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	📋 Executive Summary
This project builds a customer credit scoring system from scratch using Python. Using a simulated dataset of 1,000 loan applications, a weighted scorecard model is developed that evaluates five key risk factors: payment history, debt-to-income ratio, collateral coverage, loan tenure, and income stability to assign each customer a credit score between 300 and 850. The model classifies customers into five risk tiers and generates loan approval decisions, providing a complete end-to-end credit risk assessment framework.




	
	SECTION 01
PROJECT OVERVIEW
Business context, objectives and analytical approach



	📌 Business Context

	Banks assign every customer a credit score to decide whether to approve a loan, how much to lend, and what interest rate to charge. Without a structured scoring system, lending decisions become subjective and inconsistent, increasing the risk of defaults, regulatory exposure, and financial losses. This project simulates the credit scoring process used by real financial institutions, demonstrating how Python can be used to build a scalable, data-driven credit assessment model.



	🎯 Project Objectives

	1. Build a weighted credit scorecard model using five key risk factors
1. Generate credit scores on the industry-standard 300–850 scale
1. Classify 1,000 customers into five risk tiers (Excellent to Very Poor)
1. Analyze which factors drive high and low credit scores
1. Produce automated loan decisions (Approve / Review / Decline)
1. Export a fully scored customer dataset to Excel for further analysis



	
	SECTION 02
SCORING METHODOLOGY
How the weighted scorecard model works



The Weighted Scorecard Model


The model uses a weighted scorecard, the same methodology used by real credit bureaus. Each factor is scored independently and combined using defined weights to produce a final score between 0 and 100, which is then scaled to the 300–850 range.
	Factor
	Weight
	What It Measures
	Score Logic

	Payment History
	35%
	On-time payment record & previous defaults
	Higher history score + zero defaults = max points

	Debt-to-Income Ratio
	25%
	Total debt obligations vs monthly income
	DTI ≤ 0.3 = full points; DTI > 1.0 = zero points

	Collateral Coverage
	20%
	Asset value securing the loan
	CCR ≥ 1.5 = full points; CCR < 0.5 = zero points

	Loan Tenure
	10%
	Length of credit relationship
	Tenure ≥ 120 months = full points

	Income Stability
	10%
	Annual income relative to loan amount
	Income-to-loan ≥ 1.0 = full points



Score Scaling & Risk Tiers


	Score Range
	Rating
	Loan Decision
	% of Portfolio

	750 — 850
	Excellent
	✅ Auto Approve
	5.5%

	700 — 749
	Good
	✅ Approve
	9.4%

	650 — 699
	Fair
	🟠 Review Required
	13.4%

	600 — 649
	Poor
	🟠 Conditional Approval
	19.8%

	300 — 599
	Very Poor
	🔴 Decline
	51.9%



Score Calculation Formula


	# Scale raw score (0-100) to credit score (300-850)
final score = 300 + (raw score / 100) * 550

# Example: raw score = 54.5
# final score = 300 + (54.5 / 100) * 550 = 599.75 ≈ 600 → Poor




	
	SECTION 03
DATASET DESCRIPTION
1,000 simulated loan applications



A simulated dataset of 1,000 customer loan applications was generated using NumPy and Pandas, seeded for reproducibility. The dataset reflects a realistic retail banking loan portfolio across 10 Kenyan cities.
	Variable
	Type
	Range / Values
	Purpose

	customer
	String
	CUST0001–CUST1000
	Unique identifier

	age
	Integer
	22–64 years
	Demographic factor

	gender
	Category
	Male / Female
	Demographic factor

	city
	Category
	10 Kenyan cities
	Geographic analysis

	employment_type
	Category
	Employed / Self / Business
	Stability indicator

	years_employed
	Integer
	1–24 years
	Employment stability

	monthly_income
	Integer
	KES 30K–500K
	Income factor

	existing_debt
	Integer
	10–60% of income
	Debt burden

	loan_type
	Category
	Mortgage/SME/Personal/AF
	Product type

	loan_amount
	Integer
	KES 50K–20M
	Credit exposure

	loan_tenure_months
	Integer
	12–240 months
	Duration factor

	interest_rate
	Float
	10.5%–25.0%
	Pricing

	collateral_value
	Integer
	50%–180% of loan
	Security factor

	payment_history_score
	Integer
	40–99
	Payment behaviour

	previous_defaults
	Integer
	0–3
	Default history



	🔍 Dataset Design Note
The dataset was seeded with NumPy. random. seed (42) to ensure full reproducibility, every run produces identical results. Loan amounts were scaled by loan type: Mortgages range KES 3M–20M, SME loans KES 500K–8M, and Personal loans KES 50K–1M, reflecting realistic banking product structures.



	
	SECTION 04
FEATURE ENGINEERING
Derived risk indicators used in scoring



Seven engineered features were derived from the raw dataset to serve as direct inputs to the scoring model:
	Feature
	Formula
	Business Meaning

	monthly repayment
	Loan annuity formula
	Estimated monthly loan payment

	total_debt_obligations
	existing debt + monthly repayment
	Total monthly debt burden

	debt_to_income_ratio
	total_obligations / monthly_income
	Affordability indicator (lower = better)

	collateral_coverage_ratio
	collateral_value / loan_amount
	Loan security adequacy (>1.0 = covered)

	income_to_loan_ratio
	(monthly_income × 12) / loan_amount
	Annual income vs loan size

	loan_to_value
	loan_amount / collateral_value
	Standard banking LTV metric

	employment_stability
	years × type multiplier
	Job stability composite score



	⚠️ Portfolio Risk Signals
Key portfolio risk signals identified: Average DTI of 1.66, customers owe 166% of income in obligations. 769 customers (76.9%) exceed the 0.5 DTI threshold. 383 customers (38.3%) are under-collateralized. These signals feed directly into the scoring model and explain the high decline rate.




	
	SECTION 05
KEY FINDINGS
Insights from the credit scoring analysis



	597
Average Credit Score
Just below Poor threshold
	51.9%
Decline Rate
519 of 1,000 applicants
	14.9%
Approval Rate
149 fully approved
	76.9%
High DTI Rate
Biggest risk driver



Finding 1 — Score Distribution


	Rating Tier
	Score Range
	Customers
	% of Portfolio
	Decision

	Excellent
	750–850
	55
	5.5%
	Auto Approve

	Good
	700–749
	94
	9.4%
	Approve

	Fair
	650–699
	134
	13.4%
	Review Required

	Poor
	600–649
	198
	19.8%
	Conditional Approval

	Very Poor
	300–599
	519
	51.9%
	Decline



Finding 2 — Key Factor Analysis


	Factor
	Finding
	Business Implication

	Loan Type
	Personal (668) vs Mortgage (547)
	Mortgage concentration increases portfolio risk

	DTI Ratio
	Score drops 719 → 529 as DTI rises
	DTI is the single strongest score predictor

	Employment
	Minimal difference (594–599)
	Employment type alone is not a reliable predictor

	Payment History
	Clear upward trend in scatter analysis
	Payment behavior confirms score direction

	Collateral
	Score rises 547 → 647 with coverage
	Better security improves creditworthiness

	Income
	Score rises only 560 → 622 across tiers
	Income alone cannot overcome high DTI burden



Finding 3 — Geographic Analysis


	City
	Approval Rate
	Avg Credit Score
	Risk Level

	Karen
	22.2%
	609
	🟢 Best performing

	Kisumu
	19.8%
	605
	🟢 Above benchmark

	Mombasa
	18.9%
	601
	🟢 Above benchmark

	Eldoret
	17.6%
	598
	🟠 Near benchmark

	Nairobi
	16.1%
	595
	🟠 Near benchmark

	Nyeri
	14.3%
	593
	🟠 Below benchmark

	Thika
	10.8%
	584
	🔴 Highest risk

	Nakuru
	10.2%
	586
	🔴 High risk

	Westland’s
	9.9%
	592
	🔴 High risk

	Kitale
	9.6%
	589
	🔴 Highest risk



	💡 Geographic Risk Insight
Karen leads with a 22.2% approval rate, consistent with its higher-income demographic profile. Five cities fall below the 15% benchmark line: Nyeri, Thika, Nakuru, Westland’s, and Kitale. These markets may require targeted credit products, adjusted risk thresholds, or enhanced financial literacy programmes to improve portfolio quality.




	
	SECTION 06
DELIVERABLES & METHODOLOGY
Project outputs and technical approach



Project Deliverables


	Deliverable
	File
	Contents

	Raw Dataset
	data/loan_applications.csv
	1,000 generated loan application records

	Jupyter Notebook
	notebooks/Customer_Credit_Scoring.ipynb
	10-section analysis with full code and output

	Score Distribution
	outputs/charts/01_score_distribution.png
	Histogram + donut chart of credit tiers

	Factor Analysis
	outputs/charts/02_factor_analysis.png
	4-panel chart — loan type, DTI, employment, payment

	Collateral & Income
	outputs/charts/03_collateral_income.png
	Score by collateral coverage and income bracket

	Loan Decisions
	outputs/charts/04_loan_decisions.png
	Stacked bar by product + approval rate by city

	Excel Export
	outputs/credit_scoring_results.xlsx
	5 sheets: Full dataset, Approved, Declined, High Risk, Summary

	Project Report
	report/Customer_Credit_Scoring_Report.docx
	This document



Notebook Structure


	01
	Setup & Library Imports — environment configuration, plot styling and folder creation



	02
	Data Generation — 1,000 customer records using NumPy random generation with seed 42



	03
	Data Overview & Cleaning — shape, data types, missing values, duplicates, statistical summary



	04
	Feature Engineering — 7 derived risk indicators including DTI, CCR, LTV and income ratios



	05
	Credit Score Calculation — weighted scorecard model with 5 factors scaled to 300–850



	06
	Score Distribution Analysis — histogram with zone colouring + rating tier donut chart



	07
	Factor Analysis — 4-panel chart showing loan type, DTI, employment and payment history



	08
	Collateral & Income Analysis — score by collateral coverage and income bracket



	09
	Loan Decision Engine — stacked bar by product type and approval rate by city



	10
	Key Findings & Export — summary statistics and multi-sheet Excel export




	
	Conclusion
This project demonstrates how Python can be used to build a complete, end-to-end credit scoring system from scratch. By combining data generation, feature engineering, weighted scoring logic, and data visualization, the model produces actionable credit risk assessments for 1,000 customers, classifying them into risk tiers, generating loan decisions, and surfacing the key factors that drive creditworthiness. The project illustrates the practical application of Python in financial services analytics and establishes a foundation that can be extended with machine learning classification models in future iterations.
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