# -*- coding: utf-8 -*-
"""
Python Code Guide: RFM Analysis and Customer Segmentation

This Python notebook serves as supplementary material for the article " RFM-Based Customer Segmentation: A Pedagogical Case Study for Marketing Analytics Education".

It provides a practical, step-by-step guide to replicate the RFM (Recency, Frequency, Monetary) segmentation analysis using real transactional data from a Brazilian bakery.

The objective of this notebook is to be didactic, explaining each step of the process, from data loading and pre-processing to the application of unsupervised learning algorithms (K-Means Clustering and Principal Component Analysis - PCA) and the interpretation of the results.

This material is ideal for students and educators who wish to:
- Understand the practical application of the RFM model.
- Learn real-world data pre-processing techniques.
- Apply and validate clustering algorithms.
- Visualize high-dimensional data.
- Connect theoretical Data Science concepts with business insights.

The data used (`bakery.csv`) is provided as supplementary material.

"""

# --- 1. Initial Setup and Data Loading ---

# Import necessary libraries
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
import datetime as dt
from sklearn.preprocessing import StandardScaler
from sklearn.cluster import KMeans
from sklearn.decomposition import PCA
from sklearn.metrics import silhouette_score
from mpl_toolkits.mplot3d import Axes3D # For 3D visualization, if needed

# Set plot style for consistency
plt.style.use('seaborn-v0_8-whitegrid')

# Load the dataset
# Ensure that 'bakery.csv' is in the same directory
# as your notebook or provide the full path to the file.
try:
    df = pd.read_csv('bakery.csv')
    print("Dataset 'bakery.csv' loaded successfully.")
except FileNotFoundError:
    print("Error: The file 'bakery.csv' was not found.")
    print("Please ensure the file is in the correct directory.")
    # Exit the script or handle the error otherwise
    exit()

# Display basic DataFrame information
print("\n--- Initial DataFrame Information ---")
print(df.info())
print("\n--- First 5 rows of the DataFrame ---")
print(df.head())

# --- 2. Data Pre-processing and Cleaning ---

# Remove rows with null values in columns essential for RFM calculation
# This ensures we won't have issues calculating recency, frequency, and monetary.
df = df.dropna(subset=['CustomerID', 'SaleDate', 'ItemValue', 'ItemDescription'])
print(f"\nNumber of records after removing nulls: {len(df)}")

# Remove generic customers (code 0 or null)
# As discussed in the article, RFM analysis focuses on loyal and identified customers.
df = df[df['CustomerID'] != 0]
print(f"Number of records after removing unidentified customers (CustomerID = 0): {len(df)}")

# Convert the 'SaleDate' column to datetime format
# This is essential for performing time-based calculations, such as recency.
df['SaleDate'] = pd.to_datetime(df['SaleDate'])
print("\n'SaleDate' column converted to datetime.")

# Remove duplicates representing the same product line in the same purchase by the same customer
# This prevents inflated counts of frequency and monetary if there are identical records.
df = df.drop_duplicates(subset=['SaleID', 'CustomerID', 'ProductID'])
print(f"Number of records after removing duplicates: {len(df)}")

# --- 3. Calculating RFM Metrics ---

# Filter the DataFrame to contain only columns relevant for RFM calculation
df_rfm_calc = df[['CustomerID', 'SaleDate', 'ItemValue']].copy()

# Define the reference date (snapshot_date) for Recency calculation
# We use the date of the last transaction in the dataset + 1 day to ensure recency is >= 1 day.
snapshot_date = df_rfm_calc['SaleDate'].max() + dt.timedelta(days=1)
print(f"\nReference date (snapshot_date) for Recency calculation: {snapshot_date}")

# Group by customer to calculate Recency, Frequency, and Monetary
rfm_raw = df_rfm_calc.groupby('CustomerID').agg(
    Recency=('SaleDate', lambda date: (snapshot_date - date.max()).days), # Days since last purchase
    Frequency=('SaleDate', 'nunique'), # Number of unique transactions
    Monetary=('ItemValue', 'sum') # Sum of total amount spent
).reset_index()

# Rename columns for clarity
rfm_raw.columns = ['CustomerID', 'Recency', 'Frequency', 'Monetary']
print("\n--- Calculated RFM Metrics (Raw Data) ---")
print(rfm_raw.head())
print(f"Number of unique customers in RFM analysis: {len(rfm_raw)}")

# --- 4. Exploratory Analysis of Raw RFM Distributions ---

print("\n--- Visualization of Raw RFM Distributions (Pre-Transformation) ---")
# Generate histograms to visualize the skewness of raw RFM distributions
plt.figure(figsize=(18, 5))

# Histogram for Recency
plt.subplot(1, 3, 1)
sns.histplot(rfm_raw['Recency'], bins=50, kde=True, color='skyblue', edgecolor='black')
plt.title('Distribution of Recency (Days)')
plt.xlabel('Recency (Days)')
plt.ylabel('Customer Count')

# Histogram for Frequency
plt.subplot(1, 3, 2)
# Limit x-axis for better visualization, as Frequency can have very high values
sns.histplot(rfm_raw['Frequency'], bins=50, kde=True, color='lightcoral', edgecolor='black')
plt.title('Distribution of Frequency (Number of Purchases)')
plt.xlabel('Frequency (Number of Purchases)')
plt.ylabel('Customer Count')
plt.xlim(0, rfm_raw['Frequency'].quantile(0.99)) # Limit to 99th percentile for better view

# Histogram for Monetary
plt.subplot(1, 3, 3)
# Limit x-axis for better visualization, as Monetary can have very high values
sns.histplot(rfm_raw['Monetary'], bins=50, kde=True, color='lightgreen', edgecolor='black')
plt.title('Distribution of Monetary Value (BRL)')
plt.xlabel('Monetary Value (BRL)')
plt.ylabel('Customer Count')
plt.xlim(0, rfm_raw['Monetary'].quantile(0.99)) # Limit to 99th percentile for better view

plt.tight_layout()
plt.show()

print("\n--- Visualization of Raw RFM Boxplots (Pre-Transformation) ---")
# Generate boxplots to visualize outliers and the dispersion of raw data
plt.figure(figsize=(18, 5))

# Boxplot for Recency
plt.subplot(1, 3, 1)
sns.boxplot(y=rfm_raw['Recency'], color='skyblue')
plt.title('Boxplot of Recency')
plt.ylabel('Recency (Days)')

# Boxplot for Frequency
plt.subplot(1, 3, 2)
sns.boxplot(y=rfm_raw['Frequency'], color='lightcoral')
plt.title('Boxplot of Frequency')
plt.ylabel('Frequency (Number of Purchases)')
plt.ylim(0, rfm_raw['Frequency'].quantile(0.99) * 1.1) # Adjust limit for better visualization

# Boxplot for Monetary
plt.subplot(1, 3, 3)
sns.boxplot(y=rfm_raw['Monetary'], color='lightgreen')
plt.title('Boxplot of Monetary Value')
plt.ylabel('Monetary Value (BRL)')
plt.ylim(0, rfm_raw['Monetary'].quantile(0.99) * 1.1) # Adjust limit for better visualization

plt.tight_layout()
plt.show()

print("\nThe visualizations above show the strong skewness and presence of outliers in the raw RFM variables,")
print("which justifies the need for transformations for distance-based algorithms like K-Means.")

# --- 5. Logarithmic Transformation and Standardization (Z-score) ---

# Apply logarithmic transformation (np.log) to mitigate skewness
# We use np.log, assuming no zero values in Recency, Frequency, or Monetary.
# If there were zeros, np.log1p would be more appropriate.
# Create a copy to avoid SettingWithCopyWarning
rfm_transformed = rfm_raw[['Recency', 'Frequency', 'Monetary']].apply(np.log)
print("\n--- RFM Data after Logarithmic Transformation ---")
print(rfm_transformed.head())

# Standardization (StandardScaler - Z-score)
# Puts variables on the same scale (mean 0, standard deviation 1),
# essential for distance-based algorithms like K-Means.
scaler = StandardScaler()
rfm_scaled = scaler.fit_transform(rfm_transformed)

# Convert standardized data back to a Pandas DataFrame
rfm_scaled_df = pd.DataFrame(rfm_scaled, columns=rfm_transformed.columns, index=rfm_transformed.index)
print("\n--- RFM Data after Standardization (Z-score) ---")
print(rfm_scaled_df.head())

# --- 6. Determining the Optimal Number of Clusters (Elbow Method and Silhouette Score) ---

print("\n--- Elbow Method ---")
# Define the range of K to test for K-Means
K_range = range(1, 11)
wcss = [] # List to store Within-Cluster Sum of Squares (WCSS)

# Calculate WCSS for each K value
for k in K_range:
    # n_init=10 is recommended to ensure the algorithm runs multiple times
    # with different initial centroids and returns the best result.
    kmeans = KMeans(n_clusters=k, random_state=42, n_init=10)
    kmeans.fit(rfm_scaled)
    wcss.append(kmeans.inertia_) # inertia_ is the WCSS

# Plot the Elbow Method
plt.figure(figsize=(10, 6))
plt.plot(K_range, wcss, marker='o', linestyle='-')
plt.title('Elbow Method for Optimal K')
plt.xlabel('Number of Clusters (k)')
plt.ylabel('Within-Cluster Sum of Squares (WCSS)')
plt.xticks(K_range)
plt.tight_layout()
plt.show()
print("The Elbow Method plot suggests an 'elbow' at k=4, indicating a good balance.")

print("\n--- Silhouette Score ---")
# Calculate Silhouette Score for k=3 and k=4 (as per article analysis)
# Note: Silhouette Score is not defined for k=1
silhouette_avg_k3 = silhouette_score(rfm_scaled, KMeans(n_clusters=3, random_state=42, n_init=10).fit_predict(rfm_scaled))
silhouette_avg_k4 = silhouette_score(rfm_scaled, KMeans(n_clusters=4, random_state=42, n_init=10).fit_predict(rfm_scaled))

print(f"Silhouette Score for k=3: {silhouette_avg_k3:.4f}")
print(f"Silhouette Score for k=4: {silhouette_avg_k4:.4f}")
print("The higher Silhouette Score for k=4 (0.3872) corroborates the choice of 4 clusters,")
print("indicating better cohesion and separation of clusters.")

# --- 7. K-Means Application and Cluster Assignment ---

# Apply K-Means with the optimal number of clusters (k=4)
kmeans_final = KMeans(n_clusters=4, random_state=42, n_init=10)
rfm_raw['Cluster'] = kmeans_final.fit_predict(rfm_scaled)

# Add cluster labels to the original RFM DataFrame (untransformed/unscaled)
# This facilitates the interpretation of cluster profiles with original R, F, M values.
rfm_raw['Cluster'] = rfm_raw['Cluster'].astype(str) # Convert to string to ensure seaborn treats as category

print("\n--- Customers with Final Cluster Labels ---")
print(rfm_raw.head())

# --- 8. Principal Component Analysis (PCA) for Visualization ---

print("\n--- Principal Component Analysis (PCA) ---")
# Instantiate PCA for 2 components (for 2D visualization)
pca = PCA(n_components=2, random_state=42)

# Apply PCA on the standardized RFM data
pca_components = pca.fit_transform(rfm_scaled)

# Add PCA components to the original RFM DataFrame for visualization
rfm_raw['PCA1'] = pca_components[:, 0]
rfm_raw['PCA2'] = pca_components[:, 1]

print("\nPCA components calculated and added to the DataFrame.")
print(rfm_raw[['CustomerID', 'PCA1', 'PCA2', 'Cluster']].head())

# --- 9. Visualization of RFM Clusters via PCA (Figures 3 and 4 of the Article) ---

print("\n--- 2D Visualization of RFM Clusters via PCA ---")
# Plot the 2D visualization of clusters for k=4 (Figure 3 of the article)
plt.figure(figsize=(10, 6))
sns.scatterplot(x='PCA1', y='PCA2', hue='Cluster', data=rfm_raw,
                palette='tab10', s=100, edgecolor='k', alpha=0.8)
plt.title('2D Visualization of RFM Clusters (k=4)')
plt.xlabel('Principal Component 1')
plt.ylabel('Principal Component 2')
plt.legend(title='Cluster')
plt.grid(True)
plt.tight_layout()
plt.show()
print("Plot '2D Visualization of RFM Clusters (k=4)' generated.")

# For Figure 4 (Comparison k=3 vs k=4), we also need to apply K-Means for k=3
kmeans_k3 = KMeans(n_clusters=3, random_state=42, n_init=10)
rfm_raw['Cluster_k3'] = kmeans_k3.fit_predict(rfm_scaled).astype(str) # Convert to string

# Plot the comparison of clusters for k=3 and k=4 (Figure 4 of the article)
plt.figure(figsize=(16, 7))

# Plot for k=3
plt.subplot(1, 2, 1)
sns.scatterplot(x='PCA1', y='PCA2', hue='Cluster_k3', data=rfm_raw,
                palette='tab10', s=100, edgecolor='k', alpha=0.8)
plt.title('2D Visualization of RFM Clusters - k=3')
plt.xlabel('Principal Component 1')
plt.ylabel('Principal Component 2')
plt.legend(title='Cluster')
plt.grid(True)

# Plot for k=4
plt.subplot(1, 2, 2)
sns.scatterplot(x='PCA1', y='PCA2', hue='Cluster', data=rfm_raw, # Use 'Cluster' which is already k=4
                palette='tab10', s=100, edgecolor='k', alpha=0.8)
plt.title('2D Visualization of RFM Clusters - k=4')
plt.xlabel('Principal Component 1')
plt.ylabel('Principal Component 2')
plt.legend(title='Cluster')
plt.grid(True)

plt.tight_layout()
plt.show()
print("Plot 'Comparison of RFM Clusters via PCA (k=3 and k=4)' generated.")

# --- 10. Descriptive Analysis by Cluster (Table 2 of the Article) ---

print("\n--- Descriptive Analysis by Cluster (Original RFM Values) ---")
# Group by cluster and calculate descriptive statistics for the original RFM metrics
cluster_summary = rfm_raw.groupby('Cluster')[['Recency', 'Frequency', 'Monetary']].agg(['mean', 'median', 'std', 'count'])

# Rename the 'count' column to 'N'
cluster_summary.loc[:, ('Monetary', 'count')] = cluster_summary.loc[:, ('Monetary', 'count')].rename('N')
cluster_summary = cluster_summary.rename(columns={'count': 'N'}, level=1) # Rename level 1 of the 'count' column

print(cluster_summary)

# Optional: Save the descriptive analysis to CSV
# cluster_summary.to_csv('descriptive_analysis_clusters.csv')
# print("\nDescriptive analysis of clusters saved to 'descriptive_analysis_clusters.csv'.")

# --- 11. Boxplots of RFM Variables by Cluster (Figure 2 of the Article) ---

print("\n--- Boxplots of RFM Variables by Cluster ---")
# Generate boxplots to visualize the distribution of RFM within each cluster
plt.figure(figsize=(18, 5))

rfm_display_df = rfm_raw.copy()
# Recency is inversely scaled, so lower values mean more recent
# For the boxplot, this is already inherent.

for i, col in enumerate(['Recency', 'Frequency', 'Monetary']):
    plt.subplot(1, 3, i + 1)
    sns.boxplot(x='Cluster', y=col, data=rfm_display_df, palette='Set2')
    plt.title(f'{col} by Cluster')
    plt.xlabel('Cluster')
    plt.ylabel(col)
    # Adjust limits for Frequency and Monetary for better visualization (similar to raw histograms)
    if col in ['Frequency', 'Monetary']:
        plt.ylim(0, rfm_display_df[col].quantile(0.99) * 1.1)

plt.tight_layout()
plt.show()
print("Boxplots of RFM variables by cluster generated successfully.")

print("\n--- End of Notebook ---")
print("This notebook covered the main steps of RFM analysis and customer segmentation.")
print("For more details and interpretations, please refer to the main article.")

