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Comprehensive Guide to Variable Selection and Data
Acquisition for Loan Eligibility Prediction
This report outlines the essential variables selected for a Loan Eligibility predictive model, focusing on how
each variable is defined, why it’s important, and how it can be acquired. By integrating these features, lenders
and data scientists can build models that accurately assess the likelihood of loan repayment and inform risk-
based decision making.

1. Introduction
Loan eligibility models evaluate the risk associated with approving a customer’s application. They rely on a
wide spectrum of data, from basic demographic information to deeper financial metrics such as credit history
and monthly debt. When curated properly, these variables can predict the probability of loan repayment with
a high degree of accuracy, enabling financial institutions to manage credit risk effectively while enhancing
customer experience.

This document details the rationale behind each chosen variable, discussing its impact on loan decisions and
the ways these features can be sourced or measured.

2. Data Collection Strategy
The data required for such models commonly comes from:

Credit Bureaus (credit score, credit history metrics, number of credit problems, bankruptcies, etc.)
Internal Bank Records (current loan amount, monthly debt, current credit balance, maximum open
credit, etc.)
Customer Self-Reported Information (annual income, home ownership status, purpose of the loan,
etc.)
Employment Verification Systems or Human Resource Departments
(experience_level_in_current_job)

Given the sensitivity and regulatory constraints around loan data, special care must be taken to ensure data
privacy and compliance with consumer protection laws. Additionally, robust data cleaning and validation
steps are necessary to maintain the quality and consistency of these variables.

3. Detailed Variable Descriptions

3.1 Loan-Specific and Credit-Related Variables

1. current_loan_amount

Description:
The total amount (in $1000’s) currently loaned to the customer.
Type & Range:
FLOAT [0.0, 100000.0]
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Acquisition & Relevance:
Obtained from internal loan management systems; essential for assessing the borrower’s existing
debt obligations relative to potential new credit.

2. credit_score

Description:
A numerical score (585.0 to 7510.0) reflecting the customer’s creditworthiness.
Type & Range:
FLOAT [585.0, 7510.0]
Acquisition & Relevance:
Typically sourced from credit bureaus (e.g., FICO, VantageScore). A key predictor for default risk
and an industry-standard measure of repayment probability.

3. annual_income

Description:
The customer’s annual income in $1000’s.
Type & Range:
FLOAT [50.0, 175000.0]
Acquisition & Relevance:
Validated through payslips, tax returns, or employer records. Higher income generally indicates
stronger repayment capacity.

4. monthly_debt

Description:
Monthly debt obligations (in $1000’s) for the borrower.
Type & Range:
FLOAT [0.0, 500.0]
Acquisition & Relevance:
Derived from internal bank statements or credit reports. Useful for calculating debt-to-income
ratios, a critical factor in loan decisions.

5. current_credit_balance

Description:
Total outstanding balance on all credit accounts (in $1000’s).
Type & Range:
FLOAT [0, 40000.0]
Acquisition & Relevance:
Pulled from credit bureau data or in-house systems. Reflects the level of current indebtedness
and complements current_loan_amount.

6. maximum_open_credit

Description:
The highest credit amount ever approved for the customer, in $1000’s.
Type & Range:
FLOAT [0.0, 1600000.0]
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Acquisition & Relevance:
Indicates historical credit capacity. Customers with higher limits generally have a proven track
record of managing large credit lines.

7. purpose

Description:
The stated reason for the loan application (e.g., "Home Improvements," "Debt Consolidation,"
"Business Loan," etc.).
Type & Range:
CAT [Various descriptive strings]
Acquisition & Relevance:
Captured from the loan application form. Certain loan purposes (e.g., consolidation) may
correlate with specific risk profiles.

8. term

Description:
Loan repayment term, such as "Short Term" or "Long Term."
Type & Range:
CAT ["Short Term", "Long Term"]
Acquisition & Relevance:
Defined by the lending product. Short-term loans may differ in risk dynamics compared to long-
term financing.

9. loan_paid

Description:
Binary flag indicating whether a loan is fully paid (1) or not (0).
Type & Range:
INT [0, 1]
Acquisition & Relevance:
Often the primary target variable in modeling. Historical data about whether past loans were
repaid can train models to predict future repayment outcomes.

3.2 Credit History and Demographics

1. experience_level_in_current_job

Description:
Customer’s years of experience in their current job (categorical).
Type & Range:
CAT [‘< 1 year’, ‘1 year’, …, ‘10+ years’]
Acquisition & Relevance:
Self-reported or verified through HR departments. Stable employment generally indicates
reliability and a steady income flow.

2. home_ownership
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Description:
Ownership status of the customer’s residence (Rent, Home Mortgage, Own Home).
Type & Range:
CAT [‘Rent’, ‘Home Mortgage’, ‘Own Home’]
Acquisition & Relevance:
Self-reported or verified through property records. Homeowners often demonstrate lower credit
risk due to invested equity, while renters may be more flexible but can have higher living cost
variability.

3. years_of_credit_history

Description:
Total length of the customer’s credit history in years.
Type & Range:
FLOAT [0.0, 72.0]
Acquisition & Relevance:
Retrieved from credit bureau reports. A longer history often indicates more reliable patterns,
yielding better credit assessment.

4. months_since_last_delinquent

Description:
Number of months elapsed since the last time the customer was delinquent.
Type & Range:
INT [0, 180]
Acquisition & Relevance:
From credit records. Reflects recentness of financial distress; the closer the delinquency, the
higher the perceived risk.

5. number_of_open_accounts

Description:
Count of currently active credit accounts.
Type & Range:
INT [1, 80]
Acquisition & Relevance:
Provided by credit bureau data or internal banking systems. Multiple open accounts can either
signify a robust credit profile or potential overextension, depending on other variables.

6. number_of_credit_problems

Description:
The total number of credit-related issues (e.g., late payments, defaults).
Type & Range:
INT [0, 15]
Acquisition & Relevance:
Pulled from credit history reports. A higher count indicates more extensive issues, raising default
risk.

7. bankruptcies
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Description:
The number of bankruptcy filings by the customer.
Type & Range:
INT [0, 10]
Acquisition & Relevance:
Bankruptcy records come from public data or credit bureaus. Even a single bankruptcy can
significantly affect creditworthiness.

8. tax_liens

Description:
Number of tax liens filed against the customer.
Type & Range:
INT [0, 15]
Acquisition & Relevance:
Typically obtained from public records or credit bureau data. Tax liens indicate legal claims due to
unpaid taxes, highlighting potential financial instability.

4. Rationale for Variable Selection
1. Financial Capacity Variables

annual_income, monthly_debt, current_loan_amount
These capture the borrower’s overall financial standing and obligations, forming the backbone of
debt-to-income assessment.

2. Creditworthiness Indicators

credit_score, years_of_credit_history, number_of_credit_problems, bankruptcies, tax_liens
These measure the borrower’s payment track record. Each contributes to a holistic view of how
reliably they meet obligations.

3. Employment and Housing Stability

experience_level_in_current_job, home_ownership
A stable job with homeownership may signal lower risk. Conversely, frequent job changes or
renting can imply higher volatility.

4. Existing Credit Lines and Debts

maximum_open_credit, current_credit_balance, number_of_open_accounts
Provide context for how the borrower manages and utilizes available credit, offering insight into
overextension risk or responsible usage.

5. Loan-Specific Qualifiers

purpose, term
Different loan purposes (e.g., “Debt Consolidation” vs. “Business Loan”) often correlate with
distinct risk profiles. Meanwhile, loan term affects monthly repayment feasibility and overall
interest cost.
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6. Target Variable

loan_paid
This binary flag (1 or 0) is crucial for supervised learning tasks, training models to differentiate
between historically repaid loans and those that defaulted.

5. Data Acquisition and Integration

5.1 Primary Data Sources

Bank’s Internal Databases:
Capture existing loan amounts, monthly debt, maximum open credit, etc.
Credit Bureau Reports:
Provide credit score, years_of_credit_history, number_of_credit_problems, bankruptcies, tax liens.
Customer Application Forms:
Offer self-reported data such as annual income, purpose of the loan, job experience level.
Property or Public Records:
May verify claims of home ownership or tax lien status.

5.2 Data Validation

1. Cross-Verification:
Match reported annual income or job experience with third-party records to limit false representation.

2. Range Checks:
Ensure variables like credit_score or monthly_debt do not exceed plausible limits.

3. Duplicate Detection:
Consolidate data if the same customer’s records appear multiple times.

5.3 Regulatory Compliance

Data Privacy Regulations (GDPR, CCPA, etc.):
Restrict how personally identifiable information is stored, shared, or processed.
Consumer Protection Guidelines:
Borrowers have rights to transparent credit decisions and accurate record-keeping.

6. Conclusion and Next Steps
The variables detailed in this report form a solid foundation for Loan Eligibility modeling, capturing essential
aspects of a customer’s financial capacity, credit history, and employment/housing stability. When
combined, they deliver a balanced perspective on the borrower’s potential to repay or default.

Next Steps might involve:

1. Collecting and Cleaning Data:
Gathering the latest records from internal systems, credit bureaus, and application forms.

2. Feature Engineering:
Exploring derived metrics such as debt-to-income ratio, or lengthening/shortening credit history
variables.
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3. Model Building & Validation:
Deploying machine learning or credit-scoring algorithms (e.g., logistic regression, random forests,
gradient boosting) to forecast repayment likelihood.

4. Regulatory Review:
Ensuring the final model and data usage comply with all relevant laws and fair lending regulations.

By adhering to these guidelines, financial institutions can develop robust, ethical, and high-performing loan
eligibility models, thereby mitigating risk and enhancing customer satisfaction.
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