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Comprehensive Report on Loan Default Dataset
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Introduction

Credit and lending form the backbone of personal and commercial finance, enabling businesses to expand
and individuals to realize large-scale purchases—like homes, cars, or education—that might otherwise be
unattainable. Banks, credit unions, and peer-to-peer lending platforms depend on accurate assessments of
borrower risk to maintain healthy portfolios and minimize losses. With the growth of FinTech and online
lending, the volume of credit applications and the diversity of applicant profiles have grown exponentially,
underscoring the importance of data-driven approaches to loan underwriting.

This report examines a loan default dataset of over 77,000 entries. Each record includes detailed
information about borrowers (income, credit score, employment experience, etc.) and the eventual outcome
of their loans (paid or defaulted). The goal is to gain deep insights into which borrower characteristics and
loan features most affect repayment performance. We also discuss how to best prepare this data and model it,

with an eye toward improving credit-risk assessments in real-world lending scenarios.

Motivation

1. Risk Management: Lenders need robust tools to predict the likelihood of default. An inaccurate
assessment can lead to losses or missed opportunities. By understanding patterns in default and
repayment, financial institutions can refine their underwriting criteria.

2. Regulatory Compliance: Many jurisdictions impose strict regulations on lending practices, requiring
fair lending and transparent risk analysis. Data-driven insights help ensure compliance and avoid
discriminatory lending.
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3. Operational Efficiency: Automated systems can quickly screen applications, flagging high-risk
borrowers. This reduces manual workload, enabling staff to focus on borderline cases and customer
service improvements.

4. Customer Success: By understanding what drives defaults (e.g., high monthly debt, low credit history),
lenders and credit counselors can guide at-risk borrowers with tools like debt consolidation advice or
lower interest refinancing.

Context

* Borrower Diversity: Contemporary lending sees a wide array of borrower profiles—first-time
applicants with limited credit history, established professionals with high debt-to-income ratios, or
those seeking to consolidate credit card balances.

¢ Data Complexity: Loan datasets typically include numeric and categorical variables. Numeric features
like credit score or annual income can influence risk, while categorical variables such as home

ownership status or loan purpose also play key roles.

* Market Trends: With interest rates fluctuating and economic uncertainty (e.g., recessions, pandemics),
modeling default risk is increasingly complex. Historical data may not always predict future behavior
under radically different market conditions.

* Class Imbalance: As with many real-world classification problems, the default rate often represents a
minority class (though not always). In this dataset, 21.1% of loans defaulted, indicating an imbalance
that must be addressed to ensure robust predictive performance.

Data Overview

Dataset Size: 77,093 entries, 17 columns.

Data Types:
© 10 float columns
© 3integer columns
© 4 categorical columns

Missing Values: None (the dataset is complete).

Target Variable: loan_paid (1 = Loan Paid, 0 = Defaulted).
Key Statistics:

* Loan Paid Rate: 78.9% of loans were successfully paid, implying a default rate of ~21.1%.

* Loan Amounts: Range from $15.42 to $99,999.99, with some outliers near the maximum.

* Credit Score: Ranges from 585 to 7,510, indicating potential data entry errors or a different scoring
scale.

* Annual Income: Wide range, with a maximum exceeding $165K.

* Experience: Most borrowers have 10+ years in their current job, indicating a relatively stable
workforce.

* Loan Purpose: Primarily for debt consolidation.

* Loan Term: 70.7% of loans are short-term.
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This

dataset captures a broad swath of personal loan applicants, providing sufficient diversity for exploratory

analysis and predictive modeling.

Numerical Feature Distributions Insights

Examining the distribution of numeric variables helps reveal skewness, potential outliers, and overall data

shape. Refer to:

60000

50000
40000

30000

20000
10000

12500

10000

7500

5000

2500

60000

40000

20000

60000

50000
40000

30000

20000
10000

Numerical Feature Distributions

current_loan_amount credit_score 80000 annual_income monthly_debt
30000
60000 60000 25000}
20000
40000 40000
15000
20000 - 20000 10000
5000}
0 20000 40000 60000 80000100000 0 2000 4000 6000 0 5 50000 100000 150000 °% 100 200 300 400
years_of_credit_history months_since_last_delinquent number_of_open_accounts number_of_credit_problems
40000 | 60000 -
15000
300001 50000
10000 40000 F
20000 30000}
20000
10000 | 5000
10000
! . | ol z ; ols i I I ol i I i
20 40 60 0 50 100 150 0 20 40 60 0 5 10 15
current_credit_balance maximum_open_credit bankruptcies tax_liens
- T 80000 | = = -
60000
60000 60000
40000 | 40000 40000 F
20000 20000 20000
] H i I oL i i I oL i I H ol H I H
0 10000 20000 30000 0.0 0.5 1.0 1.5 0 2 4 6 0 5 10 15
1le6

loan_paid

O.IO 0.I2 0?4 0?6 0?8 1?0
1. Current Loan Amount

© Highly right-skewed.
o Many loans are small (under $1,000), with a few near $100,000, which could be lines of credit or
large consolidation loans.

2. Credit Score

o Right-skewed distribution, with some scores > 1,000—possibly indicating a different scale or
data-entry anomalies (typical credit scores in many systems range up to 850 or 900).

3. Annual Income

o Skewed towards lower incomes.
3/21



data_report.md 2025-02-23

© Few high-income outliers can distort averages.

4. Monthly Debt

o Concentrated under $50 in monthly debt obligations (excluding mortgage/rent?), with
occasional extremes exceeding $400.
© Could indicate combined debt payments (credit cards, auto loans, etc.).

5. Credit History (Years)

© Most borrowers have 10-25 years of credit history, reflecting mid-career or older adults.
© Very high values or extremely low values might represent data errors or thin files.

6. Credit Balances

© Qutliers in both current and maximum open credit lines, with some values surpassing $1M.
© Possibly includes business lines or extremely high-limit credit cards.

7. Bankruptcies & Tax Liens

© Predominantly zero. Most borrowers do not have major public credit dings, with only a minority
having a record of bankruptcy or liens.

Categorical Feature Distributions Insights

Categorical variables add context on employment, home ownership, loan purpose, and loan term:
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1. Experience Level

© Majority of borrowers report 10+ years of experience in their current role.
o Secondary peaks around 1-5 years suggests a mix of seasoned professionals and relatively new
employees.

2. Home Ownership

o OQver half have a home mortgage, followed by those who own or rent.
© Mortgage holders may have additional debt obligations but also might represent more
established credit profiles.

3. Purpose of Loan

o Debt Consolidation dominates (~78% of all loans).
© Secondary purposes include Home Improvements, Major Purchase, and Other. This heavy
concentration in debt consolidation could drive uniform default risk patterns.

4. Loan Term

o Short Term loans (~71%) outnumber Long Term loans (~29%).
© Short term typically indicates higher monthly payments but a faster payoff schedule, potentially
affecting default dynamics.

Correlation Analysis Insights

To understand relationships with the target variable (loan_paid), we examine the correlation matrix among
numeric features:
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Correlation Matrix
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1. Key Positive Correlations with loan_paid

© Credit Score (0.29): Higher scores link to better repayment odds.
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© Annual Income (0.19): Earnings appear to modestly improve the likelihood of loan repayment.
© Years of Credit History (0.15): Established credit relationships correlate with fewer defaults.

2. Key Negative Correlations

© Monthly Debt (-0.21): Heavier monthly obligations reduce repayment capacity.

© Number of Credit Problems (-0.17): Derogatory marks or collections hamper repayment

likelihood.

© Bankruptcies (-0.14): Past bankruptcies remain a strong negative signal for creditors.

3. Weak Correlations

© Overall, correlations are not overwhelmingly strong. This indicates complex, possibly non-linear

patterns—supporting the use of advanced modeling (e.g., tree-based) to capture interactions

and threshold effects.
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Feature Relationships Insights

Visualizing how certain numeric features relate to loan_paid (e.g., via boxplots or violin plots) gives us a
clearer picture:
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credit score vs Loan Paid
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monthly _debt vs Loan Paid
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number of credit _problems vs Loan Paid
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1. Credit Score vs Loan Paid

o Borrowers with scores above ~700 show higher probability of paying.
© Scores in the 600-range show a mixed outcome.

2. Annual Income vs Loan Paid

o Higher incomes (e.g., $75K+) are more likely to repay, though correlation is not absolute.
© Borrowers with very low incomes remain a default risk.

3. Monthly Debt vs Loan Paid

© Borrowers carrying high monthly debt obligations (over $200-$300) exhibit notably higher
default rates.

4. Credit History vs Loan Paid
© A decade or more of credit history generally corresponds with better repayment.
5. Credit Problems vs Loan Paid

© More reported credit issues (late payments, collections, etc.) associate with higher default rates.

Outlier Detection Insights
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Boxplots help us pinpoint extreme values in key features that could skew analyses:

13721



data_report.md 2025-02-23

Boxplot of current loan_amount
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Boxplot of monthly debt
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Boxplot of current_credit _balance
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Boxplot of maximum_open_credit
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1. Current Loan Amount

o OQutliers around $100,000. May be legitimate (e.g., large debt consolidation) or potential
anomalies.

2. Credit Score

© Some scores >1,000—unusual in standard scoring models. Possibly a scaled figure or data-entry
error.

3. Annual Income

© Values above $100,000 appear. High earners exist, but data should be validated to ensure
plausibility.

4. Monthly Debt
© Some obligations exceed $400 monthly. Could reflect multiple debts or inaccurate reporting.
5. Credit Balances

© Some outliers surpass $1,000,000, possibly due to business credit usage or data errors.
© Must be handled or validated to avoid distorting model coefficients.
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6. Bankruptcies & Tax Liens

© While mostly zero, a few borrowers have multiple bankruptcies or liens that could strongly affect
risk classification.

Key Insights Summary
1. Strong Predictors of Loan Repayment

© Credit Score, Annual Income, Years of Credit History, Monthly Debt emerge as influential
signals.

2. Loan Purpose & Term

© Bulk of loans serve debt consolidation, often short-term—indicating a specific subset of
borrowers consolidating higher-interest debts.

3. Potential Data Quality Issues

© Credit Score above 1,000 is suspicious; may need re-scaling or verification.
o High incomes, excessive credit lines may be real but warrant sanity checks.

4. Class Imbalance

o ~21% default rate vs. 79% repayment means potential bias in models if not addressed (e.g.,
oversampling the minority class).

5. Opportunity for Feature Engineering

© Debt-to-Income Ratio, Credit Utilization (current balance/credit limit), and Employment
Stability (years at job) could improve predictions.

Recommendations for Classification Modeling

Preprocessing Steps
1. Feature Scaling

o Standardization or normalization for continuous variables (loan amount, annual income, credit
balances). This helps algorithms sensitive to feature magnitude (e.g., SVM, neural networks).

2. Outlier Treatment

© Capping or removing extreme outliers (e.g., credit score > 1,000 or incomes in the top 0.5%) if
they represent data errors or if they hamper model performance.

© Robust models (tree-based) may handle outliers better, but verifying questionable data points is
crucial.

3. Feature Engineering
o Ratios: Debt-to-income ratio (monthly debt / monthly income).
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o Binary Flags: Mark borrowers with multiple bankruptcies or high credit problems as high risk.
© Categorical Encodings: For features like home ownership (own, rent, mortgage) and loan

purpose.
4. Addressing Class Imbalance

© Oversampling (e.g., SMOTE) or undersampling can reduce bias toward the majority class.
© Class weighting in algorithms like logistic regression or random forest.

Modeling Approaches
1. Baseline Model: Logistic Regression

o Offers interpretability—coefficient signs show how features influence default probability.
© Good for quick benchmarking.

2. Advanced Models

© Random Forest or Gradient Boosting (XGBoost, LightGBM): Capture non-linear relationships,
often yield higher accuracy.

© Support Vector Machines (SVM): Can be effective in complex feature spaces but may require
tuning and scaling for large datasets.

3. Ensemble Methods

© Combining multiple models (e.g., bagging or boosting) may enhance predictive power.
o Stacking: Combining logistic regression’s interpretability with random forest’'s non-linear
capture.

4. Model Evaluation

© F1-Score: Balances precision and recall, important when default detection is critical.

© ROC-AUC: Measures the model’s capacity to separate defaulters from repayers across decision
thresholds.

© Confusion Matrix: Provides insight into false positives (loan wrongly approved) vs. false
negatives (potential defaulters missed).

o Stratified K-Fold Cross-Validation: Ensures each fold maintains the same proportion of

defaulted vs. paid loans.

Conclusion
This dataset underscores key drivers in personal lending risk analysis:

* Creditworthiness Indicators (credit score, credit history) and financial capacity (annual income,
monthly debt obligations) consistently show strong associations with loan outcomes.

® Outliers (e.g., extremely high loan amounts, unusual credit scores) must be carefully vetted to prevent
skewed model results.

* Class Imbalance around 78.9% repayment vs. 21.1% default suggests specialized approaches (like
SMOTE or class weighting) to avoid marginalizing the minority class.
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Data-driven models offer significant benefits for both lenders and borrowers. They streamline approvals,
minimize default risk, and can provide borrowers with fair and transparent credit decisions. By following the
recommended preprocessing, feature engineering, and modeling strategies, financial institutions can build
more reliable and robust predictive systems—aligning with broader industry demands for efficient, fair, and

insightful credit risk management.
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