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Executive Summary
This study analyzes two complementary datasets: UCI Credit Card Default datasets and the European Credit Card Transaction datasets, these datasets support the assessments of credit risk behavior and transaction-level fraud detection within a financial context.

Dataset 1: UCI Credit Card Default
The UCI Credit Card datasets contain demographic information, credit exposure, repayment history, billing statements, and payment behavior of credit card clients in Taiwan between April 2005 and September 2005. The dataset includes 25 variables and one binary target variable including a whether a customer defaulted on their payment in the following month.
Key variable groups included:
· Customer Profile: ID, gender, education, level, marital status, age
· Credit exposure: credit limit (LIMIT_BAL)
· Repayment behavior: monthly repayment status indicators (PAY_0 to PAY_6)
· Billing amounts monthly statement balances (BILL_AMT1-BILL_AMT6)
· Payments amount: Monthly repayments amounts (PAY_AMT1-PAY_AMT6)
· Target variables: default.payment.next.month (1 = default, 0 = no default)
This dataset support customer-level credit risk modeling and behavioral analysis.

Dataset 2: Credit Card Fraud Transactions
The second datasets contain anonymized credit card transactions mad by European cardholders over two days period in September 2013. It includes 284,807 transactions, of which 479 are fraudulent (0.172%), including a highly imbalanced classification problem.
Due to the confidentiality constraints, most input variables (V1-V28) are principal components derived through PCA transformation. The only none-transformed variables are:   
· Time: seconds elapsed since the first recorded transaction
· Amount: transaction value
· Class: target variable (1 = fraud, 0 = legitimate)
Given the sever class imbalanced, traditional accuracy metrics are not sufficient. Therefor, model evaluation should prioritize metrics such as Precision-Recall and Area Under the Precision-Recall Curve (AUPRC).
Business Problem & Objectives
Business Context
Financial institution must continuously assess customer credit risk and monitor transactional behavior to minimize financial loses and improve profitability. Ineffective risk identification may lead to increased default rates, fraud exposure, and inefficient credit allocation.

Problem Statement
This project aims to leverage structured SQL-based analysis to:
· Identify high-risk customers
· Monitor repayment and utilization behavior 
· Detect potential fraud signals 
· Support data-driven credit risk decisions

Key Business Questions
· Which customers demonstrate elevated default risk?
· How efficiently do customers utilize their credit limits?
· What behavioral patterns indicate potential financial distress?
· Where are potential loss exposures within the portfolio?
· How can analytical insights improve approval and limit-setting strategies?

Analytical Objectives 
To address these challenges, the project will:
· Develop clean, structured, and analysis-ready SQL data models
· Calculate key risk and performance indicators (KPIs)
· Segment customers by risk profile
· Analyze behavioral and transactional trends
· Translate analytical findings into actionable business insights

Data Cleaning & Preparation
Data Architecture and Staging Design
A structured two-layer architecture was implemented to ensure data integrity and reproducibility. A dedicated SQL database (banking_credit_risk) was created, separating the workflow into:
· Staging Layer (Raw Data)
· Core Layer (Clean, Analysis-Ready Data)
Two staging tables were defined with explicitly controlled data types:
· Stg_uci_credit_card (customer-level dataset)
· Stg_creditcard (transaction-level fraud dataset)
Data types were intentionally aligned with business logic:
· Monetary values defined as DECIMAL (12, 2)
· Binary flags defined as TINYINT
· PCA components stored as DOUBLE
· Time stored as INT 
Data ingestion was performed using MYSQL Workbench’s Table Data Import Wizard to preserve raw source structure.

Initial Data Validation and Data Quality Assessment
Following import, validation procedures were executed to ensure structural consistency and completeness:
· Row count validation against source files
· Simple record inspection
· NULL value assessment on critical business columns
· Range validation (e.g., negative balance check)
· Duplicate detection analysis
For the UCI dataset, customer-level duplication was assessed by using GROUP BY id.
For the fraud transaction dataset, a full row duplicate scan was performed by grouping across all transaction attributes (time_sec, V1-V28, amount, class).
The fraud dataset analysis identified:
· 298 duplicates group 
· 420 redundant duplicate rows
These duplicates represented exact row-level repetitions. Duplication was deferred to the core layer to maintain staging layer auditability.

Core Layer Transformation
Two clean analytical tables were created:
1. core_customers
Customer-level records were standardized and validated:
· Business-friendly column names applied 
· Explicit type casting enforced (UNSIGNED, SIGNED, DECIMAL)
· Both code and label versions retained for categorical fields
· Invalid target values filtered
· NULL primary key excluded
2. core_transaction
Transaction-level data was transformed using deterministic deduplication logic:
· Explicit casting applied to all numerical features
· Monetary values standardized to DECIMAL (12, 2)
· Binary fraud flag stored as class_code
· Human-readable fraud classification retained as class
 A ROW_NUMBER () window function was used to remove exact duplicate transactions, retaining only the first occurrences of each identical transaction pattern. 
This approach ensures reproducible and auditable duplication logic.

Performance Optimization and Validation
Indexes were created on frequently queried analytical fields, including:
· Default flag
· Credit limit
· Fraud flag
· Transaction time
· Transaction amount
Final validation procedures confirmed:
· Consistency between staging and core row counts
· Successful duplicate removal in the transaction dataset
· Referential integrity and structural readiness for KPI computation

Output Preparation
The finalized analytical tables were exported in csv format to support downstream modeling and visualization in external tools such as Power BI.
Feature Engineering / KPI Development
Power BI Dashboard Development
Insights & Findings
Recommendations
Limitations & Future Work
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