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About Data
Source: https://www.kaggle.com/datasets/smaryamazimiasmaroud/credit-cardholders 

Objective: 
• Cluster customers for further marketing campaigns appropriately tailored (initially primary purpose of the dataset),
• Predit high-risk customers’ based on behaviors in spending, expenditure, paying back,... (deeper implement analysis)

Supported by: 
• Perplexity for inititative suggestion
• Gemini and Copilot (inside Visual Code Studio) for code modify and recommendation.
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Group 1: Balance & Credit

• Both [‘balances’] and [‘credit_limit’] show a strong right-skewed distribution.

• The majority of customers have a [‘balance_frequency’] very close to 1.
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Group 2: Purchases

• Strongly right-skewed distributions for [‘purchases’], [‘oneoff_purchases’], and 
[‘installments_purchases’]

• Bimodal frequency distributions for [‘purchases_frequency’], [‘purchases_installments_frequency’] 
with two main customer types

• Most customers rarely make one-off purchases
• Highly skewed distributions for [‘installment_frequency’]
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Group 3: Payment

• Both [‘payments’] and [‘minimum payments’] distributions 
are extremely right-skewed

• [‘prc_full_payment’] distribution is sharply concentrated at 
0 and also has a visible spike at 1. Most customers either 
never pay their balance in full (prc_full_payment ≈ 0), or 
always pay it off in full (prc_full_payment = 1)
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Group 4: Tenure

The distribution is extremely right-skewed: most customers (overwhelming majority) have a tenure of 12, 

while only a small number have values between 6 and 11 → most customers have reached the maximum 

tenure period tracked in the data, reflecting long-term engagement or a batch cohort scenario.
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Relationship Detection
• Strongest Correlations:

⚬ Purchases & Oneoff Purchases (0.92)
⚬ Installments Purchases & Purchases (0.68)

• Purchase-related frequencies:
⚬ oneoff_purchases_frequency vs oneoff_purchases 

(0.52), purchases_installments_frequency vs 
installments_purchases (0.86)

⚬ Cash Advance Trx & Cash Advance Frequency (0.80)
⚬ Balance & Credit Limit (0.53)

• Additional Noteworthy Relationships:
⚬ Payments with Purchases (0.60), Oneoff (0.57), 

Installments (0.57):
⚬ Minimum Payments & Balance (0.40)
⚬ Cash Advance with Balance (0.50) and frequency 

(0.45)
• Negative or Inverse Relationships

⚬ Full Payment Ratio & Balance (-0.32), and Minimum 
Payments (-0.25):

• Weak or Uninformative Correlations
⚬ Tenure has no strong correlation with monetary or 

frequency features
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If [‘payment’] is 0 and [‘minimum_payment’] is missing:
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[‘minimum_payment’] is set to 0.
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If [‘payment’] is 0 and [‘minimum_payment’] is missing:
It is assumed that the customer has not made any payments,

[‘minimum_payment’] is set to 0.

If [‘payment’] is less than the average payment and 
[‘minimum_payment’] is missing: 
It is assumed that the minimum payment is roughly equal to the payment 
itself (since the customer might be paying close to the minimum).
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Missing Values Proccessing
[‘minimum_payment’]

If [‘payment’] is 0 and [‘minimum_payment’] is missing:
It is assumed that the customer has not made any payments,

[‘minimum_payment’] is set to 0.

If [‘payment’] is less than the average payment and 
[‘minimum_payment’] is missing: 
It is assumed that the minimum payment is roughly equal to the payment 
itself (since the customer might be paying close to the minimum).

For all other cases where [‘minimum_payment’] is missing:
We set it to the average of all [‘payment’] to ensure that missing values are 
replaced with a reasonable estimate.
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Outliers Dectection and Log Transformation



1. K-Means

2.MiniBatch K-Means

3.Hierarchical

4.GMM - Gaussian Mixture Model

5.Spectral

6.DBSCAN

7.HDBSCAN
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Standard Scaling Features

Distance-based clustering methods will be deployed in the project:
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Standard Scaling Features

Distance-based clustering methods will be deployed in the project:

Centroid-based

Density-based

https://www.graduatetutor.com/statistics-tutor/k-

means-clustering-hierarchical-clustering-density-

based-clustering-partitional-clustering/

https://www.researchgate.

net/figure/Centroid-based-

clustering-

algorithm_fig6_334279038

https://www.graduatetutor.com/statistics-tutor/k-means-clustering-hierarchical-clustering-density-based-clustering-partitional-clustering/
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Standard Scaling Features

1. K-Means

2.MiniBatch K-Means

3.Hierarchical

4.GMM - Gaussian Mixture Model

5.Spectral

6.DBSCAN

7.HDBSCAN
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Step 1: Run Centroid-based Clustering models

Choose the optimal one (1)

Step 2: Run Density-based Clustering models

Compare to best-centroid-based model

Step 3: Profiling Clusters and 
Providing Targeted marking/loyalty compaigns for each 
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Centroid-based Clustering Models: Silhouette and Calinski-Harabasz Index
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Centroid-based Clustering Models: Visualization with the Optiomal k
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Centroid-based Clustering Models: Visualization with the Optiomal k

• Spectral (highest Silhouette Score at k=2, 

its PCA visualization reveals a chaotic and 

unstructured separation. The blue and 

green data points appear almost 

randomly interwoven.

• Hierarchical (k=2): Creates a very clear 

separation along the PC1 axis (left vs. 

right). This is the most fundamental split, 

based on the attribute with the highest 

variance.

• GMM (k=2): Separates the data along a 

more subtle, diagonal axis. This indicates 

that the GMM is attempting to find 

elliptical or density-based clusters rather 

than enforcing a rigid, variance-based 

split.
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Centroid-based Clustering Models: choosing K-Means as the best method

K-Means is the only model (among those with k > 2) that clearly 

exhibits a four-quadrant structure:

• PC1 splits the data horizontally (Left/Right).

• PC2 splits the data vertically (Up/Down).

⟶ Business Insight: choosing k=4 has a geometric basis. It is not 

an arbitrary split but a natural division along the two primary axes 

of data variation. This aligns perfectly with the business logic of 

segmenting into four groups: High-High, High-Low, Low-High, and 

Low-Low.
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Density-based Clustering Models: Silhouette and Calinski-Harabasz Index

• Silhouette Score: k=2 with highest scores. These algorithms focus on local density and remove noise (-1), they 
discover two or three extremely cohesive and well-separated clusters.

• Calinski-Harabasz Index: HDBSCAN with highest score at k=2. Both models show a rapid declining trend, and 
their scores at larger k values are very low.

• The performance of two models is very volatile, especially beyond k=4. The Silhouette Score drops sharply and 
even becomes negative at k=9 for DBSCAN, indicating a complete breakdown of the cluster structure.
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Best Clustering Model
• Based on the balance between technical performance and feasibility in credit business operations, we choose K-Means 

with k=4. 
• Technical Reason: Although Density-based models achieved higher Silhouette Scores, K-Means excels in CH Index, 

demonstrating better overall dispersion and separation, while being more stable and easier to interpret.
• Business Reason: In the Credit sector, we need to know who the "Noise" customers are (as they could represent either risks 

or potential opportunities). K-Means assigns labels to everyone, providing 4 actionable segments that you require.
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K-Means Cluster Visual Insights: t-SNE

• Cluster 3 (Yellow) and Cluster 1 (Blue) form two large, 

almost opposing blocks.

• Cluster 0 (Purple) and Cluster 2 (Green) are located close 

to each other and have more intermingled points.

⟶ Conclusion: This overlap reinforces the point of the low 

Silhouette Score (k=4, ≈0.24), indicating these two groups have 

the most similar characteristics and are the most difficult to 

distinguish. This is an area where the business team needs to 

pay special attention when designing campaigns.
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K-Means Cluster Visual Insights: Biplot

• Cluster 0 (Purple) and Cluster 2 (Green) have significant 

overlap, explaining the low Silhouette Score and requiring 

attention for campaign deployment.

• Two main opposing customer groups:

⚬ Risk Group (Cluster 3 - Yellow): Characterized by high 

Cash_Advance and Balance. This group uses cash 

frequently and is considered higher risk.

⚬ Ideal Group (Cluster 2 - Green): Characterized by high 

Purchases_Frequency and Pre_Full_Payment. This group 

shops frequently and has responsible payment habits.

• A clear negative correlation exists between Cash_Advance 

and Pre_Full_Payment. Customers who frequently use cash 

advances tend to rarely make full payments, and vice versa.
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Based on the behavioral analysis:

• Cluster 1: HIGH BALANCERS (High Spending 

+ High Interest Debt)

• Cluster 2: IDEALISTS (Good Payment + 

Good Spending)

• Cluster 0: DORMANT (Inactive/Low Usage)

• Cluster 3: CASH ADVANCE FOCUS (Cash 

Withdrawal + Low Purchases)



Business Interpretation: Profiling Analysis and Recommended Actions
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Target Variable Relevant Features

High-Risk Customer Identification Logic:

• Condition 1: minimum_payments > payments: Customers are paying only the minimum required amount instead 

of the actual payment due. This behavior indicates potential financial distress, as customers who can only afford 

minimum payments may be struggling to manage their debt obligations and are at higher risk of default.

• Condition 2: balance > credit_limit * 0.8: Customers are utilizing over 80% of their available credit limit. This creates 

high over-limit risk, as customers approaching their credit ceiling have limited financial flexibility and are more likely 

to exceed their credit limits, indicating potential cash flow problems.

• Condition 3: High cash advance frequency (for example, >=50% of the time) is an important risk indicator in credit. 

This behavior often signals customer liquidity problems, where the credit card is used as a short-term loan, serving 

as a strong warning sign of potential impending financial distress.
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Relevant Features

Correlation with y

Target Variable



Feature Engineering

EDA Preprocessing Unsupervised Learning Supervised LearningBusiness Analysis
Customer Clustering Introduction

Relevant Features

Correlation with y

Target Variable

All features’ correlation coefficients: 
-0.05 < and < 0.05



Step to Run Models and Compare Results
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XGBoost - Extreme Gradient Boosting

Random Forest

Logistic Regression

SVM - Support Vector Machine
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XGBoost vs. Logisic Regression, which is the best?
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Reason for Choosing XGBoost:

• XGBoost provides the best balance for business objectives. Although Logistic Regression has a higher 

Recall (92.1%), XGBoost still achieves a very high Recall (85.4%) while better controlling the number of 

false alarms compared to Logistic Regression.

• In the context of credit risk, the cost of missing an actual risk (142 FN) is typically much higher than the 

cost of a false alarm. XGBoost achieves the lowest FN among the tree-based models.

• Through Feature Importance and techniques like SHAP analysis, we can interpret why XGBoost makes 

specific predictions. This explainability is crucial and offers a significant advantage over the more 

opaque "black box" nature of Logistic Regression in complex scenarios.
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Model: XGBoost - Extreme Gradient Boosting
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1. Core Insight: Over 80% of the models predictive power is determined by two factors:
• Payment Habit (prc_full_payment): the habit of paying in full (as opposed to making 

minimum or insufficient payments) is the number one factor in predicting risk. The model 
learned that debt repayment behavior is more important than spending behavior.

• Risky Behavior (cash_advance_frequency): Contributes an additional 11%. Customers who 
frequently use cash advances (a sign of cash shortage) have significantly higher risk.

2. Business Implications and Policy Recommendations
• Credit Approval/Credit Limit Increase Policy: Decisions to approve or increase credit limits 

should be based primarily on customers full payment history, not just their spending 
volume.

• Early Warning System: Its crucial to establish an automated system to monitor two key 
metrics:
⚬ Customers showing a continuous decrease in prc_full_payment.
⚬ Customers with a sudden spike in cash_advance_frequency.

• Features like tenure and purchases_trx show low importance: how long a customer has 
been with the bank or how frequently they spend is less important than how they repay 
their debts.
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