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PROBLEM STATEMENT



LENDER: “SHALL I PROVIDE A LOAN?”
While loans help people access money when they need it, lenders must decide whether a

borrower will be able to repay the loan. Predicting this repayment ability is a major
challenge in the financial industry.

STATUS QUO
Banks predict default by looking at a static snapshot of your money today
(e.g., total debt, income). They completely ignore your behavior over time.

Banks get blindsided when seemingly "safe" borrowers suddenly run out of
cash. Meanwhile, they unfairly reject responsible people just because they

have a short credit history.



THE PROBLEM

A LOAN DEAFULT
occurs when a

borrower fails to
repay the loan

according to the
agreed

repayment
schedule.

How will Financial
Institutions
predict loan
default risk?



LITERATURE SURVEY



Literature Review
Credit default prediction is tricky because for an applicant their risk is spread
across application details, bureau records, previous loans, credit cards,
installments, and monthly repayment behavior.

Sun et al. use LightGBM with feature
engineering. They handle missing values,
categorical encoding, imbalance, and
create a few simple ratio features.

Yang and Vasistha go in another direction.
They treat the same dataset as a graph and
use GNN embeddings with LightGBM

Sun, Y., Gong, Z., Shi, Q., & Chen, L. (2024). Efficient
commercial bank customer credit risk assessment based
on LightGBM and feature engineering. IEEE Access.
https://ieeexplore.ieee.org

Yang, Y., & Vasistha, E. (2026). Relational graph
modeling for credit default prediction: Heterogeneous

GNNs and hybrid ensemble learning.
https://arxiv.org/abs/2501



THE GAP

Koffi, C. H. A., Djeundje, V. B., & Pamen, O. M. (2024). Quantifying socio-temporal effects of loan
delinquency drivers in microfinance. arXiv. offi, C. H. A., Djeundje, V. B., & Pamen, O. M. (2024).
Quantifying socio-temporal effects of loan delinquency drivers in microfinance. arXiv. *Source

Naik, K. S. (2021). Predicting credit risk for unsecured lending: A machine learning
approach. arXiv. offi, C. H. A., Djeundje, V. B., & Pamen, O. M. (2024). Quantifying socio-
temporal effects of loan delinquency drivers in microfinance. arXiv. *Source

Economics literature often points to
what things cause an applicant to
default already, which ML studies miss,
most economics studies point to
questions like - 

Can they afford this loan?
Have they started paying late
recently?
Is their delinquency getting worse?
Are they using too much credit?
Have they been getting refused
repeatedly?
Are they showing signs of stress
before default? 

Prior Home Credit work already uses feature engineering.

Credit-risk ideas are usually not shown as explicit time-aware borrower-behavior features.
So focus became recent stress, worsening delinquency, debt pressure, utilization, refusal velocity, and repayment
irregularity.

https://doi.org/10.48550/arXiv.2410.13100
https://doi.org/10.48550/arXiv.2410.13100
https://doi.org/10.48550/arXiv.2110.02206
https://doi.org/10.48550/arXiv.2110.02206


DATASET



It contains large-scale financial data suitable for machine
learning models. It includes multiple related tables, allowing
rich feature engineering.

WHY

Real financial datasets are difficult to curate due to
privacy, legal, and ethical restrictions, so using a well
documented dataset released for research is
appropriate.

ETHICAL CONSIDERATIONS
Dataset was anonymized to
protect borrower privacy
Personal identifiers were removed
Shared publicly only for research
and educational purposes

Home Credit Default Risk
Kaggle Competition in 2018



DATASET INFO





FEATURES PREPROCESSING



Sign normalisation: all
DAYS columns stored

negative → converted to
positive

EXAMPLES:
DAYS_EMPLOYED = 365,243 → NaN (sentinel value)
All DAYS_* columns → absolute value (stored as negative in raw data, e.g. -1000 = 1000 days ago)
CatBoost: raw categoricals kept as-is; missing values filled with string "MISSING"

Outlier cap: car age
clipped at 99th percentile

Log transform: income
(right-skewed)

Categorical encoding:
fold-safe target encoding
(LGBM/XGB), native cats

(CatBoost)

Missing values: trees
handle natively; median

imputation for KNN
branch only

Zero-importance drops:
~30 features removed

after iterative runs



Zero importance feature dropping



Meta features (5)

KNN features (3)

From 7 raw tables → 245 features per applicant



ML METHODOLOGY



WHICH MODEL?

For mixed-type, missing-heavy tabular data, boosted trees are
the boring-but-correct baseline.



Comparison between LGBM , RF  and Logistic Regression for hypothesis testing



Gradient boosting — 1000 trees, each fixing the last

Each tree fits the gradient of the loss — the direction the current model is still wrong
1000 rounds, learning rate 0.032 (tuned via Optuna) — small steps prevent any single tree
from overfitting
Final score = sum of all 1000 tree outputs on the log-odds scale



LightGBM 65% · CatBoost 15% · XGBoost 20% 

LightGBM — leaf-wise growth, fastest,
highest individual AUC

CatBoost — handles categoricals with
ordered target statistics internally (no
encoding needed)

XGBoost — level-wise growth;
structural diversity means errors don't
perfectly overlap



CHALLENGES

Large volume data contributed to

hardware issues - RAM overflow, GPU

testing

Preventing information leakage across

three feature types

Misleading values carry meaning in a

highly sensitive credit risk dataset



PERFORMANCE METRICS



Our Novel features work!





Position 170/7000+ teams

Top 5 models from the same competition



1. The model separates risk levels
 Defaulters are generally ranked above non-defaulters. 
Stratified K-Fold for OOF predictions means class imbalance was taken into consideration while
testing.

2. The model generalizes i.e. The Kaggle score is on unseen test data.

3. These metrics show that our solution works because ROC-AUC does not reward guessing the
majority class. In this dataset, most applicants do not default, so accuracy alone could look high
even for a weak model. ROC-AUC instead checks whether the model can consist
ently rank risk: a borrower who defaults should receive a higher risk score than a borrower who
does not.

Why these metrics show that solution works?



DEPLOYABILITY OF
THE ML SOLUTION



At Plaksha University - Limited

For Private Banks & Financial
Institutions - High Value

- Our model requires financial
customer data that Plaksha does
not generate
- Not applicable for direct
campus deployment

This model is directly deployable by:
Private Banks (HDFC, ICICI, Axis) - automated
retail loan approval
NBFCs & Fintech platforms - real-time personal
loan & BNPL scoring
Microfinance institutions - credit access for first-
time borrowers



Thank You


	Credit Risk Assessment for Financial Institutions
	Anahad Singh, Manavi Nakra, Tanmay Mohan
	PROBLEM STATEMENT
	While loans help people access money when they need it, lenders must decide whether a borrower will be able to repay the loan. Predicting this repayment ability is a major challenge in the financial industry.

	LITERATURE SURVEY
	DATASET
	WHY
	It contains large-scale financial data suitable for machine learning models. It includes multiple related tables, allowing rich feature engineering.
	Real financial datasets are difficult to curate due to privacy, legal, and ethical restrictions, so using a well documented dataset released for research is appropriate.
	ETHICAL CONSIDERATIONS
	Dataset was anonymized to protect borrower privacy
	Personal identifiers were removed
	Shared publicly only for research and educational purposes


	DATASET INFO
	FEATURES PREPROCESSING
	EXAMPLES:
	Zero importance feature dropping
	From 7 raw tables → 245 features per applicant
	ML METHODOLOGY
	WHICH MODEL?
	Comparison between LGBM , RF  and Logistic Regression for hypothesis testing
	Gradient boosting — 1000 trees, each fixing the last
	LightGBM 65% · CatBoost 15% · XGBoost 20%
	CHALLENGES
	PERFORMANCE METRICS
	Our Novel features work!
	Top 5 models from the same competition
	Why these metrics show that solution works?
	DEPLOYABILITY OF THE ML SOLUTION
	Thank You

