
Copyright © 2022 – Iason Consulting Ltd. All rights reserved

ESSENTIAL SERVICES FOR 
FINANCIAL INSTITUTIONS

Jan 2022

Machine Learning for 
IRB Models

EBA/DP/2021/04

ESSENTIAL SERVICES FOR 
FINANCIAL INSTITUTIONS



Copyright © 2022 – Iason Consulting Ltd. All rights reserved

At a Glance

01 Introduction 3

02 Machine Learning 6

03
Challenges and Potential Benefits of 
ML Models 

10

04 Prudent Use of ML Models 15

05 Final Remarks 22

Keywords: Machine Learning, FinTech, IRB Model



Copyright © 2022 – Iason Consulting Ltd. All rights reserved

01
Introduction

Machine Learning Models

EBA Discussion Paper



Copyright © 2022 – Iason Consulting Ltd. All rights reserved

4

Introduction 1/2

4

Machine Learning Models

In the context of credit risk, ML models might be useful also for regulatory 

capital requirements calculation. 

One of the main challenges mentioned by institutions for the 

incorporation of ML models in credit risk modelling was the ‘lack of 

understanding’ from supervisors and the uncertainty with respect to 

the approval of such new types of models. 

ML models might indeed be difficult to explain, to justify and to 

understand at various level of management functions and bodies. 

▪ Exponential increase in data 

availability

▪ Increase in storing capacity

▪ Improvements in computing 

power

▪ Big Data 

▪ Possibility to use new data 

sources in order to detect 
patterns and dependencies

Machine Learning 

models

▪ Data is the fuel that 

powers ML models 

▪ Without large 

quantities of high-

quality data, it is not 

possible to put in place 

the algorithms that 

make ML a possible 

game-changing 

technology. 

1

2
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The EBA discussion paper is a first step to engage the industry and the supervisory community to 

discuss the possible use of ML for IRB models and to build up a common understanding of the 

general aspects of ML and the related challenges to comply with the regulatory requirements.

EBA Discussion Paper

Acknowledging that ML might play an important part in the way financial services will be 

designed and delivered in the future, the EBA aims:

to identify the main challenges and possible benefits of these new models should they be 
possibly used in the context of IRB models

to provide a set of principle-based recommendations which should ensure proper future and 

harmonized use by banks for prudential purposes. 
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Definitions

ML covers a wide range of models with different levels of 
complexity: 

* «EBA Report on Big Data and Advanced Analytics”, EBA/REP/2020/01, January 2020

Machine Learning is a process using algorithms rather than procedural coding that enables learning from existing data in 
order to predict future outcomes. It is a field within computer science that deals with the development of models whose 

parameters are estimated automatically from data with limited or no human intervention*.

Simple ML: 
linear regressions models, 
which are intuitive models 
with a limited number of 

parameters. 

Complex ML: 
deep neural networks, 

number of parameters can 
rise to the millions, and their 

understanding and 
implementation represents a 

significant challenge

Some of the characteristics that are useful for evaluating the 
complexity of a model are:

The current discussion paper is focused on the more complex models (high number of parameters and require a large 
volume of data), which are also the most difficult to understand and challenging to use for regulatory capital purposes. 

Number of parameters

Capacity to reflect highly non-linear relations between the variables 

accurately

Amount of data required to estimate the model soundly

Amount of data from which the model is able to extract useful 

information

Applicability to unstructured data

https://www.eba.europa.eu/sites/default/documents/files/document_library/Final%20Report%20on%20Big%20Data%20and%20Advanced%20Analytics.pdf
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Learning Paradigms

There exists a range of learning paradigms that can be used to train ML models depending on the goal of the 
model and the type of data required. Currently the three most popular learning paradigms are:

Supervised 

learning 

Reinforcement 

Learning 

The algorithm learns rules for building 

the model from a labelled dataset 
(i.e., where the output variable such 
as default/non-default is known) and 

use these rules to predict labels on 
new input data.

The algorithm learns from interacting with 

the environment, rather than from a 
training dataset. Moreover, contrary to 

supervised learning, reinforcement 
learning does not require labelled 

input/output pairs. The algorithm learns to 
perform a specific task by trial and error.

Unsupervised 

learning

The algorithm learns from an 

input training dataset which has 
no labels, and the goal is to 
understand the distribution of 
the data and/or to find a more 
efficient representation of it.
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Current Use of ML for IRB Models

The most common use of ML within credit risk is the area of credit decisions/pricing followed by credit monitoring 
and collections, restructuring and recovery. 

In contrast, the use of ML is avoided for regulatory areas such as capital requirements for credit risk, stress testing 
and provisioning. 

▪ In this regard, regulatory requirements are perceived as a challenge for the application of ML models, as 
these are more complex to interpret and explain.

For IRB models the use of ML models has been more limited where these models are used only as a complement to the 
standard model used for capital requirement calculation. 

However, ML models might possibly be used as primary IRB models for prediction under some challenges:
▪ Institutions have made the strategic decision to move away from using ML in regulatory areas, in order to 

avoid the conflict of regulatory requirements requesting regulatory models to be intuitive and the complex 
nature of ML models. 

This trade-off between predictive power and interpretability  might have shaped the use of ML models: 
▪ it is important to clarify supervisors’ expectations around the use of ML, underlining the potential added value 

of ML models, provided that a safe and prudent use of ML models can be ensured.
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ML models can be used by institutions in different areas in the context of IRB models:

Risk 
Differentiation

Risk 
Quantification

Model 
Validation

Other Areas 
(e.g. data preparation)

EBA provides a list of challenges and benefits related to the use of ML models for IRB model, trying to identify the 
characteristics of ML models which, on one side, may make it more challenging to comply to CRR requirements, 
and, on the other hand, may help institutions to meet them.

In the next slides we summarize these characteristics with a reference to the relevant CRR requirement.
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DETAILED TOPIC
REGULATORY 

REFERENCE (CRR)
CHALLENGE
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Assignment of 
exposures to 

grades or pools

Art. 171(1)(a) and (b)
If ML models are used as the main models for risk differentiation, it could be difficult to analyse the 
definition and assignment to grades or pools, since finding the required clear economic theory 
and assumptions behind the model may be challenging.

Human judgement Art. 174(e) and 172(3)

Human judgment should complement statistical models both in the model development and in 
the model application. With regard to model development, the complexity of ML models may 
make difficult to assess the modelling assumptions and whether the selected risk drivers contribute 
to the risk assessment in line with their economic meaning. With regard to application, the 
complexity of ML models may make it more difficult to take into account aspects which are not 
embedded in the model.

Documentation
Art. 175(1), 175(2) and 

175(4)(a)

The complexity of some ML models can make it challenging to provide a clear outline of the 
theory, assumptions and mathematical basis of the final assignment of exposures to grades or 
pools. Also the documentation of the model’s weaknesses may be challenging, since it requires 
that the institution’s relevant staff fully understands the model’s capabilities and limitations.

Plausibility and 
intuitiveness of 

estimates

Art. 179(1)(a) and 
180(1)(d)

ML models can result in non-intuitive estimates. Moreover, it can be difficult to correctly make 
judgmental considerations, when combining results of techniques and when making adjustments 

for different kinds of limitations.

Length of time 
series used for 

estimation

Art. 180(1)(a),(b), 
180(2)(a),(e), 181(1)(j) 

and 181(2)

The CRR requires a minimum length of the observation period of five years. This might be a 
problem for the use of big data or unstructured data, which might not be available for a 
sufficiently long time horizon. Moreover, there could be problems regarding to data retention rules 
established by GDPR

12

Main Challenges 1/2
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Resolution of 

identified deficiencies
Art. 174(d) and 185(b)

ML models may make the resolution of identified deficiencies more complex: it may not be straightforward 

to understand a decrease in the core model performance, if the link between model inputs and outputs is 

not fully clear. Moreover, it could be difficult to explain any material difference between the realised default 

rates and the expected range of variability of the PD estimates.

Assessment of the 

inputs
Art. 172(1) 

It may be more difficult to assess the representativeness of data and extra care should be taken in 

evaluating the quality of the data input to avoid cases where the score obtained by a ML model is used as 

an explanatory variable for another model.

Out of sample 

validation
Art. 175(4)(b)

Special attention must be placed on the use of out-of-sample and out-of-time validation samples due to the 

high risk of overfitting

Assessment of model 

design
Art. 185

The challenge of model design in case of complex ML models could be harder. For instance, the validation 

of the hyperparameters  may require additional statistical knowledge.

O
th

e
r 

A
re

a
s

Corporate 

Governance
Art. 189

The use of ML models makes more challenging the general understanding of models by the institution's 

management body.

Implementation 

process
Art. 144 and 171

The soundness and integrity of the implementation process can be 

jeopardised by the complex specifications of ML models. Moreover, the complexity of ML models may make 

it more difficult to verify the correct implementation of internal ratings and risk parameters in IT systems.

Categorization of 

model changes
Art. 143(3)

Categorisation of model changes may be challenging for models updated at a high frequency with time-

varying weights associated to variables. Moreover, it could be difficult to detect biases in the models due to 

possible permanent overfitting.

Data vetting Art. 174(b)
It could be difficult to put in place a process of data vetting which ensures the accuracy, completeness and 

appropriateness of data inputs.

Representativeness 

of data
Art. 174(c) and 179(1)(d)

It could be difficult to assess and ensure that the data used to build the model are representative of the 

current application portfolio.

13
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Risk 
differentiation

Art. 170(1)(f) and (3)(c), 
170(3)(a) and (4), 171(2), 

172(3) and 174(e) 

The use of ML models can help improving the risk differentiation by:
- improving the model discriminatory power;
- providing tools for the identification of all relevant risk drivers;
- optimising the portfolio segmentation;
- confirming data features selected by expert judgement used for ‘traditional’ model 
development

Risk 
quantification

Art. 174(a), 180(1)(d) and 
181(1)(b)

The use of ML models can improve risk quantification by improving the model predictive ability 
and can help in the calculation of the necessary adjustments.

14

Potential Benefits 
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Validation Art. 190(2)
ML models might be used to generate model challengers or as a supporting analysis for 
alternative assumptions or approaches

O
th

e
r 

A
re

a
s

Data collection 
and preparation

Art. 174(b) and (c) 

The use of ML models can improve data collection and preparation processes, can be used for 
assessing representativeness and can help in detecting outliers. Moreover, the use of ML 
techniques can allow the use of unstructured data, which would expand the datasets available 
for estimation

Credit Risk 
Mitigation

- ML model can be used for improving the estimation of collateral haircuts

Stress Test Art. 177(1) and (2)
ML models can be used for assessing the effect of certain specific conditions on the total capital 
requirements for credit risk and by identifying adverse scenarios

DETAILED TOPIC
REGULATORY 

REFERENCE (CRR)
CHALLENGE
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The main concerns from the analysis of CRR requirements relate to:

Complexity and reliability of Machine Learning models, linked to the interpretability of the results. In
this regard, several interpretability techniques have been developed by practitioners.

TECHNIQUE DESCRIPTION

Graphical tools 
Showing the effects of an explanatory variable on the model, effects on the 

average prediction, effect on a specific prediction

Feature importance 
measures

Reveal the relevance of each explanatory variable in the overall model

Shapley values
Quantify the impact of each explanatory variable on a specific prediction of the 

model

Local explanations Provide simple approximations of the model on a vicinity of an observation.

Counterfactual 
explanations

Indicate how a specific prediction of the model could be modified by altering the 
values of the explanatory variables as little as possible

The governance linked to the increased needs of training for staff and the difficulty on the 
generalization capacity of the model evaluation 
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The concerns illustrated above form the basis for the principle-based guidance on the minimum expectations 

from ML used in the context of the IRB framework provided in the following section. It can be summarized in 4 

macro-areas.

Knowledge

Complexity

Interpretation 

and 

understanding

Validation
All the relevant 

stakeholders should 
have an appropriate 
level of knowledge of 
model’s functioning Institutions are 

recommended to 
avoid unnecessary  
complexity in the  

modelling approach if 
it is not justified by a 
significant prediction 

improvement

Institutions should 
ensure that the model 
is correctly interpreted 

and understood
For complex ML models 

with limited 
explainability a reliable 
validation is particularly 

important and might 
require increased 

depth and frequency
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Knowledge

Complexity

Interpretation and 
understanding

Validation

Staff

Sufficiently skilled to develop and validate ML models:

▪ to assess the relevance and appropriateness of the risk drivers used

▪ to assess the soundness of the underlying economic rationale in the overall 
model 

Management

In the position to have a good understanding of the model:

▪ by providing them with appropriate high-level documentation, 

▪ clear specification on which indicators or variables are the key drivers for the 

assignment of exposures to grade or pools
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Principle-based Guidance: Complexity

Knowledge

Complexity

Interpretation and 

understanding

Validation

Drivers

▪ Avoid the inclusion of an excessive number of explanatory drivers or drivers 
with no significant predictive information

Data

▪ Avoid the use of unstructured data if more conventional data is available and 
these provides similar predictive capacities

Modelling

▪ Overly complex modelling choices if simpler approaches yielding similar results 
are available
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Principle-based Guidance: Interpretation and Understanding

Knowledge

Complexity

Interpretation and 

understanding

Validation

Analysis

▪ Statistical analysis of the relationship between single risk driver and output variable and about the most 

explanatory risk driver for the model

▪ Assessment of the economic relationship between risk drivers and the output variable so to ensure that the 

model estimates are plausible and intuitive

▪ Ensure that potential biases in the model are detected.

Human judgment and updates

▪ The developers of the model should assess the contribution of selected risk drivers to the risk assessment in 

line with their economic meaning. The users should identify aspects which are not embedded or identify 

the cases where the model’s logic could be misleading

▪ Verify the changes to the last approved model in order to make sure that many insignificant changes do 

not lead to an unnoticed material change.

Documentation

Provide a summary document in which the model is explained, describing:

▪ the key drivers of the model

▪ the main relationships between the risk drivers and the model predictions.
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Principle-based Guidance: Validation

Knowledge

Complexity

Interpretation and 

understanding

Validation

Overfitting

▪ Particular attention on the comparison of the model performances measured within the development 

sample with those obtained using out-of-sample and out-of-time samples

Model design

▪ The validation unit should place particular attention on verifying the rationale behind the choice of the 

model hyperparameters

▪ Hyperparameters selected by minimizing the error of the model should not introduce an undesired bias

Data quality

▪ For external data ensure a particular care on the assessment of the representativeness with respect to the 

application portfolio

▪ For unstructured data ensure accuracy, completeness and appropriateness

Stability

It is useful to analyze both the stability:

▪ In the assignment process of each debtor/exposure to grades or pools, because ML algorithms may 

introduce point-in-time elements in the models that may hamper the stability of the rating assignment 

process

▪ Of the relationship between the output variable and the drivers in subsequent releases of the model 

based on ML techniques especially in the model changes that require regulatory approval
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The main pivotal challenge for machine learning applied in IRB models to calculate regulatory capital for credit risk comes
from their complexity which leads the more complex ML models to challenges in interpreting their results, in ensuring their

adequate understanding by the management functions, bodies and in justifying their results to supervisors.

EBA will have to provide a set of principle-based recommendations which should ensure a consistent and clear
understanding of the prudential provisions, how new sophisticated ML models can coexist and adhere with these
requirements and how the outcome continues to be harmonised across Europe.

It is important to clarify the trade-off between the regulatory requirements requesting models to be intuitive and the complex
nature of ML models and the relative supervisors’ expectations around the use of ML, underlining the potential added value
of ML models, provided that a safe and prudent use of ML models can be ensured.

EBA highlights how the use of ML models can, on one side, pose challenges in complying with current CRR requirements, in
particular with regard to the interpretability and understandability of the results, while, on the other hand, it can provide some
benefits in terms of accuracy of estimates.
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In addition to the challenge of explicability of ML models, the institution must adequately train staff on machine learning
techniques and cross-validations must be implemented to avoid overfitting. In addition, the economic relationships that drive
the model should be evaluated.

EBA’s guide on minimum expectations from Machine Learning models used in the context of the IRB requires: an appropriate
level of knowledge of the stakeholders, to avoid unnecessary complexity, to ensure a correct interpretation and
understanding, a reliable validation for complex ML models.

EBA offers a clearly positive view of ML that improve risk differentiation in IRB models. It is the responsibility of the financial
services industry to evaluate the EBA discussion paper and answer the questions contained therein. The idea is to determine

whether the adoption of these models will ultimately lead to more effective regulatory models for credit risk.
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