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Abstract:

One of the main sectors that makes heavy use of the develop-
ment of advanced computational methods is the banking sector.
The goals of our research are as follows: 1) to compare scientific
and regulatory approaches to defining artificial intelligence (AI)
and machine learning (ML), 2) to propose Al and ML definitions
for regulatory purposes that allow us to clearly state if a given
method is AI/ML or not, 3) to compare the complex quantitative
methods applied in banking in terms of complexity and interpreta-
bility in order to provide a clear classification of methods to the in-
terested parties (practitioners and management), 4) to propose
a possible approach towards the further development of quantita-
tive methods in the areas of required strict interpretability. Our
literature review focuses on the definitions of AI/ML applied by
scientists and regulators, as well as the proposals of application
of complex quantitative solutions in different banking domains.
We propose practical definitions of Al and ML based on the current
state of the art and requirements of clarity in the banking indus-
try (a very limited risk appetite regarding regulations non-com-
pliance) and compare quantitative methods applied in different
banking domains. For regulatory purposes, we propose general
and inclusive definitions of Al and ML which allow for a clear clas-
sification of specific methods. In the case of strict requirements to-
wards the interpretability of applied methods, we propose a grad-
ual and controlled increase in the complexity of existing solutions.
Therefore, we propose the differentiation of quantitative meth-
ods in terms of interpretability and complexity. We also think that
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the definitions of AI/ML in further regulations should make it pos-
sible to clearly say whether particular approaches are AI/ML. Our
research is directed to policymakers, practitioners, and executives
related to the banking sector.

Keywords: artificial intelligence, machine learning, ethics, banking,
Al explainability, regulation

JEL: C10, C40, C50, G10, G21

1. Introduction

The advancing development of machine learning (ML) and artificial intelligence (AI) caus-
es rapid growth of interest in advanced quantitative methods among different economic
sectors. By following global trends in the field of digitisation, banks are able to provide
products that meet the constantly growing expectations of customers and compete with

FinTech companies. Due to the development of the e-commerce segment and the im-

provement of various services with intuitive applications of online stores, society has

very similar expectations regarding the banking services provided, such as speed, ease
of use, transparency, and full digitisation. Al methods can be applied in many dimensions
of bank activities, such as:

1) market risk area, for example: forecasting of client behaviour or matching maturity
profiles of assets and liabilities,

2) pricing of the loan collateral (real estate), pricing of financial instruments,

3) customer service: scanning information from ID cards, recognition of speech and spe-
akers through the construction of chatbots, construction of intelligent application in-
terfaces, adapting the displayed content to the profile and potential needs of the client,

4) automatic detection of frauds and money laundering attempts (as part of the Know
Your Customer system), cybersecurity systems,

5) internal ratings-based (IRB) models used to calculate regulatory capital for cre-
dit risk,

6) stress-testing,

7) construction of systems that automatically assess creditworthiness, etc.

In terms of the application of Big Data and advanced analytics methods, many
of the above-presented dimensions are already being explored to varying degrees by
many players in the sector (European Banking Authority, 2020). Big Data can be defined
as massive structured and unstructured volumes of data that come from different sourc-
es (Sagiroglu, Sinanc, 2013), while advanced analytics is defined as the application of mul-
tiple analytic methods that address the diversity of big data in order to obtain expected
results (Kaisler et al., 2014). The application of advanced analytics methods is a challenge
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not only for banks but also for regulators. Banks perceive opportunities for risk reduc-

tion and income increase in a smooth adoption of solutions aimed towards Al by appli-

cation of more complex approaches, acquiring specialist competencies, and development

of IT systems. At the same time, applications of Al are connected with threats such as

inappropriate usage or avoidance due to a lack of clarity from regulators and reluctance

towards Al on the part of managers and society. Our research goals are as follows:

1) We want to compare and evaluate different scientific and regulatory approaches to-
wards defining Al and ML.

2) We want to propose Al and ML definitions for legislative purposes.

3) We want to evaluate different complex quantitative methods applied in banking
in terms of complexity and interpretability.

4) We want to propose a possible approach towards further development of quantita-
tive methods in the areas of required strict interpretability.
Our research is targeted towards the following stakeholders:

1) policymakers who define Al and/or ML for regulatory purposes,

2) practitioners who apply complex quantitative methods in different banking domains,

3) executives who make final decisions regarding the application of complex quantita-
tive systems in different banking domains.
The main benefits arising from our study are as follows:

1) abetter understanding of the current state of AI/ML definitions proposed by scien-
tists, regulators, and worldwide organisations,

2) knowledge of the application of complex quantitative methods in different banking
domains,

3) knowledge regarding the relative comparison of the above-mentioned methods with
each other in terms of complexity and interpretability,

4) knowledge about possible approaches regarding the further development of complex
quantitative methods applications.

2. Definitions of Al

One of the key aspects in the world of advanced computation methods is the understand-
ing of Al and ML concepts through their definitions. Nevertheless, such a task is not easy
due to the following reasons:

1) Al and ML can be differently defined in various industries and contexts,

2) an understanding of Al in society, among managers, scientists, politicians, and le-
gal institutions varies, as there is a lack of coherent Al identity (Monett, Lewis, 2018
after Nilsson, 2010),

3) theconsequences of classifying a given method as Al or ML are differently approached.
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Nowadays, Al is defined by scientists in the field and by different institutions that
focus mainly on the legal state and its implications. We focus on presenting the case

from both sides. The state-of-the-art snapshot helps with the understanding of Al by
researchers and practitioners. The new view of different legal institutions has an im-
pact on the approach that companies must consider when investing in Al-based solu-
tions. From a scientific perspective, Al definitions have been shaped throughout the 20
and 21 centuries, while legal institutions have been developing their approaches during
the last few years. From the science development point of view, the current state of the art
is more important, while legal aspects are more important from companies’ and banks’
point of view, as they must obey regulatory requirements. This section and the following
one are structured as follows: first, the state-of-the-art aspects are presented and then
the legal institutions’ approaches are discussed.

In the first half of the 20™ century, the concept of Al appeared unsystematically,
for example, in theatres. In 1920, the science fiction play R.U.R. written by Karel Capek
(McCorduck, 2004) introduced for the first time the word robot. However, a more sys-
tematic approach towards Al began shaping in the middle of the 20" century. In 1950,
Alan Turing proposed the so-called Turing Test (Turing, 1950) stating that if a machine
could carry a conversation via a teleprinter that cannot be distinguished from a con-
versation with a human, then that is a sign that a machine was thinking. Nevertheless,
the Turing Test was criticised as an Al definition (Russel, Norvig, 2021). From our point
of view, such a test would have very poor practical applications because it only focuses
on a small part of Al research, i.e. chat-bots.

1956 is commonly treated as a year when a modern concept of Al was introduced
for the first time in the summer workshop Dartmouth Summer Research Project on Ar-
tificial Intelligence (Solomonoff, 1985). The conference proposal was based on a thesis
that “[...] every aspect of learning or any other feature of intelligence can in principle
be so precisely described that a machine can be made to simulate it” (McCarthy et al,,
1955). The thesis influenced the direction of Al development, though it was still lacking
in the field of defining Al: its interpretation was dependent on the understanding of what
exactly was treated as a “feature of intelligence,” which pointed to the discussion if a par-
ticular improvement was complex enough in order to be treated as Al.

An idea of Al can be described in the context of the so-called intelligent agent, which
has been described in a textbook adopted by over 1500 schools and universities over
the world (Artificial Intelligence: A Modern Approach, 2022). An intelligent agent can
be defined as a “system that receives percepts from the environment and performs
actions” (Russel, Norvig, 2021). Such agents can be then classified into different categor-
ies (Russel, Norvig, 2021): simple reflex agents, model-based reflex agents, goal-based
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agents, utility-based agents, and learning agents. From the above-presented list, the

two are especially interesting taking into consideration the subject of our article:

1) asimple reflex agent reacts only to current incentives from the environment (it igno-
res the history of the environment) and acts according to a simple rule: if condition

A is fulfilled, then action B is taken,

2) a learning agent can improve its performance based on the actions taken
in the environment.

The important aspects of the above-presented definition are as follows: an Al does not
necessarily have to learn anything, it acts autonomously in a given environment, and it
may be based on a very simple mechanism (for example, a streetlamp that automatical-
ly turns on when it is dark or a thermostat). From our point of view, the categorisation
of Al agents into clearly defined categories is a very coherent and practical approach: it
enables the creation of different follow-ups for each type of Al. However, such a solution
has its disadvantages. The category assignment potentially can be very hard in practical
applications, especially if the consequences of qualifying a particular solution into one
or another category are very different from each other. Another drawback of such an ap-
proach is that regulators and worldwide institutions often want to settle on a more sim-
plified definition. Therefore, even if the categorisation of intelligent agents is quite well
designed, it may be perceived as too complex and not applicable in everyday practice.

There is a proposal to use the term Computational Intelligence (CI) instead of Al
(Poole, Mackworth, Goebel, 1998) and to define it also from an agent perspective, where
an agent can be a program that has prior knowledge about the world and history based
on which it learns. However, some researchers emphasised that the term “artificial” is
not an issue in defining Al, and replacing it with another word would not change much
(Wang, 2019).

Indeed, the term “intelligence” is what causes the ongoing discussion regarding
the definitions and boundaries of Al. The task of defining intelligence is very hard (Mon-
ett, Lewis, 2018 after Kambhampati, 2017), and there is no unified way of intelligence
interpretation. A recent survey regarding the Al definition, conducted among over 400
researchers, educators, and developers, concluded that around half of respondents ex-
pressed the need for separate definitions of human and machine intelligence, whereas
the second half stated that a single definition should be enough (Monett, Lewis, 2018).
Among nine definitions, the survey respondents most commonly accepted the follow-
ing definition of machine intelligence (Monett, Lewis, 2018): “the essence of intelligence
is the principle of adapting to the environment while working with insufficient knowl-
edge and resources [...] an intelligent system should rely on finite processing capacity,
work in real time, open to unexpected tasks, and learn from experience [...]” (Wang,
2008). A similar approach is considered in (Wang, 2019), where intelligence is defined as
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a strategy of problem-solving that is fundamentally different from computation, where
computation is defined as a finite and repeatable process that carries out a predeter-
mined algorithm to realise a function that maps input data to output data (Wang, 2019
after Hopcroft, Motwani, Ullman, 2007). While the above-presented proposals take
up the difficult task of formulating a coherent definition of Al from the scientific point
of view and seem to work well as a dictionary definition, the biggest challenges are relat-
ed to their practical implications. Real-world problems are often not limited to the con-
struction of an algorithm that optimally solves a given issue, and therefore qualification
of many software implementations as Al or computation would be ambiguous, which is
an especially important drawback in terms of interpretation of legal regulations.

There are also other definitions that similarly to those above emphasise the aspect
of learning, for example, based on (Kaplan, Haenlein, 2019): “Al is a system'’s ability to cor-
rectly interpret external data, to learn from such data, and to use those learnings to achieve
specific goals and tasks through flexible adaptation.” However, in the case of such a defi-
nition, the argument regarding difficulties of practical application remains valid, similar-
ly to earlier proposals. There are also attempts of defining Al as computational cognition
(Rapaport, 2020), complementation of Wang definition from 2019 (Yampolskiy, 2020),
or differentiation into different Al systems, i.e. Artificial General Intelligence, Strong Al,
Weak Al, or Human-level Al (Yampolskiy, Fox, 2012; Wang, 2019; Emmert-Streib, Yli-Har-
ja, Dehmer, 2020). However, such attempts are rather philosophical discussions regarding
the classification of Al systems into categories with no clear guideline of affiliation of cer-
tain systems into one or another category. To sum things up, in the current state, there is
no consensus among researchers regarding a single Al definition. Such a state is rather
natural, taking into consideration that research on Al is still rapidly developing and an un-
derstanding of underlying concepts is still evolving among researchers and practitioners.
However, it has its implications - potential practical approaches to the discussed subject
may significantly differ from each other.

This issue is especially important in light of many recent regulatory attempts of de-
fining Al. Because there is no widely accepted Al definition, different regulators may stick
to definitions that are more or less vague. In the case of official regulators, companies may
be forced to comply their actions with a particular legislation act. In other cases, com-
panies may stick to one of the definitions proposed by worldwide organisations of a dif-
ferent kind to set the direction of the whole organisation. Below, we would like to focus
on the most recent points of view of worldwide institutions and evaluate their approaches.

In 2019, the OECD defined Al as a system that fulfils the following set of conditions
(OECD, 2019):

1) itis a machine-based system, capable of influencing the environment by producing
outcomes for a given set of objectives,
2) asystem that is designed to operate with varying levels of autonomy,
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3) asystem that uses machine or human-based input to perceive the environment, abs-
tract its perceptions into a model, and finally use the model to formulate options
for outcomes.

Some clarification of the “varying levels of autonomy” and “model” would be neces-
sary to use such a definition in practice, as it is unclear in the current state if the authors’
intention was to potentially support qualifying most of the existing software into Al
or not.

The International Organisation of Standardisation defines Al as “research and devel-
opment of mechanisms and application of Al systems,” while an Al system is defined as
an “engineered system that generates outputs such as content, forecasts, recommenda-
tions or decisions for a given set of human-defined objectives” (ISO, 2022). In the case
of such a definition, similarly as in the case of the OECD one, most software potentially
could be classified as Al, however, it is not clear if that is the ISO intention.

The Alan Touring Institute (Aitken et al., 2022) cites, after Minsky’s statement during
a summer workshop at Dartmouth College in 1956, that Al is “science of making comput-
ers do things that require intelligence when done by humans” - which is a very broad,
vague definition. In the mentioned report, the Alan Touring Institute states after (Buit-
en, 2019) that there is no single definition of Al to form the basis of regulation. The dis-
advantage of such an approach is the lack of clarity regarding the term “intelligence,”
which has been discussed above.

The National Institute of Standards and Technology in the United States defines Al after
The American National Standard Dictionary for Information Technology (The American
National Standard Dictionary for Information Technology ANSDIT, 2022) as (NIST, 2019):
1) a branch of computer science devoted to developing data processing systems that

performs functions normally associated with human intelligence, such as reasoning,

learning, and self-improvement,

2) the capability of a device to perform functions that are normally associated with hu-
man intelligence such as reasoning, learning, and self-improvement.

An appeal to human intelligence may be useful in the scientific research and philo-
sophical discussions mentioned above, although it lacks practical application.

Below, we would like to focus on the legal institutions that create regulations that
must be obeyed by companies and inhabitants of certain countries or regions.

In April 2021, there was a pioneering proposal to regulate artificial intelligence meth-
ods at the European Union level, the so-called Artificial Intelligence Act (European Com-
mission, 2021). Originally, Al was defined as “software that was developed with one or
more of the techniques such as: machine learning, statistical approaches, logic/knowl-
edge-based approaches and could, for a given set of human-defined objectives, generate
outputs such as content, predictions, recommendations, or decisions influencing the en-
vironments they interacted with” (European Commission, 2021). In 2022, during the EU
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Member States’ debate on the proposal for the Artificial Intelligence Act, the original Al
definition was criticised for being too broad and for its lack of ability to distinguish tradi-
tional software from Al. In the compromise text proposal, Al was redefined as “a system
designed to operate with a certain level of autonomy and that, based on machine and/or
human-provided data and inputs, infers how to achieve a given set of human-defined ob-
jectives using machine learning and/or logic- and knowledge based approaches, and pro-
duces system-generated outputs such as content, predictions, recommendations or de-
cisions, influencing the environments with which the Al system interacts” (European
Commission, 2022). The above-presented definition was inspired by the OECD definition,
and it was stated that some statistical approaches that were deleted from the changed
definition could also be classified as machine learning. Nevertheless, from our point
of view, the discussion regarding the differentiation of so-called traditional software
from Al is still unavoidable, especially if there is a significant difference in terms of con-
sequences regarding the classification of software as Al/not Al. The above-mentioned
approach still lacks clarity, for example, on how to interpret “a certain level of autonomy.”

In 2022, the UK laid out aregulatory model for Al which states that due to little consen-
sus regarding the Al definition among different scientists and institutions, the preferred
approach of the UK Parliament is to identify core characteristics of Al instead, allowing
for the formulation of more detailed definitions within specific domains and sectors by
their regulators (Dorries, 2022). It is an approach that is contrary to the EU approach,
where there is an intention of creating a uniform Al definition for all sectors. The core
characteristics of Al identified by the UK regulation are (Dorries, 2022):

1) adaptiveness of a technology (Al systems often partially operate on the basis of in-
structions that have not been expressly programmed with human intent, having
instead been “learnt” on the basis of a variety of techniques),

2) the autonomy of the technology (Al often demonstrates a high degree of autonomy,
operating in dynamic and fast-moving environments by automating complex cogniti-
ve tasks).

The above-presented UK Parliament proposal of Al characteristics is intentional-
ly general and broad. Although it enables flexibility, the proposed approach has several
drawbacks: “adaptiveness” and “autonomy” can be differently interpreted in different
domains. Moreover, the further evolution of Al may require a change of the approach
in the future into a single binding definition, which would cause an operational burden
for the companies that have adapted to different, individual definitions.

Although a similar approach towards defining Al has not been adopted in the USA
yet, the Algorithmic Accountability Act was enacted in 2022 by the Senate and House
of Representatives of the USA (Clarke, 2022). Instead of focusing on Al, it sets require-
ments regarding automated systems implemented by companies in terms of: transparen-
cy and informing consumers about the applied automation. Such an approach emphasises
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only one of the Al aspects which is automation, though it creates more clarity regard-
ing its interpretation and purpose than many other regulations focused on Al in gener-
al. Nevertheless, it leaves the issue of Al definition, interpretation, and its consequences
in the USA to the future.

There are also attempts to regulate and support the development of Al in Asia. In Ja-
pan, the Al Governance was published in 2022 (Ministry of Economy, Trade and Industry
in Japan, 2022). In this regulation, Al is associated with the term “Weak Al,” particularly
with ML. The regulation focuses less on the topic of Al definition and more on general
approaches toward governance and development. Therefore, there is also a mentioned
earlier disadvantage of such a definition: it lacks clarity for practical implications that
rely on qualifying a given system as Al

In 2022, China released an Al regulation that touches upon the application of algo-
rithms in the online recommendation systems used by companies (Cyberspace Admin-
istration of China, 2022) which is very similar to the above-mentioned USA Act. The reg-
ulation forbids the practice of offering different prices to consumers based on their
personal data and allows them to decline personalised recommendations. Although
it does not focus on an Al definition, the regulation concentrates on practical aspects
of a certain part of Al and, similarly as in the USA, leaves some room for further legis-
lations.

In the case of Al application by banking regulators, the European Banking Author-
ity uses the following definition of Al: “Artificial intelligence (AI) systems are soft-
ware (and possibly also hardware) systems designed by humans that, given a complex
goal, act in the physical or digital dimension by perceiving their environment through
data acquisition, interpreting the collected structured or unstructured data, reasoning
on the knowledge, or processing the information, derived from these data and deciding
the best action(s) to take to achieve the given goal [...] Al includes several approaches
and techniques, such as machine learning, machine reasoning and robotics” (European
Banking Authority, 2020). In the case of such an approach, similarly to earlier mentioned
attempts, there is too much ambiguous software implemented in practice which would
be very hard to correctly interpret as Al/not Al

When it comes to legal regulations, we can distinguish two trends: one that focus-
es on governance and general Al treatment (for example, the EU and UK approach)
and the other one that focuses on practical aspects of clearly defined software (for ex-
ample, the USA and Chinese approach). Since clarity allows for a further prudent approach
to Al, the latter approach seems to be more appealing in the long term. It leaves the dis-
cussion on the Al definition in the research domain instead of incorporating the ap-
proach into the legal system, which in our eyes is quite practical. However, not defining
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Al and ML approaches explicitly leaves the regulatory risk of future legislative chang-
es. The strict character of both the USA and Chinese regulations confirms the existence
of such risk.

The above-presented concepts vary, and it can be difficult to identify a particular
method as Al or not Al depending on the definition. However, we can perceive the re-
peated intention of differentiation of traditional software (or computations) from Al.
In the context of banking, most applications of computer systems are quantitative
with various degrees of human interaction involved and various influences on the de-
cision-making process. The question is how to define Al in banking in order to clear-
ly state if a given tool should be classified as Al. Another question is if it is necessary
to define tools and methods in banking as Al or if the same rules should be applied to all
the quantitative tools used in banking. Since many above-presented approaches focus
on the aspect of learning from data, the relevant aspect of our considerations is the defi-
nition of ML. Some of the above-presented definitions are too broad to directly classi-
fy ML as an Al system (for example, the definition of the UK Parliament), however, none
of the cited above papers excludes ML from the Al scope.

3. Definitions of ML

The term ML is easier to define than Al due to the fact that it is narrower and less ab-
stract in meaning than “intelligence.” For ML, we present a less extensive literature re-
view than in the case of Al because most ML definitions are quite similar to each other.
As in the case of the Al section, we start with some definitions from the state-of-the-art
insight, then definitions from worldwide organisations that shape the understanding
of ML globally, and in the end, we present the approach of different regulators.

In the case of ML, the key aspect is how to exactly define whether a machine, com-
puter, or program is learning. Initially, the term ML was defined as a field of study that
provided learning capability to computers without being explicitly programmed (Sam-
uel, 1959). In fact, it is a quite general definition which does not explain what is meant
by “learning.” Another more specific approach is to define ML as follows: a computer
program which is said to learn from experience E with respect to some task T and some
performance measure P, if its performance on T, as measured by P, improves with expe-
rience E (Mitchell, 1997). Mitchell’s proposal has been successfully applied in the engi-
neering set-up and has been also referred to as a useful definition quite recently (Alzu-
bi, Nayyar, Kumar, 2018). In our eyes, such a definition is also quite clear and useful
from the scientific perspective. In other words, ML can be also perceived as the auto-
mated detection of meaningful patterns in data with endowing programs with the abil-
ity to learn and adapt (Osisanwo et al., 2017 after Shalev-Shwartz, Ben-David, 2014: 7).
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The mentioned definitions are quite close to each other and seem clear and useful from
a scientific perspective. The issue with them is connected with their practical applica-
tions, namely what is actually meant when stating that “X is an ML algorithm”? In sta-
tistical modelling, the equivalent of the word “learn” would be a process of estimation
of model parameters. However, after the parameters are estimated, the learning pro-
cess ends (at least temporarily). That means that when stating “X is an ML algorithm,”
it actually means that the algorithm has somehow automatically set parameters based
on the available data during the parameters estimation process. Model parameters can
be estimated with any optimiser or technique. However, in practice, model parameters
can be also set by humans due to various reasons, for example, specific expectations re-
garding future events. And in such cases, the ML algorithm is no longer ML because it
lacks the element of automatic learning from data. From the scientific point of view, such
divagation is actually quite irrelevant, however, from the legal point of view and in terms
of practical application by companies, it may be important.

Let us focus on some worldwide organisations” ways of defining ML. ML can be defined
as “a set of techniques that allows machines to learn in an automated manner through
patterns and inferences rather than through explicit instructions from a human” (OECD,
2019). The Alan Touring Institute defines ML as “a system that can perform tasks as
aresult of a learning process that relies on data” (Aitken et al., 2022). In such a case, our
point made above is also binding: a given model can be considered as ML if its param-
eters are somehow automatically obtained from some kind of data. On the other hand,
an ML definition strictly referring to the process of parameters estimation is given by
the ISO. In the Al standards, ISO defines ML as: a process of optimising model parameters
through computational techniques, such that the model’s behaviour reflects the data or
experience” (IS0, 2022). In the above-mentioned definition, a model is “a physical, math-
ematical, or otherwise logical representation of a system, entity, phenomenon, process
or data,” and a model parameter is “an internal variable of a model that affects how it
computes its outputs” (ISO, 2022). Interestingly, in the IT governance standards, the ISO
defines ML as “a process using algorithms rather than procedural coding that enables
learning from existing data in order to predict future outcomes” (ISO, 2017). On the ISO
website, there is information that the standard was reviewed in 2022 and the version
remains current (ISO, 2017).

Let us focus on regulatory institutions defining ML. In the proposal of the EU act,
the following ML definition applies (European Commission, 2022):

“ML approaches focus on the development of systems capable of learning and infer-
ring from data to solve an application problem without being explicitly programmed with
a set of step-by-step instructions from input to output. Learning refers to the computa-
tional process of optimising from data the parameters of the model, which is a mathe-
matical construct generating an output based on input data.”
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“ML approaches include, for instance, supervised, unsupervised and reinforcement
learning, using a variety of methods including deep learning, statistical techniques
for learning and inference (including, for instance, logistic regression, Bayesian estima-
tion) and search and optimisation methods.”

Therefore, the EU Commission also takes the straightforward approach, referring
to the ML based on the automatic process of parameters estimation. In 2021, the EBA is-
sued a discussion paper on ML application for the Internal Rating-Based (IRB) approach
and uses the above-mentioned definition of the ISO IT governance standard in its papers
(European Banking Authority, 2020; 2021). Nevertheless, the EBA argues that within
the scope of ML there are different methods characterised by different levels of complex-
ity, and that the term ML was introduced only in 1959. At the same time, even though
statistical methods created long before 1959, such as linear or logistic regression, are
classified as ML based on the initial ML definition (ISO, 2017), the EBA points out the fact
that nowadays practitioners often refer to ML as to more advanced and complex models
than, for example, logistic and linear regression (European Banking Authority, 2021).
Therefore, in the EBA discussion paper, the term ML is applied only to the models that are
characterised by a high number of parameters and, therefore, require for their estimation
alarge volume of (potentially unstructured) data that are able to reflect non-linear rela-
tions between the variables (European Banking Authority, 2021). The potential applica-
tion of the above-mentioned definition in the banking industry faces several challenges:
1) The nonlinearity of dependencies is not always clear.

2) The complexity of the final output, for example, a linear regression model, is not
the only source of complexity involved in the process - others include methods used
for the optimisation of parameters or search for optimal hyperparameters with
cross-validation (Hastie, Tibshirani, Friedman, 2008), etc. - such algorithms can be
much more complex than the form of the final model itself.

3) How to define the volume of data based on which the built model is advanced
and complex.

4) Such a definition is vulnerable to the passing of time - every year the complexity
of newly proposed methods is growing, and therefore the perception of a complex
method can change for different parties involved.

5) Such a definition is not in line with other ML and Al classifications presented by
the wide range of regulators and institutes cited above. It may mean that from the EBA
perspective a given method applied to IRB is not ML, and therefore it is not an Al, but
from the perspective of the EU Commission, it is a full-fledged Al. Therefore, further
governance of quantitative methods may be quite challenging.

The EBA approach to defining ML is clearly different than other approaches cited
above. The above-presented considerations raise similar questions to the ones raised
for Al. How to define ML (being a part of Al) in the banking industry, and is it even
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necessary to define specific tools used in banking as ML? Maybe a given set of rules re-
garding quantitative methods in the banking industry should be applied to all tools, with-
out any distinction if they are treated by some as simple and by others as complex. Or tak-
ing into consideration that banking is understood as a wide range of different domains,
perhaps particular guidelines that cover strictly defined areas (such as IRB in credit risk)
should be applied in practice. Before answering these questions, let us look at the main
concerns behind using advanced quantitative methods.

4.  Requirements towards complex quantitative systems

In the general sense, an interest in Al regulation is due to the dynamic increase in com-
plexity of quantitative solutions applied in many areas, including banking. Since banks
are institutions of public trust, it is important to cover the potential uncertainty around
the applied solutions. The common concerns that are mentioned in the context of com-
plex quantitative system applications are as follows:

1) It should be lawful. This means that the provider of a quantitative system should be
able to prove that the proposed solution complies with applicable laws and regula-
tions. The increasing complexity of quantitative solutions may cause difficulties in de-
termining whether a given solution is legally applicable in practice. The compliance
with the law is considered (for example, in European Commission, 2019).

2) Itshould be ethical. Nevertheless, the exact coverage of the meaning of an ethical qu-
antitative system is quite challenging. The commonly mentioned aspects of an ethi-
cal system are as follows: a lack of discrimination and stigmatisation (due to age,
gender, ethnicity, disability, etc.), respect for privacy, and prevention of physical
and mental harm. The above-mentioned considerations may result in specific qu-
estions, for example, if setting a rule according to which people above a certain age
are not able to get a mortgage loan is ethical. Another example of a similar issue may
be connected with the usage of data from social network activity, for example, social
network contacts with a bad credit history that affects the creditworthiness score
of a given person (Sadok et al., 2022).

3) It should be transparent. Transparency means that the applied solutions are suffi-
ciently documented. This also means that the algorithms behind particular solutions
are clear (traceable) and do what they are supposed to do. Such a system should be
also possible to be adequately validated.

4) Itshould be explainable. In this article, transparency, which is mentioned above, me-
ans the clarity of the algorithms applied in the process, while explainability means
that the output produced by a system can be understood by a human being in a suf-
ficient way - mainly by determining the degree of impact of input information
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on the output. Sufficiency of output understanding is dictated by a specific applica-

tion of a given method, for example, for one domain, the indication of the most impact-

ful variables on the output would be sufficient, while clear correspondence between
input and output (including relationships within the input) is required for another.

5) Itshould be secure. The developed systems should be implemented in such a way that
their usage is secure and the probability of being hacked is very low.

6) It should handle data well. This means that the input data should be of good quality
and sufficiently protected. The data governance process should be maintained with
proper care.

7) Itshould be supervised by a human being. Such a system should be the subject of a re-
gular monitoring process that is adapted to the nature of the applied solution.

8) It should be accurate. Some level of bias is unavoidable, for example, in the context
of forecasting, nevertheless, it should be measurable. The sources of bias must be iden-
tified and sufficiently covered. The bias may arise from several factors (NIST, 2019):
— systemic bias occurs due to procedures and practices of a given institution,

— human bias that may arise, for example, as an effect of simplified judgment

and heuristics,

— computational bias may be a consequence of nonrepresentative input applied
to a given algorithm or wrong handling of outlier data,

— algorithmic bias can arise, for example, from: over-fitting or under-fitting of a sys-
tem to the data used to learn patterns or wrong application of a chosen mathe-
matical representation in order to solve a given problem.

The list of the above-presented concerns can be extended or refined in the context
of the specific area of application or institution. The computations based on statistics
have been present in the banking industry for decades, however, the mentioned above
discussion concerning Al and ML application in banking seems to be causing some issues:
starting with the differences between the definition of ML in the document published by
the EBA (European Banking Authority, 2021) and other authors/institutions (ISO, 2017;
2022; OECD, 2019; Aitken et al., 2022; European Commission, 2022).

5. Comparison of quantitative tools applied in banking areas

Why it is important to have clear Al and ML definitions in banking is connected with
the fact that the banking sector is heavily regulated on many levels (national credit law,
national and international banking-specific regulators, etc.). Therefore, regulations
concerned with Al and ML governance are focused on imposing additional restrictions
and requirements on the tools positively classified as Al or ML. We believe that vague defi-
nitions of Al and ML should be avoided. The reasons behind such a claim are as follows:
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1
2)

3)

1

2)

when constructing advanced and costly quantitative frameworks in banks, clarity is
the key to an appropriate approach over a long period of time,

the lack of clear legal foundations may delay the bank’s transition towards more
advanced solutions,

itis possible that the lack of clarity will resultin looking for legal loopholes and for such
setting of complex quantitative systems that they are not classified as AI/ML.
Therefore, we would like to:

firstly, take a look at different banking areas and briefly present possible Al applica-
tions which are based on the available literature and the author’s experience,
secondly, classify the methods applied above, assess their complexity, interpretabi-
lity and threats/opportunities in terms of practical applications, and compare their
usefulness taking into consideration the restrictive regulatory environment.

Table 1 consists of different banking domains along with assigned possible applica-

tions of advanced techniques discussed in this paper. The list of areas is compiled based

on the author’s perspective, therefore some banking categories are wider than others.

Please be aware that the specific applications listed next to the extracted domains do not

cover all possible Al applications in particular areas. The range of currently developed

and applied solutions makes it impossible to include all the existing solutions. However,

presented applications show general trends within specific domains. It is worth men-

tioning that many of the applications are proposed by scientists and that their practical

implementations in banks must be adapted to the existing regulations and be resistant

to their potential changes. The regulator approaches are very different for countries

and geographical regions such as the EU, which has been discussed in sections 2 and 3.
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Table 1. Specific banking areas and possible applications of advanced solutions

within those areas

Banking area

Advanced methods applications

Risk
management:
credit risk

For Probability of Default (PD), the applied methods involve logistic
regression, Support Vector Machines or logistic regression with random
coefficients (Dong, Lai, Yen, 2010). Other proposals involve Naive Bayes,
neural networks, the K-Nearest Neighbour classifier, decision tree or
random forest models (Wang et al., 2020). Other commonly used credit
risk models are Loss Given Default (LGD), which is a share of an asset

that is lost when a client defaults, and Exposure at Default (EAD), which is
a predicted loss that the bank may incur in the case of client default. For
LGD and EAD, the considered approaches involve e.g.: Naive Bayes, linear
regression with data transformations, mixture models, neural networks,
and logistic regression (Yang, Tkachenko, 2012). The PD, LGD and EAD

are the three main parameters needed to calculate economic/regulatory
capital for banking institutions under Basel II. For the credit cards scoring
system, the bidirectional long short-term memory (LSTM) neural network
has been proposed (Ala’raj, Abbod, Majdalawieh, 2021). For credit risk
stress testing purposes, least absolute shrinkage and selection operator
regression (LASSO) (Chan-Lau, 2017) and Multivariate Adaptive Regres-
sion Splines (MARS) (Jacobs Jr., 2018) have been proposed. The real estate
price (where real estate is a loan collateral) can be estimated with various
ML techniques such as linear regression, convolutional neural networks,
and random forest (Potrawa, Tetereva, 2022).

Risk
management/
IT:
cybersecurity

Cybersecurity can be classified as a part of operational risk presented
below, however, we decided to present it as a separate section. The cyber-
security section presented here is based mainly on Sarker et al. (2020).
An intrusion detection system (network and software security) can be
built with the application of: Support Vector Machines, neural networks
(including recurrent neural networks and LSTM), the K-Nearest Neighbo-
ur classifier, the K-means algorithm, Naive Bayes, the decision tree model,
the genetic algorithm, and the hidden Markov model. The Support Vector
Machines model has been used for DDoS detection (where the DDoS is
Distributed Denial of Service, which is an attack made with multiple
computers and internet connections meant to make a machine or network
inaccessible for intended users). For malicious activities and anomaly
detection, neural networks, Adaboost, decision tree models, and Support
Vector Machines have been applied. Probabilistic neural networks have
been proposed for user authentication with keystroke dynamics, where
keystroke dynamics is the typing style of a client (Revett et al., 2007).
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operational risk

Banking area Advanced methods applications

Risk Artificial neural networks and Bayesian networks can be applied to

management: | various liquidity risk processes such as stress tests, simulations, recovery

liquidity risk and contingency plan. AI/ML can also improve the Internal Liquidity
Adequacy Assessment Process (ILAAP) and Asset Liability Management
(ALM) processes (Milojevi¢, Redzepagic, 2021). For a liquidity risk early
warning prediction system, LASSO regression, random forest and gradient
boosting with decision trees have been proposed (Drudi, Nobili, 2021).
For early warning liquidity risk, system neural networks and Bayesian
networks have been also proposed (Tavana et al., 2018).

Risk In the case of operational risk, the area where advanced quantitative

management: | techniques are heavily explored, the Know Your Customer (KYC) process

is used. The KYC guards the bank against financial fraud (including credit
card fraud), money laundering, and terrorist financing. For anti-money
laundering, Support Vector Machines (Keyan, Tingting, 2011; Chen, 2020),
neural networks (Gonzalez, Velasquez, 2013), Bayesian networks (Khan

et al., 2013), decision trees and random forests (Chen, 2020) have been
proposed. For fraud detection systems, Bayesian algorithms, the K-Nearest
neighbour, Support Vector Machines and the bagging ensemble classifier
based on the decision tree model have been applied (Pun, Lawryshyn,
2012; Dal Pozzolo, 2015; Leo, Sharma, Maddulety, 2019).

Risk
management:
interest rate
risk

The topic connected with both interest rate risk and liquidity risk is mat-
ching of maturity profiles of assets and liabilities. Therefore, in the case
of assets, loan prepayment models are applied and in the case of liabilities,
savings and current accounts churn prediction models are used.

In the case of savings accounts, churn prediction neural networks,
gradient boosting based on decision trees, the Generalised Linear Model
(GLM), Support Vector Machines and random forests have been applied
(Verma, 2020). For prepayment modelling, random forest alongside

the proportional hazard model (Liang, Lin, 2014), neural networks
(Zhang, Teng, Lin, 2019), logistic regression (Zahi, Achchab, 2020),

and the gradient boosting classifier based on decision trees (Schultz,
Fabozzi, 2021) have been proposed. For future interest rates prediction,
the Gaussian mixture model (Kanevski, Timonin, 2010) has been
proposed.
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market risk

Banking area Advanced methods applications
Risk For investment risk prediction, the Adaboost Support Vector Machine has
management: | been proposed (Luo, Metawa, 2019). For the Credit Default Swap (CDS)

derivative, the spread approximation method with random forest regres-
sion has been proposed (Mercadier, Lardy, 2019). For evaluation of risk
premium of commodity futures contracts, LSTM neural networks have
been proposed (Rad et al,, 2021). Value at Risk (VaR) models are com-
monly applied in a market risk area, for example, for equity risk. The VaR
computes a maximum loss over a given period with an assumed level of
confidence. For VaR calculation, an important aspect is the future volatility
prediction. For volatility estimation, neural networks and the Generalised
Autoregressive Conditional Heteroskedastic (GARCH) model have been
proposed (Monfared, Enke, 2014; Zhang et al., 2017). For foreign exchange
(FX) risk, the genetic algorithm alongside the LSTM neural network has
been proposed (Loh et al., 2022). For derivatives pricing, neural networks
and boosted random trees have been proposed (Ye, Zhang, 2019).

Risk Al and ML approaches can be applied during the validation of applied qu-
management: | antitative systems in different banking areas. Advanced ML models can be
model risk built as a benchmark for the existing, simpler models. For data quality va-
lidation, the outlier detection with ML can be applied, for example, based
on the Gaussian Mixture Model, the Dirichlet Process Mixture Model, neu-
ral networks, probabilistic principal component analysis (PPCA), Support
Vector Machines (Domingues et al., 2018), or the so-called isolation forest
model based on the random forest algorithm (Liu, Ting, Zhou, 2008).
Customer Nowadays customer experience in the case of using digital banking and
experience visiting bank stationary branches can be simplified and time-optimised

with the application of ML. With convolutional neural networks widely
applied for image recognition (Hijazi, Kumar, Rowen, 2015; Liu, 2018),
the bank can apply models that significantly shorten time necessary

for the existing processes. The image recognition system can be applied,
for example, to: a model that automatically reads information from the
client ID or a model that verifies if the next tranche of a mortgage can

be transferred to the client based on the construction progress docu-
mented with photos. In the case of digital banking, a personalised system
with transaction categorisation and cash flow prediction can be built with
recurrent neural networks (Kotios et al., 2022). The automated credit risk
scoring system, offering customised loans to the clients based on their
characteristics (every-month cash flows, etc.) can be developed with ML
techniques (discussed in the credit risk section above). Advanced chat
bots based on a neural networks approach called Natural Language Pro-
cessing (NLP) (Adamopoulou, Moussiades, 2020) can be developed, for
example, to call customers with a reminder of an overdue loan instalment.
To automatically propose banking products that a given client would be
most interested in, banks can develop a profiling system adapted to digital
banking, for example, based on k-means and neural networks algorithms
(Dawood, Elfakhrany, Maghraby, 2019).

Source: own elaboration
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Most of the solutions proposed for application in given banking areas presented in Ta-
ble 1 appear repeatedly in various banking areas due to the fact that most of those quanti-
tative tools are quite universal and can be applied to a wide range of problems covered by
banking. Table 2 consists of the author’s subjective assessment of the above-mentioned
methods alongside the threats and opportunities connected with their applications. Ta-
ble 2 comprises only methods that are:

1) meant to be applied to datasets with observable dependent variables (labelled
dataset),

2) meant for classification or regression problems (or both).

Because of the above, optimisation algorithms (such as genetic algorithms) or meth-
ods meant to group a given dataset with no dependent variable (unlabelled dataset)
into several categories (such as the K-means algorithm) are out of the scope of the pro-
posed categorisation. In the case of Table 2, the author assumes that the evaluation
of complexity and interpretability is connected with the situation which is not over-sim-
plified, i.e. atleast several auxiliary variables are assumed to be considered and particu-
lar methods are applied due to their unique features, which means that, for example,
the considered neural network has at least several neurons with activation function(s) or
Support Vector Regression is not based on linear kernel. The evaluated methods include:
1) Linear regression based on data with no transformations (Jiang, 2007: 1).

2) Linear models based on transformed data, including multinomial regression, the mo-
del based on data pre-processed with PCA or PPCA (Fraser, 1967; Abdi, Williams, 2010).

3) Generalised Linear Models, including logistic regression (Dobson, Barnett, 2018).

4) Regularised linear regression, including LASSO, ridge regression, and elastic net re-
gression (Hoerl, Kennard, 1970; Tibshirani, 1996; Zou, Hastie, 2005).

5) Decision tree for both classification and regression (Breiman et al., 1984).

6) Random forest for both classification and regression (James et al., 2017: 319).

7) Mixed (mixture) models: models with both fixed and random coefficients, including
Gaussian mixture models and Drichlet process mixture models (Neal, 2000; Biecek,
2013; Rao, 2013: 96; Krennmair, Schmid, 2022).

8) Multivariate Adaptive Regression Splines (Friedman, 1991).

9) Boosting methods for classification and regression, including Adaboost, Gradient bo-
osting with decision trees, boosting with other models, i.e. linear regression or Sup-
port Vector Machines, and the bagging ensemble classifier (Schapire, 2003; Hastie,
Tibshirani, Friedman, 2008; Chen, Guestrin, 2016).

10) Markov models, including hidden Markov models and Monte Carlo hidden Markov
models (Thrun, Langford, 1998).

11) Neural networks, including recurrent, LSTM, bidirectional LSTM, convolutional,
NLP, etc. (Hochreiter, Schmidhuber, 1997; Goodfellow, Bengio, Courville, 2016; Li
etal., 2022).
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12)Bayesian methods, including Naive Bayes and Bayesian networks (Ren et al., 2009;
Mihaljevi¢, Bielza, Larrafiaga, 2021).

13) Support Vector Machines, including regression implementation as Support Vector
Regression (Vapnik, Levin, Cun, 1994; Smola, Scholkopf, 2004).

14) Ensemble methods: results of several different complex models combined together
(Ganaie et al., 2022).

15)Proportional hazard models (Basu, Manning, Mullahy, 2004).

16) K-Nearest Neighbour classifier (Cunningham, Delany, 2021).

17) Autoregressive models, including GARCH (Bauwens, Laurent, Rombouts, 2006).

Table 2. Assessment of advanced quantitative methods in the context

of banking
Quantitative Complexnty( Opport_u nlt.les Threats of application
method Interpretabi- of application in the banking area
lity* in the banking area 8
Linear Very low Simplicity, understandabi- Works well only for linear
regression complexity/ lity of the method by a lot dependencies between
very easy of staff, the short time variables, the necessity of

to interpret

needed to estimate and
interpret the model, the
method easy to explain to
high management and
the regulator

testing for the fulfillment

of assumptions, the regula-
tor may potentially question
such a solution as the one
with too weak predictive
power

Linear mo-
dels based
on transfor-
med data

Low
complexity/
moderate
to interpret

Transformations can be
tailored to a specific econo-
mic theory; the application
of transformations may be
a great way to enhance
existing linear models in
banking

In the case of PCA and more
complicated transforma-
tions, the interpretabili-

ty, in general, is more diffi-
cult, multinomial regression
and some transformations
may produce unstable pre-
dictions
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to interpret

being relatively simple,
very helpful if the linear
model is the right choice,
but the issues with
overfitting were detected
(too good fit to the training
dataset with considerably
worse performance in the
case of actual predictions)

Quantitative Complexnty( Opport_u nlt.les Threats of application
Interpretabi- of application . .
method A . . in the banking area
lity in the banking area
Generalised |Low Logistic regression is a sta- | Using less popular link func-
Linear complexity/ ple in the case of binary tions than the logit/probit
Models easy classification, for example, requires more knowledge
to interpret in the case of PD modelling, |and understanding of sta-
ease of interpretation, which | tistics, the assumption
is especially important in regarding the independence
the case of explanation of the | of random variables, and in
reasons for loan rejection to | some cases applying
clients, etc. Generalised Linear Models
may be questioned as too
simple in the final form
and at the same time too
complex in terms of require-
ments regarding distribu-
tion assumptions, etc.
Regularised | Very low May enhance the perfor- The existence of hyperpara-
linear complexity/ mance of linear regression | meter requires some serious
regression easy models at the same time enhancement of the estima-

tion process, which is also
more time-consuming than
the standard linear regres-
sion estimation process,

the choice of regularised
regression over non-regulari-
sed requires additional
documentation

Decision tree

Very low
complexity/
very easy
to interpret

Simplicity may work very
well in the case of simple
segmentation tasks, inter-
pretability, easy to explain,
visualise, and capture
non-linear relationships,
may be easily combined
with other methods

Inadequate for more com-
plex problems, a single de-
cision tree is very sensitive
to the dataset based on
which model parameters
are estimated, which may
result in weak performance
on new data, requires addi-
tional testing for stability

Random
forest

Average
complexity/
hard

to interpret

Greatly improves stabili-
ty issues of single decision
trees, fast computation,
despite being hard to
interpret, the algorithm
behind random forests is
relatively easy to explain

Requires model agnostic
methods in order to inter-
pret results and therefore
in most cases extensive
documentation is essential
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Quantitative Complexnty( Opport_u nlt.les Threats of application
Interpretabi- of application . .
method A . . in the banking area
lity in the banking area
Mixed Average Random effects provide Mixture models require
(mixture) complexity/ great tools for specific additional testing, i.e. regar-
models moderate requirements regarding ding assumed distributions
to interpret available data and can of random effects, random
handle them better than effects are not so easy
fixed effects, they can be to interpret and explain to
applied to many different higher management as fixed
practical problems, mixture | effects, application of random
models can be associated effects to more complex
with different models models, for example, to
(linear models as well as random forests significantly
Generalised Linear Models | increases time needed for
or even random forests) computation
Multivariate | Low Elasticity, simple for No possibility of explicitly
Adaptive complexity/ interpretation, automatic presenting the formulas
Regression easy selection of the auxiliary describing the confidence
Splines to interpret variables for the model, intervals for the parameters,
computer implementations | similarly to a single decision
of the model are tree, may be inadequate for
time-efficient more complex problems and
requires additional testing
for stability
Boosting High Models based on boosting Results are very difficult
methods complexity/ often give very accurate to interpret (require model
for classifica- | very hard results (many Kaggle com- agnostic methods), the cor-
tion and to interpret petitions were won with rect choice of hyperpara-
regression the application of boosting | meters may be difficult,
methods), existence of very | sensitivity to overfitting
time-effective software to training data (in that case,
implementations, boosting | the model fits the training
may be applied for different | data well but does not work
classes of base models, e.g.: | well in the case of actual
linear models, decision predictions)
trees, etc.
Markov Average A wide variety of applica- The method is based on
models complexity/ tions, strong economic back- | discrete states, which may
easy ground cause serious technical
to interpret issues in implementation,
the method is superseded
often by other more accur-
ate models, frequently
requires other models/me-
thods to produce accurate
results
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Quantitative Complexnty( Opport_u nlt.les Threats of application
Interpretabi- of application . .
method A . . in the banking area
lity in the banking area
Neural Very high Very accurate if done cor- A very time-consuming
networks complexity/ rectly, and the method fits method, requires specific
very hard well with many classes of knowledge and experience
to interpret problems, despite being in order to correctly choose
very complex, there are network architecture, sen-
a lot of scientific materials sitive to overfitting, requires
and tutorials available model agnostic methods
for results interpretation
and very extensive docu-
mentation
Bayesian High Easy to interpret, Bayesian | May produce misleading
methods complexity/ methods provide a conve- results in certain cases, is
easy nient setting for a wide ran- | time-consuming, requires
to interpret ge of methods, for example, | expert knowledge and
issues with missing data experience to produce an
accurate model that works
well in practice
Support High A computationally time-ef- | The method difficult to
Vector complexity/ fective method even with interpret, among other
Machines hard large datasets, many stati- advanced algorithms relat-
to interpret stical software implemen- ively hard to understand
tations, despite being a re- and explain to higher
latively complex method, management
the number of hyperpara-
meters is relatively small
(for example, in comparison
with Gradient boosting
based on decision trees)
Ensemble Very high May produce very accura- In the case of ensemble of
methods complexity/ te tools if done well, the fu- | several complicated models,
very hard ture-proof method in terms | the interpretability may be
to interpret of accuracy very hard or even impossi-
ble, a very time-consuming
method that requires a lot
of knowledge and careful-
ness from its practitioners,
due to poor interpretability
can be explored only in the
areas where interpretability
is not required, neither
expected

FOE 1(362) 2023 https://www.czasopisma.uni.lodz.pl/foe/

85




Adam Chwila

The Application of Artificial Intelligence Models in Commercial Banks...

Quantitative Complexnty( Opport_u nlt.les Threats of application
Interpretabi- of application . .
method A . . in the banking area
lity in the banking area
Proportional | Average If the survival time is ava- Hazards should be propor-
hazard complexity/ ilable, this method is often tional in order to work well,
models easy preferred over the logistic sometimes the final model
to interpret regression approach, easy may be tricky to implement,
to interpret, robust (accur- | and sometimes the hazard
ate even in the case of no ratio may be misleading
specification of baseline in interpretation
haard)
K-Nearest Low Easy to understand and Time-consuming computa-
Neighbour complexity/ implement in practice tions if the dataset is large,
classifier easy sensitivity to redundant
to interpret data (earlier feature selec-
tion advised), in the case of
more difficult tasks may be
outperformed by more
complex methods
Autoregres- | Low A simple mechanism, may The data autocorrelation
sive models | complexity/ work well in the case of should be at a certain level
(including easy economic banking data, in order to work well], a si-
GARCH) to interpret easy to interpret, may be gnificant amount of histori-
very effective when there is | cal data is required in order
a lack of suitable auxiliary to estimate parameters
information accurately

* Interpretability means general clarity of the impact that input has on output of the model.

Source: own elaboration

In cases where strict interpretability is required, higher management may be reluc-
tant to approve changes to the model incorporating more accurate but at the same time
potentially less interpretable solutions. In such cases, we propose a gradual transition
towards more complicated approaches. For example, in the case of credit risk model-
ling, it may be impossible to transition from logistic regression to a neural network due
to the anxiety of higher management or regulatory barriers. As indicated in Table 2,
methods difficult to interpret would be very hard or impossible to apply in the case
of strict interpretability requirements. However, in such cases, existing solutions may
be enhanced with methods that are easy to interpret. The gradual improvement may be
connected, for example, with:

1) the incorporation of random effects into the models with only fixed effects, as
in the case of transition from logistic regression to logistic regression with random

effects in PD modelling (Dong, Lai, Yen, 2010),
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2) theintroduction of additional segmentation into the modelling problem, for example,
in the case of modelling a given portfolio with linear regression, the improvement
may include the division of a given dataset into several sub-portfolios with a deci-
sion tree and then the application of separate regularised linear regression to each.
The advantages of a gradual improvement of the existing solutions are as follows:

1) executives who make final decisions may perceive such proposals as safer and ac-
cept them more willingly,

2) the risk of unexpected issues (such as loss of social trust and reputation) occurring
in the course of implementation is lower than in the case of a sudden change of a sim-
ple model into a much more complex model,

3) such models are easier to develop due to the greater use of existing solutions than
in the case of a complete paradigm change,

4) itiseasy to compare old and enhanced versions of the model in terms of predictions,
accuracy, result simulations, etc.,

5) such models are more robust to potential regulatory changes regarding Al treatment.

6. Discussion

In many areas of the banking industry, for example, in the field of credit risk, quantitative
solutions that are widely applied are already regulated to some extent. The approaches
such as linear or logistic regression are examples of quantitative models that are a base
for many quantitative systems applied in practice. The banking industry already aims
to become data-driven and comply with all regulations, be ethical and trustworthy. There
are differences between certain domains, for example, the credit risk area is generally
more strictly and in detail regulated than other areas such as, for example, models that
aim to propose to clients a new product in mobile banking applications. Given the cur-
rent state of quantitative solutions in banking as well as the current approach of many
regulators and institutions towards the regulation of Al and ML for the legislative pur-
pose, we propose the following:

— a definition of Al that is general and basically classifies all quantitative systems
mentioned in the article as Al: “Al is a system that at certain stages of its process
perceives its environment and acts autonomously,”

— a definition of ML that is also general and includes all the quantitative approaches
mentioned in the article: “ML is an approach that generates output based on some
input data of any sources” (for example, expert opinion parameters or observation
of a particular phenomenon).
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Due to the inclusive character of the above-presented definitions, basically all quan-
titative and autonomous processes in the banking industry can be qualified as Al. There-
fore, the regulations concerning applied solutions should be applicable to the methods
being staples in the industry as well as to the new proposals considered by experts from
particular domains. This means that the definition fulfils important regulatory goals,
i.e. clarity and ease of practical application.

The above-proposed approach towards legislative definitions would mean that re-
quirements regarding specific Al/ML challenges could be formulated in a specific con-
text, for example, of credit risk. The same effect can be achieved if the Al/ML definition
is not a part of the regulation at all (as in the case of the US and Chinese examples dis-
cussed in section 2). However, in such cases, the potential threat of future regulatory
interpretations of AI/ML remains and the uncertainty is often one of the factors that
blocks innovations and changes. Therefore, we argue that a broad definition of AI/ML
in the case of regulations is a better solution. In the case of the regulation incorporating
our proposal, its scope regarding specific recommendations should either be focused
on AI/ML requirements in general (with an intention that most quantitative solutions
qualify as such) or/and on requirements orientated towards specific domains (for ex-
ample, credit risk modelling).

The regulations aiming towards requirements of explainability of AI methods
in the credit risk area should be straightforward and should not lead to a situation where,
for example, a method classified by the EU as Al is not an Al in the understanding of EBA.
Moreover, the general approach towards the Al definition allows for the formulation
of different requirements in different banking areas which are not connected with classi-
fying a given method as Al If our proposal is applied, basically all the present quantitative
solutions applied in banking would be classified as Al. At the same time, all the models
that are based on data would be classified as ML. The most important advantage of such
an approach is regulatory clarity. From a practical perspective, such an approach does
not distinguish between more and less complex approaches, and therefore one can argue
that it is not necessary to bother the industry with defining the underlying concepts. Al
and ML could be also defined in a less broad manner, for example, with the requirement
of learning aspectin the case of Al. Nevertheless, that requires a clear definition of what
learning from data means. Even if learning from data is defined in a narrow way, it would
probably mean that simple linear regression and complex neural network models end
up classified in the same category, therefore, e.g.: explainability requirements towards
application of computational methods to a given problem should be formulated any-
way. If regulators would like to distinguish simple approaches from complex ones, there
should be clear instructions to make a cut-off between the Al model and the non-Al mod-
el - and such a task is not easy. The discussion over such a distinction is difficult mainly
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due to the potential black-box character of complex, nonlinear solutions, and the inabil-
ity of a human to understand, for example, relationships between variables created by
a model or to correctly interpret model results.

A significant issue in the discussion over clarity and explainability of the applied solu-
tions is the complexity of the methods that are indirectly used in the process (the meth-
ods that search for optimal model parameters/hyperparameters, e.g.: genetic algorithms
or algorithms that aim to make model results more explainable). For example, the pro-
posal of simplification of complex models based on explanatory method outcomes (Go-
siewska, Kozak, Biecek, 2021) makes the final model parameters more understanda-
ble in terms of final outcome interpretation, however, the whole algorithm that leads
to the final solution is much more complex than for standard, statistical solutions such
as linear or logistic regression because it involves:

1) the development of a complex model (with an optimal parameters/hyperparame-
ters search),

2) the application of a selected explainable method algorithm,

3) an additional algorithm that shifts the results of the explainable method to create

a new, simplified model,

4) the testing of the final solution.

Therefore, banking industry regulators should focus on the following aspects of quan-
titative Al systems:

1) the definition of sufficient explainability of quantitative methods applied in banking,

2) the required level of final result clarity - for example, if it is necessary to point
to the most important client features that resulted in refusal to grant aloan and to cle-
arly state their numerical influence on the final outcome.

The required level of model clarity would make it unnecessary to distinguish be-
tween more and less complex solutions (Al or not Al). The interpretation of results pro-
duced, for example, by linear regression should be relatively easy, while the fulfilment
of the same requirements by a neural network could be a challenging task. Therefore,
independently of the level of complexity of a given system, if a model developer can ful-
fil a certain level of algorithm clarity and final outcome interpretation, the proposed
solution can be applied to a certain banking domain. Nevertheless, the definition of suf-
ficient explainability level is also not an easy task due to the stochastic nature of many
methods proposed to explore the model outcomes interpretation.

A broad approach towards Al and ML can help to create awareness regarding the un-
derstanding of Al by society. For example, the statement that in order to explain the out-
come of a particular Al system, another Al system has to be created may arouse anxiety,
unless such a statement appears along with the information that basically all quantita-
tive systems based on data are classified as Al by regulators. Society is generally con-
cerned by the vision of an Al that: has an unclear goal (black box), gets out of control,
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and potentially can generate harm that is nonpredictable. An interesting opinion regard-
ing that matter is that instead of identifying systems that produce bad results as essen-
tially mysterious and uncontrolled, we should call the application of an inappropriate
technology a highly likely abuse purposely made by the creator of the system - the cul-
tural logic of complex and mysterious technology is often used to justify the close in-
volvement of the Al industry in policymaking and regulation, which further strengthens
the market position of large companies and provides the legitimacy of their inclusion
in regulatory processes (Cath, 2018; Kroll, 2018).

7. Conclusions

In this research, we have attempted to study Al and ML applications in banking. Firstly,
we discussed the definitions of Al and ML applied by scientists, worldwide organisations,
and different regulators across the world. The conclusions resulting from our research
regarding those definitions are as follows:

1) Most definition emphasise differentation between “traditional software” and Al/ML
methods.

2) Scientists focus on philosophical aspects of the correct definition of the term “intel-
ligence,” which generally makes the task of clear classification of particular methods
as Al quite impossible.

3) Worldwide organisations and regulators generally try to construct a definition that
can help practitioners classify particular methods as Al, however, the cut-off point
between Al and non-Al methods is often difficult to detect. Some regulators avoid
defining AI/ML and instead focus on a regulatory approach towards specific, nar-
rowly defined areas.

4) In the case of ML, the approaches towards its definition on the part of scientists,
worldwide organisations, and regulators are, unlike in the case of Al, quite similar.
Nevertheless, particular definitions often lack the clarity that would allow for clas-
sifying specific methods as ML without any doubts.

Secondly, we have discussed general requirements for quantitative systems, which
should be lawful, ethical, secure, transparent, able to handle data well, explainable, ac-
curate, and supervised by human beings.

Thirdly, we have compared proposals for the application of complex quantitative
methods in different banking domains. We have also assessed quantitative methods
in terms of complexity, interpretability, as well as opportunities and threats of their ap-
plication in banking. The conclusions arising from our research are as follows:
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1) There are a lot of proposals for complex Al/ML solutions to different banking pro-
blems. Nevertheless, the requirements regarding the interpretability of applied quan-
titative methods are dependent on geographical regions and banking domains, there-
fore the application of specific proposals by the banks can be difficult or impossible.

2) Inthe cases of strict requirements regarding the interpretability of applied methods,
we propose a gradual increase of the complexity of existing methods, for example,
with an additional application of methods that were assessed by us as relatively easy
to interpret.

For legislative purposes, we have proposed our own definitions of Al and ML that
are generally inclusive regarding the practical classification of quantitative methods as
AI/ML. The primary advantage of such a proposal is regulatory clarity for practitioners
who must adhere to given regulations.

Our conclusions are important because there are a lot of differences between existing
approaches toward AI/ML definitions in different environments (scientists/practition-
ers/regulators), and different understandings of the application of complex quantitative
methods by groups interested in the further development of advanced computational
methods in banking. Our findings are useful for policymakers in terms of defining Al or
ML in future regulations, practitioners in terms of AI/ML applications, and executives
in terms of knowledge regarding complex quantitative methods, the possibility of their
applications in different banking domains, and their characteristics - to make more ac-
curate and faster decisions.

8. Limitations and future work

The main limitations of the above-presented considerations are that they refer to the in-

dustry in general, with no distinction between small banks and large international fi-

nancial institutions. They also ignore the geographical location aspect. Future work

regarding the approach towards increasing complexity of data-driven approaches

in the banking industry may focus on several aspects mentioned earlier but not elabo-

rated in detail in the article:

1) ananalysis of consequences of differences between existing regulations in different
geographics,

2) aproposal of clear guidance over explainability regarding specific applications of Al
in different banking domains.

The further development of Al and the increasing complexity of a wide range of sys-
tems applied across different industries is expected by societies all over the world.
The applied terminology and proposed regulations must be clear in order to make real-
ity more transparent rather than more unclear.
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Wykorzystanie modeli sztucznej inteligencji w bankach
komercyjnych - szanse i zagrozenia

Streszczenie: Jednym z gtéwnych sektoréw, ktére w duzym stopniu wykorzystu-
ja rozwoéj zaawansowanych metod obliczeniowych, jest sektor ban-
kowy. Cele badan przedstawionych w artykule to: 1) poréwnanie
naukowego i regulacyjnego podejscia do definiowania sztucznej in-
teligenciji (Al) i uczenia maszynowego (ML); 2) zaproponowanie de-
finicji Ali ML na potrzeby regulacyjne, ktére pozwolg jednoznacznie
stwierdzi¢, czy dana metoda jest Al/ML, czy nie; 3) poréwnanie zto-
zonych metod ilosciowych stosowanych w bankowosci pod wzgle-
dem ztoZonosci i interpretowalnosci w celu jasnej klasyfikacji me-
tod dla zainteresowanych stron (praktykow i kadry zarzadzajacej);
4) zaproponowanie mozliwego podejscia do dalszego rozwoju metod
ilosciowych w obszarach o wymaganej Scistej interpretowalnosci.
Przeglad literatury koncentruje sie na definicjach Al/ML stosowa-
nych przez naukowcéw i regulatoréw oraz propozycjach zastosowa-
nia ztozonych rozwigzan iloSciowych w réznych domenach banko-
wosci. Badania skupione sg na proponowaniu praktycznych definicji
Al i ML na podstawie aktualnego stanu wiedzy i wymogow przej-
rzysto$ci w branzy bankowej (bardzo ograniczony apetyt na ryzyko,
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Stowa kluczowe:

JEL:

dotyczacy niezgodnosci z regulacjami) oraz na poréwnaniu metod
ilosciowych stosowanych w réznych domenach bankowos$ci wraz
z ich ocena. Autor proponuje ogoélne i inkluzywne definicje Al i ML
na potrzeby regulacyjne, ktore pozwalajg jednoznacznie sklasyfiko-
wac konkretne metody. W przypadku zaostrzonych wymagan doty-
czacych interpretowalnosci stosowanych metod proponuje stopnio-
we i kontrolowane zwiekszanie ztozonosci istniejgcych rozwigzan.
Z tego powodu przedstawia ocene metod iloSciowych pod wzgledem
interpretowalnosci i ztoZono$ci. Autor uwaza réwniez, ze definicje
AI/ML w dalszych regulacjach powinny umozliwia¢ jednoznaczne
zaklasyfikowanie konkretnych podejs¢ jako AI/ML. Badania skie-
rowane sg do tworcow regulacji, praktykéw i kadry zarzadzajacej
zwigzanej z sektorem bankowym.

sztuczna inteligencja, uczenie maszynowe, etyka, bankowos¢,
wyjasnialno$¢ Al, regulacje
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