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A B S T R A C T

Since the 1980s, researchers and practitioners examining the vulnerabilities of financial institutions to money
laundering risk have offered some insights on how experts conduct anti-money laundering risk assessments.
A common theme in the risk assessment literature is the emphasis on box-ticking rather than exercising
judgment case-by-case, which has influenced our consideration of whether experts in this domain are immune
to cognitive biases that novices can be vulnerable to during risk assessment. We found that both experts and
novices were overconfident about their distribution judgments and this effect was slightly more pronounced
in the expert group. One manifestation of the overconfidence effect in both groups was the preference for
false-positive over false-negative errors. Notably, novice participants slightly outperformed expert participants
in the proportion of correct outcomes. A feedback mechanism that is effective at alleviating biases, improving
processes, and resultant judgment accuracy may be valuable to experts in this domain.
1. Introduction

A money laundering scheme is an action aimed at concealing ill-
gotten gains that are intended for use and making them appear to orig-
inate from legitimate sources (Baldwin, 2003; Levi & Soudijn, 2020).
It can be facilitated through a human medium such as money mules
(persons who help third parties transfer funds using their own personal
identities for commission — see Raza, Zhan, & Rubab, 2020) or infor-
mation technology enabled channels like virtual currencies (Anichebe,
2020). Money laundering schemes can sometimes be quite simple;
for instance, smurfing, also called structuring, which involves making
multiple deposits below the threshold where banks must report cash
transactions to regulatory authorities (Caulkins & Reuter, 2022; Linn,
2010; Schneider, 2020). The schemes can, however, be complicated,
layered across several institutions and countries. Money launderers, for
example, may use multi-layered corporate structures to consummate
layers of transactions that allow the proceeds from illicit activities to
be disguised as legitimate (Veen, Heuts, & Leertouwer, 2020).

Given that money laundering schemes offer varying degrees of
anonymity to illicitly acquired proceeds (Kruisbergen, Leukfeldt, Klee-
mans, & Roks, 2019), both the private and public sectors are investing a
great deal of resources in combating money laundering crimes. Govern-
ment employees monitor tax declarations, while financial intelligence
units (FIUs) receive and analyse suspicious reports from reporting enti-
ties (Lannoo & Parlour, 2021). Banks and other private entities undergo
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costly anti-money laundering procedures to help governments limit the
facilitation of proceeds from crimes (Berg, 2020; Takáts, 2011). They
are required, under laws predominantly based on the Financial Action
Task Force (FATF) recommendations, to meet intricate compliance re-
quirements, verify the identities of their customers’, sources of funding,
and monitor their payments (Pol, 2020). Similarly, under the proceeds
of crime regulations, all reporting entities such as banks and their
employees are required to report suspicious transactions (FATF, 2014).

One line of thinking is that suspicious activity reports (SARs) which
form the cornerstone of the anti-money laundering (AML) framework,
globally hang on the loose scales of suspicion (Sinha, 2014; Wilkes,
2020). In reality, what appears to be a straightforward decision is actu-
ally a complex scheme, historically carried out by public agencies such
as prosecutors and courts, now entrusted to financial professionals. To
fulfil this obligation, financial professionals must be able to discern
suspicious behaviour within complex financial transactions using a
procedural risk assessment framework (Cindori et al., 2013). This task
presents a wide range of ethical, empirical, and practical restrictions
when finding specific case of money laundering (Amicelle & Iafolla,
2018; Demetis & Angell, 2007; Naheem, 2017; Singh & Best, 2019),
and is even more complicated when the client under risk assessment has
no existing records relating to any known predicate offence (Naheem,
2019).
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Much of the surveillance in AML regimes is silent and unobserved
(Halliday, Levi, & Reuter, 2019). For instance, automated systems
analyse transactions for signs of anomalous informed by known ty-
pologies, or financial sector officials maintain a list of foreign and
domestic politically exposed persons (PEPs) who will be subjected
to increased scrutiny. Banks employ automated solutions to assess
money laundering risks in large volumes of financial transactions, how-
ever, flagged transactions (from technology) still need to be manually
examined by staff to determine whether they are suspicious or not
(Demetis, 2010; Isa, Sanusi, Haniff, & Barnes, 2015). For the staff, the
most challenging aspect is developing criteria to identify suspicious
behaviour or transactions (Sinha, 2014). Without quality considerations
in bank AML programs, criminals might be able to evade detection. The
consequences of such failures have left major financial institutions with
penalties and costs in the hundreds of millions (Nyreröd, Andreadakis,
& Spagnolo, 2022). A common theme in the risk assessment literature
is the emphasis on box-ticking, which results in a high false positive
rate that undermines the AML system’s efficacy, bank’s reputation
(dalla Pellegrina, Di Maio, Masciandaro, & Saraceno, 2022), and raises
operating costs for law enforcement agencies that rely to some extent
on these reports for intelligence (Amicelle & Iafolla, 2018; Takáts,
2011).

The adoption of the risk-based approach to AML, which means
customers are risk rated based on variables such as geographic risk,
customer risk, and product or service risk, which may increase or de-
crease the perceived risk posed by a particular customer or transaction
is problematic (Bello & Harvey, 2017). Money laundering detection, for
example, has to be based on a subjective assessment of an assessor, as
there are no physical indicators to detect money laundering risk (Sinha,
2014). Yet, there have been relatively few studies on the individual-
based role in assessing money laundering risk (Isa et al., 2015). Even
though scholars in this field have noted and studied various risk as-
sessment approaches, the studies are found to lack strong theoretical
foundations for linking expert cognitive factors to the quality of AML
risk assessment in financial institutions (Jamil, Mohd-Sanusi, Mat-Isa,
& Yaacob, 2022). This research highlights some of the issues through
the following three main research objectives. First, to examine the
quality of AML risk assessment used in banks. Second, to provide
an understanding of how likelihood judgments are formed within the
context of AML risk assessment. Third, to further the work in the field
of human judgment analysis.

AML experts face uncertainty at the core during the risk assessment
procedure: interpretations are contextually sensitive, and conclusions
are often probabilistic (Veen et al., 2020). Financial institutions can
only see a fraction of the bigger, more complex picture when dealing
with transactions (FATF, 2022). In fact, criminals exploit this informa-
tion gap to layer illicit financial flows between financial institutions
within and across jurisdictions. Thus, circumstantial evidence becomes
the foundation of inference to identify whether proceeds originate from
criminal activities (Bell, 2000). This raises the question of whether
experts in this domain are immune to cognitive biases that novices are
susceptible?

Probability judgment theory offers a chance calculus for measuring
performance (Costello & Watts, 2014). Probabilistic judgment is essen-
tially the assessment of the degree to which an assessor is certain that
a statement is correct under uncertainty (Sanders & Ritzman, 1992).
Hence, using actual financial transactions with money laundering con-
viction and non-conviction outcomes, we employed an experimental
vignette-based survey to investigate the following research question:
How does the quality of AML probabilistic risk assessments made by experts
compare to those of novices?

The paper is structured as follows. The next section is an exposition
of the theory guiding this research — the role of experts in AML
risk assessment, the theory of probability judgment and the effects of
expertise in probability judgment accuracy. Subsequently, the details of
the methodological framework adopted in our empirical examination
are presented, and this followed by the empirical findings. Finally, in
the discussion of the findings, we consider how our work contributes to
2

theory and practice and we identify research areas to explore further.
2. Theoretical background

2.1. Expert role in anti-money laundering risk assessment

Money laundering risk cannot be isolated but stems from various
predicate crimes, such as human trafficking, small-scale tax evasion,
forced labour, and weapons trafficking (Canhoto, 2021). Experts’ ability
to distinguish suspicious transactions from legitimate ones presents
a dilemma, as it does with many high-stakes decisions (Amicelle &
Iafolla, 2018; Bergström, Svedberg Helgesson, & Mörth, 2011). Ac-
cording to the regulation on suspicious transaction report, an expert
must have reasonable grounds to suspect that there is a possibility
that a transaction may involve proceeds from crimes (FATF, 2014).
However, money laundering risk is elusive and subjective (Demetis,
2010). Its risk assessment is a judgment about risk that a counterparty
or transaction may be associated with criminal funds (Van Duyne,
Harvey, & Gelemerova, 2018). In fact, experts rely on a test of a
transaction’s economic rationality to determine whether it is suspicious
or economically rationally explained (Axelrod, 2017).

Under the customer due diligence (CDD) legislation, financial insti-
tutions should take reasonable steps to identify and verify that their
customers are whom they claim to be (McLaughlin & Pavelka, 2013).
Remarkably, proponents of CDD have argued that data intelligence
from CDD helps experts assess the likelihood of money laundering risk
in financial transactions (FATF, 2014; Johari, Zul, Talib, & Hussin,
2020). In reality, experts struggle with a dilemma about ensuring
sensitivity while being aware that they have conducted a reason-
able assessment of the suspicious transaction (Maurer, 2005). They
may also encounter uncertainties caused by incomplete or inaccurate
information, transaction ambiguity, concealment, and inconsistencies
during risk assessment. Implementing AML risk assessment without the
appropriate risk judgment will have a negative impact on the filtering
obligations financial institutions must meet (Zavoli & King, 2021).
Hence, for experts to produce factual suspicious transactions, me-
thodical suspicion becomes the main approach during risk assessment
(Fedirko, 2021).

Paradoxically, money laundering risk assessment is not just a mea-
surement exercise but a response to set requirements introduced by
the AML regulatory regime championed by the FATF (Riccardi, Milani,
& Camerini, 2019). These requirements are periodically updated, and
guideline statement issued by FATF. For example, the FATF in 2013
created an AML risk assessment framework to guide AML regulated
bodies during the assessment of money laundering risk (Halliday et al.,
2019). According to the guideline, money laundering risks are assessed
based on ‘likelihoods’ that proceeds from criminal activities will be
laundered and associated ‘consequences’ if the proceeds is laundered
(Savona & Riccardi, 2017). A disjunctive synthesis of both the likeli-
hood and consequences judgments should guide the risk assessment of
money laundering risk. For example, banks may report a transaction as
suspicious if there is a high likelihood that the transaction is a case of
money laundering occurring or if the consequences will be severe that
the transaction turns out to be a case of money laundering.

Money laundering risk indicators (potential red flags) are also
codified in national risk assessment frameworks as a guideline for
identifying instances of money laundering (Savona & Riccardi, 2017).
But guidelines do not usually translate easily into provider behaviour
(Reyna & Lloyd, 2006). Within AML domain, experts must be able to
identify and interpret erratic trails of crime proceeds across jurisdic-
tions (Fedirko, 2021). Hence interpretation is unavoidable during AML
risk assessment and all risk judgments, whether based on codified risk
categories or a transaction’s economic rationale, are points of inference.
In such uncertain environments, probability judgment theories suggest
expert contextual knowledge (work-related experience) is crucial for
making accurate judgments, and technical expertise is of little signif-
icance (Sanders & Ritzman, 1992). In fact, studies have shown that

experts use their contextual knowledge to interpret events based on



Journal of Business Research 162 (2023) 113820H. Ogbeide et al.
cues they observe (Afflerbach, van Dun, Gimpel, Parak, & Seyfried,
2021).

It follows from heuristics theory that even experts make biased
judgments in the face of uncertainty by using heuristics (Tversky &
Kahneman, 1974). For example, several studies have demonstrated that
calibration in probability judgment is adversely affected by overconfi-
dence (McKenzie, Liersch, & Yaniv, 2008). Calibration is the measure
used to describe the degree of consistency between allocated probabil-
ities and actual occurrences (Lichtenstein, Fischhoff, & Phillips, 1977).
Although, it is desirable that AML experts can defy the biasing influence
from overconfidence, and they should be more suitable at doing so than
novices in an AML context. However, no prior study in this domain has
systematically examined whether this is actually the case.

Experimental manipulations that affect accuracy provide insight
into the underlying mechanisms. One of several types of likelihood
judgments is probability judgment (Yates et al., 1989). Most authors
have noted that the use of probability judgment technique helps to
simplify the study of likelihood judgment, since a probability is an
expression of a purely internal state (Lichtenstein et al., 1977). The
background of this area of research is discussed next.

2.2. Probability judgment accuracy

When examining the quality of judgment in an assessment or pre-
diction context, it is not sufficient to judge the performance of the
assessor solely by how often he or she is correct while neglecting the
degree of confidence that he or she has in each assessment (Borracci &
Arribalzaga, 2018; Olsson, 2014). People overestimate the accuracy of
their judgments in light of their perceived overconfidence, according
to psychological studies (Olsson, 2014). When subjective probabilities
exceed proportions of correct answers, there is overconfidence (Garcia,
Gomez, & Vila, 2022). Therefore, any effective appraising method
should take into consideration both the actual assessments and their
accompanying probabilities. Probability values are crucial for identify-
ing underlying strengths and weakness of judgment in assessment such
as poor calibration (Lichtenstein et al., 1977).

Probability judgments are well-calibrated to the extent that the
probability judgment attached to various events matches the relative
frequencies with which those events occur. For example, a perfectly
calibrated assessor would be correct on seventy out of one hundred
occasions where he or she provided a probability of 70%, and on 50%
of occasions where he or she provided a probability of 50%, and so
on. Those who are not well calibrated may either be underconfident
or overconfident. In the underconfident assessment, the percentage of
propositions that are true exceeds the assigned probability. While in
cases with overconfidence, too few propositions are true. As mentioned
above, the most recognised cause of poor calibration is overconfidence
or overreaction (Lichtenstein, Fischhoff, & Phillips, 1982; Wallsten &
Budescu, 1983). Another underlying aspect of judgment that can be
identified from a probability judgment analysis is ‘resolution’ (Yates,
1982).

Resolution refers to the ability to discriminate between instances
where an event is likely to take place from when it is not —- which
is arguably a crucial skill in the present context of AML assessment.
Yates (1982) suggests that poor calibration and resolution may result
from inconsistent probability estimates from the assessor, which again
would be a critical problem in the present context as similar instances
should be evaluated in an equivalent manner. Money laundering risk
assessment relies heavily on the interpretation and classification of
transaction trails linking wealth sources to illicit activities. But AML
risk assessment guidelines that centre on regulatory issues focusing on
specific risk assessment approach, such as the risk-based guideline, are
influenced by the practice of discriminating vague categories of risk
and mapping them to distinct levels. Consequently, we anticipate that
AML experts will set their risk assessment based on just a few key
3

risk categories (such as designated customer risk, geographic risk, and
transaction risk), as opposed to the many details that novices may add.

Various statistics for examining probability judgment accuracy have
been proposed in the literature. Bayesian Networks (BNs), for example,
express causal relationships between events using graphical inference
and can be used both for predicting the probability of unknown vari-
ables or updating the probability of known variables based on evidence
(Kabir & Papadopoulos, 2019). It follows a mathematical models of
reasoning based on Bayesian inferences, a process for drawing con-
clusions given observed data in a way that follows probability theory
(Costello & Watts, 2014). In a comprehensive review, Musharraf et al.
(2013) evaluated the use of BNs to assess human error probabilities
during offshore emergencies. They demonstrate that the BNs approach
adequately assesses human error likelihood based on their comparative
study. Similarly, the application of BNs in system safety, reliability,
and risk assessment, was recently presented by Kabir and Papadopoulos
(2019). Though BNs have gained popularity in risk assessment applica-
tions due to the model’s flexible structure, there have been criticisms of
bayesian models’ estimation of likelihood functions and priors (Endress,
2013; Marcus & Davis, 2013). The Bayesian theory permits too many
arbitrary alterations to likelihoods and priors. Bowers and Davis (2012)
explain that this flexibility of the Bayesian theorem-based model could
allow the usage of the model for explaining almost any behaviour as
optimal.

The Mean Probability Scores (MPS) is another frequently used ap-
proach for studying likelihood judgment (Yates & Curley, 1985). The
MPS is linked to Brier (1950) and is often referred to as the ‘Brier
Score’. It measures the difference between the assigned probabilities
and whether or not the events transpired. The MPS statistic is a wide
gauge of overall accuracy that can be broken down to reveal important
underlying aspects of performance, such as calibration and resolution
(Lichtenstein et al., 1982; Murphy, 1972a, 1972b; Yates, 1982). This
study will adopt an approach based on Yates (1982), since the required
estimation is simple probabilities, such as the probability of an event
P(A), and does not involve any conditional probabilities of any form
related to the Bayes’ theorem. The approach and the relating statistics
will be described in detail in the methodology section. However, in
the meantime, research that has utilised probability judgment accuracy
approaches to examine the quality of professional judgment is reviewed
next.

2.3. The effects of expertise in probability judgment accuracy

Comparing experts’ and novices’ performance has historically been
the most common method for studying expertise (Carter, Sabers, Cush-
ing, Pinnegar, & Berliner, 1987). Findings from existing literature
show inconsistent accuracy conclusions across different professional
domains. In some fields, experienced professionals are found to be
more accurate in their probability estimates than novices. For example,
in the domain of clinical science, Benjamin, Mandel, and Kimmelman
(2017) examined the extent to which expert cancer researchers were
better able to accurately predict the probability of replicating signifi-
cance levels and effect of sizes from specific original studies than their
novice counterparts. However, despite their overall better performance,
the study also noted that experts with specialised knowledge exhib-
ited significant overconfidence in their area of expertise. Similarly,
the work of Trueblood et al. (2018) on cancer image identification
found experts’ probability values were associated with higher degree
of discriminability reflecting better resolution than that of novices.

Conversely, other studies have demonstrated ‘inverted-expertise’
effects whereby experts have performed worse than novices. For ex-
ample, Parr, Heatherbell, and White (2002) explored the confidence
and accuracy correlation for experts and novices in a wine odorants
identification experiment and found a stronger association between
confidence and accuracy for novices (r= .60) than for experts (r=
.24) on the verbal memory tasks. While Larson and Billeter (2017)



Journal of Business Research 162 (2023) 113820H. Ogbeide et al.

e

demonstrated in their study on expert judgment accuracy in rating
twenty (20) vocalist’s performance in a competition, that experts gave
more critical ratings for low performance than novices. Other studies in
financial contexts have illustrated inverted expertise effects (Muradoglu
& Onkal, 1994; Yates, McDaniel, & Brown, 1991). For example, in a
stock price forecasting study, Yates et al. (1991) found that the predic-
tions of novices were better than those with professional experience.
These authors accounted for these effects by pointing out that more
experience within a domain can lead to a greater amount of beliefs
being formed about the kinds of data that are predictive of important
occurrences. But in areas of high uncertainty and less reliable feedback
(such as in AML risk assessment) greater experience can result in a
greater dependence on weak cues.

Cynics question whether experts in this domain possess enough ob-
jective information about money laundering activities to assess money
laundering risks appropriately and argue that the act of not track-
ing and evaluating their performance against explicit benchmarks of
accuracy and rigour is likely to be counterproductive.

3. Methodology

3.1. Vignette-based field experiment

Studying personal values and beliefs requires unobtrusive approa-
ches since they are sensitive subjects (Poulou, 2001). The vignette
method allows respondents to express their perspectives on topics they
are familiar with, while remaining detached from them and protected
from personal threat. This approach has the advantage of removing
the need for respondents to be biased and give socially acceptable
answers since they do not fear that honest responses might devalue
their reputations (Alexander & Becker, 1978). As Kerlinger (1966)
argued, vignettes combine a variety of expressive and objective ideas
with projective methods, making them ideal for psychological and
educational research.

Typically, in vignette studies, respondents are shown brief descrip-
tions of situations or individuals (vignettes) to elicit their judgments
about them (Atzmuller & Steiner, 2010). Aguinis and Bradley (2014)
describe experimental vignette methodology (EVM) as the use of care-
fully constructed and realistic scenarios to assess dependent variables
such as intentions, attitudes, and behaviours. There has been an in-
crease in the use of vignettes embedded in surveys in many disciplines,
like violence risk assessment (Murray & Thomson, 2010), marketing
research and supply chain disruption (Cantor, Blackhurst, & Cortes,
2014). Vignettes are found to stimulate respondents’ imaginations and
engage them in the survey, as well as provide them with a way to
express their thoughts on follow-up Likert-style formats and checklists
(Poulou, 2001).

3.2. Vignette development and pilot study

The data used for the risk assessment vignettes were obtained from
actual money laundering crime-related cases that included both money
laundering and non-money laundering convictions outcomes. In this
study, the authors identified factors of interest based on literature
reviews and practice guidelines published by the FATF, as there were
no existing vignettes in AML risk assessment literature that fit this
study. During the design process, attention was taken to ensure that the
volume and nature of the information contained within the narratives
were similar to what financial professionals typically use to formulate
their AML risk assessments. In Case 1, Case 4, Case 5, Case 6, Case 7,
Case 9, Case 10, and Case 11, we utilise profiles designated as high-
risk in FATF guidance document (Appendix A) for all three indicators
(customer, service or product and geographical location) to allow for
the analysis of the possible effect of this combined set on experts’
4

judgments.
Importantly, the authors interviewed seven (7) AML experts within
financial and non-financial institutions about their perspectives on the
draft vignettes. The use of expert samples for pre-test purposes is
generally recommended to establish content validity (Paddam, Barnes,
& Langdon, 2010; St.Marie, Jimmerson, Perkhounkova, & Herr, 2021).
The vignettes were then revised in response to feedback received from
the AML practitioners, before a pilot test was conducted using six
volunteer compliance officers to gauge their opinion before uploading
the final version of the vignettes on a hosted web site. This action
was intended to determine if the vignette presented a credible, realistic
scenario to the average targeted respondent. Thus, the external validity
of utilised vignettes was considered to be appropriate for their intended
use.

This study used a vignette-based field experiment where varying
versions of vignettes were used to depict the context and information
about the risk-based approach (i.e., customer business lines, finan-
cial products and services, and domicile location) to human subjects.
The vignettes were developed according to the guidelines outlined by
Cantor et al. (2014), which call for a common module that provides
contextual information that is intended to be invariant across a variety
of versions of the vignette. The details of the vignette included partic-
ipant role, common module, and experimental cues (see Appendices B
and C).

3.3. Participants and procedure

The participants comprised 155 individuals from 13 countries (see
Appendix D) who participated in the study, of whom 80 were experts
from the commercial banking sectors and 75 were novices from post-
graduate business schools with no experience in money laundering risk
assessment. Participants in the expert group were financial institution
employees with expertise in areas pertinent to anti-money laundering
risk assessment and are responsible for AML activities in their institu-
tions. The mean years of experience in AML functions within this group
was 6.7 years.

The participants first read the experimental instructions from an
invitation email and Page 3 of the online survey document reiterated
these instructions. The instruction stated that the purpose of the study
was to examine professional’ AML risk assessment and requires each
participant to assess twelve cases of customer financial transactions
with money laundering and non-money laundering conviction out-
comes. For each presented scenario, each participant would select
either ‘‘Yes’’ or ‘‘No’’ if they thought there was any suspicious ac-
tivity relating to money laundering in the case that might lead to a
money laundering conviction outcome or not. They are also required
to indicate their certainty in percentage confidence estimate between
50% to 100%. These scores provided the medium for comparing the
performance of the participants and for conducting the probability
judgment analysis.

3.4. Statistical framework for examining the quality of AML risk assessment

The participants made probability assessments on each of the 12
cases using two components. First, they stated whether they believed
there was suspicious activity of money laundering with a simple yes/no
answer. A yes answer was given a value of unity and a no answer a
value of zero. Second, they stated how confident they were on their
above answer by providing a probability, expressed as a percentage
figure, between 50% and 100%. The analysis converted these values
to probability terms between 0.5 and 1.

This is termed the half range method of obtaining probability as-
sessments. More formally, the half range method requires the subject
to make probability assessments involving two stages. In the first stage,
the subject specifies whether they think the event is likely to occur. This
can be denoted 𝑑𝑖,𝑗 for event ‘i’ by assessor ‘j’, where 𝑑𝑖,𝑗 = 1 when the
vent is assessed as being likely to occur and 𝑑 , = 0 when the event
𝑖 𝑗
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is assessed as being not likely to occur. In the second stage, the subject
specifies a probability between 0.5 and unity relating to the likelihood
of the event occurring or not occurring that the subject had specified
in the first stage. This assessment can be denoted 𝑟𝑖,𝑗 for event ‘i’ by
ssessor ‘j’.

In the evaluation of a participant’s probability assessment, it is
ecessary to have ex-post outcomes. Regarding the money laundering
ata set, as there exists no exact data that could be used to generate the
utcome data (the guilt or innocence of the defendant in the cases is not
nown with complete certainty), the obvious choice is the dichotomous
rial outcome probabilities (0 for non-guilty and 1 for guilty). In the
ontext of the Money Laundering data, N = 12, and trial result values,
an be denoted 𝑒𝑖, (for the 12 cases the values in ascending order are
,1,0,1,1,0,0,1,1, 0,0,1, where 𝑒𝑖, for 𝑖 = 1,. . . ,12, equals zero for an
ctual non-guilty verdict zero and unity for an actual guilty verdict. In
he case of half range probabilities, when 𝑑𝑖,𝑗 = 𝑒𝑖, (with 𝑒𝑖 measured
n a dichotomous scale), the outcome index is equal to unity, 𝑐𝑖,𝑗 = 1.
hen 𝑑𝑖,𝑗 ≠ 𝑒𝑖, the outcome index is equal to zero, 𝑐𝑖,𝑗 = 0. Accuracy

nalysis involves comparing 𝑟𝑖,𝑗 with 𝑐𝑖,𝑗 for event i for assessor j.

.5. The Mean Squared Probability Score (MSPS) and the mean outcome
ndex

The mean outcome index, Mean(𝑐𝑗), is a simple measure of overall
ccuracy for an assessor, j, used with the half range method. For di-
hotomous probability outcomes, it is simply the proportion of correct
ssessments. It can be defined as equation as:

ean(𝑐𝑗 ) =
1
𝑁

𝑁
∑

𝑖=1
𝑐𝑖,𝑗 (1)

he value to be better than chance should be above 0.5 with the best
ossible value unity. Values below 0.5 are poorer than chance. The
ean Squared Probability Score (MSPS) is a quadratic loss function

sed to evaluate the performance or accuracy of a set of probability
ssessments. It is often referred to as the Brier Score using ex-post
ichotomous outcomes. Therefore, it is necessary to have ex-post out-
omes. The MSPS is analogous to the Mean Squared Error, and like
he MSE, it can be decomposed into components involving bias and
ariation that can be used to consider specific aspects of performance
r accuracy. The overall probability performance of a set of assessments
or assessor j, can be measured by the MSPS, which is the average of the
quared assessment errors, where in the case of the half range method
s the assessment error, measured as the assessment probability value
inus the outcome index value. The MSPS𝑗 is defined in Eq. (2):

SPS𝑗 =
1
𝑁

𝑁
∑

𝑖=1
(𝑟𝑖,𝑗 −𝑐𝑖,𝑗 )2 (2)

A value of zero would imply that assessment probability values are
identical to the outcome index values (indicating perfect accuracy,
that is, all probability assessments equal unity and have the correct
outcome); hence, the higher the value of the MSPS the poorer the
performance.

3.6. Specific aspects of accuracy or performance, the statistical decomposi-
tion of the MSPS

As discussed previously, the MSPS is an overall performance mea-
sure which can be decomposed to identify specific components that
reflect the multidimensional aspects of accuracy. Expanding Eq. (2)
gives Eq. (3):

MSPS𝑗 = Var(𝑟𝑗 ) − 2𝐶𝑜𝑣(𝑟𝑖, 𝑐𝑗 ) + [Mean(𝑟𝑗 ) − Mean(𝑐𝑗 )]2 (3)

Where,
Mean(𝑟𝑗 ) =

1
𝑁

∑𝑁
𝑖=1 𝑟𝑖,𝑗

Var(𝑟 ) = ( 1 ∑𝑁 𝑟 , 2) −𝑀𝑒𝑎𝑛(𝑟 )2
5

𝑗 𝑁 𝑗=1 𝑖 𝑗 𝑗
Var(𝑐𝑗 ) = ( 1
𝑁

∑𝑁
𝑗=1 𝑐𝑖,𝑗

2) −𝑀𝑒𝑎𝑛(𝑐𝑗 )2

𝐶𝑜𝑣(𝑟𝑖, 𝑐𝑗 ) = ( 1
𝑁

∑𝑁
𝑗=1 𝑐𝑖,𝑗 𝑐𝑖,𝑗 ) − Mean(𝑟𝑗 ) ∗ Mean(𝑐𝑗 )

Given the bivariate linear regression equation of 𝑟𝑖,𝑗 on 𝑐𝑖,𝑗 of form:
𝑟𝑖,𝑗 = 𝐾𝑗 + (𝑆𝐿𝑗 ∗ 𝑐𝑖,𝑗 ) + 𝑢𝑖,𝑗 where,
𝐾𝑗 is a constant coefficient
𝑆𝐿𝑗 is slope coefficient which can be considered a measure of

resolution,
𝑆𝐿𝑗 =

𝐶𝑜𝑣(𝑟𝑖 ,𝑐𝑗 )
Var(𝑐𝑗 )

𝑢𝑖,𝑗 is an error term
Taking the variances gives:

ar(𝑟𝑗 ) = [𝑆𝐿𝑗
2 ∗ Var(𝑐𝑗 )] + Var(𝑢𝑗 ) (4)

Substituting Eq. (4) into Eq. (3) gives Eq. (5):

MSPS𝑗 = [𝑆𝐿𝑗
2 ∗ Var(𝑐𝑗 )] + Var(𝑢𝑗 ) − 2𝐶𝑜𝑣(𝑟𝑖, 𝑐𝑗 ) + Var(𝑐𝑗 )

+ [Mean(𝑟𝑗 ) − Mean(𝑐𝑗 )]2 (5)

Where, 𝑆𝐿𝑗
2 ∗ Var(𝑐𝑗 ) is the minimum variance of r (Yates)

Var(𝑢𝑗 ) is scatter (Yates) or error variation
Var(𝑢𝑗 ) = Var(𝑟𝑗 ) − [𝑆𝐿𝑗

2 ∗ Var(𝑐𝑗 )]
[Mean(𝑟𝑗 ) − Mean(𝑐𝑗 )]2 is bias squared
Eq. (5) is essentially, the decomposition of the MSPS used by Yates.
Given
𝐶𝑜𝑣(𝑟𝑖, 𝑐𝑗 ) = 2 ∗ 𝑆𝐿𝑗 ∗ Var(𝑐𝑗 )
Results in the MSPS decomposition used in Eq. (6):

MSPS𝑗 = [Mean(𝑟𝑗 ) − Mean(𝑐𝑗 )]2 + [(1 − 𝑆𝐿𝑗 )2 ∗ Var(𝑐𝑗 )] + Var(𝑢𝑗 ) (6)

This decomposition presented in Eq. (6) can be presented as follows:
MSPS𝑗 = 𝐵𝑖𝑎𝑠𝑆𝑞𝑢𝑎𝑟𝑒𝑑𝑗 + 𝑅𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑉 𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛𝑗 + 𝐸𝑟𝑟𝑜𝑟𝑉 𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛𝑗

3.7. The interpretation of the components of the MSPS decomposition

The decomposition discussed involves bias squared (BS), resolution
variation (RV) and error variation (EV), using the MSPS decompositions
presented in Eq. (6). That is for assessor j:

MSPS𝑗 = 𝐵𝑆𝑗 + 𝑅𝑉𝑗 + 𝐸𝑉𝑗
These three components are discussed next in the context of the half

range method using a dichotomous outcome index. When analysing
judgment, it is appropriate to compare a participant’s performance
with that of a hypothetical random assessor and perfect assessor. The
random assessor assigns all probabilities as 0.5 with an arbitrary choice.
Thus, the value of Mean(c) for the random assessor is 0.5. Therefore,
Mean(𝑐𝑗) for assessor j, should be above 0.5 with the maximum being
unity. The perfect assessor makes correct probability assessments of
unity.

The Mean Response {Mean(r)} is the mean of the 𝑟𝑖,𝑗 ’s, viz.
∑

𝑟𝑖 ,𝑗
𝑁 ,

here 𝑟𝑖,𝑗 (which is between 0.5 and 1) is the probability response for
ase i, ignoring whether or not the prediction is in the correct direction.
ean(r) has, of course, a value of 0.5 for the random assessor and unity

or the perfect assessor.
Bias (B) is the difference between the mean response and the mean

utcome index {𝐵𝑗 = Mean(𝑟𝑗 ) − Mean(𝑐𝑗 )} and measures the degree
f overconfidence (if positive) or underconfidence (if negative) in the
ssignment of probabilities and directional responses. This measure has
theoretical value of zero for the random assessor. Bias Squared (BS)

s simply the square of the bias term and is a component of the MSPS.
he best value is zero, which would be the case for the random and
erfect assessor.

Slope (SL) or resolution is a very important aspect of performance
hat measures the degree to which higher probabilities are assigned for
orrectly assessed values. SL is the slope coefficient of the fitted simple
inear regression of the responses (𝑟𝑖,𝑗) on the outcome index values
𝑐𝑖,𝑗). For the perfect assessor, 𝑟𝑖,𝑗 = 𝑐𝑖,𝑗 for all assessors, so the closer
𝑆𝐿𝑗 is to unity the better the performance. It has value zero for the
random assessor. SL is probably the most difficult measure on which to
obtain good performance and is a component, in practice, that can often
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Table 1
Outcome index for each case.

Case Trial
outcomea

Mean expert Mean novice Comparison
significance (p)b

1 0 0.24 0.44 0.008*
2 1 0.80 0.68 0.089
3 0 0.21 0.12 0.125
4 1 0.51 0.64 0.110
5 1 0.66 0.67 0.956
6 0 0.41 0.43 0.859
7 0 0.46 0.33 0.102
8 1 0.73 0.79 0.374
9 1 0.71 0.73 0.773
10 0 0.38 0.37 0.983
11 0 0.34 0.32 0.817
12 1 0.56 0.63 0.418

aDefinition of values (0 = not convicted, 1 = convicted).
bPairwise comparisons (expert vs novice) via Mann–Whitney U test and Kruskal–Wallis
Test.
*p <.05.

turn out negative, depending on the difficulty of the task. The related
resolution component (RV) of the MSPS relates the slope or resolution
component to the variance of the outcome index. The best value on this
measure is zero.

Scatter (SC) or error variation (EV) relates to the degree of variation
in the responses that are not explained by variation in the outcome
index. It is essentially the residual sum of squares in the simple linear
regression of the responses (𝑟𝑖,𝑗) on the outcome index values (𝑐𝑖,𝑗).
This measure has a value of zero for both the random assessor and the
perfect assessor.

4. Results

4.1. The mean outcome index value

The examination of the average outcome index values Mean(𝑐𝑖) =
1
𝑗
∑𝑗

𝑖=1 𝑐𝑖,𝑗 (where j = 1,2,. . . ,j and j = 80 for experts while j=75 for
novices) for each case for the expert and novice participants shows
some interesting results when compared with the actual case results.
Table 1 indicates that the values are below 0.5 for the non-guilty
cases and above 0.5 for the guilty cases for all, experts, and novices.
This suggests the participants had a guilty bias in their money laun-
dering assessments compared with the actual trial decisions. In terms
of the proportion of correct assessments from Table 2, the novice
participants Mean(c) = 0.5122 (where Mean(𝑐𝑗 ) = 1

𝑗𝑁
∑𝑗

𝑗=1 𝑐𝑖,𝑗) were
slightly more successful than the expert participants Mean(c) = 0.5010,
but this difference was not statistically significant (p = 0.746) on the
basis of the Mann–Whitney U test and the Kruskal–Wallis’s test found.
The performance accuracy of both expert and novice participants was
marginally over 0.5, which indicates almost half of their assessments
were incorrect. The guilty bias of the participants could partly have
contributed to this average performance because 50% of the cases
presented in the vignettes were legitimate transactions not linked to
proceeds from crime. The result implies that both novice and expert
participants encountered some level of difficulty in distinguishing le-
gitimate transactions from money laundering transactions linked with
proceeds from crime.

Fig. 1 shows the graph of the mean probability Mean(𝑟𝑖) (where
Mean(𝑟𝑖) =

1
𝑗
∑𝑗

𝑖=1 𝑟𝑖,𝑗) for the key risk indicator (KRI) analysis for the
cases. For Case 1, Case 4, Case 5, Case 6, Case 7, Case 9, Case 10,
and Case 11 with key risk indicators designated as high risk for the
three (that is customer risk, geographic risk, and transaction risk, where
H denoted high and L denotes low in Fig. 1) risk-based assessment
criteria, the experts’ mean probability was below 70%, whereas such
a trend was not reported for the novice participants. Two key reasons
make this report particularly relevant. First, it validates the assump-
tion that experts recognise these indicators when making decisions
6

m

Table 2
Mean accuracy measures and comparison of significance (p).

Component measure Expert Novice p-value

Overall
M(c)↑ (proportion correct) 0.5010 0.5122 0.7460
MSPS ↓ 0.2967 0.3027 0.9370

Calibration
Bias (overconfidence) 0 0.1904 0.1896 0.7990
Bias2(𝐵𝑆)↓ 0.0595 0.0567 0.7540

Resolution (discrimination)
Slope (SL) ↑ 0.0159 0.0070 0.6010
Resolution variation (RV) 0 0.2261 0.2328 0.3380

Noise
Scatter (Error variation) ↓ 0.0111 0.0132 0.1870

Pairwise comparisons (expert vs novice) via Mann–Whitney U test and Kruskal–Wallis
Test; Definition in text; ↑-larger values better; ↓-smaller values better; 0-zero the best
value.

(Simon, 1987). Secondly, it offers evidence that experts’ confidence in
their judgment decreases as the perceived risk level of a transaction
increases. Thus, estimates of key risk criteria as per the statutory AML
guideline significantly contributes to AML risks assessment decisions
made by experts (the experts sharply distinguished cases with all FATF
high risk designated criteria through their perceived lower certainty in
their judgment).

4.2. The Mean Squared Probability Score (MSPS)

In Table 2, the expert participants’ MSPS (0.2967) was slightly
lower than for the novice participants MSPS (0.3027). In order to
test the reliability of group differences by comparing them with those
statistics, nonparametric tests were used (Siegel, 1956). Mann–Whitney
U test and Kruskal–Wallis’s test found no significant difference (𝑝-
alue = .826). Surprisingly the MSPS scores for the experts and novice
articipants were slightly worse off than the MSPS value of 0.25 for a
niform assessor who assign the same probability to all the possibilities.
his is an indication of poor amount of probability assessment skills on
he part of the expert and novice participants.

.3. Specific aspects of accuracy or performance — the statistical decom-
osition of the MSPS

.3.1. Calibration
Calibration is one of the most commonly used measures for evaluat-

ng the accuracy of judgments expressed in probabilistic form (Keren,
991). Observing judges’ probabilistic assessments, verifying the associ-
ted propositions, and then observing the proportion of true responses
n each category of response permits us to evaluate judges’ calibration
mpirically (Lichtenstein et al., 1977). The use of a calibration diagram
nhances the study of calibration (Yates et al., 1989). In a calibration
iagram, all participants’ probability estimates are categorised into
cores intervals (for example, 0.50–0.59, 0.60–0.69, 0.70–0.79, 0.80–
.89, 0.90–0.99 and 1) and analysed into plots. Probability curves
how the relationship between the relative frequency plots of correct
nswers in each category with the average probability answers for those
ategories (Harvey, 1997).

Fig. 2 is the calibration diagram for both the expert and the novice
articipants’ judgments. The horizontal axis represents the participants’
robability estimates, and the vertical axis defines the relative fre-
uency plots of correct answers in probability estimate category. For
xample, the top coordinate point for experts (solid lines) in Fig. 2
ndicates that 11.7% of their total probability estimates are 100%, and
pproximately 65% of these estimates were accurate. Novice partici-
ants’ judgments are plotted in open points (dash lines), while experts’
udgments are plotted in filled points (solid lines).

Illustrated in Figs. 3 and 4 are the covariance graphs for the judg-

ents made by the expert and the novice participants. The covariance
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Fig. 1. The mean probability Mean (ri).
Fig. 2. Calibration diagram for expert and novice.
raph provides an additional virtual illustration approach to proba-
ilistic judgment accuracy component analysis (Yates & Curley, 1985).
n Figs. 3 and 4, each covariance graph comprises horizontal and
ertical lines along coordinates (0, Mean(r)) and (Mean(c), 0), re-
pectively. Where, Mean(𝑟) = 1

𝐽𝑁
∑𝑁

𝑖=1
∑𝐽

𝑗=1 𝑟𝑖,𝑗 . The horizontal axis is
determined by the outcome index. Alternative outcomes resulting from
the outcomes index are also identified, i.e., answers that were correctly
answered (c = 1) or incorrectly answered (c = 0). The number in
parentheses next to each outcome index value indicates the frequency
of occurrence. For instance, in Fig. 3, it is shown that the expert partici-
pants selected the correct alternative 481 times but were wrong on 479
instances. Participants’ range of probability judgments are described on
the vertical axis of each graph.

In Figs. 3 and 4, the distributions shown are proportional his-
tograms. The total sum of the distribution proportions on both hand
sides of each graph is 100%. Consider, for example, the histogram on
the right-hand side of the expert participants covariance graph. There
it is shown that 7.5% of the total 960 judgments made by those experts
7

were probability scores of 100% certainty on the actual correct choice.
While on the opposite histogram of the same graph with the incorrect
response, 4.2% of the expert participants’ total 960 judgments were
probability scores of 100% certainty on wrong choices.

Typically, overconfidence is associated with more difficult judgmen-
tal tasks, while underconfidence is a form of flawed self-believe that is
associated with easier tasks (Lichtenstein et al., 1977). A probabilistic
judgment is overconfident to the extent that the bias is positive and
large (Yates et al., 1989). In the covariance graph (see Figs. 3 and
4), the intersection point of horizontal and vertical dotted lines is the
bias indicator point for each participant group. The horizontal line
passes through the mean probability judgment Mean(r). The vertical
line goes through the mean outcome index or base rate Mean(c), which
is also the proportional correct in the current study. The bias reflects
overconfidence (positive) when the intersection is at any point above
the 1:1 diagonal, and any point below represents underconfidence
(negative) and is perfectly calibrated if it is on the diagonal line
(Caycedo-Marulanda et al., 2021).
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Fig. 3. Expert covariance graph.
Fig. 4. Novice covariance graph.
Hence, Figs. 3 and 4 show that the intersection point of horizontal
and vertical dotted lines for the expert and novice participants falls
above the 1:1 diagonal. This result suggests that the expert and novice
participants are overconfident in the AML risk assessment (the over-
confidence bias). However, the expert (0.1904) participants’ bias score
appears slightly higher than the novice (0.1896) participants. Thus, in-
dicating that the experts’ participants exhibited higher overconfidence
8

in their probability judgment. The comparison of biases for individual
participants in the groups was not statistically significant (𝑝-value =
0.799), as indicated in Table 2.

4.3.2. Resolution (Slope)
Basically, the slope index is the regression line for probability judg-

ments regressed on outcomes, passing through the coordinate points
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(0, Mean(𝑟0)) and (1, Mean(𝑟1)) in the covariance graph (Yates et al.,
989). In Figs. 3 and 4, the virtual inspection of both covariance graphs
hows the steeper (better) slope for the expert participants compared to
he novice participants. This result suggests that the experts were better
ble to differentiate, on average, between instances when a financial
ransaction was likely to result in money laundering crimes and when
t was not. However, as shown in Table 2, the distribution comparison
f slope values for individual participants in the two groups was not
tatistically significant (p = 0.601).

An analysis of the calibration diagram also reveals the associated
esolution component (RV) via its vertical coordinates of the points
Yates et al., 1989). There is good resolution to the extent that the
oints are far away from the target event’s Mean(c), overall relative
requency. Like the visual trend revealed by the array of points in Fig. 2,
he values in Table 1 also indicate RV was higher for novices (0.2328)
han for experts (0.2261), thus implying better resolution for experts.
nce again, expert participants were more capable of identifying cor-

ect assessment decision from incorrect decision. It appears, however,
hat the RV values for individual participants in the two groups were
ot statistically significantly different (𝑝-value = 0.3380).

.3.3. Scatter (error variation)
The final aspect of judgment accuracy discussed in the preliminary

ramework is scatter (error variation). This measure is based on the
oise or scatter in the probabilistic judgments that are not related
ith the accuracy of the answer (Harvey, 1997). Yates et al. (1989)
ttributed the causes of error variation to two sources. The first is
he judge’s inherent inconsistency. Second, it can also occur when a
udge is perfectly consistent but relies on cues that are not sufficiently
elated to the outcome. In Figs. 3 and 4, the dispersion of histograms on
ither side of the covariance graph represents scatter (error variation).
catter increases with the degree of dispersion of the distributions.
omparisons between Figs. 3 and 4 show that novice participants had
he worst scatter (higher) compared to experts. According to Table 2,
here was no statistically significant difference between the scatter
alues for the two groups of participants (p = 0.187).

. Discussion and conclusions

.1. Key findings and implications for research

AML experts are required to make important decisions regarding
nformation that might lead to a suspicion or knowledge of money
aundering. Poorly informed decision-making can have a wide range
f consequences, from reputational damage to regulatory reprimand
nd fines (dalla Pellegrina et al., 2022; Gelemerova, 2009). Experts in
his domain face the dilemma of maximising sensitivity while reducing
alse-positives and false-negatives by making reasonable assessments
Maurer, 2005). However, practice variation, i.e., assessing similar ac-
ivities or transactions differently, remains a recurring issue, although,
uality assurance initiatives, such as providing continuing training and
ublishing guidelines for risk assessment, are taken to address this is-
ue. Assessing money-laundering risk is not an exact risk measurement
ut embodies the subjective, impressionistic evaluation of the assessor
Riccardi et al., 2019; Sinha, 2014). Given that the decision-making
nvironment is uncertain, expectations do not solely depend on the
ikelihood of assumptions but also on the expert’s level of confidence
Freitas, 2021).

In the AML context, appropriate judgment and confidence levels
re vital since under-confidence may lead to denying financial assis-
ance unnecessarily, while overconfidence may lead to trusting and
uthorising a high-risk offender. Consequently, we investigated expert
robability judgments in an AML setting, focusing on calibration and
esolution. Considering the expert vs novice comparisons, we draw the
ollowing conclusions. First, both experts and novices were biased to
abel all transactions as suspicious and both groups guilty bias was
9

symmetric. They overwhelmingly preferred false-positive over false-
negative errors regardless of transaction perceived likelihood of money
laundering risk. In previous research, it was argued that experts do
not exhibit the same bias as novices (Bond, 2008; Krems & Zierer,
1994). However, the current results do not support this conclusion
for AML risk assessment. Instead, the results are compatible with the
conclusion on cognitive biases that expert judgments under uncertainty
are susceptible to pretty much the same cognitive biases that novice
judgments are susceptible to (Mizrahi, 2013, 2018).

Second, based on proportion accuracy Mean(c) scores, expertise
did not significantly affect the capability to distinguish between fi-
nancial transactions linked or not linked to proceeds of crimes. We
found a poor correlation between participant level of expertise and
predictive accuracy. Novice participants slightly outperformed expert
participants in the proportion of correct answers, despite evidence
from the study that expert participants adhered to practice guidelines.
Although, Stewart, Roebber, and Bosart (1997) work suggests that
apart from personal characteristics, task domain can also affect experts’
diagnostic or predictive accuracy. In addition, Phillips, Klein, and Sieck
(2004) noted that expert diagnostic or predictive abilities might not
be possible in domains with little opportunity for effective feedback,
and considering that national FIUs do not regularly provide AML
experts with effective feedback regarding suspicious transactions filed
(Gelemerova, 2009; Lannoo & Parlour, 2021). This may be compared
to weather forecasting, for instance, where accurate and timely feed-
back are provided regularly or even daily on predictions, providing
windows of opportunity for improving certain accuracy dimensions.
Consequently, the findings of this study suggest that national FIUs
should regularly provide feedback to AML experts regarding the quality
of suspicious transaction reports in order to improve their cognitive
processes and biases.

Third, novices and experts alike appear to be overconfident about
their distribution judgments, and this effect was slightly more pro-
nounced in expert groups. In Lichtenstein et al. (1977) view, overcon-
fidence bias emerges when judgments are made about difficult items.
Hence the observed overconfidence bias appears to reflect the reality
identified in the literature that it is difficult for experts to distinguish
financial transactions that are truly suspicious from those which are not
(e.g., Bello & Harvey, 2017). Moreover, experts’ judgments about their
answers to money laundering suspicious transactions were particularly
good at distinguishing between instances when those answers were
correct and instances when they were incorrect. Expertise in many
settings seems to depend on perception skills, particularly the ability
to make good distinctions (e.g., Klein & Hoffman, 2020). Such ability
is essentially relevant because they are supposed to be the basis for
reporting suspicious transactions. Overall, these findings agree with
Mizrahi (2013) conclusion that expert opinions are considerably less
accurate than random chances.

5.2. Implications for practice

Our results raise the question of how malefic a bias is if over 85%
of experts (89% of novices) are affected? The implications of incorrect
risk estimations for financial institution filtering obligations are far-
reaching. The overconfidence bias alone affects more than 85% of
experts, and if other biases also contribute to flawed risk judgments
to a similar extent, then a substantial proportion of AML experts risk
assessment decisions may be inaccurate. Moreover, overconfidence is
only one cognitive bias among many other biases (e.g., confirmation
biases, omission biases, hindsight bias). Given the nature of money
laundering and the variability of the underlying criminality, it is diffi-
cult to gain a clear picture of the problem, and without which effective
action is impossible (Lannoo & Parlour, 2021). In addition, human
biases and social consensus seem to be incorporated into the design
of AML risk assessments specific to the assumed nature and level of the
money laundering risk, as determined by government decision-makers
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(Van Duyne et al., 2018). Hence, factors affecting the quality of risk
assessment (such as overconfidence) remains an important aspect of
scientific interest in this domain.

The experts in our sample preferred false-positive errors over false-
negative errors, which may increase inefficiency and expensive costs as-
sociated with high false-positive judgments (Amicelle & Iafolla, 2018).
But why should the AML experts’ judgments have a fairly average
proportion accuracy of mean outcome accuracy scores? The ability
to discriminate well requires the person reporting judgments to un-
derstand how things will turn out. But this is not the case for AML
risk assessment domain, where there is little or no feedback from
enforcement agencies to AML experts on how well their filed suspicious
transactions. Establishing a practice and feedback regimen is one way
to facilitate the development of expertise in specific judgments (Phillips
et al., 2004). An approach like this is traditional for strengthening
skills that can be defined and measurable. However, in the current
AML compliance sanction regime, it is possible that even if experts
are willing to stick with their intuition on risk judgment, the adverse
effects of AML enforcements on noncompliance may skew some risk
assessment decision outcomes toward enforcement side. Laws enforce-
ment agencies should bear in mind the difficulties in assessing AML risk
when dealing with the regulated entities. If AML compliance officers
are under unfair pressure, they will not be working to prevent money
laundering, but they will just be protecting themselves (Bello, 2017).

5.3. Limitations and future studies

Our study responds to calls to examine the individual-based role in
assessing money laundering risk (Isa et al., 2015) from the perspective
of judgment and decision making (Jamil et al., 2022). Our analysis
follows Yates (1982), which can be applied when using dichotomous
outcome indices, and more generally when using non-dichotomous
weighted outcome indices (that requires modifying the outcome index
variable, which is not considered here). Yates (1982) undertook a
similar decomposition of the MSPS (although he used the term Mean
Probability Score, MPS). Yates used alternative formula specifications,
but the results are the same in the case of a dichotomous outcome
index. Our formula specifications outlined in equations (1 to 6) can also
be applied to full-range probability forecasts by substituting 𝑟𝑖,𝑗 for 𝑝𝑖,𝑗
and 𝑐𝑖,𝑗 for 𝑒𝑖 in the equations for dichotomous and non-dichotomous
empirical probabilities 𝑒𝑖. This could provide an additional method to
analyse the results. It can also be useful when analysing composite
forecasts or the coherence (consistency) of probability assessments
between participants.

Limitations of the study stem from its status as an exploratory
examination piece. By attempting to examine the quality of expert judg-
ment, this study illustrates the existence of overconfidence cognitive
bias but provides minimal clarification of the mechanisms behind it.
Researchers must look beyond the specific effects observed in this study
10
in future studies. For example, the possible cognitive bias by judges
in trial decisions. It will also be important to examine the ways in
which cultural and gender differences influence risk discrimination and
cognitive bias associated with money laundering risk indicators. The
experimental design of our study is based on the experimental paradigm
of Cantor et al. (2014), that calls for a common module that provides
contextual information that is intended to be invariant across a variety
of versions of the vignette. To date, its validity has not been proven
in the AML risk assessment context, and thus the results of our study
should be interpreted cautiously.

Another limitation is the lack of benchmarking of our data and
findings with similar studies on risk assessment in other domains. There
are studies related to the current research (e.g., those conducted by the
C-Rise, Memorial University), and one of these studies estimated the
risk of human error in an engineering maintenance context using the
success likelihood index method (Noroozi, Khakzad, Khan, MacKinnon,
& Abbassi, 2013). Therefore, a direction for future work might be to
compare our data and result against those available from that study
and other similar research by the C-RISE group on human factors. Ad-
ditionally, it will be interesting for future studies to explore the impact
of feedback on judgment accuracy and compare the performance pre-
and post-feedback.
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Table A.1
Examples of potentially higher and potentially lower money laundering risk factors.
Source: (FATF, 2014).

Factor Higher risk Lower risks

Customer risk
factor

∙ The business relationship is conducted in unusual circumstances (e.g.,
significant unexplained geographic distance between the financial
institution and the customer)
∙ Non-resident customers, Legal persons or arrangements that are personal
asset-holding vehicles.
∙ Companies that have nominee shareholders or shares in bearer form.
∙ Business that are cash-intensive
∙ The ownership structure of the company appears unusual or excessively
complex given the nature of the company’s business.

∙ Financial institutions and DNFBPs — where they are
subject to requirements to combat money laundering
and terrorist financing consistent with the FATF
Recommendations, have effectively implemented those
requirements, and are effectively supervised or
monitored in accordance with the Recommendations
to ensure compliance with those requirements.
∙ Public companies listed on a stock exchange and
subject to disclosure requirements (either by stock
exchange rules or through law or enforceable means),
which impose requirements to ensure adequate
transparency of beneficial ownership.
∙ Public administrations or enterprises.

(continued on next page)
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Table A.1 (continued).
Factor Higher risk Lower risks

Country or
geographic risk
factors

∙ Countries identified by credible sources, such as mutual evaluation or
detailed assessment reports or published follow-up reports, as not having
adequate AML/CFT systems.
∙ Countries subject to sanctions, embargos or similar measures issued by,
for example, the United Nations.
∙ Countries identified by credible sources as having significant levels of
corruption or other criminal activity.
∙ Countries or geographic areas identified by credible sources as providing
funding or support for terrorist activities, or that have designated terrorist
organisations operating within their country.

∙ Countries identified by credible sources, such as
mutual evaluation or detailed assessment reports, as
having effective AML/CFT systems. ∙ Countries
identified by credible sources as having a low level of
corruption or other criminal activity.

Product, service,
transaction or
delivery channel
risk factors:

∙ Private banking, Anonymous transactions (which may include cash).
∙ Non-face-to-face business relationships or transactions, Payment received
from unknown or un-associated third parties.

∙ Life insurance policies where the premium is low.
∙ Insurance policies for pension schemes if there is no
early surrender option and the policy cannot be used
as collateral.
∙ A pension, superannuation or similar scheme that
provides retirement benefits to employees, where
contributions are made by way of deduction from
wages, and the scheme rules do not permit the
assignment of a member’s interest under the scheme.
∙ Financial products or services that provide
appropriately defined and limited services to certain
types of customers, so as to increase access for
financial inclusion purposes
Table B.1
Summary of vignette used for this study.

Money
laundering
techniques

Vignette

Bulk cash
smuggling

Case 1. Mrs Hussai, a 35-year-old British National, is the sole signatory to PDTransfer Ltd company bank account. This company bank account
was opened and used within the UK (United Kingdom) authority. The company runs a service for transmitting money from the UK mainly to
Pakistan. The company work by collecting cash from its clients after satisfactory ID verification and then deposit the funds to its bank account
before onward payment to the destinated beneficiary in Pakistan. The recent review of PDTransfer Ltd bank records showed that between 1st July
2018 and February 2020, US$3.7 million cash deposits went through the account in more than 400 transactions, and then transferred abroad,
principally to a Pakistan based currency exchange business account. PDTransfer Ltd keeps records to show the identities of the various clients
from whom the money has been collected in the UK and of those to whom it was ultimately beneficiary in Pakistan.

Case 2. Mr Evans, a 46-year-old British National, regularly comes into the banking hall to make cheques lodgement into his company account. A
first customer due diligence checks conducted by the bank on Evans revealed that he is the proprietor of a motorcycle workshop and garage. And
as part of the workshop operating procedure, their customer pays by cheque, which must be lodged in the workshop company bank account. The
recent review of Evan’s business transactions showed nearly 40 cheques (amount valued between $573 and $6500) deposits totalling over
$170,000 within a 3-month period. The record also revealed corresponding debits with transaction narration for; entertainment (amount valued
between $50 and $560), dining (amount valued between $70 and $6500), jewellery (amount valued between $573 and $6500), and electronic
purchases (amount valued between $106 and $860).

Structuring Case 3. Miss Abiola, a 25-year-old Nigerian National, regularly comes into the banking hall to make a cash deposit into his account. Due to the
way she dresses when she visits the bank, the tellers suspect that she is a peasant (farmworker), but they are not sure of this. On one occasion, a
branch teller personally asked Abiola about her occupation, and she became belligerently rude and stopped visiting the branch regularly to make
deposits. This change in behaviour prompted one of the bank tellers to review her account. Abiola’s bank records indicated her occupation as a
student. They also revealed that, prior to her less frequent visits, there was a point (2 months period) where she was depositing in US$
approximately $2200 thrice a month in a variety of lower bills, including $20’s, $10’s, and $5’s.

Case 4. Dr Bello, a 52-year-old Nigerian National, regularly comes into the banking hall to cash cheques from various customer accounts. A first
customer due diligence checks conducted by the bank on Bello revealed that he is the chief medical director of a privately owned hospital. And
as part of the hospital operating procedure, their patient billing settlement is subcontracted to a management firm, who in return collects cheque
payments from patients and transfer them directly to Dr Bello. The recent review of Bello’s transactions records indicated that he usually cashed
about twenty to fifty of these cheques cumulatively every ten or eleven days. They also revealed that, within the last 12months period, he
cheque-cashed in US$ approximately US$8990 during each visit to the bank.

Virtual
currencies

Case 5. Mr Aigbedion, a 35-year-old Nigeria National, is the sole signatory to Tech Ltd company bank account. A first customer due-diligence
check on the company profile indicated that the company is a Nigeria-based company that sells encryption services and devices to customers from
across the world, and estimated revenue from sales and subscription services exceeded $32 million. The current review of Tech two-year account
records revealed that a total of 24 credit inflow of varying value between US$20,000 to US$36,000. The transaction narration notes, ‘‘Ongoing
subscription fees’’ and originated from Tech distributors across foreign jurisdiction including the USA, Canada, Australia, Thailand, and the United
Arab Emirates. The account balance as at the date of review is US$106,857.57, and the varying sums relating to the 24 debit transactions in the
bank account records transferred to 3 different bank accounts owned by crypto exchanges companies.

Case 6. Mr Adebayo, a 65-year-old Nigerian National, runs a bank account linked to his business interests, which included a convenience store, a
property portfolio, and a currency exchange business. Two years ago, the customer-due-diligence report on his business income generation process
revealed there are Anti-money laundering system and control in place that fully complied to a satisfactory standard to guide against the inflow of
illicit cash into the business. Additionally, Adebayo keeps a proper record of all the business transactions, and a complete history could be
ascertained by considering electronic data. However, a recent review of his business account found a US$6,378 transaction relating to a currency
exchange deal, and this amount deviates from the average single transaction value of US$2000 occurring in his past transaction history.

(continued on next page)
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Table B.1 (continued).
Misuse of
legal entities
(Shell
companies)

Case 7. Mrs Wards, a 60-year-old British National, completed a one-off debit transfer in US$ approximately US$320,000 from her
business account to an offshore jurisdiction (Dubai) account for the purchase of a property with the sum. This company bank account
was opened and used within the UK jurisdiction. A first customer-due-diligence check on Wards business activities indicated the source
of funding for this transaction came from her trading activities. Her business bank account had no traces of physical-cash deposits, but
solely business trade-related transfer payments. Though her business transactions annual turnover exceeds US$1.5 million, this
transaction processing officer had concern on the source of funds, because Ward’s spouse was a famous businessperson that once held a
senior political position in the UK, 10-years ago.
Case 8. Mrs Hughes, a 37-year-old British National, is the sole signatory to Besco Ltd company bank account. This company bank
account was opened and used within the UK jurisdiction. The company runs a diamond trading enterprise. Recent customer due
diligence checks on the company profile indicated that Besco Ltd appeared on a national newspaper page, promoting investments with
a guaranteed tax-free return of 13.5% per annual. Shortly, after this advertisement, Besco Ltd accounts became active since 2years. And
within 3months, the account witness US320,000 credit inflow in 10 transfers from accounts run by Besco Ltd at other local banks
domiciled in the UK. The review of Besco Ltd bank records also indicated that Hughes had withdrawn the sum of USDD$171,000 in
cash from her company account in twelve debit transactions across the counter within the same period.

Complicit
professionals
and financial
services
employees

Case 9. Mrs Adaku, a 35-year-old Nigerian National, is the sole signatory to Coxfx Ltd company bank account. The company runs a
service bureau for its clients and has a functioning AML (Anti Money Laundering) unit within its business premises. The company
receive cash monies and processed all the cash as payments into and out of the company bank accounts, exchanging US dollar to euro
and vice versa. The recent review of Coxfx bank records indicated that between 1st March 2020 and November 2020, US$1.8 million
cash deposits went through the accounts in 420 transactions. The ultimate destination of these exchange payments ware paid to three
personal accounts owned by the same individual-Adenike Bosede. Coxfx maintains a know your customer file for each client.

Case 10. Mrs Bosede, a 55-year-old Nigerian National, is the sole signatory to Kunfix Ltd company bank account. This account was
opened in 2016 within the UK jurisdiction. The Company runs and trades on the Nigeria money market and has substantial assets. In
July 2020, Bosede transferred a sum of about US$3million to Kunfix Ltd bank account. The Fund originated from a bank in Switzerland
owned by Bosede. She explained to her UK account manager, that she needed to do this because somebody was trying to gain access to
her Switzerland bank account, probably with a view to accessing her account and making unauthorised withdrawals from it. She told
the account manager there would only be a short time before she would wish to transfer the sum back to the Switzerland bank
account. In late August 2020, Bosede indicated that she wanted to return the money to her Switzerland bank account and enquired
when she would be able to do so.

Trade-based
money
laundering

Case 11. Mr Martins, a 39-year-old British National, is the sole signatory to a personal bank account opened on 6 March 2020. On 6
March and 4 April 2020, Martins deposited on each occasion the sum of US$90,000. A first customer-due-diligence check on Martin
indicated the source of funding for these deposits came from sales of properties. The recent review of his bank records (due to the
statutory policy on continuous on-going customer-due-diligence) revealed an outflow transfer of $95,000 from his account on 30 April
2020 to another bank account domiciled in a foreign jurisdiction (United Arab Emirates) owned by an individual. This fund transferred
originated from the first two consecutive cash deposits of $90,000, and the account balance is $85,000 (30 September 2020) as at the
date of this review.

Case 12. Mr. Davis, a 65-year- old British National, recently bought a luxury car worth US$55,500. He funded the purchase partly
through a five-year loan of US$40,000 from a UK commercial bank and paid the balance US$15,500 in cash. A first customer-due
diligence check on his source of income, indicated his occupation as the sole owner of a car dealership showroom, and the motor
company predicted annual turnover is US$1 million. Further credit checks revealed that Davis had utilised similar loans schemes within
the last five years, for six luxury cars procurements. Davis opted for early repayments of these loans in cash within six months of loan
disbursement.
Table C.1
Summary of vignette key risk indicators.

Money laundering
techniques

Vignettes Key risk criteria AML/ money laundering indicators Outcome

Bulk cash smuggling Case 1 Customer Risk-High
Geographic Risk-High
Transaction Risk -
High

PDTransfer Ltd keeps records to show the identities of the
various clients from whom the money has been collected in
the UK and of those to whom it was ultimately beneficiary
in Pakistan.

Non-
conviction

Case 2 Customer Risk-Low
Geographic Risk-Low
Transaction Risk -
Low

The record also revealed corresponding debits with
transaction narration for; entertainment (amount valued
between $50 and $560), dining (amount valued between $70
and $6500), jewellery (amount valued between $573 and
$6500), and electronic purchases (amount valued between
$106 and $860).

Convicted

Structuring Case 3 Customer Risk-Low
Geographic Risk-High
Transaction Risk -
Low

Abiola’s bank records indicated her occupation as a student.
Her record also revealed that, there was a point (2 months
period) where she was depositing in US$ approximately
$2200 thrice a month in a variety of lower bills, including
$20’s, $10’s, and $5’s.

Non-
conviction

Case 4 Customer Risk-Low
Geographic Risk-High
Transaction Risk -
Low

The recent review of Bello’s transactions records indicated
that he usually cashed about twenty to fifty of these cheques
cumulatively every ten or eleven days. They also revealed
that, within the last 12months period, he cheque-cashed in
US$ approximately US$8990 during each visit to the bank.

Convicted

(continued on next page)
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Table C.1 (continued).
Money laundering
techniques

Vignettes Key risk criteria AML/ money laundering indicators Outcome

Virtual currencies Case 5 Customer Risk-High
Geographic Risk-High
Transaction Risk -
High

Varying sums relating to the 24 debit transactions in the
bank account records transferred to 3 different bank
accounts owned by crypto exchanges companies.

Convicted

Case 6 Customer Risk-High
Geographic Risk-High
Transaction Risk -
High

The customer-due-diligence report on his business income
generation process revealed there are Anti-money laundering
system and control in place that fully complied to a
satisfactory standard to guide against the inflow of illicit
cash into the business. Additionally, Adebayo keeps a proper
record of all the business transactions, and a complete
history could be ascertained by considering electronic data.

Non-
conviction

Misuse of legal entities
(Shell companies)

Case 7 Customer Risk-High
Geographic Risk-Low
Transaction Risk -
Low

A first customer-due-diligence check on Wards business
activities indicated the source of funding for this transaction
came from her trading activities. Her business bank account
had no traces of physical-cash deposits, but solely business
trade-related transfer payments.

Non-
conviction

Case 8 Customer Risk-High
Geographic Risk-Low
Transaction Risk -
High

The company runs a diamond trading enterprise. Recent
customer due diligence checks on the company profile
indicated that Besco Ltd appeared on a national newspaper
page, promoting investments with a guaranteed tax-free
return of 13.5% per annual. Shortly, after this advertisement,
Besco Ltd accounts became active since 2years.

Convicted

Complicit professionals
and financial services
employees

Case 9 Customer Risk-High
Geographic Risk-High
Transaction Risk -
High

The recent review of Coxfx bank records indicated that
between 1st March 2020 and November 2020, US$1.8
million cash deposits went through the accounts in 420
transactions. The ultimate destination of these exchange
payments ware paid to three personal accounts owned by
the same individual-Adenike Bosede. Coxfx maintains a know
your customer file for each client.

Convicted

Case 10 Customer Risk-Low
Geographic Risk-Low
Transaction Risk -
Low

The Company runs and trades on the Nigeria money market
and has substantial assets.

Non-
conviction

Trade-based money
laundering

Case 11 Customer Risk-High
Geographic Risk-High
Transaction Risk -
High

A first customer-due-diligence check on Martin indicated the
source of funding for these deposits came from sales of
properties.

Non-
conviction

Case 12 Customer Risk-High
Geographic Risk-Low
Transaction Risk -
High

Further credit checks revealed that Davis had utilised similar
loans schemes within the last five years, for six luxury cars
procurements. Davis opted for early repayments of these
loans in cash within six months of loan disbursement.

Convicted
B

B

Table D.1
Vignettes participants country of origin.

Participants Country of residence Frequency Percent

AML professional

Nigeria 48 60.0
UK 18 22.5
USA 4 5.0
India 1 1.3
Singapore 1 1.3
Cyprus 1 1.3
Italy 1 1.3
Malta 1 1.3
Portugal 1 1.3
UAE 2 2.5
Russia 1 1.3
Ghana 1 1.3
Total 80 100.0

Novice

Nigeria 50 66.7
UK 18 24.0
India 6 8.0
Pakistan 1 1.3
Total 75 100.0

Appendix D

See Table D.1.
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