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Introduction

In 2021 the EBA has issued a discussion paper on the use of
machine learning (ML) models to calculate capital requirement
for banking institutions [1]. In that publication, the EBA provides
a consistent understanding of how new sophisticated ML
models might coexist with prudential requirements, identify the
main challenges and possible benefits of ML models, as well as
provide a set of principle-based recommendations in the
context of IRB models. The paper discusses four main aspects:

1. An exposition of different learning paradigms (supervised,
unsupervised, and reinforcement learning) that can be used
to train ML models. The use of each paradigm depends on
the goal of the model and the data required.

2. A set of current practices in Credit Risk Modelling. For IRB
models the use of ML techniques is limited, and said
techniques are generally applied only as a complement to a
standard model when used for regulatory purposes. 

3. Some challenges and potential benefits. Depending on the
context of their use, the complexity and interpretability of
some ML models might pose additional challenges for the
institutions to develop compliant IRB models. Indeed, the
need for explainability is one of the main aspects that
prevent institutions from fully applying ML techniques in
the regulatory models. This issue will be discussed later in
this document.

4. The identification of four main pillars that need to be
present to support the rollout of advanced analytics, and
which should be properly and sufficiently addressed: 

1. Data management
2. Technological infrastructure
3. Organization and governance
4. Analytics methodology

In addition, the EBA includes some specific recommendations
on the appropriate knowledge of the models, model
interpretability, low complexity for model use, and adequate
model validation techniques. 

Other challenges may also arise, for example: (1) the integration
of qualitative judgment with the models, which will require
new methodologies; (2) data availability1; (3) model
documentation requirements; (4) analysts training to
understand and use these models; or (5) avoiding possible
biases or discrimination issues due to race, religion, sex, etc.2,
among others. These and more challenges have also been
described in detail by the Bank of Spain in a dedicated
publication [2].

Despite all this challenges, the interest in the implementation
of modern ML techniques for regulatory capital raises from the

1For regulatory models there is a minimum of 5 to 7 years (depending on the
segment and parameter) in at least one of the data sources. See [7].
2This is also a requirement from GDPR (article 22.4).
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possibility of reducing the capital requirements: according to
Bank of Spain, the adoption of ML for such purposes could
reduce the capital requirements by 12.4% to 17% [3]. 

In addition to the EBA’s publication (which is addressed to
financial institutions), the European Commission has also issued
a proposal for regulation on Artificial Intelligence (AI), which
also aims to enhance the use of AI (see Box 1) [4]. 

All this context opens the question for financial institutions
about whether and how to consider ML models for regulatory
purposes, despite the challenge of complying with all the
requirements already stablished for the modeling process.

Amongst all challenges mentioned, the need for explainability
in the models is one that has received special attention from
the regulators. For this reason, the implications of this
challenge for financial institutions are analyzed, as well as
different approaches on how to tackle it.

Box 1. Proposal for a regulation laying down harmonised
rules on AI [4]

In April 2021, the European Comission published the “Proposal
for a regulation laying down harmonised rules on AI” to set
harmonized rules for the development, placement on the
market, and use of AI systems.

The proposal has the following specific objectives:

• Ensure that AI systems placed on the EU market and used
are safe and respect existing law on fundamental rights and
EU values.

• Ensure legal certainty to facilitate investment and
innovation in AI.

• Enhance governance and effective enforcement of existing
law on fundamental rights and safety requirements
applicable to AI systems.

• Facilitate the development of a single market for lawful,
safe and trustworthy AI applications and prevent market
fragmentation. 

This document prohibits certain AI practices such as the use of
AIs that deploys subliminal techniques beyond a person’s
consciousness that could cause any kind of harm, or the use of
“real-time” remote biometric identification systems in public
spaces for the purpose of law enforcement (with a few
exceptions).

The document also identifies certain AIs as High-Risk AI
systems, such as safety components in the management and
operation of essential public infrastructure networks, or AI
systems intended to be used by law enforcement authorities for
predicting the occurrence or reoccurrence of an actual or
potential criminal offence based on profiling. These must follow
extra legal requirements, and their providers have certain
additional obligations.
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The models constructed using ML techniques need to be
understood by the users, which is one of the main challenges in
adopting ML models for capital requirements calculation. The
General Data Protection Regulation (GDPR) states3 that “The
data subject shall have the right not to be subject to a decision
based solely on automated processing, including profiling,
which produces legal effects concerning him or her or similarly
significantly affects him or her”. In other words, users have the
right to an explanation on why the model has made a specific
decision [5].

It is not clear to what extent these explanations must be
accurate, reliable, complete, or true to the original model. The
regulator has not stated which methodologies are appropriate
for this new paradigm, whereas the academic world has been
coming up with new ideas in the recent years under the label of
explainability, or xAI (explainable artificial intelligence).

Anyhow, the explainability of both the model and the results
must be ensured for the adoption of ML models for capital
requirements. Following the principle of explainability from the
document "Ethics guidelines for trustworthy AI" by the
European Commission: “processes need to be transparent, the
capabilities and purpose of AI systems openly communicated,

and decisions – to the extent possible – explainable to those
directly and indirectly affected” [6]. In addition, according to the
CRR [7], the senior management must understand the structure
of the models within the modeling approval process. Therefore,
institutions must be able to explain to their clients in an easy
and intuitive way those elements that determine the decision
of a credit model. 

The explainability challenge

3Article 22.1 of GDPR
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Approaches to explainability

Two main approaches may be identified to solve the
explainability problem: (1) to use an interpretable model (hence
explainable) and enhance it using ML techniques; (2) to fit a ML
model and use post-hoc techniques to explain its predictions.

Using interpretable models

In order to address the first approach, it is important to discuss
the following question: what is an interpretable model?
Although there could be many different answers, an
interpretable model could be understood as a model that
anybody could memorize and/or understand the relations
between input and output. In other words, the relationship
between variables does not necessarily have to be linear, but
the relation between input and output must be simple.

This definition depends on human cognitive limitations. For
example, a linear model is usually considered interpretable
because the relation between input and output is simple;
however, a linear model with 10.000 input variables should not
be directly considered interpretable just because it is linear.
Similarly, a decision tree is easy to visualize, but a decision tree
with 10.000 splits is not directly interpretable [8]. As an example,
figure 1 is an example of an interpretable model, for heart
attack prediction.

Figure 1: Score table of a heart attack prediction model [9].

This is a particular case of a scoring model, widely used in the
legal and medical fields in the US [9]. It has few variables, all
variables are relevant according to expert judgement (e.g.
stroke risk should not depend on income or colour of the eyes),
and the relations between different inputs and output is simple
to understand. The example above is an interpretable model,
which implies explainability (i.e. given a prediction, it is easy to
understand why the model reached that particular risk value).

The list of what could be considered interpretable models is not
very extensive: generalized linear models (GLM), generalized
additive models (GAM), decision trees, and scoring models.

However, even when these models are used, ML techniques
could be included to enhance interpretable models by using ML
to feature engineer new variables to feed into the model,
segmenting the data, or variable selection (see Box 2).

Interpretable models have the advantages of explainability, that
can be easily complemented with expert criteria, but the
disadvantage of intellectual property: if a model is as simple and
interpretable as in the stroke risk example, it can be memorized
and even reverse engineered. This can cause that the model
could end up in hands of the industry competitors, which could
use it to improve their own.

The main difficulty of this approach is the need for expert
knowledge, both in business and in quantitative disciplines, that
results in optimal data pre-processing (or feature engineering).
This feature engineering could make the performance of a
traditional model comparable to more modern ML models.

Using post-hoc explainability techniques

Many authors have shown the improvements of ML techniques
compared to the traditional logit for credit risk [13] [14], which
increases the AUC of the model up to a 20% (with respect to the
logit). However, there are authors who maintain that this
difference can be compensated with feature engineering and
knowledge of the data [15]. A particularly interesting case is
Chen et al., 2018 [16] who won a ML competition on credit risk
with an interpretable model. This model could be summarized
as a two-layer neural network with sigmoid activation function:
in their first layer they group variables with expert criteria to
form risk subscores (e.g. the variables “number of total trades”
and “number of total trades in the last year” are grouped to
form the “trade frequency” subscore), and in the second layer
they combine all different subscores into one final score
prediction.

Nevertheless, ML techniques seem to be generally better than
humans at extracting information or patterns from data. Since
these models are not interpretable, there is a need to explain
each prediction the model performs for this technology to be
used.

There is a particular example of a ML model which is not
interpretable (according to the definition in previous section)
but easily explainable: the K nearest neighbor algorithm (KNN).
In this model each prediction is based on the history of the
closest data to the input (with proper processing and distance
definition). In other words, for a credit scoring, a client can be
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denied credit because in the historical data there are clients
with very similar characteristics that defaulted.

For more complex models, like any tree-based ensemble
method, a set of techniques have been developed in academia
to explain any given prediction. The most popular example of
these technique is LIME [17]. This method creates, for a given
prediction, an interpretable model. This is a local approach, that
is, the explanation for one prediction does not have to coincide
with another. The authors propose another technique to choose
certain observations which provide a global view of the model
(SL-LIME). This method can also be used to choose the best
between two models or for feature engineering. Other
techniques have been developed in this field, such as SHApley
Additive exPlanation (SHAP) [18] or permutation variance
importance (VI) [19].

Both LIME and SHAP were investigated in many papers4. One of
them uses these methods to explain models based on Random
Forest, XGBoost, Logistic Regression, SVM and NN classifiers for
credit risk management purposes [20]. The research found these
methods useful due to their ability to provide explanations that
are in line with financial logic, such as lower loan amounts are
associated with a lower probability of default. Furthermore, they
found consistency in the top 20 most important features for the
two different methods studied, even when expanding their test
dataset. Other authors highlight drawbacks that lead to
unstable and unreliable evaluations [21]. These disadvantages
make the methods easy to deceive, which was proven using real
word data from criminal justice and credit scoring domains. It
was also found that LIME is more vulnerable to deception than
SHAP [22]. Another set of research papers tested these
algorithms on simulated data to compare result of methods
with a data generation process. It was found that LIME
explanation cannot be considered stable around each data
point in a tested case [23]. Although the quantity of papers
enlisting limitations of these methods is significant, there is
ongoing research to improve them.

One of the proposed improvements was to relax one of the
Shapley Values assumptions – symmetry, to create Asymmetric
Shapley Values that incorporate causality into model
explainability. Not only the method works better as it takes
correlation into account, but it might also work for a selection
of important features without model retraining [24]. Other
improvement to the SHAP method is to not analyze distinct
features but to group them based on feature knowledge and
dependence. This method is called groupShapley. It is
important to know that the user of the method should have
knowledge about the data, otherwise the method might not
present meaningful results [25].

Bank of Spain [26] proposed a method to evaluate such
interpretability techniques. They propose the creation of
synthetic datasets where the importance of the variables is
controlled. Once a model has been adjusted to these data, it is
verified that the results of the interpretability techniques are
aligned with the assumptions made when creating the dataset.
The problem is that these synthetic datasets do not have to
cover the entire spectrum of possible real datasets, which are
generated by unknown stochastic models. Similarly, ensuring
that an interpretability method works correctly 99% of the time
is equivalent to assuming that 1% of the implemented models
may be defective in the best case scenario or even unfair , with
the consequences that these will have for people and for the
local economy.

Bank of Spain [3] also measured the impact of using advanced
ML models against a logistic regression on the calculation of
capital for credit risk. They concluded that entities could save
between 12.4% and 17% by implementing an XGBoost
compared to a logit. The dataset used was provided by a

4Including a previous publication of this Chair [27]
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financial institution, anonymizing the variables to make them
unrecognizable, which prevented any attempt at feature
engineering by the authors.

Therefore, the efficiency of the most modern ML methods in
comparison with classic and interpretable models is widely
accepted, in the absence of feature engineering. However, in
the case of pursuing to make use of these techniques,
methodologies have to be developed to be able to trust the
model and find explanations for its predictions. As a drawback,
the difficulty of incorporating expert judgment with these
models must be solved, as it is one of the regulatory
requirements for the development of credit models5.

Box 2. Different alternatives for using ML techniques with

interpretable models

One of the most common approaches of using machine
learning for feature engineering is clustering. It is a way of
segregating groups with similar traits and assigning them into
clusters to create new features for the final model. There are
multiple ways of encoding clustering (e.g., distance to the
center of each cluster, cluster membership probability, etc.).
Such a new feature with proper encoding can improve the
quality of classification for some classifiers. It is worth
mentioning that the literature suggests not to get rid of old
features but instead add new ones based on clustering results
[10]. Although there are several clustering techniques, they
mostly do not take into consideration correlation with the
target variable. Other way of segmentation uses decision trees
to find bins of numerical features that involve a higher
correlation with the target variable. Because this feature is not
met when performing a random clustering, using tree-based
binning may lead to improve the final performance of the
model [11].

Segmenting the data is a good approach, but it is also important
to use only relevant features. Using random forest, an
algorithm that is based on multiple decision trees, has proven
to be a good approach for identifying features with high
importance. The task is done by calculating how much each
feature decreases the impurity and averaging the result across
multiple trees. Having found important features, they can be
used in the model, and reduce its complexity [12].

5Artículo 174e en [7]
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Conclusions

The EBA has addressed the discussion on the use of ML models
for capital requirements calculation or credit risk scores.
However, there are many challenges that financial institutions
need to address to fully integrate ML techniques in regulatory
models. Among them, the explainability is one of the main
challenges to solve. 

The implementation of traditional models (such as logit or lasso)
for the calculation of regulatory capital is recommended, as well
as evaluate the use of ML models. There are some reflections
that need to be considered, such as the fact that ML model
predictions may be more accurate but may not always be
applicable due to lack of explainability in the prediction
(amongst other possible problems). In such cases it should be
always possible to rely back on the traditional model.

The regulator has not offered yet specific guidelines on how to
face this explainability challenge, although it has highlighted
some possible problems to consider. In any case, institutions
must provide an explanation for the predictions of some
models.

Whether an interpretable model with featuring engineering is
desired, or a non-interpretable model together with an
explainability tool, obtaining and training personnel for these
tasks will continue to be a need in the industry.
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