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Introduction to EDA

What i1s EDA?

Exploratory Data Analysis helps
understand dataset structure,
patterns, and relationships before
modeling.

Better Decision-Making

Early Problem Detection

EDA identifies issues in data that
could affect analysis guality.
« Maximise the insight in the
data set
» Detect outliers and anomalies
« Test underlying assumptions

It provides insights that improve business and modeling decisions.



History of EDA

John W. Tukey

EXPLORATORY DATA
ANALYSIS 01
Work of Tukey:1977

02 ABC’S of EDA, Velleman
and Hoaglin(1981)

03

More graphical analysis
has been developed lately




How EDA Helps in Jobs
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Spot Insights
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Build Better
Models

Extract valuable

patterns from raw data. Create more accurate

predictive models.
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Improve Support
Reporting Decisions
Enhance quality of Provide data-backed
data presentations. business
recommendations.

Essential skill for Data Analysts, Business Analysts, and Risk Analysts.



Where 1s EDA
Applicable

Banking Healthcare

Risk profiling and fraud detection Patient history and risk prediction
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Insurance @ \uaz Retail

- .
Claims assessment and risk underwriting Customer segmentation and demand

forecasting
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Problem Statement

Risk Analytics

&6 Assess credit risk in loan applications.

Customer Types

%«
With and without payment difficulties.
Decision Impact
@ Rejecting good customers vs. approving risky ones.
@ Loan Outcomes

Approved, Refused, Cancelled, Unused Offer.



Datasets
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Application Data

Current application details with

customer information and loan

specifics.

Search

380,000

Previous
Applications

Customer's past loan application
history and outcomes.

Colunn Mext. Uniqu identifier- buy use)
user,id:

DESCAPPIC, © ! INT
username: : laftisr(10/)

email
frails''s— eamaitl11000

email:

Data Dictionary

Detailed explanation of all variables in
the datasets.

https://www.kaggle.com/datasets/sid9300/credit-eda-case-study-data




Approach and Methodology

Data Cleaning

¢
* Handled missing data, dropped high-NaN columns (>19%), fixed negatives.
Categorical Fixes
X Replaced invalid entries like ‘XNA' with logical values.

af o Univariate & Bivariate Analysis
@gg® Studied variable distributions and relationships.
< . Segmentation
24 ]88
Separate analysis for defaulters vs non-defaulters.

Correlation & Outliers

Heatmaps to detect key factors; outliers observed via boxplots.




Target Variable
Distribution

Shows non-defaulters dominate
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Education Level Pie
Chart

Shows secondary education is most
common among defaulters

for default

CEducation Level
mN Secondary / secondary special
. Higher education
= incomplete higher
N | ower secondary
mmm Academic degree

Academic degree
Lower secondary

Incomplete higher

Higher education

» 1= defaulters (customers who failed to repay loans).

« 0 = non defaulter (customers who successfully repaid loans).



Income vs Default

Lower income is a significant risk indicator.

Application Timing Bar Chart

Shows activity highest on weekdays

Default Rate by Income Group
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Age Distribution

Proves younger customers are riskier

Default Rate by Age Group
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Loan Type vs Target

Proves cash loans = higher defaults

NAME_CONTRACT_TYPE
R Cash loans
s Revolving loans

TARGET




TARGET

AMT_INCOME_TOTAL - -0.01

AMT_CREDIT - -0.04

AMT_ANNUITY - -0.02

AMT_GOODS_PRICE - -0.05

DAYS EMPLOYED - -0.07

DAYS BIRTH - -0.07

CNT_FAM_MEMBERS - -0.00

CNT_CHILDREN - 0.01

TARGET -

0.00

AMT _INCOME _TOTAL -

Correlation Heatmap (with TARGET)
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Correlation Heatmap

Shows strong links: income, credit,
employment vs default



Loan Status Distribution

Shows previous refusals are significant
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NAME_CONTRACT_STATUS

From previous_application.csv

Unused offer

proportion

Country-wide

Channel Type

Supports how loans are processed

for CHANNEL_TYPE

Channel Type
Credit and cash offices M Credit and cash offices
mam Country-wide
EEm Stone
N Regional / Local
mmm Contact center
M AP+ (Cash loan)
mm Channel of corporate sales
BN Car dealer

EREARAIYT corporate sales
AP+ (Cash loan)

Contact center

Regional / Local

Stone
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Current vs Previous Loan Status Matrix
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Current Loan Default (TARGET)
From Merged Dataset



Number of Applicants

Family Status vs Loan Status

Adds socio-demographic dimension to profile
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Family Status vs Loan Default (TARGET)

From Merged Dataset

TARGET
@ Non-Default (0)
s Default (1)

Client Type vs Contract Status

Repeating clients more likely to be approved, safer

Client Type vs Previous Loan Status
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Conclusion

Loan default pattems ste for Lcan loan defaulds

Customer Profile Risk Factors

Most customers are non- Lower-income customers show
defaulters higher risk

Secondary education common Younger customers have higher
among defaulters default rates

Application activity highest on Cash loans riskier than revolving
weekdays loans

Strong correlations found between employment, income, and default rates.


https://github.com/vaibhavi-tec/EDA-for-Loan-Default-Analysis
https://github.com/vaibhavi-tec/EDA-for-Loan-Default-Analysis

>

THANK YOU

| A U \ W N

1L

-

O



