))
sns.heatmap(cm, annot=True, fmt="d", cmap="Greens", cbar=False)
plt.title("Confusion Matrix - DistilBERT") # Title clearly indicates the model
plt.xlabel("Predicted") # X-axis: predicted labels
plt.ylabel("Actual") # Y-axis: true labels
plt.tight_layout()
plt.show()



# ========================================
# SMALL SUBSET FOR FAST ROBERTA TRAINING
# ========================================

# To reduce training time for demonstration or initial testing,
# we take a small subset of the original IMDb dataset.
small_train = train_dataset.shuffle(seed=42).select(range(5000)) # 5,000 training samples
small_test = test_dataset.shuffle(seed=42).select(range(2000)) # 2,000 test samples

# =======================
# TOKENIZER - ROBERTA
# =======================
# Load the pre-trained Roberta tokenizer to convert text into token IDs
from transformers import RobertaTokenizerFast

tokenizer = RobertaTokenizerFast.from_pretrained("roberta-base")

# Tokenization function:
# - Pads/truncates sequences to a fixed length (max_length=256)
# - Converts text into input IDs and attention masks
def tokenize_function(example):
    return tokenizer(
        example["text"],
        padding="max_length", # ensures uniform sequence length
        truncation=True, # truncate longer sequences
        max_length=256 # maximum token length for this model
    )

# Apply tokenization to training and test subsets
small_train = small_train.map(tokenize_function, batched=True)
small_test = small_test.map(tokenize_function, batched=True)

# Set format for PyTorch tensors, specifying which columns to use
small_train.set_format(type="torch", columns=["input_ids", "attention_mask", "label"])
small_test.set_format(type="torch", columns=["input_ids", "attention_mask", "label"])

# ======================
# ROBERTA MODEL INITIALIZATION
# ======================
# Load the pre-trained Roberta model for sequence classification.
# The model is configured for binary classification (num_labels=2)
from transformers import RobertaForSequenceClassification

def model_init():
    return RobertaForSequenceClassification.from_pretrained(
        "roberta-base", # base pre-trained model
        num_labels=2 # binary classification: positive/negative sentiment
    )


# ===========================
# ROBERTA EVALUATION METRICS
# ===========================

import numpy as np
from sklearn.metrics import accuracy_score, precision_recall_fscore_support

# Define a function to compute evaluation metrics during training or testing.
# This will be passed to the Trainer object to automatically evaluate the model.
def compute_metrics(eval_pred):
    """
    Computes key classification metrics for binary sentiment analysis:
    - Accuracy: proportion of correct predictions
    - F1 score: harmonic mean of precision and recall
    - Precision: proportion of predicted positives that are correct
    - Recall: proportion of actual positives correctly predicted
    """

    logits, labels = eval_pred # Unpack logits and true labels
    preds = np.argmax(logits, axis=1) # Convert logits to predicted class indices

    # Compute precision, recall, F1 score for the positive class
    precision, recall, f1, _ = precision_recall_fscore_support(
        labels, preds, average='binary'
    )

    # Compute overall accuracy
    acc = accuracy_score(labels, preds)

    # Return metrics in a dictionary format expected by Hugging Face Trainer
    return {"accuracy": acc, "f1": f1}



# ========================
# ROBERTA BEFORE TUNING - ULTRA FAST
# ========================

# Install necessary libraries quietly
!pip install transformers datasets torch scikit-learn --quiet

# ------------------------------
# IMPORTS
# ------------------------------
import torch
from transformers import RobertaTokenizerFast, RobertaForSequenceClassification, Trainer, TrainingArguments
import numpy as np
from sklearn.metrics import accuracy_score, precision_recall_fscore_support

# ------------------------------
# DEVICE CONFIGURATION
# ------------------------------
# Automatically use GPU if available; otherwise CPU
device = torch.device("cuda" if torch.cuda.is_available() else "cpu")
print("Using device:", device)

# ------------------------------
# FAST SAMPLE DATA (SMALL SUBSET)
# ------------------------------
# Using a small subset for ultra-fast training/testing
from datasets import load_dataset
dataset = load_dataset("imdb")

# 4,000 training samples and 1,000 test samples
small_train = dataset["train"].shuffle(seed=42).select(range(4000))
small_test = dataset["test"].shuffle(seed=42).select(range(1000))

# ------------------------------
# TOKENIZER
# ------------------------------
# Roberta tokenizer converts text into input IDs & attention masks
tokenizer = RobertaTokenizerFast.from_pretrained("roberta-base")

def tokenize_function(examples):
    """
    Tokenizes a batch of examples:
    - truncation ensures sequences longer than max_length are cut
    - padding ensures all sequences in batch have same length
    """
    return tokenizer(
        examples["text"],
        truncation=True,
        padding="max_length",
        max_length=128
    )

# Apply tokenization to training and test subsets
small_train = small_train.map(tokenize_function, batched=True)
small_test = small_test.map(tokenize_function, batched=True)

# Format datasets for PyTorch
small_train.set_format(type="torch", columns=["input_ids", "attention_mask", "label"])
small_test.set_format(type="torch", columns=["input_ids", "attention_mask", "label"])

# ------------------------------
# MODEL INITIALIZATION
# ------------------------------
# Returns a new Roberta model for sequence classification
# Configured for binary sentiment classification
def model_init():
    return RobertaForSequenceClassification.from_pretrained(
        "roberta-base",
        num_labels=2
    ).to(device)

# ------------------------------
# METRICS FUNCTION
# ------------------------------
def compute_metrics(eval_pred):
    """
    Computes evaluation metrics for each batch during training:
    - Accuracy
    - F1 score
    - Precision
    - Recall
    """
    logits, labels = eval_pred
    preds = np.argmax(logits, axis=1) # Convert logits to class predictions
    precision, recall, f1, _ = precision_recall_fscore_support(
        labels, preds, average="binary", zero_division=0
    )
    acc = accuracy_score(labels, preds)
    return {"accuracy": acc, "f1": f1, "precision": precision, "recall": recall}

# ------------------------------
# TRAINING ARGUMENTS (ULTRA FAST)
# ------------------------------
# Optimized for speed:
# - 1 epoch, small batch size, no checkpoint saving, mixed precision if GPU
args_before = TrainingArguments(
    output_dir="./roberta_before",
    learning_rate=5e-5, # baseline learning rate
    per_device_train_batch_size=16, # larger batch = faster training
    per_device_eval_batch_size=16,
    num_train_epochs=1, # ultra-fast, minimal epochs
    eval_strategy="epoch", # evaluate after each epoch
    save_strategy="no", # skip saving checkpoints
    logging_steps=100, # log progress every 100 steps
    fp16=torch.cuda.is_available(), # use mixed precision if GPU available
    report_to="none" # disables WandB/other logging
)

# ------------------------------
# TRAINER INITIALIZATION
# ------------------------------
trainer_before = Trainer(
    model_init=model_init, # model to train
    args=args_before, # training arguments
    train_dataset=small_train, # training subset
    eval_dataset=small_test, # evaluation subset
    compute_metrics=compute_metrics # metrics to evaluate
)

# ------------------------------
# TRAIN AND EVALUATE
# ------------------------------
trainer_before.train() # Train the model on the small subset
results_before = trainer_before.evaluate() # Evaluate on test subset
print("RoBERTa BEFORE tuning:", results_before)



# ==========================================
# ROBERTA AFTER TUNING - ULTRA FAST
# ==========================================

# Upgrade transformers to latest version quietly
!pip install --upgrade transformers --quiet

# ------------------------------
# IMPORTS
# ------------------------------
from transformers import TrainingArguments, Trainer, RobertaForSequenceClassification
import torch
import numpy as np
from sklearn.metrics import accuracy_score, precision_recall_fscore_support

# ------------------------------
# DEVICE CONFIGURATION
# ------------------------------
# Automatically use GPU if available; otherwise CPU
device = torch.device("cuda" if torch.cuda.is_available() else "cpu")
print("Using device:", device)

# ------------------------------
# MODEL INITIALIZATION
# ------------------------------
# Load pretrained Roberta-base model for binary classification
model = RobertaForSequenceClassification.from_pretrained(
    "roberta-base",
    num_labels=2
).to(device)

# ------------------------------
# METRICS FUNCTION
# ------------------------------
def compute_metrics(eval_pred):
    """
    Computes evaluation metrics for each batch:
    - Accuracy: overall correct predictions
    - F1 score: balance between precision and recall
    - Precision: correct positive predictions / all positive predictions
    - Recall: correct positive predictions / all actual positives
    """
    logits, labels = eval_pred
    preds = np.argmax(logits, axis=1) # Convert logits to predicted class
    precision, recall, f1, _ = precision_recall_fscore_support(
        labels, preds, average="binary", zero_division=0
    )
    acc = accuracy_score(labels, preds)
    return {"accuracy": acc, "f1": f1, "precision": precision, "recall": recall}

# ------------------------------
# TRAINING ARGUMENTS
# ------------------------------
# Faster training with small subset:
# - 2 epochs
# - batch size 16
# - logging every 100 steps
# Note: old style arguments used to avoid issues with older transformer versions
training_args = TrainingArguments(
    output_dir="./roberta_after",
    learning_rate=2e-5, # tuned learning rate
    per_device_train_batch_size=16, # batch size for faster training
    per_device_eval_batch_size=16,
    num_train_epochs=2, # slightly longer for tuning
    logging_dir="./logs", # logs folder
    logging_steps=100 # log progress every 100 steps
    # ⚠ Do not include evaluation_strategy, save_strategy, fp16, load_best_model_at_end
)

# ------------------------------
# TRAINER INITIALIZATION
# ------------------------------
trainer = Trainer(
    model=model, # Roberta model
    args=training_args, # training arguments
    train_dataset=small_train, # small subset for training
    eval_dataset=small_test, # small subset for evaluation
    compute_metrics=compute_metrics # metrics function
)

# ------------------------------
# TRAIN AND EVALUATE
# ------------------------------
trainer.train() # Start training on small subset
results = trainer.evaluate() # Evaluate model on test subset
print("RoBERTa AFTER tuning:", results)



# ==========================================
# ROBERTA AFTER TUNING - ULTRA-FAST VERSION
# ==========================================

# ------------------------------
# IMPORTS
# ------------------------------
from transformers import Trainer, TrainingArguments, RobertaForSequenceClassification
import torch
import numpy as np
from sklearn.metrics import accuracy_score, precision_recall_fscore_support




# ------------------------------
# DEVICE CONFIGURATION
# ------------------------------
# Use GPU if available, otherwise CPU
device = torch.device("cuda" if torch.cuda.is_available() else "cpu")
print("Using device:", device)

# ------------------------------
# MODEL INITIALIZATION
# ------------------------------
# Load Roberta-base for sequence classification with 2 classes
trainer_after_model = RobertaForSequenceClassification.from_pretrained(
    "roberta-base",
    num_labels=2
).to(device)

# ------------------------------
# TRAINING ARGUMENTS
# ------------------------------
# Ultra-fast setup for small subset training
training_args_after = TrainingArguments(
    output_dir="./roberta_after", # folder to save outputs
    learning_rate=2e-5, # tuned learning rate
    per_device_train_batch_size=16, # batch size for training
    per_device_eval_batch_size=16, # batch size for evaluation
    num_train_epochs=1, # only 1 epoch for ultra-fast demo
    logging_dir="./logs" # directory for logs
    # ⚠ Avoid complex args like fp16, evaluation_strategy for simplicity
)

# ------------------------------
# METRICS FUNCTION
# ------------------------------
def compute_metrics(eval_pred):
    """
    Compute accuracy for evaluation.
    Can be expanded later to include F1, precision, recall.
    """
    logits, labels = eval_pred
    preds = np.argmax(logits, axis=1)
    acc = accuracy_score(labels, preds)
    return {"accuracy": acc}

# ------------------------------
# TRAINER INITIALIZATION
# ------------------------------
trainer_after = Trainer(
    model=trainer_after_model, # Roberta model
    args=training_args_after, # training parameters
    train_dataset=small_train, # small training subset
    eval_dataset=small_test, # small test subset
    compute_metrics=compute_metrics # metrics function
)

# ------------------------------
# TRAINING
# ------------------------------
# Start training process
trainer_after.train()








# ============================================
# ROC Curve + Precision-Recall Curve (RoBERTa)
# ============================================

import numpy as np
import matplotlib.pyplot as plt
from sklearn.metrics import roc_curve, auc, precision_recall_curve, average_precision_score

# Ensure trainer_after and small_test are available from previous cells
# If this cell is run independently, these might need to be re-initialized or passed
# For this fix, we assume they are available from the RoBERTa AFTER TUNING cell.

# ------------------------------
# GET PREDICTIONS
# ------------------------------
# Use the logits from the 'after tuning' predictions
preds_roberta_after = trainer_after.predict(small_test)
logits = preds_roberta_after.predictions

# ------------------------------
# CONVERT LOGITS TO PROBABILITIES
# ------------------------------
# Softmax to get probability distribution over classes
probs = np.exp(logits) / np.sum(np.exp(logits), axis=1, keepdims=True)

# Extract probability for positive class (label=1)
y_scores = probs[:, 1]

# True labels for evaluation
y_true = preds_roberta_after.label_ids

# ------------------------------
# ROC CURVE CALCULATION
# ------------------------------
fpr, tpr, _ = roc_curve(y_true, y_scores) # False positive & true positive rates
roc_auc = auc(fpr, tpr) # Area under the ROC curve

# ------------------------------
# PRECISION-RECALL CURVE CALCULATION
# ------------------------------
precision, recall, _ = precision_recall_curve(y_true, y_scores) # precision & recall values
pr_auc = average_precision_score(y_true, y_scores) # Average precision (AP) score

# ------------------------------
# PLOT SIDE-BY-SIDE
# ------------------------------
fig, axes = plt.subplots(1, 2, figsize=(12, 5))

# ROC Curve
axes[0].plot(fpr, tpr, color="blue", lw=2)
axes[0].plot([0, 1], [0, 1], linestyle='--', color="gray") # random classifier line
axes[0].set_title(f"RoBERTa ROC Curve (AUC = {roc_auc:.4f})")
axes[0].set_xlabel("False Positive Rate")
axes[0].set_ylabel("True Positive Rate")
axes[0].grid(True)

# Precision-Recall Curve
axes[1].plot(recall, precision, color="green", lw=2)
axes[1].set_title(f"RoBERTa Precision-Recall Curve (AP = {pr_auc:.4f})")
axes[1].set_xlabel("Recall")
axes[1].set_ylabel("Precision")
axes[1].grid(True)

# Adjust layout and display
plt.tight_layout()
plt.show()

# =====================
# CONFUSION MATRICES WITH COUNTS (ROBERTA)
# =====================

import matplotlib.pyplot as plt
from sklearn.metrics import confusion_matrix
import numpy as np
import torch

# ------------------------------
# IMPORT REQUIRED LIBRARIES
# ------------------------------
# Re-importing ensures this block runs independently
from datasets import load_dataset
from transformers import RobertaTokenizerFast, RobertaForSequenceClassification, Trainer, TrainingArguments
from sklearn.metrics import accuracy_score, precision_recall_fscore_support

# --------------------------------------------------------------------------
# 1. PREPARE CONSISTENT TEST DATASET
# --------------------------------------------------------------------------
# Load IMDb dataset and create a fixed subset for reproducibility
dataset = load_dataset("imdb")
original_test_dataset = dataset["test"].shuffle(seed=42)

# Select a subset for faster evaluation (consistent across models)
small_test = original_test_dataset.select(range(2000))

# Extract true labels
y_true = np.array(small_test["label"])

# --------------------------------------------------------------------------
# 2. TOKENIZER AND PREPROCESSING
# --------------------------------------------------------------------------
# Load RoBERTa tokenizer
tokenizer = RobertaTokenizerFast.from_pretrained("roberta-base")

def tokenize_function_roberta(examples):
    """
    Tokenizes text data:
    - Truncates long reviews
    - Pads to fixed length for batch processing
    """
    return tokenizer(
        examples["text"],
        truncation=True,
        padding="max_length",
        max_length=128
    )

# Apply tokenization
small_test_tokenized_roberta = small_test.map(tokenize_function_roberta, batched=True)

# Convert dataset into PyTorch format
small_test_tokenized_roberta.set_format(
    type="torch",
    columns=["input_ids", "attention_mask", "label"]
)







# --------------------------------------------------------------------------
# 3. MODEL INITIALIZATION FUNCTION
# --------------------------------------------------------------------------
def model_init():
    """
    Loads a fresh RoBERTa model for binary sentiment classification
    """
    return RobertaForSequenceClassification.from_pretrained(
        "roberta-base",
        num_labels=2
    ).to(device)

# --------------------------------------------------------------------------
# 4. ROBERTA BEFORE TUNING
# --------------------------------------------------------------------------
# Configure device (GPU if available)
device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

# Baseline training arguments
args_before = TrainingArguments(
    output_dir="./roberta_before_temp",
    learning_rate=5e-5, # baseline learning rate
    per_device_train_batch_size=16,
    per_device_eval_batch_size=16,
    num_train_epochs=1, # fast training
    eval_strategy="no",
    save_strategy="no",
    report_to="none"
)

# Trainer for baseline model
trainer_before = Trainer(
    model_init=model_init,
    args=args_before,
    train_dataset=small_test_tokenized_roberta.select(range(500)), # tiny subset for speed
    eval_dataset=small_test_tokenized_roberta,
    compute_metrics=lambda p: {
        "accuracy": accuracy_score(
            p.label_ids,
            np.argmax(p.predictions, axis=1)
        )
    }
)

# Generate predictions (no full training required for speed)
preds_roberta_before = trainer_before.predict(small_test_tokenized_roberta)
y_pred_before = np.argmax(preds_roberta_before.predictions, axis=1)

# --------------------------------------------------------------------------
# 5. ROBERTA AFTER TUNING
# --------------------------------------------------------------------------
# Tuned training arguments
args_after = TrainingArguments(
    output_dir="./roberta_after_temp",
    learning_rate=2e-5, # tuned learning rate
    per_device_train_batch_size=16,
    per_device_eval_batch_size=16,
    num_train_epochs=1, # still fast for comparison
    eval_strategy="no",
    save_strategy="no",
    report_to="none"
)

# Trainer for tuned model
trainer_after = Trainer(
    model_init=model_init,
    args=args_after,
    train_dataset=small_test_tokenized_roberta.select(range(500)), # same subset for fairness
    eval_dataset=small_test_tokenized_roberta,
    compute_metrics=lambda p: {
        "accuracy": accuracy_score(
            p.label_ids,
            np.argmax(p.predictions, axis=1)
        )
    }
)

# Generate predictions
preds_roberta_after = trainer_after.predict(small_test_tokenized_roberta)
y_pred_after = np.argmax(preds_roberta_after.predictions, axis=1)

# --------------------------------------------------------------------------
# 6. COMPUTE CONFUSION MATRICES
# --------------------------------------------------------------------------
# Compare actual vs predicted labels
cm_before = confusion_matrix(y_true, y_pred_before)
cm_after = confusion_matrix(y_true, y_pred_after)

# --------------------------------------------------------------------------
# 7. VISUALIZATION FUNCTION
# --------------------------------------------------------------------------
def plot_cm(cm, ax, title, labels=["Negative", "Positive"], cmap=plt.cm.Blues):
    """
    Plots a confusion matrix with:
    - Color intensity representing frequency
    - Exact counts displayed inside each cell
    """
    im = ax.imshow(cm, interpolation='nearest', cmap=cmap)
    ax.set_title(title)

    # Axis labels
    ax.set_xticks(np.arange(len(labels)))
    ax.set_yticks(np.arange(len(labels)))
    ax.set_xticklabels(labels)
    ax.set_yticklabels(labels)
    ax.set_ylabel("True label")
    ax.set_xlabel("Predicted label")

    # Add count values inside each cell
    for i in range(cm.shape[0]):
        for j in range(cm.shape[1]):
            ax.text(
                j, i,
                format(cm[i, j], 'd'),
                ha="center",
                va="center",
                color="white" if cm[i, j] > cm.max()/2 else "black"
            )

# --------------------------------------------------------------------------
# 8. PLOT SIDE-BY-SIDE COMPARISON
# --------------------------------------------------------------------------
# Compare BEFORE vs AFTER tuning visually
fig, axes = plt.subplots(1, 2, figsize=(12, 5))

plot_cm(cm_before, axes[0], "RoBERTa BEFORE Tuning", cmap=plt.cm.Blues)
plot_cm(cm_after, axes[1], "RoBERTa AFTER Tuning", cmap=plt.cm.Greens)

# Adjust layout and display
plt.tight_layout()
plt.show()

# ============================================================
# CONFUSION MATRICES COMPARISON (LR vs DistilBERT vs RoBERTa)
# ============================================================

import matplotlib.pyplot as plt
from sklearn.metrics import confusion_matrix
import numpy as np
import pandas as pd
import torch

# ------------------------------
# IMPORT REQUIRED LIBRARIES
# ------------------------------
# Re-import everything so this block runs independently
from datasets import load_dataset
from transformers import (
    DistilBertTokenizerFast, DistilBertForSequenceClassification,
    RobertaTokenizerFast, RobertaForSequenceClassification,
    Trainer, TrainingArguments, DataCollatorWithPadding
)
from sklearn.feature_extraction.text import TfidfVectorizer
from sklearn.linear_model import LogisticRegression
import re
import nltk
from nltk.corpus import stopwords
from nltk.stem import WordNetLemmatizer

# ------------------------------
# ENSURE NLTK RESOURCES
# ------------------------------
# Download stopwords and lemmatizer if not already installed
try:
    nltk.data.find('corpora/stopwords')
except LookupError:
    nltk.download('stopwords')

try:
    nltk.data.find('corpora/wordnet')
except LookupError:
    nltk.download('wordnet')

# ------------------------------
# TEXT PREPROCESSING SETUP
# ------------------------------
stop_words = set(stopwords.words('english'))
lemmatizer = WordNetLemmatizer()

def clean_text(text):
    """
    Cleans raw text by:
    - Lowercasing
    - Removing non-alphabetic characters
    - Removing stopwords
    - Applying lemmatization
    """
    text = text.lower()
    text = re.sub(r'[^a-zA-Z]', ' ', text)
    words = text.split()
    words = [w for w in words if w not in stop_words]
    words = [lemmatizer.lemmatize(w) for w in words]
    return " ".join(words)






# --------------------------------------------------------------------------
# 1. PREPARE CONSISTENT DATASETS
# --------------------------------------------------------------------------
# Load IMDb dataset
dataset = load_dataset("imdb")

# Shuffle to ensure randomness
original_test_dataset = dataset["test"].shuffle(seed=42)
original_train_dataset = dataset["train"].shuffle(seed=42)

# Create small subsets for faster training and fair comparison
small_test = original_test_dataset.select(range(2000))
small_train = original_train_dataset.select(range(1000))

# Convert to DataFrame for Logistic Regression preprocessing
small_test_df = pd.DataFrame(small_test)
small_train_df = pd.DataFrame(small_train)

# Extract true labels
y_true = np.array(small_test["label"])

# --------------------------------------------------------------------------
# 2. LOGISTIC REGRESSION MODEL
# --------------------------------------------------------------------------
# Apply text cleaning
small_test_df['clean_text'] = small_test_df['text'].apply(clean_text)
small_train_df['clean_text'] = small_train_df['text'].apply(clean_text)

# TF-IDF vectorisation
tfidf = TfidfVectorizer(max_features=5000)

# Fit on training data, transform both train and test
X_train_tfidf = tfidf.fit_transform(small_train_df['clean_text'])
X_test_tfidf = tfidf.transform(small_test_df['clean_text'])

# Train Logistic Regression
best_lr = LogisticRegression(max_iter=1000)
best_lr.fit(X_train_tfidf, small_train_df['label'])

# Generate predictions
y_pred_lr = best_lr.predict(X_test_tfidf)

# Get probabilities for LR
y_prob_lr = best_lr.predict_proba(X_test_tfidf)[:, 1]

# --------------------------------------------------------------------------
# 3. DISTILBERT MODEL
# --------------------------------------------------------------------------
device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

# Tokenizer and model
distilbert_tokenizer = DistilBertTokenizerFast.from_pretrained("distilbert-base-uncased")
distilbert_model = DistilBertForSequenceClassification.from_pretrained(
    "distilbert-base-uncased", num_labels=2
).to(device)

def tokenize_function_distilbert(examples):
    """Tokenizes text for DistilBERT"""
    return distilbert_tokenizer(examples["text"], truncation=True)

# Tokenize datasets
small_train_tokenized_distilbert = small_train.map(tokenize_function_distilbert, batched=True)
small_test_tokenized_distilbert = small_test.map(tokenize_function_distilbert, batched=True)

# Convert to PyTorch format
small_train_tokenized_distilbert.set_format(type="torch", columns=["input_ids", "attention_mask", "label"])
small_test_tokenized_distilbert.set_format(type="torch", columns=["input_ids", "attention_mask", "label"])

# Data collator for dynamic padding
data_collator_distilbert = DataCollatorWithPadding(tokenizer=distilbert_tokenizer)

# Training configuration (fast setup)
training_args_distilbert = TrainingArguments(
    output_dir="./distilbert_temp",
    eval_strategy="no",
    save_strategy="no",
    per_device_train_batch_size=16,
    per_device_eval_batch_size=32,
    num_train_epochs=1,
    report_to="none",
    fp16=torch.cuda.is_available()
)

# Trainer
trainer_distilbert = Trainer(
    model=distilbert_model,
    args=training_args_distilbert,
    train_dataset=small_train_tokenized_distilbert,
    eval_dataset=small_test_tokenized_distilbert,
    data_collator=data_collator_distilbert
)

# Train and predict
trainer_distilbert.train()
preds_distilbert = trainer_distilbert.predict(small_test_tokenized_distilbert)
y_pred_distil = np.argmax(preds_distilbert.predictions, axis=1)
y_prob_distil = torch.softmax(torch.tensor(preds_distilbert.predictions), dim=1).cpu().numpy()[:, 1]

# --------------------------------------------------------------------------
# 4. ROBERTA MODEL
# --------------------------------------------------------------------------
roberta_tokenizer = RobertaTokenizerFast.from_pretrained("roberta-base")
roberta_model = RobertaForSequenceClassification.from_pretrained(
    "roberta-base", num_labels=2
).to(device)

def tokenize_function_roberta(examples):
    """Tokenizes text for RoBERTa"""
    return roberta_tokenizer(
        examples["text"],
        truncation=True,
        padding="max_length",
        max_length=128
    )

# Tokenize datasets
small_train_tokenized_roberta = small_train.map(tokenize_function_roberta, batched=True)
small_test_tokenized_roberta = small_test.map(tokenize_function_roberta, batched=True)

small_train_tokenized_roberta.set_format(type="torch", columns=["input_ids", "attention_mask", "label"])
small_test_tokenized_roberta.set_format(type="torch", columns=["input_ids", "attention_mask", "label"])

# Training configuration
training_args_roberta = TrainingArguments(
    output_dir="./roberta_temp",
    eval_strategy="no",
    save_strategy="no",
    per_device_train_batch_size=16,
    per_device_eval_batch_size=32,
    num_train_epochs=1,
    report_to="none",
    fp16=torch.cuda.is_available()
)

# Trainer
trainer_roberta = Trainer(
    model=roberta_model,
    args=training_args_roberta,
    train_dataset=small_train_tokenized_roberta,
    eval_dataset=small_test_tokenized_roberta
)

# Train and predict
trainer_roberta.train()
preds_roberta_after = trainer_roberta.predict(small_test_tokenized_roberta)
y_pred_roberta = np.argmax(preds_roberta_after.predictions, axis=1)
y_prob_roberta = torch.softmax(torch.tensor(preds_roberta_after.predictions), dim=1).cpu().numpy()[:, 1]

# --------------------------------------------------------------------------
# 5. CREATE DF_COMPARE
# --------------------------------------------------------------------------
df_compare = pd.DataFrame({
    'actual': y_true,
    'logreg': y_prob_lr,
    'distilbert': y_prob_distil,
    'roberta': y_prob_roberta
})


# --------------------------------------------------------------------------
# 6. CONFUSION MATRICES
# --------------------------------------------------------------------------
# Compute confusion matrices for all models
cm_lr = confusion_matrix(y_true, y_pred_lr)
cm_distil = confusion_matrix(y_true, y_pred_distil)
cm_roberta = confusion_matrix(y_true, y_pred_roberta)

# --------------------------------------------------------------------------
# 7. VISUALISATION FUNCTION
# --------------------------------------------------------------------------
def plot_cm(cm, ax, title, labels=["Negative", "Positive"], cmap=plt.cm.Blues):
    """
    Displays confusion matrix with:
    - Colour intensity representing frequency
    - Exact counts inside each cell
    """
    im = ax.imshow(cm, interpolation='nearest', cmap=cmap)
    ax.set_title(title)

    ax.set_xticks(np.arange(len(labels)))
    ax.set_yticks(np.arange(len(labels)))
    ax.set_xticklabels(labels)
    ax.set_yticklabels(labels)

    ax.set_ylabel("True label")
    ax.set_xlabel("Predicted label")

    # Add numeric counts
    for i in range(cm.shape[0]):
        for j in range(cm.shape[1]):
            ax.text(
                j, i,
                format(cm[i, j], 'd'),
                ha="center",
                va="center",
                color="white" if cm[i, j] > cm.max()/2 else "black"
            )

# --------------------------------------------------------------------------
# 8. PLOT SIDE-BY-SIDE COMPARISON
# --------------------------------------------------------------------------
fig, axes = plt.subplots(1, 3, figsize=(18, 5))

plot_cm(cm_lr, axes[0], "Logistic Regression", cmap=plt.cm.Oranges)
plot_cm(cm_distil, axes[1], "DistilBERT", cmap=plt.cm.Blues)
plot_cm(cm_roberta, axes[2], "RoBERTa", cmap=plt.cm.Greens)

plt.tight_layout()
plt.show()

# ========================================================================
# ROC CURVE COMPARISON (3 Models)
# =======================================================================

import numpy as np
import matplotlib.pyplot as plt
from sklearn.metrics import roc_curve, auc

# -----------------------------
# Example true labels and predicted probabilities
# Replace these with your real model outputs
# -----------------------------
y_true = [1,0,1,1,0,1,0,0,1,0]

# Simulated predicted probabilities for 3 models
y_prob_logreg = np.clip(np.random.normal(0.85, 0.05, len(y_true)), 0, 1)
y_prob_roberta = np.clip(np.random.normal(0.90, 0.03, len(y_true)), 0, 1)
y_prob_distilbert = np.clip(np.random.normal(0.88, 0.04, len(y_true)), 0, 1)

# -----------------------------
# Compute ROC curves and AUC
# -----------------------------
fpr_logreg, tpr_logreg, _ = roc_curve(y_true, y_prob_logreg)
fpr_roberta, tpr_roberta, _ = roc_curve(y_true, y_prob_roberta)
fpr_distilbert, tpr_distilbert, _ = roc_curve(y_true, y_prob_distilbert)

auc_logreg = auc(fpr_logreg, tpr_logreg)
auc_roberta = auc(fpr_roberta, tpr_roberta)
auc_distilbert = auc(fpr_distilbert, tpr_distilbert)

# -----------------------------
# Plotting
# -----------------------------
plt.figure(figsize=(8,8))
plt.plot(fpr_logreg, tpr_logreg, color='#1f77b4', linewidth=3, label=f'Logistic Regression (AUC = {auc_logreg:.2f})')
plt.plot(fpr_roberta, tpr_roberta, color='#2ca02c', linewidth=3, label=f'RoBERTa (AUC = {auc_roberta:.2f})')
plt.plot(fpr_distilbert, tpr_distilbert, color='#d62728', linewidth=3, label=f'DistilBERT (AUC = {auc_distilbert:.2f})')

# Random guess line
plt.plot([0,1], [0,1], color='gray', linestyle='--', linewidth=1)

# Labels, title, grid
plt.xlabel('False Positive Rate', fontsize=14, fontweight='bold')
plt.ylabel('True Positive Rate', fontsize=14, fontweight='bold')
plt.title('ROC Curve Comparison', fontsize=18, fontweight='bold')
plt.grid(True, linestyle='--', alpha=0.7)

# Legend outside plot
plt.legend(loc='upper left', bbox_to_anchor=(1,1), fontsize=12)

plt.tight_layout()
plt.show()


# ==============================================================================
# MODEL COMPARISON RADAR CHART (3 MODELS)
# ==============================================================================

import numpy as np
import matplotlib.pyplot as plt
from sklearn.metrics import accuracy_score, precision_score, recall_score, f1_score, roc_auc_score

# -----------------------------
# INPUT DATA (REPLACE WITH YOUR REAL RESULTS)
# -----------------------------
# Ground truth labels
y_true = [1, 0, 1, 1, 0, 1, 0, 0, 1, 0]

# Model predictions
y_pred_logreg = [1, 0, 1, 1, 0, 1, 0, 0, 1, 0]
y_pred_roberta = [1, 0, 1, 1, 0, 1, 0, 1, 1, 0]
y_pred_distilbert = [1, 0, 1, 1, 0, 1, 0, 0, 0, 0]

# Predicted probabilities (required for ROC-AUC)
y_prob_logreg = [0.9,0.2,0.8,0.85,0.1,0.95,0.05,0.4,0.88,0.2]
y_prob_roberta = [0.95,0.1,0.9,0.92,0.05,0.98,0.15,0.6,0.9,0.1]
y_prob_distilbert = [0.88,0.2,0.85,0.9,0.1,0.93,0.05,0.3,0.7,0.2]

# -----------------------------
# METRIC COMPUTATION FUNCTION
# -----------------------------
def compute_metrics(y_true, y_pred, y_prob):
    """
    Computes key classification metrics:
    - Accuracy: Overall correctness
    - Precision: Correct positive predictions
    - Recall: Ability to find all positives
    - F1 Score: Balance between precision and recall
    - ROC-AUC: Model's ability to distinguish classes
    """
    acc = accuracy_score(y_true, y_pred)
    prec = precision_score(y_true, y_pred, zero_division=0)
    rec = recall_score(y_true, y_pred, zero_division=0)
    f1 = f1_score(y_true, y_pred, zero_division=0)
    roc = roc_auc_score(y_true, y_prob)
    return [acc, prec, rec, f1, roc]

# -----------------------------
# CALCULATE METRICS FOR EACH MODEL
# -----------------------------
metrics_names = ['Accuracy', 'Precision', 'Recall', 'F1 Score', 'ROC-AUC']

logreg_scores = compute_metrics(y_true, y_pred_logreg, y_prob_logreg)
roberta_scores = compute_metrics(y_true, y_pred_roberta, y_prob_roberta)
distilbert_scores = compute_metrics(y_true, y_pred_distilbert, y_prob_distilbert)

# -----------------------------
# RADAR CHART SETUP
# -----------------------------
num_metrics = len(metrics_names)

# Create evenly spaced angles for each metric
angles = np.linspace(0, 2 * np.pi, num_metrics, endpoint=False).tolist()

# Close the loop (first value repeated at end)
angles += angles[:1]

# Repeat first value for each model to close the radar shape
logreg_scores += logreg_scores[:1]
roberta_scores += roberta_scores[:1]
distilbert_scores += distilbert_scores[:1]

# -----------------------------
# PLOTTING
# -----------------------------
fig, ax = plt.subplots(figsize=(7, 7), subplot_kw=dict(polar=True))

# Plot Logistic Regression
ax.plot(angles, logreg_scores, label='Logistic Regression', linewidth=2, marker='o')
ax.fill(angles, logreg_scores, alpha=0.1)

# Plot RoBERTa
ax.plot(angles, roberta_scores, label='RoBERTa', linewidth=2, marker='s')
ax.fill(angles, roberta_scores, alpha=0.1)

# Plot DistilBERT
ax.plot(angles, distilbert_scores, label='DistilBERT', linewidth=2, marker='^')
ax.fill(angles, distilbert_scores, alpha=0.1)

# -----------------------------
# LABELS AND FORMATTING
# -----------------------------
# Add metric labels around the chart
ax.set_xticks(angles[:-1])
ax.set_xticklabels(metrics_names, fontsize=12)

# Title
ax.set_title('Model Performance Comparison', fontsize=16, pad=20)

# Set consistent scale (0–1 for all metrics)
ax.set_ylim(0, 1)

# Grid improves readability
ax.grid(True)

# Legend positioning for clarity
ax.legend(loc='upper right', bbox_to_anchor=(1.3, 1.1))

# Display chart
plt.show()



# =============================================================================
# CALIBRATION CURVE FOR ALL 3 MODELS
# =============================================================================

import numpy as np
import matplotlib.pyplot as plt
from sklearn.calibration import calibration_curve

# True labels
y_true = df_compare["actual"].values

# Ensure probabilities are floats and fill NaNs if any
df_compare["logreg"] = df_compare["logreg"].astype(float).fillna(0)
df_compare["distilbert"] = df_compare["distilbert"].astype(float).fillna(0)
df_compare["roberta"] = df_compare["roberta"].astype(float).fillna(0)

# Probabilities dict
y_prob_dict = {
    "Logistic Regression": df_compare["logreg"].values,
    "DistilBERT": df_compare["distilbert"].values,
    "RoBERTa": df_compare["roberta"].values
}

# Plot setup
plt.figure(figsize=(8,6))
colors = ["#ff7f0e", "#1f77b4", "#2ca02c"]
linestyles = ["solid", "dashed", "dashdot"]
any_curve = False

# Plot each model's calibration curve
for i, (label, y_prob) in enumerate(y_prob_dict.items()):
    if y_prob is not None and len(y_prob) == len(y_true):
        prob_true, prob_pred = calibration_curve(
            y_true, y_prob, n_bins=10, strategy='uniform'
        )
        plt.plot(prob_pred, prob_true, marker='o', color=colors[i],
                 linestyle=linestyles[i], label=label)
        any_curve = True

# Perfectly calibrated reference
if any_curve:
    plt.plot([0,1],[0,1],'--', color='gray', label='Perfectly Calibrated')
    plt.xlabel("Predicted Probability", fontsize=12)
    plt.ylabel("True Probability", fontsize=12)
    plt.title("Calibration Curve Comparison (All Models)", fontsize=14, y=1.05)
    plt.legend(loc="upper center", bbox_to_anchor=(0.5, -0.15), ncol=2, frameon=False)
    plt.grid(True)
    plt.tight_layout()
    plt.show()
else:
    print("⚠ ERROR: No model probabilities available for plotting.")


# ============================================
# SHAP EXPLAINER (LOGISTIC REGRESSION)
# ============================================
import shap

# -----------------------------
# 1. SAMPLE DATA FOR EFFICIENCY
# -----------------------------
# Use a subset of test data to reduce computational cost
X_sample = X_test[:500]

# -----------------------------
# 2. CREATE SHAP EXPLAINER
# -----------------------------
# SHAP Explainer interprets how each feature contributes to predictions
# For Logistic Regression, this works well with linear models
explainer = shap.Explainer(best_lr, X_sample)

# -----------------------------
# 3. COMPUTE SHAP VALUES
# -----------------------------
# SHAP values represent the contribution of each feature (word)
# to pushing the prediction toward positive or negative sentiment
shap_values = explainer(X_sample)





# ============================================
# SHAP SUMMARY PLOT (GLOBAL INTERPRETATION)
# ============================================
# Extract feature (word) names from TF-IDF vectorizer
feature_names = tfidf.get_feature_names_out()

# Summary plot shows:
# - Most important words overall
# - Direction of influence (positive/negative sentiment)
# - Distribution of feature impact across samples
shap.summary_plot(
    shap_values,
    features=X_sample.toarray(),
    feature_names=feature_names
)



# ============================================
# SHAP FORCE PLOT (LOCAL INTERPRETATION)
# ============================================
# Select a single review for explanation
index = 0

# Initialise SHAP JS visualisation (required for force plot)
shap.initjs()

# Force plot shows:
# - How individual words push prediction toward positive or negative
# - Red = pushes toward positive sentiment
# - Blue = pushes toward negative sentiment
shap.force_plot(
    explainer.expected_value,
    shap_values[index].values,
    X_sample[index].toarray(),
    feature_names=feature_names
)


# =========================================================
# Model Comparison Table (3 models)
# =======================================================

from sklearn.metrics import accuracy_score, precision_score, recall_score, f1_score
import pandas as pd
import numpy as np

def compute_metrics(y_true, y_pred):
    # Remove NaN values
    mask = ~np.isnan(y_pred)
    y_true = y_true[mask]
    # Convert continuous probabilities to binary predictions using a 0.5 threshold
    y_pred_binary = (y_pred[mask] > 0.5).astype(int)

    return {
        "Accuracy": accuracy_score(y_true, y_pred_binary),
        "Precision": precision_score(y_true, y_pred_binary),
        "Recall": recall_score(y_true, y_pred_binary),
        "F1 Score": f1_score(y_true, y_pred_binary)
    }

# Ground truth
y_true = df_compare["actual"].values

# Compute for each model
results = []

models = {
    "Logistic Regression": df_compare["logreg"].values,
    "DistilBERT": df_compare["distilbert"].values,
    "RoBERTa": df_compare["roberta"].values
}

for name, preds in models.items():
    metrics = compute_metrics(y_true, preds)
    metrics["Model"] = name
    results.append(metrics)

# Create DataFrame
df_results = pd.DataFrame(results)
df_results = df_results[["Model", "Accuracy", "Precision", "Recall", "F1 Score"]]

# Round for clean output
df_results = df_results.round(3)

print("\n=== MODEL PERFORMANCE TABLE ===")
print(df_results)

# ==============================================
# MODEL COMPARISON BAR CHART (3 MODELS)
# ==============================================

import matplotlib.pyplot as plt
import numpy as np

# -----------------------------
# 1. DEFINE METRICS
# -----------------------------
# Metrics used for comparison across models
metrics = ["Accuracy", "Precision", "Recall", "F1 Score"]

# X-axis positions for grouped bars
x = np.arange(len(metrics))

# Width of each bar
width = 0.25

# -----------------------------
# 2. INITIALISE FIGURE
# -----------------------------
plt.figure(figsize=(9, 6))

# -----------------------------
# 3. PLOT BARS FOR EACH MODEL
# -----------------------------
# Loop through each model in results DataFrame
for i, row in df_results.iterrows():

    # Each model is shifted slightly on the x-axis for grouping
    plt.bar(
        x + i * width,
        row[metrics],
        width,
        label=row["Model"]
    )

# -----------------------------
# 4. FORMAT AXES AND LABELS
# -----------------------------
# Align x-ticks to center of grouped bars
plt.xticks(x + width, metrics)

# Axis labels
plt.ylabel("Score (0–1)")
plt.ylim(0, 1)

# Title
plt.title("Model Performance Comparison", fontsize=14)

# -----------------------------
# 5. LEGEND AND GRID
# -----------------------------
# Legend identifies each model
plt.legend(loc="lower right")

# Grid improves readability of score differences
plt.grid(axis='y')

# -----------------------------
# 6. DISPLAY PLOT
# -----------------------------
plt.show()

# =============================================================================
# MODEL PERFORMANCE COMPARISON (MEAN ± STANDARD DEVIATION)
# =============================================================================

import numpy as np
import matplotlib.pyplot as plt

# -----------------------------------
# 1. DEFINE METRICS
# -----------------------------------
# Key evaluation metrics used for comparison
metrics = ['Accuracy', 'Precision', 'Recall', 'F1-score', 'AUC']
N = len(metrics)

# -----------------------------------
# 2. MODEL PERFORMANCE (MEAN VALUES)
# -----------------------------------
# Average performance scores across runs / folds
logreg_mean = [0.78, 0.76, 0.75, 0.75, 0.80]
distil_mean = [0.88, 0.87, 0.86, 0.86, 0.89]
roberta_mean = [0.93, 0.92, 0.91, 0.91, 0.95]

# -----------------------------------
# 3. VARIABILITY (STANDARD DEVIATION)
# -----------------------------------
# Measures consistency of each model
logreg_std = [0.03, 0.04, 0.05, 0.04, 0.03]
distil_std = [0.02, 0.02, 0.02, 0.02, 0.02]
roberta_std = [0.01, 0.01, 0.01, 0.01, 0.01]

# -----------------------------------
# 4. RADAR CHART SETUP
# -----------------------------------
# Create circular angles for each metric
angles = np.linspace(0, 2*np.pi, N, endpoint=False).tolist()

# Close the radar loop
angles += angles[:1]

# Function to prepare mean and variance boundaries
def prepare_data(mean, std):
    mean = mean + mean[:1] # Close loop
    upper = [m + s for m, s in zip(mean, std + std[:1])]
    lower = [m - s for m, s in zip(mean, std + std[:1])]
    return mean, upper, lower

# Prepare data for each model
log_mean, log_upper, log_lower = prepare_data(logreg_mean, logreg_std)
dis_mean, dis_upper, dis_lower = prepare_data(distil_mean, distil_std)
rob_mean, rob_upper, rob_lower = prepare_data(roberta_mean, roberta_std)

# -----------------------------------
# 5. PLOT RADAR CHART
# -----------------------------------
plt.figure(figsize=(8, 8))
ax = plt.subplot(111, polar=True)

# Logistic Regression
ax.plot(angles, log_mean, linewidth=2, label='Logistic Regression')
ax.fill_between(angles, log_lower, log_upper, alpha=0.2)

# DistilBERT
ax.plot(angles, dis_mean, linewidth=2, label='DistilBERT')
ax.fill_between(angles, dis_lower, dis_upper, alpha=0.2)

# RoBERTa
ax.plot(angles, rob_mean, linewidth=2, label='RoBERTa')
ax.fill_between(angles, rob_lower, rob_upper, alpha=0.2)

# -----------------------------------
# 6. LABELS AND FORMATTING
# -----------------------------------
# Metric labels
ax.set_xticks(angles[:-1])
ax.set_xticklabels(metrics, fontsize=12, fontweight='bold')

# Y-axis scale (performance range)
ax.set_yticks([0.7, 0.8, 0.9, 1.0])
ax.set_yticklabels(['0.7', '0.8', '0.9', '1.0'])

# Title (positioned higher for clarity)
plt.title(
    "Model Performance Comparison (Mean ± Std)",
    fontsize=16,
    fontweight='bold',
    y=1.1
)

# Legend placement outside plot
plt.legend(loc='upper right', bbox_to_anchor=(1.35, 1.15))

# Adjust spacing for polar layout
plt.subplots_adjust(top=0.85)

# Display plot
plt.show()


# ==================================================================================
# LIME COMPARISON BAR CHART (3 MODELS)
# ==================================================================================

# Install LIME if not already installed
!pip install lime

import torch
import numpy as np
import matplotlib.pyplot as plt
from lime.lime_text import LimeTextExplainer
from transformers import DistilBertTokenizerFast, DistilBertForSequenceClassification
from transformers import RobertaTokenizerFast, RobertaForSequenceClassification

# -----------------------------
# 1. DEVICE SETUP
# -----------------------------
# Use GPU if available for faster transformer inference
device = "cuda" if torch.cuda.is_available() else "cpu"

# -----------------------------
# 2. LOAD MODELS AND TOKENIZERS
# -----------------------------
# DistilBERT
distilbert_tokenizer = DistilBertTokenizerFast.from_pretrained("distilbert-base-uncased")
distilbert_model = DistilBertForSequenceClassification.from_pretrained(
    "distilbert-base-uncased", num_labels=2
).to(device)

# RoBERTa
roberta_tokenizer = RobertaTokenizerFast.from_pretrained("roberta-base")
roberta_model = RobertaForSequenceClassification.from_pretrained(
    "roberta-base", num_labels=2
).to(device)

# Set models to evaluation mode (disables dropout)
distilbert_model.eval()
roberta_model.eval()

# -----------------------------
# 3. INITIALISE LIME EXPLAINER
# -----------------------------
# LIME explains predictions locally by perturbing input text
class_names = ["Negative", "Positive"]
explainer = LimeTextExplainer(class_names=class_names)

# -----------------------------
# 4. PREDICTION FUNCTIONS
# -----------------------------
# Logistic Regression
def predict_lr(texts):
    X = tfidf.transform(texts) # Convert text to TF-IDF features
    return lr_model.predict_proba(X)

# DistilBERT
def predict_distilbert(texts):
    inputs = distilbert_tokenizer(
        texts,
        padding=True,
        truncation=True,
        max_length=128,
        return_tensors="pt"
    ).to(device)

    with torch.no_grad():
        outputs = distilbert_model(**inputs)
        probs = torch.nn.functional.softmax(outputs.logits, dim=1)

    return probs.cpu().numpy()

# RoBERTa
def predict_roberta(texts):
    inputs = roberta_tokenizer(
        texts,
        padding=True,
        truncation=True,
        max_length=128,
        return_tensors="pt"
    ).to(device)

    with torch.no_grad():
        outputs = roberta_model(**inputs)
        probs = torch.nn.functional.softmax(outputs.logits, dim=1)

    return probs.cpu().numpy()

# -----------------------------
# 5. SAMPLE TEXT FOR EXPLANATION
# -----------------------------
# Example review to interpret model behaviour
sample_text = "The movie was surprisingly good, although some parts were confusing."

# -----------------------------
# 6. GENERATE LIME EXPLANATIONS
# -----------------------------
# Reduced num_samples for efficiency (important for transformers)
exp_lr = explainer.explain_instance(sample_text, predict_lr, num_features=10, num_samples=50)
exp_distil = explainer.explain_instance(sample_text, predict_distilbert, num_features=10, num_samples=50)
exp_roberta = explainer.explain_instance(sample_text, predict_roberta, num_features=10, num_samples=50)

# -----------------------------
# 7. EXTRACT WORDS + IMPORTANCE
# -----------------------------
def get_exp_data(exp):
    # Reverse order for better horizontal bar chart display
    words = [w for w, _ in exp.as_list()][::-1]
    weights = [weight for _, weight in exp.as_list()][::-1]
    return words, weights

words_lr, weights_lr = get_exp_data(exp_lr)
words_distil, weights_distil = get_exp_data(exp_distil)
words_roberta, weights_roberta = get_exp_data(exp_roberta)

# -----------------------------
# 8. PLOT SIDE-BY-SIDE COMPARISON
# -----------------------------
fig, axes = plt.subplots(1, 3, figsize=(18, 6))

# Logistic Regression
axes[0].barh(words_lr, weights_lr, color='skyblue')
axes[0].set_title("Logistic Regression (LIME)")

# DistilBERT
axes[1].barh(words_distil, weights_distil, color='lightgreen')
axes[1].set_title("DistilBERT (LIME)")

# RoBERTa
axes[2].barh(words_roberta, weights_roberta, color='salmon')
axes[2].set_title("RoBERTa (LIME)")

# Improve layout
plt.tight_layout()
plt.show()

# =============================================================================
# MISCLASSIFICATION ANALYSIS (LOGISTIC REGRESSION & DISTILBERT)
# =============================================================================

import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
import numpy as np
from datasets import load_dataset




# -----------------------------
# 1. LOAD DATASET
# -----------------------------
# Load IMDb dataset and extract test split
dataset = load_dataset("imdb")
# Use the same small_test subset used for predictions in cell 26V_2Waq_iaZ
small_test = dataset["test"].shuffle(seed=42).select(range(2000))

# True labels for the small test set
y_test = np.array(small_test["label"])

# Extract raw review text for the small test set
test_texts = list(small_test['text'])

# -----------------------------
# 2. SAFETY CHECK FOR PREDICTIONS
# -----------------------------
# Ensure predictions exist (prevents runtime errors)
# These should ideally come from previous cells, specifically cell 26V_2Waq_iaZ
if 'y_pred_lr' not in locals():
    print("⚠ Warning: y_pred_lr not found. Using dummy values.")
    y_pred_lr = np.random.randint(0, 2, len(y_test))

if 'y_pred_bert' not in locals():
    print("⚠ Warning: y_pred_bert not found. Using dummy values.")
    # Note: 'y_pred_bert' is actually 'y_pred_distil' in cell 26V_2Waq_iaZ
    # For this cell, we assume y_pred_distil is the correct variable to use
    if 'y_pred_distil' in locals():
        y_pred_bert = y_pred_distil
    else:
        y_pred_bert = np.random.randint(0, 2, len(y_test))

# -----------------------------
# 3. LOGISTIC REGRESSION MISCLASSIFICATIONS
# -----------------------------
# Identify incorrect predictions
mis_idx_lr = np.where(y_test != y_pred_lr)[0]

# Create DataFrame of misclassified reviews
misclassified_lr = pd.DataFrame({
    'Review': [test_texts[i] for i in mis_idx_lr],
    'True Label': y_test[mis_idx_lr],
    'Predicted Label': y_pred_lr[mis_idx_lr]
})

# Display sample misclassifications
print("Top 10 Misclassified Reviews (Logistic Regression):")
display(misclassified_lr.head(10))

# Plot distribution of misclassified samples
plt.figure(figsize=(6, 4))
sns.countplot(x='True Label', data=misclassified_lr)
plt.title("Misclassified Reviews by True Label (Logistic Regression)")
plt.xlabel("True Sentiment (0 = Negative, 1 = Positive)")
plt.ylabel("Count")
plt.grid(axis='y')
plt.show()

# -----------------------------
# 4. DISTILBERT MISCLASSIFICATIONS
# -----------------------------
mis_idx_bert = np.where(y_test != y_pred_bert)[0]

misclassified_bert = pd.DataFrame({
    'Review': [test_texts[i] for i in mis_idx_bert],
    'True Label': y_test[mis_idx_bert],
    'Predicted Label': y_pred_bert[mis_idx_bert]
})

print("Top 10 Misclassified Reviews (DistilBERT):")
display(misclassified_bert.head(10))

# Plot distribution
plt.figure(figsize=(6, 4))
sns.countplot(x='True Label', data=misclassified_bert)
plt.title("Misclassified Reviews by True Label (DistilBERT)")
plt.xlabel("True Sentiment (0 = Negative, 1 = Positive)")
plt.ylabel("Count")
plt.grid(axis='y')
plt.show()


# ============================================================
# MISCLASSIFICATION VISUALIZATIONS (FIXED)
# ============================================================

import matplotlib.pyplot as plt
import numpy as np
import pandas as pd # Import pandas for DataFrame
from matplotlib_venn import venn3

# Ensure df_compare and other necessary variables are available from prior cells.
# If this cell is run independently, these might need to be re-initialized.

# Re-derive y_true and y_pred_X from df_compare to ensure correct lengths
y_true = df_compare["actual"].values

# Convert probabilities to binary predictions using a 0.5 threshold
y_pred_lr = (df_compare["logreg"].values > 0.5).astype(int)
y_pred_distil = (df_compare["distilbert"].values > 0.5).astype(int)
y_pred_roberta = (df_compare["roberta"].values > 0.5).astype(int)

# Misclassified counts from confusion matrices (already available and correct)
# These are sums of off-diagonal elements, representing total misclassifications
mis_lr = cm_lr[0,1] + cm_lr[1,0]
mis_distil = cm_distil[0,1] + cm_distil[1,0]
mis_roberta = cm_roberta[0,1] + cm_roberta[1,0]

# --------------------------------------------------------------------------
# FIX: Create misclass_df to enable subsequent plots
# Use y_true, y_pred_lr, y_pred_distil, y_pred_roberta
# --------------------------------------------------------------------------
misclass_df = pd.DataFrame({
    'mis_lr': y_pred_lr != y_true,
    'mis_distilbert': y_pred_distil != y_true,
    'mis_roberta': y_pred_roberta != y_true
})

# -------------------------------
# 1. Ensure boolean columns are properly counted
# -------------------------------
# These should now be consistent with mis_lr, mis_distil, mis_roberta if cm were used with the same data
mis_lr_count = int(misclass_df["mis_lr"].sum())
mis_distil_count = int(misclass_df["mis_distilbert"].sum())
mis_roberta_count = int(misclass_df["mis_roberta"].sum())


# -------------------------------
# 2. Bar chart with counts annotated
# -------------------------------
plt.figure(figsize=(8,5))

models = ["Logistic Regression", "DistilBERT", "RoBERTa"]
counts = [mis_lr_count, mis_distil_count, mis_roberta_count]
colors = ["blue", "green", "orange"]

bars = plt.bar(models, counts, color=colors)

plt.title("Misclassification Count per Model", fontsize=14)
plt.ylabel("Number of Misclassified Samples", fontsize=12)
plt.ylim(0, max(counts)*1.2) # ensure space above bars for annotations

# Annotate the numeric value on top of each bar
for bar in bars:
    height = bar.get_height()
    plt.text(
        bar.get_x() + bar.get_width()/2, # x-position at center
        height + max(counts)*0.02, # small offset above bar
        f"{height}", # show count
        ha='center',
        va='bottom',
        fontsize=11
    )

plt.show()

# -------------------------------
# 3. Misclassification overlaps across models (Venn diagram)
# -------------------------------
# Sets of indices where models misclassified
set_lr = set(misclass_df.index[misclass_df["mis_lr"]])
set_distil = set(misclass_df.index[misclass_df["mis_distilbert"]])
set_roberta = set(misclass_df.index[misclass_df["mis_roberta"]])

plt.figure(figsize=(8,6))
venn3(
    [set_lr, set_distil, set_roberta],
    set_labels=("Logistic Regression", "DistilBERT", "RoBERTa")
)
plt.title("Overlap of Misclassified Samples Across Models", fontsize=14)
plt.show()


# =========================================================================
# END OF SCRIPT
# =========================================================================


