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Data Cleaning and Analysis
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Univariate Analysis

Distribution of Age Distribution of Income (k$) Distribution of How Much They Spend
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Bivariate Analy31s

Feature Correlation Heatmap
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Bivariate Analysis
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Feature Scaling
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K-Means

WOCSS (Within-Cluster Sum of Squares)
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Elbow Method for Original, PCA, and t-SNE
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36

K-Means

10

t-SNE Component 2

Visualization of Clusters using t-SNE
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Agglomerative Clusterin

Silhouette Score for Agglomerative Clustering
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V Agglomerative Clustering

Dendrogram for Agglomerative Clustering




Agglomerative Clustering

Agglomerative Clustering Visualization with t-SNE (k=6)
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DBSCAN

Silhouette Score for DBSCAN - Z-Score vs Min-Max Scaling
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DBSCAN

Visualization of DBSCAN Clusters using t-SNE (eps=0.9, min_samples=3)
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Model Evaluation

silhouette score davies bouldin_score calinski_harabasz_score

K-Means 0.436898 0.821233 138.307770

Agglomerative Clustering 0.425948 0.844619 124.891588

DBSCAN 0.012085 4275562 56.004419

K-Means Clustering Visualization with t-SNE
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V Saving ot Model




Reverse Scaling
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Implications

Cluster Percentage Distribution Age Distribution Across Clusters
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Implications

Income Distribution Across Clusters Spending Distribution Across Clusters
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