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A PRACTICAL APPROACH TO DEVELOPMENT AND 
VALIDATION OF CREDIT RISK MODELS BASED ON DATA 
ANALYSIS 
 

Abstract. The main objective of this research is to define how the 
performance of the models used by commercial banks in granting loans and for 
calculating the ECL according to IFRS9 is developed and validated. The 
development and validation of a high-performance model are two of the 
fundamental processes that can avoid the risk of non-payment in case of granting 
loans by a banking institution. Once a model has been developed, it is validated to 
assess the predictive power of risk estimators and rating models. Thus, in this 
research, several techniques for validating the performance of credit risk models 
will be presented and, with the help of the Python programming language, we will 
test these techniques on a data set consisting of observations regarding the clients 
of a credit portfolio. The case study illustrates how a credit risk model has been 
developed for default probability and how its performance has been validated in 
terms of power of discrimination, stability and accuracy. 
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1. Introduction 
Banks play a key role in any type of economy, whether it is a developed or 

a developing economy, and their proper functioning contributes to accelerating 
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economic growth. Two of the most important roles of a bank are to take deposits 
and lend. Banks are also the main providers of payment services in any economy.  

Lending is not the only service offered by banks. At the same time, they 
use the funds available for investment and allocate money to the most profitable 
projects in the economy. Thus, the allocated money is used by companies and 
households also for investment purposes and ends up being deposited in the bank's 
accounts in the form of deposits when they will profit from those investments. One 
of the most important sources of income for banks is the difference between the 
interest rate on deposits and the interest rate on loans. So, one of the crucial 
indicators for the banking sector is the ratio between loans and deposits (Chirita & 
Nica, 2019). Another approach related to an analysis of investment decisions from 
IC&T industry in the context of behavioral economy was presented in (Chirita et 
al, 2021). The development of an index score for the internal auditor profile in 
Romania based on real data analysis was described in (Mocanu & Ciurea, 2019). 

So, among the many roles of the bank we can list: it acts as an intermediary 
between those people who need funds and those who have excess money; 
facilitates commercial transactions; helps to develop the national economy by 
providing credit to businesses in all industries; by granting consumer loans with 
advantageous interest rates, it helps to raise the standard of living. 

In general, banking is considered a risky business with many sources of 
risk, so the risk management process begins by identifying and investigating those 
activities that generate risks or losses and continues by assessing, analyzing and 
measuring them. The next step is to establish measures that can be taken to prevent 
or address these possible situations. Once a series of measures have been 
implemented, the final step is to monitor and review those risk management 
practices, as appropriate. In the context of the COVID-19 pandemic, many banking 
institutions have encountered difficulties in adapting credit risk models because 
various laws and regulations have been issued that have had an impact on the 
scoring system, and therefore on credit risk models (Chirita & Nica, 2020). 

Credit risk together with the development, validation and management of 
risk models are the most critical elements in any economic entity. 

 
2. Conceptual Dimensions of Risk in the Banking field 
Since the onset of the credit crunch in the United States and in Europe in 

2006, risk managers have learned valuable lessons about quantifying, assessing, 
and the importance of properly measuring bank risk. The field of risk management 
has undergone enormous change over the last 50 years, and the pace of change is 
accelerating, largely due to the recent crises and speculative bubbles that have 
taken place so far. The events of the last decade have also changed the way we 
think, good practices and definitions of risk management. Below we will mention 
some of the most significant definitions of risk management (Bessis, 2002). 

Risk management is a discipline that clearly indicates the management of 
risks and the returns of each major strategic decision at both institutional and 
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transactional level. Discipline risk management shows how to change strategy to 
align compensation with long-term and short-term risk profitability in an 
enterprise. This discipline includes several subdomains that are inseparable and can 
overlap. We mention some of the most important: credit risk, market risk, asset and 
liability management, liquidity risk, methodology for calculating and allocating 
capital, operational risk and performance measurement. 

As a rule, the financial assets managed by a Romanian commercial bank 
are subject to several general accounting standards and regulations such as IFRS9, 
IFRS7, IAS18, EBA GL 2017/06, European Regulation 575/2013 or NBR 
Regulation 5/2013.  

From the perspective of a preliminary analysis of the risks to which 
commercial banks are subject, they may be: financial risks (credit risk, liquidity 
risk, interest rate risk, excessive leverage risk, currency risk), operational risks 
(model risk , strategic risk and ICT, conduct risk, legal risk), human risks (psycho-
social risks, risks of attracting and retaining employees), strategic risks (risks 
generated by legislative changes, risks generated by technological progress), 
accidental risks (risk generated fires, seismic risk) and risks generated by financial 
contagion. 
 

Risk management is done by the following actors: 
 Institutions of supervision and regulation of the bank: These cannot prevent 

bank failures. Their main role is to act as intermediaries in the risk 
management process and to improve and monitor the statutory framework 
for risk management. By creating the right environment, banking regulators 
and supervisors play a crucial role in influencing other key players. 

 Shareholders: They are able to appoint the persons responsible for the 
corporate governance process and a careful examination must be carried out 
by the regulators in order to ensure and verify that they do not intend to use 
the bank only to finance their own businesses or their associates. 

 Executive management: It must be chosen appropriately and appropriately 
for these responsibilities. Executive managers are those who have the 
competence to define ethical behavior and the management of the bank. He 
must have knowledge of both the management and the financial risks that a 
bank manages. 

 The audit committee and the internal auditors: These should be seen as an 
extension of the risk management policy function of the board of directors. 
Internal auditors are responsible for independently assessing the bank's 
compliance with internal control systems, accounting practices, internal rules 
and procedures, and information systems. The audit committee has an 
important role to play in identifying and addressing risk areas, but it is not 
their responsibility to manage them, but they need to be integrated into all 
levels of management. 
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 External auditors: Play an important role in evaluating the risk-based 
financial reporting process. Appropriate liaison mechanisms are needed 
between banking supervisors and external auditors. 

 Consumers as market participants: They must take responsibility for their 
own investment decisions. They need to be well informed and can be 
assisted by financial media, financial analysts, brokers and rating agencies. 
The banking system is one of the most important systems, in our opinion, 

because its effects can spread beyond it, to influence the behavior of markets such 
as foreign exchange or high impact in an economy, both micro economically and at 
macroeconomic level. Therefore, we consider an analysis to be relevant both 
internally and externally in order to be able to make certain strategic decisions. 
Even if in this article we will focus on the credit risk analysis and the validation of 
the related models, it is important to know the whole range of existing risks that 
can be formed at the level of the banking system. The bank's core business, 
lending, is focused on borrowers and borrowers, mainly dealing with two 
components: money management and risk quantification (Bouteille & Coogan-
Pushner, 2013). 
 In order to be able to manage the credit risk and the credit risk model 
within the banking institutions, it is necessary to know several fundamental 
notions. For example, inability to pay is a risk that a borrower can no longer repay 
the amount owed to the bank. The default concept practically indicates a borrower 
or a credit account holder who no longer pays his obligation to the bank according 
to the credit agreement. Another type of credit risk is the probability of default that 
is estimated as a measure of the probability of a debtor to repay his loan or the 
inability to fulfill his contractual obligations (Bandyopadhyay, 2006). 

 
3. Credit Risk Models 
To ensure that losses are lower when it comes to lending, banks need to 

take a number of steps. The best way to reduce losses is to carefully monitor and 
measure risk, build and implement credit risk models with which banks can make a 
forecast of expected losses as close to reality as possible. These losses are the 
amount that the lender could lose by lending and can be calculated as the product 
of three components: = ∗ ∗  
 

The information we have available for model development may vary 
depending on the type of debtor. For individuals, we may have demographic and 
socio-demographic information, such as age, gender, occupation, level of 
education, income level, zip code, etc. Other information is related to the 
characteristics of the product that a customer is requesting, the purpose of the loan 
and the interest rate. In addition, we may have data provided by external agencies, 
such as credit ratings. 
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In the case of mortgages, the ratio between the mortgage loan and the value of the 
mortgaged property is very important. 
 =	 		  

 
LTV or Loan to Value is an indicator used by banks that reflects the value 

of the loan in the total market value of the guarantee. In analyzing a company's 
credit demand, banks can consider the industry in which they operate, its size, 
financial situation, and can calculate ratios such as return on assets (ROA), return 
on equity (ROE), etc. 

A variety of risk modeling information may be available at the time of loan 
application and may be used by the bank to build models based on credit 
applications, by estimating credit risk, so that it can decide whether or not to grant 
the loan and what interest to pay. apply. The riskier a loan is, the higher the interest 
rate. 
  Many of the customer's information will be known to the bank only after 
the loan is granted and after the debtor's behavior has been sufficiently observed 
and analyzed. This additional data can be used to develop behavioral models. 
Behavioral models are used by banks to calculate PD and ECL and to decide 
whether to grant another loan to an existing customer. 
 

3.1. Probability of Default (PD) 
Probability of Default is a key risk parameter used in the context of credit 

risk management. It is a measure that assigns a numerical value between 0 and 1 to 
the probability of a properly defined credit event (such as default, bankruptcy) 
within a specified time horizon. In the internal valuation approach, the probability 
of default (abbreviated PD) of a counterparty is estimated over a period of one 
year. 

The probability of default is usually modeled by a logistic regression, 
being very easy to interpret. In terms of probabilities, the logistic regression model 
estimates the probability of an event occurring. First, for PD modeling, it must be 
determined which is the dependent variable or, in other words, what is to be 
estimated. According to Řezáč M. and Řezáč F. (2011), “In the case of credit 
scores, it is necessary to accurately define good customers and bad customers. This 
definition is usually based on the number of days that have elapsed since the due 
date. " Usually, a borrower can be considered a bad customer if he has exceeded 
the due date by more than 90 days. 

 
3.2. Loss Given Default (LGD) 
The percentage of exposure that will be lost and cannot be recovered is 

counted by the Loss Given Default indicator (Frye, 2004). 
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 As there is a direct link between the LGD and the so-called recovery rate 
(RR), in practice the loss is modeled in the event of non-repayment by RR, which 
can be calculated as that proportion of the amount financed which was recovered 
by the time of entry into non-refund status:  = , ∈ [0,1] 
RR means Recovery Rate; AR means Amount Recovered and AL represent 
Amount Loaned. Thus, with the help of the recovery rate, LGD can be calculated 
with the following formula: 	 = 1 − , 	 ∈ [0,1] 
 

An LGD value of 100% and a recovery rate of 0% are interpreted by the 
fact that the bank fails to recover the loan. 

As in the case of PD, long-term historical data on debtors' debt is essential. 
When collecting this data, it must be considered that the state of the economy may 
change the value of collateral and other factors, as well as the ability of borrowers 
to repay their loans. 

Many other variables that could affect this component must be considered 
when creating a database for estimating LGD, such as: information about loans and 
collateral, collateral deposits, and other characteristics of the borrower, such as 
creditworthiness, geographic area and the industry in which it operates. 

As real estate collateral continues to be a major form of collateral, it is very 
important to monitor real estate market trends to see what steps need to be taken if 
the real estate market is declining, to find out how long it takes to sell the property 
in real estate. case of non-payment etc. (Spuchlakowa & Cug, 2015). 

Financial-banking institutions often suffer additional losses due to 
collateral that can no longer cover loans. If the value of real estate collateral may 
decrease during periods of default and strongly reflect the creditworthiness of 
borrowers, these additional losses should be included in the LGD estimate. 

 
3.3. Exposure at Default (EAD) and Credit Conversion Factor (CCF) 
Non-repayment exposure or exposure at default (EAD) is the total amount 

that a creditor is exposed to when a debtor goes into default. That is, it is the 
maximum amount that a bank can lose when a borrower can no longer pay its 
debts. In many cases the bank grants a loan, but the lender does not use the full 
amount or may have paid off a large portion of the loan at the time of default. 

Therefore, the dependent variable for the EAD model will be that 
proportion of the borrowed amount that has not been repaid. This ratio is called the 
Credit Conversion Factor (CCF) and takes values between 0 (if all the loan has 
been repaid) and 1 (if no part of the money has been repaid) and can be calculated 
so: = −
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Then, Exposure at Default can be easily calculated that way: 

 = ∗  
 

3.4. Scorecards 
For credit sales agents and employees who do not have extensive 

experience in statistics, the models for estimating credit risk are simplified in the 
form of scorecards. The score of the PD model in the form of scores is represented 
in a scorecard. 

Depending on the information used to develop the model, scorecards can 
be of two types: Application Scorecards and Behavioral Scorecards. 

Whether we are talking about a credit application from a new client or 
from an existing one, each borrower is represented by his credit score. The lower 
this score, the higher the risk. 

This score was developed and provided by a company called Fair Isaac 
Corporation and can take values between 300 and 850. A credit score of 300 shows 
that the person being assessed has the highest possible level of credit risk and will 
not may honor contractual obligations. Instead, a credit score of 850 shows that the 
person being assessed has the lowest possible level of credit risk and the highest 
willingness to repay the borrowed amount (Bouteille & Coogan-Pushner, 2013). 
 
   4. Case Study: Development and Validation of Credit Risk Models 

In the following, the components of credit risk will be modeled and 
scorecards will be built using Python programming language, together with 
pandas, which is a quick, powerful, versatile, and easy-to-use open source data 
analysis and processing tool (https://pandas.pydata.org).  For this, a 7-year database 
will be used, which contains a series of information about people who have applied 
for a peer-to-peer loan. The source of the data  is www.kaggle.com. 

PD, LGD and EAD modeling involves steps: preprocessing data, 
estimating models, testing and evaluating their performance. 

The database contains a number of dependent and independent variables. 
Independent variables or predictors are those that contain the information needed to 
make a prediction of dependent variables. 

For the PD model, the dependent variable will be the status of the loan. For 
the LGD model, the dependent variable will be how much could be recovered from 
the loan until the borrower went into default, and in the case of EAD, the total 
exposure will be used from the time of default. compared to the total past exposure. 

In order to be able to present the model in a much simpler form by means 
of scorecards, its independent variables must be categorical. Therefore, the step of 
data preprocessing for the PD model will be to transform all independent variables 
into categorical variables or so-called dummy variables. For those variables that are 
already discrete, preprocessing will consist of creating dummy variables for each of 
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4. Conclusions 
The case study highlighted that the modeling of credit risk components 

required the construction of dependent variables and the choice of a set of 
independent variables. In the process of estimating the regression and p-value 
coefficients for the PD model, we used logistic regression to model whether or not 
the borrowers in the loan portfolio are in default. The first step was to apply the 
same logistic model used in the case of PD, analyzing whether the dependent 
variable represented by the recovery rate has the value zero or not. 

In the test step of the model, we used the predict() or predict_test() 
methods specific to the sklearn library of the Python language to determine the 
probabilities or predicted values of the dependent variables. 

In the step of evaluating the performance of the PD model we used the 
confusion matrix, we calculated the accuracy for two thresholds and we noticed 
that this cannot be considered a good method of evaluating a model. Next, we used 
the ROC curve and calculated the area under the curve, resulting in a reasonable 
performance of the model. We also calculated the Gini coefficient using the area 
under the curve. 

Credit risk is the most important and most difficult to quantify the risk to 
which a banking financial institution is exposed, the incorrect assessment of the 
probability of default having serious consequences on that institution and beyond. 
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