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7.1.	 Introduction
Over the last few decades, major advances have 
been made in methodologies for assessment 
of credit risk. Depending upon the complexity 
and materiality of credit portfolios, banks and 
financial institutions (FIs) have implemented a 
variety of models to quantify multiple dimen-
sions of credit risk. Banks require model-driven 
internal estimates of regulatory capital under 
the advanced approaches of the Basel frame-
work and also to determine Expected Credit 
Loss (ECL) based provisions under the IFRS 
accounting framework. Internal models allow 
banks to align risk buffers more closely to their 
own exposures and portfolios, thereby reducing 
the potential for capital arbitrage that is inher-
ent in the regulator prescribed risk estimation 
formulae. Furthermore, credit risk models can 
be adapted to changes in the macro-economic 
environment for reliable stress testing under 
the Internal Capital Adequacy Assessment Pro-
cess (ICAAP) of the Basel framework and esti-
mation of forward-looking ECL. 

More importantly, banks have started incor-
porating the outputs of internal risk models in 
ever-widening tactical and strategic decision-
making processes, including, but not limited to, 
loan origination, risk-based pricing, customer 
and portfolio level risk-adjusted performance 
measurement, economic capital allocation to 
business lines, credit limit setting and active 
portfolio management. 

The more recent past has seen significant 
enhancement of risk analytics capabilities at 
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banks. This has come about due to the digiti-
zation of lending business; availability of large 
volumes of transactional and behavioral cus-
tomer data from internal and external sources; 
and, through deployment of advanced Artificial 
Intelligence (AI) and Machine Learning (ML) 
techniques. Banks have started integrating 
risk-based algorithms into automated lending 
processes for near-real-time decision-making 
in terms of underwriting, setting pre-approved 
credit limits and loan pricing. A recent survey 
conducted by SAS and GARP (2019) found that, 
over the next three to five years, banks expect 
to significantly increase adoption of AI & ML 
models to support key risks.

However, all risk estimation models are them-
selves a potential source of risk. As defined by 
the Federal Reserve, (2011), model risk is ‘….the 
potential for adverse consequences from decisions 
based on incorrect or misused model outputs and 
reports’. One type of model risk arises because 
of the assumptions, data flexibility and meth-
odological choices in model construction, which 
if untested, can create inaccurate or undesired 
outcomes. Such flaws in Basel-compliant credit 
risk models can generate underestimates of 
capital and reserve requirements. When applied 
to management decision-making, unauthenti-
cated models can lead to underpricing of credit 
risk, mis-selection of credit customers and 
creation of unintended risky portfolios. Model 
risk may also result from misuse of credit risk 
models. This may either be because the model 
design is intentionally manipulated to under-
play estimated risks in order to boost short-
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term business growth and profitability; or 
because complex models are “black boxes” for 
management and their use in decision-making 
is therefore inadvertently compromised. 

Thus, while quantitative methods will play 
an increasingly important role in the future 
of credit risk management, they must also be 
approached with caution. The Basel Internal 
Ratings Based (IRB) Approach prescribes mini-
mum standards for internal credit risk mod-
els used for regulatory capital computation. 
Despite this, there have been instances of model 
exploitation by some global banks that have 
led to reputation loss and imposition of regu-
latory penalties. As a consequence, model risk 
management (MRM) has become a key concern 
for banking supervisors the world over. Regu-
lators in US, Europe and UK have established 
principles for model governance that have to 
be complied with. Beyond compliance, the top 
management of banks also has to have internal 
assurance of the reliability of such models in 
on-going credit risk assessment. 

In light of the above concerns, this chapter aims 
to comprehensively describe the evolving MRM 
framework and highlight its relevance in the 
context of credit risk models used by financial 
institutions. The rest of the chapter is organ-
ized as follows. The second section of this chap-
ter focusses on the range of credit risk models 
that are currently in-use for various purposes. 
The third section summarizes the regulatory 
expectations and best practices in MRM. In the 
fourth section, the qualitative and quantita-
tive aspects of credit risk model validation are 
described. The fifth section indicates key chal-
lenges associated with the MRM discipline in 
the context of credit risk. The final section con-
cludes with implications for Indian banks and 
supervisors. 

7.2.	 Landscape of Credit Risk 
Models

Credit risk is the estimated potential loss that 
is associated with adverse credit events like 
standalone and correlated obligor defaults or 

FIGURE 7.1
Landscape of Credit Risk Models and their Use Cases

Borrower/Facility
Level Models

Borrower Credit Rating/
Scoring Models

(Expert Judgment Based/
Statistical/Structural)

Loan Approval Decisions Default/Asset Correlation
Models

(Industry/Sector/Region/
Exposure level)

Portfolio Loss Distribution
Models

(Statistical Distributions/
Monte Carlo Simulations/

Extreme Value �eory)

Expected Credit Loss 
based Provisions (IFRS 9)

Portfolio level 
Unexpected Loss

Regulatory IRB Capital
Requirement (Basel Pillar I)

Economic Capital 
Requirement for Credit Risk

Risk Contribution based
Capital Allocation to 

Portfolios/Business Lines

Exposure Concentration Limits
(Internal Risk Appetite)

Risk Adjusted Performance
Measurement

Stressed Capital
Requirements (Basel Pillar 2)

Macroeconomic
Linkage Models

Macro-economic Variablies 
linked Forward Looking 

Risk Estimates

Stress Testing Models

Facility Rating Models
(Expert Judgment/Statistical)

Borrower/Facility
Level Outputs

Portfolio Models
Portfolio / Bank Level

Outputs

Probability of Default (PD)
Models

Point-in-Time/�rough-the-
Cycle; Rating based/Pool 

based; Cumulative/Marginal

Loss Given Default (LGD)
Models

(Historical Workout Costs/
Market Price; Pont-in-time/

�rough-the-Cycle/
Downturn)

Exposure at Default (EAD)
Models

(Internal Credit Conversion 
Factors for Undrawn

Commitment/Non-Fund
Based Credit Facilities/

Derivatives)

Expected Credit Loss (ECL)

Unexpected Loss (UL)

Loan Valuation

Loan Pricing

IRB Risk Weights

Source:	 Author’s own construction.
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downgrades. For banks and FIs, this is a key 
business risk that needs to be measured, moni-
tored and managed on a continuous basis. Esti-
mates of credit losses can be constructed from 
models for key credit risk drivers – Probability 
of Default (PD), Loss Given Default (LGD), 
Exposure at Default (EAD) and default or asset 
correlations. In this context, the term ‘model’ 
can be defined as ‘a quantitative method, sys-
tem or approach that applies statistical, economic, 
financial, or mathematical theories, techniques 
and assumptions to process input data into quan-
titative estimates. …It also covers quantitative 
approaches whose inputs are partially or wholly 
qualitative or based on expert judgment, provided 
that the output is quantitative in nature’ (Federal 
Reserve, 2011). 

Under the Basel framework, credit risk makes 
up more than 80 percent of total capital esti-
mates, predominantly driven by internal rating 
models (Berg et. al., 2017). Models for credit 
portfolios, developed in-house or outsourced 
to external vendors, thus constitute the larg-
est proportion of banks’ model inventories. The 
application of credit risk models can therefore 
have substantial impact on the regulatory and 
financial performance of a bank. Figure 7.1 
summarizes the range of models that can be 
potentially implemented depending upon the 
sophistication of credit risk management sys-
tems of a bank. 

The basic building blocks of credit risk are inter-
nal credit rating or scoring models, which assign 
a rank order to credit customers and loan facili-
ties based on their risk profile. The objective of 
these models is to maximize the discrimination 
between good and bad credits to support sanc-
tion decisions and price and monitor the loans 
differentially. These may vary based on the 
type of borrowers (retail, SME, corporate etc.) 
to which they are applied. The model design in 
terms of parameters, weightage and aggrega-
tion formula, may be expert-judgement based; 
or derived through statistical or structural 
methods using historical data; or a mix of both. 

PD, LGD and EAD models quantify three differ-
ent components for estimation of standalone 
credit losses. PD measures the chance that an 
obligor will default on its contractual payment 
obligations, at some future horizon. Different 

types of PD models (grade-wise or pool-wise) 
can be developed based on historical default 
performance data associated with borrowers in 
different rating grades or in homogenous pools 
of shared risk characteristics. The models may 
be designed to compute a variety of default-risk 
estimates like those reflecting current condi-
tions (Point-in-Time PD or PIT PD) or average 
conditions over an economic cycle (Through-
the-Cycle PD or TTC PD) and Cumulative PD 
(over the loan lifetime) or Marginal PD (over 
incremental future periods). EAD is the nomi-
nal amount of future exposure to the obligor 
at the time of default. EAD models quantify 
internal credit conversion factors (CCF) based 
on historical data of defaulted fund and non-
fund based credit facilities. LGD represents the 
fraction of credit exposure that would not be 
recovered post obligor default. LGD models can 
be constructed from historical work-out costs 
of defaulted accounts or from market prices 
of defaulted credit instruments. PD, LGD and 
EAD can be translated into Expected Credit 
Loss for provisioning; credit spreads for loan 
pricing; and IRB risk weights for credit risk 
capital charge. 

Since credit risk behavior in terms of defaults, 
recoveries and drawdown of credit lines can be 
cyclical, banks can also link credit risk drivers 
with systemic variables to forecast credit losses 
under different macroeconomic scenarios, 
including stressed conditions. Furthermore, 
adverse credit events are often driven by com-
mon factors across borrowers from similar 
sectors, industries or regions. Thus, portfolio 
models can incorporate estimates of default 
and asset correlations to capture diversification 
benefits or concentration risks. Such models 
enable forecasts of aggregate economic credit 
loss at a portfolio level, based on techniques 
like statistical distributions, Monte Carlo simu-
lations or Extreme Value Theory. 

7.3.	 Model Risk Management – 
Supervisory Expectations and 
Best Practices

The earliest formal supervisory guidance on 
model risk management was published by the 
Federal Reserve (SR Letter 11-7, 2011). The 
guidance describes three elements of an effec-
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tive MRM framework – 1) Robust model devel-
opment, implementation and use; 2) Rigor-
ous model validation process and 3) Effective 
model governance and control mechanisms. 
The framework of course needs to be ‘custom-
ized to be commensurate with a bank’s risk 
exposure, its business activities and the com-
plexity and extent of its model use’.

In 2016, the European Central Bank launched 
its multi-year project on Targeted Review of 
Internal Models – TRIM (ECB, 2017) which 
focused on the internal models for regulatory 
capital estimation and the concern regarding 
‘the unwarranted (i.e. non-risk-based) variabil-
ity of the outputs of models’. This was followed 
up with detailed instructions for validation 
of internal credit risk models under the IRB 
Approach (ECB, 2019a and 2019b). The TRIM 
project report (ECB, 2021) broadly confirmed 
that internal models were suitable for regula-
tory capital charge computation. However, 
model weaknesses were identified, many of 
which pertained to low default portfolios and 
credit scoring and LGD models for retail and 
SME portfolios. Non-model aspects regarding 
organization and activities of internal valida-
tion function, roll-out and use of models and 
management of model changes were also found 
to be deficient. The report projected that the 
supervisory constraints on model use imposed 
under TRIM would lead to 12% increase in the 
aggregated risk weighted assets for systemi-
cally important banks. 

As a consequence of these results, banking reg-
ulators in other nations, like, Bank of England 
(BoE 2022) and the Financial Services Agency 
of Japan (FSA 2021) have also published prin-
ciples for MRM, which encompass governance; 
model inventory and risk classification; devel-
opment, implementation and use of models; 
independent validation; external or vendor 
products and resources; internal audit; and 
model risk mitigation. Banks need to follow 
these principles, not just for their regulatory 
models, but also for those applied for account-
ing provisions, internal risk management, 
pricing and valuation; and more so for models 
based on complex techniques like ML. 

Driven by supervisory expectations, global 
banks have prioritized the implementation of 
effective MRM. A recent PWC survey (2022) 
of 32 FIs from Western Europe, America, Asia, 
CEE and other nations indicates that bigger 
banks have larger number of risk-relevant mod-
els in place and dedicate larger resources for 
MRM. Many have already adopted or intend to 
adopt technology solutions, with the objective 
of reducing model risk, enhancing operational 
efficiency and improving regulatory compli-
ance. 

Using a bibliometric analysis, Cosma and Rimo 
(2022) show that academic literature on model 
risk is fairly recent and built around themes of 
conceptual, computational and organizational 
aspects of model risk management. De Jongh 
et. al. (2017) propose a coherent “best prac-
tice” framework for model validation, which 
is founded on strong governance, policies and 
procedures and comprises three aspects – 1) 
conceptual soundness and development evi-
dence, 2) process verification and on-going 
monitoring and 3) outcomes analysis. Garro 
(2020) describes how MRM practices at finan-
cial institutions have evolved, starting with 
establishing policies and standards and build-
ing internal skill-sets to ultimately creating 
value through automation of the MRM pro-
cesses. Hill (2019) discuss multiple challenges 
that banks face in the evolving MRM discipline 
and the approaches to address these problems. 

Berg et. al. (2017) use a supervisory dataset 
from 40 German banks for more than 17,000 
borrowers over quarterly intervals spanning 
2008 to 2012, to measure model risk in terms 
of inconsistency of PD estimates across banks. 
They conclude that 95 percent variation in 
internal PDs is idiosyncratic, whereas 5 percent 
is explained by bank fixed effects. While this 
evidence supports the use of internal risk mod-
els, it also indicates that model arbitrage may 
be a cause of lower PD estimates, especially 
for weaker capitalized banks. In the context of 
market risk, Farkas et. al. (2020) establish that 
capital estimates, when adjusted for model risk, 
are less volatile predictors of losses in both nor-
mal and stressed conditions and as such, more 
suited to conservative regulatory use. 
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The risk-model lifecycle and its management is 
an on-going exercise which is expected to con-
tinue to grow in relevance and complexity as 
larger numbers and more sophisticated tech-
niques get ingrained in credit risk analytics. 
The key steps in the MRM process, as compiled 
from regulatory guidelines, academic literature 
and industry practices are summarized in the 
flowchart (Figure 7.2). This process works best 
if it is founded on a strong governance frame-
work and good policies encompassing model 
inventories. 

7.4.	 Validation of Credit Risk 
Models

The most crucial and technically challeng-
ing component of model risk management 
for credit risk is the process and methodol-
ogy for validation. The objective of validation 
is to ensure that ‘models are performing as 
expected, in line with their design objectives 
and business uses.’ (Federal Reserve, 2011). 

Latest academic literature focusses on model 
risk in the new generation ML algorithms for 
credit risk, which, while outperforming tra-
ditional quantitative models in terms of pre-
dictive capabilities, can pose new supervisory 
risks associated with interpretability, biases, 
stability and external dependencies. Robisco 
and Martinez (2022) summarize three broad 
sources of model risk that can afflict ML-based 
default prediction models. These include statis-
tics (stability of prediction, goodness-of-fit and 
calibration), technology (transparency of the 
ML algorithm and third party infrastructure) 
and market conduct (latency and interpret-
ability). The relative importance of these fac-
tors depends upon whether the model is used 
for internal credit scoring and monitoring of 
accounts, regulatory capital estimation or pro-
visioning. Using an open-source database they 
demonstrate a consistent approach to measur-
ing model risk adjusted performance of alter-
native ML models. 

FIGURE 7.2
Model Risk Management Process 

Model Identification
Scope

Purpose
Use Case

Model Development
Choice of Variables

Methodology
Data

Initial Validation
Satisfactory?

Periodic Validation
Satisfactory?

Model Governance Framework

Model Inventory and Model Risk Ranking

Model Risk Management Policy including Validation Policy

No

Yes

Yes

Needs
Improvement

No Un t
for Use

Approval

Implementation
Documentation

Systems and Processes
MIS and Reports

Model Use
Performance
Monitoring

Audit

Change Management
Updation of

Documents, Systems,
Processes and MIS

Model Retirement and 
Redevelopment

Model Review 
and Refinement

Source:	 Author’s own construction.
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Validation is also a minimum requirement of 
the Basel IRB approach, which states that ‘the 
institutions shall have a regular cycle of model 
validation that includes monitoring of model 
performance and stability; review of model 
relationships; and testing of model outputs 
against outcomes.’ (BIS, 2019).

In order for model validation to be effective, 
there are some essential prerequisites. Firstly, 
the validation exercise should have a unique 
“owner”, and be independent from model 
development and use, so as to provide an unbi-
ased opinion on model performance (De Jongh, 
2017). This can be achieved by establishing 
a distinct internal model validation division 
within the risk organization (McKinsey, 2017) 
or by involving external validators. Secondly, 
the validation team should have strong knowl-
edge of model building, high level of technical 
expertise in statistical methods and a good 
understanding of the business lines to which 
the model is applicable (Federal Reserve, 2011). 
Finally, the validation process should not just 
be compliance driven but result in meaningful 
improvement of model robustness over time. 

A comprehensive validation of credit risk mod-
els comprises both qualitative and quantitative 
aspects, which are depicted in Figure 7.3. 

Qualitative Validation of  
Credit Risk Models
The first aspect of qualitative validation is 
to ensure that each model has a well-defined 
statement of purpose and scope of application. 
Very often, more than one methodology may 
be applied to measure a single credit risk driver 
for a particular credit portfolio. For example, 
both a pool-PD model and a score-based PD 
model may be concurrently applied for retail 
loans. In such cases, proper use-case delinea-
tion of the two models has to be ensured, where 
for instance, the bank employs the pooled-PD 
model for IRB capital charge and ECL-based 
provisioning and uses the score-based PD 
model for loan origination and pricing. Such 
clear-cut demarcations reduce the potential of 
model arbitrage and also have different implica-
tions for quantitative validation. 

Verifying the strength of model design is 
another crucial component of qualitative 
validation, which needs to be established and 
evidenced at the model development stage. 
Credit risk models must be based on proven 
theory, sound industry practice and logic and 
supported by empirical validity. The input and 
output variables must be precisely defined, 
based on objective criteria and suitable to the 
model purpose. A credit risk model may fail the 

FIGURE 7.3
Components of Credit Risk Model Validation

Credit Risk Model Validation
Components

Model Design Data Quality Use Test Back-testing Benchmarking

Discriminatory
Power

Calibration Stability

Qualitative Quantitative

Source:	 Author’s own; adapted from OeNB and FMA, 2004.
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test of robust design due to multiple reasons. 
For example, a single, one-size-fit-all credit 
scorecard for retail loan customers may fail to 
include product-specific variables which may be 
critical for evaluation of credit quality (known 
as the problem of missing variables). A heuris-
tic credit rating model may include qualitative 
input variables like business and management 
risk, whose sensitivity to credit worthiness may 
not be statistically significant. Historical LGDs 
may not be adjusted for collection costs and 
time value of money, thereby leading to an LGD 
model that underestimates economic losses. 
Another case may be when a linear regression 
technique, where the dependent variable takes 
continuous values has been used to develop a 
credit scorecard which classifies good and bad 
borrowers on probabilistic basis. An inaccurate 
model design can have cascading repercussions 
on credit risk quantification. 

Furthermore, internal credit risk models used 
for IRB capital are subject to minimum regu-
latory design standards. For example, a Basel 
compliant internal credit rating model has to 
be two–dimensional so as to capture both bor-
rower and facility risk and must have at least 
7 grades. PD estimates for credit portfolios or 
pools have to be based on long-run average 
spanning a minimum historical observation 
period of 5 years. LGD models have to generate 
downturn-LGD estimates reflecting stressed 
economic conditions and have to be derived 
empirically, using minimum 7 years of histori-
cal data. The validation process has to thus con-
firm that there is adherence with regulatory 
guidance, else the model may get disqualified at 
the time of supervisory review. 

Data quality is another important aspect of 
model verification. Most credit risk models are 
highly data intensive and data drawn from mul-
tiple loan systems is used over the entire model 
lifecycle. If the data used at the time of model 
building is not sanitized for missing or incor-
rect values or not representative of the credit 
portfolio, it may lower the model’s predictive 
power. Ensuring data sanctity can be espe-
cially problematic if the historical records are 
obtained from legacy loan systems or manually 
collected. If the data entered by users of credit 
risk models, say for the purpose of borrower 

rating, is incomplete, biased or unreliable, it 
can result in mis-reporting of credit quality. 
Also, if adequate historical and cross-sectional 
granular data is not available, the assessment 
of the models on quantitative basis may be 
compromised. 

Finally, under qualitative validation, all credit 
risk models must be well-documented and pass 
the use-test criteria. A precise model workflow, 
user acceptance and incorporation into credit 
functions are essential use-test criteria that 
must be established at the time of model devel-
opment. If discretionary overrides based on 
individual interpretation are frequently used 
in a credit rating process, it may weaken the 
objectivity of the rating model. For unbiased 
credit risk evaluation, the application of the 
model should be independent of the business 
line, and at the same time, the model output 
should figure in some aspect of credit business 
decisions and strategies in a consistent man-
ner. For instance, if rating based limits for loan 
approvals are disregarded by credit officers in 
sanctioning loans, it may result in a skewed risk 
profile of exposures, which breaches the bank’s 
credit risk appetite. The models also need to be 
assessed on how seamlessly their functionality 
is integrated with the broader credit informa-
tion systems of the bank. Finally, the reporting 
framework on the outputs of the models needs 
to be well-defined and suitable for top manage-
ment to derive meaningful and timely signals 
of the changing risk profile of different credit 
portfolios. 

Quantitative Validation of Credit Risk 
Models
Quantitative testing of credit risk models aims 
to check model accuracy and performance 
through a wide variety of statistical tests. These 
tests may vary substantially depending upon 
the purpose for which the model is designed, 
the underlying methodology and data on which 
the model is constructed and the nature of the 
model output. The broad areas of quantita-
tive tests include verifying the discriminatory 
power, calibration and stability of the model. 
Furthermore, the test parameters should be 
back-tested to ensure that predictive ability 
is not decaying and benchmarked with other 
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models for comparative performance checks. A 
BCBS working paper (2005) provides a detailed 
description of quantitative validation tech-
niques used for internal rating systems. Wu and 
Olsen (2010) demonstrate the application of 
these methods on predictive credit scorecards 
of a large Canadian bank. In the following sub-
sections, we discuss some of these techniques. 

Discriminatory Power
Credit rating or scoring models, which typically 
attempt to rank order customers or facilities 
based on credit quality, need to be assessed for 
classification accuracy or discriminatory power, 
which is ability to differentiate between “good” 
and “bad” credit. Borrower or counterparty 
rating models try to forecast whether a bor-
rower will default (bad) or not default (good) 
and therefore reflect PD. Facility ratings, on the 
other hand, classify the extent of post-default 
loss, that is, LGD. The rating scale thus implies 
an ordinal ranking of the credit risk driver (PD 
or LGD as the case may be). 

At the development stage, credit rating models 
are usually tested for their classification accu-
racy based on sample data prior to selecting 
the final model. Post implementation, periodic 
analysis and monitoring of models’ discrimi-
natory power is an important component of 
quantitative validation. The classification accu-
racy tries to measure the extent to which the 

rating model correctly differentiates good and 
bad credit and more importantly, the extent to 
which accounts are mis-classified, thereby lead-
ing to Type 1 or α-error (bad accounts classified 
as good) and Type 2 or β-errors (good accounts 
classified as bad). As summarised in Table 7.1, a 
variety of graphs or statistical measures can be 
used to test model discriminatory power. 

To apply these tests, performance data of 
accounts rated or scored by the model is 
required over a pre-defined observation period. 
Table 7.2 depicts account-wise summary data 
of good (non-defaulted) and bad (defaulted) 
accounts over a one year observation period 
post application of a 10-grade credit rating 
model. From this data, we can construct a ROC 
curve as shown by the red arc in Figure 4 and 
measure the AUROC, which is 73.63%. An ideal 
rating model, that is, one which has perfect dis-
criminatory power, would be graphically repre-
sented by the green line in Figure 7.4, such that 
AUROC = 1. On the other hand, for a model 
which cannot differentiate between good and 
bad cases, the black diagonal line would repre-
sent the ROC curve, for which AUROC = 0.5. 
Thus, the greater the convexity of the ROC 
Curve, the higher the value of AUROC, the 
better the discriminatory power of the model. 
Models where AUROC < 0.5 would be ones 
where the rating system classifies the cases at 
least partly in the wrong order. 

TABLE 7.1
Summary of Discriminatory Power Analysis Methods

Graphical Representation Statistical Measures

• Cumulative Frequency Distributions of good and bad 
cases across credit scores

• Kolmogorov-Smirnov (K-S) Statistic: Maximum 
difference between cumulative proportions of good 
and bad accounts across credit scores

• Receiver Operating Characteristic (ROC) curve: the 
plot of cumulative proportion of bad accounts vis-
à-vis cumulative proportion of good accounts across 
credit scores

• AUROC: Total area under the ROC Curve

• Cumulative Accuracy Profile (CAP) curve: the plot of 
cumulative proportion of bad accounts vis-à-vis 
cumulative proportion of all accounts across credit 
scores

• Accuracy Ratio / Gini Coefficient = 2*AUROC - 1

• α-β Error curve: the plot of β error vis-à-vis the α 
error across credit scores

• Bayesian Error Rate: Minimum weighted average of α 
and β errors across credit scores

Source:	 Author’s own construction, based on literature.
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Whether a model’s classification accuracy is 
acceptable or not can be verified with respect 
to its statistical significance and also by com-
paring the model metrics with benchmarks of 
similar models – for example external rating 
agency models. Discriminatory power of the 
model should also be within a threshold value 
of the validation metric specified in the bank’s 
model risk appetite. Finally, whether there is a 
substantial reduction of discriminatory power 
from that which was established at the time of 
model development, should also be examined 
through back-testing.

Calibration
Internal rating models need to be calibrated to 
a relevant and cardinal measure of credit risk. 
Thus, default-risk scoring models should map a 
forecasted PD value to each rating or score band. 
Similarly, facility rating models should assign 
predicted LGD values to facility grades. Logistic 
or Probit regression based credit scoring mod-
els have outputs which are in the form of statis-
tical default probabilities. Structural credit risk 
models which use price data from equity, bond 
or credit default swap markets generate risk-
neutral default probabilities. Expert-judgment 
based rating models, on the other hand, pro-
duce discrete risk grades. Each of these models 
requires the scaling of the a-priori default prob-
ability bands or rating grades to projected TTC 

PD or PIT PD as suitable. Tasche (2013) and 
Nehrebecka (2016) describe a variety of cali-
bration techniques and the conditions under 
which they are fit for purpose. 

An ideal calibrated PD curve should preferably 
demonstrate monotonicity (that is, default 
rate for a better rating should be lower than 
default rate for an adjacent worse rating). Fur-
thermore, forecasted PDs, especially if used 
for regulatory capital charge, should be strictly 
positive. Column 2 in Table 7.3 provides an 
illustrative example of the actual default rates 
across rating grades in the observation period. 
It includes some instances of inversions of 

TABLE 7.2
Grade-wise Distribution of Good and Bad Accounts of an Internal Rating Model

Rating 
Grades

No. of Good  
Accounts

No. of Bad  
Accounts

Total No. of  
Accounts

Proportion of 
Total Accounts 

Proportion of 
Bad Accounts

Grade-wise 
Default Rate

X (worst) 8 1 9 0.26% 1.11% 11.11%

IX 219 19 238 6.92% 21.11% 7.98%

VIII 294 29 323 9.40% 32.22% 8.98%

VII 797 17 814 23.68% 18.89% 2.09%

VI 648 14 662 19.26% 15.56% 2.11%

V 770 6 776 22.58% 6.67% 0.77%

IV 273 3 276 8.03% 3.33% 1.09%

III 173 1 174 5.06% 1.11% 0.57%

II 99 0 99 2.88% 0.00% 0.00%

I (best) 66 0 66 1.92% 0.00% 0.00%

All Grades 3347 90 3437 100.00% 100.00% 2.62%

Source:	 Illustrative Data.

FIGURE 7.4
The ROC Curve for a 10-Grade Rating Model
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observed default rates (1.09% for Grade 4 > 
0.77% for Grade 5), as may arise in real-life 
data. Such deviations may indicate a problem 
with the rank ordering capacity of the rating 
methodology or might just be an exception to 
the long-run pattern. Column 3 shows the cali-
brated PDs for the forecast period, estimated 
using the Quasi Moments Matching Method 
(Tasche, 2013) and subject to the constraints of 
monotonicity and strictly positive values. 

Since calibrated credit risk outputs forecast the 
performance of the credit portfolio in quanti-
tative terms, they should also be back-tested 
against realized outcomes. Thus, calibrated 

grade-wise or pool-wise 1-year PDs at time t, 
which predict the default rates at time t+1 year, 
need to be verified against observed default 
rates at the end of the 1-year horizon. Various 
statistical tests like Jeffrey’s Test (ECB, 2019a), 
Brier Score (OeNB and FMA, 2004), t-test, 
standard normal test can be used to determine 
if there is significant deviation of actual default 
rates from the calibrated PDs both at a port-
folio level and for individual rating grades or 
portfolio segments. 

Stability
The stability of credit risk models is typically 
examined from three perspectives - change 
in the portfolio profile, stability of the rating 
migration matrix and concentration in rating 
grades. If there has been a significant change in 
the customer profiles between the time a credit 
risk model was first developed and at the time 
of its latest validation, it could be a possible 
cause of the underperformance of the model. 
The Population Stability Index (PSI) provides a 
relevant quantitative measure of whether a large 
shift in the portfolio’s rating profile has occurred 
and the same can be detected visually as shown 
in Figure 7.5, where the distribution of accounts 
across ratings has deviated in 2020 from that in 
2009. 

For credit rating models where the customer 
grade is reviewed and revised periodically upon 
availability of fresh information, the rating 
migration matrix captures the movement of 
accounts from one grade to another over a pre-
defined horizon. Such matrices need to be scru-
tinised for their stability in terms of proportion 
of accounts remaining at their original rating 
grade, vis-à-vis transitioning to higher or lower 
rating grades. Point-in-time rating models 
which use current borrower information, can 
be expected to have a higher degree of variabil-
ity in terms of upgrades and downgrades over 
different phases of the macro-economic cycle. 
This feature is desirable especially for models 
used for ECL provisions under IFRS. However, 
through-the-cycle rating models capture the 
average credit quality of borrowers over busi-
ness cycles, and are intended to ensure a steady 
prediction of regulatory capital. Such models 
must demonstrate a fair degree of stability of 
rating transitions at a portfolio level. 

FIGURE 7.5
Shift in the Rating Profile of Borrowers Over Time
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Source:	 Illustrative Depiction.

TABLE 7.3
Calibrating PDs to Internal Rating Grades

Rating 
Grades

Observed 
Default Rates 

(time t)

Calibrated Fore-
casted PDs (time 

t+1)

10 (worst) 11.11% 27.55%

9 7.98% 17.60%

8 8.98% 10.71%

7 2.09% 6.31%

6 2.11% 3.64%

5 0.77% 2.08%

4 1.09% 1.18%

3 0.57% 0.67%

2 0.00% 0.21%

1 (best) 0.00% 0.03%

All Grades 2.62% 4.98%

Source:	 Illustrative Data.
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Table 7.4 provides an example of a rating 
migration matrix, estimated from one-year rat-
ing movements of borrower accounts, averaged 
over 5 years. The diagonals represent the aver-
age proportion of accounts in each grade where 
the rating remained same as at the start of 
each year, which should ideally be the highest 
vis-à-vis other transition probabilities. The last 
column indicates the long-run average annual 
default rate (or TTC PD) for each grade which 
should optimally increase with worsening 
grades. The green cells and orange cells respec-
tively show the proportion of upgrades and 
downgrades from each rating, which should fall 
for migrations further away from the diagonal. 
Transition matrices derived from real-life appli-
cations of rating models may show some viola-
tions of these features, as is seen in Table 7.4. 
Persistently deviant outcomes may be indica-
tive of defective model design. For example, if 
in the rating model design, certain grades have 
been mapped to very broad score bands, those 
grades may not be sensitive to small changes in 
the underlying score. 

The more stable the rating model, the lower 
would be the variability in transition probabili-
ties over time. To back test the stability of the 
rating model (grade-wise and overall), the lat-
est one-year migration data pertaining to the 
validation period can be compared with the 
average migration percentages from the past 
data to identify whether there has been a sharp 
deviation, which could be indicative of poten-
tial model instability. 

The final feature of stability that needs to be 
proved is the homogeneity of accounts and 
exposures across grades or pools created for the 
estimation of the credit risk parameter. If there 
is a significant concentration of accounts in a 
few grades, the risk output can become highly 
variable within those grades. The Hirschman 
Herfindahl Index (HHI) is a useful metric to 
capture the uniformity of accounts across 
grades or pools. Where xi represents the per-
centage of accounts in the i-th grade, HHI is 
estimated as 

�
�

�
10

1i

2
ixHHI

TABLE 7.5
Grade-wise Concentration of Accounts

Rating  
Grades

No. of  
Rated Accounts

% of  
Accounts (xi)

I 26 0.4%

II 513 8.7%

III 630 10.7%

IV 728 12.4%

V 935 15.9%

VI 949 16.1%

VII 1322 22.4%

VIII 606 10.3%

IX 176 3.0%

X 8 0.1%

Total 5893 100.0%

Source:	 Illustrative Data.

TABLE 7.4
1-Year Rating Migration Matrix

CR1 CR2 CR3 CR4 CR5 CR6 CR7 CR8 CR9 D

CR1 60.0% 7.06% 17.65% 5.89% 2.35% 5.88% 1.18% 0.00% 0.00% 0.00%

CR2 5.11% 59.71% 22.70% 7.16% 5.11% 0.00% 0.00% 0.00% 0.00% 0.20%

CR3 0.70% 5.26% 55.03% 19.56% 11.99% 2.86% 1.73% 0.64% 0.55% 1.67%

CR4 0.15% 2.42% 8.08% 63.09% 14.47% 5.03% 3.06% 1.21% 0.79% 1.63%

CR5 0.18% 1.93% 4.78% 14.22% 69.70% 4.12% 2.41% 1.02% 0.73% 0.91%

CR6 0.63% 0.21% 1.90% 9.49% 20.89% 54.96% 7.38% 1.27% 1.16% 2.10%

CR7 0.00% 0.00% 1.01% 3.04% 21.27% 10.85% 54.27% 4.05% 1.88% 3.62%

CR8 0.00% 3.03% 0.00% 10.10% 10.10% 7.07% 21.21% 38.38% 6.06% 4.04%

CR9 0.00% 0.00% 0.00% 0.00% 9.86% 0.00% 8.45% 8.45% 52.11% 21.13%

Source:	 Illustrative Data.
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As an illustration, Table 7.5 shows the distribu-
tion of accounts across borrower grades, where 
proportion of accounts is relatively higher in 
grades VI and VII. If there was an exactly even 
distribution of accounts, the HHI would take a 
value of 10% since there are 10 grades. How-
ever, the actual HHI for this profile is 14.7%. 
While perfect homogeneity of rating profile 
may not be possible for any risk model, higher 
exposure concentration in a few rating grades 
needs to be examined for its potential causes, 
implications and remedial measures. 

7.5.	 Challenges in Model Risk 
Management

Ensuring an effective MRM framework at a 
bank throws up many challenges. On the gov-
ernance side, bank boards need to prioritise 
MRM as an important pillar of risk manage-
ment, so that their credit strategies and regu-
latory performance are not undermined. This 
requires an independent and dedicated team of 
skilled professionals, which may be difficult to 
build and retain. 

The validation exercise can be especially difficult 
for legacy credit risk models which suffer from 
inadequate documentation, poor data quality 
and untested methodologies and assumptions. 
Thus, it is important for banks to establish high 
standards for these aspects, which should be 
equally applicable for in-house and outsourced 
models from the time of model development. 

Credit risk models used for regulatory pur-
poses usually build in a degree of conservatism 
in either the inputs or the design or through 
adjustment of outputs. Expert-judgment 
based models often incorporate some manage-
ment overlays. The Covid-19 pandemic, which 
involved government and central bank inter-
ventions to protect stressed borrowers may 
have entailed banks applying subjective adjust-
ments to their credit risk models to reflect the 
pandemic shock (BCBS, 2022). The challenge 
in validating such models is to ensure that the 
margin of conservatism or discretion does not 
bias the risk estimates to an extent where they 
are way off the mark from realized credit losses. 

The pandemic shock also impacted historical 
default trends and correlations, which have 
disrupted the use of the data pertaining to this 
aberrant period in validating credit risk models. 
Engelmann (2022) suggests a framework that 
measures the pandemic intervention effects 
and how they can be included as scenarios in 
credit risk models, to improve the accuracy of 
their short-term predictions and evaluate long-
term consequences. 

Credit portfolios which constitute a low num-
ber of accounts or low number of defaults can 
present unique hurdles in applying standard 
statistical validation methods. Risk models 
developed for such portfolios therefore need 
to be benchmarked to comparable external 
models or tested with representative data from 
external sources. 

Because of the large landscape of credit risk 
models, there can be a number of complex inter-
actions among upstream and downstream mod-
els. Identifying these dependencies and ensur-
ing that adverse outcomes of any one model do 
not spill over to other connected models can 
become a cumbersome and unwieldy task (Hill, 
2019). 

The most challenging task in managing model 
risk is to reach a conclusion about whether the 
model is fit for use, needs minor adjustments 
to improve performance, requires material 
changes or has to be entirely re-developed. Such 
change management decisions can be costly for 
the bank since all associated processes, poli-
cies and systems would need to be altered and 
should be based on careful interpretation of 
the validation results. Thus, it is imperative for 
banks to put in place a model tiering or ranking 
system which holistically assesses model risk 
and to establish appropriate model risk appe-
tite thresholds based on the ranking.

7.6.	 Concluding Observations
Banks in India have implemented many credit 
risk models, either through regulatory compul-
sion or to improve business management. While 
internal credit rating models for commercial 
loans were already in use since the first decade 
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of the twenty first century, these were primar-
ily developed for competitive pricing and as 
such, had many limitations and were not sub-
ject to regulatory scrutiny. After the issuance of 
the Guidelines on the Basel IRB Approach (RBI, 
2011), most banks retired their legacy rating 
systems and developed Basel-compliant models 
for internal ratings and estimation of PD, LGD 
and EAD for different regulatory credit portfo-
lios. While no bank in India has yet migrated to 
the IRB Approach, these models continue to be 
maintained and leveraged for credit decisions. 
With the imminent transition to IFRS account-
ing standards, banks have also taken steps to 
augment their credit risk models for the pur-
pose of computation of ECL based provisions in 
line with IFRS 9 guidance. Furthermore, a PwC 
and FICCI Survey (2022) indicates that AI & 
ML based credit risk management is an emerg-
ing focus area for Indian banks and FIs who are 
using tools like decision trees and neural net-
works for developing credit scoring models, for 
deploying new credit and for collections and 
recovery optimization. 

In a world of digitalized bank credit, where 
increasingly financial decisions and regulatory 
compliances are getting automated through 
implementation of multiple and complex mod-
els, model risk management has become a criti-
cal oversight requirement for supervisors and 
top management. The importance of assess-
ing the adequacy and robustness of credit risk 
models is slowly gaining traction in India, as 
banks wake up to the reality and benefits of 
model based measurement of their capital and 
provisions. Currently, Indian banks are focused 
more on validation of individual models and 
that too, primarily those which are within 
the regulatory oversight. In this context, it is 
important that the Reserve Bank of India, like 
banking supervisors in other countries, for-
malises comprehensive MRM guidelines. This 
will provide Indian banks with a consistent and 
holistic framework for evaluating model per-
formance and managing model risk. It will also 
ensure regulatory confidence in internal credit 
risk estimates in line with global best practices. 
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