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Abstract: The risk of lending money collected from savers is that it leaves banks liable to default with
depositors if events (and hence repayment demands) become ‘abnormal’. Even though international
and national regulation has been introduced to ensure that a certain level of capital is retained by
banks, such regulation can be subverted. The current system of international regulation based on the
Basel III agreements does not stipulate a standardised approach for inspection frequency or penalty
magnitude. This leaves the potential for regulatory arbitrage. The scientific value of an analysis to
optimise regulatory efficiency and reduce such arbitrage is therefore considerable. This work therefore
assesses the results of the empirical testing of a model based on the Von Neumann–Morgenstern
utility function and consequently proposes that this model be used as a basis for standardising capital
adequacy limit infraction penalties on an international level to prevent regulatory arbitrage. A survey
is undertaken in order to test the responses of participants on the level of penalty which would
deter them from regulatory transgression under different theorised levels of profit and probability
of discovery. Based on the responses of two distinct subject groups (‘bankers’ and ‘non-bankers’)
in different scenarios of hypothetical capital adequacy violation, the Von Neumann–Morgenstern
utility function is reviewed against empirical results and revealed to show a semi-strong correlation.
Lastly, the analysis reveals the striking similarities of the two groups’ responses, posing regulatory
implications for the industry.

Keywords: Von Neumann–Morgenstern curve; banks; capital adequacy; Basel III; regulatory
arbitrage; expected utility theory

1. Introduction

International capital adequacy regulation is fragmented (Claessens 2019). There are
two main areas which require standardisation: the inconsistency in the level of penalties and
frequency of inspection. The current scale of the problems can be found in the database of the
Office of the Comptroller of the Currency (Office of the Comptroller of the Currency 2018),
specifically for banks of the United States of America, as well as the violation tracker for
British and American banks. There is considerable inconsistency in the level of penalties
for a given magnitude of capital adequacy violation. Ulster Bank, for example, was fined
EUR 1.96 million on a EUR 313 million shortfall (Ulster Bank Ireland Limited 2010); Manch-
ester Building Society, however, was fined GBP 975,000 on a GBP 2.8 million shortfall—a
considerably higher level of penalty (Agnew 2015). Metro Bank was fined GBP 5.37 million
on a GBP 100 million shortfall, again a substantially different level of penalty (Bank of
England 2022). The fine was imposed by the Prudential Regulation Authority in the UK
(PRA). Metro Bank’s early settlement reduced the fine by 30%. Without such a discount,
the fine—including costs—would have been GBP 7.68 million. All these banks are now
insolvent. In the United States, Integra Bank, the National Bank of Central Florida, and
Eastside Commercial Bank were all fined USD 0 (FDIC 2022).

There is also some difference in the frequency of inspection; according to the European
Central Bank 15 out of 37 banks were inspected quarterly, 10 out of 37 monthly, 8 out
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of 37 bi-annually, and 4 out of 37 yearly (European Central Bank 2022). In the United
States, an annual on-site inspection of a minimum frequency was officially required for
most deposit-taking banks by the Federal Deposit Insurance Corporation Improvement
Act of 1991, yet as Iheanyi and Sotonye (2017, p. 14) state, this is not always undertaken.
Despite such inconsistencies in current inspection, there has long been a belief that more
robust regulations are required in terms of capital adequacy. In 2007, Sheila Bair, the then
chair of the United States Federal Deposit Insurance Corporation, claimed (Bair 2007, p. 2)
“There are strong reasons for believing that banks left to their own devices would maintain
less capital—not more—than would be prudent. The fact is, banks do benefit from implicit
and explicit government safety nets”.

There is therefore a high scientific value to any work that can reduce regulatory arbi-
trage in capital adequacy regulation in the banking sector. In the same domain of research,
a model for devising an optimal level for penalties was proposed in Brož et al. (2023); the
theoretical model proposed was based on the behavioural characteristics of banks and
regulators by examining economic motives and incentives for bank misconduct and was
derived from the Shapiro–Stiglitz model in the context of the principal–agent models of
Shapiro and Stiglitz (1984). However, the work of Von Neumann and Morgenstern in
developing a utility function that describes the most efficient level of penalty to deter a
proscribed action provides an alternative opportunity to standardise such penalties on an
international level, to prevent regulatory arbitrage. An issue is to test empirically if this
function corresponds to the opinions of those who work in the banking industry, and fur-
thermore, as the banking industry has a fluid employment base, whether they correspond
to the opinions of those in the wider community who may enter banking as a career at
some later stage. This work is organized as follows. The next section (Section 2), explores
the theoretical frameworks and empirical studies related to capital adequacy regulation.
Then risk perception, decision making and regulatory perspectives in different domains,
using a thematic approach. Section 3, after providing a theoretical set up derived from
Von Neumann and Morgenstern (1944), defines the demographics of the study and the
empirical testing criteria of the model. Sections 4 and 5 consider the results and discuss
regulatory implications. Finally, Section 6 deals with the limitations of the study and
provides conclusions.

2. Literature Review

Von Neumann–Morgenstern utility theory has been employed as a useful tool within
different areas of study where humans make decisions under uncertainty and the outcomes
of decisions are probabilistic in nature. Below, an examination, using thematic categories
has been provided.

2.1. Theoretical Frameworks

The collapse of much of the banking system in 2008 further reinforced the view that banks
might benefit from implicit and explicit regulatory frameworks (Felton and Reinhart 2011).
The utility of models to assess and guide control of banking can be seen in the paper ‘Bank
Runs, Deposit Insurance, and Liquidity’ (Diamond and Dybvig 1983), whose authors won a
Nobel Prize for their work in this area in 2022. For an exposition of how banks create and are
constrained in their ability to provide liquidity to pay for capital shortfalls, see ‘Banks and
Liquidity Creation: A Simple Exposition of the Diamond-Dybvig Model’ (Diamond 2007).
The seminal paper ‘Crime and Punishment: An Economic Approach’ (Gary Becker 1968,
pp. 18–30) outlines the rational basis of some rule-breakers as well as the consequences of
varying probabilities of penalties for transgressions. In his theory of “subjective expected
utility”, Savage (1954) explores behaviour in a variety of subjective settings of risk. A key
issue is the subjective nature of perceived risk and subsequent capital adequacy failures.
Real-world uncertainty usually lacks clarity, unlike well-defined objective risk with known
consequences and probabilities. For such clear objective risks the basic notion of ‘expected
utility’ was constructed, although this has since been superseded by many other models
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(Pachur and Zilker 2023). Furthermore, risk aversion (characterised as a special preference
for riskless outcomes under anticipated value) can be modelled using concave utility.
Some generalisations have been made, for example, the certainty effect of Kahneman and
Tversky (1979). Given that individuals categorically distinguish between risky and riskless
circumstances, all of these generalisations regarding “non-expected utility” share the same
particular preference for riskless solutions.

However, due to the subjective nature of risk perception, individuals may under-rate
the risk they are facing, and therefore, treat the decision making in terms of capital adequacy
inaccurately. Indeed, the instant a predictable outcome is perceived as a risky gamble, the
triggering of new emotions can cause people to switch to a different assessment procedure—
the one for risky decisions. Different evaluations of risky and risk-free solutions have been
proposed in various situations. For instance, a number of publications, including Dyer and
Sarini (1982) and Glimcher and Tymula (2023), have indicated that risky decisions ought to
be made using a utility function and expected utility, but risk-free decisions should be made
using a different function, known as the value function. Riskless evaluations include those
that focus on welfare, intertemporal judgements, or intensity of choice. This distinction
between usefulness and value has achieved popular recognition even if it is not universally
understood. This paper concerns the decision to adhere to, or violate, capital adequacy
regulation for potential profit in differing scenarios of probability of discovery, which is
clearly a risk-based evaluation, with the only exception being when such violation has
occurred truly accidentally.

2.2. Empirical Studies

Despite the above nuances, Von Neumann–Morgenstern utility theory has proved to
be a useful tool within different areas: consumer behaviour, marketing risk management,
and engineering and system design.

With regard to consumer behaviour, Hauser and Urban’s (1979) study demonstrates
Von Neumann–Morgenstern utility theory as being useful for comprehending and fore-
casting customer behaviour. The conditions under which it proved the most useful are
as follows: individual utility parameters are considered to be crucial to the research or
managerial question; risk aversion and interaction phenomena are considered to be im-
portant in the consumer’s behaviour; there is a sufficient budget allocated to the personal
interviews; and consumers are well-educated. It works especially well when there are few
decision-makers and many options available. Consumer durables like washers and dryers
or automobiles could serve as more helpful examples. It may be relevant to the provision
of healthcare, college selection, and career guidance services.

The utility and conjoint axioms, according to Hauser and Urban (1979), appear to be
compatible, but further study is required to create a shared set of reliable axioms. In light of
this, Hauser and Urban’s application of Von Neumann–Morgenstern utility theory suggests
that consumer assessment is possible, that psychological qualities may be incorporated,
and that the empirical outcomes are on par with or better than those of two competing
approaches. Contemporary sources such as Koçaslan (2019) and Moscati (2021) also concur
in this assessment. These positive findings suggest that Von Neumann–Morgenstern utility
theory’s appealing aspects of modelling risk, measuring indifference, and identifying
practical form have potential for use in consumer research.

With regard to marketing and risk management, Shi and Wang’s (2019) investiga-
tion (which took into account all of the different decision-makers’ attitudes toward risk
based on individual aspects like personality and status) found that using utility theory
in marketing risk management has an unmatched advantage over other decision-making
methods. However, some fundamental premises must be included when utility theory is
used in such analysis. Although the theoretical model of subjective utility was intended to
be a piece of work that should be closely associated with the field, the four fundamental
preconditions of subjective expectation utility, (that is, completeness, transitivity, continu-
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ity, and independence), make it difficult for practical marketing management to achieve
these requirements.

Despite such difficulties, Shi and Wang (2019) note the widespread use of utility theory
in marketing and risk management. This is particularly the case where the specifics of
positive and negative effects are generally obscure, but where the probabilities of such
events are known. The gathering of statistics on past and similar performance is thus of
crucial importance to this approach. The ability to monetise benefits or losses is also of
great importance in assessing the best management decision to take. It is on this basis, for
example, that much of the modern-day insurance industry is based.

Additionally, the utility function’s establishment may be challenging because external
environmental circumstances will also alter one’s own attitude toward risk. Indeed, the
work of Gary Becker (1968) also emphasises, for example, the role of individual incentive
towards rule breaking. Differing levels of ‘risk aversion’ based on individual and group
accountability are also explored by Kahneman and Tversky (1979). These, of course, do not
negate utility theory’s unmatched advantages, whether they pertain to the risk decision of
a straightforward project, a complex project, a project involving large-scale risk decision
making or a project involving small-scale risk decision making. In fact, the altering of
one’s perception towards risk has also been illustrated within the findings of this paper.
Yet, Shi and Wang (2019) agree that utility theory can only be continuously developed
and improved upon in the actual decision-making process, which requires continuous
application and adjustment in practice. This is particularly so when examining utility
theory in light of neurochemistry (Peterson et al. 2021).

The domain of engineering and system design has long acknowledged the significance
of decision making (Winch et al. 2023, pp. 18–24). The many approaches to decision making
are divided by Tomiyama et al. (2009) into those based on heuristics and those founded
upon decision theory. It should be borne in mind that carrying out decision-making tasks in
the engineering domain does not automatically qualify one as a decision analysis specialist.
On the other hand, being familiar with decision analysis does not automatically make one
an engineering expert. Abbas and Cadenbach (2018) suggest an approach whereby a deter-
ministic value function is applied to a design, and the utility function assigned according to
that value. Not only does this conceptual and numeric approach illustrate greater flexibility;
it also reinforces the concept of ‘utility transversality’ in engineering design. The limitations
of utility theory depicted in the recent literature of engineering design (Harackiewicz and
Asher 2023; Miranda and Zaffalon 2023; Peterson et al. 2021) are said to be overcome
by this value-based approach (Abbas and Cadenbach 2018). However, the widespread
applications of Von Neumann–Morgenstern utility theory illustrated above highlight in
practical domains its importance in understanding the behaviour of decision-makers.

2.3. Regulatory Perspectives

While Basel III (on which the current system of international regulation is based) does
not stipulate a standardised approach to penalty frequency or magnitude, the potential for
regulatory arbitrage also leaves room for certain perception of risk. Garoupa’s (2001) “Op-
timal Magnitude and Probability of Fines” and his reinforcement of Becker’s (1968) analysis
in his “The Theory of Optimal Law Enforcement”(Garoupa 1997), and Yokoyama and
Takahashi’s (2013) “Mathematical Neurolaw of Crime and Punishment: The q-Exponential
Punishment Function” all suggest a rational approach to analysis of risk and reward
behaviour in financial matters. Furthermore, Yokoyama and Takahashi’s (2013) work (par-
ticularly in section two thereof) describes a method of surveys whereby the impact of risk
and reward behaviour can be assessed. Additionally, the methodology of assessing risk
judgements by a “willingness to accept” certain hypothetical sums, is asserted in Kahne-
man and Tversky’s (1992) “Advances in Prospect Theory: Cumulative Representation of
Uncertainty”, and it is towards this investigative methodology that this paper is directed.
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3. Methodology

The methodology for testing is designed around a standardized penalty model that can
reduce the possibility of regulatory arbitrage, based on the most efficient level of deterrence.
The ‘efficient penalty’ for a representative bank can be based on a model derived from Von
Neumann and Morgenstern (1944) and is shown in Equation (1) below:

P∗ = AF
(

1
γ

)
+

k
γ

(1)

where:
P∗: The most efficient level of penalty;
A: Amount a bank has reduced its reserve below the mandatory level;
F: Percentage return earned on the capital A;
γ: Probability of a bank discovery when violating the capital adequacy limit;
k: The cost of inspection to the bank.
Intuitively, the theoretical model is also based on the work of Gary Becker (1968), who

emphasises the role of individual incentive towards rule breaking. In the following work,
no account was taken of the costs of inspection (k) as it was thought that this figure would
be obscure to the vast majority of individuals if a decision as to whether to direct or simply
risk a capital adequacy violation is made.

Figure 1 shows Equation (1) applied in the case of an infraction of USD 100 million
and its rate of return of 7%. The solid line illustrates the position with a bank infracting
a total of USD 300 million over its capital adequacy limit, resulting in a total illicit profit
of 21 million dollars. The same graph would also be true of a group of any size of banks
violating their capital adequacy limit and obtaining a total of USD 21 million in illicit profit.
The total cost of inspecting banks is tabulated out of a sample of 500 banks in the banking
system, assuming an incremental inspection cost of USD 1 million per bank.
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The results of such a model as described above intersect with the total costs of inspect-
ing the banking system given by Equation (2) below. It is assumed that the cost of checking
each bank is USD 1 million per bank (Adeleye 2020). It is also assumed that the cumulative
costs of inspection rise in a linear manner.

C = ki(ni) (2)
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where:
C: Cumulative inspection cost for regulators;
ki: Costs per inspection to regulator;
ni: Number of banks inspected.
The model shown in Equation (1) was therefore adapted further for the purpose of

empirical testing, and written as

P∗ =
AF
γ

(3)

The term AF in the numerator may be thought of as a reward from the unlawful
action. In the survey the respondents were asked to specify a penalty which would deter
them from unlawful behaviour in five different banking and non-banking contexts, while
all figures were further standardised. For example, in ‘context 1 (individual risk)’, the
reward AF is equal to USD 10 and in ‘context 2 (assisted risk)’ the gain consists of USD 5
(USD 10 and its profit minus USD 5 shared with the friend). In ‘context 3 (banking risk)’,
‘context 4 (salary-liable banking risk)’, and ‘context 5 (bonus-liable banking risk)’, the AF
figures equal USD 10 m. Thus, units of dollars and millions of dollars were equalised for
the purposes of the later statistical analysis.

Demographics and Empirical Testing

In order to test the penalty model for (P∗) in different scenarios of risk and level of
capital inadequacy among English speaking ‘bankers’ (working in the banking industry)
and ‘non-bankers’ (working in a variety of different professions) the following survey was
undertaken. The survey also investigates at what level other non-financial penalties might
deter potential infractors and how the effectiveness of these might vary. An online platform
was used where bankers and non-bankers could select to undertake the survey, with the
incentive of being entered in a prize draw for free bandwidth. The access to this survey
was worldwide, but the language was exclusively English.

The overall structure of the questionnaire (Appendix A) starts with the initial descrip-
tive section, is followed by a scenario-based questionnaire to assess the different levels of
risk tolerated by the respondent for certain levels of direct financial penalties (expressed as
γ in Equation (1) above), and closes with broad questions that touch on the respondent’s
value of certain non-financial penalties.

A further demographic analysis of raw and cleaned data (Appendix B), hereafter
referred to as ‘data’, showed that there was no significant demographic skewedness before
or after the cleaning.

The data cleaning procedure (Appendix C) removed any individual’s results if they
had repeated the same “most efficient” penalty continually throughout all their answers
or if they had given “0” as a result for any answer. After this cleaning procedure, the
data which remained resulted in the final analysis being based on a survey of raw data
of 350 participants (189 ‘bankers’ and 152 ‘non-bankers’, who were English speaking).
Full demographic statistics were also assessed in relation to the two subject groups of
the empirical analysis in Appendix D. Thus, the main focus of the study was thus the
correlation of the results to the Von Neumann–Morgenstern utility function (Von Neumann
and Morgenstern 1944), as well as the difference in responses between banking and non-
banking respondents.

4. Results and Discussion

In terms of non-financial penalties, ‘bankers’ in the data analysed did not show strong
trends in their responses. However, damage to personal reputation and personal liability
for a fine were the most common types of responses (see Table 1). ‘Non-bankers’, in contrast,
indicated heavier fines as the most important factor, closely followed by damage to personal
reputation and the personal liability to a fine. While individuals were allowed to select
more than one answer in this section to demonstrate their overall order of preferences, it is
important to notice that damage to the reputation may not have the same magnitude or
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influence for a ‘non-banker’ as for a ‘banker’, considering the amount of time and effort
invested in their career, and perhaps a larger potential loss of earnings.

Table 1. The non-financial factors deterring bankers and non-bankers from unlawful actions in the
data (questions E1 to E5).

Top Deterring Factor ‘Bankers’, Data ‘Non-Bankers’, Data

Damage to the bank’s reputation 4 1

Damage to your personal reputation 18 16

Heavier fines 9 30

More frequent inspections 8 6

Personal liability for a fine 13 20

The plots below further illustrate the risk of being apprehended (γ) on the x-axis and
the fines on the y-axis. With two per ‘context’. The following elements are shown:

(1) Each of the possible responses at each risk level is shown by a grey dot.
(2) The mean response for each value of risk (i.e., for each question) is shown by a large

dot on the line in the centre of the shaded area.
(3) The 1-sigma standard deviation region around each mean value is shown by a

shaded area.
(4) The theoretical model of the ‘efficient penalty’ is shown by the curved upper line.
(5) The best-fit model based on the actual data is shown by the curved lower line.
(6) The indicator for the goodness of the fit, χ2, is shown.

In case of individual risk, ‘bankers’ have a fit to the model at 0.53 (shown in Figure 2a),
and the narrowest standard deviation at around the 50 percent probability of detection. Its
widest point is at the 12.5 percent detection probability, and its second widest at 100 percent.
‘Non-bankers’, on the other hand (shown in Figure 2b) seem to require a slightly higher
level of deterrent fine than ‘bankers’ at 0.57. The standard deviation is wide, with the
narrowest level being at the 25 percent chance of detection.
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In case of individual assisted risk, the group of ‘bankers’ (shown in Figure 3a) demon-
strated the lowest correlation with the model amongst all contexts, at 0.36, with the highest
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standard deviation at 12.5 percent chance and the lowest one at the 100 percent chance of
being caught. The correlation for ‘non-bankers’ (shown in Figure 3b) equalled 0.37, the
second narrowest in the ‘non-bankers’ section apart from in ‘context 5’.
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Placing the scenario clearly in a ‘banking context’ for ‘bankers’ seems to bring the
correlation with the model up to 0.57 (shown in Figure 4a). The widest standard deviation
is at 12.5 percent, and almost as wide at 100 percent chance of detection. Conversely, despite
being generally quite wide, standard deviation’s narrowest point is at the 50 percent chance
of being detected. Compared to the previous scenario it becomes clear that the lack of
an ‘assistant’ in the infraction means that the amount of fine required for deterrence is
markedly larger than that for the ‘assisted risk’ results, and thus, the results appear to have
a higher correlation with the model. This context also shows a high correlation (0.64) for
‘non-bankers’ in Figure 4b. This is the highest result out of all subsets investigated. Similar
to the first group, the standard deviation is wide but there are two places where it narrows,
at 50 and 25 percent probability of detection.
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Establishing a salary liability for ‘bankers’ increases the amount of deterrent fine
to 0.59, in agreement with the model (as shown in Figure 5a). There is a particularly close
agreement between Figure 5a,b and Figure 6a perhaps indicating that ‘bankers’ do not see
much difference between their salary and bonus. The standard deviation is wide, with the
narrowest point being at the 25 percent chance of detection. For ‘non-bankers’(Figure 5b),
the correlation was also high, the second highest of the overall analysis, at 0.61. The
exception here is Figure 6b where the standard deviation is narrowest at the 50 percent
chance of being caught and is generally narrower than that any other group.
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In ‘context 5’, there is a 0.59 correlation to the model overall. The standard deviation
is again wide and is very similar in shape to the results of ‘context 4’. In Figure 6a the
standard deviation reaches its narrowest point at the 25 percent chance of detection and
Figure 6b is at its narrowest point at 50 percent. The results for ‘non-bankers’ produced
a 0.56 correlation to the model. The standard deviation was much narrower than any other
subset of results, with its narrowest point at the 50 percent chance of being caught.
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5. Discussion
5.1. Best Fit to Model

All results have been produced against the same graph template so that comparison
is possible and, apart from Figure 6b for the ‘non-bankers’ which seems an outlier, some
overall similarities and differences can be noted. The standard deviation of all answers is
quite wide, narrowing somewhere between a 20 and 80 percent chance of being caught.
In Figures 2a and 3a, the results (for ‘bankers’) also show a markedly narrower standard
deviation than others at a 100 percent chance of being caught. No set of results runs counter
to the model and each markedly declines with decreased probability of being caught.

To identify their statistical significance the empirical results were further examined by
the function

P = X × AF
γ

, (4)

where X is the unknown number we are to determine. A nonlinear model fit procedure was
used to obtain values of X for each of the contexts. Intrinsically, the algorithm tries many
different values of X and picks the one which makes Equation (4) closest to the data points
(by minimising the sum of the squares of differences between the curve and the data).

The goodness of fit was further evaluated by calculating the χ2 statistic for each
fitted curve:

x2 = ∑
i

(Pi − µi)
2

σ2
i

(5)

Specifically, for every response Pi (i.e., for every grey dot on the plots), the distance
to the corresponding mean response µi is considered (the corresponding red dot on the
plot), and is compared to the standard deviation σi corresponding to the same point (the
thickness of the shaded area on the plot). The number obtained in Equation (5) follows
a chi-square distribution, with the number of degrees of freedom (D.O.F.) equal to the
number of grey data points minus 1. The best-fit parameters X, the corresponding values
of χ2, the degrees of freedom, and the corresponding p-values for the data are presented in
Tables 2 and 3. This shows the closeness of fit of the empirical data to the proposed model
and its statistical soundness.

Table 2. Best-fit parameters (X) from Equation (4) for each of the contexts.

Factor X in the Fit

Context ‘Bankers’ ‘Non-Bankers’ All

1. Q7–Q10: Risk Taken Individually 0.528 0.569 0.551

2. Q11–Q14: Assisted Risk 0.361 0.374 0.369

3. Q15–Q18: Banking Context 0.571 0.637 0.610

4. Q19–Q22: Risk, Salary Liable 0.594 0.606 0.601

5. Q23–Q26: Risk, Bonus Liable 0.596 0.563 0.594

When the averages of each context, regardless of risk, are analysed in Table 2, it
can be noted that the highest correlation to the model is ‘non-bankers’ in ‘context 3’ and
‘context 4’. The latter is also where the closest correlation between ‘bankers’ and ‘non-
bankers’ was identified. On the contrary, the smallest correlation between ‘bankers’ and
‘non-bankers’ appears in ‘context 3’. There seems generally to be a closer fit to the model
for ‘bankers’ in every context apart from ‘context 5’. The small difference between ‘con-
text 4’ and ‘context 5’ might be explained by the fact that ‘non-bankers’ may not have
enough experience of being paid a bonus to produce reasoned results; yet, according to
Bell and Van Reenen (2010), some bonus elements and this method of payment are not
exclusive to the banking industry.



Economies 2024, 12, 150 11 of 18

The most interesting results, therefore, occur when comparing the two subject groups.
Despite the general idea that ‘bankers’ through experience generally have a better idea
than others of what risks may lead to, or the general effect on their health or future earning
potential of transgressing the given rules, these two groups do not show strikingly different
results. The latter has been determined to be statistically significant given that the degrees
of freedom (in Table 3) offered are enough to provide robust data for the purposes of this
analysis. Therefore, as in every survey concerning people, the nature of perception of risk
proved to be different and non-dependent on the field of occupation.

The chi-square, degrees of freedom, and p-values are shown below.

Table 3. χ2 parameters, numbers of degrees of freedom (D.O.F.), and p-values, from Equation (5), for
each of the contexts.

Chi-Square

Context ‘Bankers’ ‘Non-Bankers’ All

1. Q7–Q10: Risk Taken Individually 636.585 589.215 1169.748

2. Q11–Q14: Assisted Risk 695.533 731.972 1389.805

3. Q15–Q18: Banking context 360.488 416.403 764.819

4. Q19–Q22: Risk, Salary Liable 390.594 497.958 890.697

5. Q23–Q26: Risk, Bonus Liable 345.148 534.512 882.217

D.O.F.

Context ‘Bankers’ ‘Non-Bankers’ All

1. Q7–Q10: Risk Taken Individually 239 355 595

2. Q11–Q14: Assisted Risk 239 355 595

3. Q15–Q18: Banking context 239 355 595

4. Q19–Q22: Risk, Salary Liable 239 355 595

5. Q23–Q26: Risk, Bonus Liable 239 355 595

p-values

Context ‘Bankers’ ‘Non-Bankers’ All

1. Q7–Q10: Risk Taken Individually 0 7.028 × 10−14 0

2. Q11–Q14: Assisted Risk 0 0 0

3. Q15–Q18: Banking context 6.103 × 10−7 0.01361 2.831 × 10−6

4. Q19–Q22: Risk, Salary Liable 2.090 × 10−9 7.854 × 10−7 3.764 × 10−14

5. Q23–Q26: Risk, Bonus Liable 8.204 × 10−6 2.114 × 10−9 1.559 × 10−13

The plots for all of the scenarios show generally higher deterrent penalties with
decreasing risk. The best-fit curve in the plots for the data lies relatively close to the curve
produced when results from the model are shown graphically, particularly for the low
values of risk. While 100 percent risk shows less correlation with the model, real-life risk
levels are typically less than 100 percent; therefore, the fit may be expected to be reasonably
close to that shown by the model in this case.

The figure below shows the mean number of responses as a function of the fine
specified for the data, accumulated over all contexts of risk and scenario (individual context
penalties elevated to millions of dollars). It may be seen that the trends are relatively
clear for ‘bankers’ and ‘non-bankers’ in the data, with higher fines corresponding to lower
numbers of responses, apart from the very high penalties at the apex of the range appearing
to cause a leap in responses.
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For presentation purposes, Figure 7 was used to construct Figure 8 by representing the
empirical data through Gaussian functions with the same mean and standard deviation. In
this way, the curves in Figure 8 are described by

N(x) =
N0√
2πσ2

exp

(
− (x − µ)2

2σ2

)
(6)

where the mean of the Gaussian µ and the standard deviation σ were set to be equal,
corresponding to the mean and the standard deviation of the data. The scaling parameter
N0 was chosen so that the peak of the Gaussian curve corresponded to the number of
respondents in each group.
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Notably, in Figure 8 the curves for ‘bankers’ and ‘non-bankers’ lie close to each other,
and thus, illustrate that risk aversion based on penalty is very similar for both subject
groups. The red dotted line is the mean average for ‘bankers’ and the blue dotted line that
for ‘non-bankers’. The statistical significance of the difference was assessed by running a
t-test of independence on the mean values of the deterrent fines indicated for each of the
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questions in the survey by both subject groups. This demonstrates that in the data there
is no statistical evidence that ‘non-bankers’ chose lower values of fine than bankers. This
is similar for the raw data. In both cases, there is no statistically significant evidence that
‘bankers’ are deterred by different fines than ‘non-bankers’. Lastly, for all of the numerically
answered questions in the raw data and data, Cronbach’s alpha was calculated. The data
resulted in a Cronbach’s alpha of 0.966, indicating excellent internal consistency.

5.2. Regulatory Implications

While on the basis illustrated above, the Von Neumann–Morgenstern utility function
was proved to be a solid tool for standardisation of capital adequacy violation penalties
on an international level to prevent risk taking within the banking industry, given the
average correlation at 0.54, responses for all contexts in the data showed a clear dependence
of the deterrent penalty on the risk of being caught. The fit was found to be the best
for 12.5 and 25 percent risk, perhaps because this degree of risk exists in reality. Only one
of the contexts—‘assisted risk’—produced a marked divergence from the model, which
could be attributed to the specification of this particular context and consequent potential
profits. When the assisted risk context is removed, the average amount of correlation to
the model rises to 0.572 for ‘bankers’ and 0.593 for ‘non-bankers’ as an average of all the
other contexts.

While the consistency of the data was evaluated by calculating Cronbach’s alpha,
which confirmed systematic excellent consistency, showing seriously considered answers
by respondents, another key point of the empirical results was concerned with striking
similarities between the responses of ‘bankers’ and ‘non-bankers’. The key focus of any
penalty system is concerned with the decisions made in a ‘banking context’, whether they
include assisted risk or truly individual action. Here, the average correlation of ‘bankers’
and ‘non-bankers’ combined with the model is 0.61 (0.57 and 0.64, respectively). Such
similarity between the two groups sufficiently impacts the modern regulatory dialectics—
liberalisation and deregulation alternating with re-regulation—as well as the way possible
advantages and disadvantages (benefits and costs) of the two approaches for the economy
are discussed.

When overregulation is costly and limiting, lenient regulations are mostly under-
pinned by the assumption that bankers, through experience, generally have a better idea
than others of what risks may lead to, or the general effect on their future earning potential
of transgressing the given rules. The markets have shown particular volatility during the
last twenty years of under-regulation. Examples are legion, from the 1997 Asian crisis,
the dotcom ‘bubble’ of 1997 to 2000, the US subprime mortgage crisis, and the European
debt crisis. In each case, deregulation was followed by accelerated growth and increased
bank lending. Whether through introducing asset-backed securities (ABSs) or mis-selling
payment protection insurance (PPI), it is clear that regulations (or gaps in regulation) are
frequently abused in the name of competitive advantage.

The empirical results of this paper concluded that risk aversion based on penalty is
very similar for ‘bankers’ and ‘non-bankers’, signifying similarities within the overall risk
attitude of both groups. The curves of the distribution of the mean numbers of answers as a
function of the deterring fine to identify the differences between the responses of ‘bankers’
and ‘non-bankers’ lie close to each other (Figure 8), with only small visual differences. Based
on a t-test of independence, it was found that there was no statistically significant evidence
for any difference in the combined means for the answers by ‘bankers’ and ‘non-bankers’,
amplifying that there is no statistical evidence that ‘bankers’ are deterred by different
fines than ‘non-bankers’. Put simply, ‘bankers’ seemed to be no more risk averse than
‘non-bankers’. This may raise significant questions about the wisdom of ‘self-regulation’
in banking. Given the potential for damage as a result of undesirable developments and
the incentives to which ‘bankers’ are exposed, self-regulation alone does not prove to be
sufficient in financial markets, which was also illustrated by the empirical analysis.
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A stable banking system requires properly implemented and well-supervised regula-
tion. Only in this way can excessive risk be limited. Most importantly, and contingent to
the industry, regulation ensure that banks are not tempted to make bad investments, acting
something like a shock absorber in such cases. In the same way, deposit guarantee schemes
ensure that even in the case of failure, all deposits under a certain amount are protected.
The same goes for the newly created ring-fence practices. It is, nevertheless, questionable
whether too tight a regulatory regime might throw up its own problems. Chief among
these is an inflexibility and an inability to keep up to date with changing requirements. Too
rigid a rulebook might also prove to be too excessive in its restrictions.

There is a need for well-balanced proportions of legal standards and voluntary, negoti-
ated rules. Such an approach addresses responsibilities without strangling the core ability
of the banks to function. Whatever the case, any regulatory system must acknowledge
the importance and significance of risk. Not to do so is to make the industry a hostage
to fortune.

6. Conclusions and Limitations

Although national and international regulations have been put in place to make sure
that banks preserve a specific amount of capital, these regulations are consistently flouted.
There is no set method for inspection frequency or penalty amount in the present system
of international regulation based on the Basel III accords. The possibility of regulatory
arbitrage thus remains. In order to prevent such arbitrage, this paper evaluated the findings
of an empirical test of a Von Neumann–Morgenstern utility function-based model and
suggests that the latter be utilised as a foundation for standardising capital adequacy limit
infringement penalties globally. The model has not only shown to have a semi-strong
connection with empirical outcomes based on testing of ‘bankers’ or ‘non-bankers’ under
various situations of hypothetical capital adequacy violation, but also shows a significant
similarity in the answers of both groups, which has regulatory ramifications for the sector.

The empirical findings concluded that ‘bankers’ and ‘non-bankers’ have relatively
comparable risk aversion based on penalty, indicating similarity in both groups’ general risk
attitudes. The curves of the distribution of the mean numbers of replies as a function of the
separating fine to distinguish the variations in responses from ‘bankers’ and ‘non-bankers’
are almost identical, with only minor visual deviations. Simply put, ‘bankers’ did not seem
any less risk-averse than ‘non-bankers’. The results are influenced by the Allais (Allais 1953)
and Ellsberg (Ellsberg 1961) paradoxes where decision-makers under uncertainty tend
to violate the classic axioms of utility theory because their individual preferences are not
consistent with the assumptions of the theory. Practically speaking, while self-regulation
alone is not shown to be sufficient in financial markets, the wisdom of “self-regulation” in
the banking industry may be seriously questioned in light of these empirical outcomes, es-
pecially given the potential for harm as a result of the unfavourable events and incentives to
which ‘bankers’ are susceptible. Furthermore, ‘bankers’ do not have subjective probabilities
that are any “more defined” than ‘non-bankers’ in uncertain situations. This is particularly
the case in the area of capital adequacy, where extra profits, and hence, bonus payments
may be achieved by temporarily operating below the required limit. As the results of
the study highlight, a standardized capital adequacy limit infringement based on the Von
Neumann–Morgenstern utility function could potentially mitigate regulatory arbitrage
and benefit the banking sector by enhancing its stability. This is especially important as
the recent insolvency of Silicon Valley Bank and Signature Bank in the United States of
America shows regrettably that bank collapse is still an ever-present danger.
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Appendix C. Data Cleaning

Table A1. The effect of each step of data cleaning on the sample size.

Cleaning Step ‘Bankers’ ‘Non-Bankers’ All

Raw Data 159 191 350

Data Step I 151 181 332

Data Step II—Cleaned Data 60 89 149

Table A2. Volume of the rejected data at each step of data cleaning.

Cleaning Step ‘Bankers’ ‘Non-Bankers’ All

Rejected Data—Step I 8 10 18

Rejected Data—Step II 91 92 183

Appendix D. Demographics Analysis

Table A3. Working experience of ‘bankers’ in the data.

Working Experience (Years) Number of ‘Bankers’ (Data)

<=1 4

1–3 18

3–5 8

5–10 5

10–20 9

>20 16

Mean 10.02

Standard deviation 7.75

https://docs.google.com/document/d/1WzZDcxB4-I2C3fv0zMiyrqbAsyNklpIB/edit#heading=h.gjdgxs
https://docs.google.com/document/d/1WzZDcxB4-I2C3fv0zMiyrqbAsyNklpIB/edit#heading=h.gjdgxs
https://docs.google.com/document/d/1L8pHZfgeMRQRfXj68zCz3gWBbLuwtdRB/edit#heading=h.gjdgxs
https://docs.google.com/document/d/1L8pHZfgeMRQRfXj68zCz3gWBbLuwtdRB/edit#heading=h.gjdgxs
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Table A4. Age distribution of respondents in the data.

Age Group ‘Bankers’ ‘Non-Bankers’ All

18–25 7 5 12

26–35 24 17 41

36–45 15 13 28

46–55 9 13 22

55–66 5 26 31

>67 15 15

Table A5. Gender distribution in the data.

Gender ‘Bankers’ ‘Non-Bankers’ All

Male 33 54 87

Female 27 35 62

Table A6. Education statistics for the data.

Data

All

Status Frequency Percent Cumulative Percent

Associate Degree 13 8.7 8.7

Bachelor’s Degree 48 32.2 40.9

Doctorate Degree 1 0.7 41.6

High School Graduate Diploma, or Equivalent 24 16.1 57.7

Master’s Degree 26 17.4 75.2

Professional Degree 6 4 79.2

Some College Credit, No Degree 23 15.4 94.6

Some High School, No Diploma 1 0.7 95.3

Trade/Technical/Vocational Training 7 4.7 100

Total 149 100

‘Banker’

Associate Degree 6 10 10

Bachelor’s Degree 22 36.7 46.7

Doctorate Degree 0 0 46.7

High School Graduate Diploma, or Equivalent 5 8.3 55

Master’s Degree 14 23.3 78.3

Professional Degree 2 3.3 81.7

Some College Credit, No Degree 8 13.3 95

Some High School, No Diploma 0 0 95

Trade/Technical/Vocational Training 3 5 100

Total 60 100
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Table A6. Cont.

Data

‘Non-Banker’

Associate Degree 7 7.9 7.9

Bachelor’s Degree 26 29.2 37.1

Doctorate Degree 1 1.1 38.2

High School Graduate Diploma, or Equivalent 19 21.3 59.6

Master’s Degree 12 13.5 73

Professional Degree 4 4.5 77.5

Some College Credit, No Degree 15 16.9 94.4

Some High School, No Diploma 1 1.1 95.5

Trade/Technical/Vocational Training 4 4.5 100

Total 89 100
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